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form adiverseclasswith multiple subtypeg8+10].In manycasesnhibitory neuronsexhibit
greateffiring ratesthanexcitatoryneurong[11, 12], moreattentionalmodulation[13, 14],and
alessedegreef burstinesg15, 16]. Excitatoryneuronsarethoughtto becritical for long-
term synapticpotentiation[17], whereasnhibitory neuronsareinsteadpostulatedo modu-
latestimulusresponseain,sharpertuning to stimuli, andpacecorticaloscillationg18].
Despitetheseanatomicalstatisticalandfunctional differencesthe network-levelolesof exci-
tation andinhibition andtheir interactionareincompletelyunderstood.

In this study,we soughtto understanchowthe patternsof activity producedby apopula-
tion of neurons(referredto aspopulation activity structure) dependon neurontype.Such
insightswould helpto bridgethe gapbetweersingle-neuronand pairwise)responseroper-
tiesof differentneurontypesandtheir network-leveinteractions We leveragedpiking
networkmodelswherethetypeof eachneuronandthe networkconnectivityis known, to
addresshis questionWe consideredwo typesof balancedhetworks:onewith uniform con-
nectivity (®non-clusterechetwork®) and onewith clusteredconnectivityamongexcitatory
neurons(®clusterednetwork®). This allowsusto asseslBow our resultsdependon the underly-
ing architecture Classimon-clusterechetworksbalanceexcitatoryandinhibitory input
currentsand havebeenwidely studied.The modelneuronsexhibit Poisson-likespiking vari-
ability andzero-mearspikecountcorrelationg19+21].Clusterecbalancechetworksrepro-
duceadditionalpropertiesof the spikingvariability of biologicalneuronsandhavemore
realisticanatomicaktructure[22+24].In this study,weanalyzednerepresentativaeetwork
of eachtype,andreferto themasthe clustered network andthe non-clustered network.

Onewayto characterizepopulationactivity structureis throughthe useof dimensionality
reduction[25]. Dimensionalityreductionmethodshavebeenutilized to examineneuralpopu-
lation activity during motor control [26, 27], decision-makind28, 29], visualattention[30],
andotherbehaviorataskg31+35].Thesamethodscharacterizéhe multi-dimensionalpat-
ternsof activity producedby apopulationof neurons which canthenberelatedto stimulusor
behavior For this study,we usedfactoranalysigFA), whichis well-suitedfor analyzingspik-
ing variabilitybecaus# separatespikingvariabilityinto acomponentthatis sharedamong
neuronsandonethatisindependentacrossieurons[36, 37]. Sharedrariability is of particular
importancebecausé isthe mostlikely to betransmittedto downstrearmeuronsand affect
neuronalcoding[38]. We usedFA to measuréwo characteristicef populationactivity: shared
dimensionality and percent shared variance. Shareddimensionalitymeasureshe numberof
dimensiongn whichthe sharedactivity residesLargevaluef shareddimensionalityindicate
arichnesgo theinteractionsamongneuronswhile valuef zeroindicateapproximateinde-
pendencePercensharedvarianceassessele degredo which the sharedactivity explainghe
total variability in the population.

We startedby characterizinghe activity structureof excitatoryandinhibitory populations
in the balancedhetworksby applyingFA to samplingsof only-excitatoryand only-inhibitory
neuronswhile varyingthe numberof neuronsandtrials sampledThis extendour recent
studyof only excitatoryneuronsin modelnetworks[39], andallowedusto comparethe
multi-dimensionalactivity structureof the two neurontypesin both networks.Then,using
the sametwo networks we consideredsamplingf mixedneurontypeby varyingtheratio
of excitatoryto inhibitory neuronssampledrom eachnetwork.Byapplyingfactoranalysigo
the populationactivity,we observedneasurablylifferentpopulationactivity structurefor var-
iousneurontypesamplingsin orderto groundthesemodelnetworkresultswith realdata,we
appliedthe sameanalysido the activity of a populationof neuronsrecordedfrom the primary
visualcortex.By classifyingheuronsbasedn waveformshapg14], wefound thatthe broad-
spikingandnarrow-spikingneuronshavesimilar activity structureasthe excitatoryand
inhibitory populationsrespectivelyin the clusterechetwork. Theseesultssuggesthat the
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identification of neurontypesin experimentablatacanprovideamore nuancedunderstand-
ing of populationactivity structure.

Results

To studythe organizationof neuralresponsed populationsof excitatoryandinhibitory neu-
rons,weexaminedhe propertiesof the spontaneousctivity of modelexcitatoryandinhibi-
tory neuronsin balancecdetworks.Two typesof balancechetworkswereanalyzedn this
study:onewith clusteringamongexcitatoryneurons(Fig 1A, 2clusteredthetwork)andone
with uniform connectivity(Fig 1B,2non-clusteredhetwork). Eachbalancecetworkcon-
tained4,000excitatoryand 1,000inhibitory neurons.n the clusterechetwork,the excitatory
neuronswerepartitionedinto 50non-overlappingclustersof 80neuronswheresame-cluster
neuronshadahigherprobability of connectionthan out-of-clusterexcitatoryneurons.In the
non-clusterechetwork,excitatoryneuronsconnectedvith uniform probabilityto otherexcit-
atoryneurons.Connectivitywithin theinhibitory population,aswell asconnectivitybetween
the excitatoryandinhibitory populationswasuniform in eachnetwork.

Both networksexhibit featuressimilar to physiologicalecordingsThe averagdiring rate
of inhibitory neuronswasgreaterthanthat of excitatoryneuronsin both modelnetworks(Fig
1A and1B,right) [11, 12]. Same-clusteexcitatoryneuronsin the clusterechetworkrecur-
rently exciteeachother,actingsimilarly to abistableunit with high andlow activity stategFig
1E)resultingin positivenoisecorrelationswhich havebeenobservedamongnearbyneurons
[40]. Thenon-clusterechetwork doesnot havethis property (Fig 1F).

Excitatory and inhibitory populations of balanced networks have different
activity structure

To understanchow neurontypeimpactspopulation-levemetricsof sharedvariability, we
appliedFA to spikecountstakenin aonesecondvindow of spontaneousactivity (referredto
asadtrial®) from eachnetwork.FA decomposethe spikecount covariancef neuronsinto
asharedandindependentomponent(Fig 2A), which enableshe computationof shared
dimensionality(dg....q) and percentsharedvariance(seeViethods).Shareddimensionalityis
the numberof modesof sharedco-fluctuationsof the populationactivity (Fig 2B).It isamea-
sureof the complexityof thesesharedco-fluctuationsPercentsharedvariancemeasurefiow
muchof eachneuron'sspikecountvariability is sharedwith atleastoneothersamplecheuron
(Fig 2C).Byinvestigatinghow thesemetricsdependon the numberof neuronsandtrials sam-
pled,wecharacterizedhe scalingpropertiesof the excitatoryandinhibitory populationactiv-
ity structure.Notethat shareddimensionalityand percentsharedvarianceneednot goup and
downtogetherf39].

Wefocusedhereon aspikecountwindow of onesecondgonsistentvith manyprevious
studiesof spikecountcorrelation[13,40+43].To further justify this choice wefound that neu-
ronsin both modelnetworksandthein vivo recordingsexhibitednon-zeroautocorrelationat
lagsthroughoutthe rangeof zeroto onesecond S1Fig).In addition, wereplicatedour analy-
seawith a100mswindow andfound the samerendsaswith aonesecondvindow (seedetails
below).

Theexcitatoryandinhibitory populationshadnotabledifferencesn howshared
dimensionalityscaledwith increasingneuroncountin both networks We begarby applying
FAto only-excitatory(red) and only-inhibitory (blue) neuronsamplingof the clustered Fig
3A) andnon-clusteredFig 3B) networks.The shareddimensionalityof the excitatorypopula-
tion saturatedwith increasingheuroncountin the clusterechetwork (Fig 3A, top, red), but
not in the non-clusterechetwork (Fig 3B,top, red) [39]. In contrastthe shareddimensionality

PLOS ONE | https://doi.org/10.1371/journal.pone.0181773  August 17, 2017 3/27


https://doi.org/10.1371/journal.pone.0181773

Population activity structure of excitatory and inhibitory neurons

A clustered network B non-clustered network
I Ih_ EE_
p =05 pf,5=&4\354 3';&:0.1942 8 pg'\O'S p/DO'Z 8
A~ , = . B\
@ 2AA AA T ® |-, [AAAA[fT
@ AA AA o, @) AAAA| 2
© c
@, AA AA D, @ . AAAA| D>
@ [AAllaAlE, ® |aaaa Fo
=, E E | =/  E\ J E |
C D
0.2 0.2+
EE
0.15 0.15 1
£ E||I
€|®
S| & <
3 s 0.1 1.0
e}
0.05 0.05 1
0 0]
-1.0 -0.5 0 0.5 1.0 -0.2 -0.1 0 0.5 0.2
correlation correlation
E F
J-\'.;--_....s e T
I neurons ';
(2]
[
o
5 .
3 .
c g
0 0.2 04 0.6 0.8 1.0 0.2 04 0.6
time (s) time (s)

Fig 1. Basic properties of excitatory and inhibitory neurons in balanced networks. (A) Clustered network connectivity (left) of inhibitory-inhibitory
(p"), excitatory-to-inhibitory (p'5), inhibitory-to-excitatory (pF'), same-cluster excitatory-excitatory (p5%), and out-of-cluster excitatory-excitatory (pZZ ;)
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 (EE;,, red, r=0.72 “0.27, '
mean “standard deviation), out-of-cluster excitatory-excitatory pairs (EE,.; green, r=-0.0085 “0.11), excitatory-inhibitory pairs (El, purple, r=9.0 " ©
0.14), and inhibitory-inhibitory pairs (//, blue, r=4.5™ “0.15). (D) Non-clustered network spike count correlations (one second spike bins) between
excitatory-excitatory pairs (EE, red, r=1.9' “0.11), excitatory-inhibitory pairs (El, purple, r=2.1" “0.018), and inhibitory-inhibitory pairs (//, blue, r=
-7.3™ “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://da.org/10.1371¢urnal.pon®181773.g0D
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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 (dshareq) 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.0g/10.1371§urnal.pon®181773.9g002

of theinhibitory populationcontinuedto increasevith neuroncountregardlessf whether
the excitatorypopulationwasclustereddr not (Fig 3A and 3B,top, blue). Thesescalingproper-
tiesarerelatedto the connectivityof the neurons For thosepopulationswith uniform connec-
tivity (inhibitory in both networksand excitatoryin the non-clusterechetwork),more
dimensionsarerevealedasmore neuronsaresampledIn contrastthe sharedactivityamong
the excitatoryneuronsin the clusterechetworkis dominatedby the between-clusteinterac-
tion. We previouslyshowedhat, althoughthereare50modesdescribingthe interaction
amongthe 50clustersthe top 20modesexplain95%of the sharedvariancg39]. Thus,the
asymptoticnumberof shareddimensiong20)is smallerthanthe numberof clusterg50).

To further characterize¢he excitatoryandinhibitory populationactivity structure wesought
to measurghe prominenceof the sharecco-fluctuationsdescribedy theidentified dimen-
sions.We measuredhe percentagef eachneuron'sspikecountvariancethat wasexplainecby
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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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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://abi.org/10.1371durnal.por.0181773.908

the shareddimensionsNotethat, for agivenshareddimensionality the percentsharedvariance
canbelargeor smalldependingon how stronglythosedimensionsmodulateeachneuron's
activity. We found that the excitatorypopulationhadgreatempercentsharedvariancehanthe
inhibitory populationin the clusterechetwork (Fig 3A, bottom). Thisis reasonabléecaus¢he
clusteringof the excitatorypopulationleadgo same-clusteneuronsincreasinganddecreasing
their activity together(cf. Fig 1C),which would tendto increasg¢he amountof oneneuron's
variability that canbeexplainecdby otherneuronsin the samecluster.Converselyin the non-
clusterechetwork,theinhibitory populationhadgreateipercentsharedvariancethanthe excit-
atory population(Fig 3B,bottom). This observatioris relatedto the greatewarianceof the
spikecountcorrelationdistribution for inhibitory-inhibitor y than excitatory-excitatoryieuron
pairs(cf. Fig 1D). We suspectethat theseobservationsvereconnectedsinceincreasinghe
varianceof azero-mearspikecountcorrelationdistribution impliesanincreasen the number
of neuronpairswith non-zerospikecountcorrelation,which consequentlyncreasepercent
sharedvarianceTo demonstratehis, we generateghopulationspikecountscorrespondingo
spikecountcorrelationdistributionsof differentvariancesisingthe methoddescribedn [44].
Wefound that percentsharedvariancendeedincreasesvith the varianceof the spikecount
correlationdistribution (S2Fig). Furthermore we observedhat the percentsharedvarianceof
theinhibitory neuronsincreasedvith neuroncountfor both networks(Fig 3A and 3B,bottom,
blue),in contrastto that of excitatoryneuronswhich saturatedwvith increasingneuroncount
(Fig 3A and 3B, bottom, red) [39]. In otherwords,more of the spikecountvariabilityamong
inhibitory neuronswasexplainedasmoreinhibitory neuronsweresampled.

Havingexaminedhow shareddimensionalityand percentsharedvariancechangedvith
neuroncountfor excitatoryversusnhibitory populationsamplingsyenextexaminechow
theseiwo quantitieschangedvith trial count,while keepingthe numberof neuronsfixed. This
canhelpusunderstanchow muchdatais requiredto fully identify the sharedactivity of the
samplecheurons For both neurontypesin both networks the shareddimensionalityandper-
centsharedvariancesaturatedvith increasingrials sampledThe numberof trials at which
shareddimensionalityor percentsharedvariancesaturatedvasrelatedto how2salient’the
sharedpopulationactivity structurewasin the raw spikecounts.Whenthe sharedpopulation
activity structurewasmore salient fewertrials wereneededo identify the sharedstructure.In
the clusterechetwork,the shareddimensionalityand percentsharedvarianceof the excitatory
population(Fig 3C,red) saturatedat fewertrials thantheinhibitory population(Fig 3C,blue).
Thisisrelatedto the factthatthe excitatorypopulationhadgreatempercentsharedvariance,
andthereforemore salientsharedactivity structure thanthe inhibitory population.In the
non-clusterechetwork,we sawthe oppositetrend: inhibitory populationsamplinggFig 3D,
blue)saturatedn dimensionalityand percentsharedvariancewith fewertrials thanthe excit-
atorypopulationsamplinggFig 3D, red).In the non-clusterechetwork,theinhibitory popula-
tion hadmoresalientsharedactivity structurethanthe excitatorypopulation,asindicatedby
the higherpercentsharedvarianceof theinhibitory population.The asymptotiadimensionali-
tiesin Fig 3Cand3D dependon the numberof neuronsanalyzedin this case100neurons).
If more neuronsareincluded,the asymptoticdimensionalitywould behigherfor inhibitory
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neuronsin the clusterechetworkandboth typesof neuronsin the non-clusterechetwork,as
indicatedby Fig 3A and 3B.

Becaus¢he activity of same-clusteexcitatoryneuronstendsto increaseanddecrease
togetherweexpecteaxcitatoryneuronsto havegreaterpercentsharedvariancen the clus-
teredthanin the non-clusterechetwork (comparered curvesin Fig 3Cand3D, bottom).
Interestingly wefound that this wasalsotrue for the inhibitory neurons(comparebluecurves
in Fig3Cand 3D, bottom), eventhoughthe probability of connectiongnvolving inhibitory
neuronswasthe samein the two networks.Thusclusteringstructureamongexcitatoryneu-
ronsresultedn sharedvariability that propagatedo theinhibitory population,resultingin
increasedsharedvariabilityin theinhibitory population.Thisis consistentwvith the greater
varianceof the distribution of spikecountcorrelationsbetweerinhibitory-inhibitory neuron
pairsin the clusterechetwork (cf. Fig 1C,blue)thanthosein the non-clusterechetwork (cf.
Fig 1D, blue).All thetrendsobservedn Fig 3 with onesecondspikecountwindowsremained
true with 100msspikecountwindows(S3Fig).

Excitatory clustering affects modes of shared activity in both the
excitatory and inhibitory populations

To further characterizéhe excitatoryandinhibitory populationactivity structure westudied
themodes(or dimensions)of sharedactivity of eachpopulationin the two networks.For pop-
ulationsof eachneurontypefrom eachnetworkarchitecturethe ten mostdominantmodes
of sharedactivity (eigenvectorsf the sharedcovariancematrix) aredisplayedn order of the
amountof sharedvarianceexplainedby eachmode.(Fig 4A). Theexcitatoryneuronsare
orderedby clustermembershigFig 4A, top-left). Same-clusteneuronshadsimilar values
within eachmodefor the excitatorypopulationof the clusterechetwork,indicatingthatthe
dominantmodesdescribeco-varyingactivity betweerclustersin contrastthe excitatorypop-
ulation of the non-clusterechetwork (Fig 4A, top-right) andboth inhibitory populations(Fig
4A, bottom) did not exhibitanyobviousstructurein the modesof sharedactivity.
Althoughtherewereno differencesn meaninhibitory connectionpropertiesbetweerthe
clusteredandnon-clusterechetworks wefound that excitatoryclusteringchangeshe promi-
nenceof thedominantmodesof sharedactivityin the inhibitory population.In previous
work, wefound that dominantmodesof sharedactivityin the excitatorypopulationof the
clusterechetworkexplainedargeproportionsof sharedvarianceg(Fig 4B,left, red),in contrast
to thosein the excitatorypopulationin the non-clusterechetworkwheresharedvariance
wasdistributedmore equallyacrossnodes(Fig 4B,right, red) [39]. Thefive mostdominant
modesof sharedactivity explaineds4.5%+ 1.5%o0f sharedvariancen the clusterechetwork
and31.2%t 0.8%0of sharedvariancein the non-clusterechetwork. Interestingly wefound
thatthe dominantmodesof theinhibitory populationin the clusterechetworkalsoexplained
agreatempercentagef sharedvariance(Fig 4B, left, blue)thanin the non-clusterechetwork
(Fig4B,right, blue).Forinhibitory populationsthe five mostdominantmodesof sharedactiv-
ity explainedb4.3%t 0.4%of sharedvariancen the clusterechetworkandonly 20.1%t 0.2%
of sharedvariancen the non-clusterechetwork.UsingFA, wewereableto observehat
sharedactivity structureinducedby clusteringin the excitatorypopulationalsopropagatedo
theinhibitory population,which hadthe sameconnectivitystructurein the two models.

Ratio of excitatory to inhibitory neurons affects population activity
structure of mixed-type samplings

While samplingstrictly from populationsof asingleneurontypeis usefulfor characterizing
therole of neurontypein balancedetworkactivity, realisticpopulationsamplingdikely
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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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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://abi.org/10.1371durnal.por.0181773.g04

containamixture of both excitatoryandinhibitory neurons.n this sectionwe explorehow
the populationactivity structuredependsn theratio of excitatoryto inhibitory neuronssam-
pledfrom the clusteredand non-clusterechetworks.The samenetworkswith 4,000excitatory
and1,000nhibitory neuronswereused but we analyzedL00-neuronsamplingswith different
ratiosof excitatoryto inhibitory neurons.

Theratio of excitatoryto inhibitory neuronsaffectedhe shareddimensionalityof popula-
tion samplingsAswereplacecdexcitatoryneuronswith inhibitory neurons(Fig 5, movingleft
to right alongthe horizontalaxis),shareddimensionalityincreasedrom the only-excitatory
neuronsamplingto the only-inhibitory neuronsamplingfor the clusteredcandnon-clustered
networkswith 10,000rials (Fig 5B,top). Theendpointsof thesecurvesarethe shareddimen-
sionalitiesof the purelyexcitatory(cf. Fig 3A and 3B,100neurons top, red) and purelyinhibi-
tory (cf. Fig 3A and 3B,100neurons top, blue) populationsconsideredefore.

Theratio of excitatoryto inhibitory neuronssampledaffectedhe percentsharedvariance
of excitatory(red) andinhibitory (blue)neuronsin the clustereddashedandnon-clustered
(solid) networkswith 10,000rials (Fig 5B,bottom). Sincepercentsharedvariancemeasures
howmuch of aneuron'sactivity covarieswith atleastoneother sampledheuron,it is possible
for the percentsharedvarianceof excitatoryandinhibitory neuronsto changeéasedn how
manyof eachtypeof neuronis alsosampledConsiderthe percentsharedvarianceof excit-
atoryneuronswhengoingfrom only-excitatorysamplinggo only-inhibitory samplinggleft
to right alongthe horizontalaxis).As excitatoryneuronsarereplacedy inhibitory neurons,
the percentsharedvarianceof the remainingexcitatoryneuronswould decreasé theyare
more highly correlatedwith excitatoryneuronsbeingreplacedn the samplingthanthe newly
samplednhibitory neurons.Converselythe percentsharedvarianceof the remainingexcit-
atoryneuronswouldincreasef theyaremore highly correlatedwith the newlysamplednhib-
itory neuronsthanthereplacecdexcitatoryneurons.In the clusterechetwork,wefoundthatas
wereplacecdexcitatoryneuronswith inhibitory neurons the percentsharedvariancefor excit-
atoryneuronsdecrease@ig 5B,bottom,dasheded). Thisindicatedthat excitatoryneurons
in the clusterechetwork sharedmore of their activity with otherexcitatoryneurons.n con-
trast,the percentsharedvarianceof excitatoryneuronsin the non-clusterechetwork (Fig 5B,
bottom, solidred) increasedsmoreinhibitory neuronsweresampledThis showedhatin
the non-clusterechetwork,excitatoryneuronssharedmore of their activity with inhibitory
neuronsthanotherexcitatoryneurons.The percentsharedvarianceof inhibitory neuronsin
both networkswasmostlyindependenbf neurontypesamplingratio (Fig 5B,bottom, blue),
showingthatinhibitory neuronssharedheir spikecountvarianceequallywith excitatory
andinhibitory neurons.Onemight haveexpectedhe percentsharedvarianceof inhibitory
neuronsin the non-clusterechetworkto havegreatempercentsharedvariancewith other
inhibitory neuronsthanwith excitatoryneurons becaus¢he distribution of spikecountcorre-
lationshadgreatervariancefor inhibitory-inhibitory pairs(cf. Fig 1D, blue)thanfor excit-
atory-inhibitory pairs(cf. Fig 1D, purple).However the excitatoryandinhibitory populations
haddifferentdistributionsof spikecountvariancesotherelationshipbetweerthe varianceof
the spikecountcorrelationdistribution andthe percentsharedvariancevasmore complicated
whensamplingfrom both populationsinsteadof one.
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Wetheninvestigatechowtheresultsin (Fig 5B)dependon the numberof trials samplecby
performingthe sameanalysiswith 1,200(Fig 5A) and 20,000 Fig 5C)trials. In the non-clus-
terednetwork,sinceshareddimensionalityand percentsharedvarianceof the excitatorypop-
ulation did not saturateby 10,00arials (cf. Fig 3D, red), weexpectedigherandlowertrial
countsto exhibit differenttrendsof shareddimensionalityand percentsharedvariancewith
neurontypesamplingratio. With 1,200trials,the non-clusterechetwork shareddimensional-
ity (Fig5A, top, solid),aswell asthe percentsharedvarianceof excitatory(Fig 5A, bottom,
solidred) andinhibitory (Fig 5A, bottom, solid blue) neurons weresmallfor all ratios.With
20,000rials, the non-clustereddimensionalitywasflatter than with 10,000Crials, sincethe
shareddimensionalityof excitatoryneurondominatedratioshadincreasedearlyto the same
levelastheinhibitory dominatedratios(Fig 5C,solid). Thisis consistentvith Fig 3D (top),
wherethe excitatoryandinhibitory shareddimensionalitiesveresimilar for high trial counts.
Aswith 10,00arials,with 20,00Crials, excitatoryneuronssharedmore of their spikecount
variancewith inhibitory neuronsthan otherexcitatoryneurons(Fig 5C,bottom, solidred),
andinhibitory neuronssharedheir spikecountvarianceequallywith eachneurontype (Fig
5C,bottom, solidblue).

In the clusteredhetwork,the trendsof shareddimensionalityand percentsharedvariance
with neurontypesamplingratio did not changerom 10,00Q0 20,00arials (compare~ig 5B,
dashedwith Fig5C,dashed)sinceshareddimensionalityand percentsharedvariancesatu-
ratedby 10,000Qrials for the excitatoryandinhibitory populations(cf. Fig 3C).However,
with only 1,200trials insteadof 10,000rials, the shareddimensionalityfor inhibitory neuron
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dominatedratiosdropped(Fig 5A, top, dashed)and percentsharedvarianceof excitatoryand
inhibitory neuronsslightlydecrease@~ig 5A, bottom, dashed)consistentith Fig 3C.With
20,000rials,aswith 10,000rials,excitatoryneuronssharedmore of their spikecountvariance
with otherexcitatoryneuronsthaninhibitory neurons(Fig 5C,bottom,dasheded),and
inhibitory neuronssharedheir spikecountvarianceequallybetweerboth neurontypes(Fig
5C,bottom,dashedlue).Usinga spikecountwindow sizeof 100ms (S4Fig), weobserved
thesametrendsasin Fig5.

Neuron-type information reduces uncertainty of population activity
metrics

In practice weareoftenblind to thetypesof the neuronswe samplesowe canexpectvariabil-
ity in populationactivity metricsto arisefrom the variabilityin the sampledatio of neuron
type.Unknown samplingratiosof neurontypecanconfoundcomparisonsf population
activity structurebetweertwo datasetsConsiderthe conclusionfrom Fig 5B (top) that the
shareddimensionalityof the non-clusterechetworkis greaterthanthat of the clusterechet-
work. Asanextremeexampleo illustratethe conceptjet'ssaythat only excitatoryneurons
aresampledrom the non-clusterechetworkandonly inhibitory neuronsaresampledrom
the clusterechetwork.We would concludethat the clusterechetwork hashigherdimensional-
ity thanthe non-clusterechetwork. Thereforejt isimportant to know the excitatoryversus
inhibitory compositionof the sampledpopulationto appropriatelyinterpretthe measured
shareddimensionality.

In lessextremecaseshe comparisonof shareddimensionality(or percentsharedvariance)
caninvolvemultiple setsof recordings gachof which hasa differentcompositionof excitatory
andinhibitory neurons.Statisticatestswill dependon the varianceof the measuregshared
dimensionality(or percentsharedvariance)acrossecordingslif the neurontypecomposition
is unknown,the measurementf shareddimensionality(or percentsharedvariance)anhave
high variancetherebyleadingto aweakstatisticatest.However f the neurontypecomposi-
tion isknown, thenthis canbecontrolledfor in the comparisonjeadingto a strongerstatisti-
caltest.To makethis concreteconsiderrandomlysamplingl0Oneuronsfrom anetworkwith
4,000excitatoryneuronsand 1,000nhibitory neurons,asin the two balancedetworksweare
working with. Theprobability of samplingk excitatoryneuronsin ann-neuronsamplds

k n—k
n

for anetworkwith Ny excitatoryneuronsand N; inhibitory neurons.Thisdistribution is
depictedn Fig6A for N = 4,000N; = 1,000and» = 100.We computedshareddimensional-
ity (Fig 6B)andpercentsharedvariance(Fig 6C)for 100neuron,10,00Qrial samplingsof the
clusteredandnon-clusterechetworkswhich wereblind to neurontype.Theclusterechetwork
exhibitedshareddimensionalityof 20.3+ 1.8(Fig 6B,dashedblack,meant standarddevia-
tion) andpercentsharedvarianceof 85.8%t 1.4%(Fig 6C,dashedblack).Thenon-clustered
networkexhibitedshareddimensionalityof 43.1+ 8.2(Fig 6B,solid, black)and percentshared
varianceof 23.7%t 5.3%(Fig 6C,solid, black).

Now, supposghatwe seeklto perform a statisticatestinvolving shareddimensionalityfor

thenon-clusterechetwork.If neuronsarerandomlysampledrom the network,the standard
deviationis 8.2(Fig 6B,solid,black).However jf the neurontypecompositionis known and

Pr(k | NEaNlan) =
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controlledfor (in this case80E and 201), the standarddeviationdecrease® 6.8(Fig 6B,
solid,green).Similarly,the percentsharedvarianceof the clusteredand non-clusterechet-
worksdecreasewhenneurontypecompositionis controlledfrom 2.3to 1.0(Fig 6C,dashed)
andfrom 5.2to 4.5(Fig 6C,solid),respectivelyWwhensamplingneuronsrandomlyfrom the
clusterechetwork,the standarddeviationof shareddimensionalityis 2.0(Fig 6B,dashed,
black),whichis the sameaswhenneurontyperatio is controlled(Fig 6B,dashedgreen).This
is consistentwvith thefactthat the shareddimensionalityof the clusterechetworkis nearly

PLOS ONE | https://doi.org/10.1371/journal.pone.0181773  August 17, 2017 13/27


https://doi.org/10.1371/journal.pone.0181773.g006
https://doi.org/10.1371/journal.pone.0181773

Population activity structure of excitatory and inhibitory neurons

constant(cf. Fig 5B,top, dashed)n the regimeof neurontypesratiosthat arelikely to arise
from randomsampling(Fig 6A). In practice we cannotusuallyspecifyhow manyexcitatory
andinhibitory neuronsarerecordedin anexperimentput we cansubsampléhe neurons
afterthe experimento obtainthe desiredheurontyperatio.

V1 recordings show similar population activity structure as the clustered
network

We soughtto determinewhetherthe differencesve observedn modelnetworkswerepresent
in the measuredctivity of excitatoryandinhibitory populationsin vivo. To investigatehis,
weanalyzedpontaneousactivity recordedfrom the primary visualcortex(V1) of anesthetized
macaguenonkeyg40]. Althoughthe neurontype(excitatoryvs.inhibitory) wasnot known
with certaintyin theseextracellularecordings previousstudieshavedemonstrated link
betweerexcitatoryandinhibitory neuronclasseandtheir extracellulawaveformshapg45+
47]. Thisclassificatiorapproachhasrevealedanumberof functional differencedetweerputa-
tive excitatoryandinhibitory neurons[13+16,48]. We thereforeadoptedthis approach(see
Methods)to classifybroad-spikingneurons(alsoknown asregular-spikingpr putativeexcit-
atory) and narrow-spikingneurons(alsoknown asfast-spiking or putativeinhibitory) usinga
recentlypublishedmethodology[14]. We analyzedlatafrom arraysimplantedin four hemi-
sphere®f threeanimals Eachneuronfrom theserecordingswasassigned probability of
beingin the broad-spikingor narrow-spikingclassasedn its averagespikewaveform(S5
Fig). Weidentified setsof putativeexcitatoryandinhibitory neuronsin theserecordings(23to
47broad-spiking25to 72narrow-spiking)by selectingheuronswith probability greaterthan
85%o0f beingin the broad-spikingor narrow-spikingclassin eachof thefour datasetshere
wereatleast23neuronsof eachtypeand1,20C?trials® (i.e.,onesecondvindowsof spontane-
ousactivity). Wefit FA to samplingsof only broad-spiking(red) andonly narrow-spiking
(blue) neurons which haddifferentaveragevaveformsfor variousnumbersof neuronsand
trials sampledin the samemannerasin Fig 3) (Fig 7A and 7D). For comparisonwe per-
formedthe sameanalysin the clusteredFig 7Band 7E)andnon-clusteredFig 7Cand 7F)
networksusingthe samenumbersof neuronsandtrials asin therealdata.

TheV1recordingshadsimilar populationactivity structureto the correspondingopula-
tionsin the clusterechetworkwhencomparedwith 23neuronsof eachtypeand1,200trials
sampledTheshareddimensionalityof the broad-spikingpopulation(red) and narrow-spiking
population(blue)increasedvith increasingneuroncount(Fig 7A, top), asdid the excitatory
(red) andinhibitory (blue)populationsof the clusterechetwork (Fig 7B,top). In the non-clus-
terednetwork,the excitatoryandinhibitory populationsshowno trendsin shareddimension-
ality (Fig 7C,top). The percentsharedvarianceof the broad-spikingand narrow-spiking
populationsinitially increasedvith neuroncount,then plateauedFig 7A, bottom). The per-
centsharedvarianceof both neuronstypesin the clusterechetworkalsoincreasedandcon-
tinuedto increasean the experimentalegimeof neuroncounts(Fig 7B,bottom). In contrast,
thenon-clusterechetworkwasdifferentfrom both the V1 recordingsand clusterechetwork
in thatit showedhearlyzeroshareddimensionalityand percentsharedvariancefor both neu-
ron types(Fig 7C).

We alsoinvestigatedhow the activity structureof the narrow-spikingandbroad-spiking
populationsof the V1 recordingsvariedwith trial count. The shareddimensionalityof both
neurontypesin theV1 recordings(Fig 7D, top), aswell asthe clusterechetwork (Fig 7E,top),
increasedndeventuallyplateauedvith increasingrial count. Similarlythe percentshared
varianceof both populationsplateauedvith increasingrial countin boththeV1 recordings
(Fig 7D, bottom) andthe clusterechetwork (Fig 7E,bottom). Asin Fig 7C,thenon-clustered
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networkshowedho trendsin shareddimensionalityor percentsharedvariancedueto the
smallnumberof trials (Fig 7F).

Overall,thetrendsof the V1 recordingsweresimilar to thoseof the clusterechetwork.
However thereweretwo notablediscrepanciebetweerthe V1 recordingsand clusterechet-
work. First,whereaghe excitatoryneuronsshowechigherpercentsharedvariancethaninhib-
itory neuronsin the clusterechetwork (Fig 7Band 7E,bottom), thiswasnot seenn theV1
recordingg(Fig 7A and 7D, bottom). We speculat¢hat this differencecould bedueto the con-
nectivity structureof the clusterechetwork,or our ability to classifyneuronsaccuratelypased
on waveformshapgseeDiscussion)Secondthe modethat explainedhe largesamountof
sharedvariance(referredto asthe2dominantmode®)in the V1 recordingsdescribedhe pop-
ulationincreasinganddecreasingfs activity togethern(S6Fig,left columnof heatmapsave
nearlyall elementf the samesign).Previousstudieshavedemonstratedhis by analyzingall
recordedneuronstogether39, 49]; here weshowedhat this is alsotrue whenanalyzing
broad-spikingand narrow-spikingpopulationsseparately-However the dominantmodesfor
the excitatoryandinhibitory populationsin the clusterechetwork (Fig 4A, left) did not exhibit
this property.

Discussion

In thiswork, we usedspikingnetwork modelsto examinehow the patternsof activity pro-
ducedby apopulationof neuronsdependon neurontype (excitatoryandinhibitory). We
found thatexcitatoryandinhibitory neuronsshowedlifferentpopulationactivity structure.
Notably,theinhibitory populationexpressedore modesof sharedactivitythanthe excitatory
populationin both networksthat weimplemented Furthermore the populationactivity struc-
ture dependedn theratio of excitatoryto inhibitory neuronssampledTo groundthe net-
work resultswith realdata,weclassified/1 neuronsbasedn waveformandfoundthatthe
populationactivity structureof eachneurontypein the in vivo recordingsbetterresembled
that of the clusterechetwork.Overall theseresultsdemonstratehat knowledgeof neuron
typeisimportant, andallowsfor strongerstatisticatestswheninterpretingpopulationactivity
structure.

Althoughmanyspikingnetworkmodelshavebeenproposedye considerednodelswhere
strongexcitationis balancedy an equallystrongand opposinginhibition. Previousvork on
balancedetworkshasfocusedn the responsropertiesof the excitatorypopulation[20, 21,
39,50,51]becausdn balancedetworks theinhibitory populationsimplytracksthe excit-
atorypopulation.Thetrackingpropertyof theinhibitory populationis essentiafor network
stabilityandyieldsnetworkactivitythatis asynchronou$21]. Thus,analyzingnhibition
shouldnot, in principle, provideanyfurther insightaboutnetwork dynamicshanthe excit-
atorypopulation.Thisintuition is developedrom thetheoryof balancedhetworkswith
homogeneousonnectivity(i.e.,non-clusteredWheretypicallyspiketrain statisticsareonly
studiedin thelimits of largenetworksizeandlargetrial counts[20,21,24].In our study,we
comparedand contrastedhe networkspiking statisticoof anon-clusterealancechetwork
to onewith clusteredexcitatoryconnectivity[22]. Counterto classicaintuition, analysiof
both networksshowssignificantdifferencesn the activity structureof the excitatoryand
inhibitory populations.

We focusedon thetrendsin shareddimensionalityandpercentsharedvarianceto com-
parethe populationactivity structuresof differentneurontypes Absolutelevelsof shared
dimensionalityand percentsharedvarianceobtainedfor the modelnetworksarelikely to
dependon modelparameterssuchasthe numberof clustersthe synapticweightsandthe
probability of synapticconnection We usedthe parameterslescribedn [22], andwedid
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not try to fit theseparametersothattheresultswould matchthosefound from experimental
data.Understandinghetrade-offsamongthe differentmodelparametersiecessarto
reproducethe valuesof shareddimensionalityand percentsharedvariancemeasuredor the
in vivo recordingswould beaninterestingavenueof future research.

In our previouswork, weattemptedo groupthe neuronsfrom the V1 recordingsinto clus-
tersbasedn the modesof sharedactivity [39]. Howeverwedid not find cleargroupsof neu-
rons.In aseparatanalysisusingthe clusterechetwork,weaskedhowthe numberof clusters
representedh the neuronsampleaffectshe populationactivity structure[39]. We found that
the shareddimensionalityincreasesvith the numberof clustergepresentedyut the percent
sharedvariancedoesnot dependon the numberof clustergepresented.

Recentlyseveraktudieshavefound that networkswith heterogenerousonnectivitycan
betterreproducethe variability and dynamicsof corticalactivity [22+24 52]. The clustered
networkthat westudiedhereis an exampleof suchaheterogeneousetwork.While inhibitory
projectionsdo not appeaito bestructured[7], theremaybestructuredprojectionsfrom excit-
atory clustergo aninhibitory target[53]. How structuredprojectionsfrom excitatoryto inhib-
itory neuronsshapehe structureof populationactivitywould beaninterestingline of further
researchln asimilarvein,balancedetworkmodelswith connectivitythatdependsiponthe
spatialdistancebetweemeuronshavebeendeveloped54] andcanserveasaninteresting
platformfor future studiesof neuralpopulationactivity structure.A completeunderstanding
of thesedifferencedetweerbalancechetworkswith homogeneouandheterogeneousiring
will requireafull theoryof heterogeneousalancecetworks[24].

A centralgoalof networkmodelingis to constructmodelswhich produceactivity that
resembléen vivo recordings.To date,moststudieshavecomparechetworkmodelswith real
dataatthelevelof individual neurons(e.g. averagediring rateacrossieuronsor Fanofactor)
andpairsof neurons(e.g. pairwisecorrelation)[20+22 55]. To movebeyondsingle-neuron
andpairwisemetrics,wecompareherethe joint activity patternsacrossa populationof neu-
rons,asin recentstudieqg23,39,52,56]. This comparisoris facilitatedby dimensionality
reductionmethods(in this casefactoranalysis)which producesummarystatisticgin this
caseshareddimensionalityand percentsharedvariance)of the populationactivity structure.
Thisapproachis likely to bebeneficiafor the designof future networkmodels.In additionto
matchingsingle-neurorand pairwisemetrics,networkmodelsshouldreproducethe popula-
tion activity structureof in vivo recordings.

Thebalancedetworksstudiedherearedeterministicand chaotic.Althoughthe model
neuronsdo not eachhaveanindependennoisesource FA identifies?independentvariance®
for eachneuron'sactivity that cannotbe predictedfrom the othersamplecheuronsusingalin-
earpredictor. Theindependentomponentof variability arisesrom the factthati) only asub-
setof the neuronsin the networkaresampledandii) the balancedetworkshavenon-linear
dynamicsthatarenot capturedby alinearandstaticFA model.

In our V1 recordingsthedifferencein populationactivity structurebetweerbroad-spiking
neuronsand narrow-spikingneuronswassmall(cf. Fig 6). Onepossibilityis that thereis no
differencein the populationactivity structurebetweerexcitatoryandinhibitory neuronsin
corticalnetworks Another possibility(which wethink is morelikely) is that thereis a differ-
ence put wewerenot ableto seeit in our datafor two reasonsFirst,wewerelimited in sam-
pledneurons(23)andtrials (1,200)In the clusterechetwork,we observedhattherewasa
substantiatlifferencein populationactivity structurebetweerexcitatoryandinhibitory neu-
ronsfor largenumbersof neurons(100)andtrials (10,000)cf. Fig 3). Howeverwhenthe
numberof neuronsandtrialswasreducedo thatavailablén V1 recordingg(23neuronsand
1,200trials), the differencebetweerexcitatoryandinhibitory neuronswasmuchsmaller(cf.
Fig 6). Thisis consistentvith thetrendsobservedn the V1 recordings Another possible
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reasonis that neuronsmight bemisclassifiethasen waveformshapeNewtechnologiesre
beingdevelopedhat canidentify neurontypemoredefinitivelyin vivo usingoptogenetics
(e.g.[57,58]) or selectivelexpressindluorescenindicatorsin certainneurontypesfor opti-
calimaging(e.g.[59, 60]). Giventherapid developmentndadoptionof theseechnologies,
thereis anever-growingneedfor methodsandanalysesike thosepresentechereto under-
standhow excitatoryandinhibitory populationsinteract[61].

The propertiesof excitatoryversudgnhibitory neuronshavelargelybeenstudiedatthe cel-
lular or sub-cellulatevels Applying dimensionalityreductionmethodsto samplingsof the
sameneurontypeallowsusto link differencestthe sub-cellulamndcellularlevelgo popula-
tion-leveleffectsat the networklevel.Differencesn connectivitypatterns projectionlengths,
andfiring variability mayall contributeto differencesn populationactivity structure.Our
studyconnectgwo disparateyetrelated fieldsof neurosciencéy studyingpopulationactivity
asafunction of neurontypesampling.

Classifyingneuronsasexcitatoryor inhibitory is only afirst-levelcharacterizatiorof neu-
ron type.Thereexistmultiple typesof inhibitory neuronswhichvaryin termsof morphologi-
cal,physiologicalandneurochemicatharacteristic§2]. Thesdalifferentsubtypediavebeen
implicatedin differentrolesatthe networklevel[63, 64],andarebeingincorporatedin net-
work models[65]. Thecurrentstudycanbeextendedo asseswhethertherearesignatureof
thedifferentinhibitory neurontypesin the populationactivity structure andwhetherit is nec-
essaryo sampleall typesof inhibitory neuronsto understanchetworkfunction. Furthermore,
wefocusedon spontaneousctivity for the modelsnetworks(i.e.,zeroinputs) andin vivo
recordingg(i.e.,no visualstimulus).Theapproactpresentederecanbeusedto comparethe
populationactivity structureof excitatoryandinhibitory neuronsfor evokedactivity,i.e.,
modelnetworkswith non-zeroinputs and neuralresponseto visualstimuli.

Materials and methods
Balanced spiking networks

We consideredwo spikingnetworks:a classidalancecetwork (3(non-clusterechetwork®)
andanetworkin which the excitatoryneuronsexhibitedclusteredstructure(?clusterednet-
work®). Spikingnetworkactivitywasgeneratedisingthe sameparameterssin [22]. Bothnet-
workscontained4,000excitatoryand 1,000inhibitory leakyintegrate-and-fireneurons.n the
clusterechetwork,therewere50clustersgachwith 80excitatoryneurons.Thesame-cluster
excitatoryneuronshadhigherprobability of connection(p: = 0.485) than out-of-cluster
excitatoryneurons(p;;,, = 0.194). In the non-clusterechetwork,all excitatoryneuronshada
uniform probability of connection(p”® = 0.2).All other neurontypeconnectionprobabilities
wereuniform for both networks(p”’ = p* = p = 0.5). Themembranepotential v of eachneu-
ron wasmodeledby the following differentialequation

V= (- V) ()

syn

wherey is the voltagebias, [, is the synapticinput current,and r is atime constanthatis
dependenbn neuraltype(15msfor excitatoryneurons,10msfor inhibitory neurons) When
V=V, = 1,theneuronfires,andis setto V,, = 0 for arefractoryperiodof 5 ms.Thesynaptic
input currentto aparticularneuroni from populationx wasmodeledvia

me 5]t (3)

whereJ; is the synaptioweightto neuroni in populationx from neuronj in populationy, F’is
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the synaptidfilter of neuronsfrom populationy, ands; () isanimpulsetrain representinghe
spikesof neuronj from populationy. Thesynapticfilter of excitatoryandinhibitory neurons
wasmodeledby adifferenceof exponentialvia

1
Ft) =—— (et —et/n 4
()= (e e (@)
wherer, is 3msand2 msfor excitatoryandinhibitory neurons respectivelys, is 1 msfor
both neurontypesandt only takespositivevalues.
In the clusterechetwork,same-clusteexcitatorysynaptioweightsweresetto j;: = 0.0456,
out-of-clusterweightsweresetto J%,. = 0.024, andthe restof theweightsweresetto J* =

-0.045J' = 0.014andJ" = -0.0571n the non-clusterechetwork JEE = JEE_ = (0.024, andthe

—Jour
remainingsynaptioveightswerethe sameasin the clusterechetwork.

Factor analysis

In this study,populationactivity structurewascharacterizedisingfactoranalysigFA) [27,28,
36,66,67].Unlike principal componentanalysigPCA), FA partitionsthe spikecountvariance
of eachneuroninto sharedandindependentomponentsThis makest possibldor usto
assesthe sharedpopulationactivity structure(i.e.,the sharedcomponent) which canbe
obscuredby Poisson-likespikingvariability (i.e.,the independentomponent) For thisrea-
son,FA is moreappropriatethan PCAfor analyzingsingle-trialspikecounts[37]. FAis
definedas:

x~N(p, LL" +P) (5)

wherex € R™" isavectorof spikecountsacrosghe n simultaneously-recordedeurons,

u € R™! isavectorof meanspikecounts,L € R istheloadingmatrix relatingm latentvar-
iablegto the neuralactivity,and¥ € R™" is adiagonalmatrix of independentariancegor
eachneuron.Themodelparameterg, L, and'¥ wereestimatedisingthe expectatiormaximi-
zation(EM) algorithm[68].

Asshownin Fig2A, FA separatespikecountvariancento asharedcomponentLL” and
anindependentomponent¥. Therank of LL” is m, the numberof latentdimensionsneeded
to explainthe sharedbopulationactivity structure.To determinem, FA is appliedto spike
countsfor variouscandidatevaluef m, andthenweselecthe m that maximizeghe cross-
validateddatalikelihood usingfour folds.

In this study,we usedtwo keymetricsto summarizepopulationactivity structure:shared
dimensionality(dg....4) and percentsharedvarianceFirst,wemeasuredhe numberof dimen-
sionsin the sharedcovarianceasa metric for the complexityof the populationactivity. We fol-
lowedatwo stepprocedureto obtainthis metric. We first found the m that maximizedthe
cross-validatedatalikelihood, asis standardpractice We thendefinedd,,,. asthe number
of dimensionghatwereneededo explain95%of the sharedvariancebasedn the eigenvalues
of LL" (Fig 2B).We did this for thefollowing reasonin simulationswefound that,when
training datawereabundant therewasnot astrongeffectof overfitting andthe cross-validated
datalikelihood curvesaturatedatlargedimensionalitiesAs aresult,the peakdata-likelihood
appeareatwidelyvaryingdimensionalitiesalongtheflat portion of the curve leadingto vari-
ability in the valueof m from onerun to thenext.In contrastwefound thatdefining d,,,.q as
describedaboveprovidedamorereliableestimateof dimensionalityacrossanalysesvenif it
underestimatethe true dimensionality.

Secondywemeasuredhe amountof eachneuron'svariancethat wassharedwith atleast
oneotherneuronin thesampledpopulation(Fig 2C). Mathematicallypercentsharedvariance
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for the k™ neuronwascomputedas:

L L

Percent shared variance for neuron k = ————-
LLg +Y,

(6)
whereL, isthek” row of L and ¥, is theindependentariancefor the k” neuron.In Figs3,5
and6, wereportaveragesverall neuronsof the sametypein agivenanalysisFor Figs2Band
4B,wecomputedaseparatenetric, the percentof overallsharedvarianceexplainedoy each
mode.Thiswasusedto quantifythe relativedominanceof eachmodefor explainingshared
variability. The percentof sharedvarianceexplainedby the i modewascomputedas:

Percent of shared variance explained by modei = % (7)
=17

where); isthe eigenvaluef LL” correspondingo the i modeandm is therank of L. Note

thatthis metric doesnot takeinto accounttheindependentvarianceskor Fig 4, FA was

appliedwith the cross-validatedhareddimensionalityto all 10,00@rials. Throughoutthis

work, wereferto aparticularmodeas®dominant®to anothermodeif it explainsalargerper-

centof sharedvariance.

Varying neuron and trial count

Weinvestigatedhow d;,,.,. and percentsharedvariancevarywith neuronandtrial countsfor
excitatoryandinhibitory populationsin spikingnetworkmodelsandV1 recordingsTo do so,
wesampledncreasinghumbersof neuronsor trials from eitherthe network simulationsor
V1 recordings FA wasthenappliedto the selectesheuronsandtrials to obtaindy,,,.; andper-
centsharedvariance.

In theanalysiof modelnetworksin Fig 3,to increaseneuroncount,weaugmentedhe
nextsmallersampleof neuronswith additionalrandomlyselectedheurons.For examplewe
first randomlyselected Oneurons computedd,,,..; and percentsharedvariancefor this set,
andthenaddedl0additionalrandomly-selectedeuronsto obtainthe nextsampleof neu-
rons.We repeatedhis procedure25timesat eachneuroncountusing5 non-overlappingsets
of neuronsand5 non-overlappingsetsof trials, using10,00Crials for eachneuroncount.We
studiedhow d,,,.; andpercentsharedvariancechangewith trial countby performingthe
sameprocedureasdescribedhbovegxcepthattrials wereincreasedatherthanneurons.

Forthe V1 recordinganalysisn Fig 6A, welimited our analysigo 23neuronsof eachtype,
sincethis wasthe minimum numberof neuronsof a particulartypeacrosghefour arraysFor
eachneuroncount,wetook asmanynon-overlappingsample®f neuronsfor that neuron
countaspossibleandappliedFA to computedy,,,.; andpercentsharedvarianceWe applied
thesamesamplingprocedureto analyzéhow d,,...; and percentsharedvariancechangewith
increasingrial count,while limited to 1,200trials. We repeatedhis procedurefor eachof the
four arrays.

Mixed neuron type sampling

Sincerealisticpopulationsamplinggncludea mixture of both excitatoryandinhibitory neu-
rons,weanalyzechowtheratio of excitatoryto inhibitory neuronssampledaffectgpopulation
activity structure.To do assesthis, wefit FAto spikingnetworkactivity samplingsof 100neu-
ronsto computed,, . andpercentsharedvariancefor ratiosof 0:100,10:9020:80andsoon
until 100:0excitatoryto inhibitory neuronsweresampledStartingwith theratio of 0:100
excitatoryto inhibitory neuronswereplacedL0of the 100inhibitory neuronswith 10excit-
atoryneuronsfor aratio of 10:90excitatoryto inhibitory neurons.Then,wereplacedanother
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10inhibitory neuronswith 10excitatoryneurons(while keepingthe 10excitatoryneuronsjust
addedto the sampling)for aratio of 20:80excitatoryto inhibitory neuronssampledExcitatory
neuronsreplacednhibitory neuronsin incrementsof 10,until the entire samplingcomprised
zeroinhibitory neuronsand 100excitatoryneurons We repeatedhis analysi5timesfor five
non-overlappingsetsof 100excitatoryand 100inhibitory neuronsandfive non-overlapping
setof trials.

Neural recordings

A detaileddescriptionof therecordingmethodologycanbefoundin [40,69]. Briefly,neurons
wererecordedn the primary visualcortexof threeanesthetizethacaquenonkeys Anesthesia
wasmaintainedfor 5-7 dayswith sufentanilcitrate (6-18ug/kg/hr) through continuousintra-
venousinfusion,andeyemovementsverereducedhrough continuousintravenousnfusion
of vecuroniumbromide (100-15Qug/kg/hr).

Multi-electrodearrayswereimplantedin four primary visualcortexhemispheresf three
anesthetizedhacaguenonkeysandneuralactivitywasrecordedfor 20-30minutesduring
presentatiorof agraycomputerscreenSpikingwaveformsnippetsrom therecordingswvere
sortedoff-line usingamixture-decompositiormethod[70]. This automaticsortingwas
refinedmanually takinginto accountwaveformshapeandinter-spikeintervaldistributions.
For our analysiswe only usedneuronswhich hadaveragdiring rategreaterthanonespike
persecondandsignal-to-noiseatio (SNR),computedasthe averagaevaveformamplitude
dividedby the standarddeviationacrossvaveformsgreaterthan 1.33 MedianSNRvalues
were2.96,2.75,2.50,and 2.31for eachof thefour arrays Spikingactivity wasdividedinto one
secondepochswhichwereferto as@trials® throughoutthis work. An analysif asuperseof
thesedatacanbefoundin [40].

Animal protocolswereapprovedby the institutional animalcareandusecommitteesof
New York Universityand Albert EinsteinCollegeof Medicineof YeshivadJniversity.Monkeys
werefednutrient-rich biscuitsandfrequently(1-2timesperday)givensupplementalreats
(e.gfreshanddried fruit, nuts,etc).Enrichmentactivitiesincludedforagingfor treatsmusic,
movies humaninteraction,and standardoysincluding mirrors. Animalsweretypicallypair
housedand,whenthis wasnot the caseanimalswerealwaysousedn the sameroom ascon-
specificsallowingfrequentvisualandauditoryinteractions Professionabeterinarystaffand
labpersonnemonitoredanimalhealthandwell-beingon adaily basis.

Neuron type classification

We classifiedhe recordedneuronsasputativeexcitatoryor putativeinhibitory neuronsbased
on averagavaveformshapg S5Fig). Comparedo excitatoryneurons,nhibitory neurons
tendto haveshorterlatenciego peakdepolarization45+47],brief hyperpolarizatiordura-
tions[45,46],andrapid peakratesof repolarization[45]. Neuronswith anyof thesethree
propertiesareconsiderednarrow-spiking®(or fast-spiking) while neuronswith sloweraction
potentialdynamicsareconsideredbroad-spiking®(or regular-spiking)To classifyneurons
from our extracellularecordingsasbroad-or narrow-spiking(putativeexcitatoryand puta-
tive inhibitory, respectively)wecomputedthe time of peakdepolarizationduration of
hyperpolarizationandrateof repolarizationfor the averagevaveformof eachneuron.We
measuredhesehreewaveformstatisticsor the 75%of the neuronsthat acrossall recording
sessionwvith the greafSNR andfit amixture of two Gaussiano the scatterof waveforms,
whereeachwaveformwasrepresentedby its waveformstatistican thethree-dimensional
spacd14]. Theaveragavaveform=f four neuronsexhibitedlargeincrease normalized
amplitudebeforespikedepolarizatiormakingthemdifficult to parameterizesotheywerenot
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usedto train the mixture of Gaussianslassifieior in the analysesTheclasswith the smaller
meantime of peakdepolarizationvasdesignatedsthe narrow-spikingclassandthe otheras
the broad-spikingclassWe usedthefitted mixture of Gaussiamparameterso computethe
likelihood of aneuronbeinga part of eitherclassTo focuson neuronsthat hadahigh proba-
bility of belongingto eitherclassyeanalyzednly neuronswith probability greaterthan 85%
of belongingto eitherclassThisresultedn thefollowing distributionsof classifiecheuron
typesfor thefour arrays24broad-spikingand 39 narrow-spiking,41broad-spikingand 72
narrow-spiking,23broad-spikingand 60 narrow-spiking,and47 broad-spikingand 25 nar-
row-spikingneurons.Thesesamplesontainasmallerproportion of putativeexcitatoryneu-
ronsthanthe 75-80%excitatorypyramidalcellsfound in histochemicahnalysig§71,72].
Possibleeasondor this includedifferencedetweerthe physiologicahnd anatomicakam-
pling distributionsof neurons,ambiguityin classificatiordueto the presencef somebroad-
spikinginhibitory neurons differencesn laminar distributionsbetweercelltypesandran-
domnessn neuralsamplingfor eacharrayimplant. Previousstudieshavenot exploredthe
large-scaldistribution of celltypesusingthis classificatiormethod,andthis will beanimpor-
tant areafor future researchUsingthe classificationsve determinedfor eacharrayimplant,
werestrictedour analysigo arandomly-chosersetof 23neuronsfor eachneurontypefor
eacharray.

Supporting information

S1 Fig. Timescale of neuronal correlations. Autocorrelationof excitatoryandinhibitory
neuronsusinga 10msspikecountwindow. Curveswereaverage@crossieuronsandhave
amaximumof oneatzerotime lag.(A) Clusterechetwork:autocorrelatiorof excitatory
neurons(red), inhibitory neurons(blue),andexcitatoryneuronsbrokendown by cluster
(orange)(B) Non-clusterechetwork:autocorrelationof excitatory(red) andinhibitory (blue)
neurons(C) V1 recordingsautocorrelationof broad-spiking(red) and narrow-spiking(blue)
neurons.

(EPS)

S2 Fig. Relationship of percent shared variance to pairwise spike count correlation. To
studytherelationshipof the width of azero-mearspikecountcorrelationdistribution to
sharedvariancewe generategimulatedspikecountswith near-zeraneanspikecount
correlationdistributionsof variouswidthsusingthe methoddescribedn [44]. We begarby
drawingspikecountcorrelationsfrom anormal distribution with meanzeroandaselected
standarddeviation.Theywereusedto form acorrelationmatrix, wherethe correlationvalues
wereplacedrandomlyin the upperhalf of the matrix andwerecopiedto the lower half of the
matrix to ensuresymmetry For the correlationdistribution widthstestechere,all of the gen-
eratedcorrelationmatriceswerepositivesemi-definite The spikecountmeansandvariances
of the modelneuronswerematchedo randomly-samplednhibitory neuronsin the non-clus-
terednetwork.Wethengenerated 00,00Gpikecountsfor 100modelneurons We computed
the percentsharedvariancefor simulatedspikecountsfor variouscorrelationdistribution
widths. Thewidths0.011and0.025correspondo the excitatory(red) andinhibitory (blue)
populationsrespectivelyin the non-clusterechetwork(cf. Fig 1D, EEandll), andarethus
highlighted.Standarderror barsareshownfor five setsof 20,00Qrials, whereeachsetis an
independendrawfrom thedistribution of spikecountcorrelations.

(EPS)

S3 Fig. Excitatory and inhibitory population activity structure using 100 ms spike count
windows. Sameanalysisasshownin Fig 3 usinga 100msspikecountwindow. The same
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neuronsandtrials of the clusteredand non-clusterechetworkswereused Spikecountswere
takenin thefirst L00msof the original onesecondrial.
(EPS)

$4 Fig. Mixed neuron type samplings using 100 ms spike count windows. Sameanalysisas
shownin Fig5 usinga 100ms spikecountwindow. The sameneuronsandtrials of the clus-
teredandnon-clusterechetworkswereused Spikecountsweretakenin thefirst 100msof the
original onesecondrials.

(EPS)

S5 Fig. Neuron type classification. (A) Normalizedaveragevaveformsf neuronswith aver-
agefiring ratesgreaterthan onespikepersecondEachwaveformcorrespondso oneneuron
andis coloredby the probability thatit belonggo the broad-spikingclasqtowardred) or the
narrow-spikingclasgtowardblue).(B) Posteriorprobability of neuronsbelongingto either
classNeuronsareorderedalongthe horizontalaxisbasedon their relativeprobability of
belongingto the broad-spikingclasgred) and narrow-spikingclasgblue).Dashedvertical
linesindicate85%probabilitythresholdusedfor determiningneuronsthat clearlybelongto
eachclass(C) Waveformshapeaverage@crossll broad-spikingneurons(red) andall nar-
row-spikingneurons(blue)that passedhe 85%probability threshold.

(EPS)

S6 Fig. Modes of shared activity for V1 recordings. (A) Modesfor broad-spikingneurons.
Thecolumnsof the heatmaprepresenthe eigenvectorsf the sharedcovariancanatrix,
orderedby theamountof sharedvarianceexplained(B) SameconventionsasA for narrow-
spikingneurons(C) Percenibf total sharedvarianceof broad-spiking(red) and narrow-spik-
ing (blue) neuronsexplainedoy eachmode.

(EPS)
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