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Abstract

Covariationsin neuronallatencyor excitability can
leadto peaksin spike train covariogramswhich may
bevery similar to thosecausedby spike timing syn-
chronization(Brody, 1998). Two quantitative meth-
ods are describedhere: (1) A methodto estimate
the excitability componentof a covariogram,based
on trial-by-trial estimatesof excitability. Onceesti-
mated,thiscomponentmaybesubtractedfromtheco-
variogram,leaving only othertypesof contributions.
(2) A methodto determinewhetherthe covariogram
couldpotentiallyhavebeencausedby latency covari-
ations.

1 Introduction

A companionpaper(Brody, 1998)hasdescribedhow covari-
ationsin neuronallatencyor excitability can lead to peaksin
covariograms2 that are very similar to peakscausedby spike
synchronization.Sincesuchpeaksshouldbe interpretedvery
differentlyto spikesynchronizationpeaks,it is importantto tell
them apart. This note describestwo methodswhich attempt
to do this. The centralideais to usetrial-by-trial information
(e.g. numberof spikesfired by eachcell in eachtrial) aswell
astrial-averagedinformation(e.g. theJointPeristimulusTime
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
covariationsmethodproposedhereis most importantlydiffer-
entto thatproposedby Friston.

Thetwo methodsdescribedbelow differ bothin theconclu-
sionsthat canbe drawn from themandin their computational
complexity. The excitability covariationsmethodis computa-
tionally very simple,andwhenit indicatesthepresenceof ex-
citability covariations,doesso unequivocally. The latency co-
variationsmethodis much more computationallydemanding
and,while it candeterminewhetherlatency covariationscould

1Presentaddress:InstitutodeFisioloǵıa Celular, UNAM, Apdo. Postal70-
253,MéxicoD.F. 04510,México.

2Both hereandin thecompanionpapercovariogram is usedasanabbrevi-
ationfor shuffle-correctedcross-correlogram, andis representedwith theletter�

.

potentiallyhave generatedthe covariogrambeinganalyzedor
not, it cannotprovethatthey did so.

Notationalconventionsusedhere:
��������
	 is thebinnedspik-

ing responseof cell � duringtrial � , thesymbol 
�� representsav-
eragingovertrials � , thesymbol � representscross-correlation,
and ����� ��������	 representsthe covarianceof two scalars� and� . The covariogramof two spike train setsis definedas ���
 � � � � �! �#"$
 � � �%�&
 � �! � , andtheunnormalisedJPSTHmatrix
is ' ���  �(� ! 	 �)
 ��� *�+�  	 ���!,�+� ! 	 �-"&
 ��� .�+�  	 ��
 ���!���� ! 	 � .

2 Excitability covariations

Let us modelthe responsesof a cell asthesumof a stimulus-
inducedcomponentplusabackgroundfiring rate(Brody,1998):
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(1)

/ � �+�
	 is the model’s expectedresponsewhen its parameters
are fixed at valuesappropriatefor trial � , 7 �+�
	 is the typical
stimulus-inducedfiring rate,

;
is a constantfunction over the

time of a trial, representingthe typical backgroundfiring rate,
andtwo gainfactors,6 � and

: �
, whichmaybedifferentfor dif-

ferenttrials � , representpossiblechangesover trials in thestate
of the cell. Again following the companionpaper, when two
suchmodel cells (indexed by the subscripts1 and 2) interact
only throughtheir gain factors,their covariogramis described
asbeingdueto excitability covariationsandis:

�<�=����� � 6  � 6 ! 	 7  � 7 ! 9 ����� � 6  � : ! 	 7  � ; ! 9
����� � :  � 6 ! 	 ;  � 7 ! 9 ����� � :  � : ! 	 ;  � ; !?> (2)

Now let us take theexperimentaldata,andin orderto esti-
matethe excitability componentof a covariogram,let us char-
acterizeeachof thetwo recordedcellsusingmodelsof theform
of equation(1). We mustfit theparameters6 � , : � , 7 ���
	 , and

;
to eachcell. Thiscanbedoneseparatelyfor eachcell.

It will beassumedthatspikesduringa shorttime preceding
eachtrial havebeenrecorded;thistimewill bewrittenas�A@$�CB .
(For sensoryneurons,� B maybesetto bethestimulusstarttime,
but whenrecordingfrom morecentralor motorneuronsduring
complex behavioral tasks,it is necessaryto set �CB to bethevery
beginningof theentiretrial –possiblyfarremovedfromthetime
periodof interest,making the appropriatenessof the estimate
to be madequestionable).The meanbackground

;
can then

beestimatedfrom theaveragenumberof spikesperbin during�D@E� B . In turn, the meanstimulus-inducedcomponent
7 ���
	

canbeestimatedfrom thePSTH(peri-stimulustimehistogram:
labelledF �+�
	 ), as

7 ���
	 �GF ���
	 " ; (3)

Let
��� �+�
	 betheexperimentally-observedspike train in trial� . To beconsistentwith thenumberof pre-trialspikesobserved

in thattrial � , set
: �

sothat
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andtobeconsistentwith thetotalnumberof spikesobserved
in trial � , set 6 � sothat

H
I)M :

��; 9 6 �N7 �+�
	KO � H
I
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	 (5)

Doingthis for all trialssetsall thenecessaryparametersthat
characterizethecell’s response.Thecharacterizationis in terms
of firing rates(

7 �+�
	 and
;

) andacross-trialchangesin thefir-
ing rates( 6 � and

: �
). Oncetheseparametersareset for both

cells, the modeledexcitability covariogramcan be calculated
from equation(2).

The excitability covariogramcan be comparedto the experi-
mentalcovariogram,andsubtractingit from the experimentalco-
variogramcanbe thoughtof asremoving the excitability compo-
nents. Figure1 illustratesthe applicationof this straightforward
procedureto two artificial cases:onewith pureexcitability covari-
ations,andonewith bothexcitability andspike timing covariations
(seeBrody1998).

3 Previous work on excitability correc-
tions

Excitability covariationslead to (unnormalized)JPSTHmatrices
which arelinearsumsof separablecomponents.That is, if P  andP ! aretherunningtimesfor cell 1and2,eachof thecomponentscan
be factoredinto a functionof P  timesa functionof P ! (seeequa-
tion (10), Brody 1998;andFriston,1995). Given thata particular
JPSTHmatrix, andensuingcovariogram,aresuspectedof having
beencausedby excitability covariations,thequestionis “how can
theJPSTHbesplit into asumof separablecomponents?”An infin-
ity of possiblesolutionsexists.

Friston(1995; seealsoVaadiaet al. 1995)hasdescribedone
solutionchoice,basedon singularvaluedecomposition(SVD) of
theJPSTHmatrix. The SVD is a well-known process,which de-
composesany matrix into asumof separable,mutuallyorthogonal
components,by finding thesequenceof suchcomponentsthatcap-
turethemostamountof squaredpower in thematrix. For example,
thefirst componentwill be theseparablematrix with thesmallest
possiblesumof squareddifferencesbetweenits elementsandthose
of the original matrix; the next componentoperateson the same
principleafterhaving subtractedthefirst componentfrom theorig-
inal matrix; andsoon. UsingtheSVD hastwo majoradvantages:
(1) thefirst componentis guaranteedto bethebestsingleseparable
descriptionof theoriginalJPSTHmatrix,in thesquared-errorsense
justdescribed;(2) asmany componentsasarenecessaryto describe
theJPSTHmatrix will beproduced.3 However, usingtheSVD has
at leastonemajordisadvantage(Friston,1995): thecomponentsit
produceswill be orthogonalto eachother. Thereis no reasonto
supposethatphysiologicalcomponentswouldbeorthogonalin this

3As Vaadiaet al. (1995) point out in their reply to Friston (1995), if too
many componentsareneededto describetheJPSTHmatrix,aspike timing syn-
chronizationinterpretationmaybefar simplerandmoreparsimoniousthanthe
SVD-derivedone.
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Figure 1: A: Covariogram of artificial spike trains, generated using
excitability covariations only. QOn each trial, the time-varying firing rate
of two independent Poisson cells was first multiplied by the same scalar
gain factor R , drawn anew from each trial from a Guassian with unit mean
and standard deviation. R was set to zero if negative. For details of spike
train generation, see Figure 3 of Brody (1998).S 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.Q Spike train details: On each of two hundred trials, a scalar R was drawn
from a Gaussian with unit mean and unit standard deviation ( R was set
to zero if negative). A spike train was then drawn from a Poisson source
with time-varying firing rate R*T�UWVYX�Z#[(\�T�U�U^]�_a`
b3X�\�cYd3X�\�T^egfih�U�U�`
j3X*_k]�\�cYd3X�\
if ]mln`
b3X , 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. S 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.Furthermore,it mustberememberedthatwhile excitability
covariationsimply JPSTHseparability, the converseis not neces-
sarily true. TheJPSTHis a obtainedthroughaveragingover trials,
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andtheaverageof a setof matricesbeingwell-describedby a few
separablecomponentsdoesnot imply thateachof thematricesthat
wereaveragedo (the individual trials) werealsowell-describedby
thesamecomponents.

An alternative choice of separablecomponentswas made
here: we requiredthat only four components(which neednot
be orthogonalto each other) be used, and that they be based
on two time-independentand two time-dependentfunctions( p  ,p ! , q  sr PCt and q !?r PCt ). The form of thesefunctions was esti-
matedby assumingthat the p ’s representbackgroundfiring rates
andthe q ’s stimulus-inducedresponses.Most importantly, these
physiological–interpretationbasedassumptionsallowedestimating
the magnitudeof eachcomponentfrom trial-by-trial information
available in the data (equations(4) and (5)). In contrast,the
SVD methodignorestrial-by-trial information. In mostcases,one
stimulus-inducedcomponentwill bedominant,andtheapproxima-
tion of describingthedatausingonly p ’s andone q percell will
bea goodone.However, it shouldbebornein mind thatif thereis
morethanoneimportantstimulus-inducedexcitability component,
themethodproposedherewill not describethedatawell; in such
cases,theSVD methodmaybethemorerobustone.4

4 Latency covariations

When estimatingexcitability covariations,the numberof spikes
fired providesa convenientmeasureof excitability, for eachindi-
vidual trial, andfor eachcell. For latency covariations,theremay
not besucha straightforwardmeasureof latency available. Let us
assumefor the momentthat thereis one, and that the estimated
latency of cell u during trial 5 hasbeenlabelled P �� . Then,remov-
ing theeffect of latency variationsfrom thecovariogramis simply
a matterof back-shiftingthe spike trains: take the original spike
trains v � r Pgt and v �! r Pgt andshift themin time soasto build theco-
variogramof thesetof spike trains v � r P%wxP �  t and v �! r P�wyP �! t .

Even whenestimatesof P �� arenot directly available,we may
wish to ask whetherthe observed covariogramcould have been
causedby latency covariations.For this to bethecase,theremust
exist asetof timeshifts P �� suchthat

1. Thecovariogramof v � r Pzw{P �  t and v �! r Pzw|P �! t is zerowithin
samplingnoise.

2. Thecovariogrampredictedby theaverages }�v � r P%wxP �  tC~ and}�v �! r P�wxP �! tC~ andthe shifts P �� mustbe similar to theoriginal
covariogram.Recallingthat }�~ representsaveragingover tri-
als 5 , anddefining �� � r Pgtm�&}�v �� r P%wxP �� tC~ , thepredictedcovari-
ogramis

� ����  r PCt����� ! r Pgt�w�}���  r P��{P �  tC~���},�� ! r P,�|P �! tC~(�
4The refereesinformedthis authorthat, althoughthe fact remainsunpub-

lished,theJPSTHsoftwareusedby Aertsenet al. containsanexcitability cor-
rectiontermequalto �g�(��U^�,�3�����Y\����3U^]K��\��.��U�]���\ , where�g�
��U����Y���*�Y\ is theco-
variancein the total spike countsof the two cells and � � and � � arethe two
cells’ PSTHs. In the absenceof backgroundfiring, the JPSTHequivalent of
equation(2) reducesto Aertsen’s term. Thus,taking properaccountof back-
groundfiring whenit is presentis the principal extensionprovided here. The
large numberof covariogramsin the literatureto which a correctionsuchas
Aertsenet al.’s or theonedescribedherehave not beenapplied(Brody, 1998)
atteststo theunfortunatefactthatmostinvestigatorsremainunawareof theneed
for them.
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Figure 2: Latency search results. A: Original rasters of artificial spike
trains, constructed with latency covariations. Q 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).S 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 conditionensuresthattheparticularspike trainsobtained
from the experimentare consistentwith their covariogrambeing
dueto latency covariations;the secondconditionensuresthat the
covariogramis well-predictedby global(latency) interactionsonly,
andnot throughindividual spike timing coordinationbetweenthe
two cells. Note that theexistenceof a setof time shiftssatisfying
conditions(1) and(2) merelyshowsthatlatency covariationscould
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have generatedthecovariogram.It doesnotprove thatthey did so.
In theexampleillustratedin Figure2, timeshiftssatisfyingcon-

dition (1) were found by searchingfor the minimum of the cost
function ����� � ! r�� ts� � , where

� r�� t is thecovariogramof the
setof spike trains v � r P�w�P � t and v �! r P�w�P �! t . The minimization
wasan iteratedline searchalongcoordinatedimensions,with the
searchspacereducedby usingtherestrictionP �  ��P �! , basedon the
assumptionthatthelargestlatency covariationpeaks,andhencethe
bestmatchto thecovariogram,wouldbeachievedwhenthelatency
shiftsin bothneuronswereperfectlycorrelated.5 � 6 For eachtrial 5 ,
thecostfunctionwasevaluatedat valuesof P � rangingfrom w��Y N 
to �a�3 N  ms, in stepsof �3  ms; P � wasthensetto theshift which
generatedthesmallestvalueof � ; andthesearchthenproceededto
testshifts for thenext trial. � typically asymptotedat a minimum
after4 or 5 loopsthroughthewholesetof trials. Usingspike train
setsthathadtwo hundredtrials for eachcell, searchtime usingC
ona266MHz PentiumrunningunderLinux wasapproximately10
minutes. PanelE shows how the covariogramsatisfiescondition
(1) after the minimization. The resultof this searchalsosatisfied
condition(2), asshown in panelB.

PanelsH andI in Figure2 arebasedonspike trainsconstructed
without latency covariations,using insteadspike timing covaria-
tions only (Brody, 1998). The latency searchprocesswasrun on
thesespike trains; ascanbe seenon both panelsH andI, it can-
not fully accountfor thecovariogram.However, thesepanelsalso
show that the latency searchgenerateda covariogramthat began
to approximatethe original one; for weaker yet still significant
spike timing covariations,the latency searchprocesscould have
beensuccessful.This underscoresthat a positive result from the
latency searchcanbetakenassuggestive, but never conclusive. It
is only thenegativeresultwhich canbetakenasconclusive, since
it demonstratesthat thecovariogramwasnot dueto latency inter-
actionsalone.
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All simulationsand analyseswere done in MATLAB 5 (Mathworks
Inc, Natick, MA), except for the latency search,which also usedsome
subroutineshand-compiledinto C. The code for all of these,including
in particularthe codeto reproduceeachof the figures,can be found at
http://www.cns.caltech.edu/˜ carlos/correlations.html.

References

C.D. Brody. Correlationswithout synchrony. Neural Computation
11:1537–1551(1999).

5In facttheartificial rastersusedherewereconstructedwith ]+¡ �z¢ ]+¡� , sothe
assumptionwasknown to becorrect.

6PeterKönig(personalcommunication)hassuggestedinitializing thesearch
by aligning the rasterssoasto minimize thewidth of individual PSTHs.This
wouldgenerateasharpshuffle corrector£ andwould thusbeconsistentwith a
tall latency covariationspeak(seesection3.1 in Brody1998).

K. J.Friston.Neuronaltransients.Proceedingsof theRoyalSoc.of London
SeriesB Biological Sciences, 261(1362):401–405,1995.

E. Vaadia,A. Aertsen,andI. Nelken. ‘dynamicsof neornalinteractions’
cannotbeexplainedby ‘neuronaltransients’.Proceedingsof theRoyal
Soc.of LondonSeriesB Biological Sciences, 261:407–410,1995.

4


