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Abstract

How docorticalneuronsrepresent theacousticenvironment?Thisques-
tion is oftenaddressedby probing with simplestimuli suchasclicks or
tonepips.Suchstimuli have theadvantageof yieldingeasilyinterpreted
answers,but havethedisadvantagethatthey mayfail touncovercomplex
or higher-order neuronalresponseproperties.
Herewe adoptanalternativeapproach,probingneuronal responseswith
complex acousticstimuli, including animalvocalizations andmusic.We
haveusedin vivo wholecell methods in therat auditory cortex to record
subthresholdmembranepotential fluctuations elicited by thesestimuli.
Whole cell recording reveals the total synapticinput to a neuron from
all theotherneuronsin thecircuit, insteadof just its output—asparsebi-
naryspiketrain—asin conventionalsingleunit physiologicalrecordings.
Wholecell recording thusprovidesa muchrichersourceof information
about theneuron’s response.
Many neurons responded robustly and reliably to the complex stimuli
in our ensemble. Herewe analyzethe linear component—the spectro-
temporal receptivefield (STRF)—ofthe transformationfrom thesound
(asrepresentedby its time-varying spectrogram) to the neuron’s mem-
brane potential. We find that the STRFhasa rich dynamical structure,
including excitatory regionspositionedin general accordwith thepredic-
tion of thesimpletuning curve. Wealsofind thatin many cases,muchof
theneuron’s response,althoughdeterministically relatedto thestimulus,
cannot bepredictedby thelinearcomponent,indicatingthepresence of
as-yet-uncharacterizednonlinearresponseproperties.

1 Intr oduction

In their naturalenvironment, animalsencounter highly complex, dynamically changing
stimuli. The auditory cortex evolved to processsuchcomplex sounds. To investigatea
systemin its normalmodeof operation, it thereforeseemsreasonableto usenatural stimuli.

Thelinearresponseof anauditory neuroncanbedescribed in termsof its spectro-temporal
receptive field (STRF).The cortical STRF hasbeenestimatedusinga variety of stimu-



lus ensembles1, including tonepips [1] anddynamic ripples[2]. However, while natural
stimuli have long beenusedto probecorticalresponses[3, 4], andhave beenwidely used
in otherpreparationsto computeSTRFs[5], they have only rarelybeenusedto compute
STRFsfrom corticalneurons[6].

Herewe presentestimatesof theSTRFusingin vivowholecell recording. Becausewhole
cell recording measuresthe total synapticinput to a neuron, ratherthanjust its output—
a sparsebinary spike train—asin conventional singleunit physiologicalrecordings, this
techniqueprovidesa muchrichersourceof informationabouttheneuron’s response.

Whole cell recording alsohasa different samplingbias from conventionalextracellular
recording: insteadof recording from active neuronswith large actionpotentials (i.e. those
that aremost easily isolatedon the electrode), whole cell recording selectsfor neurons
solelyon thebasisof theexperimenter’s ability to form a gigaohmseal.

Usingthesenovel methods,we investigatedthecomputationsperformedby singleneurons
in theauditory cortex A1 of rats.

2 Spike responsesand subthreshold activity

Wefirstusedcell-attachedmethodstoobtainwell-isolatedsingleunit recordings.Wefound
thatmany cellsin auditory cortex respondedonlyveryrarelyto thenaturalstimulusensem-
ble,makingit difficult to characterizetheneuron’sinput-outputrelationshipeffectively. An
example of this problem is shown in Fig. 1(b) wherea naturalstimulus(here, thecall of a
nightingale)leadsto anaverage of aboutfive spikesduringtheeight-second-long presen-
tation. Suchsparseresponsesarenot surprising, sinceit is well known thatmany cortical
neuronsareselective for stimulustransients[7, 8].

Oneway to circumvent this difficulty is to presentstimuli thatelicit high firing rates.For
example, usingdynamic ripple stimuli, an STRF canbe constructed with about ���������	�
spikescollectedover 
�� minutes(averagefiring rateof approximately � spikes/second,or
about ��� -fold higherthantherateelicitedby thenatural stimulusin Fig. 1(b)) [9]. How-
ever, suchstimuli have, by design,a simplecorrelationalstructure,andtherefore preclude
theinvestigation of nonlinearresponsepropertiesdrivenby higher-orderstimuluscharac-
teristics.

We have therefore adoptedanalternative approachbasedon in vivo wholecell recording,
exploiting the fact thatalthoughtheseneurons spike only rarely, they featurestrongsub-
threshold activity. A setof subthreshold voltagetraces,obtainedby awhole-cell recording
wherespikeswereblocked (only in the neuron beingrecorded from) with the intracellu-
lar sodiumchannel blocker QX-314 (seeMethods), is shown in Fig. 1(c). The responses
featurerobuststimulus-lockedfluctuationsof membranepotential,aswell assomespon-
taneous activity. Both thespontaneousandstimulus-lockedvoltagefluctuationsaredueto
thesynchronous arrival of many excitatory postsynapticpotentials(EPSPs).(Note that if
spikeshadnotbeenblockedpharmacologically, someof thelargerEPSPswouldhavetrig-
geredspikes).Not only dothesewholecell recordingsavoid theproblemof sparsespiking
responses,they alsoprovide insight into the computationsperformedby the input to the
neuron’s spikegeneratingmechanism.

1Becausecorticalneuronsrespondpoorly to white noise,this stimulushasnot beenusedto esti-
matecorticalSTRFs.
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Figure1: (a) Spectrogramof thesongof a nightingale. (b) Spike rasterplotsrecorded in
cell-attachedmode during tenrepetitionsof thenightingalesongfrom a singleneuron in
auditory cortex A1. (c) Voltagetracesrecordedin whole-cell-modeduring tenrepetitions
from another neuron in A1.

3 Reliability of responses

A key step in the characterization of the neuron’s responses is the separationof the
stimulus-lockedactivity from the stimulus-independentactivity (“background noise”). A
sampleaverage traceis comparedwith asingletrial in Fig. 2(a).

To quantify the amount of stimulus-locked activity, we computedthe coherencefunction
betweena singleresponsetraceandtheaverageover theremaining traces.Thecoherence
measuresthefrequency-resolvedcorrelation of two time series.This function is shown in
Fig. 2b for responsesto several natural stimuli from the samecell. Thecoherence func-
tion demonstratesthat the stimulus-dependent activity is confined to lower frequencies
( ��
�� Hz). Note that the coherencefunction providesmerelyan average over the com-
pletetrace; in reality, the coherencecanlocally be muchhigher(whenall tracesfeature
thesamestimulus-lockedexcursionin membranepotential)or muchlower (for instancein
the absenceof stimulus-locked activity). On average, however, the coherence is approx-
imately the samefor all the naturalstimuli presented, indicating that all stimuli feature
approximatelythesamelevel of background activity.
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Figure2: (a) Meanresponsecomparedto singletrial for a natural stimulus(jaguarmating
call). (b) Coherencefunctionsbetweenmeanresponseandsingletrial for different stimuli.
All natural stimuli yield approximatelythesamerelationbetweensignalandnoise.

4 Spectr o-temporal receptive field

Having establishedthe meanover trials asa reliableestimateof the stimulus-dependent
activity, we next sought to understandthecomputationsperformedby theneurons.

To mimic thecochlear transform, it hasprovenusefulto describe thestimulusin thetime-
frequency domain[2]. Discretizingboth time and frequency, we describethe stimulus
power in the � -th time bin ��� andthe � -th frequency bin ��� by ��������������� . To compute the
time-frequency representation,we usedthespectrogrammethodwhich requiresa certain
choicefor the time-frequency tradeoff [10]; several choiceswereusedindependently of
eachother, essentiallyyielding thesameresults.In all cases,stimuluspower is measured
in logarithmic units.

Thesimplestandmostwidely usedmodel is a linear transform betweenthe stimulus(as
representedby thespectrogram)andtheresponse,givenby theformula 

est�!� � �#"  %$'&)( *�+ �-, �!� * �.� � ���	�!� �0/ � * �.� � � (1)

where  $ is a constantoffsetandtheparameters , ��� * �.����� representthespectro-temporal
receptive field (STRF) of the neuron. Note, though, that the response is usually taken
to be the average firing rate[2, 11]; herethe responseis given by the subthreshold volt-
agetrace. The parameters can be fitted by minimizing the mean-square error between
themeasuredresponse  ����� andtheestimatedresponse  est����� . This problem is solvedby
multi-dimensionallinearregression.

However, adirect,“naive” estimateasobtainedby thesolutionto theregressionequations,
will usually fail sincethe stimulusdoesnot properly sampleall dimensions in stimulus
space.In general, this leadsto strongoverfitting of the poorly sampleddimensions and
poorpredictive power of themodel. Theoverfitting canbeseenin thenoisystructureof
theSTRFshown in Fig. 3(a).

A simplealternative is to penalizethe improperly sampleddirections which canbe done
usingridge regression[12]. Ridgeregressionminimizesthe mean-square-error between
measuredandestimatedresponsewhile placinga constrainton thesumof the regression
coefficients. Choosingtheconstraintsuchthat thepredictive power of themodel is max-
imized, we obtained the STRF shown in Fig. 3(b). Note that ridge regressionoperates
on all coefficients uniformly (ie the constraintis global), so that observed smoothnessin
the estimatedSTRFrepresents structure in the data;no local smoothnessconstraintwas
applied.
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Figure3: (a)Naive estimateof theSTRFvia linearregression.Darker pixels denote time-
frequency binswith higher power. (b) Estimateof theSTRFvia ridge regression.

TheSTRFdisplaystheneuron’sfrequency-sensitivity, centeredaround 800–1600Hz. This
rangeof frequenciesmatchestheneuron’s tuningcurvewhich is measuredwith shortsine
tones. The STRF suggeststhat the neuron essentiallyintegratesfrequencieswithin this
rangeanda time constant of about100ms. Thesetypesof computationshave beenprevi-
ouslyreportedfor neuronsin auditory cortex [1, 2].

4.1 Spectralanalysisof error

How well doesthesimplelinearmodelpredictthesubthresholdresponses?To assessthe
predictivepower of themodel, theSTRFwasestimatedfrom dataobtained for tendifferent
natural stimuli andthentestedon aneleventh stimulus. A sampleprediction is shown in
Fig. 4(a). While thepredictedtraceroughly capturestheoccurrenceof theEPSPs,it fails
to predict their overall shape.This observation canbe quantifiedby spectrallyresolving
the prediction success.For that purpose,we againusedthe coherencefunction which
measuresthe correlationbetweenthe actualresponseandthe predicted responseat each
frequency. This function is shown in Fig. 4(b). Clearly, the model fails to predictany
response fluctuations fasterthan 132 Hz. As a comparison, recall that the response is
reliableup to about 
	� Hz (Fig. 2).
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Figure4: (a)Meanresponseandprediction for anatural stimulus(jaguarmatingcall). The
STRFcapturesthegrossfeatures of the response,but not the fine details. (b) Coherence
function betweenmeasured andpredictedresponse.
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Figure5: SquaredCorrelationcoefficients betweenthe meanof the measuredresponses
andthe predictedresponse.Linear prediction with the STRFis moreeffective for some
stimuli thanothers.

4.2 Err ors acrossstimuli

Someof thenaturalstimuli elicitedhighly reliableresponsesthatwerenot at all predicted
by theSTRF, seeFig. 5. In fact,theexample shown in Fig. 4 is oneof thebestpredictions
achieved by themodel. Thefailureto predicttheresponsesof somestimuli cannot beat-
tributedto theabsenceof stimulus-lockedactivity; asthecoherencefunctions in Fig. 2(a)
have shown, all stimuli feature approximately thesameproportionof stimulus-lockedac-
tivity to noise.Rather, suchresponsesindicateahighdegreeof nonlinearity thatdominates
theresponseto somestimuli. Thisobservation is in accordwith previouswork onneurons
in theauditory forebrainof zebrafinches[11], whereneuronsshow ahighdegreeof feature
selectivity.

The nonlinearitiesseenin subthresholdresponsesof A1 neuronscanpartly be attributed
to adaptation, to interactionsbetweenfrequencies[13, 14], andalsoto off-responses2. In
general, the linear modelperformsbestif the stimuli areslowly modulatedin both time
andfrequency.

5 Discussion

We have usedwholecell patchclampmethodsin vivo to recordsubthresholdmembrane
potential fluctuations elicitedby naturalsounds. Subthresholdresponseswerereliableand
(in contrastto thesuprathresholdspikingresponses)sufficiently rich androbust to permit
rapidandefficient estimationof the linearpredictor of theneuron’s response(theSTRF).
Thepresentmanuscript represents thefirst analysisof subthresholdresponseselicitedby
natural stimuli in thecortex, or to ourknowledgein any system.

STRFsestimatedfrom natural sounds were in generalagreement, with respectto gross
characteristicssuchasfrequency tuning, with thoseobtaineddirectly from puretonepips.
TheSTRFsfrom complex sounds,however, provideda much morecompleteview of the
neuron’s dynamics, so that it waspossibleto compare the predicted andexperimentally
measuredresponses.

In many casestheprediction waspoor (cf. Fig. 6), indicatingstrongnonlinearities in the
neuron’s responses. Thesenonlinearitiesinclude adaptation, two-toneinteractions,and

2Off-responses areexcitatoryresponsesthatoccurat theterminationof stimuli in someneurons.
Becausethey have the samesign asthe on-response,they representa form of rectifying nonlinear-
ity. Furthercomplicationsarisebecauseon- andoff-responsesinteract,depending on their spectro-
temporalrelations[14].
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Figure6: Summaryfigure. Altogether 45"6��� cells wererecordedin whole cell mode.
Shown arethesquaredcorrelation coefficients, averagedover all stimuli for a givencell.
For many cells, the linearmodelworkedratherpoorly asindicatedby low crosscorrela-
tions.

off-responses.Explaining thesenonlinearitiesrepresents an exciting challenge for future
research.

6 Methods

Sprague-Dawley rats(p18-21) wereanesthetized with ketamine(30mg/kg) andmedetomi-
dine(0.24 mg/kg). Wholecell recordingsandsingleunit recordingsweremadewith glass
microelectrodes( 7 / 
 M 8 ) from primary auditory cortex (A1) usingstandardmethods
appropriatelymodified for the in vivo preparation.During wholecell recordings,sodium
actionpotentials wereblockedusingthesodiumchannel blockerQX-314.

All natural soundsweretakenfrom anaudioCD, sampledat44,100 Hz. Animal vocaliza-
tionswerefrom “The Diversityof Animal Sounds,” availablefrom theCornellLaboratory
of Ornithology. Additional stimuli includedpure tonesand white noiseburstswith 25
msdurationand5 msramp(sampledat 97.656 kHz), andPurpleHazeby Jimi Hendrix.
Sounds were delivered by a TDT RP2 at 97.656 kHz to a calibratedTDT electrostatic
speakerandpresentedfreefield in a double-walledsoundbooth.
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