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Abstract

Covariationsin neuronallatency or excitability can
leadto peaksin spike train covariogramswvhich may
be very similar to thosecauseddy spike timing syn-

chronization(Brody, 1998). Two quantitatve meth-
ods are describedhere: (1) A methodto estimate
the excitability componentof a covariogram,based
on trial-by-trial estimatesof excitability. Onceesti-

mated thiscomponenmaybesubtractedrom theco-

variogram,leaving only othertypesof contrikbutions.
(2) A methodto determinewhetherthe covariogram
couldpotentiallyhave beencausedy lateng covari-

ations.

1 Introduction

A companionpaper(Brody, 1998) hasdescribechow covari-
ationsin neuronallatencyor excitability canleadto peaksin
covariogram$ that are very similar to peakscausedby spike
synchronization.Sincesuchpeaksshouldbe interpretedvery
differentlyto spike synchronizatiorpeaksit is importantto tell
them apart. This note describeswo methodswhich attempt
to do this. The centralideais to usetrial-by-trial information
(e.g. numberof spikesfired by eachcell in eachtrial) aswell
astrial-averagednformation(e.g. the Joint PeristimulusTime
Histogram(JPSTH))in trying to distinguishthe variouscases
from eachother Friston(1995;seealsoVaadiaetal. 1995)has
previously proposeda methodto identify excitability covaria-
tions. It is in its useof trial-by-trial datathat the excitability
covariationsmethodproposechereis mostimportantly differ-
entto thatproposedy Friston.

Thetwo methodglescribedelow differ bothin the conclu-
sionsthat canbe drawvn from themandin their computational
compl«ity. The excitability covariationsmethodis computa-
tionally very simple,andwhenit indicatesthe presencef ex-
citability covariations,doesso unequvocally. The latengy co-
variationsmethodis much more computationallydemanding
and,while it candeterminewhetherlateng covariationscould

1presentddressinstitutode Fisiologa Celular UNAM, Apdo. Postal70-
253,MéxicoD.F. 04510,México.

2Both hereandin the companiorpapercovariogram is usedasan abbrei-
ationfor shufle-correctedcross-corelogram, andis representesvith the letter
V.

potentially have generatedhe covariogrambeing analyzedor
not, it cannotprove thatthey did so.

Notationalcorventionsusedhere: S7(t) is the binnedspik-
ing responsef cell i duringtrial r, thesymbol{) representsv-
eragingovertrialsr, thesymbol® representsross-correlation,
and cov(a, b) representghe covarianceof two scalarse and
b. The covariogramof two spike train setsis definedasV =
(ST © 85) — (ST) ® (S%), andtheunnormalisedPSTHmatrix
is J(t1,t2) = (S} (11)S5(t2)) — (ST (11))(S5 (£2)).

2 Excitability covariations

Let us modelthe responsesf a cell asthe sumof a stimulus-
inducedcomponenplusabackgroundiring rate(Brody,1998):
FT (t) —
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(1)

F7(t) is the models expectedresponsewhen its parameters
are fixed at valuesappropriatefor trial », Z(t) is the typical
stimulus-inducediring rate, B is a constanfunction over the
time of a trial, representinghe typical backgroundiring rate,
andtwo gainfactors (™ andg", which maybe differentfor dif-
ferenttrialsr, represenpossiblechange®vertrialsin the state
of the cell. Again following the companionpaper when two
suchmodel cells (indexed by the subscriptsl and 2) interact
only throughtheir gain factors,their covariogramis described
asbeingdueto excitability covariationsandis:

V = cov((1,(2) Z1 ® Za + cov(Ci, B2) Z1 © Bz +

cov(Bi,(2) Bt ® Zz + cov(Bi, f2) B1 ® Ba.  (2)

Now let ustake the experimentaldata,andin orderto esti-
matethe excitability componenbf a covariogram,let us char
acterizeeachof thetwo recordectellsusingmodelsof theform
of equation(1). We mustfit theparameterg”, 3", Z(t), and B
to eachcell. This canbedoneseparatelyor eachcell.

It will beassumedhatspikesduringa shorttime preceding
eachtrial have beerrecordedthistimewill bewrittenast < tg.
(For sensoryneuronst, maybesetto bethestimulusstarttime,
but whenrecordingfrom morecentralor motorneuronsduring
comple behavioral tasksit is necessaryo sett, to bethevery
beginningof theentiretrial —possiblyfarremovedfromthetime
period of interest,makingthe appropriatenessf the estimate
to be madequestionable).The meanbackgroundB canthen
be estimatedrom the averagenumberof spikesperbin during
t < tp. In turn, the meanstimulus-inducedcomponentZ (i)
canbeestimatedrom the PSTH(peri-stimulustime histogram:
labelledP(t)), as

Z(t)=P(t)-B )

Let S"(t) betheexperimentally-obsemdspiketrainin trial
r. To beconsistenwith thenumberof pre-trialspikesobsened
in thattrial r, set3” sothat
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andto beconsistentvith thetotalnumberof spikesobsened
in trial r, set(" sothat
DBB+Z] =D S"(1) (5)
t t

Doingthisfor all trials setsall thenecessarparameterthat
characteriz¢hecell’'sresponseThecharacterizatiors in terms
of firing rates(Z(t) and B) andacross-triachangesn the fir-
ing rates({" and3"). Oncetheseparametersare setfor both
cells, the modeledexcitability covariogramcan be calculated
from equation(2).

The excitability covariogramcan be comparedo the experi-
mentalcovariogram,and subtractingt from the experimentalco-
variogramcan be thoughtof asremaving the excitability compo-
nents. Figure 1 illustratesthe applicationof this straightforvard
procedurdo two artificial casesonewith pureexcitability covari-
ations,andonewith bothexcitability andspike timing covariations
(seeBrody 1998).

3 Previous work on excitability correc-
tions

Excitability covariationsleadto (unnormalized)JJPSTHmatrices
which arelinear sumsof sepaable componentsThatis, if ¢; and
t, aretherunningtimesfor cell 1 and2, eachof thecomponentsan
be factoredinto a function of ¢; timesa function of ¢ (seeequa-
tion (10), Brody 1998; andFriston,1995). Giventhata particular
JPSTHmatrix, andensuingcovariogram,are suspecteaf having

beencauseddy excitability covariations,the questionis “how can
theJPSTHbesplitinto asumof separableomponents?An infin-

ity of possiblesolutionsexists.

Friston (1995; seealso Vaadiaet al. 1995) hasdescribedone
solutionchoice,basedon singularvalue decompositior(SVD) of
the JPSTHmatrix. The SVD is a well-knovn processwhich de-
composesry matrixinto a sumof separablemutually orthogonal
componentshy finding the sequencef suchcomponentshatcap-
turethemostamountof squarecgower in thematrix. For example,
thefirst componentvill be the separablamatrix with the smallest
possiblesumof squaredlifferencedetweerits elementsandthose
of the original matrix; the next componeniperateson the same
principleafterhaving subtractedhefirst componenfrom the orig-
inal matrix; andsoon. Usingthe SVD hastwo majoradwantages:
(1) thefirst components guaranteetb bethebestsingleseparable
descriptiorof theoriginal JIPSTHmatrix, in thesquared-errassense
justdescribed(2) asmary componentgsarenecessarto describe
the JPSTHmatrix will beproduced However, usingthe SVD has
atleastonemajor disadantagg(Friston,1995): the components
produceswill be orthogonalto eachother Thereis no reasonto
supposé¢hatphysiologicakomponentsvould beorthogonalin this

3As Vaadiaet al. (1995) point out in their reply to Friston (1995), if too
mary componentsreneededo describehe JPSTHmatrix, a spike timing syn-
chronizationinterpretatiormay be far simplerandmoreparsimonioushanthe
SVD-derivedone.

After subtraction of

A Excitability B excitability estimate
1
[2] 0
< <
=] >
o o
(8] o
Q ()
[o)) (o2}
o o
g g
< <
-0.5 — -0.5 =
-200 0 200 -200 0 200
time (ms) time (ms)
C Excitability plus D After subtraction of
spike timing excitability estimate
1
s 15 2
5 5
Q 1 g 3 05
o » [&]
() 3]
g 05 g
g - g O
< 0 i ¢
- - _ -
-0.5 -0.5
-200 0 200 -200 0 200
time (ms) time (ms)

Figure 1: A: Covariogram of artificial spike trains, generated using
excitability covariations only. [On each trial, the time-varying firing rate
of two independent Poisson cells was first multiplied by the same scalar
gain factor ¢, drawn anew from each trial from a Guassian with unit mean
and standard deviation. ¢ was set to zero if negative. For details of spike
train generation, see Figure 3 of Brody (1998).] Overlaid on the covari-
ogram as a thick dashed line is the excitability covariogram estimate from
equation (2), using the procedure described in the text. Thin dashed lines
are significance limits. B: Same covariogram as panel A after subtrac-
tion of the estimated excitability component. C: Covariogram of artificial
spike trains constructed with both spike timing and excitability covaria-
tions (see Brody 1998). While the shape does not obviously indicate two
separate components, we can use more than just the shape to separate
the two. The thick dashed line is the excitability covariogram estimate.
[Spike train details: On each of two hundred trials, a scalar ¢ was drawn
from a Gaussian with unit mean and unit standard deviation (¢ was set
to zero if negative). A spike train was then drawn from a Poisson source
with time-varying firing rate ¢ - (70 Hz) - ((¢ —120)/30) -exp ((150 —¢) /30)
if ¢ > 120, zero otherwise, with ¢ in milliseconds. Spike times were then
jittered twice, by a Gaussian with zero mean and 12 ms standard devi-
ation; the result of the first jittering was assigned to cell 1, the result of
the second to cell 2. Finally, 10 Hz background uncorrelated firing was
added to both cells.] D: Same covariogram as in panel C after subtrac-
tion of the excitability component. A clear peak, indicative of a covariation
other than an excitability covariation, can be seen. Since the spike trains
were artificial, we know here that this is a spike timing covariation, and
can predict the expected covariogram shape based on knowledge of the
spike timing covariation parameters used to construct the rasters. The
predicted shape is shown as a thick grey line. It matches the residual
covariogram well: subtracting the excitability covariogram estimate has
accurately revealed the spike timing component of the covariogram.

sense Furthermorejt mustbe rememberedhatwhile excitability
covariationsimply JPSTHseparability the corverseis not neces-
sarily true. The JPSTHis a obtainedthroughaveragingover trials,



andthe averageof a setof matricesbeingwell-describedy a few
separableomponentsloesnotimply thateachof thematriceghat
were avergged(the individual trials) were also well-describedoby
thesamecomponents.

An alternatve choice of separablecomponentswas made
here: we requiredthat only four componentgwhich need not
be orthogonalto each other) be used, and that they be based
on two time-independenand two time-dependentunctions (B,
By, Zi(t) and Zy(t)). The form of thesefunctions was esti-
matedby assuminghatthe B’s represenbackgroundiring rates
andthe Z’s stimulus-inducedesponsesMost importantly these
physiological—interpretatiobpasedassumptionallowedestimating
the magnitudeof eachcomponentrom trial-by-trial information
available in the data (equations(4) and (5)). In contrast,the
SVD methodignorestrial-by-trial information. In mostcasespne
stimulus-induced@omponenwill bedominantandtheapproxima-
tion of describingthe datausingonly B’s andone Z per cell will
beagoodone. However, it shouldbebornein mind thatif thereis
morethanoneimportantstimulus-induce@xcitability component,
the methodproposecdherewill not describethe datawell; in such
casesthe SVD methodmaybethe morerobustone?

4 Latency covariations

When estimatingexcitability covariations,the numberof spikes
fired providesa corvenientmeasureof excitability, for eachindi-
vidual trial, andfor eachcell. For lateng covariations,theremay
not be sucha straightforvard measuref lateny available. Let us
assumdor the momentthat thereis one, andthat the estimated
lateny of cell 7 duringtrial » hasbeenlabelledt]. Then,remor-
ing the effect of latengy variationsfrom the covariogramis simply
a matterof back-shiftingthe spike trains: take the original spike
trainsST (t) and S5 (¢) andshift themin time soasto build the co-
variogramof the setof spike trainsS7 (¢ — t7) andS5 (¢ — t5).

Even whenestimatesof ¢; arenot directly available, we may
wish to ask whetherthe obsered covariogramcould have been
causedy lateny covariations. For this to be the case theremust
exist a setof time shifts¢ suchthat

1. Thecovariogramof Sy (t — t7) and.S5 (¢t — t5) is zerowithin
samplingnoise.

2. Thecovariogrampredictedby the averages (ST (¢t — t7)) and
(S5(t — t3)) andthe shiftst]; mustbe similar to the original
covariogram. Recallingthat () representsveragingover tri-
alsr, anddefiningP;(t) = (S (t — t7)), the predictedcovari-
ogramis

V = Pi(t) © Py(t) — (Pr(t + 1)) © (Pa(t +t5)).

4The refereesinformed this authorthat, althoughthe fact remainsunpub-
lished,the JPSTHsoftwareusedby Aertsenet al. containsan excitability cor
rectiontermequalto cov(ni,n2)P1(t1)Pa(t2), wherecov(ni, n2) istheco-
variancein the total spike countsof the two cellsand P; and P, arethe two
cells’ PSTHs. In the absenceof backgroundiring, the JPSTHequvalent of
equation(2) reducego Aertsens term. Thus, taking properaccountof back-
groundfiring whenit is presents the principal extensionprovided here. The
large numberof covariogramsin the literatureto which a correctionsuchas
Aertsenetals or the onedescribecherehave not beenapplied(Brody, 1998)
attestgo theunfortunatdactthatmostinvestigatorsemainunavareof theneed
for them.
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Figure 2. Latency search results. A: Original rasters of artificial spike
trains, constructed with latency covariations. [Two independent Poisson
cells were simulated; the raster pair for each trial was then shifted in
time by a random amount, drawn anew for each trial, from a Gaussian
distribution with mean 0 ms and standard deviation 15 ms. For details
of spike train generation, see Figure 2 of Brody (1998).] B: Covariogram
of original rasters. Overlaid on it as a thick dashed line is the prediction
derived from the latency search results (see condition (2) in the text).
Thin dashed lines are significance limits. C: Original JPSTH. Gray scale
is correlation coefficient. D: Rasters from panel A, back-shifted by the la-
tencies estimated from the search. E: Covariogram of back-shifted spike
trains, as in panel D: no significant peaks are left. F: JPSTH of back-
shifted spike trains as in panel D. G: Scatterplot of estimated latencies
vs. applied latencies (the latter known since these spike trains were ar-
tificial). In both construction and estimation, the latencies of both cells
were the same. H: Covariogram of spike trains constructed with spike
timing covariations (Brody, 1998). Overlaid on it as a thick dashed line is
the prediction derived from the latency search procedure, run on these
rasters even though they were known to contain spike timing covariations
only. I: Covariogram of spike trains used in panel H after applying the
latency search procedure. While the peak is reduced, in this case it is
still clearly there.

Thefirst conditionensureghatthe particularspike trainsobtained
from the experimentare consistentwith their covariogrambeing
dueto lateny covariations;the secondconditionensuregshat the
covariogramis well-predictedby global(lateng) interactionsonly,

andnot throughindividual spike timing coordinationbetweerthe
two cells. Note thatthe existenceof a setof time shifts satisfying
conditions(1) and(2) merelyshavsthatlatengy covariationscould



have generatedhe covariogram.It doesnot prove thatthey did so.

In theexampleillustratedin Figure2, time shiftssatisfyingcon-
dition (1) were found by searchingfor the minimum of the cost
function G = sz(r) dr, whereV (r) is the covariogramof the
setof spike trains Sy (¢ — t7) and S5 (¢ — t5). The minimization
wasaniteratedline searchalong coordinatedimensionswith the
searchspacereducedy usingtherestrictiont] = t5, basednthe
assumptiorthatthelargestlateny covariationpeaksandhencehe
bestmatchto thecovariogramwould beachiezedwhenthelateny
shiftsin bothneuronsvereperfectlycorrelatec:® For eachtrial r,
the costfunctionwasevaluatedat valuesof ¢t" rangingfrom —100
to +100 ms,in stepsof 10 ms;t" wasthensetto the shift which
generatethesmalleswalueof G; andthesearcththenproceededo
testshiftsfor the next trial. G typically asymptotedata minimum
after4 or 5 loopsthroughthe whole setof trials. Usingspike train
setsthathadtwo hundredtrials for eachcell, searchtime usingC
ona266MHz PentiumrunningunderLinux wasapproximatelyl0
minutes. Panel E shavs how the covariogramsatisfiescondition
(1) afterthe minimization. The resultof this searchalsosatisfied
condition(2), asshavn in panelB.

PanelsH andl in Figure2 arebasedn spike trainsconstructed
without latengy covariations, using insteadspike timing covaria-
tionsonly (Brody, 1998). The lateny searchprocesswvasrun on
thesespike trains; as canbe seenon both panelsH andl, it can-
not fully accountfor the covariogram.However, thesepanelsalso
shav that the lateny searchgeneratedh covariogramthat began
to approximatethe original one; for wealer yet still significant
spike timing covariations,the lateny searchprocesscould have
beensuccessful. This underscoreshat a positive resultfrom the
lateny searchcanbetaken assuggestie, but never conclusve. It
is only the negativeresultwhich canbe taken asconclusve, since
it demonstratethatthe covariogramwasnot dueto lateny inter
actionsalone.
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