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Abstract

Peaksin spike train correlogramsare usually taken
asindicative of spike timing synchronizatiobetween
neurons. Strictly speakinghowever, a peakmerely
indicatesthat the two spike trainswerenot indepen-
dent. Two biologically-plausibleways of departing
from independencevhich are capableof generating
peaksvery similarto spike timing peaksaredescribed
here: covariationsover trials in responséatencyand
covariationsover trials in neuronakxcitability. Since
peaksdueto thesenteractionanbe similarto spike
timing peaks,interpretinga correlogrammay be a
problemwith ambiguousolutions.Whatpeakshapes
dolateng or excitability interactiongyenerate®hen
arethey similarto spiketiming peaks2Vhencanthey
beruledout from having causedinobsenedcorrelo-
grampeak?Thesearethequestionaddressetere.A
companiorpapern(Brody, 1998)proposesgjuantitatve
methodgo tell casesapartwhenlateng or excitabil-
ity covariationscannotberuledout.

1

Supposeéhatthe spike trainsof two neuronsyecordedsimulta-
neouslyduring mary identically preparedexperimentaltrials,
have beenobtained. A standardmethodto assesshe pres-
enceof interactionsbetweenthe spike trains — beyond those
expectedby chancegiveneachneurons peri-stimulugtime his-
togram(PSTH) - is to computetheir shufle-correctedcross-
correlogram(Perlel et al., 1967; Palm et al., 1988; Aertsen
etal.,1989). Thenameshufle-correctedcross-corelogramwill
be henceforthabbreviatedto crossceariogram or simply ‘co-
variogram? Peaksin covariogramsare usuallyinterpretedas
signalingthe presencef spike timing synchronizatioetween
the two neurons. Strictly speakinghowever, a peakin a co-
variogrammerely indicatesthat the two spike trainswere not
independentandsynchronizinghe spike timesof thetwo neu-
ronsis only oneof mary possiblewaysto departfrom indepen-
dence.Figurel shavs threevery differentwaysto departfrom
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2Theabbreiation covariogram comesfrom thefactthatthe computatiorof
theshufle-correctedtross-correlograrns exactly analogouso thecomputation
of covariancewhenthe variablesof interestare scalarsatherthanspike trains
(Aertsenetal., 1989;Brody, 1997a).
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Figure 1: 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 y 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.

independencegll of which leadto very similar covariograms.
Despitetheirsimilarity, eachcaseshouldbeinterpretedrery dif-

ferently, bothin termsof themechanism¢hatcouldcauset and
in termsof its functionalsignificance All threetypesof covaria-



tionsillustrated(whichwill becalledspiketiming, or latency or
excitability covariations)arebiologically plausible. Thus,being
awareof thedifferentpossibilitiesanddisambiguatinghem,is
important.

This paperwill explain how latengy andexcitability covari-
ationsleadto a peakin the covariogram(spike timing covaria-
tionshave beentreatedbefore,e.g.Perlel etal. 1967).1n doing
so,thepaperwill alsoexplainunderwhatconditiongtheir peaks
aresimilarto peakscausedy spike timing covariations.Rules
of thumbfor beingalertto the possibility of ambiguousovar
iogramswill be emphasizeda companionpaper(seeBrody,
1998) describeanore quantitatve methods,which attemptto
dispelthe ambiguitywhenit arises. A preliminary versionof
theresultspresentedierehasappearedh abstracform (Brody,
1997b).

2 Notation and correlogram methods

The spike trains of two cellswill be representedby two time-
dependentunctions, Sy (t) and Sz(t). They will be assumed
binnedandcollectedover mary identicallypreparedxperimen-
tal trials, indexedby a superscript. For timesoutsidethe r-th
trial, S7(t) will be definedto be zero,andsimilarly for S5 (t).
Thecross-correlograraf eachtrial is then

Cr(r) = > S;()S5(t+T)

t=—o00

Sres;. (1)

Let () representveragingover trials r, anddefine P;(t) =
(ST (¢)). If spike timesaremeasuredelative to a stimulus,this
isthePSTHof S;. Thecovariogranof S; andS; is thendefined
as

%

(ST —h) o (S —R))
(ST®83) — PO P,.

)

The two termsin equation(2) are known as the raw cross-
correlogram R = (ST ® S5) andthe shufle correctoP K =
P, © P, If S; andS; areindependenthenthe expectedvalue
of V is zero:

E{V} = E{(5]-P)e (S - h)}

E{SI - P} ® E{S} — P,} = 0.

®3)

Therefore,significantdeparturef V' from zeroindicatethat
thetwo cellswerenot independentiegardlesf whatdistribu-
tionsthat.S] andS; weredravn from. Estimatingthe signifi-
canceof departuresf V from 0 requiressomeassumptionsfor

3The shift predictor (Perlel et al., 1967)is very similar to the shufle cor-
rector exceptthat K is replacedby D = (ST ® 5;1(’)), whereII(r) is some
permutatiorof the stimuluspresentations (andthe correspondingubstitution
is madein equation(2)). If differenttrials areindependentf oneanotherthen
the expectedvalue of the shift predictor D is equalto the expectedvalue of
theshufle correctorK . Thusthey areboth estimatorf the samefunction. In
practiceit is preferableéo use K insteadof D sincetheformeris alessnoisyes-
timator: K canbewritten astheaverageof D, takenoverthesetof all possible
permutationdI (Palmetal., 1988).

the null hypothesisjt will be assumedhat S, is independent
of S5, thatdifferenttrials of S; areindependenbf eachother,
andthat differentbins within eachtrial of S; areindependent
of eachother(similar assumptiongor the trials andbins of Sy
will alsobemade).If P;(t) ando?(t) arethemeanandvariance
of ST (t) overtrials r, and Nyajs iS the numberof trials in the
experimentthenthevariancen thenull hypothesidor V is

ot (t) = (07 ® 0} + P} ® 03 + 0} © P)/Nusiats.  (4)

In practice,one usesthe samplemeansand variancesto
calculateo(t); the 20 limits, calculatedin this way, are dis-
playedasdashedinesin the covariogramshroughoutthis pa-
per* While o is a generaimeasuref the spreadof a distribu-
tion, moreassumptionmustbe madein orderto useit to assign
a specificnumberto a significancelimit: e.qg.,if the distribu-
tionis assumedaussiathen2o representthe95%confidence
limit. No particularassumptiomwill bemadehere.

Joint Peristimulus Time Histograms or JPSTHs(Aertsen
et al., 1989), will alsobe used. The unnormalized]PSTHis
amatrix of covariancewith elementsiefinedas

J(t1,ta) = (S7(t1) S5 (t2)) — (S1(t1)) (S3(t2)),  (5)

while thenormalizedJPSTHis a matrix of correlationcoef-
ficientswith elementslefinedas

J(t1,t2)
g1 (t1)0'2 (tz) ’

If S1(t1) andSa(t2) areindependenthenthe expectedval-
uesof J(t1,%2) andJy (t1, t2) arezero.Correlationcoeficients
are boundedwithin [—1,1]. If Jn(t1,t2) = 1, thenSi(t1)
andS,(t2) areperfectlycorrelatedthatis, S;(t1) = a Sa(t2)
for somepositive constanty), while if Jy(t1,t2) = —1, then
S1(t1) andS»(t2) areperfectlyanticorrelatedthatis, S1 (1) =
—a S2(t2)). The JPSTHdisplayedn the figuresof this paper
areall normalized]JPSTHs.

ThecovariogramV’ canbe obtainedrom theunnormalized
JPSTHJ by summingalongt; while keepingr = t; — t; con-
stant.

In(t1,t2) = (6)

3 What covariogram shapesdo latency
and excitability covariations gener
ate?

3.1 Latency covariations

Take theresponsesf two independenbeurons.Sincethey are
independentheir covariogramis zero(within samplingnoise);

4To seethewhereequation(4) comedrom, considetwo independenscalars
z andy with meansp, andp, andvariancess2 and 0'2, respectiely. The
) . ) . 2 5
varianceof theirproductis E{z*} E{y*} — E{z}’ E{y}” = (0 +p3)(op +
p2) — pipl = o020l + piol + o2p2. Equation(4) is analogousThefactor
of Niria1s COMesirom averagingover trials.



hencethe raw cross-correlogramand the shufle correctorare
approximatelhequal:

Vv
Y
covariogram

R
N~
raw x-corr

K
~~
corrector

~0 = K=~R. (7)

Now for eachtrial r, take the response®f both neuronsand
shift both their spike trains,togethey by someamountof time
t" (theshifttimet" shouldbedifferentfor differenttrials). This
typeof interactionbetweertheneuronss dubbecdherealatency
covariation.How will it affectV'?

Let usaskhow it affectseachof thetwo termsof V, thatis,
R and K. Theraw correlogramR will not be affected,since
it only dependson relative spike times betweenthe two neu-
rons(seeequation(1)), andon eachtrial bothspike trainswere
shiftedtogether In contrastthe shufle correctorK will be af-
fected. It is the correlogranmof thetwo PSTHs,andthe PSTHs
arebroadenedby thetemporaljitter introducedby the shiftst".
ThusK is broadetthanbeforethelateng shifts. Sincethetotal
numberof spikesremainsthe same the integral of the PSTHs
will not have changed;the integral of K, too, will not have
changed.ln summarythe lateny shiftswill make K broadey
andthereforeshallover, while having no effecton R. PanelA
of Figure 2 shawvs a schematioof how subtractingthe broad-
ened,shalloved, K from R leavesa peakin R outstandingn
V. The peakis flanked by slight negative dips. The mostim-
portantpointto noticeaboutthis schematigs thatthewidth and
shapeof the peakin V' is largely determinedby the width and
shapeof thepeakin R.

Unlesgthelateng shiftsareverylarge,thewidth of thepeak
in R, and hencein V', will be smallerbut of the sameorder
of magnitudeasthe width of the peakin K, which in turnis
determinedby the width of peaksin the cell’'s PSTHs. Panels
B—F in Figure 2 shav a numericalexperimentillustrating la-
teng covariations. The covariogrampeakwidth is ~ 50 ms,
while PSTH peak widths are ~ 100 ms. For the simple
Poisson-like processessedhere,andfor symmetricakells,the
autacovariogramsof eachcell (panelsE andF) have a shape
similarto the crossovariogramof thetwo cells(panelC).

3.2 Excitability covariations

Consideracell whoseresponseanbe characterizedsthe sum
of a stimulus-inducedesponseplus a backgroundiring rate.
Let uswrite this in termsof firing rates as

+ ("B

¢"Z(t)
——r N~
Stimulus-induced Background

F(t)

N——~
Firing rateduringtrial r

(8)

HereZ(t) is thetypical stimulus-inducediring rate,B is acon-
stantfunction over the time of a trial, representinghe typical

5Thedescriptiongivenin equation(8) amountgto describingthe cell with a
generatie model;but all thatis beingspecifiedaboutthe modelis the expected
value of its responseon eachtrial. Thus,if M"(t) is the models response
duringtrial 7, thenF'" (t) = E{M™"(t)}. Notethattheexpectatiorhereis not
taken acrosstrials, but is the expectedresponseor a singletrial. Think of this
asfixing the models parametersit valuesappropriatédor trial , andaveraging
over mary runsof themodelatthoseparameters.
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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
PSTHSs 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 (100Hz) exp((t — 100)?/(2 - 40%)) for ¢ > 100,
zero otherwise, with ¢ in milliseconds. After the time shifts, in-
dependent events at a rate of 10 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 (= = 0), which for auto-
covariograms is much larger than any other, has been arbitrarily
set to zero here for display purposes.

backgroundiring rate,andtwo “gain” factors(" andg", have
beenincludedto represenpossiblechangesn the stateof the
cell (e.g. changesver trials in the restingpotentialof the cell



(CarandiniandFerster1997)). The gainfactors¢™ and 8" will

ogramV ? In whatfollows, write the covarianceof two scalars

beallowedto bedifferentfor differenttrials. Two assumptions a andb ascov(a,b) = (ab) — {(a)(b), anddropthe superscripts

arebeingmadehere: (1) statechangesresloverthanthetime
of asingletrial; (2) the greateseffect of statechangess onthe
magnitudeof thebackgroundindstimulus-inducedates noton
theirtemporalkshape Theseassumptionallow factoringoutthe
effect of statechangesnto the scalargainfactors(”™ andg".
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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 ¢; and {» (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 PSTHSs of the two cells. [Details:
Z:(t) and Z»(t) were both set to be, before multiplying by the
gains, (70 Hz) - ((t — 70)/30) - exp((100 — ¢)/30) if ¢ > 70, zero
otherwise, with ¢ in milliseconds. After multiplying by the gain,
a constant rate (same for all trials) of 35 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 PSTHSs. 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 Z; ©® Z5, 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 (7 = 0) has been set to zero for display purposes.

Now take two cells,indexed by the subscriptsl and2, with
responsesharacterizedsin equation(8). Supposeheir only
interactionis through their gain parameters. This has been
dubbedherean excitability covariation. What s their covari-

r for legibility. Usingequationg2) and(8), andthefactthatthe
gainparametergactorout,

amplitude  shape

—_——— ——
V = cov(C1,C2) Z1 ® Za +cov((i, B2) Z1 © Ba +

COV(ﬂl, Cz) By ® Zy + COV([)’l, ,62) B ® B,. (9)
Similarly, the JPSTH(beforenormalization)s
J(t1,t2) = cov(C,C2) Z1(t1) Za(t2) +
cov((1,B2) Z1(t1)Ba +
cov(B1,C2) B1Zx(t2) +
cov(f1, B2) By Bs, (10)

wherethetime-dependencef B, and B, hasbeendropped
from the notationsincethey areconstanfunctions.

Whenthe stimulus-inducediring rateis muchgreaterthan
the backgroundiring rate, the first termin equation(9) is the
dominantone. The shapeof V' will thenbegivenby Z; & Z,
(in this limiting case thisis alsothe shapeof the correctork,
whichhasawidth determinedy thewidth of peaksn thecell's
PSTHs)while theamplitudeof V" will begivenby cov((i, ().
A similar point hasbeenmadeby Friston(1995),whosework
will be discussedurtherin a companionpaper(Brody 1998;
seealsoVaadiaet al. 1995). Figure 3 shavs a numericalex-
perimentillustrating excitability covariations. For the simple
Poisson-lile processesisedhere, and for symmetricalcells,
the autacovariogramsof the cells (panelD) are similar to the
crosgovariogram(panelB), muchaswasthe casewith lateng
covariations(Figure?2).

An easily computableand tell-tale measureof excitability
covariationsis theintegral (i.e. sum)of the covariogram since
it is proportionalto the covariationin the meanfiring ratesof
thetwo cells: Y~ _V(7r) = cov(nf,n}), wheren] is the total
numberof spikesfired by cell i duringtrial r. For completeness,
theprooffollows:

> cr(n) S Y Si@)S5t+7)

T=—00 T=—00 t=—00
= ) Si(p)Ss(q)
= Y Si D Si(a)
= ninj. (11)
Thus }°_R(r) = (nin}). Similarly, > K(r) =

(n7)¥{n}%). Hence

Y V(1) = (nins) — (n])(n}) = cov(n,n2) (12)



3.3 Spiketiming covariations

Figure 4 shavs a numericalexperimentillustrating spike tim-
ing covariations. Threemajor pointsin comparisorto lateng
andexcitability covariationsarethat: (1) for thesimplePoisson-
like processessedhere,wheretherewasno burstinessandthe
spike timing interactionwas betweenindividual spikes of the
two cells, the autacovariogramsare flat and not at all similar
to the crossovariogramof thetwo cells. Thisis in contrastto
the lateng or excitability covariationscasesandallows using
the autocawvariogramsasa first testto distinguishspike timing
from latenq or excitability covariations.(2) While lateng and
excitability covariationsinvolve coordinationbetweenasllittle
asa singleparametepof the two cells on eachtrial (overall la-
teng in onecase,gainin the other), spike timing covariations
will typically involve coordinatiorbetweemary parametersn
eachtrial (mary individualspike times).(3) Givenarbitrarynet-
work connectvities, spike timing covariogramshapesremuch
morearbitrarythanlatengy or excitability covariogramshapes.
In particularwhile thelatteraretiedto theshape®f the PSTHs,
theformerarenot.

4 Discussion

Peaksn spiketraincovariogramsaretypically interpretecasev-
idenceof spike timing synchronizationbut otherwaysto depart
from independenceangenerateovariogrampeaksvery simi-
lar to spike synchronizatiorpeaks. Two suchdeparturedave
beendescribedhere: covariationsin the latencyof response;
andcovariationsin the excitability of responseBoth arelikely
to befoundin biological systemsThis raisesthe possibility of
covariogramsawhich admit multiple, extremelydifferent,inter-
pretationsaninterpretatiorproblemwhichmustbesolved. The
first stepin solvingit is to beawareof underwhatconditionsin-
terpretationahmbiguitymay arise(and,concomitantlywhenit
canberuledout). Contributing to this hasbeenthe mainobjec-
tive of this paper The secondstepis to resole the ambiguity
whenit is presentsomequantitatve methodsfor doing so are
proposedn the companionpaper(Brody 1998; seealso Fris-
ton 1995andVaadiaet al. 1995). Thatexcitability covariations
could generatea peakin a JPSTHwas a possibility raisedby
Aertsenetal. (1989),but they did not studythe shapeor magni-
tudeof sucha peak.Friston(1995;seealsoVaadiaetal. 1995)
hasdescribedxcitability covariationsin moredetail; similari-
ties anddifferencedbetweenFristons work andthat presented
herearediscussedh thecompaniorpaper(Brody 1998).

Threerulesof thumb,for beingalertto whetherlateng or
excitability covariationscouldbepresentn acovariogrammay
be gleanedrom the examplesandresultsof 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-locled component’(in additionto backgroundiring

8if the variationsin the gain factorsbalanceout (thatis, if (¢") = 0), 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 (70 Hz) exp(—(t — 100)2/(2-302)), 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 (= = 0) 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).
Lateny peaksdependon R, theraw correlogrampeakwidth,
which in turn dependsn the characteristiavidth of the cells’
responseseeFigure?). KenBritten (personatommunication)
hassuggestedstimatinghecharacteristigvidth of thecells’ re-
sponsedrom the autocowariogramsnsteadof the PSTHs. This
leadsto rule of thumb#2:

Rule of thumb#2: Latency and excitability covariations
generate autocovariogram peaks that are similar to the
crosscovariogram peaks. While spike timing covariationsmay
exist without affecting the cells’ autocwariogramsJateng or

1995).

Average counts

Average counts



excitability covariationsadd a contrikbution to the autocwari-

ogramthat is similar to their contribution to the crosscoar

iogram. This was shavn here with Poisson-lile, non-tursty
modelcells. Thestatementemaingrueif bothcellsareequally
bursty But if the cells are not symmetric(e.g. oneis bursty
but the otheris not), the comparisorbetweerauto—andcross—
covariogramswill nolongerbestraightforvard.

Ruleofthumb#3: Theintegral (i.e. sum)of a covariogram
is directly proportional to the covariation in the mean fir-
ing rates of the neurons (equation 12). Sincetheintegral can
be quickly estimatedby eye, this measureshouldbe in every
covariogram-usingieurophysiologisg breastpocket.” Large
positive covariogramintegrals indicate that the datawas col-
lectedfrom trials with large positive covariationsin their fir-
ing rates(implying the presencef an excitability covariations
component)andsuggestimportantchange®f stateduringthe
experiment.Examplesof covariogramswith large positive 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 covariationsasillustratedin Figure4, canalso
generatgositive covariogramintegrals(commoninput canlead
to spike timing coincidencesbut canalsoleadto covariations
in the numberof spikesfired). However, in the spike timing
casetheintegral,if positive,will oftenbesmall,sincethewidth
of the peakcanbe very thin and unrelatedto the width of the
PSTH.Thus,the mosttell-tale situationoccurswhenthe inte-
gral is positive and the correlogrampeakwidth is of the same
orderof magnitudeasthe PSTHpeakwidths. A straightforvard
methodto determinewhetherthe PSTHscanmatchthe correl-
ogrampeakin this senseis presentedn (Brody, 1998). (On
the otherhand,for examplesof positive covariogramintegrals
clearly not causedby excitability covariations,seeTso et al.
1986.)

If ary of thethreerulesof thumbsuggestherecouldbeim-
portantlateng or excitability contributionsto a covariogram,
care shouldbe taken before concludingthat obsered covari-
ogrampeaksaredueto spike synchronization.

Further considerations

Thethreetypesof covariationghathave beenexaminechere
are neitherexhaustve nor exclusive. Othertypesof departure
from independencalsoexist. Spike timing covariationsmay
coexist with lateng and/orexcitability covariationsandlatengy
andexcitability covariations,n particulay maycommonlyexist
in a pairedmanner: JohnHopfield (personalcommunication)
hassuggestedhat covariationsin restingmembranepotential
couldleadto pairedcovariationsin both lateny andexcitabil-
ity, sincedepolarizedestingpotentialsnvould leadto both high
excitabilities and shortlatencies,while hyperpolarizedesting
potentialswould leadto bothlow excitabilitiesandlong laten-
cies. Suchchangedn restingpotentialsmight be inducedby

"Theintegral of the covariogramis exactly proportionalo the covariationin
mearfiring rateswhenS7 (t) andS} (t) aredefinedio bezerofor timesoutside
trial » (section2), for the purposeof computingthe covariogram.If this is not
done theintegralwill includeatermdescribingcovariationsin mearfiring rates
for timessurroundinghetrials. But evenin this case positive integralsshould
promptinvestigatorgo look at covariationsin mearnrates.

variableongoingactvity in the network the neuronsarepartof
(se€Arieli etal. 1996).

All covariationswereillustratedhereusing stochastiqro-
cesseghat were constantover all the trials of eachsimulated
experiment. Differencesbetweentrials were simply different
instantiationof the samestochastiqrocess.Thus,thereis no
senseén whichtheprocesgeneratinghespike trainsfor Figure
1A (spiketiming) wasary more,or less stationarnthanthoseof
FigurelB or Figure1C (lateng andexcitability). Nevertheless,
in biologicalsystemsyariationsin lateng or excitability would
mostlikely be dueto slov change®f state,which areindeed
nonstationarities. When Aertsenet al. (1989) mentionedin-
terpretationproblemsassociatedvith excitability covariations,
they phrasedhemasdueto nonstationarities.

As pointedoutby ananorymousreviewer, theinterpretation
problemsdiscussedn this papermay be seenasa specialcase
of amoregeneralproblem,which s that of takingthe meanof
adistribution asrepresentatie of all the pointsof the distribu-
tion. Only whenthestandardieviation of a distributionis much
smallerthanits mearf canthe latter be meaningfullythought
of asrepresentatie of the entiredistribution; in biological sys-
tems distributionsareoftenbroadandthis conditionis oftennot
met. For example,the PSTHis definedasthe averageresponse
over a setof trials, but if thereare large variationsin lateny
or excitability it is clearly not representatie of eachindividual
trial. Similarly, the covariogramis definedaveragedover a set
of trials, and shouldnot necessaril\be taken asrepresentatie
of interactionsoccurringon eachindividualtrial. Investigators
mustinterpretmeanswith care.
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