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Abstract

Peaksin spike train correlogramsare usually taken
asindicativeof spiketiming synchronizationbetween
neurons. Strictly speaking,however, a peakmerely
indicatesthat the two spike trainswerenot indepen-
dent. Two biologically-plausibleways of departing
from independencewhich arecapableof generating
peaksverysimilar to spiketiming peaksaredescribed
here:covariationsover trials in responselatencyand
covariationsover trials in neuronalexcitability. Since
peaksdueto theseinteractionscanbesimilar to spike
timing peaks,interpretinga correlogrammay be a
problemwith ambiguoussolutions.Whatpeakshapes
dolatency or excitability interactionsgenerate?When
arethey similarto spiketiming peaks?Whencanthey
beruledout from having causedanobservedcorrelo-
grampeak?Thesearethequestionsaddressedhere.A
companionpaper(Brody,1998)proposesquantitative
methodsto tell casesapartwhenlatency or excitabil-
ity covariationscannotberuledout.

1 Intr oduction

Supposethatthespike trainsof two neurons,recordedsimulta-
neouslyduring many identically preparedexperimentaltrials,
have beenobtained. A standardmethodto assessthe pres-
enceof interactionsbetweenthe spike trains – beyond those
expectedby chancegiveneachneuron’speri-stimulustimehis-
togram(PSTH) – is to computetheir shuffle-correctedcross-
correlogram(Perkel et al., 1967; Palm et al., 1988; Aertsen
etal.,1989).Thenameshuffle-correctedcross-correlogramwill
be henceforthabbreviatedto crosscovariogram or simply ‘co-
variogram.2 Peaksin covariogramsareusually interpretedas
signalingthepresenceof spike timing synchronizationbetween
the two neurons. Strictly speaking,however, a peakin a co-
variogrammerely indicatesthat the two spike trainswerenot
independent,andsynchronizingthespike timesof thetwo neu-
ronsis only oneof many possiblewaysto departfrom indepen-
dence.Figure1 shows threevery differentwaysto departfrom

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

2Theabbreviation covariogramcomesfrom thefactthatthecomputationof
theshuffle-correctedcross-correlogramis exactlyanalogousto thecomputation
of covariancewhenthevariablesof interestarescalarsratherthanspike trains
(Aertsenet al.,1989;Brody,1997a).
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Figure1: Three types of covariations. Despite being very differ-
ent, all three shuffle-corrected correlograms (henceforth called
covariograms) look very similar. Each row illustrates a type of
covariation: On the left is a raster plot of two simulated cells,
and on the right is the covariogram of spike trains made in a si-
miliar fashion. (Parameters used for rasters on the left were set
to extreme values, to emphasize illustrative clarity; parameters
used for covariograms on the right were set to “physiologically
plausible” values.) A: On each trial, most spikes in cell 1 have a
corresponding, closely timed, spike in cell 2. Both cells have the
same response latency and overall firing rate in all trials. This
will be called a spike timing covariation. B: Spikes in cell 1 do
not have a corresponding spike in cell 2: on each trial, the two
spike trains were generated independently of each other. But the
overall latency of the response varies together over trials. (The
word latency will be used here to indicate the time shift of the
whole response, not just of the first spike.) C: Again, on each
trial the spikes for the two cells were generated independently of
each other. But the total magnitude of the response (which will
be called the excitability) varies together over trials. Zero counts
on the covariogram � axes is the expected value if the two cells
are independent; the dashed lines are significance limits. The
inset at the top right of each covariogram shows the PSTHs of
the two cells involved, plotted on axes that are 250 ms wide and
60 Hz tall.

independence,all of which leadto very similar covariograms.
Despitetheirsimilarity, eachcaseshouldbeinterpretedverydif-
ferently, bothin termsof themechanismsthatcouldcauseit and
in termsof its functionalsignificance.All threetypesof covaria-
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tionsillustrated(whichwill becalledspiketiming, or latency, or
excitability covariations)arebiologicallyplausible.Thus,being
awareof the� differentpossibilities,anddisambiguatingthem,is
important.

This paperwill explain how latency andexcitability covari-
ationsleadto a peakin thecovariogram(spike timing covaria-
tionshavebeentreatedbefore,e.g.Perkel etal. 1967).In doing
so,thepaperwill alsoexplainunderwhatconditionstheirpeaks
aresimilar to peakscausedby spike timing covariations.Rules
of thumbfor beingalert to thepossibilityof ambiguouscovar-
iogramswill be emphasized;a companionpaper(seeBrody,
1998) describesmore quantitative methods,which attemptto
dispel the ambiguitywhen it arises. A preliminaryversionof
theresultspresentedherehasappearedin abstractform (Brody,
1997b).

2 Notation and correlogrammethods

The spike trainsof two cells will be representedby two time-
dependentfunctions, �������
	 and �����
�
	 . They will be assumed
binnedandcollectedovermany identicallypreparedexperimen-
tal trials, indexedby a superscript� . For timesoutsidethe � -th
trial, ���� ���
	 will be definedto be zero,andsimilarly for ���� ���
	 .
Thecross-correlogramof eachtrial is then

� � �
��	�� ������� � � �� ���
	�� �� �
������	 �!� ��#" � ��%$ (1)

Let &(' representaveragingover trials � , anddefine )+*,���
	-�&.���* ���
	�' . If spike timesaremeasuredrelative to a stimulus,this
is thePSTHof ��* . Thecovariogramof � � and� � is thendefined
as /

� &0�(� ��21 ) � 	 " �(� ��31 ) � 	�'4 &(� �� " � �� ' 1 ) � " ) � $ (2)

The two terms in equation(2) are known as the raw cross-
correlogram 5 4 &.���� " ���� ' andthe shuffle corrector3 6 4)�� " )7� $ If ��� and ��� areindependent,thentheexpectedvalue
of

/
is zero:8:9 /<;

4
8:9
�(� ��21 ) � 	 " �(� ��31 ) � 	

;
4
8:9
� �� 1 )��

;
"
8:9
� �� 1 )+�

;
4>= $ (3)

Therefore,significantdeparturesof

/
from zero indicatethat

thetwo cellswerenot independent,regardlessof whatdistribu-
tions that ���� and �0�� weredrawn from. Estimatingthesignifi-
canceof departuresof

/
from 0 requiressomeassumptions:for

3The shift predictor (Perkel et al., 1967)is very similar to the shuffle cor-

rector, exceptthat ? is replacedby @BADCFEHGI7J E�KML G
NO P , where QSRUTWV is some
permutationof thestimuluspresentationsT (andthecorrespondingsubstitution
is madein equation(2)). If differenttrialsareindependentof oneanother, then
the expectedvalueof the shift predictor @ is equalto the expectedvalueof
theshuffle corrector? . Thusthey arebothestimatorsof thesamefunction. In
practiceit is preferableto use ? insteadof @ sincetheformeris alessnoisyes-
timator: ? canbewrittenastheaverageof @ , takenover thesetof all possible
permutationsQ (Palmetal., 1988).

the null hypothesis,it will be assumedthat � � is independent
of ��� , thatdifferenttrials of ��� areindependentof eachother,
andthat differentbins within eachtrial of � � areindependent
of eachother(similar assumptionsfor the trials andbinsof � �
will alsobemade).If )+*,���
	 and X �* ���
	 arethemeanandvariance
of ���* ���
	 over trials � , and Y[Z
\�] ^,_ ` is thenumberof trials in the
experiment,thenthevariancein thenull hypothesisfor

/
is

X �a ���
	 4 �
X �� " X �� �b) �� " X �� ��X �� " ) �� 	,cdY Z
\�] ^�_ ` $ (4)

In practice,one usesthe samplemeansand variancesto
calculate X����
	 ; the e�X limits, calculatedin this way, are dis-
playedasdashedlines in thecovariogramsthroughoutthis pa-
per.4 While X is a generalmeasureof thespreadof a distribu-
tion,moreassumptionsmustbemadein orderto useit to assign
a specificnumberto a significancelimit: e.g., if the distribu-
tion is assumedGaussianthene�X representsthe95%confidence
limit. No particularassumptionwill bemadehere.

Joint PeristimulusTime Histograms, or JPSTHs(Aertsen
et al., 1989), will also be used. The unnormalizedJPSTHis
amatrixof covarianceswith elementsdefinedas

f �����hg
�i�j	 4 &.� �� �
���k	�� �� �
�i�l	
' 1 &.� �� �
���W	
'�&(� �� ���i�m	
'kg (5)

while thenormalizedJPSTHis amatrixof correlationcoef-
ficientswith elementsdefinedas

fon �����pg
�i�m	 4 f �
���hg��i�l	X � ��� � 	iX � �
� � 	 g (6)

If � � �
� � 	 and � � �
� � 	 areindependentthentheexpectedval-
uesof

f �
���hg��i�l	 and
fon �
���jg��i�l	 arezero.Correlationcoefficients

are boundedwithin q 1sr g rWt . If
f n ��� � g
� � 	 4 r , then � � ��� � 	

and � � ��� � 	 areperfectlycorrelated(that is, � � ��� � 	 4vu � � ��� � 	
for somepositive constantu ), while if

fon �����hg
�i�l	 4 1sr , then� � ��� � 	 and � � ��� � 	 areperfectlyanticorrelated(thatis, � � ��� � 	 41 u �����
�i�l	 ). TheJPSTHsdisplayedin thefiguresof this paper
areall normalizedJPSTHs.

Thecovariogram

/
canbeobtainedfrom theunnormalized

JPSTH
f

by summingalong ��� while keeping� 4 �i� 1 ��� con-
stant.

3 What covariogram shapesdo latency
and excitability covariations gener-
ate?

3.1 Latency covariations

Take theresponsesof two independentneurons.Sincethey are
independent,their covariogramis zero(within samplingnoise);

4Toseethewhereequation(4) comesfrom,considertwo independentscalarsw and x with meansy�z and yp{ andvariances| Oz and | O{ , respectively. The

varianceof theirproductis }�~ w Od� }�~�x Od��� }�~ w � O }�~�x � O A�R�| Oz%� y Oz V�R�| O{��y O{ V � y Oz y O{ A�| Oz | O{ � y Oz | O{ � | Oz y O{ . Equation(4) is analogous.Thefactor
of ���F��� ��� � comesfrom averagingover trials.
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hencethe raw cross-correlogramand the shuffle correctorare
approximatelyequal:/

�j�d�j�
covariogram

4 5�j�d�m�
raw x-corr

1 6�m�W�m�
corrector

� = 4�� 6 � 5 $ (7)

Now for eachtrial � , take the responsesof both neuronsand
shift both their spike trains,together, by someamountof time�i� (theshift time �i� shouldbedifferentfor differenttrials). This
typeof interactionbetweentheneuronsis dubbedherea latency
covariation.How will it affect

/
?

Let usaskhow it affectseachof thetwo termsof

/
, thatis,5 and 6 . The raw correlogram5 will not be affected,since

it only dependson relative spike timesbetweenthe two neu-
rons(seeequation(1)), andon eachtrial bothspike trainswere
shiftedtogether. In contrast,theshuffle corrector6 will beaf-
fected.It is thecorrelogramof thetwo PSTHs,andthePSTHs
arebroadenedby thetemporaljitter introducedby theshifts � � .
Thus 6 is broaderthanbeforethelatency shifts.Sincethetotal
numberof spikesremainsthesame,the integral of thePSTHs
will not have changed;the integral of 6 , too, will not have
changed.In summary, the latency shiftswill make 6 broader,
andthereforeshallower, while having no effect on 5 . PanelA
of Figure2 shows a schematicof how subtractingthe broad-
ened,shallowed, 6 from 5 leavesa peakin 5 outstandingin
/

. Thepeakis flankedby slight negative dips. Themostim-
portantpoint to noticeaboutthisschematicis thatthewidth and
shapeof the peakin

/
is largely determinedby thewidth and

shapeof thepeakin 5 .
Unlessthelatency shiftsareverylarge,thewidthof thepeak

in 5 , and hencein

/
, will be smallerbut of the sameorder

of magnitudeasthe width of the peakin 6 , which in turn is
determinedby the width of peaksin the cell’s PSTHs. Panels
B–F in Figure 2 show a numericalexperimentillustrating la-
tency covariations. The covariogrampeakwidth is � 50 ms,
while PSTH peak widths are � 100 ms. For the simple
Poisson-likeprocessesusedhere,andfor symmetricalcells,the
autocovariogramsof eachcell (panelsE andF) have a shape
similar to thecrosscovariogramof thetwo cells(panelC).

3.2 Excitability covariations

Consideracell whoseresponsecanbecharacterizedasthesum
of a stimulus-inducedresponseplus a backgroundfiring rate.
Let uswrite this in termsof firing rates5 as� � ���
	� �d� �

Firing rateduringtrial �
4 � �j� �
�
	� �d� �

Stimulus-induced

� � �k�� �d� �
Background

(8)

Here � ���
	 is thetypicalstimulus-inducedfiring rate,� is acon-
stantfunction over the time of a trial, representingthe typical

5Thedescriptiongivenin equation(8) amountsto describingthecell with a
generative model;but all thatis beingspecifiedaboutthemodelis theexpected
value of its responseon eachtrial. Thus, if ��GlRU�
V is the model’s response
duringtrial T , then � G RU�
V-A }�~¡� G RU�
V � . Notethattheexpectationhereis not
takenacrosstrials,but is theexpectedresponsefor a singletrial. Think of this
asfixing themodel’s parametersat valuesappropriatefor trial T , andaveraging
overmany runsof themodelat thoseparameters.
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Figure 2: Latency covariations. A: Schematic of how latency
covariations lead to a peaked covariogram (see text for explana-
tion). B: Eight out of two hundred artificial rasters used to illus-
trate latency covariations. Below the rasters are the smoothed
PSTHs of both cells. The spike trains were made by simulat-
ing two independent Poisson cells, each raster pair of which was
then shifted together in time by a random amount drawn anew
for each trial from a Gaussian distribution with mean 0 ms and
standard deviation 15 ms. ¢Details: The time-varying firing rate
from which Poisson events for each cell were generated, before
the time shifts, was £�¤d¥l¥l¦�§k¨p©,ª�«M£�£�¬%­®¤¡¥m¥j¨ O,¯ £
°+±�²m¥ O ¨�¨ for ¬�³�¤¡¥m¥ ,
zero otherwise, with ¬ in milliseconds. After the time shifts, in-
dependent events at a rate of ¤d¥ Hz were added to each cell
to represent background firing. ´ C: Covariogram of the two cells.
The thick grey line is the analytical expected value of the covari-
ogram, computed with knowledge of the parameters and proce-
dures used generate the spike trains. Dashed lines are signifi-
cance limits. D: Normalised JPSTH of the two cells, flanked by
their PSTHs. Notice the diagonal peak and weak but present
off-diagonal troughs. E, F: Autocovariograms of each of the two
cells. These are computed following equation (2), except one
cell is used, not two, and the central bin ( µ·¶¸¥ ), which for auto-
covariograms is much larger than any other, has been arbitrarily
set to zero here for display purposes.

backgroundfiring rate,andtwo “gain” factors,� � and ��� , have
beenincludedto representpossiblechangesin the stateof the
cell (e.g. changesover trials in the restingpotentialof thecell
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(CarandiniandFerster, 1997)).Thegainfactors� � and ��� will
beallowedto bedifferentfor differenttrials. Two assumptions
arebeingmade¹ here:(1) statechangesareslower thanthetime
of a singletrial; (2) thegreatesteffectof statechangesis on the
magnitudeof thebackgroundandstimulus-inducedrates,noton
their temporalshape.Theseassumptionsallow factoringoutthe
effectof statechangesinto thescalargainfactors� � and ��� .
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Figure 3: Excitability covariations. A: Eight out of two hundred
rasters, made by simulating two independent Poisson cells with
covarying gains º I and º O (see text). Both gains were set to
be equal to each other on each trial, and were a random num-
ber drawn anew for each trial from a Gaussian with mean 1 and
standard deviation 1 (negative gains were set to zero). Below
the rasters are the smoothed PSTHs of the two cells. ¢Details:» I £�¬�¨ and

» O £�¬�¨ were both set to be, before multiplying by the
gains, £
¼k¥½¦½§d¨�±p£�£�¬�­ ¼l¥m¨ ¯l¾ ¥m¨7±W©,ª�«M£�£�¤¡¥m¥¿­À¬i¨ ¯l¾ ¥j¨ if ¬�³Á¼k¥ , zero
otherwise, with ¬ in milliseconds. After multiplying by the gain,
a constant rate (same for all trials) of

¾jÂ
Hz was added to rep-

resent background firing. ´ B: Covariogram of the two cells. The
thick grey line is the analytical expected value, computed from
equation (9) with knowledge of the parameters used to generate
the spike trains. Dashed lines are significance limits. Notice that
the width of the peak is comparable to twice the width of the peak
in the PSTHs. In the example shown here, the background firing
rate is not negligible, so the covariogram doesn’t quite follow the
shape of the shuffle corrector (which is not shown), but follows
the shape of

» IhÃ » O , the “stimulus-induced” parts of the PSTHs.
C: Normalised JPSTH of the two cells, flanked by their PSTHs.
D: Autocovariogram of one of the cells; the other is similar. The
central bin ( µ[¶D¥ ) has been set to zero for display purposes.

Now take two cells,indexedby thesubscripts1 and2, with
responsescharacterizedasin equation(8). Supposetheir only
interactionis through their gain parameters. This has been
dubbedherean excitability covariation. What is their covari-

ogram

/
? In what follows,write thecovarianceof two scalarsÄ and Å as ÆWÇhÈ�� Ä g,Åk	��É& Ä ÅW' 1 & Ä 'k&.ÅW' , anddropthesuperscripts� for legibility. Usingequations(2) and(8), andthefactthatthe

gainparametersfactorout,

/
4 amplitude� �W� �ÆWÇhÈ�� � � g � � 	

shape� �d� �� � " � � �-ÆWÇhÈ�� � � g
� � 	 � � " � � �ÆWÇhÈ��
� � g � � 	 � � " � � �bÆWÇhÈ��
� � g
� � 	 � � " � � $ (9)

Similarly, theJPSTH(beforenormalization)isf ��� � g
� � 	 4 ÆWÇhÈ�� � � g � � 	 � � �
� � 	 � � ��� � 	+�ÆWÇhÈ�� � � g�� � 	 � � �
� � 	 � � �ÆWÇhÈ��
�Ê�pg � �m	 � � � �o���i�l	+�ÆWÇhÈ������jg��M�l	 � � � ��g (10)

wherethetime-dependenceof � � and � � hasbeendropped
from thenotationsincethey areconstantfunctions.

Whenthestimulus-inducedfiring rateis muchgreaterthan
the backgroundfiring rate,the first term in equation(9) is the
dominantone. Theshapeof

/
will thenbegivenby � � " � �

(in this limiting case,this is alsotheshapeof thecorrector6 ,
whichhasawidth determinedby thewidth of peaksin thecell’s
PSTHs),while theamplitudeof

/
will begivenby ÆWÇhÈ�� � � g � � 	 .

A similar point hasbeenmadeby Friston(1995),whosework
will be discussedfurther in a companionpaper(Brody 1998;
seealsoVaadiaet al. 1995). Figure3 shows a numericalex-
perimentillustrating excitability covariations. For the simple
Poisson-like processesusedhere, and for symmetricalcells,
the autocovariogramsof the cells (panelD) aresimilar to the
crosscovariogram(panelB), muchaswasthecasewith latency
covariations(Figure2).

An easily computableand tell-tale measureof excitability
covariationsis the integral (i.e. sum)of thecovariogram,since
it is proportionalto the covariationin the meanfiring ratesof
the two cells: Ë>Ì

/
����	 4 ÆkÇhÈ���Í��� g�Í��� 	 , where Í��* is the total

numberof spikesfiredby cell Î duringtrial � . For completeness,
theproof follows:

��
Ì ��� � � � �
��	 4 ��

Ì ��� �
������� � � �� ���
	
� �� ��������	

4 �
ÏhÐ Ñ � �� �ÓÒÊ	
� �� �
Ôp	

4 �
Ï � �� �ÓÒÊ	

�
Ñ � �� �
Ôp	4 Í � � Í �� $ (11)

Thus Ë Ì�5:����	 4 &
Í��� Í��� ' . Similarly, Ë Ì 6 �
��	 4&
Í��� 'k&�Í��� ' . Hence

�
Ì
/
�
��	 4 &
Í � � Í �� ' 1 &
Í � � 'k&�Í �� ' 4 ÆkÇhÈÊ�
Í � g�Í � 	 (12)
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3.3 Spike timing covariations

Figure4 shows a numericalexperimentillustrating spike tim-
ing covariations.Threemajor pointsin comparisonto latency
andexcitability covariationsarethat: (1) for thesimplePoisson-
like processesusedhere,wheretherewasno burstinessandthe
spike timing interactionwas betweenindividual spikes of the
two cells, the autocovariogramsareflat and not at all similar
to thecrosscovariogramof the two cells. This is in contrastto
the latency or excitability covariationscases,andallows using
the autocovariogramsasa first testto distinguishspike timing
from latency or excitability covariations.(2) While latency and
excitability covariationsinvolve coordinationbetweenas little
asa singleparameterof the two cellson eachtrial (overall la-
tency in onecase,gain in theother),spike timing covariations
will typically involvecoordinationbetweenmany parameterson
eachtrial (many individualspiketimes).(3) Givenarbitrarynet-
work connectivities,spike timing covariogramshapesaremuch
morearbitrarythanlatency or excitability covariogramshapes.
In particular, while thelatteraretiedto theshapesof thePSTHs,
theformerarenot.

4 Discussion

Peaksin spiketraincovariogramsaretypically interpretedasev-
idenceof spiketiming synchronization,but otherwaysto depart
from independencecangeneratecovariogrampeaksvery simi-
lar to spike synchronizationpeaks. Two suchdepartureshave
beendescribedhere: covariationsin the latencyof response;
andcovariationsin theexcitability of response.Both arelikely
to befoundin biologicalsystems.This raisesthepossibilityof
covariogramswhich admitmultiple, extremelydifferent,inter-
pretations:aninterpretationproblemwhichmustbesolved.The
first stepin solvingit is to beawareof underwhatconditionsin-
terpretationalambiguitymayarise(and,concomitantly, whenit
canberuledout). Contributing to thishasbeenthemainobjec-
tive of this paper. Thesecondstepis to resolve the ambiguity
whenit is present;somequantitative methodsfor doingsoare
proposedin the companionpaper(Brody 1998; seealsoFris-
ton 1995andVaadiaet al. 1995).Thatexcitability covariations
could generatea peakin a JPSTHwasa possibility raisedby
Aertsenetal. (1989),but they did notstudytheshapeor magni-
tudeof sucha peak.Friston(1995;seealsoVaadiaet al. 1995)
hasdescribedexcitability covariationsin moredetail; similari-
tiesanddifferencesbetweenFriston’s work andthat presented
herearediscussedin thecompanionpaper(Brody1998).

Threerulesof thumb,for beingalert to whetherlatency or
excitability covariationscouldbepresentin acovariogram,may
begleanedfrom theexamplesandresultsof section3:

Rule of thumb#1: Covariogram peak widths due to la-
tency and excitability covariations are of the same order
of magnitude as PSTH peak widths. This is dueto the fact
that excitability peaksare directly linked to termscontaining
stimulus-lockedcomponents6 (in additionto backgroundfiring

6If the variationsin the gain factorsbalanceout (that is, if C�ÕWG P AbÖ ), the
PSTHsmay be flat even in the presenceof excitability covariations(Friston,
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Figure 4: Spike timing covariations. A: Eight out of two hun-
dred rasters used to illustrate spike timing covariations. Below
the rasters are the smoothed PSTHs of the two cells. On each
trial, the spike trains were made by first generating a single Pois-
son spike train, time-jittering the spikes of this twice, and then
assigning the result of the first jittering to cell 1 and the result of
the second jittering to cell 2. Additional spikes at a rate of 10 Hz
were then added independently to each cell to represent back-
ground, uncorrelated, firing. ¢Details: The original spike train on
each trial had firing rate £
¼k¥S¦�§W¨h©,ª�«×£�­Ø£�¬�­:¤d¥l¥j¨ O ¯ £
°�± ¾ ¥ O ¨�¨ , with ¬
in milliseconds. Jittering was done by adding a random amount
of time to each spike, drawn from a Gaussian with mean 0 and
standard deviation 12 ms. ´ . B: Covariogram of the two cells.
The thick grey line is the analytical expected value of the covari-
ogram, computed with knowledge of the parameters and proce-
dures used to generate the spike trains. C: Normalised JPSTH
of the two cells, flanked by their PSTHs. D: Autocovariogram of
one of the cells; the other is similar. The central bin ( µ·¶B¥ ) has
been set to zero for display purposes. Unlike the latency and ex-
citability cases (Figures 2 and 3), the autocovariogram does not
resemble the crosscovariogram.

rate terms as wide as the entire trial itself– seeequation9).
Latency peaksdependon 5 , the raw correlogrampeakwidth,
which in turn dependson the characteristicwidth of the cells’
responses(seeFigure2). KenBritten(personalcommunication)
hassuggestedestimatingthecharacteristicwidthof thecells’ re-
sponsesfrom theautocovariogramsinsteadof thePSTHs.This
leadsto ruleof thumb#2:

Ruleof thumb#2: Latency and excitability covariations
generate autocovariogram peaks that are similar to the
crosscovariogram peaks.While spiketiming covariationsmay
exist without affecting the cells’ autocovariograms,latency or

1995).
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excitability covariationsadd a contribution to the autocovari-
ogramthat is similar to their contribution to the crosscovar-
iogram. This

Ù
was shown herewith Poisson-like, non-bursty

modelcells.Thestatementremainstrueif bothcellsareequally
bursty. But if the cells arenot symmetric(e.g. one is bursty
but theotheris not), thecomparisonbetweenauto–andcross–
covariogramswill no longerbestraightforward.

Ruleof thumb#3: The integral (i.e. sum)of a covariogram
is dir ectly proportional to the covariation in the mean fir -
ing rates of the neurons(equation12). Sincetheintegral can
be quickly estimatedby eye, this measureshouldbe in every
covariogram–usingneurophysiologist’s breastpocket.7 Large
positive covariogramintegrals indicatethat the datawas col-
lectedfrom trials with large positive covariationsin their fir-
ing rates(implying thepresenceof anexcitability covariations
component),andsuggestsimportantchangesof stateduringthe
experiment.Examplesof covariogramswith largepositive inte-
gralsarecommonin theliterature(e.g.KrugerandAiple 1988;
Alloway et al. 1993;Hataet al. 1993;Ghoseet al. 1994;Sil-
lito et al. 1994;Nowak et al. 1995;Munk et al. 1995). Note
thatspiketiming covariations,asillustratedin Figure4,canalso
generatepositivecovariogramintegrals(commoninputcanlead
to spike timing coincidences,but canalsoleadto covariations
in the numberof spikesfired). However, in the spike timing
case,theintegral,if positive,will oftenbesmall,sincethewidth
of the peakcanbe very thin andunrelatedto the width of the
PSTH.Thus,the mosttell-talesituationoccurswhenthe inte-
gral is positive and thecorrelogrampeakwidth is of the same
orderof magnitudeasthePSTHpeakwidths.A straightforward
methodto determinewhetherthePSTHscanmatchthecorrel-
ogrampeakin this senseis presentedin (Brody, 1998). (On
the otherhand,for examplesof positive covariogramintegrals
clearly not causedby excitability covariations,seeTso et al.
1986.)

If any of thethreerulesof thumbsuggesttherecouldbeim-
portantlatency or excitability contributions to a covariogram,
careshouldbe taken beforeconcludingthat observed covari-
ogrampeaksaredueto spike synchronization.

Further considerations
Thethreetypesof covariationsthathavebeenexaminedhere

areneitherexhaustive nor exclusive. Othertypesof departure
from independencealsoexist. Spike timing covariationsmay
coexistwith latency and/orexcitability covariations,andlatency
andexcitability covariations,in particular, maycommonlyexist
in a pairedmanner: JohnHopfield (personalcommunication)
hassuggestedthat covariationsin restingmembranepotential
could leadto pairedcovariationsin both latency andexcitabil-
ity, sincedepolarizedrestingpotentialswould leadto bothhigh
excitabilities andshort latencies,while hyperpolarizedresting
potentialswould leadto both low excitabilitiesandlong laten-
cies. Suchchangesin restingpotentialsmight be inducedby

7Theintegral of thecovariogramis exactlyproportionalto thecovariationin
meanfiring rateswhen EHGI RU�
V and E�GO RU�
V aredefinedto bezerofor timesoutside
trial T (section2), for thepurposeof computingthecovariogram.If this is not
done,theintegralwill includeatermdescribingcovariationsin meanfiring rates
for timessurroundingthetrials. But evenin this case,positive integralsshould
promptinvestigatorsto look at covariationsin meanrates.

variableongoingactivity in thenetwork theneuronsarepartof
(seeArieli etal. 1996).

All covariationswere illustratedhereusingstochasticpro-
cessesthat wereconstantover all the trials of eachsimulated
experiment. Differencesbetweentrials weresimply different
instantiationsof thesamestochasticprocess.Thus,thereis no
sensein whichtheprocessgeneratingthespiketrainsfor Figure
1A (spiketiming) wasany more,or less,stationarythanthoseof
Figure1B or Figure1C(latency andexcitability). Nevertheless,
in biologicalsystems,variationsin latency or excitability would
most likely be dueto slow changesof state,which areindeed
nonstationarities.When Aertsenet al. (1989) mentionedin-
terpretationproblemsassociatedwith excitability covariations,
they phrasedthemasdueto nonstationarities.

As pointedoutby ananonymousreviewer, theinterpretation
problemsdiscussedin this papermaybeseenasa specialcase
of a moregeneralproblem,which is thatof takingthemeanof
a distribution asrepresentative of all thepointsof thedistribu-
tion. Only whenthestandarddeviationof adistributionis much
smallerthan its mean8 can the latter be meaningfullythought
of asrepresentative of theentiredistribution; in biologicalsys-
tems,distributionsareoftenbroadandthisconditionis oftennot
met. For example,thePSTHis definedastheaverageresponse
over a setof trials, but if thereare large variationsin latency
or excitability it is clearlynot representative of eachindividual
trial. Similarly, thecovariogramis definedaveragedover a set
of trials, andshouldnot necessarilybe taken asrepresentative
of interactionsoccurringon eachindividual trial. Investigators
mustinterpretmeanswith care.
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