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Summary

Thecomputationalprocessesdeployedbythebraintorepresent,processandtransmit
informationarelargelyunknown.Cellassemblies(highlyinter-connectedgroupsofneu-
rons)havebeenhypothesizedtobethebuildingblockofthecomputationalprocessesin
thecerebralnetwork.Thecoordinationofspikesemissionamongneuronsatmillisecond
temporalscaleisoneofthepossiblemechanismsofinformationcodingandasignatureof
assemblyactivation.Inparticular,specifictemporallyprecisespikesequencesintheinput
canreliablycauseaspikeemissioninapost-synapticneuron.Evidencesofcoordination
ofthespikingactivityatmillisecondsprecisionhavebeencollectedinthepast,yetsuch
studiespresenttwomainlimitations:inmostcasestheyconsiderfewneuronsrecordedin
parallelandthecorrelationanalysisarelimitedtospikesynchronicity.

Recentdevelopmentsoftherecordingdevicesovercomethefirstlimitation. Modern
electrophysiologicaltechnologiesenabletoobtainthespikingactivityofhundredsofneu-
ronsinparallel,anumberwhichisdestinedtogrow. Thesizeofthecurrentavailable
datarequiresoptimizedcomputationalanalysistechniqueandsophisticatedstatisticalap-
proaches.

Inthisworkweaddressthesecondlimitation,developingamethodtodetectspatio-
temporalpatternsofspikesinlargeparallelrecordings.InparticularweextendtheSpike
PatternDetectionandEvaluation(SPADE)method,originallylimitedtosynchronous
patternsdetection,tosearchforanyrepeatedsequenceofspikes.SPADEcanbesum-
marizedintwosteps:a)extractionofalltherepeatedspikesequencesusingthefrequent
item-setminingframework,b)statisticalevaluationofthesignificanceoftheminedse-
quencesinrespecttothenullhypothesisofindependentspikeemissionsintime. We
extensivelyrefinedandvalidatedthemethodusingground-truthartificialdatadesigned
toresembleexperimentaldatatotestthestatisticalperformancesofthemethod. Wethen
madethepythonimplementationofSPADEpubliclyavailableonlineasasubmoduleof
theElectorphysiologicalAnalysisToolkit(Elephant).

WeappliedSPADEtoin-vivoparallelrecordingsofneuronalactivityinthemotor
areaoftwomacaquemonkeysperformingareach-to-grasptask,findingalargenumber
ofsignificantspikepatterns. Wetheninvestigatedthestatisticalfeaturesofthedetected
patternsintermsofneuronalcomposition,temporaloccurrencesandrelationtobehavior.
Mostofthepatternsoccurduringthereachmovementofthetaskandtheyareformed
bytwotofourdifferentneurons.Furthermoretheneuronsformingthepatternsdifferfor
differentgriptypes,hintingtoahighspecificityofthepatternstothedifferentbehavioral
contexts.

InthelastpartofthisworkwecompareSPADEtootherexistingmethodsinthe
contextofamoregeneralreviewofmethodsfortheanalysisofcorrelationsinparallel
spiketrains.Inparticularwearguefortheimportanceofathoroughcomparisonofthe
differentmethodsandfortheintegrationdifferentmethodologiesthathighlightdifferent
aspectsofthecorrelationstructureofthedata.

InsummaryweshowthatSPADErobustlydetectsandselectssignificantprecisespike
sequencesandthatmultiplesignificantpatternsrepeatduringtheexecutionofareach
tograsptask. Neverthelessthespatio-temporalpatternsalonedonotguaranteeacom-
pletedescriptionofthecorrelationstructureofthedata,hencewepresentandcompare
alternativecorrelationanalysismethodsforparallelspiketrains.

3



Zusammenfassung

DierechnerischenProzesse,diedasGehirnzurDarstellung,VerarbeitungundÜbertragung
vonInformationeneinsetzt,sindweitgehendunbekannt.Eswirdangenommen,dassZel-
lverb̈ande(hochgradigmiteinanderverbundeneNeuronengruppen)dieBausteinederrech-
nerischenProzesseimzerebralenNetzwerksind. Einerderm̈oglichen Mechanismender
InformationscodierungistdieKoordinationvonEmissionvonAktionspotentialen(Spikes)
zwischenNeuroneninMillisekundenpr̈azisionwaseineSignaturvonderAktivierungvon
Zellverb̈andenist.Insbesondere,spezifischezeitlichpr̈aziseSpikesequenzenimInput,kn-
nenzuverl̈assigeineSpike-EmissionineinempostsynaptischenNeuronverursachen.Ev-
idenzf̈urdieKoordinationderSpikeaktiviẗatinMillisekundenpr̈azisionwurdebereitsin
derVergangenheitgesammelt,dennochweisensolcheStudienzweiHauptbeschr̈ankungen
auf:indenmeistenF̈allenber̈ucksichtigensienurwenigeparallelaufgezeichneteNeuronen
unddieKorrelationsanalyseistaufSynchroniziẗatbeschr̈ankt.

J̈ungsteEntwicklungenderAufzeichnungsmethodik̈uberwindendieersteBeschr̈ankung.
ModerneelektrophysiologischeTechnologienerm̈oglichendasaufnehmenderneuronaler
AktiviẗatvonHundertenvonNeuroneninparallel,eineZahl,diedazubestimmtistzu
wachsen.DieGr̈oederbereitsderzeitverfgbarenDatenerforderteineoptimierterechner-
ischeanalyseundanspruchsvollestatistischeAns̈atze.

IndieserArbeitbefassenwirunsmitderzweitenEinschr̈ankung,indemwireineMeth-
odeentwickeln,umr̈aumlich-zeitlicheMustervonSpikesingroenparallelenAufnahmenzu
erkennen.InsbesondereerweiternwirdieSpikePatternDetectionandEvaluationMeth-
ode(SPADE),dieurspr̈unglichaufdieErkennungsynchroner Musterbeschr̈anktwar,
umnacheinerbeliebigenwiederholtenSequenzvonSpikeszusuchen.SPADEkannin
zweiSchrittenzusammengefasstwerden:a)ExtraktionallerwiederholtenSpike-Sequenzen
unterVerwendungdesFrequent-Item-Set-Mining-Frameworks,b)statistischeAuswertung
derSignifikanzdergefundenSequenzeninBezugaufdieNullhypotheseunabḧangiger
zeitlicherSpikeemissionen. WirhabendasVerfahrenumfassendverfeinertundvalidiert,
wobeik̈unstlicheDatenverwendetwurden,diedenexperimentellenDatenähneln,um
diestatistischenLeistungenderMethodezutesten. AnschlieendhabenwirdiePython-
ImplementierungvonSPADEöffentlichalsSubmoduldesElektorphysiologicalAnalysis
Toolkit(Elephant)onlinezurVerf̈ugunggestellt.

WirhabenSPADEaufin-vivoAufzeichnungenparallelerneuronalerAktiviẗatimmo-
torischenArealvonzweiMakakenangewandt,dieeinenreach-to-grasptaskdurchf̈uhrten,
undeinegroeAnzahlsignifikanterSpikemustergefunden. Anschlieenduntersuchtenwir
diestatistischenMerkmaledererkanntenMusterinBezugaufdieneuronaleZusammenset-
zung,zeitlichesVorkommenunddieBeziehungzumVerhaltenderMakaken.Diemeisten
MustertretenẅahrendderGreifbewegungaufundsetzensichauszweibisvierver-
schiedenenNeuronenzusammen.Dar̈uberhinausunterscheidensichdieNeuroneninden
Zellverb̈andenf̈urdieverschiedenenGrifftypen,wasaufeinehoheSpezifiẗatderMuster
f̈urdieverschiedenenVerhaltenskontextehinweist.

ImletztenTeildieserArbeitvergleichenwirSPADEmitanderenexistierendenMeth-
odenimRahmeneinerallgemeinerenEvaluierungvonMethodenf̈urdieKorrelationsanal-
ysevonparallelenSpiketrains.Insbesondereargumentierenwirf̈urdie Wichtigkeiteines
grndlichenVergleichsderverschiedenen Methodenundf̈urdieIntegrationverschiedener
Methoden,dieverschiedeneAspektederKorrelationsstrukturderDatenhervorheben.

Zusammenfassendzeigenwir,dassSPADEeserm̈oglicht,signifikantepr̈aziseSpike-
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Sequenzenrobustzuerkennenundauszuẅahlen,unddasssichmehreresignifikanteMuster
ẅahrendderAusfhrungeinesreach-to-grasptaskswiederholen.Dennochgarantierendie
r̈aumlich-zeitlicheMusteralleinkeinevollsẗandigeBeschreibungderKorrelationsstruktur
derDaten,daherpr̈asentierenundvergleichenwiralternativeKorrelationsanalysenf̈ur
paralleleSpikedaten.
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Chapter1

Introduction

ThisworkintroducesanewstatisticalmethodforthedetectionofSpatio-TemporalPat-
terns(STPs)inMassivelyParallelSpikeTrains(MPST).Themethodisfirstextensively
validatedonartificialdataandthenappliedtoelectrophysiologicalrecordingsofMPST
fromthemotorcortexofabehavingMacaqueMonkey.
Inthelastchapterwetackletheproblemofhowtocompareresultsofdifferentstatisti-

caltechniquesappliedtoelectophysiologicalrecordings,focusinginparticularonmethods
fordetectionofspikesynchronizationandmoregeneralspatio-temporalspikepatterns.
Thischapterintroducesthemotivationforinvestigatingthepresenceofspikepatterns

inmodernelectrophysiologicalrecordingsandforthenecessityofastandardizedapproach
tothecomparisonofdifferenttechniquesindataanalysis.

1.1 Neuronandspikes

Thecerebralcortexisanhighlyinterwovennetwork.Neuronalcells(schematicrepresen-
tationinFigure1.1A)arethefundamentalbuildingblocksofthecorticalnetwork.The
wholecortexcontainsbillionsofneuronsconnectedbythousandsofbillionsofsynapses.
Eachofthemcanreceiveinputsfrommorethan10000neuronsandprojectto10000
otherneurons(BraitenbergandScḧuz,1991). Neuronsareexcitablecellsthattransmit
informationviaelectricalimpulses,knownasactionpotentialsorspikes.Thespikesare
generatedinthecellbody(soma)andtheytraveldownalongthecellaxontothesynapses
connectingthecelltoitspost-synapticneurons.Theinputspikesgenerateapost-synaptic
current(PSCs).Inthepost-synapticcellsallthePSCsaresummedandifsufficientinputs
inasufficientlyshorttimearrivetothecell,theytriggeraspike,leadingtothepropaga-
tionoftheinformation.Inthenextparagraphweillustratethiselectricalmicro-dynamic
inmoredetails.
Thepropertiesofcell’smembraneenabletokeepavoltagegradientbetweentheinside

andtheoutside(extracellularmedium)oftheneuron.Thisgradientiscalledmembrane
potential.Inabsenceofelectricalinputsthemembranehasalowpermeabilitytoexchange
ofions(e.g.Na+,K+,Cl−).Consequently,thehigherconcentrationofpositive-charged
ionsextra-cellularmedium,inrespecttotheinsideofthecell,leadstoaconstantnegative
differencecalledrestingpotential.Thepermeabilityofthemembranepotentialcanchange
viatheopeningofspecificproteinstructurescalledion-channels,whichareselectiveto
aspecificiontypethatcanpassthrough. Twoimportantclassesofchannelsarethe
voltage-gatedchannels,whoseopeningprobabilitydependsonthemembranepotential
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itself,andthechemically-gatedchannels,openedbychemicalscalledneurotransmitters.
Inputcurrentstoaneuroncausetheopeningofspecificionchannels,allowingthepassage
ofspecificions. Thisdynamic(excitatorypost-synapticpotential,ePSP)changesthe
voltagegradient,depolarizingthecelltowardssmallernegativevaluesorevenhyper-
polarizingittopositivevalues.Inabsenceofnewinputsthemembranepotentialwill
graduallydecreaseagaintowardstherestingpotential.Instead,iftheincreaseofthe
membranepotentialissufficienttoreachacharacteristiclevelcalledfiringthreshold(e.g
duetoalargenumberofincomingspikesinashorttime),thevoltage-gatedchannels
open.Theopeningofthesechannelsallowsamuchfasterinfluxofpositivelychargedions
andconsequentlytoarapidandstrongdepolarization. Aspikeconsistsofsuchafast
depolarizationwhichispropagatedthroughtheaxontootherneurons.Figure1.1Bshows
indetailsthemembranepotentialtraceduringastereotypicalspike. Thespikecanbe
decomposedinthreesuccessivephases:i)whenthemembranepotentialreachesthefiring
threshold,theNa+voltagechannelsopenleadingtoafasthyper-polarization,ii)afterthe
potentialreachedamaximum,theNa+channelscloseandtheK+channelsopenandthe
effluxofK+causesafastnegativeexcursionofthemembranepotential,iii)afterreaching
anegativepeakalsoK+ channelscloseandtherestingpotentialisrestored. Thislast
phase,whichlastsforabout1ms,isalsocalledrefractoryperiod,sinceduringthistime
spantheneuronisnotexcitableandcannotemitnewspikes.

Thefocusofthisstudyisnotthemicroscopicdynamicsofspikeemissionbutratherthe
interactionsbetweenmultipleneuronsthatpropagateandprocessinformation.Thesingle
spikesarethe”atoms”oftheneuralcodeandcanbemetaphoricallyconsideredasthe
singleletterusedbyneurons,alltogetherformingthealphabetusedbythebrain. Weare
ratherinterestedinthenextlevelofcomplexityofthebrainlanguage,i.e.whatcouldbe
consideredasthewordsandthesentencesthattheneuronsusetoencodetheinformation.
Inthenextsectionweintroducetwodifferenthypothesesaboutthemechanisms(interms
ofourmetaphorthesyntaxformingthebrain’slanguage)thatthecorticalnetworkcan
implementtopropagateinformationusingsequencesofspikes.

Theelectricalexcursion(spikewave)ofthemembranepotentialduringaspikeemission
isstereotypicalforeachneuron(e.g.thespikeamplitudeanddurationisthesamefor
eachspikeemission). Wheninterestedinthemacroscopicinteractionsbetweenneurons
andnottothedetailsoftheelectro-chemicaldynamicsregulatingspikeemission,itis
thenpossibletoreducetheneuronalactivitytoasequenceofevents,eachrelatedtothe
timeofemissionofonespike. Mathematicallysuchsequenceofeventscanbedescribed
asapointprocess,oftenreferredtowiththetermspiketrain.Toreduceeachspikewave
toasinglepointintimeitispossibletoconsiderthetimeofonespecificfeatureofthe
completeelectricaltrace(e.g.thepositivepeak,correspondenttotheNa+closingorthe
negativeone,correspondingtotheK+channelsclosing).

1.2 Spikepatterns:temporalandratecoding

Thediscoveryofspikes(Adrian,1926b)andofthemicroscopicmechanismsthatregu-
latetheelectrophysiologyofneurons,ledtothemoderninterpretationofaspike-based
informationprocessimplementedinthebrain. Neverthelesstheexactschemethatreg-
ulatesthisprocessesiswidelydebatedandmostoftheeffortsdeployedintheanalysis
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A B

Figure1.1:Sketchofabiologicalneuronandanactionpotential. A)Structure
ofatypicalneuronandachemicalsynapse(source: USNationalInstitutesofHealth,
NationalInstituteonAging). B)Stereotypicalshapeoftheactionpotential.Synaptic
inputstotheneuronraisethemembranepotentialfromtherestingpotential. Thisrise
happensbecauseoftheopeningofNa+ channelsanditcontinuesuntilthepotential
reachesamaximumvalue.ThentheNa+channelsgetinactivated.AtthispointtheK+

channelsopenandrestorethemembranepotential.
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ofelectrophysiologicalrecordingsaimtoprovidenewhintstowardstheunderstandingof
thebrainsyntax.Twofundamentalpropertiesofneuronshavetobetakenintoaccount
toformulateahypothesisaboutthecomputationalschemeimplementedbythecerebral
cortex.

Thefirstistheleakinessoftheneuronalmembrane.Asalreadyexplainedinthepre-
vioussection,inabsenceofinputsthemembranepotentialtendstodecreasetowardsthe
restingpotential.Intermsofcomputationthisimpliesthattopropagatetheinformation
andgenerateaspikeinapost-synapticneuron,itisnecessarythatpre-synapticneurons
emitmultiplespikesinashortamountoftime.InparticularsynchronousePSPsmaximize
theprobabilityofspikesemission.

ThesecondpropertywasalreadyhypothesizedbyHebb(1949a).InhisworkHebb
(1949a)hypothesizedthattemporallyprecisecausalrelationsbetweenspikesemissionscan
shape(reinforceordepress)theconnectionsbetweenneurons.Thishypothesis,knownas
HebbianRule,hasbeenexperimentallyconfirmedbythediscoveryofspike-timedependent
plasticity(STDP)(BiandPoo,1998). STDPisamechanismofsynapticadaptation,
whichconsistsinpotentiation(BlissandLomo,1973;Lømo,2003)anddepotentiation
(Stent,1973; MasseyandBashir,2007)ofsynapticstrengthdependingontheinput-
outputtemporalrelationbetweentwoconnectedneurons.Inparticular,ifaspikein
thepre-synapticneuronprecedesbyfewmillisecondstheemissionofaspikeinthepost-
synapticcell(causalrelation)thenthesynapticconnectionisstrengthened,viceversa
ifaspikeinthepost-synapticcellprecedesoneinthepre-synapticonethesynapseis
weakened. Thesign(positivecorrespondingtopotentiationandnegativecorresponding
todepotentiation)andtheamplitudeoftheadaptationishighlydependentonsmall
variationofthedelaysbetweenpre-andpost-synapticspikes.

Hebbderivedbyhisruleamoreelaboratelearningschemeandintroducedtheconcept
ofcellassembly. Cellassembliesaredefinedasgroupsofhighlyinterconnectedneurons
(generatedviathepotentiationofspecificsynapticpathways)thatarehypothesizedto
bethebuildingblockoftheinformationprocessinthebrain.Suchtheoryisalsoknown
asHebbianlearningandanticipatedmodernbiologicalcomputationtheoriesdecadesago.
Inparticular,inthelastdecadestwoprominenthypothesisonhowspikesareorganized
toencodetheinformationemerged(forareviewseeBrette,2015):ratecodingandtem-
poralcoding. Thefundamentaldifferenceisthatintherateframeworktheinformation
containedintheprecisespiketimesisirrelevantandtheinformationisratherencoded
intheaveragefiringrates(e.g.averagenumberofspikesintimeintervals),whileatthe
oppositeinthetemporalcodingtheinformationiscarriedbytheexacttimeemissionof
thespikes.

1.2.1 Ratecoding

Firingrate modulationhasbeenoneoftheearliestobservationafterthediscoveryof
spikes(Adrian,1926a).Inparticularithasbeenobservedacrossdifferentcorticalareas
andspeciesthatspecificneuronsincreasetheirfiringrateasafunctionofdifferentstimuli
ortaskperformed(e.g.Georgopoulosetal.,1986;LammeandSpekreijse,1998;Roelfsema
etal.,2004).Thispropertyisknownasreceptivefield,sinceneuronsappeartobetunedto
apreferredstimulusand/oraction(e.g.Figure1.2showsthetuningoftospecificdirection
ofmovementinthemotorareaofamacaquemonkey).Inthecontextofthetheoriesabout
informationpropagationinthebrainsuchobservationledtotheratecodehypothesis.A

16



Figure1.2:Tuningofmotorneuronsina Macaque Monkey.Intracellularrecording
ofthespikingactivityofamotorcorticalcellinamacaquemonkeyperformingacenter-
outmovementinsixdirection.Allthespikesemittedfromthecellareshowedfordifferent
trialsinwhichthemonkeymovedacursorinoneofthe6differentdirection.Thetime
isalignedwiththemovementon-set.Theneuronshowapreferreddirectionforwhichit
increasetherateofspikeemission. Vice-versafortheoppositedirectionthefiringrate
decreasearoundthemovementonset.(FiguremodifiedfromGeorgopoulosetal.(1982)).

neuronprocessesitsinputbyintegratingtheincomingspikesintemporalwindowsoftens
tohundredsofmilliseconds.Hencetheinformationisencodedinratemodulationsrather
thaninthepreciseoccurrencesofthesinglespikes.Thismakesthecomputationrobustto
noiseandrandomfluctuationsofthemembranepotential(ShadlenandNewsome,1994,
1995;Londonetal.,2010). Ontheotherhandseveralstudiesalsosuggestthatthis
computationalschemewouldbetooslowtopropagateinformation(GautraisandThorpe,
1998;VanRullenetal.,2005)andtoolimitedtoprovideauniquerepresentationofthe
hugevarietyofsensorystimulithathastobeencoded(Gerstneretal.,1997).

1.2.2 Temporalcoding

Incontrasttoratecoding,thetemporalcodeisrelyingonthefactthattheneuronsform
aninterwovenandcomplexnetworkthatcanoperatewithahightemporalprecision,
producinghighlycorrelatedandstructuredspikeoutputs.Inparticular,itiswellpossible
thattheirconnectionsareorganizedthroughsynaptic modulations(STDP)suchthat

17



neuronsoperateascoincidencedetectors(e.g.aspikeemissioninapostsynapticneurons
iscausallyrelatedtotheemissionofmultiplespikesfromaspecificsetofpresynaptic
neurons,arrivingsynchronouslytothepostsynapticneuron)(Abeles,1982).Furthermore
neuronshavebeenshowntopropagate morereliablysynchronousinputsratherthan
asynchronous,duetotheleakinessoftheirmemebrane(Kandeletal.(1991),chapter12).
Experimentalevidencesfortheexistenceofneuronsthatworkascoincidencedetectors
havebeencollectedinseveralstudiesinthelastdecades(RoyandAlloway,2001;Bender
etal.,2006;Finoetal.,2010;Perez-Oriveetal.,2004;Hongetal.,2012). Buildingon
theconceptofcoincidencedetectors,forthetemporalcodehypothesistheinformationis
encodedinstructuredpacketofsynchronousspikesthatpropagatethroughthenetwork.
Detailedandformalizedmodelsthatcanimplementthetemporalcodingschemehave
beenproposedandoneofthemostprominentisthesynfirechainmodel(Abeles,1991;
Diesmannetal.,1999;Ikegayaetal.,2004;Hosakaetal.,2008).Spikesynchronization
hasbeenfoundinrecordingsofparallelspiketraininanumberofdifferentspeciesand
brainareas,suchasauditorycortex(SekiandEggermont,2003;Carr,2004;Eggermont,
2015),retina(VanRullenandThorpe,2001;HuandBloomfield,2003;Shlensetal.,2006;
Pillowetal.,2008),visualcortex(vonder Malsburg,1986;Engeletal.,1992;vander
Togtetal.,2006;Bergeretal.,2007;SmithandKohn,2008;MartinandvonderHeydt,
2015),motorcortex(Riehleetal.,1997b)(Figure1.3),(Bakeretal.,2001;Shimazaki
etal.,2012;Torreetal.,2016b),somatosensorycortex(Steinmetzetal.,2000;Reedetal.,
2008;Harveyetal.,2013),hippocampus(Sakurai,1996;Dibaetal.,2014),frontalandpre-
frontalcortex(Vaadiaetal.,1995;SakuraiandTakahashi,2006;Fujisawaetal.,2008;Pipa
and Munk,2011). Thisstudiesshowedthattheoccurrencesofpatternsofsynchronous
spikesisrelatedtobehavior,supportingtheideathatsynchronyisusedtoencodeand
propagatesensoryinputsandoutputs.

Testingthehypothesisofrateandtemporalcodepresentedfromtheverybeginning
highlychallengingproblems.Ifontheonehandratechangesandspikesynchronization
inrelationtodifferentstimulihavebothnotonlybeenobservedindatasincedecades,
butcanalsobeconsideredatrivialexpectationforthedynamicsofaneuralnetwork.
However,disentanglingthetwooptionsisasnecessaryasnon-trivialwhenonewantsto
testthedifferentcodinghypotheses. Thefirstchallengeisgivenbythefactthatthe
twoobservationscanreciprocallybeabyproductoftheother:ratechangescouldbea
consequenceofspikesynchronizationandviceversaincreasingratescauseanincrease
ofspikesynchronization.Inthefirstscenarioitcouldbethatthereceptivefieldthat
iscommonlyconsideredasaprimaryfeatureofsingleneuronscouldbethebyproduct
ofanetworkeffect(e.g.precisesynchronizationofmultipleneurons)thatinvolveother
neuronsthatarenotrecorded.Ontheotherhandincreasedfiringrateofmultipleneurons
increasestriviallythechanceofsynchronousspikeemissioninsuchneurons.Furthermore
notonlyitisdifficulttodistinguishthetwophenomena,butalsotheymightwellbe
bothimplementedinthecorticalnetworkandbeusedforinformationprocessing.Ina
simplerscenarioitispossiblethatdifferentbrainregionsofdifferentneuronsimplement
differentcodingframeworks,butitcouldalsobethatthetwocoexistsinthesamearea.
Henceitiscrucialtobeabletodistinguishbetweenpossiblecorrelationonthedifferent
timescales.Forthisreasonitiscrucialtodevelopsophisticatedandadhoctechniques
todetectandevaluatethestatisticalsignificanceofcorrelationsofthespikingactivityof
neuronsrecordedinparallelandonthedifferenttimescales.Inparticulartotestthe
temporalhypothesisitisnotsufficienttodetectsynchronousspikingactivity,butitis
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Figure1.3:Increasedsynchronizationoftwocellincorrespondenceofa motor
cue.Intracellularsimultaneousrecordingsoftwomotorcellfordifferenttrialsofareach
andtouchtaskinthemotorareaofamacaquemonkey.Inredarehighlightedsynchronous
spikeswhichoccurredmoreoftenthanwhatexpectedbychancesynchronization. The
monkeywastrainedinprevioustrialstoexpectthecuetostartthemovementin3different
timepoint(ES1,ES2,ES3),precedingtheactualtime(RS)ofthevisualcuethatsignals
themonkeytoreachandtouchascreen.Thefactthatsynchronouseventsarealignedwith
twooftheseexpectcuesandwiththeactualgosignalsuggeststhattheyaresignatureof
thepreparatoryprocessforthemovement.(FiguremodifiedfromRiehleetal.(1997b)).

necessarytotestfortheirsignificanceinrespecttothefiringratedynamic(e.g.firingrate
modulations).Inparticularinthelastchapter,wewillintroducedifferentmethodsthat
aimtoanalyze MPSTtotestthetemporalcodinghypothesisdistinguishingchanceby
statisticallysignificantcorrelations.Inthisworkwerefertoprecisetemporalcorrelation
toindicatesynchronizationofindividualspikes(e.g.onmillisecondtimescale)andto
firingratecorrelationforaveragespikecountscorrelations(e.gtensofmillisecondstime
scales).

1.3 Beyondsynchronization:Spatio-TemporalPatterns

Sofar,wehavepurposelyavoidedtoincludeinourargumentanotherfundamentalprop-
ertyofthecorticalnetwork:theaxonalconductiondelays.Differentexperimentsshowed
alargevariabilityofspikepropagationspeedinthemammalianneocortex(Fersterand
Lindstr̈om,1983;Swadlow,1988,1994;Salamietal.,2003).Inparticulartheaxonalde-
layscanbeassmallas0.1msandaslargeas44ms(Figure1.4).Suchanexperimental
observationposesanaturalquestion: whywouldthebrainmaintainsuchdifferentbut
reliablyprecisespikepropagationdelays? Apossibleanswerisgiveninthecontextof
thetemporalcoding:thedifferentdelaysareusedtoincreasecomputationalperformance.
Whileinthecaseofsamedelays,agivensetofneuronscanformoneuniquepatternsand
theinformationofaspikepatterniscompletelyandonlycontainedintheneuronalcom-
positionofthepattern(whichneuronsemitsaspikesynchronously),includinginthesame
codingschemedifferentpropagationdelaysenableasetofneuronstoformamultitude
ofpatternsdependingontheorderinwhichtheyspike(e.g.thesameneuronsspikingin
differentspikingsequencesmayactivatedifferentpost-synapticcells).

19



Figure1.4:Distributionofexperimentally measuredconductiondelaysofcor-
ticalaxonsrunningthroughthecorpuscallosum(FiguremodifiedfromIzhikevich
(2006)).

Tobetterunderstandthisconceptitispossibletothinkofasimpleexample(seeFigure
1.5)inwhichwehavetwopre-synapticneurons(A,B)projectingtotwodifferentpost-
synapticneurons(C,D).Letsassumethatthesynchronousinputoftwospikesissufficient
toelicitanewspikeinthepost-synapticneurons.Inthecaseofidenticaldelaysbetween
pre-andpost-synapticneurons,everytimethatneuronsAandBspikesynchronously,
bothneuronsCandDwillemitaspike. Withsuchschemethetwopost-synapticneurons
arereplicasanditisnotpossibletousethemtoencodedifferentinformation.Inorder
tousethemasaclassifier(e.g.distinguishingbetweentwodifferentinputsgiventhatone
betweeneitherCemitaspikeorDemitaspike)wewouldneedtoaddatleast2more
neuronsE,F.IfeachofthemisrespectivelyconnectedtoonlyoneofneuronCandneuron
Ditisthenpossibletoelicitaspikeonlyinoneofthetwopostsynapticneurons.Insuch
awayitwouldbepossibletorepresentthreedifferentinputsusingthreedifferentpossible
synchronouspatterns:thepairA,BelicitsaspikeinbothCandD,thepairA,Eleads
onlyneuronCtospikewhilethepairB,FcausesaspikeonlyinneuronD.Inotherwords,
thissimplenetworkiscapabletoimplementtheAND/ORoperations.
Yet,thesamecomputationispossiblealsousingonlytwopre-synapticneuronsifthe
connectivityallowsforheterogeneousconductionspeeds.Insuchacase,itispossible
toorganizethespikeemissiontimesindifferenttemporalsequencesinordertoelicita
spikeinbothpost-synapticneuronsor,alternatively,inonlyoneofthetwo.Forinstance
wecanconsiderthecaseinwhichaspikeemittedbyAneeds2millisecondstoreach
neuronCand4millisecondstoneuronD,whilefortheconnectionsbetweenBandC
andBandDhavetheoppositepropagationdelays(BtoC4millisecondsandBtoD2
milliseconds).InsuchcaseitispossibletocauseaspikeonlyinCwheneverAemitsa
spike2millisecondsbeforeBandviceversaDemitsaspikewheneveraspikeformBis
followedbyaspikeinAafter2milliseconds.InordertohavetheANDconditioninwhich
bothCandDemitaspikesynchronouslyitsufficientthatAandBbothemittwospikes
each,one2millisecondsaftertheother.Thisisjustabiologicallyunrealistictoy-example
andmanyothernetworkimplementationsofanAND/ORfunctionexist,neverthelessit
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Figure1.5:Sketchofanexampleoftwofunctionallyequivalentnetworks:one
withalargernumberofneurons(top)andthesecondwithpropagationdelays(bottom)

makesevidenthow”storing”theinformationalsointheconnectivitydelaysmayreduce
thenumberofneuronsnecessarytodelivertheactivitytotherelevantnetwork.
Insuchacontextthetemporalcodingforthepropagationofinformationwouldrelyon
repeatedprecisesequencesofspikes(Spatio-TemporalPatterns,STPs),ratherthansyn-
chronousspikeemissionsonly.

1.4 DetectionSpatio-TemporalPatternsin MassivelyPar-

allelSpikeTrains

Severalstudies(e.g.Abeles,1991;Bienenstock,1995;Diesmannetal.,1999;Izhikevich,
2006)studiedtheformationofspikepatternsinnetworkmodels,showingthatthesecan
bereliablypropagatedthroughthenetworkandcouldemergefromthedevelopmentof
specificconnectivitypatternsduetosynapticplasticity.
OtherworksshowedevidencesoftheoccurrencesofpreciseSTPsinelectrophysiological
recordings(e.g.Prutetal.,1998;Takahashietal.,2015)andintroducedstatisticalanalyses
todetectspikepatterns(e.g.Shimazakietal.,2012;Torreetal.,2016a). The main
challengesposedbythedetectionofspatio-temporalpatternsinparallelspiketrainsare
thefollowing:

•thecomputationalcostoftheextractionfromthedataofallrepeatedspikese-
quences,whichnumbergrowsexponentiallywiththenumberofparallelneurons

•themultipletestingproblemcausedbythelargenumberofpossibleteststoperform
inordertoassessthesignificanceofthepatterns

Forsuchreasonsmostofthemethodsintroducedinthepastconsideronlytheinteraction
betweenfewneuronsorfocusesonspecifictemporalstructureswhicharenotgeneralizable
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toarbitrarysequencesofspikes.
Inthisworkweintroduceamethodfordetectionandstatisticalevaluationofspikepatterns
inmassivelyparallelspiketrains.Inparticular,weextendtheSpikePatternDetection
andEvaluation(SPADE), methodthatTorreetal.(2013)developedfordetectionof
synchronousspikepatterns,toarbitrarysequencesofspikes. Wevalidatethemethodin
multiplescenarioswithartificialdataandwethenapplythemethodtotwodatasetsof
parallelspiketrainsrecordedinvivointhemotorcortexofamacaquemonkeyperforming
areach-to-grasptask.

1.5 ReproducibilityandComparability

Thecontinuousgrowthofavailabledataandanalysismethodologiesshouldallowacon-
stantincreaseintheunderstandingofthefundamentalcognitivemechanisms.Neverthe-
less,theefficacyoftheresearchdependsontheachievementoftwofundamentalstandards:
reproducibilityandcomparability.
Theminimalrequirementtovalidateascientificstudyisitsreproducibility. Aresults
thatcannotbereproducedandconsequentlyvalidatedisnotbeneficialtothescientific
fielddevelopment.Thecomplexityoftheexperimentalsetupsandanalysismethodologies
adoptedincontemporaryneuroscienceposesthechallengeofpreservingthereproducibil-
ityoftheresearch(e.g.DenkerandGr̈un,2015;Manninenetal.,2018).Inthisstudywe
addresssuchproblemprovidingandpublishinganimplementationofthenovelmethodin
thecontextoftheElephantPythonpackage(http://python-elephant.org)andpublishing
onlinetheentireworkflowfortheanalysisofthedata.
Thereproducibilityoftheresearchisnottheonlyrequisitefortheadvancementofacer-
tainfieldofstudies.Itisalsocrucialtohavethepossibilitytocompareresultsamong
differentdatasetsandmethodologyapplied.Inthesecondofthistwoscenariositisfirstly
necessarytocomparedifferentassumptionsandlimitationsoftheanalysistoolsused.In
thisworkweaddresssuchchallengebydevelopingacomparativereviewoftheavailable
methodsfordetectionofsynchronousandspatio-temporalpatternsinmassivelyparallel
spiketrains.
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Chapter2

DetectionofSpatio-Temporal
SpikePatternsin Massively
ParallelSpikeTrainsusingFormal
ConceptAnalysis

2.1 Introduction

Inthischapterwepresentanapproachtodetectspatio-temporalpatterns(STPs)of
preciselytimedspikesoccurringinparallelspiketrains.

Torreetal.(2013)addressedthisproblembyintroducinganefficientmethod(Spike
PatternDetectionandEvaluations,inshortSPADE)toassessthepresenceofpatternsof
synchronousspikesinmassivelyparallelspiketrainsthatoccurinexcesstotheexpecta-
tion.Inafirststepthismethodexploitstothisaimfrequentitemsetminingtechniques
(Borgelt,2012),andinasecondstepassessesthestatisticalsignificanceofdetectedpat-
terns.However,itcanonlydetectsynchronousspikepatterns,andnotmoregeneralSTPs
inwhichthespikesbelongingtoapatternfolloweachotherinatemporalsequence.

WedevelopanovelapproachdesignedtofindandevaluatesuchtypesofSTPs.Com-
paredtotheanalysisofsynchronousspikepatterns,thisposesanumberofadditional
challenges. Onechallengeliesintheincreasednumberofpatternstolookfor. Adding
thetemporaldimensionyieldsanumberofpossiblepatternswhichisordersofmagnitude
larger. Theoccurrencesofeachofthesepatternshavetobecounted,andnon-chance
patternshavetobedifferentiatedfromchancepatternsbasedonpropertiessuchasthe
numberofcomposingspikesorthenumberofpatternrepetitions.Anotherchallengelies
inthedecreasedcontrastbetweentheseSTPsandbackgroundactivity,duetothefact
thattheeventsformingtheSTPsarehereindividualspikescatteredacrossmultiplepoints
intimeratherthansynchronousspikes,leadingtoahigher-dimensionalspaceinwhich
patternsarerepresented.Theseleadstoalargeincreaseinthenumberofrequiredcom-
putations,thatpreventsthepracticalapplicationofthemethodinitsoriginalform. We
dealwiththefirstchallengebyconsideringonlypatternsthatactuallyhappened,rather
thanallpossiblepatterns,makinguseoftheminingtechniquesprovidedbytheformal-
ismoftheFormalConceptAnalysis(FCA)(Ganterand Wille,1999). Moreprecisely,as
wedescribeinsection2.2.1,westudypatternsthatformtheintentofformalconcepts,
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Figure2.1: Constructingaformalcontextfromspikerecordingsinparallel
channels.A:weanalyzeparallelneuronalrecordingsinmultiplechannelsbydiscretizing
timeintobinsofdurationdtandchoppingtimewindowsoflength∆t=K·dtoutofthe
recordeddatastream.Thegrayspikesarebackgroundspikes,theblackspikesaremembers
ofanSTP.B:weconcatenatetherecordedspiketrainswithinawindowhorizontally.C:
incidencetablerepresentationofpanelB.Theobjectsofthisformalcontextarethetime
windows,indexedbytheirstartingtime.Theattributesarethespiketime-indexesrelative
tothewindowstart,combinedwiththechannelidentities.

repeatedinmultiplepositionofaslidingwindow. Weaddressthesecondchallengeby
evaluatingtheintensionalstability(Kuznetsov,2007)oftheseconceptsasanindicatorfor
thenon-randomnessofaconcept,asexplainedindetailinsection2.2.1.

Insection2.3.2wevalidatetheproposedmethodontestdataconsistingofparallel
spiketrainswhichcomprisedifferentindependentbackgroundactivity,eachincluding
differentknownstatisticalpropertiesofparallelspiketrains(e.g. firingratechanges),
wherepatternsarisepurelybychance,andmultipleoccurrencesofanSTPinjectedinthe
independentdata. Weinvestigatetheperformanceofthenewmethodintermsoftrue
positive(TP)andfalsepositive(FP)detectionsofSTPsandquantifytheirprecisionand
recallproperties. Wealsodemonstratehowthecomputationalloadofthemethodvaries
fordifferentdataandanalysisparameters.

2.2 Methods

2.2.1 FCAonspikedata

RegardingFCA,weusethestandarddefinitions(Ganterand Wille,1999):aformal
contextisatripleK =(G,M,I)comprisingasetofformalobjectsG,asetofformal
attributesM,andabinaryrelationIbetweentheobjectsinGandtheattributesinM.
If(g,m)∈Iwithg∈G,m∈M,wealsowritegIm. Wedenotethesetofallattributes
sharedbyasetofobjectsA⊆GasA={m∈M|∀g∈A:gIm}andlikewisethesetofall
objectswhichhavealltheattributesinB⊆M asB⊆M:B ={g∈G|∀m∈B:gIm}.

Aformalconceptisatuple(A,B)withextentA⊆GandintentB⊆M suchthat
A =BandB =A.LetB(K)bethesetofallconceptsofK.Conceptsare(partially)
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orderedundersetinclusionontheextents:∀(A1,B1),(A2,B2)∈B(K):(A1,B1)≤
(A2,B2)⇔A1⊆A2.(B(K),≤)isacompletelattice(Ganterand Wille,1999).

Inourapplication,theobjectsaretimewindowswithinwhichspikingactivityof
neuronswasobserved.TheexampleinFigure2.1Adepictstwosuchwindowslabeledby
theirstartingtimest1andt2.Theattributesaretuples(channel-number,time-index)of
thechannel(orneuron)numberfromwhichagivenspikewasrecorded,andofthespike
timeindexrelativetothewindowonset.Figure2.1illustratestheprocessofcomputing
therelationIfromspikedata.Supposewerecordspiketrains(temporalsequencesof
spikes)from3channels,eachchannelrecordingthespikesofoneneuron. Wediscretize
thetimeaxisintocontiguousbinsofdurationdt. Then,weslideatimewindowof
duration ∆t=K·dtacrossthesedata,inincrementsofdt.dtischosendepending
ontheresolutionoftherecordingdeviceandontheanalysisneeds,K isselectedbased
ontheexpectedmaximaldurationofanSTP. Wesetdt=1msthroughoutthispaper,
whichensuresthatthereisatmostonespikefromthesameneuronineachbin. The
valueofKisdiscussedbelow.Thecontentsofeachwindowacrossallchannelsarethen
concatenatedhorizontally(seepanelB).Lastly,spikesareconvertedtocrosses,yielding
thefamiliarincidence-tablerepresentationofI(panelC),towhichweapplyFCA. Weuse
apurePythonimplementationofthefast-FCAalgorithm(Lindig,2000).Thisalgorithm
createstheconceptsinanorderthatembedstheusualconceptorder,whichsimplifiesthe
subsequentevaluationofstability.

Figure2.1AalsoshowsbyblackticksanSTP.Inthisexample,thesespikescorrespond
totheattributesetB ={(1,1),(2,7),(3,4)}.B(K)containsaconceptwhoseintent
consistsofthesespikesonly,plusconceptswhoseintentcomprisestime-shiftedversions
ofthesespikesatallpossibletimeswithin∆t. Anyoftheseconceptscorrespondsto
theSTPweareinterestedin. Wearbitrarilychoosetheonewherethefirstspikeis
alignedwiththewindowonset. However,typicallysuchanSTPdoesnotappearin
isolation,butisembeddedinbackgroundspikingactivity(grayspikes). Hence,after
theapplicationofFCA,therewillbemanyconceptswhichareduetothesebackground
processes,andwhichwewishtoseparatefromtheSTPconcept. Weexperimentwith
conceptualstabilityanalysisforthispurpose(Kuznetsov,2007).Specifically,wecompute
anintensionalstabilityindexofconcepts(A,B)∈B(K)(Rothetal.,2008)by

σ(A,B)=
|{C⊆A|C =B}|

2|A|
(2.1)

withthealgorithmdescribedinthatpaper,andfilteroutallconceptswhosestability
indexislowerthanapre-fixedthreshold(seeSection2.3.1).Furthermore,wefilterout
conceptsthataretime-shiftedsuperconceptsofconceptswhosestabilityindexishigher
thanthethreshold.

2.2.2 Groundtruthdatageneration

TotesttheperformanceofFCAindetectingSTPsweuseartificialgroundtruthdatawith
controllablepatternoccurrencesandpatternsize. WegenerateparallelPoissonprocesses
tosimulateindependentbackgroundactivity. Wealsogeneratedatasetswhichcontain
STPsbyinjectingspikepatternsintoindependentbackgroundactivity,cf.(Gr̈unetal.,
2008;Bergeretal.,2010a).Thebackgroundratesarechosentocomplywiththefiringrates
ofexperimentalneurons,whilethetypeofspikepatternsresemblesthatwhichwouldbe
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observedindatafromsynfire-likenetworks(Abeles,1991;Bienenstock,1995;Izhikevich,
2006).

Forthebackgroundactivitywegenerateindependentspiketrainsasrealizationsof
50parallelindependentPoissonprocessesofdurationT=1sec. Thetheoreticalfiring
ratesr∈{5Hz,10Hz,15Hz}usedtodrawtheprocessesareidenticalforallneurons. We
generate100realizationsforeachvalueofr,yieldingatotalof300differentbackground
activity-onlydatasets. Suchindependentdatasetsareusedtostudytheoccurrence
offalsepositives(FP),i.e.caseswherepatternsaredetectedalthoughtherewerenone
injected.

Inasecondtypeofdataset,whichweusefortheevaluationoftruepositives(TPs)
andfalsenegatives(FNs),wegeneratecoccurrencesofanSTPcomposedofasequence
ofzspikesfromdifferentneurons.Tothisend,werandomlyselectctimepointst1,...,tc
intheinterval[0,T−z·5ms].Thesetimescorrespondtothetimesofthefirstspikeof
thepatternsforeachofthecrepetitionsofthepattern.EachfollowingspikeoftheSTP
isinjected5msaftertheprecedingoneandintoadifferentneuron.Therefore,thetotal
durationofsuchpatternsis(z−1)·5ms.Thepatternischosenwithregularspikedelays
forconvenience,butthischoiceisnotrelevantfortheirdetectability. Wevarybothzand
cintherange{3,4,...,10}. Foreachofthe64combinationsofthesetwoparameters
wegenerate100differentrealizationsofthepatterns,whichweinjectinanindependent
backgroundactivitydatasetgeneratedasexplainedabove,foreachratelevelr. This
yieldsatotalof64·100·3=19200datasets,eachcontainingatotalof50neurons,z
ofwhichareinvolvedinanSTP. Wethenextractallconceptsfromeachdatasetusing
FCAasexplainedinsection2.2.1.Sincethemaximumpatternlengthisequalto45msfor
z=10,wefixthelengthKoftheslidingwindowto50ms,sothatthelongestpatternis
coveredbyonesinglewindow.Foradatasetcontainingapatternwithparameters(z,c),
wedefineasaTPthecorrectdetectionoftheconcept(A,B),suchthatA={t1,...,tc}
andB={(1,0),(2,5),...,(z,(z−1)·5)}.Anyotherdetectedconceptisconsideredasan
FP.Sinceineachofthedatasetsonlyonepatterntypeisinjected,thenumbercTPofTPs
perdatasetiseither0or1.Reciprocally,thenumberoffalsenegativesiscFN=1−cTP.
Foragivenparametertuple(r,z,c),wedeterminethefractionofthe100datasetsinwhich
wefindanFPoranFN,providinguswiththeFPrateandtheFNrate,respectively.

2.3 Results

2.3.1 Independentdata

WestartevaluatingtheperformanceofthemethodbyanalyzingtheoccurrenceofFPs
inthebackground-onlydatasets. Conceptsdetectedinthesedatasetsarethuschance
occurrencesofspecificspikesequencesandareconsideredasFPs.Thetwoparametersby
whichwecharacterizeaconcept(A,B)areitsextentsize|A|anditsintentsize|B|.In
termsofthespikedatatheextentsizecorrespondstothenumberofwindowsinwhich
aspecificsequenceoccurred,andtheintentsizetothenumberofspikescomposingthe
sequence.

Figure2.2showsingraycodethenumberofconceptsdetectedinindependentdata
asafunctionoftheirintentsize(horizontalaxis)andextentsize(verticalaxis). Wecall
thistypeofdisplay’patternspectrum’inlinewith(Gersteinetal.,2012)and(Torre
etal.,2013).Conceptswithanextentoranintentofsize1arenotcountedordisplayed,
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Figure2.2: Patternspectraofindependentbackground-onlydata: eachpanel
showstheconceptcountsasafunctionoftheirintentsize|B|(horizontalaxis)andof
theirextentsize|A|(verticalaxis)detectedin100independentdatasets,composedof
50parallelspiketrainswithoutanypatterninjectionmimickingbackgroundnoise,for
differentfiringrates(fromlefttoright:5,10,15Hz).Thenumberofcountsisgivenin
graycolors,asindicatedbythecolorbar(whitecorrespondsto0,blackto105counts).

sincesinglespikeoccurrencesandnon-repeatingsequencesarenotconsideredaspotential
STPs.Eachpanelshowsthepatternspectrumforadifferentneuronalfiringrater.The
areaofnon-zeroentriesandthusthetotalnumberofconceptsincreaseswiththefiring
rateoftheneurons(seealsoFigure2.3),whichisexpectedsincemorespikesequences
mayoccurbychanceathigherfiringratesduetotheincreasednumberofspikes. Most
detectedconceptshaveextentsizeof|A|=2orintentsizeof|B|=2.
Asmentionedabove,weaimtoselectthetruepositiveSTPsbyapplyingastability

analysistotheconcepts. Wewishtodetermineastabilitythresholdvaluesuchthatthe
conceptsthatoccurbychancearediscarded.Asuitablethresholdvalueneedstofulfillthe
followingconstraints:1)avoiddetectionofFPs,2)haveahighdegreeofTPdetection.
ThehistogramsinFigure2.3(lefttoright)correspondtothepatternspectrashownin
Figure2.2(lefttoright).Thegraypartsofthestackedbarsshowthecountsofconcepts
whoseintentcontainsonly2spikes(|B|=2)orwhoseextentcontainsonlytwowindows
(|A|=2). Viceversa,theblackpartscorrespondtotheconceptcountfor|A|>2and
|B|>2. Conceptswithstabilitylargerthanorequalto0.6havealwayseitherintent
orextentsizeequalto2.Thisfactprovidesuswithasuitablecriteriaforclassifyingall
conceptswhichhaveeitherintentorextentsize2,orstability≤0.6aschancepatterns.

2.3.2 Performanceofpatterndetection

Nowthatwehavedefinedasuitablecriteriatorejectallthechancepatternscomposed
onlyofspikesofthebackgroundactivity(intent>2,extent>2,stability>0.6),wecan
evaluatetheperformanceofthemethodforthedetectionofSTPsinjectedintoartificial
data,asdescribedinsection2.2.2. Figure2.4,toprowshowsthenumbercFPofFPs
fordatawithinjectedpatterns,andbackgroundratesr=5,10,15Hzfromtheleftto
therightpanel. Eachpanelshows,inshadesofgray,thenumberofdatasetswhich
containatleastoneFPasafunctionofthenumberzofspikes(horizontalaxis)andofthe
numbercofoccurrencesofthepatterninjectedinthedatasets(verticalaxis).Because
100simulationswerecarriedoutforeachparameterset(z,r,c),thevalueofeachentry
rangesfrom0to100.ThetotalnumberofFPsislow(usually3orlower)butincreases
bothwiththefiringrate,aswecanexpectfromtheresultsoftheprevioussection,and
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Figure2.3:Stabilityhistogramoftheconceptsinindependentbackground-only
data:eachofthethreepanelsshowsthehistogramofthenumberofconceptsfoundin
independentbackgrounddata,fordifferentstabilityvalues. Thedataanalyzedarethe
sameasshowninFigure2.2,withthefiringratesoftheneuronschangingfrom5to15Hz
inthepanelsfromlefttoright.Theheightofeachbarinthehistogramsrepresentsthe
numberofconceptswhosestabilityisintherangeindicatedonthehorizontalaxis(bin
width:0.1).Theblackbars(thatis,theblackpartsofthestackedbars)showthecounts
ofconceptswithbothextentandintentsizelargerthan2,whereasthegraybarsshow
theircountswhenoneofthetwosizevaluesisequalto2.Thethingraylineindicatesa
thresholdforthestabilityabovewhichnoblackbarsarevisible,indicatingthatpatterns
withthisorhigherstabilityvalueshaveextentorintentsize(orboth)2.

withthepatternparameterszandc.Thereasonforthelatteristhatthelargerandmore
frequenttheinjectedpatternis,themorelikelyistherepetitionofspurioussequencesof
spikeswhichbychanceoccurwiththeinjectedpatternandwhichthusresultinaconcept
withastabilityindex>0.6.
InthesecondrowofFigure2.4weshowequivalentdiagramswithFNcounts(cFN).

Eachentryshowsthenumberofdatasets(outof100realizations)inwhichtheinjected
patternisnotdetected.Foreachratelevel,thenumberofFNsshowsasharpdecrease
ataparticularnumberofpatterninjectionsc,independentofthepatternsizez(e.g.
forr=5Hzatc=4). Thisborderincreasestohigherclevelsforhigherfiringrates
(fromlefttoright). ThenumberofFNsincreaseswiththeratesduetoanincreased
probabilityofspurioussuperpatternsoftheinjectedSTP,causingthecorrectSTPtobe
ignoredbyourcurrentconceptfilteringprocedureinfavourofthesuperpatterns. The
independencefromthepatternsizeisafeatureofintensionalstability,combinedwithour
datagenerationprocess:allwindowscontainingthetargetSTPareguaranteedtocontain
allitsconstitutingspikes(pluspossiblyadditionalnoisespikes),nomatterhowlargez
is.Forallstudiedfiringrates,patternsoccurringjust3timesareneverdetected,butall
patternsoccurring5ormoretimesarecorrectlydetected,whichisaconsequenceofour
choiceofthestabilitythreshold.
Inordertogetfurtherinsightintheperformanceoftheourapproach,wecompute

foreachdatasetwithparameters(r,z,c)itsprecisionandrecallasdefinedinOlsonand
Delen(2008):

precision=
cTP

cTP+cFP
,recall=

cTP
cTP+cFN

WecalculatethetwomeasuresseparatelyforthesamedatasetsusedfortheFP/FN
evaluation. Figure2.4,thirdrowshowstheaverageprecisionandrecallasafunction
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Figure2.4:Performanceofthe methodforvariousdataparameters. Tophalf:
FPsandFNsindata withinjectedSTPs: eachpanelshowsthenumberofdata
setswhichcontainatleastoneFPoroneFNafterfilteringtheconceptsusingastability
thresholdof0.6andalowerthresholdvalueof2forbothintentandextentsize. The
firingratesarevariedfromlefttorightfromr=5Hztor=15Hz.Foreachdisplaywe
variedalongthehorizontalandverticalaxisthesizezandthenumberofinjectionscof
theinjectedpattern,respectively.Bottomhalf: Precisionandrecallcorresponding
totheFP/FNcountsshowninthetophalf.Thecolorbarforprecisionandrecallranges
from0.8to1.0,whereasallvaluesbelow≤0.8aresettowhite.
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oftheparameters(r,z,c).Sinceweareparticularlyinterestedinthehighperformance
regime,weemphasizethisrangebyadjustingthecolorcodesuchthatitcoversonlythe
interval[0.8,1.0],andwesetallvalues≤0.8towhite. Blackcorrespondstoavalueof
1.0.Theperformancesexpressedbyeithermeasureareverysimilar,whichisduetothe
factthatinthehighprecision/highrecallregime,bothcFPandcFNareverysmall.Both
arecloseto0forlownumbersofpatternoccurrencesc,butdrasticallyincreasefordata
setswith5ormoreinjections,andarebasicallyindependentofthepatternsizez.This
isduetothebehavioroftheFNs.

TheacceptabletradeoffbetweenFPsandFNsdependsonthehypothesistobetested.
SincewewishtoshowtheexistenceofSTPs,weprefertochooseaconservativethreshold
guaranteeingvirtuallynoFPs,evenifthatincurssomeFNs.

2.3.3 RuntimebehavioroftheFCAAlgorithm

Wetesttheruntimebehaviorofourmethodondatasetscontainingindependentspikedata
withoutinjectedSTPs.ThepresenceofafewSTPswouldnotnoticeablyaffecttheoverall
computationaleffort.Ourgoalistodeterminewhetherourcurrentimplementation,which
alsousestheSciPytoolboxJonesetal.(2001),isfastenoughtoenabletheanalysisof
typicalexperimentaldatasetsfrommulti-channelrecordings.Sincethetotalruntimeof
FCAwouldingeneralincreasewiththecontextfillratio,wegeneratethedatasetswith
afairlyhighbaselinefiringrateof15Hz. Wesimulate50neuronsinparallel,anumber
comparabletothesizeofmodernmulti-electroderecordings. Wewouldliketobeableto
analyzeupto30repeatedtrialsofthesameexperiment,inchunksof500ms.Hence,the
averagenumberofspikesinthedatais11250.Note,however,thatthisnumberislikely
togrowasexperimentaltechniquesadvance.

FortheprofilingresultsshowninFigure2.5,weuseaclusterwithnodesconsisting
of2×IntelXeonE5-2680v3processorswith2.5GHzprocessingspeedand8×16GB
DDR4RAM,andreportthetimetakenforcontextconstruction(circles),FCA(stars)
andstability(diamonds)asafunctionofthetotalnumberofspikesinthedataset.The
numberofspikesistheactualnumbertakenfromthedatasetusedforeachrun. Mostof
thetimeisconsumedbythecomputationofstability,consistentwiththescalinganalysis
presentedbyRothetal.(2008):exactstabilityevaluationtimegrowsquadraticallywith
thenumberofconcepts.ThecurvesinFigure2.5arefitsperformedwithalinearfunction
forcontextconstruction,aquadraticfunctionforFCAandthusaquarticfitforthe
stability. Exactstabilityevaluationisfeasiblewithinadayuptoabout4000spikes,
correspondingto12experimentaltrialswiththeabove-mentionedfeatures(numberof
neurons,trialduration,averageneuronalfiringrates).Extrapolationoftheruntimeto30
trialsbasedonthequarticfityields≈45days.

2.4 Discussion

Informationinthecerebralcortexhasbeenhypothesizedtobeencodedandprocessed
intermsofspatio-temporalpatterns(STPs)ofspikesgeneratedfromdifferentneurons.
Underthishypothesis,anSTPisassumedtobethesignatureofactivecellassemblies
throughwhichtemporalsequencesofspikespropagateatmillisecondprecision. Various
networkmodels,suchasthesynfirechainAbeles(1991)andsynfirebraidBienenstock
(1995);Izhikevich(2006)exist,whichprocessinformationbypropagationofSTPs.These
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Figure2.5: Profilingresultsonsyntheticdata: ninedatasets withdifferent
numberofspikeswereevaluated:ThecomputetimetocalculatetheFCA(asterix),
formalcontexts(filledcircle),stability(diamond)andthecorrespondingfittedcurveson
eachdatasetareshown.Fordetails,seetext.

modelsarecompatiblewithknownfeaturesofbiologicalnetworks,inparticularintermsof
neuronalconnectivities. Nevertheless,theyremainofaspeculativenaturebecausetheir
existenceishardtoprove. EarlierworkprovidedevidencefortheoccurrenceofSTPs
indatafromsmallnumbersofsimultaneouslyrecordedneuronsNadasdyetal.(1999);
Prutetal.(1998).However,thesemethodsdonotscaletomassivelyparallelspiketrains
asrecordednowadaysonaregularbasisRiehleetal.(2013);Schwarzetal.(2014). We
startedtoexploitanewapproachbasedonformalconceptanalysis(FCA,Ganterand
Wille(1999))tomineparallelspiketraindataforSTPsinvolvinganypossiblesubgroup
ofneuronsofanobservedpopulation. WeuseFCAforanextensivesearchforpotential
STPs,whichareexpressedasformalconcepts.Toconstructtheformalcontextawindow
ofpre-defineddurationisattachedtoeachtimestep.Thus,potentialSTPslongerthan
theanalysiswindowarenotdetected. Onlyconceptsthatrepeatatleastthreetimes
arefurtherconsidered.STPsfoundinparallelspiketrainsmayeitheroccurbychance
orbegeneratedbyanunderlyingnetworkprocess,whichmayreoccurandthuscause
repeatedoccurrencesofthepatterns. Todisentanglechancefromrealpatternsweused
thestabilitymeasureintroducedinKuznetsov(2007)andexploredwhichthresholdonthe
stabilitywouldservethispurpose.

Wetestedtheapproachbasedonground-truthdatawhichwegeneratedbystochastic
simulationsof50parallelspiketrains. Weusedindependentspiketrainstoexplorethe
detectionrateofmerechancepatterns,i.e.falsepositives(FPs). WefoundthattheFP
rateisgenerallylow,butincreaseswiththeneuronalfiringrate(variedfrom5to15Hz).
MostFPpatternshaveeitherlowintentsize(=2)orlowextentsize(=2).Thestability
distributionoftheseFPsrevealedthatchancepatternswithextentandintentsizeboth
largerthan2alwayshadstabilitylowerthan0.6.Inthelightoftheseconsiderations,we
minimizedtheriskofFPsbyadoptingacriteriawhichclassifiesasnon-chancepatterns
onlytheSTPswhichoccuratleast3timesandarecomposedofatleast3spikes,asalready
doneforinstanceinPrutetal.(1998),andadditionallyhavestability0.6orlarger. We
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thenfurthergenerateddatathatcontainedSTPsinjectedintoindependentbackground
activitytoinvestigatetheamountofFPsthatoccurredinSTPdataasaresultofthe
overlapoftheinjectedpatternswithbackgroundspikes,aswellastheamountoffalse
negatives(FNs).Theratesforthebackgroundactivityinthesedatavariedagainfrom5
to15Hz,whiletheSTPsinvolved3to10neuronsandwereinjected3to10timesinthe
data,atrandomtimepoints.ItturnedoutthatFPsofthistypewererare(usuallyless
than3outof100simulations)andwerealwayssuperpatternsoftheinjectedSTP.NoFPs
disjointfromtheinjectedSTP,i.e.composedofbackgroundspikesonly,occurred.Instead,
theFNratedecreasedabruptlyforarate-dependentspecificnumberofoccurrences.The
reasonisthatwithmoreoccurrencesthestabilityofthepatternincreases.Thenumber
ofoccurrencesrepresentingtheborderbetweenhighandlowFNlevelsdidnotdependon
thesizezoftheinjectedSTP.Wecoulddrawanalogousconclusionsfromtheevaluationof
theprecisionandrecallofthemethod.Bothquantitieswerelow(<0.8)foralownumber
ofpatternoccurrences,butdrasticallyincreasedfordatasetscontainingpatternswith5
ormoreinjections.Besides,bothwerealmostindependentofthepatternsizez,whichis
duetothebehavioroftheFNsmentionedabove. Weexperimentedalsowithlargervalues
forthestabilitythresholdthan0.6(uptoathresholdof0.8).Higherthresholdsyieldeda
loweramountofFPsattheexpenseofhigherFNlevels.Inthelightofthistrade-off,0.6
seemedtobeasuitablethresholdforstabilityinoursettings.
Forpotentialapplicationsofthemethodtoexperimentaldata,asuitablevalueforthe

stabilitythresholdremainstobedetermined.SeveralMonteCarlotechniquesexistthat
useindependentsurrogatesoftheoriginaldatainordertoderivethestatisticalsignificance
ofcorrelationspresentintheoriginaldataGr̈un(2009).Theindependentsurrogatesare
generatedfromtheoriginaldatabyintentionallydestroyingtheprecisetimingofspikes
(andthusSTPsaswell)whilepreservingotherfeaturesofthedata(e.g.firingratesor
spikingregularity)asmuchaspossibleLouisetal.(2010c). Usingsuchsurrogatedata
couldbeaneffectivewaytodeterminetypicalstabilityvaluesofchancepatternsandthus
tosetasuitablestabilitythreshold. Thisapproachhoweverremainstobeinvestigated.
Additionally,weplantoinvestigatetherelationbetweentheapproachsuggestedhereto
detectSTPsandmethodsweintroducede.g.inGr̈unetal.(2008);Torreetal.(2013)to
detectpatternsofsynchronousspikesonthebasisoftheirstatisticalsignificance. Both
thestabilityvalueproposedhereandstatisticalp-valuesusedinotherstudiesaremeant
asmeasurestodistinguishchanceandnon-chanceSTPs.Suitablethresholdsforthese
valuesmustaccountfortypicalfeaturesofspikingactivity,suchasregularityofinter-
spikeintervals,temporalmodulationofneuronalfiringrates,rateheterogeneityacross
neurons,andsoon.
Finally,anotheraspectneedstobesolvedbeforeourapproachbecomesapplicableto

dataoflargersizethanconsideredhere(e.g.largernumberofneurons,higherfiringrates,
longerrecordingtime).Namely,ourruntimeanalysisrevealedthatcontextconstruction
andFCAarereasonablyfast,butthetimetakentocomputethepatternstabilityscales
asaquarticfunctionofthenumberofspikes. Variousstepscouldbeundertakento
improvethecomputationalperformanceofthemethod:amoreefficientimplementation
oftheFCAalgorithmweusedLindig(2000),theuseofafasteralgorithmKuznetsovand
Obiedkov(2002);Andrews(2009),aparallelFCAalgorithmKrajcaandVychodil(2009),
oranapproximateratherthanexactevaluationofpatternstabilityBabinandKuznetsov
(2012).
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Chapter3

ExtendingSPADEto
Spatio-TemporalSpikePatterns

3.1 Introduction

Inthischapter,weprovideanextensionofSPADE(Torreetal.,2013)tospatio-temporal
patterns.Inchapter2,weaddressedthisproblembyanewapproachbasedonFormal
ConceptAnalysis(FCA;seeGanterand Wille,1999)toefficientlyfindSTPsin MPST
data,counttheiroccurrences,andevaluatetheirstability(seeKuznetsov,2007)asamea-
surefornon-randomness. Wesuccessfullyappliedthemethodtoartificialtestdatasets
ofmoderatesize,e.g.,50spiketrainsat15Hzfor1s. Theanalysiswascomputation-
allytooexpensivetobeappliedonlargerdatasetsasoftenrealtisticallyencounteredin
neurophysiologicalexperiments(e.g.Brochieretal.,2018).

Here,weimprovethemethodologyintroducedinthepreviouschapterinthreere-
spects.First,weusefrequentitemsetminingonasuitablyrestructuredformatofthe
dataasanequivalentbutcomputationallymoreefficientalternativetocurrentlyavailable
FCAalgorithms.ThisshiftofparadigmmakesthemethodequivalenttoSPADEfroma
proceduralpointofview.Second,weapproximateexactstabilitywiththeMonte-Carlo
approachsuggestedbyBabinandKuznetsov(2012),whichreducesthecostofstability
computation(previouslytheruntimebottleneck)byseveralordersofmagnitude. Thus,
onemaycomputedifferenttypesofpatternstabilityanddevelopdifferentcriteriatofilter
patternsonthebasisofthesetypesimprovingfurthertheperformanceofpatterndetec-
tion.Third,weextendtoSTPstheevaluationofpatternsignificanceoriginallyintroduced
inTorreetal.(2013)andcompareitwiththeapproachbasedonpatternstability.

Section3.2presentsthevariousstepsofournovelmethodandlinksthemtoprevious
methods,mainlytotheworkwepresentedinchapter2andinTorreetal.(2013).Section
3.3comparestheperformanceofthestability-based(seesection2.2.1)andsignificance-
based(SPADE)approachesforpatternsfiltering,andprovidesselectioncriteriaforcandi-
datepatterns. WedemonstratetheefficacyoftheextendedSPADEmethodindetecting
STPs,whilelargelyavoidingfalsepositivedetectionsinsimulatedMPSTwithdifferentfea-
turestypicalforelectrophysiologicaldata,inparticulardifferentformsofnon-stationarity
suchasfiringratesvaryingovertimeandacrossneurons.Finally,section3.4discussesthe
advantagesofSPADEoverexistingtechniquesfortheanalysisofcorrelationsin MPST
andproposesfuturestudies.
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3.2 Methods

Theproblemweareconcernedwithinthisworkistheextractionofspatio-temporalspike
patternsinmassivelyparallelspiketrainsandtheclassificationoftheseSTPsintothose
thatoccurreliablyandthosewhichdonot,i.e.non-chancevschanceevents. Herewe
firstreviewastate-of-the-artmethodbasedonFormalConceptAnalysis(FCA)which
weintroducedinchapter1toaddressthisproblem,andthenweimprovethismethod
invariousrespects. Thefollowingsectionsdescribethethreemainstepsofthenovel
method,namelypatternextraction(section3.2.1),identificationofreliablepatternsby
meansofvariousstabilitymeasures(section3.2.2),andstatisticalassessmentofpattern
significance(section3.2.3).

3.2.1 Extractingnontrivialpatternsfromlarge-sizedata

Inoursetting,anSTPisdefinedasapatternofspikes,emittedfromagivencollection
ofneurons,thathavethesametemporalrelationshipwitheachotheracrossdifferent
occurrences.Inchapter1weintroducedhowFormalConceptAnalysis(FCA)canbeused
forextractingclosedfrequentpatternsfromlargedatasets,adaptingthemethodologyto
parallelspiketraindata,herewerelatetheFrequentItemsetMining(FIM)toFCA.

FP-growthasanequivalentalternativetofast-FCA

Inchapter1,weemployedourpurePythonimplementationofthefast-FCAalgorithm
(Lindig,2000). Thisalgorithmcreatestheconceptsinanorderwhichsimplifiesthe
subsequentexactevaluationofstabilityusedforisolatingstablepatternsfromnoise(see
below).Unfortunately,theruntimeofthecomputationofexactstability(seeRothetal.
2008)scalesroughlywiththefourthpowerofthenumberofspikes,asillustratedinFigure
3.1.Thisleadstoaslowcomputationpreventingtheapplicationtodatasetsofseveraltens
ofneurons.Inchapter1weextrapolatedthecomputationtimeto>60daysonadataset
of15sdurationcomposedofsimultaneousrecordingsof100neurons.However,whenone
doesnotcomputestability,orcomputesitapproximatelyratherthanexactly(seebelow),
theconceptorderisnotneeded,asexplainedinBabinandKuznetsov(2012). ModernFCA
algorithmsexistthatonlycomputetheconceptsandare,therefore,considerablyfaster,
suchasIn-Close(Andrews,2009)whichiscurrentlythefastestonetoourknowledge.
Unfortunately,atthetimeofwriting,thestate-of-the-artCimplementationofIn-Close
exitedbecauseofamemoryoverflowwhenweinputourdata. TheCimplementation
solvingthisproblemwillbeprovidedsoon(Kodoga,personalcommunication).

Instead,weexploredanotheroptionforimplementingafastersearchforconcepts. We
exploitedaknowncorrespondencebetweenFCAand(closed)frequentitemsetanalysis
(ZakiandOgihara,1998;Piskov́aandHorv́ath,2013):formalobjectscanbemappedonto
transactions,formalattributesontoitems,intentsontocloseditemsetsandextentsizes
ontosupports,seealsotable3.1. Thisallowsustocomputetheconceptsbasedonthe
FP-growthalgorithmknowninthedataminingcommunity(Hanetal.,2004).FP-growth
isafrequentitemsetminingalgorithmwidelyusedtomineclosedfrequentitemsetsin
largedatasets.Specifically,weuseaCimplementationofFP-growth(Borgelt,2012)to
mineclosedfrequentpatterns.Picado-Muĩnoetal.(2013)alreadyusedthealgorithmto
minepatternsofsynchronousspikesinMPSTdata.There-formattingofthedataused
here(’attributescaling’intheterminologyofFCA,see(Ganterand Wille,1999))allows
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ustoextendtheapplicationoftheFP-growthalgorithmtothesearchformoregeneral
spikepatterns,i.e.STPs.

Closedvsnon-chancepatterns

Byuseoffast-FCA/FP-growthalgorithms,formalconcepts/closedfrequentitemsets
canbeefficientlycollected.Closedpatternscanbeunderstoodaspatterns,whicharenot
trivialsubsetsofotherpatternsinthedata,andwhich,therefore,mayconveyinformation
notstoredinanysupersetofthem. However,notallclosedpatternsarenecessarilyof
interest.Indeed,virtuallyanydatasetofsimultaneouspointprocessescontainsclosed
patterns,evenwhentheprocessesarecompletelyindependentofeachother.Thus,many
(usuallythelargemajority)ofclosedpatternsaremerelychanceevents. Acriticaltask
thatremainstobesolvedis,therefore,thatofidentifyingnon-chancepatternsamongthe
multitudeofclosedones.

Severalapproachescanbetakentodrawthisassessment,dependingonthefeaturesof
thepatternsusedtodiscriminateinterestingfromnon-interestingSTPs.Simplepattern
filteringcriteriaareoftenbasedonpatternsize(intentsize)andpatternoccurrencecount
(extentsize),seee.g.(Prutetal.,1998). Thesecriteriaaremotivatedbythefollowing
observations.First,thelargerapatternisthelesslikelyitwilloccurbychanceifspikes
areindependentevents(Gr̈unetal.,2002b).Likewise,underthisindependenceassump-
tion,theprobabilitythatachancepatternhasagivenoccurrencecountdecreaseswith
increasingcount(Gr̈unetal.,2008). Wefoundthatrejectingallpatternswithlessthan
threespikesorlessthanthreeoccurrencesmassivelyreducesthefalsepositivepattern
detectioninourdata. AnotherclassicalapproachintheFCAcommunityistoevaluate
the(intensional)stabilityofapattern(Kuznetsov,2007),whichlooselyspeakingcanbe
understoodasthetendencyofapatterntobeanintentamonganysubsetofwindows
wherethepatternoccurred.Stablepatternsareofinterestbecausetheyareunlikelyto
beproducedbyindependentprocessesorneurons.Anotherapproachconsistsinevaluat-
ingthestatisticalsignificanceofthepatternsfoundandinretainingonlythosepatterns,
whicharenottobeexpectedinthedatagivenotherstatistics,suchasthefiringratesof
theindividualneurons(Gr̈unetal.,2002a).Thisapproachiscommonwhentestingthe
twoalternativehypothesesoftemporalcoding(basedonmillisecondprecisecoordination
ofspikesamongcellassemblies)versusratecoding(basedontemporallylessprecisespike
coordinationandcharacterizedbytherateprofilesoftheindividualneurons).Thenext
twosectionsarededicatedtoreviewingtheapproachbasedonstabilitycomputationand
theotherbasedonevaluationofstatisticalsignificanceandtointegratethemintothe
analysisframeworkderivedsofar.

3.2.2 Filteringpatternsbystability

Asshowninchapter1conceptualstability(Kuznetsov,2007)isapotentialtoolforsepa-
ratingchancepatternsfromnon-chanceSTPs.Inthissection,weintroducethedefinition
ofextensionalconceptualstability,inrespecttotheintensionalstabilityusedinchapter1,
andweillustrateadvantagesandcomputationalissuesthereof. Wealsoshowhowrecently
developedefficientMonte-Carlotechniquescanbeusedtoapproximatestabilityand,thus,
makeitapplicabletolarge-sizedata.
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Entity Description

Spatio-temporal
pattern(STP)

Precisetemporalsequenceofspikesrepeated
moreoftenthanexpectedunderthehypothesis
ofindependentfiring

Itemset/
Attributeset

SetofspikesthatformanSTP

Patternsize/
Attributesetsize

NumberofspikesforminganSTP

Occurrencetimes
/Objectset

SetoftimepointsatwhichanSTPrepeatedly
occurs

Support/Object
setsize

NumberofoccurrencesofanSTP

Closeditemset/
Intentofformal
concept

STPwhichismaximalintimeandspace,i.e.
nolargersetoftimewindowscontainsthe
STP,andnospikecouldbeaddedtotheSTP
withouthavingtogiveupatleastone
occurrencetimewindow.Formallydefinedas
thepairofSTPintentandSTPextent.
Extractedfromparallelspiketraindatabythe
FP-growth/fast-FCAalgorithm.

Supportofclosed
itemset/Extent

size

NumberofoccurrencesofaSTPwhichis
maximalintimeandspace

Closedfrequent
itemset/Intent
offrequent
formalconcept

STPwhichismaximalintimeandspace,and
occursatleastagivennumberoftimes.

Signature(z,c)
Pairofparameters(z=patternsize,
c=support),thatcharacterizeeachconcept
andthataretestedforsignificancewithPSF

Stability
Measurethatquantifieshowreliablyapattern
repeatsidenticallyacrossallitsrepetitions

P-valuespectrum
Matrixwhoseentriesz,ccontainthep-values
ofpatternsignatures(z,c),evaluatedbyPSF

Table3.1: Summaryoftermsoftenusedinthischapter. Whentwoalternative
termsappearintheleftcolumn,thefirstoneisfromfrequentitemsetminingterminology
andthesecondonefromformalconceptanalysisterminology.
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Intensionalstability

GivenaformalcontextCandthesetB(C)ofallofitsconcepts,theintensionalstability
ofaconcept(A,B)∈B(C),asalreadyintroducedinchapter1,isdefined

σ(A,B)=
|{C⊆A|C =B}|

2|A|
(3.1)

whereC isthesetofallattributessharedbytheobjectsinC(seealsoChapter1).In
words,thestabilityofanintentisthefractionofsubsetsoftheextent(setoftheindices
ofthestartingpointsoftimewindows),whichshareexactlytheattributesoftheintent
(pattern).Thiscanbeviewedasakindofcross-validation(Kuznetsov,2007):apattern
hasahighstabilityindexifitisfoundasaconceptintentinmanytimewindows.Inthe
previouschapter,wecomputedthestabilitywiththeexactalgorithmofRothetal.(2008)
andkeptonlythoseconceptswhosestabilityexceededathreshold. However,wefound
thatthisexactalgorithmistooslowforapplicationtolargedatasetsduetoitsquadratic
runtimescalinginthenumberofconcepts.

Approximationofstability

Hence,weemployafastMonte-CarloapproximationofthestabilitysuggestedbyBabin
andKuznetsov(2012).Insteadofiteratingthroughallsubsetsofanextentinthenumer-
atoroftherighthandsideof3.1andcheckingwhethertheattributessharedbyagiven
subsetequaltheintent,oneperformsthischeckonlyonafixednumberZofrandomly
drawnextentsubsets.ThedenominatoristhenreplacedbyZ.

Extensionalstability

Bydefinition,intensionalstabilityonlyaccountsfortheoccurrencecountofapattern
andnotforitssize. Therefore,itsvalueisunaffected(seechapter1)bythenumberof
spikesformingthepattern. Thisbehaviorisevidentinthestatisticalevaluationresults
shownbelow.Thisfeatureisindependentoftheapproach(exactorapproximated)used
tocomputethestability.However,patternsizeshouldplayaroleindeterminingwhether
apatternistoberetainedasatruepatternorrejectedasachanceevent.Indeed,more
independentevents(spikes)arelesslikelytore-occurinaspecifictemporalsequenceby
chancethanfewerevents.Toaccountforthisfact,weintroducehereafilteringrulebased
onextensionalstability,whichaccountsforthepatterncomposition(size)ratherthanthe
patternoccurrencecount.Formally,extensionalstabilityofaconcept(A,B)isdefinedby
exchangingextentandintentontherighthandsideof3.1:

σ(A,B)=
|{C⊆B|C =A}|

2|B|
.

Extensionalstabilitycanbecalculated-asintensionalstability-eitherinexactform
orbyapproximation.Anewfilteringcriterioncanbedevisedforclosedpatternsbasedon
extensionalstabilitybyretainingonlythosepatternswhoseextensionalstabilityexceeds
somepre-definedthreshold.
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Choiceofstabilitythreshold

Anissuethatremainstobeaddressedishowtosetthestabilitythreshold(s)usedto
distinguishSTPsfromchancepatterns.Inchapter1,wesetthethresholdforintensional
stabilityto0.6followinganheuristicapproach,asthischoiceturnedouttoprovidea
goodbalancebetweenFPsandFNsonabroadrangeofsimulateddatawithvarious
parameters. Realdata,however,mayneeddifferentthresholdsdependingontheirsize
(numberofneuronsand/orduration),thefiringstatisticsandotherfeaturesofthespike
trains. Becauseweareinterestedinusingstabilityasa measuretodeterminewhich
patternsaremorestablethanonewouldexpectachancepatterntobe,anappropriate
thresholdshouldbesuchthatthestabilityofpatternsfoundinindependentdata,i.e.of
chanceevents,wouldnotcrossthethreshold. We,therefore,proposeheretoestimatethe
appropriatestabilitythresholdfromindependentsurrogatesoftheoriginaldataviathe
followingMonte-Carloapproach.

First,surrogatesoftheoriginaldatathatcontainonlychancepatternsneedtobe
generatedinsuchawaythatotherfeaturesofthedatacharacterizingthenullhypothesisof
independence(importantly,thefiringrateprofiles)arepreserved.Avarietyoftechniques
existstothisend(seeGr̈un,2009;Louisetal.,2010b). Amongthem,weoptforspike
dithering,which moveseachspikebyarandomamount(uptoafew ms)aroundits
originalposition.STPsoccurringabovechancelevel,ifexistingare,thus,destroyed,while
firingrates-whicharedefinedonalargertimescale-arealmostunaffected.Second,we
extractpatternsfromthesurrogatedatabyuseofFP-growth,computetheirstability,and
therebyderivethedistributionofpatternstabilityunderthenullhypothesis.Thestability
thresholdisfinallysettoachosenupperquantileofthenulldistribution.Inoursettings,
asinglesurrogatedatasetcontainsalwaysseveralthousandsofchancepatternsandis,
therefore,sufficienttoobtaincloseestimatesofsmallquantilesofthenulldistribution.
Weseparatelyderivethethresholds θintandθextforintensionalandextensionalstability,
respectively.

3.2.3 Filteringpatternsbystatisticalsignificance

Analternativetostability-basedfilteringtoidentifynon-chancepatternsamongtheclosed
frequentpatternsextractedbyFP-growthistotestthestatisticalsignificanceofSTPsdi-
rectly.Thenullhypothesisofthetesthereisthatthespiketrainsaremutuallyindependent
andnopatternsexistinthedataexceptforchanceones.Thealternativehypothesisstates
thatsomepatternsindeedoccurtoomanytimestobeconsideredaschanceevents.

Testingthestatisticalsignificanceofallclosedfrequentpatternsonebyoneisnotan
optioninapplicationstolarge-sizedatasuchas MPSTdatafromtensorhundredsof
neuronsrecordedsimultaneously.Indeed,theimmenseamountofoccurringpatternsand,
therefore,ofteststobeperformedraisesseveremultipletestingissues. Weaddressedthis
probleminthecontextoftestingforsynchronousspikepatternsinTorreetal.(2013),
wherewedevelopedanalternativestatisticalapproach,herenamedSPADE(Synchronous
PAtternDetectionandEvaluation),thatallowsustoavoidsuchmassivemultipletesting.
Inthatpublication,weemployedFP-growthtoextractsynchronouspatterns,aswehave
donehereforthemoregeneralcaseofspatio-temporalspikepatterns. Thus,weaim
toemploythestatisticalframeworkofSPADEtotestforSTPs.Inthefollowingwe
summarizethevariousstepsoftheSPADEanalysistoassesspatternsignificance.
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PatternSpectrumFiltering

ThefirstcomponentofSPADEforassessingthesignificanceofclosedfrequentpatterns
foundbyFP-growthisPatternSpectrumFiltering(PSF).Insteadoftestingindividually
eachofthethousandsofclosedfrequentpatterns,statisticalsignificanceisassessedfor
patternsofsamesizezandsamenumberofoccurrencesc,i.e.foreachpatternsignature
(z,c).Theprobabilityofhavingapatternwithsignature(z,c)underthenullhypothesis
H0ofindependenceisevaluatedviaa Monte-Carlotechniqueonsurrogatedatawhich
aregeneratedfromtheoriginaldatabydithering.Byrepeatedgenerationofsurrogates
andcountingclosedfrequentitemsetsweimplementthenull-hypothesisofindependence.
SPADEthendeterminesthep-valueofeachsignature(z,c)asthefractionofsurrogates
thatcontainclosedfrequentitemsetswiththatsignature,basedonalargetotalnumber
Kofsurrogates.Here,differentlyfromwhatwasnecessaryforthechoiceofthestability
threshold,alargenumberofsurrogatesisneeded,becauseeachonecontributeswithonly
oneinstance(patternofacertainsignature(z,c)presentornot)tothe MonteCarlo
sampling. Sincemultipletestsareperformed(onepersignaturefoundintheoriginal
data),wecorrectthesignificancelevelαusingthefalsediscoveryrate(FDR)correction
(BenjaminiandHochberg,1995).Allpatternsminedintheoriginaldatawithsignatures
(z,c)thathaveap-valuesmallerthantheFDRcorrectedthresholdareclassifiedas
statisticallysignificant.

Patternsetreduction

InTorreetal.(2013)weshowedthatthepresenceofrepeatedoccurrencesofarealpattern
Atendstoincreasethesignificanceofpatternsresultingfromthechanceoverlapofpattern
Awithbackgroundactivity.Inotherwords,PSFcorrectlyrejectsFPsentirelycomposed
bychancepatterns,but,inthepresenceofarealpattern,ittendstooverestimatethe
significanceofpatternsresultingfromchanceoverlapwithbackgroundspikes.Thereason
isthatthesizezand/ortheoccurrencecountcofthesepatternsareindeednotentirely
duetochance,butareboostedbythepresenceoftherealpatternbeyondthechancelevel
thatPSFdeterminedunderH0.

PatternSetReduction(PSR),thelaststepoftheSPADEanalysis,aimsatremoving
theseFPsbytestingthepatternsfilteredwithPSFreciprocallyforconditionalsignificance.
WhentestingforapatternAgivenasub-patternBofA(suchthatzA>zBandcA<cB),
PSRre-assessesthesignificanceofAthroughthep-valueofthesignature(zA|B=zA−
zB+h,cA)alreadystoredinthep-valuespectrumpreviouslycomputedbyPSF.zA|Bisa
smallervaluethanzA,penalizedbythepresenceofB.Similarly,Bisre-testedconditioning
onthepresenceofAbyreplacingitsoccurrencecountcB withcB|A=cB−cA+k.h
andkarecorrectionfactorsaccountingforthefactthatthep-valuesof(zA|B,cB)and
(zA,cB|A)aretakenfromtheoriginalp-valuespectrum,whichiscalculatedoveralltime
binsratherthanoverthetimebinsonlywhereAandBoccur.Inourstudyweseth=0,
k=2,whichprovedtobeagoodheuristicalchoiceinthevalidationofSPADE(seealso
Torreetal.,2013).Ifonly(zA|B,cA)issignificant,themethodretainsAanddiscards
B,andviceversaifonly(zB,cB|A)issignificant.Ifboth(zA|B,cA)and(zB|A,cB)are
significant,bothpatternsarekept.Ifneithersignatureissignificant,inlightofthefact
thatPSFreturnedbothand,therefore,atleastoneofthetwopatternsshouldbeatrue
positive,PSRretainsthepatterncoveringthelargestnumberofspikes,i.e.thepatterns
withthelargestz×cscore.ForpatternsAandBthatonlypartiallyoverlap(A∩B=∅,
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A⊂BandB⊂A)theconditionaltestsareperformedovertheconditioningpattern
A∩B.

3.3 Results

Wepresentedabovetwodifferenttechniquestodistinguishbetweenchancepatternsand
selectedSTPs,basedonstabilitymeasuresandbasedonstatisticalsignificanceofsig-
natures(SPADE),respectively. Bothofthemtakeasinputtheconcepts minedwith
FP-growthandreturnthosethatarestatisticallysurprisingbecausetheassessedfeature
(stabilityorsignature)issignificantlylargerforthesepatternsthanforchancepatterns.
Inthissectionweillustratehoweachofthetwomethodsperforms,bothintermsof
computationaltimeandoffalsepositivesandfalsenegatives.

3.3.1 Computationalefficiency

Wefirstcomparethecomputationalefficiencyofthecomponentsintroduecedalreadyin
chapter1(fast-FCA,exactstability)totheproposedcomponentsintroducedinthesection
above(FP-growth,approximatestability,PSF).Figure3.1showstheruntimesofthese
componentsappliedtosimulationsof50parallel, mutuallyindependentPoissonspike
trainswithafiringrateof15Hzeach.Theruntimeofthesevariousanalysescomponents
isevaluatedon10datasetsofdifferentnumberofspikes,achievedbydatasetsofdifferent
duration,increasingfrom1to10sinstepsof1s.Themeasuredruntimesaremarkedby
symbols,andtheirfittingcurvesareshownassolidlinesinthesamecolor.Theprofiling
resultswereobtainedonacomputeclusterwith32nodes,eachconsistingofa2×Intel
XeonE5processorwith2.5GHzprocessingspeedand8×16GBDDR4RAM.

Inchapter1,wemadeuseofthefast-FCAalgorithmintroducedbyLindig(2000)
afterpre-processingthedataasdescribedinChapter1. Theruntimebehaviorofthe
fast-FCAalgorithmimplementedinPython(sameasusedinchapter1)andshownin
Figure3.1(red)isfittedbyafunctionwhichisquadraticinthenumberofspikes.Based
onthisfunctionweextrapolatetheruntimeoflargerdatasets,inparticulartothetypical
experimentaldataweaimtoanalyze,i.e.100parallelneuronswithanaveragefiringrate
of15Hzofeachneuron,recordedfor15secondsand,thus,containingatotalof22500
spikesonaverage. Miningtheconceptsinadatasetofthissizewiththisimplementation
offast-FCAwouldtakeabout68daysofcomputetime.FP-growth(brown)issignificantly
fasterandexhibitsasignificantlyslowerandlineartrend.Foradatasetofthesamesize
theruntimeis4.5hinstead. Thus,thespeedupgainedbyusingFP-growthinsteadof
FCAenablestheextractionofnon-trivialpatternsalsofromlarge-sizedatathatwere
beyondthereachofourpreviousapproach.Therefore,wedecidetobaseouranalysison
FP-growth.

Thesecondstepofouranalysisisthecomputationofthestability(intensionaland
extensionalstability)ofallnon-trivialpatternsextractedbyFP-growth,tofilteroutnon
trivialpatterns(section3.2.2). Thestabilitycaneitherbecomputedexactlyorcanbe
approximatedbyaMonte-Carloapproach(seesection3.2.2). Weshowhereonlytheresult
fortheintensionalstability,sincetheruntimeforthecalculationofextensionalstabilityis
approximatelythesame(notshownhere).Theruntimenecessarytoderivethestability
asdescribedinsection3.2.2isthesumofthetimerequiredtocomputethestabilityonthe
original,empiricaldatasetforeachpatternandthetimeneededtocomputeitssignificance
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threshold. Thelatterrequiresthegenerationofasurrogatedataset,theextractionof
closedpatterns,andthecomputationoftheirstability. Thus,thetotalruntimeofour
stability-basedSTPdetectionapproach(seesection3.2.2)istwicethetimeneededforthe
calculationofthestability,plustwicethetimeconsumedbyFCA(seesection3.2.2).As
showninFigure3.1,thecomputationoftheexactstability(green)dominatesthetotal
runtime,increasingquarticallywiththenumberofspikesinthedata.Theapproximate
stability(aquamarine),incontrast,hasaruntimewhichisseveralordersofmagnitude
smallerandshowsalineartrend.

Overall,replacingFCAbyFP-growthandreplacingexactstabilitybyapproximate
stabilityyieldsacomputetime,whichisaboutthreeordersofmagnitudesmallerand,
thus,enablesapplicationstodataofunprecedentedsize.

Thethirdandlaststepofthemethodthatneedstobeinvestigatedintermsofruntime
isthecalculationofthestatisticalsignificanceofthepatternsbymeansofpatternspectrum
filtering(PSF)andpatternsetreduction(PSR).Toderivethep-valueforPSFforeach
signature,weneedtogenerateatleast1000surrogatedata,eachofwhichrequiresto
beanalyzedbyFP-growthtoextractclosedfrequentpatternsinordertobuildupthe
statisticsforeachsignature.Therefore,PSFisquitecomputetimeintensive(Figure3.1,
blue-foradatasetof22500spikesitwouldtakeabout1366days)ifprocessedinaserial
wayasshownhere.Trivialparallelization(i.e.partsoftheanalysiscanberunindependent
fromeachothertosavecomputetime)oftheanalysisprogramcanbeappliedtoPSF,
whichabsorbsthemajorityofthecomputationalloadofthemethodandreducesseverely
thecomputationaltime. Tothisend,theFIManalysisondifferentsurrogatescanbe
distributedoverdifferentcomputingcoresandruninparallel. Theindependentresults
(closedfrequentpatternsofeachsurrogatedataset)arefinallycollectedtocomputethe
p-valuespectrum.ThePSRruntimeisnegligible(notshownhere)sinceitislinearand
itisappliedonlytosignificantpatternswhichistypicallyasmallnumberascompared
totheminedconcepts.Itdoesnotdirectlydependonthetotalnumberofspikesbuton
theactualsignificantpatterns.Forthisreasonwedonotconsideritasacomputational
componentthatmightdeterminethecomputationalfeasibilityofSPADE.

3.3.2 Stochastic modelsforvalidation

TheincreasedcomputationalperformanceachievedbycombiningFP-growthandapprox-
imatestabilitycalculationenablestheapplicationtolargerdatasetsthanpreviously
possible. Weare,therefore,interestedingeneratinggroundtruthartificialdatawithcom-
parablesizeandpropertiesofdatatypicallyobtainedinelectrophysiologicalrecordings.
Tothisend,wefollowthesameapproachtakeninchapter1andgeneratedataconsisting
ofasuperpositionofindependentbackgroundactivityandrepeatedSTPs. Theback-
groundactivityismodeledbyasetofN=100parallelindependentPoissonprocesses,
eachhavingafiringraterwhichmaybestationaryorvariableovertime,andidentical
ordifferentacrossneurons,andlastsforatotalperiodT=1s. AnSTPoccurrenceis
modeledasatemporalsequenceofzspikesfromthefirstzneurons(withoutlossofgener-
ality)andwithaconstanttimelagof5msbetweensuccessivespikes. Multipleoccurrences
oftheSTParerealizedbyinjectingthesequenceatmultiple,randomtimeswithinthe
simulationinterval[0,T].

Wefirstconsiderstationarydatawiththreedifferentconstantfiringratesr∈{15Hz,20Hz,25Hz}
foreachofthe100neurons.Then,wetesttheperformanceofthemethodforavariety

41



750 2250 3750 5250 6750

number of spikes

0

200

400

600

800

c
o
m
p
ut
e 
ti
m
e 
(
mi
n)

Fast-FCA

FP-growth

Exact Stability

Approx. Stability

PSF

1000 2000 6000

log (number of spikes)

10−3

10−2

10−1

100

101

102

103

l
o
g 
(
c
o
m
p
ut
e 
ti
m
e)

Figure3.1: Profilingresultsfordifferentcomponentsofthe methods. Inthe
toppaneltheruntimesasafunctionofthenumberofspikesinadatasetareshownfor
patternminingusingfast-FCA(red,asterix)andFP-growth(brown,filledcircles). We
alsocomparetheruntimesforthestabilityanalyses,exactstability(green,diamonds)
andapproximate(aquamarine,triangles)andofPSF(blue,squares).Thesolidlinesare
fittedfunctionsquantifyingtheircharacteristics.Thebottompanelshowsthesamedata
inlog-logscaling:thecomputationaltimesfollowapproximatelydifferentpowerlaws.
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ofnon-stationarydatasetsthatmimictypicalstatisticalfeaturesofexperimentaldata
andhavethetendencytogenerateFPsincorrelationanalyses.Inparticular,weanalyze
artificialdatathatincludethreedifferenttypesofratenon-stationarityorvariability(see
Figure3.2):

1.Non-stationaryfiringratesovertimebymeansofasuddenratejump,coherent
acrossallneurons(Figure3.2,toppanel):allneuronshavethesamefiringrate,
equalto10Hzintheintervals[0s,0.6s]and[0.7s,1s],and60Hzintheinterval
[0.6s,0.7s];

2.Heterogeneityofthefiringratesacrossneurons(Figure3.2,middlepanel):firing
ratesarestationaryovertimebutdifferentacrossneurons,andincreasefrom5Hz
(forthefirstneuron)to25Hz(forthelastneuron)instepsof0.2Hz. Thespike
trainsinwhichthepatternsarelaterinjectedarerandomlyselected;

3.Shortlasting,simultaneous,sequentialratejumpsofsubsetsofneurons(Figure3.2,
bottompanel):the100neuronsaregroupedinto20subsetsof5neuronseach.At
twodifferenttimeonsets(50msand550ms),thefirstgroupinstantlychangesits
firingratefromabaselinelevelof14Hzto100Hzforanintervalof5ms. When
groupigoesbacktobaselinelevelgroupi+1experiencesthesameratejump(5ms
later),i=1,...,19.

Models1and2werealreadyusedinTorreetal.(2013)toexplorethesensitivityofSPADE
toratevariability. ThethirdmodelwasintroducedinTorreetal.(2016a)tovalidate
anothermethod,calledASSET,designedfortheanalysisofsequencesofsynchronous
spikeeventsinmassivelyparallelspiketraindata.
Intotal,weuse6differentmodelsofbackgroundactivity,threewithdifferentlevels

ofstationaryratesandthreewithvariableratesacrosstimesorneurons. Wethenvary,
foreachofthesemodels,thenumberzofneuronsinvolvedinaninjectedSTPandthe
numbercofitsrepetitionsfrom3to10instepsof1,foratotalof(numberof models×
z×c)=(6×8×8)=384parametercombinations.Foreachchoice,wedeterminethe
performanceofourapproachesintermsoftheaveragenumberoffalsepositives(FPs)
andfalsenegatives(FNs),definedbelow,obtainedover100stochasticrealizationsofthe
respectivebackgroundmodel,yieldingatotalof38400datasetstoanalyze.

3.3.3 Falsepositivesandfalsenegatives

Inpatterndiscovery,differentdefinitionsoffalsepositives(FPs)andfalsenegatives(FNs)
arepossible.Theidentificationoftheexactinjectedpatternisaclearexampleofcorrect
identification(truepositive,TP),whiletheidentificationofapatternbeingcompletelydis-
jointfromtheinjectedpatternisaclearFPresult.Similarly,thecompletenon-detection
ofaninsertedpatternorsubsetsofitisanunambiguousFNoutcome.Casesinbetween
arelessclearandneedtobedefined.Forinstance,theidentificationofapatternwhose
spikesformasubsetoftherealpatternmaybeconsidered,dependingontheportionof
spikesofthefoundpatternrelativetothetruepattern,sufficientforacorrectidentification
(TP).HereweadoptthemoststrictdefinitionofaTP,i.e.classifyingafoundpattern
asaTPifitconsistsofallandonlythespikesformingeachoccurrenceoftheinjected
pattern.Otherwise,thepatternisdetectedasaFPandtheabsenceofTPsyieldsanFN
outcome.
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Figure3.2:Differentbackgroundmodelsfornon-stationaryandinhomogeneous
data.Eachrowillustratesonemodelofthetestdata:top:co-varyingfiringrateswitha
largeratestepofallneurons;middle:inhomogeneousbutstationaryrateofeachneuron;
bottom:coherentshortratechangesinsubsetsofneuronsatconsecutivetimepoints.The
columnsshowfromlefttoright:theunderlyingrateprofiles,anexemplifyingrasterplot
ofthespikingactivity(onedotperspike),andarasterplotoftherespectivebackground
activityenrichedwithc=5injectionsofanpatternofsizez=5(spikesinred).
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WecomputetwotypesofFPs.Oneisbasedonpurelyindependentdata,i.e.weonly
realizetherespectivebackgroundmodelwithoutpatterninjection.Thisprovidesusthe
FPlevelwhichispurelyresultingfromthestochasticityoftheprocesses.Thesecondtype
ofFPsweareexploringareSTPsthatweredetectedbutwerenottheinjectedSTPs.This
isrelevantifwewanttomakesurethatinjectedpatternsarenotformingnewpatterns
withthebackgroundactivity.Theresultsforthelatteronesareshowninfiguresbelow,
theformeroneswillbejustmentioned.

ForevaluationofFNsasafunctionofthesignature(z,c)oftheinjectedpattern,we
varytheparametersz,cbetween3,...,10togetallcombinations.Foreachsignaturewe
performRrealizationsofagivenbackgroundratemodelandinsertapatternofsizez
andwithcoccurrences. WeevaluateinhowmanyoftheRrealizationswedetectedthe
injectedpattern.TheresultingFNrate,i.e.thefractionofrealizationsinwhichwedid
notdetectthepatterndividedbyR,isenteredinamatrixatthesignaturez(x-axis)and
c(y-axis).ByvaryingthesignaturesandperformingthisprocedureagainwefilltheFN
matrix.

ForevaluationoftheFPmatrix,weusethesamedataasfortheFNevaluation.For
eachsignature,wecountthenumberofrealizationsinwhichoneormorepatternsare
detectedassignificantthatarenotidenticaltothepatterninjected. Theratioofthe
realizationsforwhichthisoccurreddividedbythenumberofrealizationsRisenteredat
thesignatureoftheinjectedpattern.

Inthenextsections,wetesttheperformanceofourapproachesintermsofFPsand
FNsonourartificial,simulatedtestdata.

3.3.4 Performanceofapproximatestability

Inordertoquantifytheerrorintroducedbytheapproximatedstability(section3.2.2),we
computetheexactandtheapproximateintensionalstabilityforallpatternsextractedby
theminingtechnique(FP-growth)fromsyntheticdata. WesetthenumberZofsubsets
usedfortheMonte-Carloapproximationofthestabilityto500,whileforthecomputation
oftheexactstabilityallpossiblesubsetsareused.Thedata,alreadyusedinchapter1,
comprisedparallelspiketrainsfrom50neuronsfiringindependentlyofeachotherata
constantofrater=15Hzeach,foratotaldurationT=1s.Inaddition,wealsogenerate
datasetscontaininginadditionaninjectedSTP.TheSTPconsistsofz=8spikesfrom
8differentneurons,fallingwithinawindowofdurationw=50ms.TheSTPisinjected
c=9timesinthedata,atrandompositionsinthesimulationperiod[0,T]. Wedefinethe
approximationerrorastheabsolutedifferencebetweentheexactandtheapproximated
stabilityvalues,bothcomputedforeachpatternextractedbyFCA.Thedistributionof
theerrorsgreaterthan0isillustratedinFigure3.3(graybars),withanaverageerrorof
1.888∗10−3andamaximumerrorof0.14(i.e.14%ofthemax.stabilityvalue).However,
noerrorsatall(blackbarinFigure3.3)occurforthemajority(282510outof283451,i.e.
99.67%)ofthepatterns.Theresultsindicatethatapproximatingtheintensionalstability
isasuitablealternativetothecomputationallyunaffordablecalculationofexactstability
and,thus,allowsonetoapplyapproximatestabilityofdatasetsofmorethan50neurons.

Furthermore,wetestwhetherornotthe(small)errorintroducedbyapproximated
stabilitydoesaffecttheperformanceofSTPdetection.Tothatend,wecomparetheresults
gainedusingexactstabilityandapproximatestabilitytoselectsignificantconceptsapplied
totheverysamedata.Thedataarealsoidenticaltothedataanalyzedintheprevious
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Figure3.4:Comparisonofpatternselectionbasedonexactandapproximate
stability. TheleftcolumnshowstheFPmatrix(top)andtheFNmatrix(bottom)
forFCAanalysisfollowedbyexactstabilityfiltering. TherightcolumnshowsFPand
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thresholdforthestabilitywas>0.6forfilteringthepatterns.Eachelementofthematrices
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neuronswithstationaryrater=15Hz)withSTPsinjectedwiththerespectivesignatures.
R=100simulationsareperformedforFP/FNextraction.
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chaptercomposedof50neurons,simulatedfor1swithinjectedpatternswithparameters
z,cvaryingbetween3and10,with100realizationsforeachparametercombination.
Significantlystableconceptsaredetectediftheirstabilitycrossesthethresholdofθint=
0.6,i.e.thesameasusedinchapter1.Figure3.4showstheresultsintermsofnumber
ofrealizationsreturningFPs(top)andFNs(bottom)outof100simulationsforeach
signature(z,c).Theleftcolumnshowstheresultsusingexactstability,therightcolumn
usingtheapproximatedstability. Theperformancesofbothmethods,bothintermsof
FPsandFNs,arequalitativelyidentical(maximumoftheabsolutevaluedifferenceofthe
twomatricessmallerthan0.1fortheFP-rateaswellsmallerthan0.5fortheFN-rateand
randomlydistributedacrossthematrixentries),showingthattheerrorintroducedbythe
Monte-Carloapproximationofthestabilityisnegligible.

3.3.5 Validationonartificialdata

WeassessandcomparenowtheperformanceintermsofFPsandFNsofthetwovariants
ofouranalysismethod,i.e.onethatfilterspatternsonthebasisoftheirstabilityandthe
otherbasedonsignificanceevaluation. Weusethetestdatadescribedinsection3.3.2,
i.e.datawithacertaintypeofbackgroundactivity(threedifferenttypeswithstationary
rates,andthreetypeswithtime-varyingorinhomogeneousfiringrates),andcombinedwith
injectedSTPsofacertainsignature(z,c).Foreachdatamodel,wegenerateR=100
realizations(datasets),analyzeeachofthemfortheoccurrenceofSTPssurvivingthe
filteringprocess.

Stabilitybasedfilterresultsforstationarydata

Wefirstexaminetheperformanceofpatternfilteringbasedonintensional(orextensional)
stability.Afterchoosingoneofthetwomeasures,thisapproachclassifiespatternsfound
byFP-growthasstable(and,thus,retainsthemasreliablyreoccurringpatterns)iftheir
stabilityexceedsapre-determinedthresholdθ. Asexplainedinsection3.2.2,wederive
θasachosenquantileofthenulldistributionofstabilityvalues,obtainedfromindepen-
dentdata. Wesettheoverallsignificanceleveltoα=0.01andsetθtothepercentile
correspondingtotheBonferronicorrectedlevelαcorr=

α
totalnumberofconceptstested.

Toobtainstablepatternsbyapplicationofthestabilityevaluationwemakeuseof
surrogatedata,i.e.independentdatageneratedbydithering(seesection3.2.2)fromthe
originaldata,toderivethenulldistributionand,thus,thestabilitythresholdθ.Forour
extensivevalidationofdatacontaininginjectedSTPswewouldhavetoderivethestability
thresholdforeachofthetotal100×6×8×8=38400(see3.3.2)datasets. Toavoid
suchmassivecomputations,wemakeuseoftheassumptionthatthefewadditionalspikes
injectedbyinsertionofSTPsdonotchangethenulldistributionofthestabilityvalues
underthehypothesisofindependence.Therefore,toevaluateFPsandFNsacrossallthese
scenarios,wederiveasinglestabilitythresholdθforallmodelswiththesamebackground
rateasfollows:wegenerate100datasetswithindependentbackgroundactivityaccording
totheratemodel,andderiveθasthe95%quantileoftheempiricaldistributionofpattern
stabilityvaluesinthiscasewherenopatternswereinserted.Thisthresholdisthenused
fortheassessmentofFPsandFNsinall64modelswiththesamebackgroundratebut
containingSTPsofdifferentsizeandoccurrencecount.Thisapproach,wasalreadyused
in(Torreetal.,2013)andwasshowntobeappropriateinchapter1,sincethedistribution
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Figure3.5:PerformanceintermsofFPsandFNsforstationarydata.Theresults
shownhereareallforthedatamodelinwhichallneuronshaveastationaryfiringrate
of25Hz. Alldatasetsconsistof100neuronssimulatedfor1s. Theparametersused
forFP-growthareabinsizeof1msandawindowlengthof50ms. Weshowtheresults
foralltypesofinjectedpatternsenteredattheirrespectivesignature(64signatures,all
possiblecombinationsforthesizez(x-axis)andthenumberofoccurrencesc(y-axis)).
Sizeandnumberofoccurrencesarevariedbetween3and10.Foreachpatternsignature
weperformandanalyze100realizations. Each matrixelement(signature)showsthe
fractionofrealizationsforwhichthefilteredresultscontainoneormoreFPs(toprow)
/FNs(middlerow).ThebottomrowshowsthemaximumrateofeithertheFPsorthe
FNs.Firstcolumn:Resultsoftheintensionalstabilityfilter,usingasignificancelevelof
α=0.01andBonferronicorrected,yieldingastabilitythresholdofθint≈0.55.Second
column:Resultsoftheextensionalstabilityfilterandstabilitythresholdofθext≈0.8
resultingfromthesamesignificancelevelasfortheintensionalstability.Thirdcolumn:
Resultsofthecombinedstabilityfilter,wheretheBonferronicorrectionwasadjustedbya
factor2toaccountforeachconceptbeingtestedtwice(oncefortheextensionalandonce
fortheintensionalstability).Fourthcolumn:ResultsofPSF.Significancelevelα=0.01,
correctedwiththeFDRcriterion.Fifthcolumn:ResultsofPSF+PSR.Significancelevel
α=0.01,correctedwiththeFDRcriterion.ThePSRparametersaresettoh=0,k=2.
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ofθisnotaffectedbytheinsertionofafewSTPspikes.Inaddition,thisapproachmakes
ourvalidationconsiderably(64times)faster.

Performanceofintensionalandextensionalstability

Wefirstanalyzestationarydatawithconstantfiringrates, r∈{15Hz,20Hz,25Hz}con-
taininginjectedSTPs. WefilterthepatternsfoundbyFP-growthonthebasisofeither
theirintensionalortheirextensionalstability,andcalculatethecorrespondingsignificance
thresholdsθintandθextasexplainedabove.Inthefollowing,onlytheresultsforr=25Hz
areshown,asthoseforr=15Hzandr=20Hzarecomparableandleadtoidentical
conclusions.TheFPsonpurelyindependentdatasets(onlybackgroundactivity)asde-
finedinsection3.3.3hasaFPrateof0.01,i.e.inonly1%ofthetotalrealizationsofthe
independentdataFPsaredetected(notshown).

Thenweevaluatetheperformancesfordatawithinjectedpatterns.Inthecolumnson
theleftofFigure3.5,weshowtheFPandFNmatrixfortheanalysisusingintensionaland
extensionalstability,respectively.Eachentryinthematricescorrespondstoonesignature
(z,c)oftheinjectedpattern,andthecolor-codedvaluerepresentstheFP(toppanels)
orFN(middlepanels)rate.TheFPratesforboth,theintensional(leftcolumn)andthe
extensionalstability(secondcolumnfromleft),arelow,butsomewhathigher(sometimes
at0.05,markedbycirclesinFigure3.5)thanforFPsinpurelyindependentdata.

TheFNrates(Figure3.5,middlerow)arelarge(oftenclosetomaximum)forabouthalf
ofthematrixelementsforbothstabilitymeasuresbutdifferinrespecttothesignatures
atwhichtheyoccur.Forintensionalstability,theFNsarelargeforthewholerangeofz
,butonlyforsmallc(about3-6),anddecreaseabruptlyforlargerc.Incontrast,when
filteringwithextensionalstability,theFNsarehighforallc,butonlyforsmallz(about3-
6)anddecreaseforlargerz.Theseresultsarenotunexpectedsince,asexplainedinsection
3.2.2,intensionalstabilityisalmostexclusivelyaffectedbythenumberofoccurrencesofa
pattern,whileextensionalstabilityisemphasizingthenumberofspikesformingapattern.
Nevertheless,theseareundesiredresults,sinceinindependentdatachancepatternsdecay
withtheirnumberofoccurrenceandthepatternsize(seee.g.Torreetal.,2013))and,
thus,weexpectthattheborderofselectedpatternsshouldalsodecayasafunctionofthe
combinationofbothparameters.

Combinedstability

AimingatamethodwhoseFNsdecaywiththesizezandtheoccurrencecountcofthe
patterns,wecombinethefilteringcriteriabasedonintensionalandextensionalstability.
Thisapproachkeepsallconceptswhoseintensionalorextensionalstabilityvalueislarger
thantherespectivethresholds. Thisprocedureappliedtoindependentdataleadstoa
maximumFPrateequalto0.02(notshown),andcanbeexplainedbytheapplication
oftwotestsonthedata. TheresultsforthedatasetscontainingtheSTPsareshown
inthethirdcolumnfromleftinFigure3.5. TheFPrateisagainsmallerthan0.05for
mostoftheentries,andhigherthan0.05forentriesintherightbottomcornerofthe
matrix,whichresultfromdatasetsthatcontainpatternsoflargesizeoccurringonly3
timesandeasilycombinewithbackgroundspikesand,therefore,becomesignificant.The
FNsinsteaddecreasegradually,bothasafunctionofpatternsizezandofthepattern
countc. Thus,thecombinedfilterretainslargepatternsduetotheirhighextensional
stability,andpatternswithalargeoccurrencecountduetheirhighintensionalstability.
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Significancebasedfilterresultsforstationarydata

ForfurthercomparisonweanalyzethesamedataasaboveusingFP-growthfollowedby
PSFandPSR. WesetthesignificancelevelforthePSFtoα=0.01,correctedbythe
numberofdifferentpatternsignaturesinthedatausingFDRcorrection.Notethatwhen
settingthethresholdforextensionalandintensionalstabilityweusethemoreconservative
Bonferronicorrectioninstead,becauseFDRdidnotprovideanadequatecompensation
(i.e.,itleadstoalargenumberofFPs,notshownhere).

TheFPrateofindependentdataisasforthestabilityfilteringsmallerorequalto0.01
(notshown).Intheindependentdata,PSFalonesufficestoachievethisperformance.
PSRisnotnecessary,becausetheprobabilitythatcompletelychancepatternsexceed
thePSFsignificancethresholdandoverlapiscloseto0.Incontrast,PSRisacritical
stepfordatacontainingnon-chancepatterns,whereitisdesignedtoremovethefalse
positivesfoundbyPSFduetotheoverlapofthetruepatternswiththebackground
activity. WithoutcorrectingforoverlappingpatternstheresultsshowveryhighFPrates
foranycombinationofsizeandnumberofoccurrencesofthepatterns(Figure3.5,fourth
column,top).UsingPSRtheFPratesfordatawithinjectedpatterns(Figure3.5,right
column,top)aresimilarlylowasfortheotherapproaches,i.e.atthelevelof0.05.Some
FPshaveaFPratelargerthan0.05,andoccurfordatacontaininginjectedpatternswith
largesizeandsmallnumberofoccurrences(c=3).Asfortheothermethods,theseFPs
areduetocombinationsofinjectedpatternsandbackgroundactivity.TheFNsdecayas
afunctionofzandc,butmuchfasterthanthecombinedstabilityapproach(Figure3.5,
rightcolumn,middle). ThePSRmoderatelyincreasesthenumberofFNsforpatterns
withfewneuronsoccurringoftenorcomposedbymanyspikesandoccurringfewtimes.
Thisisduetothefactthatthesearethetwoconditionsinwhichitismorelikelyto
haveoneormorespikesofthenoisebackgroundthatoverlapbychancewiththeinjected
patternformingalarger,moresignificantpattern.Suchchanceoverlapmaycausethe
rejectionoftheinjectedpatterninthePSR.

CountingthenumberofSTPsobtainedaftereachstepoftheofthemethodclarifies
theimpactofthatstepontheoverallperformance. Whilethesenumberschangein
magnitudedependingontheparameters(z,c)oftheinjectedpattern,theirproportion
betweendifferentstepsofthemethodwasverysimilaracrossdifferentvaluesof(z,c). We
can,therefore,illustratetheresultsforonespecificconfiguration(z=10,c=10).Each
stepismaximallyeffectiveifthenumberofSTPsitkeepsasnon-chancepatternsis1and
ifthispatternisthesingleinjectedpattern. Forz=c=10,weobtainedonaverage:
a)1089.92STPsafterFIM(whichretainsallfrequentclosedpatterns),b)2STPsafter
eitherthecombinedortheintensional-onlyfiltering,and1STPafterextensional-only
filtering,c)24.41STPsafterPSF,andd)1.02STPsafterPSF+PSR(almostexclusively
theinjectedpattern).

Inconclusion,basedonthevalidationofstationarydata,theapproachbasedonPSF
andPSR,i.e.theSPADEmethodextendedtospatio-temporalpatterns,performsbestand
hasthehighestdetectionpowerascomparedtothemethodsbasedonstabilityanalysis.
Eventhecombinedstabilityanalysisthatusesthetwostabilitymeasuresindependently
hasasmallerrangeofsignatureswithlowFNsandimprovesonlyifatleastoneofthe
patterns’parameterszorcislargeenough.Incontrast,SPADEisalsosensitiveto
thetotalnumberofspikes(z×c)inthepatterns. Thus,bothapproaches(stabilityor
significancebased)showthedesiredfeatureofa)smallnumberofFPs,b)decreasing
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numberofFNsforincreasing(z,c).However,SPADEproducesasmallertotalnumberof
FNsforcomparableFPrateand,thus,hasthebestperformance. Wefinallynotethatthe
patternsfoundbyextensionalstabilityfilteringwerealmostalwaysfoundbyPSF+PSR
too(whichisslightlylessconservative,andwhichwaslesspronetofalsenegatives).
Thus,combinationsofthesetwoselectioncriteriadonotseemavalidoptionhere.For
instance,retainingallpatternsfoundbyanyofthetwocriteriawouldbeoftenidentical
toacceptingtheresultsfromPSR+PSR.Retainingonlypatternsfoundbybothwould
mostofthetimesbeequivalenttoacceptingtheresultsfromextensionalstability.Both
optionswouldadditionallysumthecomputationalcostsofthetwomethodologies.

PerformanceofSPADEinthepresenceof multipleSTPs

TheexperimentsillustratedsofarwereperformedondatacontainingasingletrueSTP,
whichthemethodwasabletofindwithhighreliability. Realdata,however,arelikely
tocontainSTPsfrommorethanonegroupofneurons.Experimentalstudies(e.g.Torre
etal.,2016b;Riehleetal.,1997b)revealed,forexample,anabundanceofsynchronousspike
patternsarisingduringtaskexecution. Torreetal.(2016b)usedtheoriginalversionof
SPADE,demonstratingitsabilitytoretrievemultiplesynchronouspatterns,whenpresent.
TodemonstratethatourextendedmethodcanachievethesameforSTPs,weinvestigated
anadditionalscenariowithdatacontainingtwodifferenttypesofinjectedSTPs. Both
STPshadsizez=5,wereinjectedc=10times,andhadaninter-spikedelayof5ms.
Wegenerated100realizationsofthismodel. Ateachiteration,theneuronsinvolvedin
eachSTPwereselectedrandomly,butsuchthattheywouldnotformtwoidenticalsets.
WeobtainednoFPsandnoFNs.Fortherealizationswherethetwopatternsoverlapped,
PSRsuccessfullyretrievedthem,whilecorrectlyrejectingtheirintersectionasaFP.

3.3.6 ValidationofSPADEoninhomogeneousdata

FromthevalidationonstationarydataweconcludethatSPADEperformsbetterthan
filtering methodsbasedonstability measures. Therefore,wenowconcentrateonthe
SPADEmethodonly. WeaimatevaluatingtheperformanceofSPADEondatathatmimic
morecloselyfeaturesofexperimentaldata,suchasnon-stationarityoffiringratesintime
andinhomogeneousfiringratesacrossneurons.Inparticular,westudythreecases(firing
rateco-modulation,ratehetereogeneityacrossneurons,andratechangepropagation,as
introducedinsection3.3.2)thatareknowntobepotentiallystronggeneratorsoffalse
positivesforcorrelationanalysis methodsfor(seee.g.Gr̈unetal.,2003;Gr̈un,2009;
Louisetal.,2010b;Torreetal.,2016a). TheresultsareshowninFigure3.6. TheFP
rateoftheanalysisofdatawithinjectedpatternisgenerallylow(lessthan0.05),forall
threetypesofdata. Forfiringrateco-modulationandrateinhomogeneitytheFPrate
isoftenvirtuallyzero(whitesquares)butissomewhatmorehomogeneouslyat0.05for
ratechangepropagation. Thisissomewhatsurprisingthatsuchsuccessiveincreasesof
firingrate,occurringrepeatedly,donotelicitahigherlevelofFPs.TheFNsdecaywithz
andcinallthreescenariosandfastestfortheratepropagationmodel.Interestingly,these
resultsarenotworsethanforthestationarydata,meaningthatSPADEcandealwellwith
datathatcontainfeaturesthataretypicallygeneratingFPs.Inconclusion,SPADEcan
toleratecoherentratenon-stationaritiesandinhomogeneousratesand,thus,isqualified
tobeappliedtoexperimentaldata.
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Figure3.6:PerformanceofSPADEonnon-stationaryandinhomogeneousdata.
SPADEisappliedtostochasticsimulationsofdifferentratedatamodels,leftcolumn:rate
coherence,middlecolumn:rateheterogeneity,rightcolumn:ratepropagation. Forthe
FPrate(toprow)andFNrateevaluation(middlerow),patternsofagivensizezand
numberofoccurrencescareinsertedintothesamebackgroundrates(givenbythedata
model).Inthebottomrow,themaximumofFPorFNofeach(z,c)signatureisshown.
ThesamesettingsareusedforFP-growthandSPADEasinFigure3.5.
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3.3.7 SummaryoftheValidationResults

Ourvalidationshighlightthefollowingaspects:

•fast-FCAandFP-growthleadtoidenticalminingresults,however,thebettercom-
putationalperformanceofFP-growthallowsonetomineconceptsofreal-sizeddata
(100ormoreneuronsrecordedoverseveralseconds).

•Stability(approximate)filteringandsignificancefiltering(thecombinationofPSF
andPSR,i.e.SPADE)areefficientstatisticaltechniquestorejectchancepatterns
inindependent(STP-free)data,astheyallexhibitasmallFPrate(< 1%for
PSF+PSR,intensionalstabilityandextensionalstability;<2%forthecombined
stabilityfilter).

•FPsondatawithinjectedpatternsshowsthatallmethodsperformaboutthesame
withFPsonthe5%level.

•Significancefiltering(SPADE)isthetechniquethatbestdetectsinjectedSTPsin
thedata,exhibitingaFNratebelow5%forpatternswithlowersizeoroccurrence
countsthanstabilityfiltering.

•TheseconsiderationsforSPADEalsoholdfordatawithhighlyvariablefiringrates
overtimeandacrossneurons,whichsuggeststhatthecombinationofFP-growth,
PSFandPSRisthebesttechniquetodetectSTPinrealrecordings.

•Atthesametimethestabilitybasedanalyses,whichhaveanequallylowFPrate,
althoughlesssensitivetothepresenceofSTPs,isapplicabletoparticularlylong
recordingsforwhichPSFiscomputationallynotfeasible.

3.4 Discussion

Theevergrowingnumberofneuronsthatmodernelectrophysiologicaltechniquesallowto
recordinparallelprovidesaccesstothecoordinatedspikingactivityofneuronalpopula-
tionsofunprecedentedsize.Theinvestigationofmillisecond-precisespatio-temporalspike
patterns(STPs)inlargescalerecordingsbecomes,therefore,possible.However,suitable
analysistechniqueshavebeenlackingsofarduetotheexponentialgrowthofthenumber
ofSTPsinsuchlargedata,whichyieldsseverecomputationalandmultipletestingissues.

Hereweaddressedthisproblembyintroducingamethod,namedSPADE(SpikePat-
ternDetectionandEvaluation),thatextractsSTPsfrommassivelyparallelspiketrain
dataandassessestheirstatisticalsignificanceunderthehypothesisofspikeindependence.
SPADEbuildsonandbringstogethertwotechniquesthatwehadpreviouslyintroduced
fortheidentificationofSTPsin massivelyparallelspiketrainsandforthestatistical
evaluationofpatternsofsynchronousspikes(Torreetal.,2013).Thelatteravoidedthe
computationalandmultipletestingissuesthatusuallypreventapplyingsuchanalysesto
largedatasets. TheunderlyingpatternminingalgorithmFP-growth,however,wasim-
plementedsuchthatthetechniquewasapplicableforthediscoveryofsynchronousspike
patternsonly. Arestructuringoftheinputdataformat(’attributescaling’inthelan-
guageofFCA,seeGanterand Wille(1999))allowedusnowtouseFP-growth(orsimilar
frequentpatternminingtechniques,seee.g.Borgelt,2012)toextractmoregeneralSTPs.
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Thus,FP-growthservedherethesamepurposethatfast-FCAservedinchapter1,that
is,countingtheoccurrencesofnontrivialrepeatingpatterns(therenamed“intents”).As
knownfromtheliterature(ZakiandOgihara,1998)FIMandFCAyieldresultsthatcan
bemappedonetooneontoeachother:theyextractclosedfrequentitemsets/formalcon-
ceptintentsincludingtheiroccurrencecount.OurimplementationofFP-growth,however,
provedtobemuchfasterthanthestate-of-the-artimplementationsoftheFCAalgorithms
availabletoourknowledge.Soon,aCimplementationoftheFCA’sIn-Closealgorithm
(Andrews,2009)willbemadeavailablebyS.Andrews,N.Kodogaandcolleagues,which
mayprovideamathematicallyequivalentbutcomputationallyevenfasteralgorithmto
minere-occurringSTPs.

SPADEassessesthesignificanceofthepatternsidentifiedbyFP-growthorequivalent
algorithmsviathesameanalysisstepsasinTorreetal.(2013).First,patternspectrum
filtering(PSF)isusedtodeterminethep-valueofsignatures(z,c),i.e.pairsofpattern
sizezandoccurrencecountc,andretainspatternswithsignificantsignaturesonly.The
numberofdifferentsignaturesindataistypicallyordersofmagnitudesmallerthanthe
numberofdifferentpatterns.Thus,testingforthesignaturesreducesthemultipletesting
problemtoasizethatcanbehandledwithstandardstatisticalcorrections,suchasfalse
discoveryrate.Then,patternsetreduction(PSR)isappliedtotestallpatternsidentified
byPSF,conditionedonthepresenceofanyotherpatternintheremaininglist.Thisallows
onetodistinguish,amongoverlappingpatterns,thegenuineonesfromthosethatcanbe
explainedasachanceoverlapofrealpatternswithbackgroundspikes.Validationontest
datageneratedbydifferentstochasticmodelsofSTPsinjectedintobackgroundactivity
demonstratedtheabilityofthemethodtodiscriminaterealandchanceSTPs,ensuring
lowfalsenegative(FN)andlowfalsepositive(FP)levelsdespitethelargenumberofSTPs
totest(uptomillions).Forexample,insimulateddataconsistingof100neuronsspiking
independentlyatanaveragerateof15Hzeachforaperiodof1second,aninjectedSTP
wassuccessfullyisolatedfromthebackgroundactivityassoonasitinvolvedatleast5
neuronsanditrepeated3times,oritinvolvedaslowas3neuronsandrepeated5ormore
times.Themethodshowedhighpower(FNratelowerthan5%)andreliability(FPrate
lowerthan5%)indifferentscenariosreplicatingvariousfeaturesofthefiringratesoften
observedinexperimentaldata,whichtypicallyrepresentstronggeneratorsofFPs(Louis
etal.,2010b).Theseincludeabruptandcoherentratechangesovertime,largelydifferent
firingratesacrossneurons,suddenratechangespropagatingfromonegroupofneurons
totheother.Ourmethodperformswellinallofthesescenarios.

BesidesqualifyingSTPsasexcesspatternsonthebasisoftheirstatisticalsignificance,
weadditionallyexploredvariouswaystoextractthemfrombackgroundactivityonthe
basisoftheirextensionalorintensionalstability.InFCAterminology,theextentofa
conceptinourcontext(frequentclosedpattern)isthesetofwindowsthepatternsfallsinto.
Theintentofaconceptisitscomposition,i.e.theneuronindexandtimeindex(within
thewindow)ofeachcomposingspike.Intensionalstabilityquantifiesthetendencyofa
patternoccurringinasetofwindowstobethelargestpatterncommontothosewindows
(oranysubsetthereof).Lowintensionalstabilityindicatesthattheintersectionofany
numberofthosewindowstendstocontainsupersetsofthatpatternand,therefore,that
thepatternoccurrencesmayhavebeentheresultofintersectionsoffeweroccurrencesof
differentlargerpatterns.Similarly,extensionalstabilityquantifiesthetendencyofasetof
windowstocontainasubpatternofthepatternwhichcomprisesitsintent,suchthatthe
subpatternisnotfoundinanywindowthatdoesnotcontainthepattern.Intensionaland

55



extensionalstabilityareusedasindicatorsofhowreliablythepatterncanbeconsideredas
agenuineevent,ratherthanthesumofoccurrencesoflargerpatternsorthesuperposition
ofsmallerpatternsoccurringinthesametimesegments,respectively.Inchapter1we
exploredtheuseofintensionalstabilitytoisolatereliablyre-occurringSTPsfromhigh
backgroundactivity.Theexactcomputationofthestabilityofeachpattern,however,is
computationallyverydemanding,andwaspossibleonlyondatacomprisingamaximum
of50neuronssimulatedforafewseconds. Hereweadoptedthe Monte-Carlobased
approximationofstabilityintroducedbyBabinandKuznetsov(2012),whichallowedus
tospeedupthecomputationbyseveralordersofmagnitudewhileintroducingnegligible
errorsand,thus,enabledtheapplicationofintensionalaswellasextensionalstability
basedpatternfilteringtolargerdata.Inparticular,wecomputedastatisticalthreshold
forbothintensionalandextensionalpatternstability,usingindependentsurrogatedata,
andwefilteredoutpatternswhose(intensional,extensional,orboth)stabilityvalueswere
lowerthantherespectivethresholds.Comparedtothepreviousapproachbasedonpattern
significance,allofthesestability-basedcriteriawerecomputationallylessdemandingbut
yieldedincreasedFNs,especiallywhentheinjectedSTPtoberetrievedhadlowpattern
size.Nevertheless,othercombinationsoftheseapproachesmaybeenvisionedinthefuture
toimprovetheperformanceofthemethodevenfurtherifevenmorespiketrainsbecome
availableinparallel.
ExistingmethodsfortheidentificationofrepeatingSTPsareeithernotapplicableto

datasetsoflargesize,orlimitthesearchtopatternswithspecificfeatures(offixed,usu-
allysmallsize,orexhibitingspecificinter-spikesintervalssuchassynchronouspatterns).
SPADEdoesnotsufferfromtheselimitationsthankstoacombinationofattributescaling,
fastfrequentitemsetmining,andahierarchyoftestsofpatternsignificance,whichavoids
severemultipletesting.Itsextensivevalidationensuresitsreliabilityinapplicationstoreal
data,aswellastosimulateddataresultingfromnetworkmodels.SPADEcanbeapplied
notonlytospikedata,butalsotoanydataconsistingofparallelpointprocesses,such
asdiscretizedcalciumimagingdata(e.g. Rothetal.,2012),discretizedvoltage-sensitive
dyeimagingdata(Ayzenshtatetal.,2010)ordiscretized MEGrecordings(e.g.seeTal
andAbeles,2016).IntheworkofAyzenshtatetal.(2010)andTalandAbeles(2016)
theauthorsdefinedandextractedspecialeventsfromtheiranalogrecordings(voltage-
sensitivedyeimagingandMEG,respectively)andreducedthemtopointevents.Inthe
publishedworktheyanalyzedsubsetsoftheresultingparallelpointprocessesforpair-wise
oftriple-wisecorrelationsorspatio-temporalpatterns,respectively,andidentifiedthosein
relationtothebehavior. WithSPADEthecompletedatasetsfromtheserecordings(i.e.
massivelyparallelpointprocesses)couldbeanalyzed.Theanalysistimescaleisthereby
notrestrictedtomilliseconds(asemployedhere)butcanbefreelyadjusteddependingon
theresearchquestion.
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Chapter4

DetectionandAnalysisof
Spatio-TemporalPatternsof
MultipleTimeDurations-
SPADEextended

4.1 Introduction

InthepreviouschaptersweintroducedSPADE,amethodfordetectionofSpatio-Temporal
Patternsinparallelspiketrains. Themethodconsistsoftwomainsteps:a)amining
techniqueappliedtothespiketrainstodetectallrepeatedSTPs,b)statisticalevaluation
ofthefoundSTPs.

Inthepreviouschapterweimplicitlyassumedthatthepatternshavethesameduration
(i.e.thetimefromfirsttolastspikeinthepattern).Inthischapterweshowthat
patternsofdifferentdurationshavedifferentdistributionsunderthenullhypothesisof
independentspiking.Hence,inordertohaveanunbiasedtestforpatternswithdifferent
durations,itisnecessarytorevisethestatisticalevaluationofSPADEbytestingseparately
patternsofdifferentdurations.Usingartificialgroundtruthdataforthevalidationofthe
newstatisticalprocedure,weshowthatthecorrectionadoptedinthetestingprocedure
increasesthestatisticalpowerwithoutaffectingtherobustnessofthemethod.

WethenapplytheextendedversionofSPADEtoexperimentaldata,inordertoverify
thehypotheticalpresenceandcomputationalroleofSTPsincorticalspikingactivity.
Inparticularweanalyzetwoin-vivorecordingsessionsofmassivelyparallelspiketrains
frommotorcortexoftwomacaquemonkeysperformingareach-to-grasptask(Brochier
etal.,2018;Riehleetal.,2013). Themonkeysweretrainedtoexecutefourdifferent
motorbehaviors,givenbythecombinationsoftwodifferentgripsandtwodifferentforce
levels. Weanalyzedseparatelythedataofthedifferentbehavioraltypestoassesswhether
differentspikepatternsoccurindifferentbehavioralcontexts,withthequestioninmind
ifwefindindicationsofdifferentactiveassembliesindifferentbehavioralcontext.

Insection4.2weintroducethenewstatisticaltestingprocedureadaptedtoconsider
patternswithdifferentdurations.Insection4.3wereportvalidationresultsandresults
fromtheanalysisofexperimentalparallelspiketrainsrecordings.
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4.2 ExtensionofSPADE

Insection4.2.1wepresenttheproblemofconsideringdatacontainingpatternsofdifferent
durations.Inadditionwealsodiscussanalternativecauseforfalsedetection,i.e.coherent
ratechangesofneurons,ondifferenttime-scales. Consequentlyweproposeanimprove-
mentofthestatisticaltestinginSPADEtoovercomesuchproblems.Insection4.2.2we
introducetheartificialdatasetsthatweusetoevaluatethestatisticalperformanceofthe
newstatisticaltest.

4.2.1 3-dimensionalPatternSpectrum

Inchapter3wepresentedtheSPADEmethodfordetectionofSpatio-Temporalpatterns.
Inparticular,thatthePatternSpectrumFiltering(PSF)isusedtodiscriminatesignificant
spatio-temporalpatternsfromchanceoccurrences,byavoidingmassivemultipletesting.
Ifallindividualpatternswouldbetestedontheirownseparately,wewouldrunintothat
problem.Insteadoftestingthesignificanceofeachclosedfrequentitemset,detectedby
FIM,allpatterncandidateswithsamesizezandnumberofoccurrencescarepooled
togetherandtestedtogether. Thus,eachpatternischaracterizedonlybyitssignature,
definedasthepair(z,c). Theprobabilitytoobserveanypatternwithsignature(z,c)
isthenderivedusinga Monte-Carlotechniquebasedonsurrogates. Thisapproachwas
alreadyintroducedforsynchronouspatternsbyTorreetal.(2013)andwasalsointroduced
fortestingspatio-temporalpatterns. Nevertheless,sincemultiplesignaturesaretested,
wecorrectthesignificancethresholdusingaFalseDiscoveryRateCorrection.
WehaveshownthatthatSPADEisstatisticallyrobustanddiscardsefficientlychance

STPsifappliedtoartificialdata. Yetsofarwedidnotconsiderthecaseofspatio-
temporalpatternsofdifferentdurationsinthedata.InsuchacasethePSFpoolspatterns
ofdifferentdurationsinonesignature.Thus,forexample,itispossiblethattheverysame
p-valueisassignedtosynchronouspatternsorpatternswithlongtemporalextension.The
problemwithsuchanapproachisthat,evenincaseofindependentspiking,patternswith
differentdurationshavedifferentprobabilitytooccur,becauseofthedifferentnumberof
possiblespikecombinationsfordifferentdurations.Itispossibletoconsidertheminimal
exampleoftwoPoissonProcesses(X1,X2),eachwithonesinglespike,respectivelyat
timet1andt2,inthetimedomain[0,T].Becauseofthepoissonianityoftheprocesses,
thetwospiketimest1andt2aretwouniformrandomvariableintheinterval[0,T];hence
itispossibletocomputetheprobabilityofthetwospikesbeingsynchronousgivenone
binsizedt.Thisprobabilityisequaltotheprobabilitythatthetwospikesareinthesame
bin:

P
t1
dt
=
t2
dt

=

T
dt

k=1

P(k·dt<t1<(k+1)·dt)P(k·dt<t2<(k+1)·dt)=

=

T
dt

k=1

dt

T

2

=
T

dt
·
dt

T

2

=
dt

T

Wecanthenconsidertheprobabilitythattheyformapatternofdurationequalto d
bins,with0<d< T

dt.Inthiscase,wehavethecombinationoftwopossibilities,thatt1
precedest2ofdbins,orviceversa,t2isdbinsbeforet1:
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ThissimplecalculationshowsthateveninthemostsimplecaseoftwosinglePoisson
spikestwopatternswiththesamesignature(z=2,c=1)butdifferentdurationshave
differentprobabilitytooccur.Theexamplehereconsideredcanbeeasilyextendedtothe
casewherewehavemultiplespikes,forwhichthecombinationofdifferentpatternsfor
eachdurationisevenlarger.
Furthermorewewillshowthatthep-valuesobtainedusingthepatternspectrum,as

definedinchapter3,dependonthewindowlengthusedforthepatterndetection.In
particular,ifweconsidertwowindowlengthsK1andK2,suchthatK1<K2,thep-value
assignedtoacertainsignature(z,c)isdifferent.Indeedforthesmallerwindowwecount
allthechancepatternsinthesurrogateswithzspikesandoccurringctimesthathave
durationd≤K1.Forthesecondwindowthecountincludesalsothepatternswiththe
samesignaturebutwhichdurationissuchthatK1≤d≤K2. Sincemoreandmore
chancepatternsarepooledtogetherwithincreasingwindowlengths,thep-valueassigned
toacertainsignatureislargerwhenusingalargerwindow. Thisimpliesthatresults
obtainedanalyzingthesamedata,butusingdifferentwindowlengthsarenotcomparable.
Inparticularnotconsideringthedifferentpatterndurationsinthetestingintroducesa
biasforshortpatterns,whicharemorelikelytobesignificantwithshortwindows,whileno
longerwhenpooledtogetherwithlongerpatternsusingalongerwindowforthedetection.
However,thereisalsoanotherissuethateffectsthestatisticalevaluationoftheSTPs:

delayedco-nonstationaryfiringrates. Forexample,inthecaseinwhichtwoneurons
increasetheirfiringratewithaconstantdelay,alargenumberofchancepatternsinthe
sametemporaldelayrangewillbepresentinthesurrogatedataaswellsincetheyare
designedtopreservethefiringrateprofiles. Thisresultsinalargep-value,i.e. non-
significant,alsoforpatternswithdifferentdurationbutsamesignature.Forexamplewe
canconsiderthecaseinwhichtwoneuronsincreasetheirfiringratewithaconstantdelay
l,suchthatlissmallerofthewindowusedforpatterndetectionK. Usingthecurrent
versionofthep-valuespectrum,apatterninordertobesignificantneedstooccurmore
thanthemostfrequentpatternofthesamesizeinthesurrogatedata.Insuchparticular
casemanychancepatternsofdurationslwouldoccurbecauseofthedelayedfiringrate
increase.Hence,alsopatternswithadifferentdurationd(e.g.synchronouspatternswith
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d=0)wouldneedtooccurmorethanthenumberofchancepatternsofdurationlfound
inthesurrogate.Thismakesthetestover-conservative,becausepatternswithdurationd
mayoccurlesslikelythanpatternwithdurationlinthesurrogates.

Inordertoovercometheselimitations,wehereproposeanalternativedefinitionof
thepatternspectrum. Wereplacetheoriginalpatternsignature(z,c)withtheatriplet
(z,c,d)signature,withthedurationddefinedasthenumberofbinsbetweenthefirst
andthelastspikeofthepattern. Wethenderivethep-valuesindependentlyforeach
3-dimensionalsignature,againwiththesamebootstrapsurrogatesamplingasdonefor
the2-dimensional(chapter3). Thissolutionlargelyincreasesthenumberofteststobe
performedandconsequentlymaycauseanincreaseinthenumberoffalsepositives.In
ordertoapproximatelyobtainthesamesignificancelevelasbefore,weapplytheHolm-
Bonferronimulti-comparisoncorrection(Holm,1979),whichismoreconservativethanthe
FalseDiscoveryRate(FDR)correction(BenjaminiandHochberg,1995)usedforthe2-d
spectrum.

4.2.2 ArtificialData

Inordertoexposetheproblemswiththepreviousdefinitionofthesignificancetestbased
onthe2-dspectrum,andtoshowhowusingthe3-dimensionalsignatureamendsthem,
weconsiderheretwotypesofsimulateddatasets.BothtypesconsistofN=100parallel
processes.

Thefirstiscomposedofstationaryindependent(seeFigure4.1)Poissonprocesses
ofconstantfiringrater=15HzlastingintotalT=10s.Intotheseprocesseswe
injectatotalof5patternswithidenticalsizez=3butofdifferentdurations(d=
0ms,2ms,6ms,8ms,12ms,respectively). Wethenderivetheminimalnumberofoccur-
rencesofapatternofsize3inordertobesignificantusingasignificancelevelequalto
0.05andabinsizeequaltodt=1ms.Givenourselectionoffiringrateandtimedomain,
suchnumberofoccurrencesisequalto4. Wewillshowthatwiththeoriginal2-dp-value
spectrumallthepatternsarenotsignificantforthewindowlengthK=13,whichislarger
thanthemaximaldurationandshouldallowtodetectallthepatterns.Atthesametime
forshorterwindowlengthsthepatternsaresignificant,butnotallaredetectedbecause
havingadurationlongerthantheselectedwindowlength.Ontheotherhandwiththe3d
p-valuespectrumallpatternsinjectedarealwayssignificant,asexpectedgiventhePois-
sondistribution,sincethewindowlengthdoesnotaffectthecomputationofp-values.In
particularusingthesinglewindowlengthK=13itispossibletoretrievealltheinjected
patterns.

Fortheseconddataset(Figure4.2)weusetwodifferentgroupsofnon-stationary
Poissonprocesses,nowwithtimedomainT=5s. Thefirst50PoissonProcesseshave
afiringrateequalto5Hzintheintervals[0s,1s]and[1.05s,5s],whileinthe50msgap
theprocesseshaveacoherentincreaseofthefiringrateto60Hz.Thesecondhalfofthe
populationhasthesamefiringrateprofilebuttheincreaseisdelayedby50ms(firing
rateequalto60Hzintheinterval[1.05s,1.1s]). Wetheninjectonesinglesynchronous
patternofsizez=3,occurringc=4times.Inordertoemphasizethepotentialeffectofa
correlationoftheratechangesontothep-valuesofthepatternswechoosethequantityc
suchthatthepatternshouldbecomesignificant(0.05quantileofthePoissondistribution).
Theuseofthe3d-spectrumenablestoincludetheeffectofratecorrelationsinthenull
hypothesisonlyforthepatternswithadurationequaltothedelayintheratechanges,

60



0.0 0.1 0.2 0.3 0.4 0.5

time(s)

0

2

4

6

8

10

12

14

ne
ur
o
n
i
d

STPs

Figure4.1:Stationaryartificialdatawithmultiplepatterns.Eachrowcorresponds
tooneoftheparallelsimulatedPoissonprocesses,eachdotcorrespondstoonespike.The
severalsequencesofreddotsshowtheinjectionofthesameinjectedpattern.Hereonly
0.5sandthefirst15outofthe100processesareshown.

allowingthesynchronouspatternwhichisnotaffectedbythedelayedratechangestobe
correctlydetectedassignificant.

Additionally,weanalyzealso4(stationaryfiringratesequalto25Hz,coherentincrease
offiringrateforalltheneurons,heterogeneousstationaryfiringrates,propagationoffiring
ratechanges)ofthedatasetspresentedinthepreviouschapter(section3.3.2),inorder
toassessthestatisticalperformanceofthePSFusingthe3-dspectrum(intermsoffalse
positivesandfalsenegatives).

4.2.3 Analysisofartificialdata

InthefollowingwecompareresultsoftheanalysisofartificialdatausingSPADEin
the2dandthe3dversion.FordoingthatwecreatedmultipleSTPswithdifferentpat-
terndurations(section4.2.2).ForbothtypesofanalysisweusedwindowlengthsK of
(1,4,7,10,13)bins. Otherparameters,(dt=1ms,α=0.05)werenotchangedandare
identicaltoonesusedinthepreviouschapter.Sinceinthisexampleapplicationwedo
notfocusonthestatisticalpowerofthemethod,weusetheFDRcorrectionforboth(2-d
and3-dspectrum)asalsopreviouslydonewhenapplyingSPADE.

InFigure4.3weshowthenumberofpatternsdetectedusingthetwodifferentspectra.
Forthe2-dspectrum(toppanel)allpatternsarecorrectlydetectedforwindowlengths1,
4and7.Forwindowlengths10and12nosignificantpatternsarefound,althoughthere
wereinjectedinthedata.Includingthepatterndurationinthepatternsignature(3-d
spectrumbottompanel)enablestocorrectlydetectalltheinjectedpatternsforallthe
differentwindowlengths.Inparticularusingawindowlengthof13ms,thatislargerthan
thelongestdurationofalltheinjectedpatterns(here12ms),makesthedetectionofall
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Figure4.2:Non-stationaryartificialdatarasterplot. Eachrowcorrespondtoone
oftheparallelsimulatedPoissonprocesses,eachdotisaspike,eachlineshowsthespike
trainsofdifferentneurons.Thereddotsdenotetheinjectedpatterns.Hereonlythefirst
1sofdataareshowed.
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patternspossible.

Thedifferenceoftheresultsusingthe2dandthe3dspectraisexplainedbythep-
valuesofpatternsofsize3showninFigure4.4.Indeed,inthe2-dspectrum,forwindow
lengthslargerthan10,patternsoccurring4timesdonotbecomesignificant,whilethey
doforshorterwindowlengths. Thereasonisthatthep-valuescomputedwiththe2-d
spectrumdependonthewindowlength(seesection4.2.1).Inparticularsmallerwindow
havesmallerp-values,simplybecauseonlyshorterpatternscanbeextractedandless
patternsarepooledtogetherinthesameentryofthespectrum.Vice-versaincludingthe
patterndurationasanadditionaldimensioninthep-valuespectrumenablestoremove
thedependencyfromthewindowlength,causingthepatternstobesignificantalsofor
longerwindows.

Fortheanalysisoftheseconddatasetweconsiderthecaseinwhichthefiringrates
arecovarying,andcontainperneurononefiringratestep(see4.2).Fromstudiesonspike
synchrony(e.g.Gr̈unetal.,2002b;Louisetal.,2010c)weknowthatsuchcoherentrate
changesarepotentialgeneratorsoffalsepositiveresults.Thuswehereusedatathatare
alsopotentialfalsepositivegenerators.However,sincewedealherewithspatio-temporal
patterns,weinserttwocoherentratesstepswithacertaindelay.Firstwestudyherethe
potentialeffectoffalsenegativeswhendelayedratechangespreventthedetectionofthe
insertedpatternswiththe2-dspectrum.Inthenextsectionwestudyalsofalsepositives.
Wesetherethewindowlenghtto100ms,becausethisisthetemporalrangeofthetwo
coherentratestepsandthuswillgeneratechanceSTPsonthattimescale. Theother
parametersarethesameasusedforthepreviousdataset(dt=1ms,α=0.05),and
weanalyzethisdataalsowiththe2-dand3-dspectrumforcomparison.Indeedthe2-d
patternspectrumresultedinanon-significantentryforthesignature(z,c)=(3,4)(for
allthepatterndurations)whichshouldincludeourinjectedpatterns.Itdoesnotbecome
significant,becauseofthemanychanceSTPsthatareduetothedelayedcoherentrate
steps. Ontheotherhand,intheanalysisusingthe3d-spectrum,patternsofsizez=3
andc=4occurrencesarenotsignificantforpatternsofadurationof50ms-thedelay
ofthefiringchanges.Instead,thesignatureoftheinjectedpattern(z,c,d)=(3,4,0)is
significant,andisnotaffectedbytheratechanges.

4.2.4 FP/FNperformance

Inorderthestatisticalperformanceofthe3-dspectrumascomparedtothe2d-spectrum
wereanalyzethedatathatwerealreadyanalyzedwiththe2-dspectrumintheprevious
chapter(section3.3.2).SeethepreviouschapterforthedefinitionofFalsePositive(FP)
rateandFalseNegative(FN)rate. TheFPratefordatawithnopatternsinjectedis
below0.05(notshown).Figure4.5showstheFPandFNresultsforallconfigurationsof
patternparameters(z=3,...,10,c=3,...,10),eachcolumnforoneofthefourdatasets
alreadyusedinthepreviousforthevalidationofthe2-dspectrum.TheFPrateisbelow
0.05formostofthepatternconfigurations. Ontheotherhand, mostofthepatterns
occurringmorethat4timesarecorrectlyidentified,i.e.withlowFNrates(secondrow).
Inconclusion,the3-dspectrumhaveanalogousstatisticalperformancetothe2-dp-value
spectrum,butitenablestotestindependentlyforpatternsofdifferentdurations.

63



1.0 4.0 7.0 10.0 13.0

windowlength(ms)

0

1

2

3

4

5

pa
tt
er
ns
co
u
nt

Results2-dspectrum

Numberinjectedpatterns

1.0 4.0 7.0 10.0 13.0

windowlength(ms)

0

1

2

3

4

5

pa
tt
er
ns
co
u
nt

Results3-dspectrum

Numberinjectedpatterns

Figure4.3:CountofSTPs. Thehistogramsshowthenumberofdetectedsignificant
STPs(y-axis)asafunctionofwindowlength(x-axis). Thegreentrianglesmarkthe
numberofinjectedpatternswithdurationsequalorshorterthanthecorrespondentwindow
length.Thetoppanelshowstheresultswhenusingthe2d-spectrum,thelowerpanelshows
forthesamedatatheresultswhenusingthe3d-spectrum.Otherparameters:dt=1ms,
α=0.05,5000surrogates,FDRcorrection.
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Figure4.5:PerformanceofSPADEusingthe3-dspectrum. SPADEisappliedto
stochasticsimulationsofdifferentratedatamodels,leftcolumn:constanthomogeneous
firingrate(25Hz)foralltheneurons,secondcolumn:ratecoherence,thirdcolumn:
rateheterogeneity,rightcolumn:ratepropagation. FortheFPrate(toprow)andFN
rateevaluation(middlerow),patternsofagivensizezandnumberofoccurrencescare
insertedintothesamebackgroundrates(givenbythedatamodel).Inthebottomrow,
themaximumofFPorFNofeach(z,c)signatureisshown.
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4.3 AnalysisofExperimentalData

WelearnedfromtheprevioussectionsthattheSPADEanalysiswiththe3d-spectrum
performsmuchbetterasthe2d-spectrumversion.Theextensionofthe2d-spectrumbythe
axisofpatterndurationsmakestheanalysismuchmorereliableindetectingpatterns(less
FNs). Hereweshowexampleapplicationsofthe3d-versionofSPADEonexperimental
datasetsfromtheReach-To-Graspexperiment(seesection4.3.1).

4.3.1 Reach-to-GraspData

Experimentalprotocolandexperimentalsetup. Wewillanalyzemassivelyparallel
spiketraindatafromelectrophysiologicalrecordingsfrommotorcortexoftwodifferent
monkeys(macacamulatta). Themonkeysweretrainedtoperformaninstructed-delay
reach-to-grasptaskduringtherecordings. Adetaileddescriptionofsettings,setupand
datapreprocessingcanbefoundinBrochieretal.(2018),Riehleetal.(2013),andTorre
etal.(2016b).Inbrief,theexperimentdesignwas:themonkeywasindicatedtograsp
andpullacubicobjecthorizontally,viatwopossiblegrips,eitherafull-handsidegrip
(SG)oratwo-fingersprecisiongrip(PG).Furthermore,thegriphadtobeperformedwith
eitheroftwodifferentforces,eitherlow(1N)orhigh(2N),respectively,indicatedaslow
force(LF)andhighforce(HF).Bothgriptypesandforcetypeswereindicatedtothe
monkeywitha5-LEDsystemsituatedabovetheto-be-pulledobject.Inordertogetthe
reward,themonkeyhadtoperformthereachandgraspandpulltheobjectfor500ms
andholditwithinagivenrange.AschemeofthetrialcanbefoundinFigure4.6.The
timescheduleoftheexperimentwas:400msafterthemonkeyself-initiatedanewtrial
(trialstart,TS),theLEDssystemshortlylightedupinordertoattracttheattentionof
themonkey(WS).After400msafirstvisualcue,lasting300ms,appearedtoinformthe
monkeyaboutwhichgriptoperform. After1000ms,boththeforcetypeandtheGO
signalwereindicatedtothemonkeywithasecondvisualcue. Thus,fourpossibletrial
typesweredesigned:PGHF,PGLF,SGHF,SGLF.Eachofthemhadthesameprobability
toberequested,inasequenceofapproximately130successfultrialexecutionsconstituting
arecordingsession(15minutes). Thestimuli,switchreleaseandotherbehavioraldata
werealsostoredforofflineanalysis.

Therecordingswereperformedbya10-by-10-electrodeUtaharray(Blackrock Mi-
crosystems,SaltLakeCity,UT,USA),positionedpartlyacrossthedorsalpremotor(PMd)
andprimarymotor(M1)cortex.Theelectrodelengthswere1.5mm,thusapproximately
reachinglayer5.Theinter-electrodedistancewas400µm.

Forthisstudyweselectedtworecordingsessions,thatarepublishedonlineandde-
scribedindetailinBrochieretal.(2018).Thetwodatasetshavebeenrecordedfromtwo
differentmonkeys,monkeyLandmonkeyN,respectively.Inthetwosessions93single
units(SUAs)wererecordedfrommonkeyL,and156SUAsfrommonkeyN.Thespike
sortingtoextracttheSUAswasperformedofflineusingPlexonOfflineSorter(version
3.3.3).ForanyfurtherdetailswerefertoBrochieretal.(2018).

DefinitionofEpochs Weaimatgettinginsightinthedynamicsofpatternoccurrence
inrelationtobehavior.Typicallyaslidingwindowanalysisisadoptedforsuchapurpose
(e.g. Gr̈unetal.,2002b).However,sincethiswouldbetoocomputationallytooexpensive
wedecidedforaquasi-timeresolvedanalysisbydefiningwindowsthatcapturebehaviorally
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Figure4.6:Reach-to-graspexperimentalprotocol. Thetrialstart(TS)wasself-
initiatedbythemonkeybypressingthehomeswitch. Awarningsignal(WS)prepared
themonkeyforavisualcue(C-ONuntilC-OFF)providingtheinstructionaboutthe
griptypetouse:SGorPG.1slaterasecondvisualcueturnedonwhichatthesame
timeindicatedtheGOsignalfor movementinitiation,specifyingtheforceneededto
pulltheobject(HForLF).Themovementonsetismarkedbytheswitchrelease(SR).
Afterobjecttouch(OT)themonkeypulledtheobjectandhadtoholditfor500msina
narrowpositionwindowuntilhewasrewarded(RW)byadropofjuice. Thetimingof
thebehavioraleventsSR,OTandRW,whichfollowtheGOsignal,variedacrosstrials
dependingonthemonkey’sreactiontimesandmovementspeed.

epochname trigger tpre tpost

start WS 250ms 250ms

cue C-ON 250ms 250ms

earlydelay C-OFF 0ms 500ms

latedelay GO 500ms 0ms

movement SR 200ms 300ms

hold RW 500ms 0ms

Table4.1:Definitionoftrialepochs. Thetablesummarizesthesixdifferentepochs
definedfortheanalysis.Eachepochisa500mstimewindowstartingatimetprebefore
atriggerandendingatimetpostafterthattrigger(tpre+tpost=500ms).
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Figure4.7:Trialtypesandbehavioralepochs. Eachpanelshowsthesimultaneous
spikingactivityofallneurons(verticalaxis)overtime(horizontalaxis),forfourexample
trials(oneperpanel)ofdifferentbehavioraltypes,fromarepresentativesessionofmonkey
N.Eachdotindicatesaspike.Thetrialsarealignedtotrialstart(TS).Thesixcolored
windowsrepresentthepositionofthesixepochsinatrial.Thetriggerassociatedtoeach
epochandthecorrespondingepochareshownatthebottom(see4.1fordetails). The
movement(green)andhold(yellow)epochsarecenteredaroundtriggersthatchangethe
timeofoccurrencefromtrialtotrialdependingonthereactiontime(timefromGOto
SR)ofthemonkey.
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relevantepochsduringthetrial.Thuswedivideeachtrialintosixepochsofequalduration
of500ms,identifiedbytriggersandbehavioralcontexts.Theepochsofoneselectedtrial
areillustratedascoloredwindowsinFigure4.7,andoutlinedinTable4.1:startrepresents
thetimeintervalaroundthewarningsignal(WS)indicatingtothemonkeythebeginning
ofanewtrial;cueiscenteredaroundthefirstvisualcue,informingthemonkeywhichof
thetwogripstouse;earlydelayandlatedelayrelate,respectively,thefirstandthesecond
halfofthepreparatoryperiod,spanningintotalthetimebetweenthefirstandthesecond
visualcue(GOsignal);movement coversthetimeduringmovement;holdindicatesthe
epochinwhichtheobjecthadtobeholduntiltherewardwasdelivered.
Sinceweareinterestedinassociatingspatio-temporalpatternsalsotodifferentmove-

mentbehavioranditspreparation,wedividedeachsessionintothedifferenttrialtypes
(PG-LF,PG-HF,SG-LFandSG-HF).Eachofthesetrialsweredividedintothe6behav-
ioralepochsmentionedbefore,suchthatweendupwith24datasets(6epochs×4trial
types).Eachdatasetiscomposedbyconcatenateddatapiecesofthesameepochinthe
respectivetrialtype,whichthenentertheanalysis.

4.3.2 ParametersoftheSPADEAnalysis

FortheanalysisoftheexperimentaldatawesettheSPADEparametersasfollows:bin-
sizedt=3ms,slidingwindowdurationK =20bins,5000surrogates,ditheredinthe
interval[−15,15]ms,andasignificantlevelofα=0.05correctedbytheHolm-Bonferroni
correction(Holm,1979).

Reducingcomputetime

TheextensionofSPADEtoSTPsleadstoaconsiderablecomputetimeincrease,even
whenusingparallelcomputingonacomputecluster.Forexample,theanalysisofonedata
sessionof24dataepochsof500mseach,andabout30trialseach,hitsthecomputation
wall-timeof48hoursonacomputeclusterwith32nodes,eachconsistingofa2×Intel
XeonE5processorwith2.5GHzprocessingspeedand8×16GBDDR4RAM. Wewere
abletoreducethistimeconsiderably(toabout24hours)byrestrictingtheanalysistoa
selectedsetofpatterns.Inparticularitispossibletoderiveaprioriaminimalnumberof
occurrencesofapatterntobeconsideredintheanalysis,reducingthenumberofpatterns
tomineandconsequentlythecomputationaltime.Toderivesuchaminimalnumberwe
applytwocriteria,thatbothhavetobefulfilled. Thefirstisthatanypatternhasto
occuraglobalminimalnumberofoccurrences,independentlyofitssize. Werequestin
particularthatapatternoccursinaminimalfixedportionofthetrials,i.e.herewhere
wehaveabout30trialspertrialtype,wefixtheminimalnumberofoccurrencesto10.
Theideabehindthatisthatifaparticularassemblyisactiveinrelationtoaparticular
behavior,itshouldoccuratleastin1every3trials.
Thesecondcriteriaistoderiveanalyticallyaminimalnumberoftimeŝcforanygiven

patternsizez,assumingPoissondistributionandconstantfiringrates.Itisthenpossible
toensurethatthesignature(z,̂c)isnotsignificantundertheassumptionofindependent
Poissonspikingandconstantfiringrateλ,givenasignificancelevelαandabinsizedt.
Herewefixedthefiringrateλasthe90-thpercentileofthedistributionoffiringratesof
alltheneuronsineachbehavioralcontextoftherecordings.Theprobabilitytohaveone
specificpatternoccurrenceinonewindow,forthePoissonandindependenceassumption
isgivenby:
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p=(λ·dt)z

ThetotalnumberofpossiblecombinationsofzspikesfromN neuronsforminga
patterninawindowoflengthKbinsisgivenby:

Γ=
K!

(K−z−1)!
·
N

z

Hence,theminimalnumberofoccurrencesĉcanbeobtainedsolvingthefollowingequa-
tion:

α

Γ
=

T
dt

ĉ
·pĉ·(1−p)

T
dt
−̂c

Furthermore,accordingtothefirstcriteria,wedonotconsiderpatternsforwhichĉ
issmallerthanthe13ofthenumberoftrials,havingabout30trialspertrialtypehere
weconsideredonlyĉ,suchthatĉ>10.Inconclusioninouranalysisweconsideronly
patterns,whichthenumberofoccurrencescissuchthatc≥ĉ≥10.

4.3.3 Results

WeanalyzedthetworecordingsessionsoftheReach-to-Graspexperiment(describedin
section4.3.1),usingSPADEwiththe3-dp-valuespectrum.Figure4.8summarizesthe
featuresofthedetectedsignificantpatternsforthetwomonkeys. PanelAshowsthe
numberofsignificantpatternsfoundineachofthe6epochs(alongthex-axis)and4
trialtypes(codedincolor). Mostofthepatternsforbothmonkeysoccurduringthe
movementepoch. Thisfindingiscoherentwiththeresultsofthesynchronouspattern
analysisTorreetal.(2016b).InmonkeyNalargernumberofpatternsoccurred,whichis
nottoosurprisingsincealargernumberofsingleunitsareavailableformonkeyN(96for
monkeyLand156formonkeyN).

Inthepanelsbelowofthesamefigureonlypatternsofthemovementepocharefurther
considered.PanelBshowsthenumberofpatternsofdifferentsizes. Mostofthepatterns
involvetwoneuronsonly,butwedetectalsoaconsiderablenumberofpatternsofsize3
and4.Thepatternsexhibitavarietyofdifferentlagsondifferenttimescales(PanelC),
buttheirnumberdecreaseswithincreasinglag.

Thepatternoccurrencesinthetwomonkeyshavedifferenttemporaldynamics.Panel
Dshowsthecountsofspikesinvolvedinoneormorepatternsinrespecttothetimeinthe
movementepoch(timeaxisisalignedtothemovementon-set).FormonkeyNpatterns
occuraftermovement,whileformonkeyLtheyoccurprimarilybeforemovementonset.
ThismayreflectananticipationofthemovementinmonkeyL,whichisalsoconsistent
withthehighernumberofpatternsfoundduringthelatedelayepoch.Furthermore,the
averagereactiontimeisshorterformonkeyLthanformonkeyN(seeBrochieretal.,
2018).

Next,weinvestigatedtheneuralcompositionsofthepatternsandtheirspatialdis-
tributionontheUtahrecordingarray.Figure4.9showssketchesoftheelectrodearray,
eachforadifferenttrialtype.Eachsquareofthearrayrepresentsoneofthe100record-
ingelectrodes,organizedin10x10gridoftheUtaharray.Fortheexactpositionofthe
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Figure4.8: Featuresoffoundsignificantpatterns: A)showsthenumberofsig-
nificantpatternsfoundineachofthe6epochs(horizontalaxis)and4trialtypes(color
coded).B),C)andD)showonlyresultsofthepatternsfoundduringthemovementpe-
riod:B)histogramofthenumberofpatternswithaspecificpatternsize,C)histogram
ofthenumberpatternsofaparticularlag, D)PSTHsofspikesinvolvedinapatternin
aparticulartrialtype(alignedonmovementonset,SR).

arraysonthecortexsurfacewerefertoBrochieretal.(2018)andTorreetal.(2016b)..
Thecolorsindicatethenumberofpatternsaneuronrecordedfromaparticularelectrode
participatedto(nopatternsformedbydifferentneuronsrecordedonthesameelectrode
werefoundandnopatternsaredetectedformonkeyLintrialtypeSGHF).Interestingly,
forbothmonkeyswefindthatonlyafewneuronsthatparticipateinpatterns(4/156for
monkeyNand4/96formonkeyL).FormonkeyN,thecontributingneuronsareidentical
forPGHFandPGLF,butwithslightlydifferentcounts.Theneuroninvolvementsdiffer
slightlyforSGHFandSGLF:5neuronsstayidentical,onechanges. However,thereis
alsoastrongoverlapofneurons(3)thatareactivealsoinpatternsoccurringinSG.For
monkeyLthereisalargerdifferenceacrosstrialtypes:theneuronsinvolvedinpatterns
dooverlapbetweenPGHFandPGLF,butadditionalonesareinvolvedduringPGHF.In
SGHFnopatternsoccur,butinSGLF,2neuronsoverlapwiththePGpatterns,butthere
areadditionalneuronsinvolved.Thus,theneuronsinvolvedinpatternsarespecificforthe
differentgripmodesbutnotfortheforcelevels,yetthereareneuronswhichparticipate
inthepatternsregardlessofthetrialtypes.

Currently,wecannotlinkthepositionsoftheneuronsinvolvedtofunctionalaspects
ofthebehavior.

4.4 Softwareand Workflow

Reproducibilityisanessentialelementforrigorousscientificresearch. Tothisaimwe
makeallthesoftwareusedinthisstudypubliclyavailable.Thisincludesalsotheworkflow
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Figure4.9:PatterncountsontheUtaharray.Eachpanelshowsthespatiallyresolved
countofpatternparticipationoftheneuronsattherespectiveelectrodestopatternsduring
movement,forthe4differenttrialtypes.Eachsquareineachofthepanelcorresponds
tothepositionofoneelectrodeonthe10x10Utahelectrode.Thenumberofpatternsin
whichtheneuronsareinvolvedarecolorcoded.

necessarytoreproduceresultsandfigurespresentedhere.

TheSPADEmethod,withallthedifferentpossiblevariantsdevelopedinthiswork
(e.g.computationofpatternstability,2-dand3-dp-valuesspectra)hasbeedintegratedby
meintotheElectrophysiologyAnalysisToolkit1(Elephant,RRID:SCR003833),anopen
sourcetoolboxprovidingdataanalysistoolsforelectrophysiologydata,developedinour
lab.

Typically,softwareonitsownisnotsufficienttoreproduceascientificresults. The
knowledgeaboutthewholeanalysisworkflow(e.g.parametersconfiguration,input-output
relations,etc.)isinmostcasescrucialtoreproducearesult.Forkeepingtrackofthese
workflowsseveralprovenancetrackingandworkflowmanagmenttoolsemergedinthepast
yearsforresearchandanalysis.Inthisstudywemakeuseofthreeofthemtopublishour
analysisandkeeptrackoftheanalysisworkflow. WemakeuseoftheSnakemake2workflow
managementsystemforthedefinitionandimplementationoftheanalysisworkflow.Figure
4.10illustratestheDirectedAcyclicGraph(DAG)representationoftheworkflowusedto
generateandanalyzetheartificialdata.Thecodenecessarytoreproducetheentirestudy,
includingbothSPADE(https://github.com/NeuralEnsemble/elephant)andtheanal-
ysisworkflow(https://github.com/INM-6/SPADE_analysis),isavailableontheweb-
basedhostingserviceforversioncontrolGitHub3.Thecodenecessarytosimulateartificial
datausedinthisstudyisincludedintherepositorytogetherwiththeSnakemakeworkflow.
ThedataoftheReach-to-Graspexperimentanalyzedherewerepublished(Brochieretal.,

1http://python-elephant.org
2https://snakemake.readthedocs.io
3https://github.com/
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Figure4.10:TheDirectedAcyclicGraph(DAG)oftheSPADEworkflowtoan-
alyzethefirstartificialdataset.Snakemakeallowstoobtainandvisualizeadiagram
oftheentireworkflowandparametersused.Eachnodeofthegraphcorrespondstoone
stepoftheanalysisworkflow,theconnectinglinksrepresenttheinput-outputrelations.
Thestepsthatcanberuninparallelformonelayerofthegraph. Whenonesteprequires
externalparameters,thevaluesthateachofthemassumesarereportedexplicitlyinthe
DAG(e.g.theruleanalyzedatarequirestheparameterofthedimensionalityofthe
spectrumtouseandthewindowlengthfortheFIManalysis).

2018)andthusarepubliclyavailable(atG-Node4)andareaccompaniedbymeta-data
andloadingscripts(https://web.gin.g-node.org/INT/multielectrode_grasp).

4.5 Discussion

InthischapterthreeresultsconcerningSPADEwereshown:a)thatisitnecessarythat
patternsofdifferentdurationsareevaluatedforsignificanceseparatelyandwhy;b)we
appliedthenewmethodtoexperimentaldata,andc)wefoundSTPsthatarespecificto
thebehavior.Inthefollowingwediscusstheseissuesseparately.

STPsofdifferentdurations(timebetweenfirstandlastspikeofthesequence)needto
beanalyzedfortheirsignificanceseparately,sinceotherwisethesignificanceofSTPsof
largerdurationsareunderestimated. Weshowedthatthereasonisthatshorterpatterns
ofthesamenumberofspikesarebychancesomanymorethatlongerpatternsmaybe
overseen.Inordertocorrectforthat,weextendthep-valuespectrum(introducedin
previouschapter)toathirddimension,i.e.thepatternduration.Patternsofsamesize,
numberofoccurrencesanddurationarenowpooledintocorrespondingbinsbeforeto
betestedforsignificance,whileinthe2-dspectrumallthepatternswithsamesizeand
numberofoccurrencesweretestedtogetherregardlesstheirduration. Wepresentthe
applicationtoartificialdatausingthe3-dp-valuesspectrum,andshowthatitamends
themisseddetectionofinjectedpatternswhenusingthe2-dspectrum.The3-dspectrum
ensuresalargerstatisticalpowerthanthe2-dp-valuespectrum.Inordertoensurethat
thenewtestingproceduredoesnotaffecttherobustnessofthemethod,wealsovalidate
itsperformanceintermsoffalsepositivesandfalsenegatives. Wefoundthenecessity
ofusingadifferentmultipletestingcorrection(Holm-BonferroniratherthanFDR)in
ordertocompensateforthelargeramountofteststobeperformed.Inconclusion,the
performancesoftherevisedpatternspectrumfilteringaresimilartotheonesofthe2-d

4https://web.gin.g-node.org/
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spectruminthecaseofasinglepatterninjection,butimprovedconsiderablyfordetection
ofmultiplepatternswithdifferentdurations.
NextweappliedSPADE,withthe3-dspectrumtesting,totwoexperimentaldatasets.

Weconsideredtworecordingsessionsofmassivelyparallelspiketrains,obtainedfromthe
pre-/motorareaoftwomacaquemonkeysperformingareach-to-grasptask(Riehleetal.,
2013). Thedatawereseparatedintotrialsofdifferentbehavioralconditions(PGHF,
PGLF,SGHF,SGLF)andperformedforeachofthemaquasitime-resolvedanalysis
tocapturedynamicaspectsofpatternoccurrence. Wefoundthatsignificantpatterns
primarilyoccurduringthereachandgraspmovement.
Tooursurprise(seealsodiscussioninTorreetal.(2016b))thesizeofthepatterns

rangebetween2and4spikes,lessthan5%ofthetotalnumberofobservedneurons.
Theyexhibitavarietyoftemporallags..Differentpatterns,bothintermsofneuronal
compositionandspatialarrangementoftheinvolvedneurons,appeartocharacterizethe
differentgrips(preciseandsidegrip).Inaddition,someneuronsparticipateinallpatterns
ofatrialtype,andeventheirindividualspikesparticipateindifferentpatterns.Thesame
neuronsalsoappearindifferentpatternsacrosstrialtypes.
Inanextstepweaimtoanalyzemanymoresessionsofthesameexperiment,totest

ifthesameobservationsofpatternfeaturesoccurthereaswell.Inaddition,weaim
tointerpretthespatialarrangementoftheneuronsinvolvedinpatternsintermsofthe
functionalmapinpre-/motorcortex(Riehleetal.,2013).Afurtherdirectionofresearch
willbetorelatepatternspikestofrequencyandphaseofthelocalfieldpotentialsinthe
spiritofDenkeretal.(2011).
Theentireanalysisofbothartificialandexperimentaldataispubliclyavailableonline5,

aswellastheSPADEimplementationinpython6.

5https://github.com/INM-6/SPADE_analysis
6https://github.com/NeuralEnsemble/elephant
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Chapter5

Reviewof Methodsfor
IdentificationofSpikePatternsin
MassivelyParallelSpikeTrains

5.1 Introduction

InthepreviouschaptersSPADEhasbeenextendedfordetectionhigherordercorrelation
expressedbySpatio-TemporalPatternswithanexplicittemporaldimension. However,
overthelastyearsalsoseveralothermethodstodetectcorrelationsinMPSThavebeen
developed.Eachofthemhasspecificassumptionsandaimtohighlightdifferentaspect
ofthecorrelatedactivity.Inthischapterwereviewsuchanalysisapproaches. Weomit
methodsthatareeithernotsuitablefor MPSTdata,orthatreducetheirattentionto
patternsdrivenbyexternalstimuli. Weidentifyinparticulartwoclassesofmethodsfor
theanalysisoftemporallyprecisespikecorrelations. Thefirstclassconsistsofmethods
thatanalyzewhatwecallpopulationcorrelation,i.e.correlationthatmanifestsatthe
levelofthe(full)populationofneuronsbeingexamined,anddoesnot(necessarily)involve
specificcellassemblies.Thesecondclassconsistsofmethodsdesignedtoidentifyspecific
cellassembliesthatproducespecifictypesofSTPs.Intotal,wediscussandcomparenine
methods(fourofthefirstclass,fiveofthesecondclass).

Theoutlineofthechapterisasfollows. Section5.2introducesdifferentmodelsof
correlationsinparallelspiketrains. Section5.3describesthe methodsforcorrelation
analysisconsideredhere,withafocusonclarifyingtheirassumptionsanddetailingfor
whichtypeofcorrelationtheyweredesignedtodetect.Section5.4comparestheconsidered
methodsintermsoftheirsensitivitytothedifferentcorrelationmodels,anddiscussestheir
abilitytoreconstruct(entirelyorpartially)thosecorrelationstructures.Aperspectiveon
newresearchavenuesthatthecombinationofdifferentmethodsopensisgiveninsection
5.5.ForconsistencywealsodescribeagainbrieflythefunctioningofSPADE,inorderto
compareitwiththeothermethods.

5.2 Modelsforparallelcorrelatedspiketrains

Temporalcodinghasbeenassociatedtodifferent(butnotnecessarilyincompatible)forms
ofspikecorrelationatfinetemporalscale,i.e.withmsprecision.Thesecanrangefrom
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synchronizationofalwaysdifferentcellgroups,tospikesequencesfromspecificneuronsin
aspecifictemporalorder,tosequencesofsynchronousactivity.Eachmethodconsidered
inthispaperwasdesignedtodeterminethepresenceofonesuchcorrelationstructurein
MPSTdata. Hence,itisfirstnecessarytointroducetherespectivecorrelationmodels,
andtohighlighttheirsimilaritiesanddifferences.Thissectionpresentsfivedifferenttypes
offinetemporallycorrelatedspikingactivitiesthathavebeenassociatedtomechanisms
oftemporalcodingintheliterature,eitherintheoreticalorinexperimentalstudies.Ad-
ditionallytotheheuristicdescriptionprovidedinthissection,insection5.2.6wedefine
formallyaPointProcessframeworkthatcanbeusedtomodelandgenerateartificialdata
forthedifferentcorrelationstructureshereintroduced.

5.2.1 Populationsynchronization

Populationsynchronizationreferstospikingactivitywheresomeof(orall)theneurons
observedemitsynchronousspikes,repeatedlyovertime. Theneuronsinvolvedarenot
hypothesizedtobealwaysthesame,althoughtheymay.Forthisreason,methodsdesigned
todetectthepresenceofsynchronizationatthepopulationleveldonotneedtolookfor
andtoassessthestatisticalsignificanceofamultitudeofdifferentspikepatterns.
Thisfactpersedoesnotexcludethepresenceofspecificcellassembliesinthedata

beingrecorded.Aneuralnetworkmodelthatcontainscellassembliesandmayormaynot
producerepeatedspikepatterns,dependingonthemodelparameters,isthesynfirechain.
Asynfirechainisanetworkwithahighconvergentanddivergentconnectivityfromone
layerofneuronstothenext(Abeles,1991). Thenetworkexhibitssynchronousspiking
activitythat,triggeredbystimulationofthefirstlayer,propagatesthroughthenextlayers.
Thepropagationisrobusttonoise(Diesmannetal.,1999).However,thelatterstudyalso
showedthatthecompositionoftheactiveneuronsmayvaryateachrun,dependingon
thelayerconnectivityanditsstrength.Ifso,recordingsfromneuronsinthesamelayer
wouldcontaindifferent,althoughpossiblyoverlapping,synchronousspikepatterns(see
Figure5.1C).Fromastatisticalperspective,aprobabilisticmodelofparallelspiketrains
abletogeneratedifferentbutoverlappingsynchronousspikepatterns,andoftenusedfor
methodvalidationtogenerategroundtruthdata,isthemultipleinteractionmodel(Kuhn
etal.,2002,2003).

5.2.2 Pairwisesynchronization

Inthe1960sresearchersfirststartedtolookintocorrelationsbetweenspiketrainswiththe
ideathatcorrelatedneuronsreflectfunctionalcorrelation.GersteinandClark(1964)and
Perkeletal.(1967)developedthecross-correlationanalysistodetectcorrelationsbetween
twoparallelspiketrainsbeyondtrivialeffectslikestimulusdependentrateincrease. Many
otherstudiesthenfollowed,alargecollectionofwhichisfoundinthebookbyEggermont
(1990).
Inpairwisesynchronizationpairsofneuronssynchronizetheirspikesindependentof

eachother. Thus,higher-ordercorrelationsareabsent. Patternsofsize3orlargerare
stillpossible,however,onlyastheresultofchancesimultaneousspikeemissionsfrom
individualneuronsorneuronpairs.ThistypeofspikingactivityisshowninFigure5.1A.
Instudiesconcernedwiththeanalysisofspikecorrelations,therewasandtherestill

isafocusonpairwiseanalysisinthefield(Riehleetal.,1997a;Kilaviketal.,2009;
Vaadiaetal.,1995;ZandvakiliandKohn,2015).Thereasonisnotthatthetheorywould
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predictpairwisecorrelationsonly(see,e.g., Abeles,1982),butratherthesimplicityof
suchanalysesoverthatofhigher-ordercorrelations. Nevertheless,thestudyofpurely
pairwisecorrelationsmayreveal,in MPSTdata,interestingdependencestructuresthat
hinttolargerinteractinggroupsofneurons,cross-areainteractionsorspatialinteractions.
Someofthemethodsreviewedinthispaperanalyzepairwisecorrelationsforstatistical
significance,andthengroupthemintolargergroupsofinteractingneurons.

5.2.3 SynchronousSpikePatterns

Aneuronreceivingsynchronoussynapticinputsismorelikelytoemitaspikethanasyn-
chronouslyarrivinginputs,aspredictedbytheory(Abeles,1982;K̈onigetal.,1996;Fries,
2005;Schultze-Kraftetal.,2013)andshowninexperiments(Ashidaetal.,2016). This
observationledtohypothesizethatneuronssynchronizetheiractivitiesbeyondpairs.To
investigatethishypothesisinrealdatabystatisticaltesting,aswellastogeneratesyn-
theticdataformethodvalidation,probabilisticmodelsofparallelspiketrainsincluding
higherthanpairwisesynchronizationwereformulated. Twoexamplesarethesinglein-
teractionmodelbyKuhnetal.(2002),andthemaximumentropymodelbySchneidman
etal.(2003). Arealizationofthesingleinteractionprocesswhereasynchronousspike
patternhasmultipleoccurrencesisshowninFigure5.1B.

5.2.4 Spatio-temporalPatterns

Spikesynchronycanbegeneralizedbyaddingatemporaldimensiontothecorrelation:
theneuronsinvolvedinthecoordinatedactivitydonotnecessarilyspikesynchronously,
butinspecifictemporalsequenceswithfixed(uptoagivenprecision)delaysbetween
consecutivespikes(seeFigure5.1E).Thistypeofactivityisgenerallyreferredtoasa
spatio-temporalpattern(STP;Prutetal.,1998).

STPs maybetheresultsofthelargevariabilityofconductiondelaysobservedin
corticalnetwork(seee.g.Swadlow,1994),andmayariseindifferentnetworkmodels.For
instance,asynfirechainproducedSTPswhereneuronsinthesamelayerofthechain
firesynchronously,whileneuronsbelongingtodifferentlayersfireatfixeddelays.Ifone
wouldrecordonlyoneneuronperlayer,theSTPwouldreducetoasynchronousspikes
withfixeddelays.AnothermodelthatgeneratesSTPsisthesynfirebraid(Bienenstock,
1995),alsocalledpolychronymodel(Izhikevich,2006).Itisageneralizationofthesynfire
chain,inwhichspikesproducedinonelayerarriveatthenextlayeratdifferenttimesdue
todifferentpropagationdelays. VariousmethodshavebeendevelopedtoextractSTPs
fromasmallnumberofparallelspiketrains(DayhoffandGerstein,1983;Prutetal.,1998;
AbelesandGerstein,1988),andthesemethodsretrievedstatisticallysignificantSTPsin
experimentaldata(see,e.g.,Prutetal.,1998).

5.2.5 Sequencesofsynchronousspikeevents

Aspecifictypeoftemporalcorrelationthatfeaturesspikesynchronizationandtemporal
propagationisrepresentedbysequencesofsynchronousevents(SSEs). Theseconsistof
multiplesynchronousevents,eachinvolvingaspecificgroupofneurons,occurringata
fixedtemporaldelayoneafteranother. Parallelrecordingsfrommultiplelayersofan
activesynfirechainwouldforinstanceexhibitsuchspikepatterns(Schraderetal.,2008;
Gersteinetal.,2012).Thesetsofneuronsinvolvedindifferentsynchronouseventsmayor
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maynotoverlap.ArealizationofonespecificSSEoccurringtwotimesisshowninFigure
5.1E.

5.2.6 PointProcesses modelsforCorrelatedSpikeTrains

Thecorrelatedparallelspiketrainsmodelsdescribedinsection5.2canbeformalizedas
MarkedPointProcesses(MPP). WecanconsideranMPPM(t)wherethek-theventis
markedwitharandomvariablePk,whichcorrespondstoonesubsetoftheset{1,...,n},
wherenistothetotalnumberofneurons.Pkconsistsofthesetofindexesoftheneurons
thatfiressimultaneouslyatthatpointintime.Thefiringtimesofthei-thneuroncanbe
describedbythecountingprocessXi(t)=Ni(t)+Mi(t)whereNi(t)countstheindividual
spikesofneuronioccurringwithbackgroundrateλiandMi(t)=M(t)·1{i∈Pk}givesthe
spikesduetosynchronousactivity.IfM(t)andallNi(t)areindependentPoissonprocesses
thenthepopulationprocessZ(t)= n

i=1Xi(t)(sumofthespikesofalltheneurons)isa
compoundPoissonprocessCPP(N(t),Ak),whereN(t)countsthetotalnumberofevents
untiltimetandAkindicatesthenumberofsynchronousspikesinthek-thevent,thatis,
eitheroneiftheeventisasingleneuronfiringandotherwisethesizeofthecorresponding
setSk.Thecomplexityoftheprocessisthesizeofthelargestpossibleset.

Usingthisframework,itispossibletoderiveaformalmodelforeachofthecorrelation
structuresintroducedinsection5.2.

Thepopulationsynchronizationcorrespondsexactlytothe modeljustintroduced,
wherePkcancorrespondtoanypossiblesubsetoftheset{1,...,n}.Thepairwisesyn-
chronizationcanbemodeledbyconsideringPkassumingallandonlyvaluesintheset
ofpossiblepairs(i,j)withi,j∈{1,...,n}.ForthesynchronouspatternPkisfixedfor
everyeventanditrepresentsthesetoftheindexesoftheneuronsinvolvedinthepattern.
Forthespatio-temporalpatternweneedtoadditionallydefineasetofdelays{δ0,...,δξ}
thatrepresentsthelagsbetweenthefirstandeachoftheotherspikesformingthepattern,
suchthatMi(t)=(M(t)+δi)·1{i∈Ak}.SimilarlyfortheSSEswecandefinetheneuronal
setsformingthesuccessivelayersofsynchronousspikes{L1,...,Ll}andtheirrespective
delays{δ0,...,δl},suchthatPk={L1∪...∪Ll}inordertodefinethesequencesby
Mi(t)=(M(t)+δj)·1{i∈Lj}.

5.3 Higher-ordercorrelationanalysis methods

Inthissectionwesummarizeexistingstatisticalmethodsforthedetectionofhigher-order
correlationsin MPSTdata. Wegiveashortdescriptionofthesemethods,highlighting
theirfeaturesandlimitations,inparticularwithregardtohowtheydealwithdifferent
propertiesofuncorrelatedbackgroundactivityinthedata. Fordetailswerefertothe
originalpublications.

Generally,twoclassesof methodscanbedistinguished,whichinvestigatedifferent
aspectsofspikecorrelation.Thefirstclassaimtoidentifythecorrelationorder(numberof
neuronsinvolved)ratherthantheidentityoftheneuronsinvolved.Thus,eachcorrelated
eventmayinvolvearandomsubsetofneuronsormaybecomposedofaspecific,always
identicalgroup. Werefertothecorrelationtypeunderlyingthisanalysisclassaspopulation
synchronization.Theotherclassofanalysismethodsassumesacorrelationmodelinwhich
thecorrelatedneuronsformstereotypicalsynchronousspikeeventsortemporalsequences
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Figure5.1:Rasterplotsofdifferentcorrelationtypes. Eachpanelshowsthespiking
activityofparallelspiketrains(oneneuronperrow)overtime(horizontalaxis). Each
dotrepresentsaspike;thereddotsinparticularrepresentspikebelongingtoaspike
pattern.Differentpanelsrefertodifferentformsoftemporalspikecorrelation.A)Pairwise
correlationmodel. Thepopulationcontains6pairsofsynchronizedneurons(thelatter
indexedfrombottomtotop):(1,2),(1,3),(2,4),(8,9),(8,14),(13,14).B)Synchronous
spikepatterns. Neurons4,5,6,7arerepeatedlyinvolvedinthepattern.C)Differently
fromthespikepatternsinpanelA,theneuronsinvolvedineachsynchronouseventare
randomlyselectedandchangefromoneeventtothenext.D)Spatio-temporalpatterns.
TheredspikescorrespondtooccurrencesofanSTP.Theneuronsinvolvedinthepatterns
are4,5,6,7,asinpanelA,buttheirspikesoccurnowinafixedtemporalsuccessionwith
fixeddelays.E)Sequencesofsynchronousspikeevents.TwooccurrencesofthesameSSE
areshown. Hereallobservedneuronsareinvolved,andgroupsof4-4-4-3synchronously
firingneuronsfireinshortsuccession.
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ofspikes. Werefertotheseeventsasspikepatterns.Theaimofthesemethodsisto
retrievetheneuronalcompositionandtheoccurrencetimesofthespikepatterns.

5.3.1 Methodstodetectpopulationsynchronization

OneofthechallengesinthestatisticalassessmentofsynchronousspikeeventsinMPST
dataisposedbytheexponentialgrowthofthenumberofpossiblepatternswiththenum-
berofneuronsbeingconsidered.However,thisproblemcanbesimplifiediftheresearch
interestliessolelyonassessingthepresenceandtheorderofexcess(i.e.above-chance)
synchronization,withoutresolvingthespecificneuronidentitiesinvolved.Also,thedata
maycontainpatternsofsynchronousspikesthatchangetheirneuronalcompositioneach
time,sothatthecorrelationisdistributedpossiblyacrossthefullpopulationbeingob-
served. Werefertosynchronywhichdoesnot(orwhichisnotassumedto)involvespecific
subgroupsofneuronsintheobservedpopulationaspopulationsynchronization.
Mostmethodsforpopulationsynchronizationanalysisreducethespikedatatothe

numberofactiveneurons(i.e. spikes)observedatanytimebin. Aspiketrainiis
fullydescribedbyitsspiketimesand,.givenatimediscretizationinsmalltemporal
bins,wecandefinethepopulationhistogramasthecountofspikesthatoccurredin
thesametimebin. Themaximumpossiblecountfothehistogramisthusthenumber
N ofneurons. Thefirstthreemethodspresentedherearebasedonstatisticsderived
fromthepopulationhistogram. Theyweredevelopedinsuccession,eachtoovercome
thelimitationsofthepreviousone.Thefirstmethod,theComplexityDistribution(CD)
analysis(Gr̈unetal.,2008),proposesasimplestatisticalapproachpurelybasedonthe
distributionoftheentriesofthepopulationhistogram.Itcomparessuchanempirically
deriveddistributiontothatexpectedfromneuronsfiringindependentlytodeterminethe
presenceofexcesssynchronization. Thesecondmethod,theCUmulantBasedInference
ofCorrelation(CuBIC,Staudeetal.,2010b),derivesthenulldistributionanalytically
undermorespecificassumptionsaboutthedata,andinferstheminimumcorrelationorder
existentinthedata. Thethirdmethod,thePopulationUnitaryEvent(PUE,Rostami
(2017))analysis,worksunderthesameassumptionsasCuBIC,butusesadifferenttest
statisticwhichenhancesthestatisticalpowerofthetest,therebyrequiringsamplesof
smallersizeforacorrectidentificationofexcesssynchronyandthusalsoenablingatime
resolvedanalysis.
Thefourthmethod,calledherethecorrelationinformationindex(CII),isanapproach

originallysuggestedbySchneidmanetal.(2006)asawaytocondensetheinformation
deliveredbymaximumentropymodelsbuiltonparallelspiketraindatatoasinglescalar.
Themethodaccountsfortheneuronalidentityofeachspikeintheobservedsynchronous
patterns,andbuildsafullprobabilisticmodelofthose. Thismodelisusedtoobtaina
singlescalar,theCII,thatquantifiestheamountofsurplusofinformationcontainedin
thedatawhichisdeliveredbycorrelationsofagivenorder.

ComplexityDistribution(CD)

Thevaluetakenbyeachentryinthepopulationhistogramiscalledthebincomplexity.
Eachsynchronousspikeeventincreasestheempiricalcomplexityinthebinofit’soccur-
renceascomparedtothescenarioofindependentspiking. Therefore,italsoincreases
thevalueoftheempiricalcomplexitydistributionatthatcomplexityvalue. Gr̈unetal.
(2008)developedamethodthattestsforspiketrainindependencebasedonthedifference
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Method Target
correlations

Null model Alternative
model

Ref

Po
p
ul
at
io
n

S
y
nc
hr
o
ni
za
ti
o
n CD Population

Synchroniza-
tion

Independent
spiketrains

Population
synchroniza-
tion

Gr̈unetal.(2008)
Louisetal.(2010a)

CUBIC Population
Synchroniza-
tion

vPopulation
Synchroniza-
tionoforder

ξ

Population
synchroniza-
tionoforder
ξ+1

Staudeetal.
(2010b)

Staudeetal.
(2010a)

PUE Population
synchroniza-
tion

Population
synchroniza-
tionoforder

ξ

Population
synchroniza-
tionoforder
ξ+1

Rostami(2017)

CII Population
Synchroniza-
tion

Maximum
entropymodel
oforderξ

Maximum
entropymodel
oforderξ+1

Schneidmanetal.
(2003)Schneidman
etal.(2006)

S
pi
ke
Pa
tt
er
ns

MEM Synchronous
SpikePatterns

Maximum
entropymodel
oforderξ

Synchronous
spikepatterns

Schneidmanetal.
(2003)Schneidman
etal.(2006)
Shimazakietal.
(2012)Kellyand
Kass(2012)

GIC Synchronous
SpikePatterns

Independent Pairwise
synchrony

Bergeretal.
(2010a)

SPADE Synchronous
andSpatio-
temporalSpike
Patterns

Independent Synchronous
pattern,
Spatio-
temporal
patterns

Borgelt(2012)
Torreetal.(2013)
Quaglioetal.
(2017)

CAD Synchronous
andSpatio-
temporalSpike
Patterns

Poisson
Independent

Synchronous
pattern,
Spatio-
temporal
patterns

Russoand
Durstewitz(2017)

ASSET Sequencesof
Synchronous
Events

Poisson
Independent

SSEs Schraderetal.
(2008)

Gersteinetal.
(2012)

Torreetal.(2016a)

Table5.1:Tableofanalysismethods,theirassumptions,andrelatedreferences.
Thetablesummarizesthemethodsthatwediscusshereandtheirassumeddatamodels
(column2fromleft,allintroducedinSection2).Columns3and4describetheassumed
nullandthealternativehypothesis,respectively.Column5liststhepublicationsinwhich
eachmethodhasbeenintroducedorfurtherdeveloped.
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betweentheempiricalcomplexitydistributionandthenulldistribution.Excesssynchrony
causesthedifferencebetweenthetwodistributionstohaveapositivebumpatlargercom-
plexities.Duetotheconservationofthetotalprobabilitymass,anegativebumpappears
atlowercomplexities.Dependingontheassumptionsaboutthespikingbehaviorofeach
neuron,thenulldistributionmaybeavailableanalytically(e.g. byassumingthatthe
spiketrainsarestationaryPoissonprocesses)orbeapproximatedbyMonteCarlosurro-
gatetechniques(seeGr̈un,2009;Louisetal.,2010c,a),andwillingeneraldependonthe
statisticsofeachspiketrainaswellasonthechosenbinsize.

AnexampleofartificialtestdataisillustratedinFigure5.2, modifiedfromGr̈un
etal.(2008).PanelA,top,showsdatafromastochasticsimulationof100parallelspike
trains,80ofwhichareindependentPoisson.Thefirst20neuronsexhibit,inadditionto
independentspikingactivity,alsosynchronousfiringevents.Thesynchronouseventsare
hardlyvisiblebyeyeintherasterplotsiftheneuronidsontheverticalaxisaresorted
randomly(PanelA,middle),butcanberetrievedinthepopulationhistogram(PanelA,
bottom;binsize:1ms),althoughwithalossofinformationabouttheinvolvedneurons.
PanelBshowstheempiricalcomplexitydistribution(top),thenulldistributioncomputed
byrandomizingthespiketimesofeachneuron(middle),andthedifferencebetweenthe
twodistributions(bottom). Thelattercontainsavisiblebumpcenteredatcomplexity
ξ̂=22.Importantly,thebumpisright-skewedandiscenteredtotherightofthetrue
synchronizationorderξ=20. Thereasonfortheoffsetinthepeakisthattheinserted
synchronouseventsoffixedsizeξoverlapwithbackgroundactivityfromtheotherneurons,
resultinginahighertotalcomplexity. Thebinwidthwdeterminesthestatisticsofthe
randomcomponentofthetotalcount.

UndertheassumptionthatallspiketrainsarePoissonprocesseswithidenticalfiring
rates,thenulldistributioncanbecomputedanalyticallybasedoncombinationsofBino-
mialdistributions(Gr̈unetal.,2008;Figure5.2B,solid).Otherwiseitcanbecomputed
bysurrogates,e.g.byspiketimedithering(Figure5.2B,dots).Confidenceintervalsare
computedanalogously,andallowtoacceptorrejectthenullhypothesisofindependence
(Louisetal.,2010a).Varyingthebinsizeenablestodeterminethetemporaljitterinherent
tothesynchronousevents(fordetails,seeLouisetal.,2010c).

CUmulantBasedInferenceofCorrelation(CuBIC)

Thecomplexitydistributionmethoddiscussedabovevisualizescorrelationsamongparallel
spiketrains.TheCUmulantBasedInferenceofCorrelation(CuBIC;Staudeetal.,2010b)
advancesthistechniquebyrelaxingthehypothesisofindependenceandtestingforthe
presenceofcorrelationsofprogressivelyhigher-order,giventhoseoflowerorderobserved
inthedata.

CuBICcomprisesthefollowingsteps.Startingfromξ=1(spiketrainindependence),
itassesseswhetherpeaksinthecomplexitydistributionofthedatacouldbeexplained
entirelybyassumingcorrelationsoforderatmostξ.Ifthatisnotthecase,themethod
acceptsthealternativehypothesisthatcorrelationsoforderξ+1orhighermustexist.It
thentestsforcorrelationsoforderξ+1againstthoseoforderξ+2orhigher,andsoon.
Theprocedurestopsassoonasavalueξ̂isaccepted.̂ξisinterpretedastheminimumorder
ofpopulationsynchronizationthathastobeassumedtoexplaintheobservedamountof
synchronouseventsinthedata.Thesequence(p1,...,p̂ξ)oftestp-valuesisguaranteedto
increase,becausesynchronouseventsofhighercomplexitiescorrespondtohigherexpected
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Figure5.2: Complexitydistributionbasedcorrelationidentification. A)Top:
Parallelspiketrainscomprisingasynchronousspikeeventsamongthefirst20neurons,
firinginsynchronywitharateofλc=51/s,plus80independentneurons. Middle:
randomizationoftheneuronids(verticalaxis)ofthetoppanel.Bottom:population
histogramofthedata(binwidth:w=1ms).B)Top:Complexitydistributionofthedata
inA.Middle:nulldistributionobtainedanalytically(solidline)orbysurrogatesthrough
spiketimerandomizationintime(dots).Bottom:differencebetweentheobservedandthe
nullcomplexitydistributions.FiguremodifiedwithpermissionsfromGr̈unetal.(2008).
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Figure5.3:CuBICanalysis. A-B)Illustrationofthegenerationofcorrelatedparallel
spiketrainsusingamarkedpointprocess. Thisprocessisthenullmodelusedtotest
ξ=6.Spikesareassumedtobecopiedfromahiddenprocessz(t),(A,top)consisting
ofspiketimestidrawnfromaPoissonprocessandassociatedlabelsajdrawnfromthe
amplitudedistributionfA(panelB,top). Eachspiketiinthehiddenprocessiscopied
intoajspiketrains,randomlyselectedeachtimefromthefullpopulationx1,...,xN.
ThepopulationhistogramZ(A,bottom)iscomputedbysegmentingthetimeaxisinto
consecutivebinsofafewms.ThecomplexitydistributionfZ(B,bottompanel)isderived
fromZ.C)ApplicationofCuBICtosimulatedcorrelateddata.TheFigureshows,from
toptobottom:theamplitudedistributionusedtogeneratethecorrelateddata,theraster
plotofthegenerateddata,thederivedpopulationhistogram,theempiricalcomplexity
distribution(blue)anditslogarithmictransform(green),thetestp-valuesfordifferent
ordersofcorrelationtestedbyCuBIC.Figure modifiedwithpermissionsfromStaude
etal.(2010b).

correlations,andthuseventuallyexceedstheselectedsignificancethresholdα,terminating
theprocedure(seelastrowofpanelCinFigure5.3).

Thetestp-valueisobtainedanalyticallyinthelimitofalargenumberLofi.i.d.ob-
servations(timebins),andbyassumingthatallspiketrainsarePoissonprocesses.In
particular,thecaseξ=1correspondstotheassumptionthatthespiketrainsareinde-
pendent.Thecaseξ>1correspondstotheassumptionthatuptoξneuronssynchronize
theirspikeswithpositiveprobability. Theprobabilityofsynchronouseventsofagiven
sizeismodelledbytheso-calledamplitudedistribution(seepanelBin5.3). Theana-
lyticalformulationmakesCuBICcomputationallyinexpensive,butrequiresLtobelarge
enough(accordingtoStaudeetal.,2010b,L≥105bins)togetreliableresults. The
analysisisthereforelimitedtoapplicationsofrelativelylongandstationarydata. The
lengthofthedatarequireddoesnotenablethemethodtorevealchangesofthecorrelation
orderovertime. Whiletheoriginalpublicationdevelopedthemethodforstationarydata,
generalizationshadbeenlateronprovidedforpopulationsofspiketrainswithspecific
firingratedistributions,suchasGammaoruniformdistributions(Staudeetal.,2010a)
ornon-stationaryprocesses(Reimeretal.,2012).
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Figure5.4:Population UnitaryEventanalysis. A)Top:rasterplotof6neurons
firingovertime.Bottom:illustrativeexampleoftheteststatisticnc,showingforgiven
valuesofc(c=2blue,c=3red,c=4green)andforeachbinofthepopulation
histogramcontainingZk≥2spikes,thenumber

Zk
c ofpatternsofsizecthatcanbe

extractedfromtheZkspikes.B)TimeresolvedPUEanalysisappliedtosimulateddata.
ThesimulateddataconsistofN=150parallelspiketrainswithdurationT=2000ms,
generatedasarealizationofacorrelatedPoissonprocessoforderξ=6inthetime
window[800ms,1200ms](indicatedingray),andoforderξ=2elsewhere. Thefiring
rateofeachindividualspiketrainissetto10Hzandthepairwisecorrelationcoefficient
to0.005. ThedataareanalyzedwithPUEvaryingthehyperparametercfrom1to6.
Fromtoptobottom:Timecourseofsynchronyorderξ,rasterplotofthedata,population
histogram(1msbinsize),cross-neuronaverageofempiricalpairwisecorrelationcoefficients
calculatedovera300msslidingwindow,averagefiringrateestimatedoverthesamesliding
window,andsurprisemeasureofthePUEstatisticusingdifferentvaluesoftheparameter
c.Thesurpriseiscalculatedforeachtimewindowwithnullorderξ0=2.Differentcolors
correspondtodifferentvaluesofc.Thegraydashedlineindicatesthe5%significancelevel.
C)Estimationofthesynchronizationorderξinthecentralanalysiswindow(highlighted
ingrayinpanelB),foranullorderξ0increasingfrom1to8.Thedataareobtainedby
concatenating15modelrealizationsgeneratedasexplainedinB,andmimickingidentically
distributedexperimentaltrials. Thebluedashedlineindicatesthe5%significancelevel
andtheverticalredlineshowsthetruesynchronizationorderξ=6.Figuremodifiedwith
permissionsfromRostami(2017).
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PopulationUnitaryEvent(PUE)

Asmentionedintheprevioussection,CuBICislimitedinitsapplicationtolongstretches
ofstationarydata.However,experimentalresultsregardingpairwisecorrelationanalysis
usingtheunitaryeventsanalysismethod(Riehleetal.,1997b;Kilaviketal.,2009)revealed
thatexcesssynchronizationmayappeardynamicallyandisrelatedtobehavior. Thus,
timeresolvedanalysismethodsfordetectionhigher-ordercorrelationarerequired. The
populationunitaryevent(PUE)analysismethodisdesignedtoenablethat. Thetest
statisticofPUEisthenumberofsynchronousspikeeventsofagivensizecobservedin
thedata,whichisextractedfromthepopulationhistogram. Forbinscontainingspike
countsZ,weconsiderthetotalnumberofpossibleconstellationsofcfromZ,thusZkc
perbink. ThusinatotalofLbinswederivethenumberofsynchronousspikeevents

ofsizecaccordingtonc=
L
k=1

Zk
c

= L
k=1

Zk!
c!(Zk−c)!

.Forexample,asshownin

Figure5.3.1A,n2,n3andn4arethetotalnumberofdistinctpairwise,triple-wiseand
quadruple-wisesynchronousspikeeventspresentinthedata.

ThePUEanalysisexploitsthefollowingframeworkfortestingthesignificanceofthe
empiricalteststatisticobservedintheempiricaldata. ThenullhypothesisofthePUE
methodisdefinedbyapresumedorderofsynchronyamongthespiketrains,i.e.thenull
orderξ0,andassumesthattheorderofsynchronyamongthegivenspiketrainsisatmost
thenullorderξ0. Thenulldistributionandtheassociatedtestp-valuearecomputed
numericallybyaMonteCarlosimulationbyrealizingamarkedPoissonprocess(seeEhm
etal.,2007;Staudeetal.,2010b)usedtomodelamultidimensionalcorrelatedPoisson
process(asalsoassumedandintroducedinCuBIC,section5.3.1). Theparametersfor
thenull-modelareadaptedbythefiringrateandthepairwisecorrelationparameters
extractedfromthedata(seedetailsin Rostami,2017;Staudeetal.,2010b).

Theanalysiscanbeperformedinatime-resolvedfashionbyslidingawindowthrough
thedatainstepsofafewtimebins,andbyanalyzingeachtimewindowseparately. As
showninFigure5.3.1B,thesurprisemeasure,definedasalogarithmictransformationof
thep-value(Palm,1981),becomessignificantwhentheanalysiswindowoverlapswiththe
synchronizationperiod. Thisenablesatimeresolvedanalysiswhichisabletodiscover
changesinthecorrelationorderovertime.

Whenmultipleexperimentaltrialsareavailable,thePUEmethodmaypooldatafrom
differenttrialstoachieveincreasedstatisticalpower,undertheassumptionofcross-trial
stationarity.Figure5.3.1Cshowsanexamplewheretheorderofsynchronyisinferredby
PUEusingall15trials.Bycomputingthesurpriseasafunctionofthenullorderξ0,the
estimatêξoftrueorderofsynchronyinthedatacanbeobtainedasthelowestvalueofthe
nullorderξ0forwhichthesurprisemeasureisnotsignificant.PUEhashigherstatistical
power(andthereforeneedslessevidence)thanCuBICtodetectexistingcorrelationsin
data.

Correlationinformationindex(CII)

Maximumentropymodels(MEMs)havebeenintroducedtoevaluatetheoccurrenceprob-
abilityofeachsynchronousspikepattern(seenasabinarysequenceofon/offstates)given
theobservedfiringrates,pairwisecorrelations,andpossiblyhigher-ordermomentsofa
populationofobservedneurons.Onceamaximumentropydistributionaccountingforall
andonlytheobservedcorrelationsuptoagivenorderξisinferredfromdata(seesection
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5.3.2formoredetails),theamountofinformationdeliveredbysuchcorrelationscanbe
quantifiedasfollows.

Thelargeristheorderξofthemomentsoneaccountsfortoconstructthemaximum
entropydistribution,thesmalleristhetotalentropyHξofthemaximumentropydistri-
bution(thatis,itsuncertainty). Atoneextreme(ξ=1,onlyaveragefiringratesbeing
considered)onegetstheuniformdistribution,wheretheprobabilityofastateispropor-
tionaltotheproductofthefiringratesofthe“on”neurons.Attheotherextreme(ξ=N,
whereNisthenumberofneurons)onegetstheempiricaldistribution.TheentropyHξ
ofthemaximumentropydistributionconstrainedonallmomentsuptoorderξdecreases,
forξincreasingfromξ=1toξ=N,fromH1toHN.ThedifferenceH1−Hξquantifies
thereductionoftheentropy(i.e.,oftheuncertaintyaboutallpossiblestates)duetothe
knowledgeofallcorrelationsoforder2toξ,thatis,theamountofinformationconveyed
bythosecorrelations.ThedifferenceH1−HN quantifiesthetotalinformationdelivered
bycorrelationsofanyorder.Thus,theratio

Rξ=
H1−Hξ
H1−HN

characterizestheportionofthetotalcorrelationinformationdeliveredbycorrelations
oforder2toξ. Thismeasureiscalledherethecorrelationinformationindex(CII).R2
wassuggestedbySchneidmanetal.(2003)toassesswhetherornottriple-orhigher-order
correlationsplayaroleininformationprocessinginthenervoussystem.Schneidmanetal.
(2006),Shlensetal.(2006)andTangetal.(2008),amongothers,appliedthismeasureto
datafromtheretinaandfromvariouscorticalareas,reportingvaluesrangingfrom0.85
toover0.95. Basedonthesehighvalues,theyconcludedthathigher-ordercorrelations
werenegligibleintheexamineddata.Itshouldbenoted,nevertheless,thatevenfor
extremelyhighvaluesofR2(R2>0.99),highlystatisticallysignificantspikepatternsof3
ormoreneuronsmaybepresentinthedata(Torre,2016).Inaddition,Roudietal.(2009)
showedinatheoreticalstudythatconclusionsobtainedfromMEMsbuiltondatafrom
fewneuronscannotbeextrapolatedtolargersamplesofparallelspikedata.Nevertheless,
thisapproachmaybehelpfultoquantifytheamountofinformationpresentinparallel
spiketraindatawhichisdeliveredbycorrelationsofacertainorder.

5.3.2 Methodsforspikepatterndetection

Thesecondgroupofmethodscoveredinthisreviewisdesignedtodetectgroupsofneu-
ronsinvolvedinmillisecond-precisespikingpatterns.Thesemethodsachievethisgoalby
detectingspikepatternsthatrepeatsufficientlymanytimestobeclassifiedasnon-chance
patterns. Non-chancepatternsareconsideredasignatureofassemblyactivationAbeles
(1991),andhavebeenassociatedtobehaviorinseveralexperimentalstudies(Prutetal.,
1998). Thelargenumberofpossiblepatternsinlargescalerecordingsoftenposesnon-
trivialcomputationalandstatisticalproblems.Togetaflavorofthisproblem,considera
populationofNneuronsrecordedinparallel.Theseneuronsmayorganizetheiractivity
inupto2Ndifferentpatternsofsynchronousspikes,whichiscloseto1030forN=100,as
regularlyavailableinmodernextracellularrecordings.Thisnumberincreasesbyordersof
magnitudeifarbitrarySTPs,andnotonlysynchronousevents,areconsidered. Without
anypreviousknowledgeabouttheneuronspossiblyinvolvedinthecorrelation,ablind
searchforpatternsoccurringmorethanexpectedundersomenullhypothesishastobe
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performed,accountingforallthesepossibilities. Thecomputationalburdenmaybeex-
cessive(evenallocationoftheoccurrencecountsofallpossiblepatternstomemorymay
beimpossible).Besides,testingallpatternsindividuallyforstatisticalsignificancewould
yieldinsurmountablemultipletestingissues.Finally,theamountofdataneededtocollect
adequatestatisticalevidencewouldbeimmense,andmostlikelyunavailable.Themethods
consideredherehavebeendevelopedtoaddresstheseissues. Wespecificallyrestrictour
attentiontomethodsthatcanbeappliedtolargescalerecordings,andwhoseabilityto
discoverexistingpatternshasbeendemonstratedonsimulateddata. Also,wedisregard
thosemethodsthatsearchonlyforpatternstemporallylockedtosomestimulation. A
recentreviewofthelattercanbefoundinLevakovaetal.(2015).

Maximumentropy models(MEM)

Asmentionedalreadyinsection5.3.1,MEMsprovidethepossibilitytoassessthelikelihood
ofspecificspikepatternsbasednotonlyontheaverageneuronalfiringrates,butalsoon
theobservedsecondandhigher-ordercorrelations.AsshowninFigure5.3.2,aMEMof
orderξconvertsspiketrainstobinarysequencesbybinning,computestheaveragezero-lag
correlationsuptoorderξ(thevectorofaveragefiringrates,thematrixofsecondorder
correlationcoefficients,thetensorofthirdordercorrelations,andsoon),andthenprovides
ananalyticalestimateofthep-valueofanyspikepatternundertheseconstraints(and
undertheadditionalassumptionthatthespiketrainsarePoisson).Ajointdistributionof
Nbinarystates(on/offneurons)isfullyspecifiedifandonlyifallmultivariatemoments
uptoorderN aregiven. MEMsspecifyonlythecorrelationsuptoanorderξ<N,
andthendeterminethemaximumentropy(theleastassertive)distributionamongallthe
distributionscompatiblewiththegivenconstraints(seeJaynes,1957).

Byconstrainingthedistributiontocorrelationsuptoagivenorder,thepresenceof
“genuine”higher-ordercorrelations(thatis,ofcorrelationsthatarenotexpectedbased
solelyontheobservedlowerordercorrelations)canbeascertained.Theanalyticaltreat-
mentprovidesanefficientwaytoanalyzedatafromrelativelylargeparallelrecordings.
Thismethodologyhasbeenusedinanumberofstudiestosearchforstatisticallysig-
nificantsynchronousspikepatterns,constrainingontheobservedaverageneuronalfiring
ratesandaveragepairwisecorrelations(ξ=2)(see,e.g.,Schneidmanetal.,2006;Tkacik
etal.,2006;Tangetal.,2008).Shimazakietal.(2012)extendedthemethodtoaccount
fortimevaryinginteractions.Kassetal.(2011)andKellyandKass(2012)incorporated
inthenullhypothesishistoryeffectsthatmakethespiketrainsdeviatefromthePoisson
assumption.

Despitetheseefforts,anumberofshort-comingslimitstheapplicabilityofMEMsto
MPSTdata.First,themaximumentropydistributionamongalargenumberofneurons
iscomputationallydemandingtoevaluateduetothelargenumberofparameterstobe
determined.Thisiseventhemoresoifnon-stationaritiesaretakenintoaccount,whichis
necessaryinmostapplicationstoavoidbiasedstatistics.Second,evaluatingthep-value
ofeachpatternindividuallyleadsin MPSTdatatomultipletestingissues,resultingin
excessivefalsepositives(orfalsenegativesafterstandardstatisticalcorrectionslikee.g.the
Bonferronicorrection).Third,Rostamietal.(2017)studiedindetailtheaptnessofMEMs
inapplicationtoMPSTdataandshowedthatMEMspredictabimodaldistributionfor
thepopulation-averagedactivity,whenitisappliedtotypicalexperimentalrecordingsof
150ormoreneurons.ThustheMEMdistributionisnotuniquelypredicted,butswitches
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A B

Figure5.5:Maximumentropymodels. A) Asegmentofthesimultaneousresponsesof
40ganglioncellsinthesalamanderretinatoanaturalmovieclip(toppanel).Discretiza-
tionofparallelspiketrainsintobinarypatternsisshownbelow(green). Thebinary
vectorsdescribethejointactivitypatternsofthecellsatagiventimepoint.Forclarity,
10outof40cellsareshown(bottompanel).B)Usingthesamegroupof10cellsfrom
panelA,therateofoccurrenceofeachfiringpatternpredictedfromamaximumentropy
modelP2thattakesintoaccountallpairwisecorrelationsisplottedagainstthepattern
ratemeasuredintherecordeddata(reddots).Forcomparison,theindependentmodelP1
isalsoplottedingrey.Theblacklineindicatesequality.Figuremodifiedwithpermissions
fromSchneidmanetal.(2006).

betweendifferentstatesofactivitiesforlongdatasets.Forthesereasons,theMEMmodel
doesnoteasilyscaletodataoflargepopulationsofneurons.Nevertheless,forsmallerdata
sets(upto30−40parallelrecordings)MEMsprovideavaluabletooltoanalyzegenuine
higher-ordersynchronousevents.

NeuronalcliquesandGroupsofIntra-Correlatedcliques(GIC)

AfirstapproachtoanalyzeMPSTdataforthepresenceofcellassembliesofpossiblylarge
sizeinvolvedincorrelatedactivityistheGroupsofIntracorrelatedCliques(GIC)analysis,
developedbyBergeretal.(2007).Themethodfirstdeterminespairsofcorrelatedneurons
usingthecross-correlationhistogram(CCH;Perkeletal.,1967),thengroupsoverlapping
pairsintolargergroupswhichpossiblyindicatehigher-orderinteractions.

TheCCHbetweenareferenceandatargetneuronisahistogramwhoseentriescount,
foranypositiveornegativetemporaldelay∆t,thenumberofspikesthatthetargetneuron
emitswithdelay∆tfromanyonespikeofthereferenceneuron.Ifthetargetneuron
tendstofirewithdelay∆tbeforethereference(∆tnegative)orafterit(∆tpositive),a
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Figure5.6: Cliquesofpairwisecorrelatedspikedata. A) Rasterdisplayof84
simultaneouslyrecordedmulti-unit(MUA)spiketrains,i.e.spikesofthesametrainwere
notsortedintosingleneurons. Someoftheelectrodesdidnotrecordanydata,thus
thecorrespondinglineisempty.B)Arrangementofthe100electroderecordingarray
(Utaharray).Emptycirclesmarkelectrodesthatwerenotconnected,electrodesmarked
withacrossdidnotwork. Therest(reddots)indicateworkingelectrodes,fromwhich
thedatainpanelAwererecordedfrom. Thenon-diagonalnextelectrodedistancewas
L=400µm.C.ExampleCCHoftwomulti-unitspiketrains. Black:cross-correlation
oftherecordeddata,binwidth:1ms,redline:smoothedCCH(rectangularkernelof
10mswidth).Thegreenlineshowsthebin-wiseaverageCCHsofthesurrogatedata(100
repetitions)generatedbyspikeditheringwith±35ms,andsmoothedastheoriginalCCH.
ItrepresenttheexpectedCCHunderthenullhypothesis.Thebluelineindicates+2std
ofthebin-wiseentriesofthesurrogateCCHs.ApairofMUAsisconsideredsignificantly
correlatedifthesmoothedoriginalCCH(red)exceededatoraroundτ=0thissignificance
level.D) Clustersofcliquesofsignificantlycorrelatedpairsof MUAs. Asignificantly
correlatedMUApairisrepresentedbytwonodes(eachMUAidisshownintherespective
rectangle). Groupsof3ormoreall-to-allcorrelated MUAsareclusteredintocliques.
Cliquessharingatleastonenodearefurthercombinedintoagroupofintracorrelated
cliques(GIC).Theresultingfourclustersaremarkedindifferentcolors(red,green,cyan
andblue). MUAsnotfulfillingthesecriteriaaremarkedbygraysquares,connectedby
dashedlinestotheotherMUAtheyarecorrelatedwith.Figuremodifiedwithpermissions
fromBergeretal.(2007).
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peakintheCCHarises,centeredat∆t. Othereffectsnotrelatedtocorrelatedactivity,
suchasfiringratevariabilityandhighregularityoftheindividualspiketrains,mayalso
causepeaksoroscillationsintheCCH.UnbiasedpredictorsoftheCCHunderthenull
hypothesisofspiketrainindependencethataccountforthesefactorshavebeendeveloped
basedondatasurrogates(Louisetal.,2010c).Forinstance,apredictoraccountingfor
bothratechangesandspikeregularitycanbecomputedusinga MonteCarloapproach
astheaverageCCHobtainedfromsurrogatesoftheoriginaldatageneratedbyspike
dithering.Confidenceintervalscanbeobtainedanalogously.

Possibleinteractionsamongmorethantwospiketrainsarethenobtainedcombining
theinformationprovidedbytheCCHsbetweenallpairs.Theproposedmethodworksin
threesteps.Statisticallysignificantpairwisecorrelationsaredeterminedonthebasisof
suitablepredictors(forsynchrony:attimelag∆t=0,orslightlylargertoaccountfor
jitter).Second,cliquesofall-to-allcorrelatedpairsarecollected,andallcliquesabove
apreselectedminimumsize(e.g.,allcliquesof3ormoreneurons)areretained. Third,
cliquessharingatleastoneneuronaremergedintoasingleGIC.

Bergeretal.(2007)appliedthisproceduretoMPSTdatacollectedfromcatV1during
visualstimulationwithfullfieldflashstimuli,andfoundfourspatiallyclustered,distinct
GICscomprising3to21neurons(Figure5.3.2D,eachGICshowninadifferentcolor).
TheseGICsalsoformedclustersincorticalspaceandwerespeculatedtoreflectactivity
fromunderlyingconnectivityformingorientationcolumnsaswasshownbyopticalimaging
(e.g.Ḧubeneretal.,1997).

ThemethodreliesonthecomputationoftheCCHsbetweenallpairsofinvestigated
neuronalactivitiesandtheevaluationoftheirstatisticalsignificance.Thefirstamounts
to N

2 pairsforN neurons,anumberthatgrowsquadraticallywithN. Testingeach
CCHforsignificanceusingaMonteCarloapproachfurtherrequiresthecomputationof
uptohundredsofsurrogateCCHs.Thecomputationalburdenmaybecomeunaffordable
withoutresortingoncomputeclusters.Forthisreason,Bergeretal.(2010a)workedouta
pre-processingapproachthatexcludesfromtheanalysisindividualneuronscontributing
weaklytosynchronousevents.Thepre-processingstepwasusedeffectivelyonthesame
dataandverifiedtheoriginalanalysis,howeveratconsiderablyreducedcomputational
cost.

GICsformedbythreeormoreneuronsmaybeevidencefor,butnotnecessarilyimply,
thepresenceofhigher-than-pairwisecorrelation. Themethoddoesnottestforgenuine
higher-ordercorrelations(i.e.,correlationsthatremainstatisticallysignificantwhencon-
ditioningoncorrelationsoflowerorder). Thecorrespondingmodelofspikingactivity
isthepairwisecorrelatedpointprocessdescribedinsection5.2.2. Ontheotherhand,
higher-ordercorrelationsinthedatamaybe,butnotnecessarilyare,foundasGICs.

CellAssemblyDetection(CAD)

RussoandDurstewitz(2017)recentlyintroducedadifferentmethodtotacklethemultiple
testingproblemarisinginthesearchofrepeatedspikepatternsin MPSTdata. The
authorssuggestedanagglomerativealgorithm(whichwerefertohereasCellAssembly
Detection,orCAD)thatiscomposedoftworecursivesteps:a)astatisticaltestforpairwise
correlations,andb)aclusteringprocedurethatagglomeratespairwiseinteractionsinto
patternsoflargersize.AverysimilarideawasintroducedbyGersteinetal.(1978).

Instepa),spiketrainsaresegmentedinsmalltimebinsofwidthw.Then,foreach
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pair(A,B)ofspiketrains,thealgorithmcountsthenumbernAB,̄loftimesthatonespike
ofspiketrainAisfollowedbyaspikeofspiketrainBafter̄lbins.Thelagl̄ischosento
maximizetheobservedjointspikecountnAB,̄l.Underthenullhypothesisthatthespike
trainsarerealizationsofindependentPoissonprocesses,themethodthenderivesthenull
distributionofthestatistic

nABBA,̄l=nAB,̄l−nAB,−l∗,

wherel∗isanarbitraryreferencelagforwhichnAB,̄l≥nAB,l∗.ConsideringnABBA,̄l
insteadofnAB,̄lisnecessarytocompensateforbiasduetofiringratenon-stationarity
(seeFigure5.7).IfnABBA,̄ldeviatessignificantlyfrom0,thenthespiketrainpairAB
isconsideredtobepartofthesamespikepattern. Theadvantageofthisapproachis
thatitavoidshighcomputationalcostbyderivingallp-valuesanalytically.However,this
strategyheavilyreliesontheassumptionofPoissonianity-whichmaynotbeafeatureof
thedataandmayleadtofalsepositives(e.g.seePipaetal.,2013).Also,N

2 statistical
testsareperformedatthisstepinthepresenceofNspiketrains,leadingtoamoderate
multipletestingissue.
Instepb),largerspikepatternsareobtainedbyrecursivelytestingpatternspreviously

formedwithanyotherneuron,i.e.tripletsareformedbytestingeachsinglesignificant
pairABwithanyotherunitCusingthesameframeworkintroducedforpairs.Inorder
tomakeuseofthenulldistributionderivedforpairwisetesting,allspikesofAwithlag
l̄ABareconsideredtoformanewartificialunit(AB,l̄AB),representingthenthepattern
occurrences.Thetestisthenperformedonthepair((AB,l̄AB)C,l̄(AB)C).Byproceeding
iterativelywiththisagglomerativeprocedure,thealgorithmextendsfrompairstopatterns
ofanysize.Thus,thisapproachdoesnotexplicitlytestforhigher-ordercorrelations,which
leadstoalowerstatisticalpowerthanmethodstestingdirectlyforhigher-ordercorrelations
(seesection5.5).
CADcandetectnotonlySTPs,butalsocorrelationsofaveragespikecounts(e.g.

firingratemodulation).Todosothemethodallowstheusertoincreasethebinsizew,
suchthatmorethanonespikeiscontainedinabin. Forexampleincasethatneuron
Ashowsrepeatedincreaseinthefiringrate,followedbyanincreaseinneuronBafterl
bins(e.g.correlatednon-stationaryfiringrates)appearingasspikecountcorrelationsin
nABBA,̄l.Inparticular,itispossible–inthecaseofmultiplespikesinthesamebin–
todecomposeeachprocessinasumofbinaryprocessesandtosuccessivelyassesstheir
significanceusingthesameframeworkpreviouslyintroduced. Foradditionaldetailswe
refertotheoriginalpublication.ThusCADisnotlimitedtodetectfinetemporalspike
pattern,butisalsocapabletodetectcorrelationsonalargertimescale.

SpikePatternsDetectionandEvaluation(SPADE)

Spikesynchrony(seesection5.2.3)orspatio-temporalspikepatterns(section5.2.4)in
MPSTdatacanbeeffectivelydetectedbytheSpikePAtternDetectionandEvaluation
(SPADE)analysismethod(seeTorreetal.,2013,andQuaglioetal.,2017,respectively).
SPADEcomprisesthreesteps:a)adataminingproceduretoefficientlyextractrepeat-
ingsynchronousspikepatternsthataresuitablecandidatestobesignificantpatterns,b)
statisticaltestingtoassessthesignificanceoftheminedpatterncandidates,andc)assess-
menttheconditionalsignificanceofeachpatternretainedafterstepb),givenanyother
foundpatternoverlappingwithit;thelaststepisneededtorejectpatternsthataredue
tochanceoverlapofrealpatternswithbackgroundactivity.
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Figure5.7: CADpairwisetest: SketchofthestatisticalpairwisetestoftheCAD
method. ThecountnAB,lofspikeswithwithalaglistestedifitissignificantlylarger
thanthecountatareferencelag. Herethereferencelagischosenequalto−l,which
correspondtothecountnAB,−l=nBA,l.UnderthenullhypothesisofindependentPoisson
processestheobservablenABBA,l:=nAB,l−nBA,lhasaverageequalto0alsoincaseof
firingratenonstationaryfiringrate.FiguremodifiedwithpermissionsfromRussoand
Durstewitz(2017).

Stepa)isaccomplishedbyFrequentItemsetMining(FIM,ZakiandOgihara1998or
equivalentlyFormalConceptAnalysisGanterandWille1999;Piskov́aandHorv́ath2013).
Timeisdiscretizedintoconsecutivebinsofdurationw,andthesetsofneuronsemitting
aspikeineachbinarecollected(seeFigure5.8A).Theactivityofasynchronouscell
assemblyimmersedinalargerpopulationofrecordedneurons(e.g.,neurons1,3and4)
typicallyappearsasasetofspikesfallinginthesametimebin,togetherwithadditional
spikesemittedbyotherneuronsandfallinginthesamebinbychance.Revealingactive
synchronouscellassembliesthusrequirestoassessthestatisticalsignificanceofallsubsets
ofalltransactions. However,forN neuronsthelattermaybeasmanyas2N different
patterns,yieldingseverecomputationalandstatisticalissues. Ofinterestamongthese
patternsarethosewhicharefrequent,i.e.occuratleastaminimumnumberoftimes
(inourcase,2times),andwhichareclosed,i.e.,donotalwaysoccurasasubsetofthe
samesuper-pattern.Allpatternswhicharenotfrequentornotclosedmaybediscarded
undertherationalethattheyareeithertoosporadic,ortriviallyexplainedbylarger
patternsinthedata.Figure5.8Ashowsinfrequent(black),frequentbutnotclosed(blue)
andfrequentandclosed(red)patternsextractedfromthetransactionsinpanelA.The
latteraretypicallyasmallfractionofthetotalpatterns. Therefore,testingthemonly
forsignificancedrasticallyreducesthecomputationalburdenandthe multipletesting
problem,withoutcausinganyinformationloss.FIMprovidesaclassofefficientalgorithms
tocollectclosedfrequentpatternsindataoflargesize.

Similarapproachesbasedondifferent,moreheuristicaldataminingframeworkshad
beendevelopedinpreviouswork.SeeinparticularAbelesandGerstein(1988)andGansel
andSinger(2012)fortwodifferentalgorithmstopre-filterpatternsbasedontheirneuronal
composition.ForanapplicationoftheformertoMEGdata,seeTalandAbeles(2016).
Thesemethods,however,donotguaranteethatthefilteredpatternsareallclosed(that
is,allnon-trivial)patternsinthedata,therebypossiblyleadingtoalossofinformation.
Also,neitherofthetwomethodologiesisaccompaniedbyanapproachtotestforthe
statisticalsignificanceofthefilteredpatternsdesignedforMPSTdata.

Stepb)ofSPADE,calledpatternspectrumfiltering(PSF;seeFigure5.8B),assesses
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thestatisticalsignificanceofeachclosedfrequentpattern(typicallythousandsormore
in MPSTdata)onthebasisofthepatternsizez(i.e.thenumberofneuronsforming
thepattern)andoftheoccurrencecountc(i.e.thenumberoftimesthepatternoccurs),
irrespectiveofthespecificneuronalcompositionofthepattern.Thepair(z,c)iscalled
thepatternsignature.Becausethenumberofdifferentpatternsignaturesisordersofmag-
nitudesmallerthanthetotalnumberofdifferentpatterns,thispoolingstrategyavoids
themultipletestingissuethatwouldarisefromtestingeachclosedfrequentpatternindi-
vidually.PSFcomputesthep-valueofeachobservedsignaturebasedonsurrogatedata
thatpreservethemarginalpropertiesoftheoriginalspiketrainssuchastheinter-spike
intervalsandthefiringrateprofiles(seePipaetal.,2008;Louisetal.,2010c).

Thepresenceofarealsynchronousspikepatternindatatendstoincreasetheoccur-
rencecount,andthereforethesignificance,ofotherpatternsthatresultformachance
overlapofthepattern’sspikeswithbackgroundactivity.Stepc)ofSPADE,calledpat-
ternsetreduction(PSR)(seeFigure5.8C),detectsandremovesthesefalsepositivesby
assessingtheconditionalsignificanceofallpatternsfoundafterstepb)givenanyother
overlappingone.

Thepresentstudyandrelatedpublications(Yegenogluetal.,2016;Quaglioetal.,2017)
extendedSPADEtodetectarbitrarySTPs(definedinsection5.2.4).STPsspanninga
maximumnumberofKbins(forsynchrony:K=1)canbesimilarlydefinedassubsets
oftransactionsconstructedasfollows.AwindowofKbinsisslidthroughthedataover
timeinstepsof1bin(Figure5.9A).Eachwindowpositioncorrespondstoatransaction
whoseelements(items)arepairs(i,j),onepairperspikeinthewindow,irepresentsthe
idoftheneuronthatemittedthespike,whilejrepresentstherelativelocationofthespike
insidethewindow(j=1,...,K)(Figure5.9B-C).Dataformattedintransactionsthis
waycanbescreenedforclosedfrequentSTPsbyFIM(equivalently,FCA)algorithms.
TheevaluationofthestatisticalsignificanceofclosedfrequentSTPsrequiresthesame
stepsasforsynchronouspatterns,namelyPSFandPSR.Theonlydifferenceisthatthe
p-valuespectrumcanbeextendtoathirddimension(patterndurationd)todifferentiate
patternswithdifferenttimescales. Otherapproachesthatfilterpatternsbasedontheir
stability(looselyspeaking,thetendencyofapatterntoreoccuridentically)ratherthanon
statisticalsignificancewerealsoinvestigatedinYegenogluetal.(2016),buthadahigher
computationalcostoryieldedalowerperformance.

AnalysisofSequencesofSynchronousEvenTs(ASSET)

Sequencesofsynchronousspikeevents(SSEs)constituteonetypeofcoordinatedspiking
wheresynchronypropagatesfromonegroupofneuronstothenextinatemporallyprecise
manner.Thesynfirechainwasproposedasonepotentialmodelforsuchkindofnetwork
processing. Torreetal.(2016a)introducedtheAnalysisofSequencesofSynchronous
EvenTs(ASSET)torevealthistypeofcorrelatedactivityin MPSTdata. Themethod
buildsontheworkofSchraderetal.(2008),extendingitbyintroducingstatisticaltests
andtherebyallowingforafullyautomatedanalysis.

First,timeissegmentedintoconsecutivebinsoflengthw(see5.10A,left).Second,
anytwotimebinsarecomparedforthenumberofneuronsthatspikeinthesetwobins,i.e.
theintersectionofthetwosets.Theresultsofallthesecomparisonsformtheintersection
matrixIsuchthatthecomparisonofbiniandjisenteredinthematrixelementIi,j.
Synchronouseventscomposedofthesame(ormanyoverlapping)neuronsleadtoalarger
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Figure5.8:SPADEanalysis. A)Sketchofthediscretizationoftheparallelspikedata
intobinnedspiketrains. Thesetofneuronids(“items”)spikingineachbinforma
“transaction”. Thesubsetsextractedfromeachtransaction,or“itemsets”,represent
allobservedsynchronousspikepatternspresentinthedata.TheFIMdataminingstep
organizestheitemsetsinasearchtreeandeventuallyreturnsallclosedfrequentitem
sets(rightpanel,circledinred),discardingtheinfrequent(black)andnonclosed(blue)
ones.B)Significanceevaluation.Illustrationofassessmentofclosedfrequentpatterns
forstatisticalsignificanceofsimulateddataconsistingofasynchronouspatternofsize
z=10occurringc=6timesandembeddedinapopulationwith90additionalinde-
pendentspiketrains). Fromlefttoright:patternspectrumofthenumberofpatterns
foreachsignature(z,c)foundindata;p-valuespectrumofeachsignatureunderthe
nullhypothesiscomputedoverstatisticallyindependentsurrogatesoftheoriginaldata;
significant(red)andnonsignificant(gray)signaturesintheoriginaldata(significance
threshold:α=0.01,correctedformultipletestsbyfalsediscoveryratecorrection).C)
PatternsfoundasstatisticallysignificantafterPSF(lowerlistsinB)aretestedforrecip-
rocalconditionalsignificance. Conditionallysignificantpatternsareretained(here,the
truepattern1,2,...10occurring6times),theothersarediscardedaschanceoverlapof
thesignificantoneswiththebackgroundactivity.Figuremodifiedwithpermissionsfrom
Torreetal.(2013).
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Figure5.9: Detectionofspatio-temporalspikepatterns. A) Constructionofa
transactiondatabase.Spiketrainsarebinned,andawindowoflengthKbinsisslidin
timeinstepsof1bin.Forwindowpositionswhichstartwithaspike,thespikesfalling
intothewindowarecollected. Thesearetransformedintimesuchthatthespikesper
neuronareconcatenatedtoavectorsuchthatalistofpairs(i,j)ofspikeidiandrelative
spiketimej,j=1,...,Kareformed.B)Transformedspikingactivitiesfromtwowindow
positionsconcatenatedtoparallelbinarysequencesenablingtosearchSTPsbydetection
ofsynchronousentriesasshowninC).FiguremodifiedwithpermissionsfromQuaglio
etal.(2017).
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Figure5.10:ASSETanalysis.A)Sketchofarasterplotofparallelspiketrainsofmultiple
neurons(verticalaxis)overtime(horizontalaxis). Dotsineachrowcorrespondtothe
spiketimesofoneneuron.Timeisdiscretizedintoadjacentbins(markedbywhiteand
blueshadedbackgrounds)todefinesynchronousevents.Synchronousspikesformingan
SSErepeatingtwiceareindicatedbycoloreddots(onecolorperevent). Ontheright:
IntersectionmatrixI.EachmatrixentryIi,j(valuesencodedbygraylevels)containsthe
degreeofoverlapofneuronsactiveintimebinsbiandbj.B)Significanceevaluationof
repeatingSSEs.Left:ThecumulativeprobabilityPi,jcalculatedforeachentryIi,,jana-
lyticallyunderthenullhypothesisH0thatthespiketrainsareindependentandmarginally
Poisson.Secondfromleft:ThellargestneighborsofIi,,jinarectangularareaextending
alongthe45degreedirectionareisolatedbymeansofakernelandtheirjointcumulative
probabilityisassignedtothejointprobabilitymatrixJatpositionJi,j.Thirdfromleft:
Forachosensignificancethresholdα1fortheprobabilityofindividualentriesPi,janda
significancethresholdα2forthejointprobabilityoftheneighborsofentriesJi,jeachentry
ofIforwhichPi,j>α1andJi,j>α2isclassifiedasstatisticallysignificant.Significant
entriesofIareretainedinthebinarymaskedmatrixMi,j,whichtakesvalue1atpositions
(i,j)whereIisstatisticallysignificantand0elsewhere.B,right:1-valuedentriesinM
fallingclose-byareclusteredtogether(ordiscardedasisolatedchanceevents)bymeans
ofaDBSCANalgorithm,whichthusisolatesdiagonalstructures.Figuremodifiedwith
permissionsfromTorreetal.(2016a).
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valueofIi,,jcomparedtoindependentdata,i.e.chanceoverlap.

AnSSEcomposedof(largely)thesameneuronsoccurringtwotimesinthedatayields
onediagonalstructureoflargeentriesintheintersectionmatrixI. Thus,adiagonal
structureintheintersectionmatrixindicatestheoccurrenceofarepeatedSSE.ASSET
detectsandisolatesdiagonalstructuresintheintersectionmatrixbyastatisticalproce-
dure.ThemethodfirsttransformstheintersectionmatrixIintoaprobabilitymatrixP
(Figure5.10B,left)definedsuchthatPijrepresentstheprobabilityforIijtobeatmost
theobservedvalue,underthenullhypothesisofspiketrainindependence.Pijisobtained
analyticallyorbyMonteCarlosimulation.ValuesofIijlargerthanexpectedcorrespond
tovaluesofPijcloserto1.PisfurthertransformedintoajointprobabilitymatrixJ
whoseentriesJijrepresentthejointprobabilityofoverlapsalltheintersectionsIhk,where
thebinsh,kformaneighborhoodof(i,j)(Figure5.10B,secondfromleft). Diagonal
structuresinIduetoarepeatedSSEsleadtohighlysignificantvaluesbothinPandin
J.Individual,isolatedrepeatedsynchronouseventsyieldastatisticallysignificantentry
inPbutnotinJ.Inlightoftheseconsiderations,amaskedmatrix M isconstructed,
whoseentriestakebinaryvalues:Mij=1ifbothPijandJijarestatisticallysignificant,
Mij=0otherwise(Figure5.10B,thirdfromright).Finally,close-byone-valuedentriesin
themaskedmatrixareclusteredtogetherintheclustermatrixCofdiagonalstructures.
Thisstepallowstoidentifythediagonalstructuresasindividualentities,andtodiscard
spuriousisolatedentriesinM (Figure5.10B,right).

ASSETisrobusttofiringratevariabilityovertimeandacrossneurons,aswellastothe
presenceofspikecorrelationsdifferentfromSSEs(seeTorreetal.,2016a).Furthermore,
simulationsoflargebalancedneuronalnetworkswereusedtodemonstratethatthemethod
isabletosuccessfullydiscoverSSEsresultingfromtherepeatedsynfirechainactivation.

5.4 Methodcomparison

Intheprevioussectionswegaveanoverviewofninemethodsfortheanalysisoftemporally
precisespikecorrelationsin MPSTdata. Wealsoillustratedthedifferentwaysthese
methodsdealwiththecombinatorialandstatisticalchallengesthatcharacterizesuchan
analysis.Thevariousmethodsaimtorevealdifferenttypesofcorrelatedspikingactivity.
Tothisend,theyrelyondifferentstatistics.

Intheupcomingsubsectionswegiveacomparativeoverlookoftheapplicabilityof
thesemethodstodatacharacterizedbydifferentcorrelationstructures.Inparticular,we
discussthesensitivityofeachmethodtocorrelationsofadifferenttypethantheoneitwas
designedtodetect. Anaturalquestionhereiswhetheramethoddesignedtoanalysisa
particularcorrelationstructuremaystillprovidepartialinformationaboutdifferenttypes
ofcorrelatedspiking.Ifso,analyzingadatasetwithdifferentmethodsmayprovidethe
researcherwitharicherpictureofthepossiblypresentcorrelations,andevenaidacorrect
interpretationoftheresults.Inthefollowingwediscusshowtheintroducedmethodsreact
todifferentcorrelationstructures.5.2summarizestheresults.

5.4.1 PopulationSynchronization

Inthecasewhensynchronousspikeeventsinvolvedifferentneuronsateachoccurrence
time,noparticularspikepatternreoccurs.CuBICandPUEfindtheminimumorderof
excesssynchronouseventstobeassumedinthedata.Theteststatisticsarebasedonthe
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Method Pairwise
Correla-
tion

Synchronous
Patterns

Population
Synchronization

STPs SSEs

Complexity
distribution

() () ()

CuBIC () () ()

PUE () () ()

Max.Entropy
Information

∗

Max.Entropy
Models

∗

Cliques () () ()

SPADE () ()

CAD () ()

ASSET

Table5.2: Tableof methodsandstochastic models. Thetablesummarizesthe
abilityofeachmethodtoretrievecorrelationsrepresentedbydifferentmodels. :the
methodisdesignedtodetectthatparticular modelandtheoutput matchesperfectly
anddescribescompletelythecorrelationstructureofthedata.():Themethodwas
designedforadifferentcorrelationmodel,butitisstillpossibletogetpartialinformation
aboutthecorrelationstructureofthedata. ∗:Themethodisinprincipleapplicable,
butinpracticeaffectedbycomputationaland/ormultipletestingissueswhenusedon
MPSTdata;theresultsmayleadtomisinterpretthecorrelationstructureduetolackof
informationaboutit. Fortheremainingentriesthemethoddoesnotprovidesufficient
informationtoreconstructthecorrelationstructure.
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complexitydistribution,whichdoesnotincludeinformationabouttheneuronalcompo-
sitionofeachsynchronousevent.PUEcanadditionallybeperformedinatimeresolved
fashion,andthereforemaydiscovertimevaryingcorrelationorders. TheCIIapproach
quantifiestheamountofinformationabouttheprobabilitydistributionofsynchronous
spikepatternsthatisdeliveredbycorrelationsofagivenorderorlower,outofthetotal
informationdeliveredbyallcorrelations.Thus,itmayalsobeusedtodetectthemaxi-
mumorderofcorrelationinthedatatoaccountforagivenpercent(e.g.,99%)ofsuch
information.Inpracticethough,CIIiscomputationallyintensiveandtypicallycannotbe
usedforMPSTdatatodiscriminatebeyondsecondversushigher-ordercorrelations.

Themethodsdesignedtodetectspecificgroupsofcorrelatedneurons(MEMs,GIC,
SPADE,CADandASSET),instead,aregenerallyblindorweaklysensitivetopopulation
correlations.Ifthedataarelongenoughandthepopulationsynchronizationinvolves
bychancethesamespikepatternsrepeatedly,someofthesemethodsmaybeableto
classifysuchpatternsasstatisticallysignificant.This,however,willprovideonlypartial
informationaboutthetrueunderlyingcorrelationstructure.

5.4.2 PairwiseSynchronization

Thegoaloftheanalysisofadatasetcontainingpairwisesynchronizationconsistsinfinding
allthepairsofneuronsinvolvedinabove-chancesynchronousfiring.Inthisscenario,
CuBICandPUEareexpectedtoreturntheminimumorderofcorrelationξ̂necessary
toexplainthedata,i.e.ξ̂=2. Thisholdsalsotrueforthecaseofoverlappingpairsof
correlatedneurons. However,ifthetotalamountofsynchronousspikepairspresentin
thedataisnothighenough,thesemethodsmayreportspiketrainindependenceinstead.
However,sincetheidentityoftheneuronsinvolvedinsynchronousfiringisnotresolved,
thespecificcorrelatedpairsarenotfound.CIIinsteadtakesvaluesverycloseto1,thus
highlightingtheabsenceofhigher-ordercorrelations.Inthepresenceoftimevaryingspike
trainstatistics,CuBICispronetoreporthighervaluesof̂ξbecausethemethodassumes
stationaryconditions.ThePUEanalysisandtheCII,instead,canaccountfortimevarying
rates(theformerbyatime-resolvedanalysis).FortheCIIapproach,however,thiscomes
atasignificantlyincreasedcomputationalcost.

Amongtheconsideredmethodsfordetectionofcellassemblies,GICandCADdirectly
evaluatethestatisticalsignificanceofeachpairofsynchronousfiringneurons. Testing
onlyforpairwiseinteractionsmakesthesemethodsparticularlyefficient(highstatistical
power,relativelylowcomputationalburden). GICcanalsocopewellwithtimevary-
ingfiringrates,assuitableCCHpredictors(surrogates)existforthiscase(Louisetal.,
2010b).However,itmayfailinproperlycharacterizingtimevaryingpairwisecorrelations,
sinceitreliesonthecross-correlogram,whichisatimeaveragemeasure. CADinstead
detectalltheoccurrencesofthesynchronousactivation,allowingthereconstructionofthe
exacttemporalevolutionofthepairssynchronizations.Furthermore,themorerelevant
differencebetweenGICandCADisthatthefirstgroupstogetherpairsorneuronswhich
aremutuallycorrelated,whileCAD,ifthesingleoccurrencesofsynchronizationinvolves
onlypairsofneurons,doesnotgroupthem,butitreturnspatternsformedbyindividual
pairs.SPADEisdesignedtodetectspecificsetsofcorrelatedneurons,includingpairwise
synchronization.It’sstatisticalpower,however,islowerthanthatofGICandCADfor
pairwisesynchronization.Indeed,SPADEfirsttestsforpatternsignificanceonthebasis
ofthepatternsizeandoccurrencecount,irrespectiveoftheneuronalcomposition.Thus,
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aspecificpairhastoexhibitalargernumberofsynchronouseventstobedetectedas
significant,comparedtodirectstatisticaltests.

Finally,ASSETcannotretrievecorrelatedpairsofneurons,becausetheydonotpro-
ducerepeatedSSEs.

5.4.3 SynchronousSpikePatterns

Inthepresenceofsynchronousspikepatternsofsizelargerthan2,theoptimalpattern
detectionwouldbeacompletedescriptionofthecorrelatedsetofneurons:theneuron
identitiesoftheneuronsinasynchronouseventandtheiroccurrencetimes.

Inthisscenario,methodstocharacterizepopulationcorrelations(CuBIC,PUE,CII)
generallytendtounderestimatethecorrelationorderinthedata. Thenumberofsyn-
chronouseventsofsizeξorlargerneededforthesemethodstoreportaminimumorder
ξofpopulationcorrelationismuchlargerthanthenumberofoccurrencesneededfora
singlepatternofsizeξtobecomestatisticallysignificant.Unlessseveralpatternsofsizeξ
exist,andtheiroverallcountislargeenough,populationmethodswillreportcorrelations
oflowerorder.ThisisparticularlytruefortheCIIindexforξ=2,whichhasbeenshown
totakevaluesverycloseto1(meaningthatcorrelationsoforder3orhighercontribute
negligiblytothetotalinformationabouttheprobabilitydistributionofsynchronousspike
patterns)alsowhenhighlysignificantsynchronousspikepatternsofmuchlargersizeare
presentinthedata(Torre,2016).

TheGICandCADanalysismaydetectsomeof(buttypicallynotall)theneurons
formingasynchronousspikepatternofsizelargerthan2.Theoccurrencesofthefull
patternincreasetosomeextentthepeakincross-correlationsofthepairscontainedin
it,possiblyleadingtostatisticalsignificanceforsomeofthem. Onlyifallpairsbecome
statisticallysignificant,though,thetwomethodsareguaranteedtofurthergroupthem
togetherandtoreconstructtherebythefullpattern.Thisistypicallynotthecaseforpat-
ternsoflargersize,sincethosetypicallyexhibitloweroccurrencecountsinexperimental
data(seeTorreetal.,2016b). AnadvantageofCAD,isthelimitedcomputationalcost
requiredtocarryoutthefullanalysis,duetotheanalyticalformulationofthenulldistri-
bution. AdditionallyforCADthedetectedgroupformapatternwhichoccursmultiple
timeswiththesameneuralcomposition,whilewithGICitisnotpossibletodistinguish
betweenactualspikepatternandagroupsofneuronsthataremutuallybutindependently
correlatedpairs.

MEMandSPADEaredesignedspecificallytoreliablydetectreoccurringsynchronous
spikepatterns,andthereforeperformoptimallyinthisscenario. MEMprovidesinaddi-
tionagenerativeprobabilisticmodelofthespikingactivity,whichallowsforresampling.
Inaddition,itallowsoneinprincipletoincludecorrelationsofanyorderamongtheneu-
rons,aswellashistoryeffectsthatmakethespiketrainsnon-Poisson.Onthedownside,
determiningthemodelparametersbecomesincreasinglycomputationallydemandingas
moreofsuchfeaturesareincluded.Also,testingforthestatisticalsignificanceofeachob-
servedpatternrunsintothemultipletestingproblem,effectivelylimitingtheapplicability
of MEMtodatawithatmostafewdozensofneurons.SPADEinsteadonlyindirectly
conditionsonexistingcorrelationsasittestsfortheconditionalsignificanceofapattern
withastatisticallysignificantsignaturegivenanyotherpatternsoverlappingwithit.The
methodisalsodesignedtodrasticallyreducethemultipletestingissue.Importantly,itis
verysensitivetosynchronouseventsoflargesize,whichneedonlyfewrepetitionstoreach
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thesignificancethreshold.Incontrast,lowordereventsneedtooccurmoretimestobe
identifiedasstatisticallysignificant(seeTorreetal.,2013,Figure2). Adownsidecom-
paredtoMEMisthatSPADEsolelyassessespatternsignificance,anddoesnotprovidea
probabilisticmodelofthespikingactivity.
ASSET,finally,doesnotdetectisolatedsynchronousspikepatterns(i.e.,patternsnot

formingfixed,repeatingsequences).Thereasonisthattheseeventsonlyproduceisolated
high-valuedentriesintheintersectionmatrix,butnodiagonalstructures.

5.4.4 Spatio-temporalpatterns

STPsarethegeneralizationofsynchronouspatternstothecasewhenneuronsfirein
afixedtemporalorder(yieldingasynchronousspikepatterninthespecialcasewhen
thedelaysare0). ThegeneraldefinitionofSTPsalsoincludesSSEsasaspecialcase.
Methodsdesignedtodetectpopulationsynchronization(suchasCuBIC,PUE,CII),as
wellasmethodslimitedtothedetectionofspikesynchrony(GIC,MEMs),arenotsensitive
toSTPs(except,ofcourse,forsynchronousspikepatterns). MethodslikeSPADEand
CADareabletoidentifySTPsofthegeneraltype.Specifically,SPADEallowstocorrectly
identifyandstatisticallytestforanyrepeatingspikesequencewithpre-assignedmaximum
timelag.Noadditionalassumptionsaremadeonthestructureofthepattern.Thesame
holdsforCAD,wherealsothemaximumtimelagisfixedbeforetheanalysisandthus
limitedtothemaximumalloweddelay.
Finally,ASSETisonlyabletoidentifySTPsoftheSSEtype,aspecialcasewhichis

discussednext.

5.4.5 Sequencesofsynchronousspikeevents

AnSSEconsistsofmultiplesynchronouseventswhichoccuratspecific,fixeddelaysafter
oneother. ThepresenceofareoccurringSSE(forinstanceduetotheactivationofan
activesynfirechain,seesection5.2.5)thusincreasestheoverallamountofsynchronization
observedindata.IftheSSEcomprisessufficientlymanyeventsortheseeventsinvolve
sufficientlymanyspikes,populationcorrelationmethodscouldthereforedetectthepres-
enceofsynchrony.IfthesizeofallsynchronouseventsintheSSEisthesame,sayξ,
CuBICandPUEwouldideallyreturnsynchronizationorderξinthedata.Ifinsteadthe
differentsynchronouseventsintheSSEhavedifferentsize,theyshouldreturnthemaxi-
mumsize.Inbothcases,however,bothmethodswilltypicallyreturnalowercorrelation
order.Furthermore,neitherofthetwomethodsidentifiestheneuronalcompositionofthe
eventsortheirtemporalstructure.CII,instead,willreportaninformationindexR2very
closeto1ifalleventsintheSSEcomprisetwospikes,andlowerthaniflargereventsare
present. ComputingindicesRξforξ>2mayhelphighlightingtheexistenceofhigher-
ordercorrelations,butitiscomputationallydemanding.Besides,itwouldnotprovidea
descriptionofthecomplexcorrelationstructure.
TheGICanalysiscouldtheoreticallyreconstructtheindividualeventsforminganSSE.

Forthistobepossible,theSSEhastooccursufficientlymanytimessuchthatzero-delay
pairwisecorrelationsamongallpairsofneuronsinvolvedinthesamesynchronousevent
becomestatisticallysignificant. Themethodwouldthenfurthergrouptheoverlapping
pairstogether,thusreconstructingeachsynchronouseventseparately.Besidesthat,even
inthisoptimalscenariothesynchronouseventswouldbefoundinisolation,andfurther
workwouldbeneededtogroupthemtogetherintoanSSE.
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SinceSSEsareaspecialcaseofSTPs,theycanbefullyreconstructedwithSPADEor
CAD,iftheyoccursufficientlymanytimesandifthetotaltimespanofoneoccurrenceis
shorterthanthechosenanalysiswindow.Thenumberofoccurrencesneededforsignifi-
cancedropsexponentiallyfastwiththetotalnumberofinvolvedneurons(see Torreetal.,
2013).Thus,forSSEsinvolvingsufficientlymanyneurons,evenjustafewrepetitionsare
sufficientfordetectionbySPADE.

Finally,ASSETisspecificallydesignedtodetectSSEsoccurringatleasttwotimes
inthedata. UnlikeSPADEandCAD,the methodaccountsfortheirprecisetempo-
ralstructure(synchronouseventsanddelaysbetweenthem)toassesstheirsignificance.
Specifically,ASSETcomputesthep-valueoftheSSEsasthejointprobabilityofhaving
synchronouseventsoftheobservedsizeinsequence.SPADEinsteadcomputestheprob-
abilityofhavinganySTPofdifferentcompositioncomprisingthesamenumberofspikes.
Forthisreason,thestatisticalpowerofASSETforSSEsoccurringtwotimesishigher
thanthatofSPADE.ThisallowsASSETtoretrieveSSEscomposedoffewerneurons
thanSPADEisabletodiscover.SPADEdoes,ontheotherhand,moreeasilydetectSSEs
occurringmorethan2times,becauseitcollectsevidencefromallpatternoccurrences.
ASSET,instead,evaluatesbydefaultonlythesignificanceofpairsofSSEoccurrences,
unlessintersectiontensorsofhigherdimensionarebuilt(seeGersteinetal.,2012,for
dimension3),whichispossiblebutcomputationallydemanding.

5.5 DiscussionandConclusions

Inthismanuscriptwediscussedmethodswhichenabletheanalysisofmassivelyparallel
spiketrains(thespikingactivityoftenstohundred(s)ofneuronsrecordedinparallel)for
finetemporalcorrelationsinthemsprecisionrange. Thecommonaimofsuchanalyses
istoidentifyspikingactivityindicativeofthepresenceofactivecellassemblies(Hebb,
1949b),definedasgroupsofneuronsthatformbuildingblocksforinformationprocessing
inthecortex. Discoveringanddifferentiatingvarioustypesoftemporallyprecisespike
patternsinexperimentalspikedatamaybecriticalinunderstandingdebatedmechanisms
ofcomputationsinthebrain.

Whilenoexistinganalysismethodisablealonetodistinguishamongthedifferent
typesofspikepatternsdiscussedintheliterature,combiningtheinformationdeliveredby
differentmethodsmayprovideabetterstrategy. Therefore,wesuggesttoapplymulti-
plemethods,inaparticularsequencetoapproachunknowndata.First,onewouldlike
toexploreifthereareatallindicationsforcorrelatedactivity.Fordoingthatdatacan
firstbeanalyzedwithcomputationallyefficientmethods,suchasthecomplexitydistri-
bution(Gr̈unetal.,2008)orother’scanning’methods(e.g. Bergeretal.(2010b)).If
thecomplexitydistributionprovidesnoindicationforthepresenceofhigher-ordercor-
relations,pairwiseorlowordercorrelationsorspatio-temporalpatternsmaystillexist
sincethemethodisnotsensitiveforthem.However,whencorrelationsarefoundwiththe
complexitydistribution,orthemaximumentropymethods,thesoleinterpretationis’the
datacontainhigher-ordersynchronycorrelation’,orincaseoftheapplicationofCuBIC
’thedatacontainHOCexceedingorderX’.OnlySPADE,CADorASSETallowtoiden-
tifyhigher-orderspikecorrelationsincludingtemporaldelaybetweenthespikesandthey
identifytheneuronsinvolvedin.Ifsuchspatio-temporalpatternsarefound,theirspatial
occurrenceontherecordingarray(e.g. Utaharray)maybeidentified(e.g.Torreetal.,
2016b). Withadditionalknowledgeonthedetailedpositionofthearrayonthecortex
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potentiallyinvolvedlocalareasandthepropagationdirectionmaybeuncovered.Ifon
theotherhandrecordingsareperformeddirectlyfromdifferentareas,e.g.asinZandvak-
iliandKohn(2015),ASSETmayuncoverthepropagationofsequencesofsynchronous
activityfromareatoarea.

Dependingontheprotocoloftheexperimentandthebehavioraldesign,datacanbe
splitintodifferenttrialsorsegmentsthatallowdifferentinterpretation.Ifforexample
dataaresplitandpooledaccordingdifferentbehavioralconditions,theanalysisofthe
twowiththesamemethod(e.g.SPADE)mayresultinthepresenceofdifferentspike
patterns,whichmaybeinterpretedas’inbehaviorAadifferentassemblywasactivated
thaninbehaviorB’.Evenmoreinformativearetime-resolvedanalysisapproacheswhich
canidentifydynamicallyoccurringspikepatterns,asdoneinRiehleetal.(1997b);Kilavik
etal.(2009)usingtheUEanalysis.PUE,asafurtherdevelopmentoftheCuBICanalysis,
enablesalsosuchatime-resolvedanalysisduetothelowcomputationalrequirement.
Othermethodsthathaveahighercomputationalload,suchasSPADEorASSET,can
beappliedinapseudotime-resolvedfashionbysegmentingthefulldataintoepochsof
interestandpoolingacrosstrials.Differentsignificantspikepatternsmayoccurindifferent
epochsorexperimentalcondition,whichmaybeinterpretedas’differentcellassemblies
areactivatedindifferentbehavioralcontexts’(foranapplicationofSPADE,seeTorre
etal.(2016b)).

Experimentaldatatypicallyexhibitvarioustypesofvariability-non-stationaryfiring
rates,rateinhomogeneityacrossneuronsortrials,andinter-spikeintervalsbeingmore
orlessirregularthanaPoissonprocessarecommonobservations. Thesefeaturesneed
tobeincludedinthenull-hypothesistoavoidfalsepositivefindings(Gr̈unetal.,2003;
Pipaetal.,2013;Gr̈unetal.,2002b). However,ananalyticaldescriptionofthenull-
hypothesisisformostofthecasesmathematicallynotpossible,ordifficultinpractice
(forinstance,parameterssuchasinstantaneousfiringratescannotbewellestimatedfrom
data;forareviewseeGr̈un(2009)).Surrogatedata,i.e. modificationsoftheoriginal
dataobtainedbydestroyingtheaspectthatistestedfor,e.g.finetemporalcorrelations,
provideapracticalalternativesolution(seeLouisetal.(2010c);Gr̈un(2009),Platkiewicz
etal.(2017)).Formostofthemethodsdiscussedhere,surrogatesareusedtoderivethe
null-distribution(s)inthepresenceofsuchnon-stationarities. Thedownsideisthatthis
approachleadstypicallytoahighercomputationalload.

Thetemporalresolution(binning)chosenfortheanalysesisamatterofchoice,and
mayalsobevariedasaparameterforfindingtherelevanttimescale.Furthermore,the
discussedmethodscanbeappliedtodatanotconsistingofparallelspiketrains,suchas
continuoussignals,aslongastheycanbereducedtopointprocesses,andthentobinary
sequencesbybinning.. Thisapproachiscommonforcalciumimagingdata,which
aretypicallyreducedtoeventsintimeofthepotentialunderlyingspikes(Greweetal.,
2010). Thetimeresolutionismuchlowerthanofelectrophysiologicallyrecordedspike
data.However,theresultisthenamattertheinterpretation.Anotherexamplearespike-
likesignalsin MEGrecordings(Abeles,2014). Thesewerereducedin(TalandAbeles,
2018)topointprocesses,andcanthenbetreatedasbinaryprocessesandanalyzedbythe
methodsdiscussedinthisreview.

Wecomparedthemethodswithrespecttothecorrelationmodeltheyaredesigned
for,andtheirabilitiestodetectothercorrelationstructures. Aquantitativecomparison
ofthemethodswouldlikelyprovidemoreinsights. However,welearnedfromprevious
pairwisecomparisonsofsomeofsuchmethods(e.g.CADandSPADE,Stella(2017),FIM
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andtheaccretionalgorithm,Picado-Muĩnoetal.(2013))thereareveryfewparameter
configurations(e.g.temporalresolution,numberofoccurrencesandsizeofthepatternsor
totallengthofthedata)forwhichtheperformancesarepracticallycomparable. Moreover,
theproblemisnotonlyaboutparameterconfigurations,butitisaboutthemathematical
formulation,thedifferentandnot“hierarchical”definitionsofcorrelatedactivity,which
makeaquantitativecomparisondifficult. Apracticalaspectforthedifficultyofsuch
comparisonsisthefactthatthevariousapproachesaretypicallyimplementedindifferent
software. Afirststepforanimprovementofthesituationwouldbeacommonsoftware
platformorevenacommontoolbox,ase.g.Elephant1.
However,onemaynotforgetthatthenumberofneuronsrecordedinparallelarestill

smallcomparedtothenumberofneuronscontainedinthetissueunderobservation.For
example,thenumberofneuronscontainedinapieceofcortexcoveredbye.g. a100
electrodeUtaharray(Blackrock Microsystems,Utah,USA)(4x4mm2)areabout105−
106. Thussampling100or200neuronsfromthetissueisstillsparsecomparedtothe
numberofneuronstherein.Inaddition,westilldonotknowhowcellassembliesare
spatiallyembedded.Thus,unfortunately,itisverylikelythatwestillmissneuronsfrom
activeassemblies.Forimprovingthissituationafurtherincreaseofthenumberofneurons
inparallelrecordedshouldbeaimedatandtechnicallyseemssoonpossible.Thisprovides
newopportunitiestostudylargenetworksinevenmoredetailsbutwillalsorequirefurther
extensionsanddevelopmentsofanalysismethods.

1http://neuralensemble.org/elephant/
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Chapter6

SummaryandDiscussion

Inthisthesiswedealwiththechallengeofthedetectionofspatio-temporalpatterns
(STPs)inparallelelectrophysiologicalspikerecordings.Inthiscontext,werefertospike
patternswhichconsistoftemporallyprecise(withinafewms)repeatedspikesequences.
Suchpatternshavebeenhypothesizedtocarryinformationinthebrainandtobea
signatureofactivecellassemblies(Hebb,1949a;GersteinandKirkland,2001;Harris,
2005). Theanalysisofparallelrecordingsforthedetectionofspikepatternspresents
challengingdifficulties,both,intermsofdataminingandstatisticalanalysis.Thenumber
ofpossiblecombinationsofspikesforminganSTPscalesexponentially,both,inrespectto
thenumberofsimultaneouslyrecordedneuronsandtothemaximaltemporaldurationof
them. Wedevelopedamethodthatiscapableofrobustlydetectingsignificantoccurrences
ofprecisespikepatternsinmassivelyparallelrecordings.Inparticularweextendedthe
SpikePatternDetectionandEvaluation(SPADE,Torreetal.(2013))analysis. This
method,originallydesignedtodetectsynchronousspikepatterns,washereextendedto
detectgeneralspikepatternswitharbitraryinter-spikeslags. SPADEconsistsoftwo
steps,addressingseparatelythechallengesofthepatternanalysis:a)itdeploysFrequent
ItemsetMining(FIM)todetectalltherepeatedspikepatterns,b)itcombinesabootstrap
techniquewithadimensionalityreductionapproachtotestforthesignificanceofthe
detectedpatterncandidates.

Inmoredetails,inthefirstchapterofthisthesisweintroducethetheoreticalformal-
ismofFormalConceptAnalysis(FCA,Ganterand Wille(1999))andshowthatsucha
frameworkisequivalenttoFrequentItemsetMining(ZakiandOgihara,1998;Piskov́aand
Horv́ath,2013),previouslyadaptedbyPicado-Muĩnoetal.(2013)forspikingdataand
usedinSPADEtodetectsynchronousspikeactivity. ThenwepresentedhowFCA(or
equivalentlyFIM)canbealsousedtodetectrepeatedspatio-temporalspikepatterns,ex-
tractedbyusingatemporalslidingwindow.Furthermore,itispossibletousethestability
measuretodiscriminatebetweenchanceandrelevantpatterns.Thismeasurewasalready
introducedbeforeasametricwhichmeasurestheamountofself-consistencyofaFormal
Conceptandassignsavaluebetween0and1toeachminedconcept(Kuznetsov,2007).
Hereweshowedthatrepeatedspikesequenceshaveastabilitycloseto1andusedthe
stabilitymeasuretodiscriminaterelevantpatternsfrombackgroundnoise. Theperfor-
manceoftheapproachwastestedonsimulatedparallelpointprocessesandshowedthat
themainlimitationofthisapproachistheconsiderablecomputationaltimerequiredfor
thecalculationofthestabilitymeasure.IndeeditispossibleusingFCAtoselectspike
patternsformingstableconceptsbutonlyforalimitednumberofneurons(hereonly50
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parallelspiketrainswereconsidered)withoutincurringinanuntreatableexplosionofthe
timerequiredforcomputingthestability.Furthermore,weshowedthatthestabilitymea-
suredoesnotdependonthepatternsize. Asaconsequence,largepatternsoccurringa
fewtimes,andhavingasmallstabilityvalue,wereerroneouslydiscardedtherebycausing
alargenumberofFalseNegatives. PartofthisworkwaspublishedinYegenogluetal.
(2016).

Inthesecondchapterwedescribehowweovercametheproblemofthelargecomputa-
tionaltimerequiredforthecomputationofthestabilitymeasure,namelybyreplacingit
withacomputationallyoptimizedapproximation(BabinandKuznetsov,2012). Wewere
abletoshowthattheuseoftheapproximatedstabilitydoesnotaffecttheperformance
ofselectingtheinjectedpatterns(TPs).Byspeedingupthecomputationofthestability
bytheapproximatedstability,wewerethenabletocomputeasecondstabilitymeasure,
i.e.extensionalstability,whichdependsonthepatternsizeandenablesthedetectionof
largepatternsthatoccuronlyafewtimes.

AdditionallywecompletedtheextensionofSPADEtoSTPsbyadaptingthestatis-
ticalevaluationofthepatternsdeployedintheoriginalpublication(Torreetal.,2013).
Asdescribedinthefirstchapter,theSTPsaredetectedbyaslidingwindowapproach,
andthereinthepatternsareminedbyFIM/FCA.Theoutputoftheminingdetection
procedureisthenanalyzedforsignificancebythePatternSpectrumFiltering(PSF),fol-
lowedbythePatternSetReduction(PSR)approach,asdoneforsynchronouspatterns
bytheoriginalSPADEmethod(Torreetal.,2013). ThePSFdealswiththemultiple
testingproblembygroupingthepatternsaccordingtotheirsize(numberofspikes)and
frequency(numberofoccurrences). Thenabootstraptechniqueisusedtoevaluatethe
statisticalsignificanceofeachgroupofpatterns.ThePSRisanadditionaltestdesigned
torejectspuriouspatternswhicharenotconditionallysignificantontheonesthatare
alreadyidentifiedassignificant. Therebythesignificanceofeachpatternthatresulted
fromPSFassignificantistestedagain,conditionedonthepresenceofothersignificant
patterns.

ThestabilityfilteringandPSFfollowedbyPSRwerethencomparedusinggroundtruth
data,i.e.simulateddatacontainingSTPsandavarietyofdifferentstatisticalfeaturesof
typicalexperimentaldata,suchasdifferentdegreesoffiringratesandcorrelatedchanges
offiringrates. WeshowedthatthecombinationofPSFandPSRperformsbetterthanthe
stabilityfiltering,inparticularweshowedthatPSF-PSRhasahigherstatisticalpower
asafunctionofpatternsizeandfrequencyascomparedtothestabilitymeasure. Yet
thecomputationaltimerequiredfortheapproximationofthestabilityissmallerthan
theonerequiredforthebootstraptechniquedeployedbythePSF.Inthecaseofvery
largedatasetsorthenon-availabilityofacomputeclusterforparallelizingthebootstrap
analysis,onecanresorttothestabilityapproachtoselecttherelevantpatterns,atthecost
ofmissingsomeofthestatisticallysignificantpatterns(largernumberofFalseNegatives)
.TheseresultswerepublishedinQuaglioetal.(2017).

AlimitationofSPADEasintroducedinchapter1and2ariseswhenpatterns,thatare
consideredintheanalysis,havedifferentdurations,definedasthetimebetweenthefirst
andthelastspikeofthepattern.Thepatternspectrumpoolstogetherpatternswiththe
samesizeandsamenumberofoccurrencesindependentlyfromtheirdurations.However,
withinalongertimewindowmayoccurmanymorepatternsbychance(morecombinations
possible)thaninshorterwindows. Thereforelongerpatternsrequireadifferentnull-
hypothesisthanshorterones,andthusshouldnotbepooledforthesignificanceestimation.
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Inchapter3weillustratedthislimitationbasedonartificialdatainwhichmultiplepatterns
ofdifferentdurationswereembeddedinthebackgroundactivity. Asaresult,patterns
oflongerdurationswerenotdetectedwhenpooledandevaluatedtogetherwithshorter
patterns. ThereforeweproposedforimprovementtoextendthePatternSpectrumto
athirddimension,i.e.fordifferentpatterndurations. Bythis,patternsofdifferent
durationsaretestedseparatelyfrompatternsofsamesizeandnumberofoccurrences.This
extensiontoa3d-patternspectrumenablesastatisticalevaluationthatdoesnotdepend
onthelengthoftheslidingwindowandenhancedthesensitivityofSPADEconsiderably.
InordertoavoidtheincreaseofFalsePositiveweusedadditionallyamoreconservative
multipletestingcorrection(Holm,1979).

TheextendedSPADEmethod,presentedhereforthefirsttime,hasstillafewlimita-
tionsthatshouldbeimprovedinthefuture.Afirstissueisthedetectionofspatio-temporal
patternsindiscretizedtime(smalltimebins),inordertoapplyFIMforthedetectionof
repeatedSTPs.ThecapabilityofdetectingSTPsincontinuoustimewouldenabletocon-
sideralsopatternswhichdonotrepeatwithexactlagsbutwithsomevariabletimejitter.
Detectingthepatternsincontinuoustimewouldpresentverycomplextechnicalchallenges
andwouldrequireare-implementationoftheminingalgorithm(asdoneforsynchronous
patternsinBorgeltandPicado-Muĩno,2014). Anotherlimitationistherequirementof
theexactrepetitionoftheSTPsintermsofneuronalcompositions(e.g.FIM,inorderto
detectapatternrepetition,requiresthatallthespikesarepresentineveryoccurrence).
Allowingalsoforpartialactivationofanassembly(thusonlypartofthepatternwould
bedetectable),wouldenableustodetectmorepotentialpatterns.Suchchangewouldre-
quiretodevelopanewadhocminingtechniquetoreplaceFIMfordetectionofincomplete
patternoccurrences.

Fromthecomputationalperspectivemostofthecomputetimeistakenbythesig-
nificanceanalysisbasedonthesurrogates.Ifthesecouldbereplacedbyananalytical
expressionofthenull-hypothesisitwouldprovideasignificantspeedupofthewholepro-
cedure.Obtainingsuchanull-distributioninaclosedformisfarfromtrivialandrequires
tomakespecificandstrictassumptionsintermsoftheunderlyingstatisticalmodelof
thespikingactivity,i.e.thetypeofprocessanditstimedependentchanges(e.g.Poisson
process,firingrateprofiles).Suchassumptionswouldlimittheapplicabilityofthemethod
todatathatfulfillsuchassumptions,whichisnotalwaysthecasefortypicalexperimental
data.Incontrastthesurrogatebootstrapmethod,deployedbySPADE,doesnotassume
aspecificspikingmodelorfiringrate,butwasdesignedsuchthatitharmsaslittleas
possibletheoriginalprocesses(Gr̈un,2009;Louisetal.,2010c).Alltheobservationshere
listedconcernexceptionalcasesofspikepatternsthatSPADEdoesnottakeintoaccount,
butdonotprejudicatethevalidityofthecurrentresults.

OncethedevelopmentoftheSPADEmethodwasfinalized,weappliedtheanalysisto
parallelspikerecordingsfrompre-andmotorcortexoftwomacaquemonkeysperforming
areach-to-grasptask(datapublishedinBrochieretal.,2018).Ineachofthetrialsthe
monkeysreceivedtheinstructionwhich(oftwo)griptousetograsptheobjectafterhaving
reachedforit.Theamountofforceneededtopulltheobjectisindicatedatthebeginning
ofthetrialbythecuesignal(Riehleetal.,2013).Inchapter3wepresenttheresultsof
suchanalysis. WefoundthatSPADEdetectspreciseSTPsoccurringasignificantnumber
oftimesandrepeatovertrialsofthesamebehavioraltype. Mostofthepatternsoccur
duringthereachingmovementandinvolve(areofsize)2,3or4neurons.Thepatterns
showavarietyoflagsanddurations,whiletheneuronsformingthepatternsappeartobea
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relativelysmallsubsetofalltherecordedunits(lessthen10outoftheabout100recorded
neuronsinalltrialconditionsandthetwomonkeys).Differentpatterns,bothintermsof
neuronalcompositionanddelays,occurfordifferentgripsandthusarebehaviorspecific
(Quaglioetal.,2018a).Theworkiscurrentlyextendedtoanalyzemanysessionsofeach
monkeytoenableaquantitativedescriptionoftheresultsoversessionsandmonkey,as
forexampleperformedforsynchronouspatternin(Torreetal.,2016b). Wefurtheraim
torelatethepatternstootherelectrophysiologicalsignalsofadifferentscale,suchasthe
LocalFieldPotential(LFP).Informerstudiesweandothersfoundevidencethatspikes
andexcessspikesynchronylockpreferentiallytothephaseoftheLFP(Denkeretal.,
2011;Kimetal.,2011;Takahashietal.,2015).

ByapplyingSPADEtothereach-to-graspdata,wefoundsignificantrepetitionsof
avarietyofpreciseSTPsacrossdifferenttrials.Sucharesultprovidesevidenceforthe
temporalcodinghypothesis.Ouranalysisextendthepreviousobservationsofbehaviorally
relevantsynchronousspikepatternsintherecordingsfromthesameexperiment(Torre
etal.,2016b)tospatio-temporalspikepatterns. However,wearesurprisedthatonly
averysmallnumberofneuronsarecomprisingsignificantSTPs(typically4outof160
recordedneurons=1/40). Thereasonforrecordingmassivelyparallelspiketrainswas
toincreasetheprobabilitytofindneuronsinvolvedincorrelatedactivity,andthatthe
numberofneuronsinvolvedinsuchactivitywouldincrease. Suchanobservationmay
havetworeasons.First,therecordedneurons(100-160)areasmallsampleinrespectto
alltheneuronsinthemotorcortexbelowthearray(about104).Inaddition,itisstillnot
clearhowacellassemblyisdistributedinspace.Further,wehavetoassumethatourdata
containonlyrecordingsfromonecorticallayer. Withalengthof1.5mmoftheelectrodes
implanted,wecanassumetherecordingsareinintermediatecorticallayersfromdeep
layerIIItolayerV(BrochierandRiehle,personalcommunication).Itmaywellbethat
therearelargeassemblies,howeverspreadovermostofthemotorcortex,andweonly
recordfromafewneuronsthatareinvolvedintheprocessingofaparticularmovement.
Thesecondreasonisthatouranalysisisveryconservative-mostoftheactuallyrepeated
spatio-temporalpatternshavebeendiscardedbecausetheydidnotoccuroftenenoughto
becomesignificant.Thereasonsare:a)intheanalysiswerequirethatarepeatingpattern
occursatleastinathirdofthetrialstobebehaviorallyrelevant,b)Thesignificancetests
deployedbySPADEareveryconservativeasalsoshownintheperformancetestson
artificialdata,inparticularforpatternswithasizeof3-4spikesasfoundhere. Wechoose
suchanapproachthatguaranteesthatthesignificantpatternscannotbeexplainedbya
correlationoffiringratemodulations,butdiscardsrepeatedpatternswhichdonotoccur
oftenenoughtobesurprising.Nevertheless,anon-significantnumberofoccurrencesdoes
notimplythatapatternisnotrelevantfortheinformationprocessinginthebrain.Third,
weexcludeauto-patterns,i.e.anindividualneuronmaynotcontributewithmorethan
onespikeinapattern.Thereasonisthatthespiketrainsinmotorcortexhaveatendency
toberatherregular,andthusmayleadtofalsepositivechancepatterns.Thislimitation
maybeconsiderableandmaybeanexplanationwhywehavesomanypatternsinwhich
thesameneuronsareinvolved.

Someyearsago,whenonlyafewneuronscouldberecordedsimultaneously,pairwise
correlationswerefound(e.g.asUnitaryEventsin Riehleetal.,1997a;Maldonadoetal.,
2008;Kilaviketal.,2009;Shimazakietal.,2012)inabout1/3oftherecordeddatasets.
NowwefindinmassivelyparallelrecordingssynchronyorSTPpatternsineachofthe
recordings. Thusitseemsmorelikelytorecordfromcellassembliesbytheuseofmore
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electrodesinparallel.
Inthisworkwewereinterestedinassessingthepresenceofsignificantprecisepatterns

inthecontextofdetectingpatternsbeyondtheeffectofratechangesandcovariation,
aconceptthatwasalsofollowedintheUnitaryEventsanalysis(Gr̈unetal.,2002a,b).
Nonetheless,ifonewouldnotbeinterestedinsignificantpatternsonly,butinanyprecise
STP,forinstancetocorrelatetheiroccurrencestothebehavior,itwouldstillbepossibleto
useSPADEforthedetectionwithoutanystatisticalevaluationofthepatterns.Intermsof
dataanalysisthenaturalcontinuationofthisworkistoextendtheapplicationofSPADE
tomoredatainordertocorroboratetheresultsofthisthesis,both,tomorerecording
sessionsofthereach-to-graspexperimentandtorecordingsindifferentexperimentsin
differentlabs.
Manyother methodshavebeendevelopedfortheanalysisofspikecorrelationsin

massivelyparallelrecordings. However,theyconsiderdifferentstatisticalaspectsasa
correlationandassumedifferentmodelsunderlyingthecorrelations,(e.g.Staudeetal.,
2010b). Thustheymakeuseofdifferentstatisticalmeasures.Inordertogetanunder-
standinginhowfarthesemethodsarecomplementaryordetectsimilarcorrelations,we
focusedinthelastchapteronreviewingaselectionofsuchmethods(Gr̈unetal.,2008;
Staudeetal.,2010b;Rostami,2017;Schneidmanetal.,2003;Bergeretal.,2010a;Russo
andDurstewitz,2017;Torreetal.,2016a;Quaglioetal.,2017),includingSPADE.The
methodsandtheirperformancesarecomparedqualitatively,inparticularinrespectto
whichtypeofcorrelationstructuretheydetect(e.g.pairwisecorrelation,sparsehigher
ordercorrelations,spikepatterns,etc.). Welimitedourselvestoaqualitativeanalysisbe-
causethefirstconditionnecessaryforaquantitativeanalysisistherigorousstandardized
implementationofeachmethodandthisisnotyetthecaseforallofthem.Thisworkwas
publishedasQuaglioetal.(2018b).
InourcomparativereviewwearguethatSPADEistheonly methodoftheones

consideredthatiscapabletodetectprecisespatio-temporalpatternsandtestdirectlyfor
thesignificanceofsuchhigher-ordercorrelations.Indeed,allothermethodsconsideredin
ourcomparisoneitherdonotresolvetheneuronalcompositionofthecorrelation(Gr̈un
etal.,2008;Staudeetal.,2010b;Rostami,2017;Schneidmanetal.,2003)orarebuilt
onpairwisetesting(Bergeretal.,2010a;RussoandDurstewitz,2017). Nevertheless,
anincreasinginterestinthedetectionofspikepatternsledrecentlytodevelopmentsof
newmethodologiesforsuchanalyses(e.g Watanabeetal.,2017;Peteretal.,2017;Kreuz
etal.,2017;Grossbergeretal.,2018;Mackeviciusetal.,2018). Allthesemethodshave
differentassumptionsaswellasformalismswhichrequireathoroughcomparisonbothin
termsofperformanceaswellascompatibilityoftheobjectoftheanalysis(e.g.temporal
scaleusedforthedefinitionofthepatterns). Asalreadymentionedthefirstnecessary
conditionforaquantitativeanalysisofthedifferentmethodologiesistheirstandardization
intermsofimplementationandaccessibility. Toenablealsoothersforcomparisonof
methodswemadethedocumentedimplementationofSPADEpubliclyavailable(https:
//github.com/NeuralEnsemble/elephant),aswellasalltheartificialandexperimental
dataanalyzedinthisthesis(https://web.gin.g-node.org/INT/multielectrode_grasp
andhttps://github.com/INM-6/SPADE_analysis).
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Manninen,T.,Ácimovíc,J.,Havela,R.,Teppola,H.,andLinne, M.-L.(2018). Chal-
lengesinreproducibility,replicability,andcomparabilityofcomputationalmodelsand
toolsforneuronalandglialnetworks,cells,andsubcellularstructures.Frontiersin
neuroinformatics,12.

Martin,A.B.andvonderHeydt,R.(2015).Spikesynchronyrevealsemergenceofproto-
objectsinvisualcortex.TheJournalofNeuroscience,37(15):6860–6870.

Massey,P.andBashir,Z.(2007).Long-termdepression:multipleformsandimplications
forbrainfunction.TrendsinNeurosciences,30(4):176–184.

Nadasdy,Z.,Hirase,H.,Czurko,A.,Csicsvari,J.,andBuzsaki,G.(1999). Replayand
timecompressionofrecurringspikesequencesinthehippocampus.TheJournalof
Neuroscience,19(21):9497–9507.

Olson,D.L.andDelen,D.(2008).Advanceddataminingtechniques.SpringerScience&
BusinessMedia.

Palm,G.(1981).Evidence,informationandsurprise.BiologicalCybernetics,42:57–68.

Perez-Orive,J.,Bazhenov, M.,andLaurent,G.(2004).Intrinsicandcircuitproperties
favorcoincidencedetectionfordecodingoscillatoryinput.TheJournalofNeuroscience,
24(26):6037–47.

Perkel,D.H., Gerstein, G.L.,and Moore, G.P.(1967). Neuronalspiketrainsand
stochasticpointprocesses.II.Simultaneousspiketrains.BiophysicalJournal,7(4):419–
440.

Peter,S.,Kirschbaum,E.,Both, M.,Campbell,L.,Harvey,B.,Heins,C.,Durstewitz,
D.,Diego,F.,andHamprecht,F.A.(2017).Sparseconvolutionalcodingforneuronal
assemblydetection.InAdvancesinNeuralInformationProcessingSystems,pages3675–
3685.
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