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Abstract

How do corticalneuonsrepresehthe acousticervironment?This ques-
tion is oftenaddessedoy proling with simplestimuli suchasclicks or
tonepips. Suchstimuli have the advartageof yielding easilyinterpreted
answersbhut have thedisadwartagethatthey mayfail to uncovercomple
or higher-orde neuobnalresposepropeties.

Herewe adoptanalternatve apprach,probing neuramal respamseswith

compex acousticstimuli, including animalvocalizatiors andmusic.We
have usedin vivo wholecell method in therat auditay cortex to record
subthesholdmembranepotertial fluctuatiors elicited by thesestimuli.

Whole cell recading reveals the total synapticinput to a neura from

all theotherneuonsin thecircuit, insteadof justits output—asparsebi-

naryspike train—asin corventionalsingleunit physiologicalrecodings.
Whole cell recording thusprovidesa muchrichersourceof information
abou theneurav'sresporse.

Many neurors responed rohustly and reliably to the comgex stimuli

in our ensemle. Herewe analyzethe linear commneri—the spectp-

tempoal receptivefield (STRF)—ofthe transfomationfrom the sound
(asrepresentedy its time-varying spectrogam) to the neuon’s mem-
brare poterial. We find thatthe STRFhasa rich dynamcal structure
includng excitatay regionspositioredin geneal accordwith thepredic

tion of thesimpletuning curve. We alsofind thatin mary casesmuchof

theneuran’'sresponseglthowgh deterninistically relatedto the stimulus,
canna be predcted by the linearcomponent,indicatingthe presene of

as-yet-uncharaterizednonlinearresponseroperties.

1 Intr oduction

In their naturalervironment, animalsencaunter highly comple, dynanically charging
stimuli. The auditoy cortex evolved to processsuchcompgex sounds. To investigatea
systemin its normalmock of operdion, it therebreseemgeasoableto usenatual stimuli.

Thelinearresposeof anauditoly neuon canbedescribe in termsof its spectro-teroral
receptve field (STRF). The corticd STRF hasbeenestimatedusing a variety of stimu-



lus ensemble’s including tonepips [1] anddynanic ripples[2]. However, while natural
stimuli have long beenusedto probecorticalresponse§3, 4], andhave beenwidely used
in otherprepaationsto conpute STRFs[5], they have only rarely beenusedto compue
STRFsfrom corticalneurans|[6].

Herewe presenestimate®f the STRFusingin vivowholecell recoding. Becausevhole
cell recording measureshe total synapticinput to a neuran, ratherthanjust its output—
a sparsebinary spike train—asin corventioral single unit physiologicalrecordngs, this
techniaqie providesa muchrichersourceof informationaboutthe neuon’sresponse.

Whole cell recoding also hasa different samplingbias from conventionalextracelluar
recordng: insteadof recordng from active neuonswith large actionpoteriials (i.e. those
that are most easily isolatedon the electroa), whole cell recoding selectsfor neurams
solelyonthebasisof the expeimenters ability to form agigadim seal.

Usingthesenovel methals,we investigatedthe compuationsperfomedby singleneurams
in theaudtory cortex Al of rats.

2 Spikeresponsesand subthrestold activity

Wefirst usedcell-attacledmethalsto obtainwell-isolatedsingleunitrecordngs. We found
thatmary cellsin auditay cortex respoledonly veryrarelyto thenaturalstimulusensem-
ble, makingit difficult to charaterizetheneuran’sinput-autputrelationshipeffectively. An
exampe of this prodem s shavn in Fig. 1(b) wherea naturalstimulus(here, the call of a
nightingale)leadsto anaverage of aboutfive spikesduringthe eight-secad-lorg presen
tation. Suchsparsaespmsesarenot surprising sinceit is well known thatmary cortical
neurmsareselectve for stimulustransientg7, 8].

Oneway to circumventthis difficulty is to presenstimuli thatelicit high firing rates. For
exampge, using dynamic ripple stimuli, an STRF canbe construted with abait 10,000
spikescollectedover 20 minutes(averagefiring rateof appoximately8 spikes/secondor
abou 10-fold higherthantherateelicited by the natual stimulusin Fig. 1(b)) [9]. How-
ever, suchstimuli have, by design,a simplecorrelationalstructue, andtherefae preclud
the investigdion of nonlinearrespmseproypertiesdriven by higherorderstimuluschara-
teristics.

We have therefae adoptedan alternatve appioachbasedonin vivo whole cell recordng,
exploiting the factthat althoughtheseneuras spike only rarely they featurestrongsub-
threshdd actity. A setof subthreshid voltagetracespbtanedby awholecell recoding
wherespikeswereblocked (only in the neuon beingrecorded from) with the intracellu
lar sodiumchanné blocker QX-314 (seeMethod$, is shavn in Fig. 1(c). Theresponses
featurerohust stimulus-locled fluctuations of membranepotential,aswell assomespon
taneos activity. Both the spontaneosandstimulus-locledvoltagefluctuaticms aredueto
the synchonots arrival of mary excitatoly postsynaptipotentials(EPSPs).(Note that if
spikeshadnotbeenblocked pharnacologically someof thelargerEPSPsvould have trig-
geredspikes).Not only do thesewholecell recordngsavoid the prodem of sparsespiking
resposes,they alsoprovide insightinto the compuationsperfamedby the input to the
neura’s spike geneatingmecharsm.

!Becauseortical neuronsrespondpoorly to white noise, this stimulushasnot beenusedto esti-
matecortical STRFs.
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Figurel: (a) Spectrgramof the songof a nightingale. (b) Spike rasterplotsrecorde in
cell-attachednode duringtenrepetitionsof the nightingalesongfrom a singleneura in
auditol cortex Al. (c) Voltagetracesrecadedin whole-cell-modeduring ten repetitions
from anothe neuonin Al.

3 Reliability of responses

A key stepin the characteazation of the neuran’s resposesis the separationof the
stimulus-locled activity from the stimulus-irdepenéntactivity (“backgourd noise”) A
sampleaverage traceis compaedwith asingletrial in Fig. 2(a).

To quantify the amouwnt of stimulus-lo&ed actiity, we computedthe coheencefunction

betweera singleresponséraceandthe averageover theremainng traces.The coterence
measureshe frequeng/-resohed correlatian of two time series.This function is shavnin

Fig. 2b for respomsesto several natual stimuli from the samecell. The coherere func-

tion demastratesthat the stimulus-eépenden actiity is confired to lower frequencies
(0 Hz). Notethatthe coheracefunction provides merelyan averag over the com-
pletetrace;in reality, the coher@ce canlocally be muchhigher(whenall tracesfeatue

the samestimulus-locled excursionin membanepotential)or muchlower (for instancen

the absencef stimulus-laked actiity). On averaye, however, the coherege is appiox-

imately the samefor all the naturalstimuli presentedindicating that all stimuli featue
apprximatelythe sameevel of baclgrourd activity.
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Figure2: (a) Meanresposecompaedto singletrial for a natual stimulus(jaguarmating
call). (b) Cohererefunctiors betweermeanresponsandsingletrial for different stimuli.
All natual stimuli yield apprximatelythe samerelationbetweersignalandnoise.

4 Spedro-temporal receptve field

Having establishedhe meanover trials asa reliable estimateof the stimulus-e&pendat
activity, we next sough to understandhe computationsperfamedby the neuons.

To mimic the cochlear transform it hasprovenusefulto descrile the stimulusin thetime-
frequengy domain[2]. Discretizingboth time and frequeng, we describethe stimulus
power in the -thtime bin andthe -th frequeng/ bin by , . Tocompue the
time-frequeny representationye usedthe spectrogam methodwhich requilesa certain
choicefor the time-frequengy tradedf [10]; several choiceswere usedindepeiently of
eachother essentiallyyielding the sameresults.In all casesstimuluspower is measurd
in logarithmic units.

The simplestandmostwidely usedmocel is a linear transfom betweerthe stimulus(as
represetedby the spectrogam)andtherespose,givenby theformula

est ) ) (1)

where is aconstanbffsetandthe parametes , representthe spectro-temoral
receptie field (STRF) of the neuon. Note, thoudh, that the respomse is usually taken
to be the average firing rate[2, 11]; heretheresponsaés given by the subthreshial volt-
agetrace. The parametes can be fitted by minimizing the mean-sqare erra between
the measuedrespoise andthe estimatedespoise o5 . This prodemis solvedby
multi-dimensionalinearregression

However, adirect,“naive’” estimateasobtainedy the solutionto theregressiorequatims,
will usuallyfail sincethe stimulusdoesnot properly sampleall dimensios in stimulus
space.In gereral, this leadsto strongoverfitting of the pooly sampleddimensios and
poor predctive power of themodé. The overfitting canbe seenin the noisy structureof
the STRFshawvn in Fig. 3(a).

A simplealternatve is to penalizethe impraperly sampleddirectiors which canbe dore
usingridge regression[12]. Ridge regressionminimizesthe meansquare-aor between
measuredndestimatedespmsewhile placinga constrainton the sumof the regression
coeficients. Choosingthe constraintsuchthatthe predictive power of the modé is max-
imized, we obtaired the STRF shavn in Fig. 3(b). Note that ridge regressionoperates
on all coeficients uniformly (ie the constraintis global), so that obsened smodhnessin
the estimatedSTRFrepresets structue in the data;no local smoottmessconstraintwas
applied
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Figure3: (a) Naive estimateof the STRFvia linearregression. Darker pixels dende time-
frequeng binswith highe power. (b) Estimateof the STRFvia ridge regression.

The STRFdisplaystheneuon’s frequeng/-sensitvity, centeredgrourd 800-1600Hz. This
rangeof frequanciesmatchesheneuran’s tuning curve whichis measuedwith shortsine
tones. The STRF suggestghat the neura essentiallyintegratesfrequencieswithin this
rangeandatime constah of about100ms. Thesetypesof compuationshave beenprevi-
ouslyrepatedfor neuonsin audtory cortex [1, 2].

4.1 Spectralanalysisof error

How well doesthe simplelinearmodelpredictthe subthesholdresposes?To assesshe
predidive power of themodel, the STRFwasestimatedrom dataobtainel for tendifferent

naturéd stimuli andthentestedon an eleverth stimulus. A samplepredction is shavn in

Fig. 4(a). While the predcted traceroughly captureghe occurenceof the EPSPsit fails
to predct their overall shape.This obsenation canbe quantifiedby spectrallyresolvirg

the predicticn success. For that pupose,we againusedthe colerencefunction which
measureshe correlationbetweenthe actualrespmseandthe predcted responset each
frequengy. This functionis shavn in Fig. 4(b). Clearly the modelfails to predictarny

respose fluctuations fasterthan Hz. As a compaison, recall that the respose is
reliableupto abou 0 Hz (Fig. 2).
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Figure4: (a) Meanresponsandprediction for a natual stimulus(jaguamatingcall). The
STRF captureghe grossfeature of the respose, but not the fine details. (b) Coherere
function betweemmeasurd andpredictedrespoe.
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Figure5: SquaredCorrelationcoeficients betweernthe meanof the measuredesponses
andthe predictedresponse.Linear predction with the STRFis more effective for some
stimuli thanothers.

4.2 Errorsacrossstimuli

Someof the naturalstimuli elicited highly reliablerespoisesthatwerenot atall predicta

by the STRE seeFig. 5. In fact,theexanple shavn in Fig. 4 is oneof thebestpredictios
achieved by themockl. Thefailureto predictthe respoisesof somestimuli canna be at-

tributedto the absenc®f stimulus-locled actiity; asthe coheencefunctionsin Fig. 2(a)
have shawvn, all stimuli featue approaimately the sameproportion of stimulus-locled ac-
tivity to noise.Rathersuchresposesindicatea high degree of norlinearity thatdoninates
theresponséo somestimuli. This obsenation is in accordwith previouswork on neurams
in theauditoy foretrain of zebrafincles[11], whereneuonsshawv a high degree of featue

selectvity.

The norlinearitiesseenin subthesholdrespoisesof A1 neuonscanpartly be attributed
to adapation, to interactios betweerfrequencieg13, 14], andalsoto off-resposes’. In
geneal, the linear model performsbestif the stimuli are slowly modulatedin bothtime
andfrequeng.

5 Discussion

We have usedwhole cell patchclampmethodsin vivo to recordsubthesholdmemiyane
potertial fluctuatiors elicited by naturalsourds. Subthesholdrespmseswerereliableand
(in contrastto the suprathesholdspiking resposes)sufiiciertly rich androbust to permit
rapid andefficient estimationof the linear predctor of the neuon’s respoise (the STRF).
The presenimanuscrip represets the first analysisof subthrsholdresponsesglicited by
natura stimuli in thecortex, or to our knawledgein ary system.

STRFsestimatedrom naturd sound werein generalagreemast, with respectto gross
charactestics suchasfrequeng tuning, with thoseobtaineddirectly from puretonepips.
The STRFsfrom compex soundshowever, provided a much morecompleteview of the
neura’s dynamics, so thatit was possibleto compae the predcted and expeiimentally
measuredesposes.

In mary caseghe prediction waspoa (cf. Fig. 6), indicatingstrongnonlineaities in the
neura’s respoises. Thesenonlirearitiesinclude adaptation two-toneinteractions,and

20ff-responss areexcitatory responseghatoccurat the terminationof stimuli in someneurons.
Becausehey have the samesign asthe on-respose,they represent form of rectifying nonlinear-
ity. Furthercomplicationsarisebecausen- andoff-respongsinteract,depenling on their spectro-
temporalrelations[14].
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Figure6: Summaryfigure. Altogether 10 cells wererecodedin whole cell moce.
Shown arethe squaredccorrelation coeficients, averagedover all stimuli for a givencell.
For mary cells, the linear modelworked ratherpooty asindicatedby low crosscorrda-
tions.

off-responsesExplaining thesenorlinearitiesrepresets an exciting challeng for future
research.

6 Methods

Sprage-Dawley rats(p18-21) wereanesthetizéwith ketaming(30 mg/kg andmedetoni+
dine (0.24 mg/kg. Whole cell recadingsandsingleunit recadingsweremadewith glass
microeletrodes( M ) from primary auditoy cortex (A1) using standardmethals
appr@riately modfied for thein vivo preparation. During whole cell recordngs, sodium
actionpoteriials wereblockedusingthe sodiumchanrel blocker QX-314.

All naturd soundsveretakenfrom anaudioCD, sampledat44,1® Hz. Animal vocaliza-
tionswerefrom “The Diversity of Animal Sourds] availablefrom the CornellLabomtory
of Ornithdogy. Additional stimuli includedpure tonesand white noise burstswith 25
ms durationand5 ms ramp(sampledat 97.6% kHz), and Purple Hazeby Jimi Hendrix
Sound were delivered by a TDT RP2 at 97.666 kHz to a calibratedTDT electrostatic
spealerandpresentedreefield in a doube-walledsoundbooth
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