


form adiverseclasswith multiple subtypes[8±10].In manycases,inhibitory neuronsexhibit
greaterfiring ratesthanexcitatoryneurons[11,12],moreattentionalmodulation[13,14],and
alesserdegreeof burstiness[15,16].Excitatoryneuronsarethoughtto becritical for long-
term synapticpotentiation[17], whereasinhibitory neuronsareinsteadpostulatedto modu-
latestimulusresponsegain,sharpentuning to stimuli, andpacecorticaloscillations[18].
Despitetheseanatomical,statistical,andfunctionaldifferences,thenetwork-levelrolesof exci-
tation andinhibition andtheir interactionareincompletelyunderstood.

In thisstudy,wesoughtto understandhowthepatternsof activityproducedbyapopula-
tion of neurons(referredto aspopulation activity structure) dependon neurontype.Such
insightswouldhelpto bridgethegapbetweensingle-neuron(andpairwise)responseproper-
tiesof differentneurontypesandtheir network-levelinteractions.Weleveragedspiking
networkmodels,wherethetypeof eachneuronandthenetworkconnectivityisknown,to
addressthisquestion.Weconsideredtwo typesof balancednetworks:onewith uniform con-
nectivity(ªnon-clusterednetworkº)andonewith clusteredconnectivityamongexcitatory
neurons(ªclusterednetworkº).Thisallowsusto assesshowour resultsdependon theunderly-
ing architecture.Classicnon-clusterednetworksbalanceexcitatoryandinhibitory input
currentsandhavebeenwidelystudied.ThemodelneuronsexhibitPoisson-likespikingvari-
ability andzero-meanspikecountcorrelations[19±21].Clusteredbalancednetworksrepro-
duceadditionalpropertiesof thespikingvariabilityof biologicalneuronsandhavemore
realisticanatomicalstructure[22±24].In thisstudy,weanalyzedonerepresentativenetwork
of eachtype,andreferto themastheclustered network andthenon-clustered network.

Onewayto characterizepopulationactivitystructureis throughtheuseof dimensionality
reduction[25]. Dimensionalityreductionmethodshavebeenutilizedto examineneuralpopu-
lation activityduring motor control [26,27],decision-making[28,29],visualattention[30],
andotherbehavioraltasks[31±35].Thesemethodscharacterizethemulti-dimensionalpat-
ternsof activityproducedbyapopulationof neurons,whichcanthenberelatedto stimulusor
behavior.For thisstudy,weusedfactoranalysis(FA),whichiswell-suitedfor analyzingspik-
ing variabilitybecauseit separatesspikingvariability into acomponentthat issharedamong
neuronsandonethat is independentacrossneurons[36,37].Sharedvariability isof particular
importancebecauseit is themostlikely to betransmittedto downstreamneuronsandaffect
neuronalcoding[38]. WeusedFA to measuretwo characteristicsof populationactivity:shared
dimensionality andpercent shared variance. Shareddimensionalitymeasuresthenumberof
dimensionsin whichthesharedactivityresides.Largevaluesof shareddimensionalityindicate
arichnessto theinteractionsamongneurons,whilevaluesof zeroindicateapproximateinde-
pendence.Percentsharedvarianceassessesthedegreeto whichthesharedactivityexplainsthe
total variability in thepopulation.

Westartedbycharacterizingtheactivitystructureof excitatoryandinhibitory populations
in thebalancednetworksbyapplyingFA to samplingsof only-excitatoryandonly-inhibitory
neuronswhilevaryingthenumberof neuronsandtrialssampled.Thisextendsour recent
studyof only excitatoryneuronsin modelnetworks[39], andallowedusto comparethe
multi-dimensionalactivitystructureof thetwo neurontypesin bothnetworks.Then,using
thesametwo networks,weconsideredsamplingsof mixedneurontypebyvaryingtheratio
of excitatoryto inhibitory neuronssampledfrom eachnetwork.Byapplyingfactoranalysisto
thepopulationactivity,weobservedmeasurablydifferentpopulationactivitystructurefor var-
iousneurontypesamplings.In orderto groundthesemodelnetworkresultswith realdata,we
appliedthesameanalysisto theactivityof apopulationof neuronsrecordedfrom theprimary
visualcortex.Byclassifyingneuronsbasedon waveformshape[14], wefound that thebroad-
spikingandnarrow-spikingneuronshavesimilaractivitystructureastheexcitatoryand
inhibitory populations,respectively,in theclusterednetwork.Theseresultssuggestthat the
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identificationof neurontypesin experimentaldatacanprovideamorenuancedunderstand-
ing of populationactivitystructure.

Results

To studytheorganizationof neuralresponsesin populationsof excitatoryandinhibitory neu-
rons,weexaminedthepropertiesof thespontaneousactivityof modelexcitatoryandinhibi-
tory neuronsin balancednetworks.Two typesof balancednetworkswereanalyzedin this
study:onewith clusteringamongexcitatoryneurons(Fig1A,ªclusteredºnetwork)andone
with uniform connectivity(Fig1B,ªnon-clusteredºnetwork).Eachbalancednetworkcon-
tained4,000excitatoryand1,000inhibitory neurons.In theclusterednetwork,theexcitatory
neuronswerepartitionedinto 50non-overlappingclustersof 80neurons,wheresame-cluster
neuronshadahigherprobabilityof connectionthanout-of-clusterexcitatoryneurons.In the
non-clusterednetwork,excitatoryneuronsconnectedwith uniform probabilityto otherexcit-
atoryneurons.Connectivitywithin theinhibitory population,aswellasconnectivitybetween
theexcitatoryandinhibitory populationswasuniform in eachnetwork.

Bothnetworksexhibit featuressimilar to physiologicalrecordings.Theaveragefiring rate
of inhibitory neuronswasgreaterthanthatof excitatoryneuronsin bothmodelnetworks(Fig
1A and1B,right) [11,12].Same-clusterexcitatoryneuronsin theclusterednetworkrecur-
rentlyexciteeachother,actingsimilarly to abistableunit with highandlow activitystates(Fig
1E)resultingin positivenoisecorrelationswhichhavebeenobservedamongnearbyneurons
[40]. Thenon-clusterednetworkdoesnot havethisproperty(Fig1F).

Excitatory and inhibitory populations of balanced networks have different

activity structure

To understandhowneurontypeimpactspopulation-levelmetricsof sharedvariability,we
appliedFA to spikecountstakenin aonesecondwindowof spontaneousactivity(referredto
asaªtrialº) from eachnetwork.FA decomposesthespikecountcovarianceof neuronsinto
asharedandindependentcomponent(Fig2A),whichenablesthecomputationof shared
dimensionality(dshared) andpercentsharedvariance(seeMethods).Shareddimensionalityis
thenumberof modesof sharedco-fluctuationsof thepopulationactivity(Fig2B).It isamea-
sureof thecomplexityof thesesharedco-fluctuations.Percentsharedvariancemeasureshow
muchof eachneuron'sspikecountvariability issharedwith at leastoneothersampledneuron
(Fig2C).Byinvestigatinghowthesemetricsdependon thenumberof neuronsandtrialssam-
pled,wecharacterizedthescalingpropertiesof theexcitatoryandinhibitory populationactiv-
ity structure.Notethatshareddimensionalityandpercentsharedvarianceneednot goup and
downtogether[39].

Wefocusedhereon aspikecountwindowof onesecond,consistentwith manyprevious
studiesof spikecountcorrelation[13,40±43].To further justify thischoice,wefound thatneu-
ronsin bothmodelnetworksandthe in vivo recordingsexhibitednon-zeroautocorrelationat
lagsthroughouttherangeof zeroto onesecond(S1Fig).In addition,wereplicatedour analy-
seswith a100mswindowandfound thesametrendsaswith aonesecondwindow(seedetails
below).

Theexcitatoryandinhibitory populationshadnotabledifferencesin howshared
dimensionalityscaledwith increasingneuroncountin bothnetworks.Webeganbyapplying
FA to only-excitatory(red)andonly-inhibitory (blue)neuronsamplingsof theclustered(Fig
3A) andnon-clustered(Fig3B)networks.Theshareddimensionalityof theexcitatorypopula-
tion saturatedwith increasingneuroncountin theclusterednetwork(Fig3A, top, red),but
not in thenon-clusterednetwork(Fig3B,top, red) [39]. In contrast,theshareddimensionality
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Fig 1. Basic properties of excitatory and inhibitory neurons in balanced networks. (A) Clustered network connectivity (left) of inhibitory-inhibitory

(pII), excitatory-to-inhibitory (pIE), inhibitory-to-excitatory (pEI), same-cluster excitatory-excitatory (pEEIN ), and out-of-cluster excitatory-excitatory (pEEOUT )
neuron pairs. Average firing rates (right) of excitatory (red, 3.2 �“ 2.9 Hz, mean �“ standard deviation) and inhibitory (blue, 4.1 �“ 2.7 Hz) neurons. (B) Non-

clustered network connectivity (left) and average firing rates (right) of excitatory (red, 2.0 �“ 1.7 Hz) and inhibitory (blue, 2.9 �“ 1.9 Hz) neurons. (C)

Clustered network spike count correlations (one second time bins) between same-cluster excitatory-excitatory pairs (EEin, red, r = 0.72 �“ 0.27,

mean �“ standard deviation), out-of-cluster excitatory-excitatory pairs (EEout, green, r = -0.0085 �“ 0.11), excitatory-inhibitory pairs (EI, purple, r = 9.0�í4 �“
0.14), and inhibitory-inhibitory pairs (II, blue, r = 4.5�í4 �“ 0.15). (D) Non-clustered network spike count correlations (one second spike bins) between

excitatory-excitatory pairs (EE, red, r = 1.9�í5 �“ 0.11), excitatory-inhibitory pairs (EI, purple, r = 2.1�í4 �“ 0.018), and inhibitory-inhibitory pairs (II, blue, r =

-7.3�í4 �“ 0.025). Note that the horizontal axis differs between panels C and D. (E) Clustered network spiking activity. A representative sample of 500

neurons (100 inhibitory neurons and 400 excitatory neurons ordered by cluster membership. (F) Non-clustered network spiking activity. A representative

sample of 500 neurons (100 inhibitory and 400 excitatory).

https://doi.org/10.1371/journal.pone.0181773.g001
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of theinhibitory populationcontinuedto increasewith neuroncountregardlessof whether
theexcitatorypopulationwasclusteredor not (Fig3A and3B,top,blue).Thesescalingproper-
tiesarerelatedto theconnectivityof theneurons.For thosepopulationswith uniform connec-
tivity (inhibitory in bothnetworksandexcitatoryin thenon-clusterednetwork),more
dimensionsarerevealedasmoreneuronsaresampled.In contrast,thesharedactivityamong
theexcitatoryneuronsin theclusterednetworkisdominatedby thebetween-clusterinterac-
tion. Wepreviouslyshowedthat,althoughthereare50modesdescribingtheinteraction
amongthe50clusters,thetop 20modesexplain95%of thesharedvariance[39]. Thus,the
asymptoticnumberof shareddimensions(20)issmallerthanthenumberof clusters(50).

To further characterizetheexcitatoryandinhibitory populationactivitystructure,wesought
to measuretheprominenceof thesharedco-fluctuationsdescribedby theidentifieddimen-
sions.Wemeasuredthepercentageof eachneuron'sspikecountvariancethatwasexplainedby

Fig 2. Calculation of dimensionality and percent shared variance. (A) Factor analysis partitions the spike count covariance of sampled

excitatory and inhibitory neurons together into shared and independent components. (B) Shared dimensionality (dshared) is the minimum

number of eigenvectors of the shared variance matrix necessary to explain 95% of shared variance. Modes are sorted by shared variance

explained along the x-axis. (C) Percent shared variance is the ratio of shared to total variance (i.e., shared / (shared + independent)). The

percent shared variance is first computed for each neuron, then averaged across all neurons of the same type.

https://doi.org/10.1371/journal.pone.0181773.g002
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Fig 3. Excitatory and inhibitory population activity structure. (A) Clustered and (B) non-clustered

network shared dimensionality (top panels) and percent shared variance (bottom panels) with increasing

neuron count with 10,000 trials. Dots (red: excitatory neurons, blue: inhibitory neurons) indicate the mean

across five non-overlapping sets of sampled neurons and five non-overlapping sets of trials (25 sets total),

and standard error bars are smaller than the dot size in all cases. To assess shared dimensionality and

percent shared variance for a larger number of neurons, we grouped the five non-overlapping sets of 150

neurons from each neuron type population of each network into 750-neuron samplings. For 750-neuron
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theshareddimensions.Notethat,for agivenshareddimensionality,thepercentsharedvariance
canbelargeor smalldependingon howstronglythosedimensionsmodulateeachneuron's
activity.Wefoundthat theexcitatorypopulationhadgreaterpercentsharedvariancethanthe
inhibitory populationin theclusterednetwork(Fig3A,bottom).This is reasonablebecausethe
clusteringof theexcitatorypopulationleadsto same-clusterneuronsincreasinganddecreasing
their activitytogether(cf.Fig1C),whichwouldtendto increasetheamountof oneneuron's
variabilitythatcanbeexplainedbyotherneuronsin thesamecluster.Conversely,in thenon-
clusterednetwork,theinhibitory populationhadgreaterpercentsharedvariancethantheexcit-
atorypopulation(Fig3B,bottom).Thisobservationis relatedto thegreatervarianceof the
spikecountcorrelationdistribution for inhibitory-inhibitor y thanexcitatory-excitatoryneuron
pairs(cf.Fig1D).Wesuspectedthat theseobservationswereconnected,sinceincreasingthe
varianceof azero-meanspikecountcorrelationdistribution impliesanincreasein thenumber
of neuronpairswith non-zerospikecountcorrelation,whichconsequentlyincreasespercent
sharedvariance.To demonstratethis,wegeneratedpopulationspikecountscorrespondingto
spikecountcorrelationdistributionsof differentvariancesusingthemethoddescribedin [44].
Wefound thatpercentsharedvarianceindeedincreaseswith thevarianceof thespikecount
correlationdistribution (S2Fig).Furthermore,weobservedthat thepercentsharedvarianceof
theinhibitory neuronsincreasedwith neuroncountfor bothnetworks(Fig3A and3B,bottom,
blue),in contrastto thatof excitatoryneuronswhichsaturatedwith increasingneuroncount
(Fig3A and3B,bottom,red) [39]. In otherwords,moreof thespikecountvariabilityamong
inhibitory neuronswasexplainedasmoreinhibitory neuronsweresampled.

Havingexaminedhowshareddimensionalityandpercentsharedvariancechangedwith
neuroncountfor excitatoryversusinhibitory populationsamplings,wenextexaminedhow
thesetwo quantitieschangedwith trial count,whilekeepingthenumberof neuronsfixed.This
canhelpusunderstandhowmuchdatais requiredto fully identify thesharedactivityof the
sampledneurons.Forbothneurontypesin bothnetworks,theshareddimensionalityandper-
centsharedvariancesaturatedwith increasingtrialssampled.Thenumberof trialsatwhich
shareddimensionalityor percentsharedvariancesaturatedwasrelatedto howªsalientºthe
sharedpopulationactivitystructurewasin therawspikecounts.Whenthesharedpopulation
activitystructurewasmoresalient,fewertrialswereneededto identify thesharedstructure.In
theclusterednetwork,theshareddimensionalityandpercentsharedvarianceof theexcitatory
population(Fig3C,red)saturatedat fewertrials thantheinhibitory population(Fig3C,blue).
This is relatedto thefactthat theexcitatorypopulationhadgreaterpercentsharedvariance,
andthereforemoresalientsharedactivitystructure,thantheinhibitory population.In the
non-clusterednetwork,wesawtheoppositetrend:inhibitory populationsamplings(Fig3D,
blue)saturatedin dimensionalityandpercentsharedvariancewith fewertrials thantheexcit-
atorypopulationsamplings(Fig3D,red).In thenon-clusterednetwork,theinhibitory popula-
tion hadmoresalientsharedactivitystructurethantheexcitatorypopulation,asindicatedby
thehigherpercentsharedvarianceof theinhibitory population.Theasymptoticdimensionali-
tiesin Fig3Cand3D dependon thenumberof neuronsanalyzed(in thiscase,100neurons).
If moreneuronsareincluded,theasymptoticdimensionalitywouldbehigherfor inhibitory

samplings of the clustered network (10,000 trials), the excitatory population had a shared dimensionality of

23.95 �“ 0.05 and percent shared variance of 91.43% �“ 0.06%, while the inhibitory population had a shared

dimensionality of 246.7 �“ 2.5 and a percent shared variance of 79.56% �“ 0.22%. For 750-neuron samplings of

the non-clustered network (10,000 trials), the excitatory population had a shared dimensionality of 139.4 �“ 3.8

and percent shared variance of 20.70% �“ 0.43%, while the inhibitory population had a shared dimensionality

of 347.2 �“ 4.2 and a percent shared variance of 59.74% �“ 0.47%. (C-D) same conventions as A and B, but for

increasing trial count with 100 neurons.

https://doi.org/10.1371/journal.pone.0181773.g003
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neuronsin theclusterednetworkandboth typesof neuronsin thenon-clusterednetwork,as
indicatedbyFig3A and3B.

Becausetheactivityof same-clusterexcitatoryneuronstendsto increaseanddecrease
together,weexpectedexcitatoryneuronsto havegreaterpercentsharedvariancein theclus-
teredthanin thenon-clusterednetwork(compareredcurvesin Fig3Cand3D,bottom).
Interestingly,wefound that thiswasalsotrue for theinhibitory neurons(comparebluecurves
in Fig3Cand3D,bottom),eventhoughtheprobabilityof connectionsinvolving inhibitory
neuronswasthesamein thetwo networks.Thusclusteringstructureamongexcitatoryneu-
ronsresultedin sharedvariabilitythatpropagatedto theinhibitory population,resultingin
increasedsharedvariability in theinhibitory population.This isconsistentwith thegreater
varianceof thedistribution of spikecountcorrelationsbetweeninhibitory-inhibitory neuron
pairsin theclusterednetwork(cf.Fig1C,blue)thanthosein thenon-clusterednetwork(cf.
Fig1D,blue).All thetrendsobservedin Fig3 with onesecondspikecountwindowsremained
truewith 100msspikecountwindows(S3Fig).

Excitatory clustering affects modes of shared activity in both the

excitatory and inhibitory populations

To further characterizetheexcitatoryandinhibitory populationactivitystructure,westudied
themodes(or dimensions)of sharedactivityof eachpopulationin thetwo networks.Forpop-
ulationsof eachneurontypefrom eachnetworkarchitecture,thetenmostdominantmodes
of sharedactivity(eigenvectorsof thesharedcovariancematrix) aredisplayedin orderof the
amountof sharedvarianceexplainedbyeachmode.(Fig4A).Theexcitatoryneuronsare
orderedbyclustermembership(Fig4A, top-left).Same-clusterneuronshadsimilarvalues
within eachmodefor theexcitatorypopulationof theclusterednetwork,indicatingthat the
dominantmodesdescribeco-varyingactivitybetweenclusters.In contrast,theexcitatorypop-
ulationof thenon-clusterednetwork(Fig4A, top-right) andboth inhibitory populations(Fig
4A,bottom)did not exhibitanyobviousstructurein themodesof sharedactivity.

Althoughtherewereno differencesin meaninhibitory connectionpropertiesbetweenthe
clusteredandnon-clusterednetworks,wefound thatexcitatoryclusteringchangesthepromi-
nenceof thedominantmodesof sharedactivityin theinhibitory population.In previous
work,wefound thatdominantmodesof sharedactivityin theexcitatorypopulationof the
clusterednetworkexplainedlargeproportionsof sharedvariance(Fig4B,left, red),in contrast
to thosein theexcitatorypopulationin thenon-clusterednetworkwheresharedvariance
wasdistributedmoreequallyacrossmodes(Fig4B,right, red) [39]. Thefivemostdominant
modesof sharedactivityexplained64.5%± 1.5%of sharedvariancein theclusterednetwork
and31.2%± 0.8%of sharedvariancein thenon-clusterednetwork.Interestingly,wefound
that thedominantmodesof theinhibitory populationin theclusterednetworkalsoexplained
agreaterpercentageof sharedvariance(Fig4B,left,blue)thanin thenon-clusterednetwork
(Fig4B,right, blue).For inhibitory populations,thefivemostdominantmodesof sharedactiv-
ity explained54.3%± 0.4%of sharedvariancein theclusterednetworkandonly 20.1%± 0.2%
of sharedvariancein thenon-clusterednetwork.UsingFA,wewereableto observethat
sharedactivitystructureinducedbyclusteringin theexcitatorypopulationalsopropagatedto
theinhibitory population,whichhadthesameconnectivitystructurein thetwo models.

Ratio of excitatory to inhibitory neurons affects population activity

structure of mixed-type samplings

While samplingstrictly from populationsof asingleneurontypeisusefulfor characterizing
theroleof neurontypein balancednetworkactivity,realisticpopulationsamplingslikely
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Fig 4. Modes of shared activity. (A) Modes of only-excitatory (top) and only-inhibitory (bottom) 100-neuron

samplings from the clustered (left) and non-clustered (right) networks. Columns of each heatmap represent

the eigenvectors of the shared covariance matrix, ordered by the amount of shared variance explained. Each

eigenvector is a unit vector, and so its entries have arbitrary units. Each row corresponds to a neuron, and

neurons are ordered from highest to lowest mean firing rate. For excitatory neurons from the clustered

network (top left), neurons were additionally grouped by cluster. Some clusters were represented by more
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containamixtureof bothexcitatoryandinhibitory neurons.In thissection,weexplorehow
thepopulationactivitystructuredependson theratio of excitatoryto inhibitory neuronssam-
pledfrom theclusteredandnon-clusterednetworks.Thesamenetworkswith 4,000excitatory
and1,000inhibitory neuronswereused,but weanalyzed100-neuronsamplingswith different
ratiosof excitatoryto inhibitory neurons.

Theratio of excitatoryto inhibitory neuronsaffectedtheshareddimensionalityof popula-
tion samplings.Aswereplacedexcitatoryneuronswith inhibitory neurons(Fig5,movingleft
to right alongthehorizontalaxis),shareddimensionalityincreasedfrom theonly-excitatory
neuronsamplingto theonly-inhibitory neuronsamplingfor theclusteredandnon-clustered
networkswith 10,000trials(Fig5B,top).Theendpointsof thesecurvesaretheshareddimen-
sionalitiesof thepurelyexcitatory(cf.Fig3A and3B,100neurons,top,red)andpurelyinhibi-
tory (cf.Fig3A and3B,100neurons,top,blue)populationsconsideredbefore.

Theratio of excitatoryto inhibitory neuronssampledaffectedthepercentsharedvariance
of excitatory(red)andinhibitory (blue)neuronsin theclustered(dashed)andnon-clustered
(solid)networkswith 10,000trials(Fig5B,bottom).Sincepercentsharedvariancemeasures
howmuchof aneuron'sactivitycovarieswith at leastoneothersampledneuron,it ispossible
for thepercentsharedvarianceof excitatoryandinhibitory neuronsto changebasedon how
manyof eachtypeof neuronisalsosampled.Considerthepercentsharedvarianceof excit-
atoryneuronswhengoingfrom only-excitatorysamplingsto only-inhibitory samplings(left
to right alongthehorizontalaxis).Asexcitatoryneuronsarereplacedby inhibitory neurons,
thepercentsharedvarianceof theremainingexcitatoryneuronswoulddecreaseif theyare
morehighlycorrelatedwith excitatoryneuronsbeingreplacedin thesamplingthanthenewly
sampledinhibitory neurons.Conversely,thepercentsharedvarianceof theremainingexcit-
atoryneuronswould increaseif theyaremorehighlycorrelatedwith thenewlysampledinhib-
itory neuronsthanthereplacedexcitatoryneurons.In theclusterednetwork,wefound thatas
wereplacedexcitatoryneuronswith inhibitory neurons,thepercentsharedvariancefor excit-
atoryneuronsdecreased(Fig5B,bottom,dashedred).This indicatedthatexcitatoryneurons
in theclusterednetworksharedmoreof their activitywith otherexcitatoryneurons.In con-
trast,thepercentsharedvarianceof excitatoryneuronsin thenon-clusterednetwork(Fig5B,
bottom,solidred) increasedasmoreinhibitory neuronsweresampled.Thisshowedthat in
thenon-clusterednetwork,excitatoryneuronssharedmoreof their activitywith inhibitory
neuronsthanotherexcitatoryneurons.Thepercentsharedvarianceof inhibitory neuronsin
bothnetworkswasmostlyindependentof neurontypesamplingratio (Fig5B,bottom,blue),
showingthat inhibitory neuronssharedtheir spikecountvarianceequallywith excitatory
andinhibitory neurons.Onemight haveexpectedthepercentsharedvarianceof inhibitory
neuronsin thenon-clusterednetworkto havegreaterpercentsharedvariancewith other
inhibitory neuronsthanwith excitatoryneurons,becausethedistribution of spikecountcorre-
lationshadgreatervariancefor inhibitory-inhibitory pairs(cf.Fig1D,blue)thanfor excit-
atory-inhibitory pairs(cf.Fig1D,purple).However,theexcitatoryandinhibitory populations
haddifferentdistributionsof spikecountvariance,sotherelationshipbetweenthevarianceof
thespikecountcorrelationdistribution andthepercentsharedvariancewasmorecomplicated
whensamplingfrom bothpopulationsinsteadof one.

neurons than other clusters due to random sampling. (B) Percent of shared variance explained by each mode

for 100-neuron analyses of the excitatory (red) and inhibitory (blue) populations in the clustered (left) and non-

clustered (right) networks with 10,000 trials. Dots indicate the mean across five non-overlapping sets of

neurons and five non-overlapping sets of trials (25 sets total) and error bars indicate standard error (not visible

for most data points).

https://doi.org/10.1371/journal.pone.0181773.g004
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Wetheninvestigatedhowtheresultsin (Fig5B)dependon thenumberof trialssampledby
performingthesameanalysiswith 1,200(Fig5A) and20,000(Fig5C)trials.In thenon-clus-
terednetwork,sinceshareddimensionalityandpercentsharedvarianceof theexcitatorypop-
ulationdid not saturateby10,000trials(cf.Fig3D,red),weexpectedhigherandlowertrial
countsto exhibitdifferenttrendsof shareddimensionalityandpercentsharedvariancewith
neurontypesamplingratio.With 1,200trials,thenon-clusterednetworkshareddimensional-
ity (Fig5A, top,solid),aswellasthepercentsharedvarianceof excitatory(Fig5A,bottom,
solidred)andinhibitory (Fig5A,bottom,solidblue)neurons,weresmallfor all ratios.With
20,000trials,thenon-clustereddimensionalitywasflatter thanwith 10,000trials,sincethe
shareddimensionalityof excitatoryneurondominatedratioshadincreasednearlyto thesame
levelastheinhibitory dominatedratios(Fig5C,solid).This isconsistentwith Fig3D (top),
wheretheexcitatoryandinhibitory shareddimensionalitiesweresimilar for high trial counts.
Aswith 10,000trials,with 20,000trials,excitatoryneuronssharedmoreof their spikecount
variancewith inhibitory neuronsthanotherexcitatoryneurons(Fig5C,bottom,solidred),
andinhibitory neuronssharedtheir spikecountvarianceequallywith eachneurontype(Fig
5C,bottom,solidblue).

In theclusterednetwork,thetrendsof shareddimensionalityandpercentsharedvariance
with neurontypesamplingratio did not changefrom 10,000to 20,000trials(compareFig5B,
dashedwith Fig5C,dashed),sinceshareddimensionalityandpercentsharedvariancesatu-
ratedby10,000trialsfor theexcitatoryandinhibitory populations(cf.Fig3C).However,
with only 1,200trials insteadof 10,000trials,theshareddimensionalityfor inhibitory neuron

Fig 5. Mixed neuron type samplings. Population activity structure is dependent on the ratio of excitatory to inhibitory neurons sampled. dshared (top

panels) and percent shared variance (bottom panels) averaged across excitatory neurons (red) and inhibitory neurons (blue) for different ratios of

excitatory to inhibitory neurons sampled from the clustered (dashed) and non-clustered (solid) networks for 100 neurons and (A) 1,200, (B) 10,000, and

(C) 20,000 trials sampled. The left and right ends of the horizontal axes indicate only-excitatory and only-inhibitory samplings, respectively. Panel B is

boxed because shared dimensionality and percent shared variance for the 100:0 and 0:100 ratios correspond to values shown in Fig 3 (100 neurons,

10,000 trials).

https://doi.org/10.1371/journal.pone.0181773.g005
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dominatedratiosdropped(Fig5A, top,dashed),andpercentsharedvarianceof excitatoryand
inhibitory neuronsslightlydecreased(Fig5A,bottom,dashed),consistentwith Fig3C.With
20,000trials,aswith 10,000trials,excitatoryneuronssharedmoreof their spikecountvariance
with otherexcitatoryneuronsthaninhibitory neurons(Fig5C,bottom,dashedred),and
inhibitory neuronssharedtheir spikecountvarianceequallybetweenbothneurontypes(Fig
5C,bottom,dashedblue).Usingaspikecountwindowsizeof 100ms(S4Fig),weobserved
thesametrendsasin Fig5.

Neuron-type information reduces uncertainty of population activity

metrics

In practice,weareoftenblind to thetypesof theneuronswesample,sowecanexpectvariabil-
ity in populationactivitymetricsto arisefrom thevariability in thesampledratio of neuron
type.Unknown samplingratiosof neurontypecanconfoundcomparisonsof population
activitystructurebetweentwo datasets.Considertheconclusionfrom Fig5B(top) that the
shareddimensionalityof thenon-clusterednetworkisgreaterthanthatof theclusterednet-
work.Asanextremeexampleto illustratetheconcept,let'ssaythatonly excitatoryneurons
aresampledfrom thenon-clusterednetworkandonly inhibitory neuronsaresampledfrom
theclusterednetwork.Wewouldconcludethat theclusterednetworkhashigherdimensional-
ity thanthenon-clusterednetwork.Therefore,it is important to know theexcitatoryversus
inhibitory compositionof thesampledpopulationto appropriatelyinterpret themeasured
shareddimensionality.

In lessextremecases,thecomparisonof shareddimensionality(or percentsharedvariance)
caninvolvemultiple setsof recordings,eachof whichhasadifferentcompositionof excitatory
andinhibitory neurons.Statisticaltestswill dependon thevarianceof themeasuredshared
dimensionality(or percentsharedvariance)acrossrecordings.If theneurontypecomposition
isunknown,themeasurementof shareddimensionality(or percentsharedvariance)canhave
highvariance,therebyleadingto aweakstatisticaltest.However,if theneurontypecomposi-
tion isknown,thenthiscanbecontrolledfor in thecomparison,leadingto astrongerstatisti-
caltest.To makethisconcrete,considerrandomlysampling100neuronsfrom anetworkwith
4,000excitatoryneuronsand1,000inhibitory neurons,asin thetwo balancednetworksweare
working with. Theprobabilityof samplingk excitatoryneuronsin ann-neuronsampleis

Prðk j NE;NI ; nÞ ¼

NE

k

 ! NI

n � k

 !

NE þ NI

n

 ! ð1Þ

for anetworkwith NE excitatoryneuronsandNI inhibitory neurons.Thisdistribution is
depictedin Fig6A for NE = 4,000,NI = 1,000,andn = 100.Wecomputedshareddimensional-
ity (Fig6B)andpercentsharedvariance(Fig6C)for 100neuron,10,000trial samplingsof the
clusteredandnon-clusterednetworkswhichwereblind to neurontype.Theclusterednetwork
exhibitedshareddimensionalityof 20.3± 1.8(Fig6B,dashed,black,mean± standarddevia-
tion) andpercentsharedvarianceof 85.8%± 1.4%(Fig6C,dashed,black).Thenon-clustered
networkexhibitedshareddimensionalityof 43.1± 8.2(Fig6B,solid,black)andpercentshared
varianceof 23.7%± 5.3%(Fig6C,solid,black).

Now,supposethatweseekto performastatisticaltestinvolvingshareddimensionalityfor
thenon-clusterednetwork.If neuronsarerandomlysampledfrom thenetwork,thestandard
deviationis8.2(Fig6B,solid,black).However,if theneurontypecompositionisknownand
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controlledfor (in thiscase,80Eand20I), thestandarddeviationdecreasesto 6.8(Fig6B,
solid,green).Similarly,thepercentsharedvarianceof theclusteredandnon-clusterednet-
worksdecreaseswhenneurontypecompositioniscontrolledfrom 2.3to 1.0(Fig6C,dashed)
andfrom 5.2to 4.5(Fig6C,solid),respectively.Whensamplingneuronsrandomlyfrom the
clusterednetwork,thestandarddeviationof shareddimensionalityis2.0(Fig6B,dashed,
black),whichis thesameaswhenneurontyperatio iscontrolled(Fig6B,dashed,green).This
isconsistentwith thefactthat theshareddimensionalityof theclusterednetworkisnearly

Fig 6. Population activity metrics for samplings that are blind to neuron type. (A) Probability density of neuron type sampling ratio for 100 neuron

samplings. (B) Distribution of shared dimensionality of the clustered (dashed black) and non-clustered (solid black) networks for neuron type blind

samplings of 100 neurons and 10,000 trials. Distribution of shared dimensionality for 80 excitatory, 20 inhibitory neuron samplings from the non-clustered

network (green). (C) Distribution of percent shared variance of the clustered (dashed black) and non-clustered (solid black) networks for neuron type blind

samplings of 100 neurons and 10,000 trials.

https://doi.org/10.1371/journal.pone.0181773.g006
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constant(cf.Fig5B,top,dashed)in theregimeof neurontypesratiosthatarelikely to arise
from randomsampling(Fig6A). In practice,wecannotusuallyspecifyhowmanyexcitatory
andinhibitory neuronsarerecordedin anexperiment,but wecansubsampletheneurons
aftertheexperimentto obtainthedesiredneurontyperatio.

V1 recordings show similar population activity structure as the clustered

network

Wesoughtto determinewhetherthedifferencesweobservedin modelnetworkswerepresent
in themeasuredactivityof excitatoryandinhibitory populationsin vivo. To investigatethis,
weanalyzedspontaneousactivityrecordedfrom theprimary visualcortex(V1) of anesthetized
macaquemonkeys[40]. Althoughtheneurontype(excitatoryvs.inhibitory) wasnot known
with certaintyin theseextracellularrecordings,previousstudieshavedemonstratedalink
betweenexcitatoryandinhibitory neuronclassesandtheir extracellularwaveformshape[45±
47].Thisclassificationapproachhasrevealedanumberof functionaldifferencesbetweenputa-
tiveexcitatoryandinhibitory neurons[13±16,48].Wethereforeadoptedthisapproach(see
Methods)to classifybroad-spikingneurons(alsoknownasregular-spiking,or putativeexcit-
atory)andnarrow-spikingneurons(alsoknownasfast-spiking,or putativeinhibitory) usinga
recentlypublishedmethodology[14]. Weanalyzeddatafrom arraysimplantedin four hemi-
spheresof threeanimals.Eachneuronfrom theserecordingswasassignedaprobabilityof
beingin thebroad-spikingor narrow-spikingclassbasedon its averagespikewaveform(S5
Fig).Weidentifiedsetsof putativeexcitatoryandinhibitory neuronsin theserecordings(23to
47broad-spiking,25to 72narrow-spiking)byselectingneuronswith probabilitygreaterthan
85%of beingin thebroad-spikingor narrow-spikingclass.In eachof thefour datasets,there
wereat least23neuronsof eachtypeand1,200ªtrialsº (i.e.,onesecondwindowsof spontane-
ousactivity).Wefit FA to samplingsof only broad-spiking(red)andonly narrow-spiking
(blue)neurons,whichhaddifferentaveragewaveforms,for variousnumbersof neuronsand
trialssampled(in thesamemannerasin Fig3) (Fig7A and7D).Forcomparison,weper-
formedthesameanalysison theclustered(Fig7Band7E)andnon-clustered(Fig7Cand7F)
networksusingthesamenumbersof neuronsandtrialsasin therealdata.

TheV1 recordingshadsimilarpopulationactivitystructureto thecorrespondingpopula-
tionsin theclusterednetworkwhencomparedwith 23neuronsof eachtypeand1,200trials
sampled.Theshareddimensionalityof thebroad-spikingpopulation(red)andnarrow-spiking
population(blue)increasedwith increasingneuroncount(Fig7A, top),asdid theexcitatory
(red)andinhibitory (blue)populationsof theclusterednetwork(Fig7B,top). In thenon-clus-
terednetwork,theexcitatoryandinhibitory populationsshowno trendsin shareddimension-
ality (Fig7C,top).Thepercentsharedvarianceof thebroad-spikingandnarrow-spiking
populationsinitially increasedwith neuroncount,thenplateaued(Fig7A,bottom).Theper-
centsharedvarianceof bothneuronstypesin theclusterednetworkalsoincreased,andcon-
tinuedto increasein theexperimentalregimeof neuroncounts(Fig7B,bottom).In contrast,
thenon-clusterednetworkwasdifferentfrom both theV1 recordingsandclusterednetwork
in that it showednearlyzeroshareddimensionalityandpercentsharedvariancefor bothneu-
ron types(Fig7C).

Wealsoinvestigatedhowtheactivitystructureof thenarrow-spikingandbroad-spiking
populationsof theV1 recordingsvariedwith trial count.Theshareddimensionalityof both
neurontypesin theV1 recordings(Fig7D,top),aswellastheclusterednetwork(Fig7E,top),
increasedandeventuallyplateauedwith increasingtrial count.Similarlythepercentshared
varianceof bothpopulationsplateauedwith increasingtrial count in both theV1 recordings
(Fig7D,bottom)andtheclusterednetwork(Fig7E,bottom).Asin Fig7C,thenon-clustered
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Fig 7. Comparing V1 recordings with network models. (A) V1 recordings. Shared dimensionality (upper panel) and percent shared variance (lower

panel) for broad-spiking (red) and narrow-spiking (blue) neurons. Recorded neurons were separated designated as broad-spiking or narrow-spiking using a

mixture of Gaussians classifier on average waveform parameters. (B) Same conventions as in (A), but for the clustered network (left panels) and non-

clustered network (right panels) based on 1,200 trials for various neuron counts. Red indicates excitatory neurons and blue indicates inhibitory neurons.

(C-D) Same conventions as in A-B, but based on 23 neurons and various trial counts. Error bars indicate standard error taken over four arrays for V1

recordings and four sets of non-overlapping samplings for model networks.

https://doi.org/10.1371/journal.pone.0181773.g007
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networkshowedno trendsin shareddimensionalityor percentsharedvariancedueto the
smallnumberof trials(Fig7F).

Overall,thetrendsof theV1 recordingsweresimilar to thoseof theclusterednetwork.
However,thereweretwo notablediscrepanciesbetweentheV1 recordingsandclusterednet-
work.First,whereastheexcitatoryneuronsshowedhigherpercentsharedvariancethaninhib-
itory neuronsin theclusterednetwork(Fig7Band7E,bottom),thiswasnot seenin theV1
recordings(Fig7A and7D,bottom).Wespeculatethat thisdifferencecouldbedueto thecon-
nectivitystructureof theclusterednetwork,or our ability to classifyneuronsaccuratelybased
on waveformshape(seeDiscussion).Second,themodethatexplainedthelargestamountof
sharedvariance(referredto astheªdominantmodeº)in theV1 recordingsdescribedthepop-
ulation increasinganddecreasingits activitytogether(S6Fig,left columnof heatmapshave
nearlyall elementsof thesamesign).Previousstudieshavedemonstratedthisbyanalyzingall
recordedneuronstogether[39,49];here,weshowedthat this isalsotruewhenanalyzing
broad-spikingandnarrow-spikingpopulationsseparately.However,thedominantmodesfor
theexcitatoryandinhibitory populationsin theclusterednetwork(Fig4A, left) did not exhibit
thisproperty.

Discussion

In thiswork,weusedspikingnetworkmodelsto examinehowthepatternsof activitypro-
ducedbyapopulationof neuronsdependon neurontype(excitatoryandinhibitory). We
found thatexcitatoryandinhibitory neuronsshoweddifferentpopulationactivitystructure.
Notably,theinhibitory populationexpressedmoremodesof sharedactivitythantheexcitatory
populationin bothnetworksthatweimplemented.Furthermore,thepopulationactivitystruc-
turedependedon theratio of excitatoryto inhibitory neuronssampled.To groundthenet-
work resultswith realdata,weclassifiedV1 neuronsbasedon waveformandfound that the
populationactivitystructureof eachneurontypein the in vivo recordingsbetterresembled
thatof theclusterednetwork.Overall,theseresultsdemonstratethatknowledgeof neuron
typeis important,andallowsfor strongerstatisticaltests,wheninterpretingpopulationactivity
structure.

Althoughmanyspikingnetworkmodelshavebeenproposed,weconsideredmodelswhere
strongexcitationisbalancedbyanequallystrongandopposinginhibition. Previouswork on
balancednetworkshasfocusedon theresponsepropertiesof theexcitatorypopulation[20,21,
39,50,51]because,in balancednetworks,theinhibitory populationsimplytrackstheexcit-
atorypopulation.Thetrackingpropertyof theinhibitory populationisessentialfor network
stabilityandyieldsnetworkactivitythat isasynchronous[21]. Thus,analyzinginhibition
shouldnot, in principle,provideanyfurther insightaboutnetworkdynamicsthantheexcit-
atorypopulation.This intuition isdevelopedfrom thetheoryof balancednetworkswith
homogeneousconnectivity(i.e.,non-clustered)wheretypicallyspiketrain statisticsareonly
studiedin thelimits of largenetworksizeandlargetrial counts[20,21,24].In our study,we
comparedandcontrastedthenetworkspikingstatisticsof anon-clusteredbalancednetwork
to onewith clusteredexcitatoryconnectivity[22]. Counterto classicalintuition, analysisof
bothnetworksshowssignificantdifferencesin theactivitystructureof theexcitatoryand
inhibitory populations.

Wefocusedon thetrendsin shareddimensionalityandpercentsharedvarianceto com-
parethepopulationactivitystructuresof differentneurontypes.Absolutelevelsof shared
dimensionalityandpercentsharedvarianceobtainedfor themodelnetworksarelikely to
dependon modelparameters,suchasthenumberof clusters,thesynapticweights,andthe
probabilityof synapticconnection.Weusedtheparametersdescribedin [22], andwedid
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not try to fit theseparameterssothat theresultswouldmatchthosefound from experimental
data.Understandingthetrade-offsamongthedifferentmodelparametersnecessaryto
reproducethevaluesof shareddimensionalityandpercentsharedvariancemeasuredfor the
in vivo recordingswouldbeaninterestingavenueof future research.

In our previouswork,weattemptedto grouptheneuronsfrom theV1 recordingsinto clus-
tersbasedon themodesof sharedactivity[39]. However,wedid not find cleargroupsof neu-
rons.In aseparateanalysis,usingtheclusterednetwork,weaskedhowthenumberof clusters
representedin theneuronsampleaffectsthepopulationactivitystructure[39]. Wefound that
theshareddimensionalityincreaseswith thenumberof clustersrepresented,but thepercent
sharedvariancedoesnot dependon thenumberof clustersrepresented.

Recently,severalstudieshavefound thatnetworkswith heterogenerousconnectivitycan
betterreproducethevariabilityanddynamicsof corticalactivity[22±24,52].Theclustered
networkthatwestudiedhereisanexampleof suchaheterogeneousnetwork.While inhibitory
projectionsdo not appearto bestructured[7], theremaybestructuredprojectionsfrom excit-
atoryclustersto aninhibitory target[53]. How structuredprojectionsfrom excitatoryto inhib-
itory neuronsshapethestructureof populationactivitywouldbeaninterestingline of further
research.In asimilarvein,balancednetworkmodelswith connectivitythatdependsuponthe
spatialdistancebetweenneuronshavebeendeveloped[54] andcanserveasaninteresting
platformfor futurestudiesof neuralpopulationactivitystructure.A completeunderstanding
of thesedifferencesbetweenbalancednetworkswith homogeneousandheterogeneouswiring
will requireafull theoryof heterogeneousbalancednetworks[24].

A centralgoalof networkmodelingis to constructmodelswhichproduceactivitythat
resemblein vivo recordings.To date,moststudieshavecomparednetworkmodelswith real
dataat thelevelof individual neurons(e.g.,averagedfiring rateacrossneuronsor Fanofactor)
andpairsof neurons(e.g.,pairwisecorrelation)[20±22,55].To movebeyondsingle-neuron
andpairwisemetrics,wecompareherethejoint activitypatternsacrossapopulationof neu-
rons,asin recentstudies[23,39,52,56].Thiscomparisonis facilitatedbydimensionality
reductionmethods(in thiscase,factoranalysis),whichproducesummarystatistics(in this
case,shareddimensionalityandpercentsharedvariance)of thepopulationactivitystructure.
Thisapproachis likely to bebeneficialfor thedesignof futurenetworkmodels.In addition to
matchingsingle-neuronandpairwisemetrics,networkmodelsshouldreproducethepopula-
tion activitystructureof in vivo recordings.

Thebalancednetworksstudiedherearedeterministicandchaotic.Althoughthemodel
neuronsdo not eachhaveanindependentnoisesource,FA identifiesªindependentvarianceº
for eachneuron'sactivitythatcannotbepredictedfrom theothersampledneuronsusingalin-
earpredictor.Theindependentcomponentof variabilityarisesfrom thefactthat i) only asub-
setof theneuronsin thenetworkaresampled,andii) thebalancednetworkshavenon-linear
dynamicsthatarenot capturedbyalinearandstaticFA model.

In our V1 recordings,thedifferencein populationactivitystructurebetweenbroad-spiking
neuronsandnarrow-spikingneuronswassmall(cf.Fig6).Onepossibilityis that thereisno
differencein thepopulationactivitystructurebetweenexcitatoryandinhibitory neuronsin
corticalnetworks.Anotherpossibility(whichwethink ismorelikely) is that thereisadiffer-
ence,but wewerenot ableto seeit in our datafor two reasons.First,wewerelimited in sam-
pledneurons(23)andtrials(1,200).In theclusterednetwork,weobservedthat therewasa
substantialdifferencein populationactivitystructurebetweenexcitatoryandinhibitory neu-
ronsfor largenumbersof neurons(100)andtrials(10,000)(cf.Fig3).However,whenthe
numberof neuronsandtrialswasreducedto thatavailablein V1 recordings(23neuronsand
1,200trials),thedifferencebetweenexcitatoryandinhibitory neuronswasmuchsmaller(cf.
Fig6).This isconsistentwith thetrendsobservedin theV1 recordings.Anotherpossible
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reasonis thatneuronsmight bemisclassifiedbasedon waveformshape.Newtechnologiesare
beingdevelopedthatcanidentify neurontypemoredefinitivelyin vivo usingoptogenetics
(e.g.,[57,58])or selectivelyexpressingfluorescentindicatorsin certainneurontypesfor opti-
calimaging(e.g.,[59,60]).Giventherapiddevelopmentandadoptionof thesetechnologies,
thereisanever-growingneedfor methodsandanalyseslike thosepresentedhereto under-
standhowexcitatoryandinhibitory populationsinteract[61].

Thepropertiesof excitatoryversusinhibitory neuronshavelargelybeenstudiedat thecel-
lular or sub-cellularlevels.Applyingdimensionalityreductionmethodsto samplingsof the
sameneurontypeallowsusto link differencesat thesub-cellularandcellularlevelsto popula-
tion-leveleffectsat thenetworklevel.Differencesin connectivitypatterns,projectionlengths,
andfiring variabilitymayall contributeto differencesin populationactivitystructure.Our
studyconnectstwo disparate,yetrelated,fieldsof neurosciencebystudyingpopulationactivity
asafunction of neurontypesampling.

Classifyingneuronsasexcitatoryor inhibitory isonly afirst-levelcharacterizationof neu-
ron type.Thereexistmultiple typesof inhibitory neuronswhichvaryin termsof morphologi-
cal,physiological,andneurochemicalcharacteristics[62]. Thesedifferentsubtypeshavebeen
implicatedin differentrolesat thenetworklevel[63,64],andarebeingincorporatedin net-
work models[65]. Thecurrentstudycanbeextendedto assesswhethertherearesignaturesof
thedifferentinhibitory neurontypesin thepopulationactivitystructure,andwhetherit isnec-
essaryto sampleall typesof inhibitory neuronsto understandnetworkfunction.Furthermore,
wefocusedon spontaneousactivityfor themodelsnetworks(i.e.,zeroinputs)andin vivo
recordings(i.e.,no visualstimulus).Theapproachpresentedherecanbeusedto comparethe
populationactivitystructureof excitatoryandinhibitory neuronsfor evokedactivity,i.e.,
modelnetworkswith non-zeroinputsandneuralresponsesto visualstimuli.

Materials and methods

Balanced spiking networks

Weconsideredtwo spikingnetworks:aclassicbalancednetwork(ªnon-clusterednetworkº)
andanetworkin whichtheexcitatoryneuronsexhibitedclusteredstructure(ªclusterednet-
workº). Spikingnetworkactivitywasgeneratedusingthesameparametersasin [22]. Bothnet-
workscontained4,000excitatoryand1,000inhibitory leakyintegrate-and-fireneurons.In the
clusterednetwork,therewere50clusters,eachwith 80excitatoryneurons.Thesame-cluster
excitatoryneuronshadhigherprobabilityof connection(pEE

IN ¼ 0:485) thanout-of-cluster
excitatoryneurons(pEE

OUT ¼ 0:194). In thenon-clusterednetwork,all excitatoryneuronshada
uniform probabilityof connection(pEE = 0.2).All otherneurontypeconnectionprobabilities
wereuniform for bothnetworks(pEI = pIE = pII = 0.5).ThemembranepotentialV of eachneu-
ron wasmodeledby thefollowingdifferentialequation

_V ¼
1

t
ðm � VÞ þ Isyn ð2Þ

whereμ is thevoltagebias,Isyn is thesynapticinput current,andτ isatime constantthat is
dependenton neuraltype(15msfor excitatoryneurons,10msfor inhibitory neurons).When
V = Vth = 1,theneuronfires,andissetto Vre = 0 for arefractoryperiodof 5 ms.Thesynaptic
input currentto aparticularneuroni from populationx wasmodeledvia

Ix
i;synðtÞ ¼

X

jy

Jxy
ij Fy � sy

j ðtÞ ð3Þ

whereJxy
ij is thesynapticweightto neuroni in populationx from neuronj in populationy, Fy is
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thesynapticfilter of neuronsfrom populationy, andsy
j ðtÞ isanimpulsetrain representingthe

spikesof neuronj from populationy. Thesynapticfilter of excitatoryandinhibitory neurons
wasmodeledbyadifferenceof exponentialsvia

FyðtÞ ¼
1

t2 � t1

ðe� t=t2 � e� t=t1Þ ð4Þ

whereτ2 is3 msand2 msfor excitatoryandinhibitory neurons,respectively,τ1 is1msfor
bothneurontypes,andt only takespositivevalues.

In theclusterednetwork,same-clusterexcitatorysynapticweightsweresetto JEE
IN ¼ 0:0456,

out-of-clusterweightsweresetto JEE
OUT ¼ 0:024, andtherestof theweightsweresetto JEI =

−0.045,JIE = 0.014,andJII = −0.057.In thenon-clusterednetworkJEE ¼ JEE
OUT ¼ 0:024, andthe

remainingsynapticweightswerethesameasin theclusterednetwork.

Factor analysis

In thisstudy,populationactivitystructurewascharacterizedusingfactoranalysis(FA) [27,28,
36,66,67].Unlike principalcomponentanalysis(PCA),FA partitionsthespikecountvariance
of eachneuroninto sharedandindependentcomponents.Thismakesit possiblefor usto
assessthesharedpopulationactivitystructure(i.e.,thesharedcomponent),whichcanbe
obscuredbyPoisson-likespikingvariability(i.e.,theindependentcomponent).For this rea-
son,FA ismoreappropriatethanPCAfor analyzingsingle-trialspikecounts[37]. FA is
definedas:

x � N ðm; LLT þCÞ ð5Þ

wherex 2 Rn�1 isavectorof spikecountsacrossthen simultaneously-recordedneurons,
μ 2 Rn�1 isavectorof meanspikecounts,L 2 Rn�m is theloadingmatrix relatingm latentvar-
iablesto theneuralactivity,andC 2 Rn�n isadiagonalmatrix of independentvariancesfor
eachneuron.Themodelparametersμ, L, andC wereestimatedusingtheexpectationmaximi-
zation(EM) algorithm[68].

Asshownin Fig2A,FA separatesspikecountvarianceinto asharedcomponentLLT and
anindependentcomponentC. Therankof LLT ism, thenumberof latentdimensionsneeded
to explainthesharedpopulationactivitystructure.To determinem, FA isappliedto spike
countsfor variouscandidatevaluesof m, andthenweselectthem thatmaximizesthecross-
validateddatalikelihoodusingfour folds.

In thisstudy,weusedtwo keymetricsto summarizepopulationactivitystructure:shared
dimensionality(dshared) andpercentsharedvariance.First,wemeasuredthenumberof dimen-
sionsin thesharedcovarianceasametric for thecomplexityof thepopulationactivity.Wefol-
lowedatwo stepprocedureto obtainthismetric.Wefirst found them thatmaximizedthe
cross-validateddatalikelihood,asisstandardpractice.Wethendefineddshared asthenumber
of dimensionsthatwereneededto explain95%of thesharedvariancebasedon theeigenvalues
of LLT (Fig2B).Wedid this for thefollowingreason.In simulations,wefound that,when
training datawereabundant,therewasnot astrongeffectof overfittingandthecross-validated
datalikelihoodcurvesaturatedat largedimensionalities.Asaresult,thepeakdata-likelihood
appearedatwidelyvaryingdimensionalitiesalongtheflat portion of thecurve,leadingto vari-
ability in thevalueof m from onerun to thenext.In contrast,wefound thatdefiningdshared as
describedaboveprovidedamorereliableestimateof dimensionalityacrossanalyses,evenif it
underestimatesthetruedimensionality.

Second,wemeasuredtheamountof eachneuron'svariancethatwassharedwith at least
oneotherneuronin thesampledpopulation(Fig2C).Mathematically,percentsharedvariance
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for thekth neuronwascomputedas:

Percent shared variance for neuron k ¼
LkLT

k

LkLT
k þCk

ð6Þ

whereLk is thekth row of L andCk is theindependentvariancefor thekth neuron.In Figs3,5
and6,wereportaveragesoverall neuronsof thesametypein agivenanalysis.ForFigs2Band
4B,wecomputedaseparatemetric,thepercentof overallsharedvarianceexplainedbyeach
mode.Thiswasusedto quantifytherelativedominanceof eachmodefor explainingshared
variability.Thepercentof sharedvarianceexplainedby the ith modewascomputedas:

Percent of shared variance explained by mode i ¼
liPm
j¼1

lj
ð7Þ

whereλi is theeigenvalueof LLT correspondingto the ith modeandm is therankof L. Note
that thismetricdoesnot takeinto accounttheindependentvariances.ForFig4,FA was
appliedwith thecross-validatedshareddimensionalityto all 10,000trials.Throughoutthis
work,wereferto aparticularmodeasªdominantº to anothermodeif it explainsalargerper-
centof sharedvariance.

Varying neuron and trial count

Weinvestigatedhowdshared andpercentsharedvariancevarywith neuronandtrial countsfor
excitatoryandinhibitory populationsin spikingnetworkmodelsandV1 recordings.To do so,
wesampledincreasingnumbersof neuronsor trialsfrom eitherthenetworksimulationsor
V1 recordings.FA wasthenappliedto theselectedneuronsandtrials to obtaindshared andper-
centsharedvariance.

In theanalysisof modelnetworksin Fig3,to increaseneuroncount,weaugmentedthe
nextsmallersampleof neuronswith additionalrandomlyselectedneurons.Forexample,we
first randomlyselected10neurons,computeddshared andpercentsharedvariancefor thisset,
andthenadded10additionalrandomly-selectedneuronsto obtainthenextsampleof neu-
rons.Werepeatedthisprocedure25timesateachneuroncountusing5 non-overlappingsets
of neuronsand5non-overlappingsetsof trials,using10,000trialsfor eachneuroncount.We
studiedhowdshared andpercentsharedvariancechangewith trial countbyperformingthe
sameprocedureasdescribedabove,exceptthat trialswereincreasedratherthanneurons.

For theV1 recordinganalysisin Fig6A,welimited our analysisto 23neuronsof eachtype,
sincethiswastheminimum numberof neuronsof aparticulartypeacrossthefour arrays.For
eachneuroncount,wetook asmanynon-overlappingsamplesof neuronsfor thatneuron
countaspossible,andappliedFA to computedshared andpercentsharedvariance.Weapplied
thesamesamplingprocedureto analyzehowdshared andpercentsharedvariancechangewith
increasingtrial count,while limited to 1,200trials.Werepeatedthisprocedurefor eachof the
four arrays.

Mixed neuron type sampling

Sincerealisticpopulationsamplingsincludeamixtureof bothexcitatoryandinhibitory neu-
rons,weanalyzedhowtheratio of excitatoryto inhibitory neuronssampledaffectspopulation
activitystructure.To do assessthis,wefit FA to spikingnetworkactivitysamplingsof 100neu-
ronsto computedshared andpercentsharedvariancefor ratiosof 0:100,10:90,20:80,andsoon
until 100:0excitatoryto inhibitory neuronsweresampled.Startingwith theratio of 0:100
excitatoryto inhibitory neurons,wereplaced10of the100inhibitory neuronswith 10excit-
atoryneuronsfor aratio of 10:90excitatoryto inhibitory neurons.Then,wereplacedanother
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10inhibitory neuronswith 10excitatoryneurons(whilekeepingthe10excitatoryneuronsjust
addedto thesampling)for aratio of 20:80excitatoryto inhibitory neuronssampled.Excitatory
neuronsreplacedinhibitory neuronsin incrementsof 10,until theentiresamplingcomprised
zeroinhibitory neuronsand100excitatoryneurons.Werepeatedthisanalysis25timesfor five
non-overlappingsetsof 100excitatoryand100inhibitory neuronsandfivenon-overlapping
setsof trials.

Neural recordings

A detaileddescriptionof therecordingmethodologycanbefound in [40,69].Briefly,neurons
wererecordedin theprimaryvisualcortexof threeanesthetizedmacaquemonkeys.Anesthesia
wasmaintainedfor 5-7dayswith sufentanilcitrate(6-18μg/kg/hr) throughcontinuousintra-
venousinfusion,andeyemovementswerereducedthroughcontinuousintravenousinfusion
of vecuroniumbromide(100-150μg/kg/hr).

Multi-electrodearrayswereimplantedin four primary visualcortexhemispheresof three
anesthetizedmacaquemonkeys,andneuralactivitywasrecordedfor 20-30minutesduring
presentationof agraycomputerscreen.Spikingwaveformsnippetsfrom therecordingswere
sortedoff-line usingamixture-decompositionmethod[70]. Thisautomaticsortingwas
refinedmanually,takinginto accountwaveformshapeandinter-spikeintervaldistributions.
Forour analysis,weonly usedneuronswhichhadaveragefiring rategreaterthanonespike
persecond,andsignal-to-noiseratio (SNR),computedastheaveragewaveformamplitude
dividedby thestandarddeviationacrosswaveforms,greaterthan1.33.MedianSNRvalues
were2.96,2.75,2.50,and2.31for eachof thefour arrays.Spikingactivitywasdividedinto one
secondepochs,whichwereferto asªtrialsº throughoutthiswork.An analysisof asupersetof
thesedatacanbefound in [40].

Animal protocolswereapprovedby theinstitutionalanimalcareandusecommitteesof
NewYork UniversityandAlbert EinsteinCollegeof Medicineof YeshivaUniversity.Monkeys
werefednutrient-rich biscuitsandfrequently(1-2timesperday)givensupplementaltreats
(e.g.freshanddried fruit, nuts,etc).Enrichmentactivitiesincludedforagingfor treats,music,
movies,humaninteraction,andstandardtoysincludingmirrors. Animalsweretypicallypair
housedand,whenthiswasnot thecase,animalswerealwayshousedin thesameroom ascon-
specifics,allowingfrequentvisualandauditoryinteractions.Professionalveterinarystaffand
labpersonnelmonitoredanimalhealthandwell-beingon adailybasis.

Neuron type classification

Weclassifiedtherecordedneuronsasputativeexcitatoryor putativeinhibitory neuronsbased
on averagewaveformshape(S5Fig).Comparedto excitatoryneurons,inhibitory neurons
tendto haveshorterlatenciesto peakdepolarization[45±47],brief hyperpolarizationdura-
tions[45,46],andrapidpeakratesof repolarization[45]. Neuronswith anyof thesethree
propertiesareconsideredªnarrow-spikingº(or fast-spiking),whileneuronswith sloweraction
potentialdynamicsareconsideredªbroad-spikingº(or regular-spiking).To classifyneurons
from our extracellularrecordingsasbroad-or narrow-spiking(putativeexcitatoryandputa-
tive inhibitory, respectively),wecomputedthetime of peakdepolarization,durationof
hyperpolarization,andrateof repolarizationfor theaveragewaveformof eachneuron.We
measuredthesethreewaveformstatisticsfor the75%of theneuronsthatacrossall recording
sessionswith thegreafSNR,andfit amixtureof two Gaussiansto thescatterof waveforms,
whereeachwaveformwasrepresentedby its waveformstatisticsin thethree-dimensional
space[14]. Theaveragewaveformsof four neuronsexhibitedlargeincreasesin normalized
amplitudebeforespikedepolarizationmakingthemdifficult to parameterize,sotheywerenot
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usedto train themixtureof Gaussiansclassifieror in theanalyses.Theclasswith thesmaller
meantime of peakdepolarizationwasdesignatedasthenarrow-spikingclass,andtheotheras
thebroad-spikingclass.Weusedthefitted mixtureof Gaussianparametersto computethe
likelihoodof aneuronbeingapartof eitherclass.To focuson neuronsthathadahighproba-
bility of belongingto eitherclass,weanalyzedonly neuronswith probabilitygreaterthan85%
of belongingto eitherclass.Thisresultedin thefollowingdistributionsof classifiedneuron
typesfor thefour arrays:24broad-spikingand39narrow-spiking,41broad-spikingand72
narrow-spiking,23broad-spikingand60narrow-spiking,and47broad-spikingand25nar-
row-spikingneurons.Thesesamplescontainasmallerproportion of putativeexcitatoryneu-
ronsthanthe75-80%excitatorypyramidalcellsfound in histochemicalanalysis[71,72].
Possiblereasonsfor this includedifferencesbetweenthephysiologicalandanatomicalsam-
pling distributionsof neurons,ambiguityin classificationdueto thepresenceof somebroad-
spikinginhibitory neurons,differencesin laminardistributionsbetweencelltypes,andran-
domnessin neuralsamplingfor eacharrayimplant.Previousstudieshavenot exploredthe
large-scaledistribution of celltypesusingthisclassificationmethod,andthiswill beanimpor-
tant areafor futureresearch.Usingtheclassificationswedeterminedfor eacharrayimplant,
werestrictedour analysisto arandomly-chosensetof 23neuronsfor eachneurontypefor
eacharray.

Supporting information

S1 Fig. Timescale of neuronal correlations. Autocorrelationof excitatoryandinhibitory
neuronsusinga10msspikecountwindow.Curveswereaveragedacrossneuronsandhave
amaximumof oneatzerotime lag.(A) Clusterednetwork:autocorrelationof excitatory
neurons(red),inhibitory neurons(blue),andexcitatoryneuronsbrokendownbycluster
(orange).(B) Non-clusterednetwork:autocorrelationof excitatory(red)andinhibitory (blue)
neurons.(C) V1 recordings:autocorrelationof broad-spiking(red)andnarrow-spiking(blue)
neurons.
(EPS)

S2 Fig. Relationship of percent shared variance to pairwise spike count correlation. To
studytherelationshipof thewidth of azero-meanspikecountcorrelationdistribution to
sharedvariance,wegeneratedsimulatedspikecountswith near-zeromeanspikecount
correlationdistributionsof variouswidthsusingthemethoddescribedin [44]. Webeganby
drawingspikecountcorrelationsfrom anormaldistribution with meanzeroandaselected
standarddeviation.Theywereusedto form acorrelationmatrix,wherethecorrelationvalues
wereplacedrandomlyin theupperhalfof thematrix andwerecopiedto thelowerhalfof the
matrix to ensuresymmetry.For thecorrelationdistribution widthstestedhere,all of thegen-
eratedcorrelationmatriceswerepositivesemi-definite.Thespikecountmeansandvariances
of themodelneuronswerematchedto randomly-sampledinhibitory neuronsin thenon-clus-
terednetwork.Wethengenerated100,000spikecountsfor 100modelneurons.Wecomputed
thepercentsharedvariancefor simulatedspikecountsfor variouscorrelationdistribution
widths.Thewidths0.011and0.025correspondto theexcitatory(red)andinhibitory (blue)
populations,respectively,in thenon-clusterednetwork(cf.Fig1D,EEandII), andarethus
highlighted.Standarderror barsareshownfor fivesetsof 20,000trials,whereeachsetisan
independentdrawfrom thedistribution of spikecountcorrelations.
(EPS)

S3 Fig. Excitatory and inhibitory population activity structure using 100 ms spike count

windows. Sameanalysisasshownin Fig3usinga100msspikecountwindow.Thesame
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neuronsandtrialsof theclusteredandnon-clusterednetworkswereused.Spikecountswere
takenin thefirst 100msof theoriginalonesecondtrial.
(EPS)

S4 Fig. Mixed neuron type samplings using 100 ms spike count windows. Sameanalysisas
shownin Fig5 usinga100msspikecountwindow.Thesameneuronsandtrialsof theclus-
teredandnon-clusterednetworkswereused.Spikecountsweretakenin thefirst 100msof the
originalonesecondtrials.
(EPS)

S5 Fig. Neuron type classification. (A) Normalizedaveragewaveformsof neuronswith aver-
agefiring ratesgreaterthanonespikepersecond.Eachwaveformcorrespondsto oneneuron
andiscoloredby theprobabilitythat it belongsto thebroad-spikingclass(towardred)or the
narrow-spikingclass(towardblue).(B) Posteriorprobabilityof neuronsbelongingto either
class.Neuronsareorderedalongthehorizontalaxisbasedon their relativeprobabilityof
belongingto thebroad-spikingclass(red)andnarrow-spikingclass(blue).Dashedvertical
linesindicate85%probabilitythresholdsusedfor determiningneuronsthatclearlybelongto
eachclass.(C) Waveformshapeaveragedacrossall broad-spikingneurons(red)andall nar-
row-spikingneurons(blue)thatpassedthe85%probabilitythreshold.
(EPS)

S6 Fig. Modes of shared activity for V1 recordings. (A) Modesfor broad-spikingneurons.
Thecolumnsof theheatmaprepresenttheeigenvectorsof thesharedcovariancematrix,
orderedby theamountof sharedvarianceexplained.(B) SameconventionsasA for narrow-
spikingneurons.(C) Percentof total sharedvarianceof broad-spiking(red)andnarrow-spik-
ing (blue)neuronsexplainedbyeachmode.
(EPS)
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