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Opticaphasigatientsareselectvely impairedatnamingvisu-
ally presenteabbjectsbut demonstrateelative intactcompre-
hensionof thoseobjects(e.g.,by gesturingor cateyorization)
andareableto namethemwhenpresentednh othermodalities
(e.g.,via tactileinput). This andothermodality-specifimam-
ing deficitshave beentaken as evidencethat semanticss or-
ganizedinto distinct modality-specificsubsystemsWe adopt
an alternatve view in which semanticss a setof learned,in-
ternalrepresentationwithin a parallel distributed processing
systemthat mapsbetweenmultiple input and output modal-
ities. We accountfor the critical aspectf optic aphasian
termsof the effects of damageto sucha system,despiteits
lack of modality-specificspecialization We shaw thatthero-
bustnesof a taskin sucha systemdependsritically on its
systematicity and that modality-specificnamingdeficits can
arisebecaus@amingis anunsystematitask.

I ntroduction

Thelexical semanticsystemcanbethoughtof asa setof rep-
resentationsvhich mediatesdetweermultiple input andout-
putmodalities.Perhapshemostimmediatelyintuitive model
of semanticss what has beentermedthe unitary seman-
tics model(e.g.,Caramazzalillis, Rapp,& Romani,1990;
Hillis, Rapp,Romani,& Caramazzal990). A genericver
sion of this modelis shavn in Figure 1a. In sucha model,
semanticdakesinput from ary of several differentmodali-
ties,andgeneratesutputin oneor moreothermodalities.
Shallice(1987) claimedthat certainaspectf neuropsy-
chologicaldata posea seriouschallengeto unitary seman-
tics approachesOne problemcomesfrom modality-specific
namingdeficits,suchasoptic aphasiaOptic aphasids arel-
atively rareneuropsychologicalisorder typically causedy
damageto the left medial occipital lobe (i.e., visual cortex
and the underlyingwhite matter),in which patientsexhibit
a selectve impairmentin namingvisually presenteabjects
(seelorio, Falanga,Fragassi& Grossi,1992; Endo, Mak-
ishita,& Sugishita,1996,for reviews of cases)For example,
patientJB (Riddoch& Humphreys, 1987)was substantially
impairedat namingvisually presente@bjects providing cor
rect answerson only 46% of testtrials. However, he was
75%correctonmimingtheusef visually presentedbjects,
suggestinghat his namingdeficit could not be explainedin
termsof a morefundamentabisual recognitionimpairment.
Furthermorehewas75%correctonnamingobjectsfromtac-
tile presentationruling out an explanationin termof a more
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Figure 1: Two generalformulationsof the organizationof lexical
semantics.

generalanomia. JB’s performances typical of optic apha-
sics; he shavs impairednamingfrom vision, with relatively
preseredgesturingrom visualinputandnamingfrom other
modalities.

Notice that thereis no locationof damagein a box-and-
arrow versionof the unitary semanticanodelthat will give
rise to this patternof performance. Damagebetweenvi-
sion and semanticsvould resultin visual agnosia,wherein
a visually presentedbjectwould not be recognizedand so
its usecould not be gestured. Damagebetweensemantics
and phonologywould leadto a modality-independemam-
ing deficit. Finally, damageo semanticstself would degrade
performancen tasksin all modalities.

Shallice(1987,alsoseeBeauwis, 1982)solvedthis prob-
lem by dividing semanticsnto multiple, modality-specific
subsystemsgseeFigure 1b). On this view, optic aphasiare-
sults from a disconnectiorof visual and verbal semantics.



Thus, accesdo the verbal semanticrepresentationaeeded
for namingis preventedonly for visual input, and all other
tasksareunimpaired.

While it might seemthatthis modelprovidesanadequate
accountof the data,thereare major problemswith it. First
andforemost,it seemdistinctly unparsimoniousThe need
to develop several relatively independentodulesin which
to storesemantianformationsignificantlyincreaseshe dif-
ficulty of learningaboutobjects.Insteadof forming asingle,
amodalrepresentatiofor a particularobject,thebrainwould
have to learna numberof differentrepresentationsthe pro-
cessedor maintainingconsisteng of theserepresentations,
andotherimplementationalactorsareunclear

Moreover, while the multiple-semanticsnodelprovidesa
cornvenientexplanatiorfor themajoraspect®f opticaphasia,
it doesa poorjob ataccountingor otherrelevantfactors.In
particular performanc®n mimingandonnon-visuahaming
aretypically alsoimpaired althoughnotto thesameextentas
namingfrom vision. It is difficult to seehow asinglelesionto
the multiple-semanticsnodelwould resultin minor impair
mentof miming andtactile naming,and substantiaimpair-
mentof visual naming. In fact, this would seemto require
threeseparatéesions.Furthermorepptic aphasicsability to
discriminatebetweenvisually similar objectsin a semantic
catgyorizationtaskmay alsobe mildly impaired(Riddoch&
Humphress,1987),suggestinglifficulty in accessingeman-
tics from vision.

In light of theseproblems, Caramazzaand colleagues
(Caramazzat al., 1990; Hillis & Caramazzal995; Hillis
etal., 1990)arguethatthemultiple-semanticenodeldoesnot
provide an adequatexplanationof the actual patientdata.
Moreover, they argue that the unitary-semanticapproach
can, in fact, accountfor optic aphasiaif certainpredictive
propertiesof the ervironmentaretaken into account. They
postulatethat visual propertiestend to be highly predictive
of functional properties. This is similar to Gibsons (1979)
notionof affordances—thefactthata cuphasa handleanda
concae shapés highly (althoughnot perfectly)predictive of
its function;it affordsholdingliquid, andtheparticularphysi-
calmanipulationsnvolvedin drinking. However, thesesame
visual featuresprovide no systematidnformationaboutthe
objects name.Thus,therearemary objectswhich we could
call “cup” but only afew which afford drinking.

The predictvenesof arelationshipcanberecastin terms
of the systematicityof a mapping. A mappingis systematic
to the extentthat it preseressimilarity; thatis, similar in-
puts mapto similar outputs. Thus, an identity mappingis
completelysystematidn thatit preseressimilarity exactly,
whereasa randommappingis completelyunsystematidn
that input similarity is entirely unrelatedto output similar
ity. Anotherway to characterizesystematicityis in termsof
how mary input featuresare neededo predicteachoutput
feature. In an identity mapping,eachoutputfeatureis per
fectly predictedby a single(correspondinginput feature;in
arandommapping.eachoutputfeaturecanbepredicteconly

by knowing the entireinput. A highly predictve relation-
ship,suchasthatbetweernvisionandaction,correspondso a
highly systematianappingwhereasa relationshipwith little

predictvevalue,suchasthatbetweenvisionandnaming,can
be approximatedby arandommapping.

If visual information is systematicallyrelated to ac-
tion/function,thenit maybe possibleto determindunctional
propertiegand,hence gestureaccurately¥rom partially de-
gradedinformation. On the other hand, such information
may beinadequatéor supportingaccuratmmaminggiventhat
smalldifferencesn input mustproducecompletelydifferent
outputs. Thus, partial damageto the mappingbetweenvi-
sion and semanticdn a unitary-semanticsnodel might be
expectedto give rise to the overall patternof performance
in optic aphasidalsoseeRiddoch& Humphress, 1987).

This ideacanbe testedby implementinga systemwhich
performstaskssimilar to thoseperformedby the semantic
system,andthenexaminingthe performanceof that system
whenit is damaged.We choseto implementsucha system
usinga paralleldistributedprocessindPDP)frameawork, for
a numberof reasons.Primary amongthemis the fact that
the type of computationgperformedby a PDP system,al-
thoughnot perfectlyfaithful to thoseperformedby neurons,
nonethelessharecertainfundamentapropertieswith them.
As aresult, it is naturalto damagea PDP systemto vary-
ing degrees.Moreover, suchsystemshave beenshown to be
sensitve to relative degreesof systematicitywithin a single
task,bothin termsof rate of acquisitionandin termsof the
effectsof damaggPlaut,McClelland,Seidenbey, & Patter
son,1996; Seidenbeg & McClelland,1989). In this paper
we explorewhetheroptic aphasiaanbeaccountedor by the
effectsof damageo a PDPnetwork in which multiple input-
outputmappingf varyingsystematicityaremediatedy the
samenternal(semanticyepresentations.

Simulation 1: Basic Effects

As afirst stepto illustrate the basiceffects of systematicity
in PDPsystemsyve traineda simplethree-layefeedforward

network on eithera systematidaskor an unsystematit¢ask,

andcomparedts performancen thesetasksoverthecourse
of learningandfollowing damage.

Method

The network had20 input units, 40 hiddenunits,and20 out-
put units. Eachhiddenunit receveda connectiorfrom each
input unit andsentoneto eachoutputunit. Weightson these
connectionsvereinitialized to randomvaluesuniformly dis-
tributedbetween-0.5 and0.5andwereunconstraineduring
learning. In addition, hiddenand outputunits hadbias con-
nectionswhoseweightswereinitialized between—0.5 and0
andwere constrainedo remainnonpositve during learning.
All units usedthe standardogistic activation function with
activationsrangingfrom 0 to 1.

Theinputto the network consistecf 100randompatterns
over the input units, suchthat eachunit hada probability of
0.5 of beingactive in eachpattern. For the systematidask,
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Figure2: Correctperformanceon the systemati@andunsystematic

tasksasa functionof the percenibf input-to-hidderconnectionse-
movedin Simulationl.

the network was trainedto regeneratehe identical pattern
over the outputunits (i.e., an identity mapping). For the un-
systematitask,anew setof 100randompatternsveregener
atedandpairedrandomlywith theinput patterngi.e.,anarbi-
trary mapping).Notethatthesemappingswverenotintended
to correspondn ary directway to the actualmappingsin-
volvedin visualnamingandgesturing but simply to capture
the basicdistinctionbetweena systematiorersusunsystem-
atictask.

The network was trainedwith back-propagatiofRumel-
hart,Hinton, & Williams, 1986)usingthecross-entroperror
function(Hinton, 1989),a learningrateof 0.1 andno weight
decayor momentum.If anoutputunit waswithin 0.1 of its
target,thenit wascountedascorrectandno errorwasgener
atedfor that unit. Trainingwashaltedwhen,for eachinput
presentedall outputunitswerewithin 0.1 of theirtamgets.

After training, eachversionof the network waslesioned
by randomlyselectingandremaoving a proportionof input-to-
hiddenconnectiongrangingfrom 1%to 30%). At eachlevel
of severity, 10 repetitionswererun, whereina nev randomly
chosersetof connectionsvasremovedandthe model's per
formanceon all 20 patternswas determinedwhere,in this
contet, anoutputwasconsideredorrectif all of the output
unitshadactivationson the correctsidesof 0.5).

Results and Discussion

Task systematicityhad a dramaticeffect both on rate of ac-
quisition andon robustnesgo damage.The systematidask
was masteredafter only 50 epochsof training. By contrast,
theunsystematitaskwasatfloor until 100epochsit reached
50% correctat epoch277 andonly achieved perfectperfor
manceat epoch392.

Similarly, performanc@nthesystematitcaskwasfarmore
robust to damage(seeFigure 2). Remawal of only 1% of
input-to-hiddenconnectionsleft the systematictask unaf-
fectedbut reducedcorrectperformanceon the unsystematic
taskto 78%. With a 10% lesion, performanceon the sys-
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Figure 3: The architectureof the network trainedto mapbetween
multiple inputandoutputmodalitiesin Simulation?2.

tematictaskremainecdat 87% correctwhile the unsystematic
taskwasnearfloor at 3.7%correct.Evenwith 20% of input-
to-hiddenconnectiongemoved, correctperformanceon the
systemati¢askwasbetterthan50%.

In summary althoughthis first simulationis highly sim-
plified it senesto illustratethe powerful effect thattasksys-
tematicityhason the performanceof PDP networks, bothin
learningandfollowing damage.

Simulation 2: Multiple Modalities

Simulation1 wassimplifiedbothin the extremeform of sys-
tematicityit employedandin thefactthatthe systematiand
unsystematienappingswerelearnedseparately In the sec-
ond simulation,we traineda network to mapfrom multiple
inputmodalities(vision andtouch)to multiple outputmodal-
ities (actionandphonology).employing a morerealisticfor-
mulationof systematicityfor the vision-to-actiormapping.

Method

The network, depictedin Figure 3, consistedbf five groups
of units: two input groupsof 20 units each,named‘Vision”
and“Touch”; onehiddenlayerof 500 units,named'Seman-
tics”; andtwo outputgroupsof 20 unitseach hamed'Action”
and “Phonology’ The large numberof units in Semantics
is usefulfor helpingthe modellearnmultiple arbitrarymap-
pingsin areasonabl@mountof time. (Qualitatively similar
resultsobtainwith fewer hiddenunits, e.g., 100.). Seman-
tics receved connectiongrom both of the input groups,and
bothof the outputgroupsreceved connectiongrom Seman-
tics. Weightsandbiaseswereinitialized and constrainedas
in Simulationl,

Thetrainingenvironmentconsistedf 100objectsdivided
into 10 cateyoriesof 10 objectseach. Eachobjectconsisted
of patterndor Vision, Touch,Action, andPhonology

Vision input patternsvere madeto clusterinto cateyories
usingthefollowing procedureWe first generated.0 random
prototypepatternssuchthateachof 20 featureshada proba-
bility of 0.5 of beingpresentindall prototypedifferedfrom
eachotherby atleast5 featuresFor eachprototype we then
generated 0 exemplarsby choosingtwo featuresof the pro-
totypeandreversingthem. We constrainedall exemplarsto
differ from eachotherby atleasttwo featuresEachexemplar
wasusedasa Vision input pattern.

Action outputpatternsveregeneratedn the sameway as
wereVision inputs,althoughdifferentprototypesvereused.
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Exemplarsgeneratedrom a single prototypecanbe consid-
eredto form a cateyory. In orderto createa systematienap-
ping, we assignedVision inputsto Action outputssuchthat,
if two objectshad input patternsfrom the sameVision cat-
egory, thenthey would have output patternsfrom the same
Action category. Thus,membershipn a visual cateyory was
predictve of membershipn anactioncategory, but individ-

ualvisualfeaturesverenot perfectlypredictive of individual

actionfeatureqseeFigure4).

Althoughtheserepresentationareby no meandaithful to
actualvisual andfunctionalrepresentationghey do capture
somebasicaspect®f their structureandrelationship.People
catgyorizeobjectsat leastpartially on the basisof visualfea-
tures(RoschMervis, Gray, Johnson& Boyes-Braem1976),
andthereis evidencethatour representationsf actionshave
a catgyorical structure(Klatzky, Pelleggrino, McCloskey, &
Lederman,1993). Thus,the useof an ervironmentwith vi-
sualandfunctionalcateyoriesprovidesa sufficient settingin
whichto testtheimplicationsof relative tasksystematicity

Touchinput patternsand Phonologyoutput patternswvere
generatedy settingeachfeatureof eachpatternto 1 with
a probability of 0.5, with the additional constraintthat no
two Touch patternsor Phonologypatternscould be identi-
cal. This designresultsin a systematiaelationshipbetween
Vision and Action, and a randomrelationshipbetweenVi-
sionandPhonologyandbetweenTouchandboth of the out-
put modalities. Note that, in additionto beingunstructured,
the Touchmodalityhadanentirelyunsystematicelationship
with both Action andVision. Of course,in actuality thedo-
main of touchhasa high degreeof structurethatis closely
relatedto the structureamongvisualandfunctionalrepresen-
tations. However, we chosenot to implementthis structure
nor the relevantrelationshipdecausave wereprimarily in-
terestedn the effectsof the systematiaelationshipof vision
andaction. In fact, by makingall of the otherrelationships
randomwe ensuredhatthenetwork cantake advantageonly
of thoseregularitiesin the mappingfrom Visionto Action.

Themodelwastrainedusingthe samedearningprocedure,
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rectgivenVisualinput, asafunctionof trainingepoch.
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parametersandstoppingcriteriaasin Simulationl.

Results

Acquisition. Figure 5 shaws, as a function of training
epoch.theproportionof correctoutputsin eachmodality for

Visual inputs. An output patternwas consideredcorrectin

this contet if all of the outputunitswerewithin 0.1 of their
tamgets.As expectedthe modellearnedthe Vision-to-Action
mappingmore quickly than the Vision-to-Phonologymap-
ping, F(1,99)=112.0p<.001,dueto its greatersystematicity

Effects of Damage: Visual Naming versus Gesturing.
Thetrainednetwork waslesionedby removing randomlyse-
lected connectiondrom the Vision layer to the Semantics
layer Levels of lesionseverity rangedfrom 1% to 30% of
connectionsemoved. At eachlevel, tenrepetitionsvererun,
whereina new randomlychosensetof connectionsvasre-
moved. The models performanceon all mappingswvasthen
determined.An outputin a particularmodality was consid-
eredcorrect,for this task,if all of the outputunits wereon
thecorrectsideof 0.5. Averageperformancet eachlevel of
severity is shavn in Figure6.

Themodelsability to mapfrom Visionto both Action and
Phonologyasimpairedby thelesions and,asexpectedper
formancedecreasedslesionseverity increasedHowever, at
low andintermediatesererities, the model performedmuch
better at visual gesturingthan at visual naming. Overall,
the advantagefor the Vision-to-Action mappingwas signif-
icant, F(1,99)=963.2p<.001,aswasthe interactionof out-
put modalityandlesionseverity, F(13,1287)=64.76<.001.
Note that the models performanceon mappingfrom Touch
to eitherof theoutputmodalitiesremainedunimpaired.Since
themodelwasfeedforward,it is unsurprisinghattheremoval
of connectiongrom Visionto Semantichadno effecton the
model’s performancen Touchmappings.

Effects of Damage: Semantic Categorization. One
sourceof evidencein supportof the claim that optic apha-
sic patientshave animpairmentin accessingemanticgrom
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vision ratherthanan impairmentin semanticgper secomes
from Riddoch and Humphres (1987), who demonstrated
that their patient, JB, had difficulty performingcateyoriza-
tion taskswhen fine-grainedvisual discriminationwas re-
quired. Riddochand Humphrgs arguedthat, becausehe
semantiaepresentatiois formedfrom inaccurateand/orin-
completeinformation,it is generallysuficientto drive tasks
whichdo notrequirea high level of detail,but inadequatéor
hardertasks. Accordingly, we examinethe extentto which
our modelexhibits similar behaior.

We implementeda forced-choicetask by presentingthe
modelwith threeobjectsanddeterminingwhich two it con-
sideredmostsimilar. Similarity wasjudgedby computingthe
normalizeddot productof the models Semantiaepresenta-
tions generatedy Visual presentatiorof two objects. The
larger the normalizeddot product,the more similar the ob-
jectswereconsideredo be.

We examinedthe models performanceon two forced-
choicetasks.In thebetween-catgoriestask,it waspresented
with two objectsfrom the samecatagory and a third object
from a differentcategory. In the within-cateyory task,it was
presentedvith threeobjectsfrom the samecategory. When
testinga damagednodel,we definedthe correctresponsédor
eachcomparisorto betheresponsgeneratedby theundam-
agedmodel. For bothtaskswe presentedhe modelwith all
of thetriples of objectsrelevantto thattask. This resultedn
40,500triplesfor the between-catgoriestask (10 cateyories
X (120) pairsin eachcateyory x 90 objectsfrom outsidethe
catgyory) and 3600triples for the within-categoriestask (10
catgyoriesx ('9) triplesin eachcategory).

We acquiredperformancelatafor themodelattwelve lev-
els of damageten rangingfrom oneto ten percentof con-
nectionsfrom Vision to Semanticdesioned,one at fifteen
percentlesioned,and one at twenty percentlesioned. Only
onerepetitionwas performedat eachlevel, largely because
of thecomputationadifficulty of performingdot productson
thousandef 500elementvectors.
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Figure7: Correctperformancet choosingwhich of threeobjectsis
leastsemanticallyrelatedto the othertwo whenthat objectis in a
differentcateyory (“Between-Catgory”) versuswhenall threeob-
jectsarefrom the samecatgyory (“Within-Cateyory”), asa function
of the percenif Vision-to-Semanticsonnectionsemoved.

Figure7 shawvs the model's performanceon eachtaskfor
eachlevel of severity. At all levels,the model’s performance
on the between-cagoriestaskwas nearly perfect. At 20%
of connectiondesionedthe modelstill hada correctperfor
mancerate of nearly 99.5%. By contrast,the models per
formanceon the within-cateyoriestask was very poor even
for extremelymild lesions.At a merel% of connectionge-
sionedthemodelscorrectperformancavasonly about58%.
Thisdroppedo slightly lessthan10%correctat 20%of con-
nectiondesioned.

Our model, therefore,displaysthe expectedbehaior: it
performs much more poorly on a task that requiresfine-
grainedvisual discriminations. However, JB’s error rate on
sucha taskwas only about8%, whereasour model’s error
rate startsat above 40%. This extremely high error rateis
an effect of the structureof our Visualdomain. Membersof
a Vision catgyory do not differ enoughto give the modela
goodchanceat performingthewithin-cateyoriestask. With a
morerealistically structuredervironment,onewould expect
thewithin-category errorratesto decreassubstantially
Discussion
Thesimulationdemonstratethatthe category-basedystem-
aticity of the Vision-to-Action mappingprovidesan advan-
tagefor both learningand performanceunderdamage. As
aresult,whendamagedthe modelexhibits the centralchar
acteristicof optic aphasia:animpairmentin visual naming
with relatively sparecherformancenvisualgesturingandon
namingfrom othermodalities(e.g.,touch). The modelalso
accountdor preseredbetween-caigory discriminationwith
impairedwithin-cateyory discrimination.

The modeleven providesa fairly goodquantitatve match
to datafrom somespecificoptic aphasicpatients. JB (Rid-
doch & Humphres, 1987)was 75% correctat miming the
useof visually presentedbjectsbut only 46%correctatnam-
ing them. The graphindicatesthat the model matcheshis



fairly closelywhen 6% of Vision-to-Semanticgonnections
are lesioned(77% and 42% correct,respectiely). JulesFk.
(Lhermitte& Beauwis, 1973)was72%and77%correctand
visual namingof picturesand words, respectiely, and was
flawless at visual gesturing. The model approximateghis
with a 4% lesion: visual namingis 76% correctand visual
gesturings 93%correct.

Thereare, however, some patientsfor whom the model
doesnot provide a goodquantitatve match. Coslettand Saf-
fran’s (1989)patient,for example , was50% correctat visual
gesturingbut failed to producea single correctnamingre-
sponséo the sameobjects.With a 10% lesion,the modelis
48% correctat visual gesturingbut remains15% correctat
visual naming;with a 20% lesion, visual namingis reduced
to 3% correctbut visualgesturingreache®nly 16%correct.

Also notethat, becauset hasa feedforward architecture,
the modeldoesnot accountfor casesn which tactile nam-
ing is lessthanperfect. JulesF, for instancewasonly 91%
correcton namingfrom touch. In a recurrentversionof the
currentmodel,interactionscrossiamaged/ision-Semantics
connectionsgnightleadto somenamingerrorsfor stimulipre-
sentedto the undamagednodality It may alsobe the case
thatsomeoptic aphasigatientshave additionalmild damage
tothesemantisystemtself; suchdamagevould beexpected
to leadto a mild deficitin namingfrom othermodalitiesand
to exacerbatehe visualnamingdeficits.

Despiteits limitations,the simulationdoesprovide support
for the centralclaim of the currentwork, that optic aphasia
and other modality-specificnaming deficits are not incom-
patiblewith a unitary-semanticaccountf onetakesinto ac-
counttherobustnes®f tasksof differing systematicity

Conclusions

Semanticknowledgefor objectsis standardlythoughtto be
representedavithin a single,amodalsystem. One challenge
to this point of view is thatmodality-specifimamingdeficits
suchasoptic aphasiaarenot easilyexplainedon suchanac-
count. In this paperwe have shavn thata PDPimplemen-
tation of a unitary semanticsystemcan, in fact, accountfor
centralcharacteristic®f optic aphasiaunderthe assumption
thatinput-outputrelationshipssary in their systematicity

It shouldbeacknavledgedthough thatthemodeldoesnot
accountfor all of thedata,includingthe quantitatve magni-
tudeof thedifferencebetweervisualnamingversuggesturing
performancen somepatientye.g.,Coslett& Safran, 1989).
This discrepang may simply reflectlimitationsin the scale
of the simulationandin the sophisticatiorof the representa-
tions. However, if anything, thesesimplificationsmay have
amplifiedthe effect in the model. Thus, the currentresults
shouldbe taken asindicatingthat systematicityis animpor-
tant contributing factor in understandinghesedeficits, but
may not provide a completeaccount. We leave it for future
researchio determinewvhetherit is possibleto provide afully
adequataccountbf optic aphasiaandrelateddisorderswith-
out atleastsomegradeddegreeof modality-specificspecial-
izationwithin the semanticsystem(alsoseeShallice,1993).
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