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Abstract

An understandingof languageprocessingin humansis
critical if realistic computerisedsystemsare to be pro-
ducedto performvariouslanguageoperations.The ex-
aminationof aphasiain individualshasprovided a large
amountof information on the organisationof language
processing,with particularreferenceto theregionsin the
brain whereprocessingoccursand the ability to regain
languagefunctionalitydespitedamageto thebrain.Given
theimportanceplayedby aphasicstudiesanapproachthat
can distinguishbetweenaphasicforms was devised by
usinga Kohonenself-organisingnetwork to classifysen-
tencesfrom theCAP(ComparativeAphasiaProject)Cor-
pus. We demonstratethat the different distributions of
wordsin aphasicstypesmayleadto grammaticalsystems
which inhabitdifferentareasin self-organisingmaps.

Intr oduction
Theexaminationof neurallanguageprocessingis of im-
portanceasit offerstheopportunityfor producingrealis-
tic computerisedlanguagesystemsandacomprehension
of theunderlyingbiologicalmechanismsandconstraints
involved.Onetechniquethathasprovedusefulfor iden-
tifying the organisationalarrangementof languagepro-
cessingis theexaminationof aphasia.Aphasiais thein-
ability to performoneor morecognitive languagefunc-
tions due to damageto the brain. The typical causes
of aphasiaarebrain tumours,strokes,headinjuries and
infections. Although this is a roughsimplification, the
two mostcommontypesof aphasiaareBroca’sandWer-
nicke’saphasia.

Broca’sAphasia: Subjectswith damageto theBroca’s
areaof the cerebralcortex have problemscreatingspo-
kenresponses.Theseresponsesareoftengrammatically
incorrect,effortful, laboured,comein burstsand have
a restrictedvocabulary. Furthermore,verbs are often
missedout or replacedby the nominal form in sponta-
neousspeech.However, many individualswith this con-
dition can perform languageprocessingfunctionssuch
aslanguagecomprehension,dealingwith non-reversible
sentences,objectandverbrecognitionandtheidentifica-
tion of semanticandverberrors.Table1 providesexam-
plesof typicalspontaneousspeechfrom Broca’saphasics
[Wermter, Panchev andHoulsby(1999),Marshall,Pring
andChait(1998)andBrendtandCaramazza(1999)].

Wernicke’s Aphasia: Although individualswith Wer-
nicke’s aphasiahave problemsunderstandinglanguage

and producingsentencesthat are meaningful,they can
producefluent phrasesthat have a reasonablesyntac-
tic, grammaticalandsymbolicstructure[ChenandBates
(1998)andWermter, Panchev andHoulsby(1999)]. Ta-
ble 2 provides examplesof spontaneousspeechfrom
Wernicke’saphasics.

An approachpreviously usedto distinguishaphasic
forms is recurrentneuralnetworks [Wermter, Panchev
andHoulsby(1999)]. Suchnetworkscanrepresentlong
term memoryand context using recurrentconnections
and extracting the appropriatecontext from inputs. In
the simplerecurrentnetwork outlinedby Elman(1990)
thecontext layerstorestheactivationsof thehiddenlayer
units for onetime stepandpassesthembackto thehid-
denlayerunitson thenext step.Typically thereis aone-
to-onerelationshipbetweenthe numberof units in the
context layer and in the hiddenlayer [Spitzer (1999)].
This offers the opportunityto recycle informationfrom
multiple time stepsand to identify temporal relation-
ships.As thehiddenlayerreceivesinputsfrom boththe
input andthe context layer, patternsshouldhave an im-
pactacrosstime andcontext belearned.

However, thereare certaindrawbackswith recurrent
neuralnetworks which led us to consideran alternative
approach. Recurrentneuralnetworks are a supervised
learningapproachthat do not performin a mannerthat
is closeto neuralnetworks in the humanbrain. There-
fore in this paperwe usedunsupervisedself-organising
networksthatcanidentify categories,featuresandregu-
larities usingunsupervisedlearningin a mannercloser
to the cerebralcortex. In this paperwe analysespo-
ken languagefrom Broca’s aphasics,Wernicke’s apha-
sicsandnormalpatients. We demonstratethat the dif-
ferentdistributionsof wordsin aphasicstypesmay lead
to grammaticalsystemswhich inhabit differentareasin
self-organisingmaps.

Location of Aphasiaand Language
Function

Theexaminationof aphasicsprovidessomeindicationof
how languageprocessingis organisedandthe form that
languagerecovery takes. A languageprocessingmodel
that hasbeenestablishedfrom studyingthe locationof
damagein thecerebralcortex of aphasicsis that thehu-
manbrain performsdiverselanguageprocessingopera-



Table1: Typical spontaneousspeechfrom Broca’saphasics.

Normalphrase Broca’saphasicresponse
A boy is giving theball to theman A boy is ... theball
A monkey is eatinga banana Monkey ... banana
Chrysanthemum Chrysa...mum...mum
Catcries Cattears

Table2: Typical spontaneousspeechfrom Wernicke’saphasics.

Typical Wernicke’saphasicresponses
They arerunningaswimmingwaterandsnow
Theboy is runningheis talking to theit is a cat
It is a catandheis talking theflower

tions. Accordingto Taylor (1999)andDodel,Hermann
andGeisel(1999)thecortex is madeupof varioussome-
whatoverlappingregionswhich areresponsiblefor cog-
nitive languagesub-operations.In orderto producethe
final languagefunctionsthereis aneedto coordinateand
combinethe outcomesof the appropriateregions. Ac-
cordingto Reilly (2001)thebrainperformsasagroupof
collaboratingspecialists,noneof which candealwith a
difficulty alone,but only do sowheneachcooperates.In
the brain it is possibleto dealwith a complex difficulty
by splitting thetaskinto smallerelementsandcoordinat-
ing theseelements.Theuniquenessof the humanbrain
doesnotcomefrom thenumberof neuronsbut thestruc-
tural complexity. It hasbeenidentifiedthat the module
approachcanoffer re-usabilityby having a regionof the
braindoingthesameprocessingactivity aspartof many
differentcognitivefunctions[Reilly (2001)].

In termsof theactualfunctionsthatareassociatedwith
diverseregions of the cerebralcortex a few examples
will now be outlined. WhenBinder, Frost, Hammeke,
Cox,RaoandPrieto(1997)requiredindividualsto state
whetheran animalwasnative of Americaandusedby
humans,differentprincipal regionsof the cerebralcor-
tex wereestablishedasresponsiblefor thelanguagepro-
cessinginvolved: (i) an areaincorporatingthe superior
temporalsulcus,middle temporalgyrusandpartsof the
inferior temporalgyrus; (ii) sectionsof the inferior and
superiorfrontal gyri, the middle frontal gyrus and the
anteriorcingulate;(iii) angulargyrus;and(iv) a region
containingtheposteriorcingulateandgyruszones.

Silent word generationstarting with a certain letter
takesplacein Broca’sandWernicke’sareasandsections
of the left frontal, temporaland parietal lobes[Papke,
Hellmann,Renger, Morgenroth,Knetcht,Schuiererand
Petersen(1999)] and the resolution of whether two
words belongto the samesemanticgroup involves in-
creasedactivity in thesuperiorfrontal gyrusandfrontal
gyrus[Shaywitz,Shaywitz,Pugh,Constable,Skudlarski,
Fulbright, Bronen, Fletcher, Shankweiler, Katz, Gore
(1995)].Finally, theprocessof generatingverbsout loud

was found by Xiong, Rao, Gae,Woldroff, Fox (1998)
and Raichle, Fiez, Videen, Macleod, Pardo, Fox, Pe-
tersen(1994)to beassociatedwith areasof theleft pos-
terior temporalcortex, right anteriorcingulate,inferior
frontal gyrus,Broca’s area,left superiortemporalgyrus,
cingulategyrus,inferior temporalgyrusandtheoccipital
gyri.

The examinationof aphasiahasassistedin creating
modelsof theform thattherecoveryof languageprocess-
ing takesin thebrain. Examinationsof thebrainfollow-
ing deathhave identifiedinjuriesto partsof thecerebral
cortex in normallyfunctioningindividualswhich should
haveproducedaphasia.This led to theview from Karbe,
Thiel, Weber-Luxenburger, Herholz and Heiss (1998),
Basso,Gardelli, Grassiand Mariotti (1989) and Capp,
Perani,Grassi,Bressi,Alberoni, Franceschi,Bettinardi,
Todde,andFrazio(1997)thatlanguagefunctionsarere-
coveredthroughregenerationof the damagedtissueor
theredistribution of functionality to otherregionsof the
brain that are operationallylinked but not requiredin
healthyindividuals.

Thereis mixed researchevidencefor the time it nor-
mally takes for repair of injured tissue. However, re-
searchershave foundthanredistribution of functionality
to new regionsof the brain can take longer and repair
of the left superiortemporalgyrus occursover numer-
ousmonthsfollowing the injury [Mimura, Kato, Kato,
Santo,Kojima,NaeserandKashima(1998)andWeiller,
Isensee,Rijntjes,Huber, Müller, Bier, Dutschka,Woods,
Noth andDiener(1995)]. As early asin the 19th Cen-
tury Gower determinedthat individualswho lost speech
due to damageto the left hemispherewere able to re-
cover it throughinteractionwith the right hemisphere.
Theregionof theright hemisphereanalogousto Broca’s
areaandthe right perisylvianhave taken over the func-
tions associatedwith the Broca’s andWernicke’s areas
respectively whenthey are injured. According to Reg-
gia, ShkuroandShevtsova (2000) the reorganisationof
the brain regionsresponsiblefor languageexplains the
remarkablecapacityto recover from injury androbust,



fault-tolerantprocessing.So in summaryseveral brain
regions may be involved with aphasia,even thoughat
a highestlevel often a distinction of Broca’s and Wer-
nicke’saphasiahasbeenmadein thepast.

Classificationof Aphasiausing
Self-OrganisingNetworks

As aphasiastudiesprovide a significantamountof rele-
vantinformationregardingtheorganisationof brainpro-
cessing,thereis a motivationto developanapproachto
classify interviewed subjectsto distinguishthe aphasia
form they have.

Method Overview

The languagetranscriptsusedfor the training and test
data sets for a self-organisingnetwork were obtained
from the CAP Corpus [Bates, Fredrici and Wulfeck
(1987aand 1987b)]. The CAP Corpusis madeup of
transcriptsof English-speakingsubjectsthataredivided
into threegroups: Broca’s aphasia,Wernicke’s aphasia
and a control group of healthypeople. The language
transcriptswereproducedusingavariationof the“given-
new” picturedescriptiontaskof MacWhinney andBates.
In this tasksubjectswereshown nine setsof threepic-
tures and were asked to describethem (seeTable 3).
The transcriptscontainedthesubject’s responseandthe
morphemiccoding. We usedthe coding from a pre-
vious studyby Wermter, Panchev andHoulsby(1999).
This mapsthemorphemiccodingof thecorpuspatterns
using the following syntacticdescriptors:DET (Deter-
miner),N (Noun),N-PL (Plural),PRO (Pronoun),PREP
(Preposition),ADJ (Adjective),CONJ(Conjunction),V
(Verb), V-PROG (Progressive), AUX (Auxiliary Verb),
ADV (Adverb),ADJ-N (Numeric).

UnsupervisedLearning

Theself-organisingnetwork thatwasusedconsistsof an
inputandanoutputlayer, with every inputneuronlinked
to all the neuronsin the output layer [Spitzer (1999),
Hecht-Nielsen(1990), Kohonen(1997) and Anderson
(1999)]. A self-organisingnetwork can be usedby it-
self or asa layer of anotherneuralnetwork. Input data
is presentedonesampleata timeandthenodescompete
againsteachother. The Kohonenlayer createsa topo-
graphicalrepresentationof thecritical characteristicsof
theinputby creatingapatternof activeandinactiveunits
(seeFigure1). Theactivationof theunitsarecalculated
by multiplying the input from eachinput unit by its re-
latedsynapticweight andsummingall the inputs for a
specificunit.

Learningin self-organisingnetworks is performedby
updatingthelinks betweentheinput layerandtheoutput
layer via a form of Hebbianlearning. Self-organising
networks attemptto depict the input datawith a setof
models,with similarwordsandconceptsproducingmod-
elsthatactivatetheunitsin theoutputlayerthatareclose
together.

Fitting of modelsectorsis performedby a sequential
regressionprocedure,wheret � 1 � 2 ������� is thestepindex:
For every samplex

�
t � , thewinner index c is established

by thecondition
�

i �
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�
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Oncethis hasoccurred,every model vector mi or a
subgroupof themthatbelongto unitscentredaroundunit
c � c

�
x� arealteredas

mi
�
t � 1� � mi

�
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�
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The ‘neighbourhoodfunction’ hc � x��� i defines those
unitsthatareto beupdated.

Figure1: A representationof theactivity mapsof a self-
organisingnetwork - The darker the neuronthe greater
theactivation.

The self-organisingnetwork architectureconsidered
to classifyaphasictypescontained100 units (10 x 10)
in the output layer. Using a different training/testset
pair a self-organisingnetwork wastrainedandtestedus-
ing thefollowing approach.A network wastrainedover
1000epochsusing80phrasesfor eachof thethreeapha-
sic types(Wernicke’s aphasics,Broca’s aphasicsanda
healthycontrolgroup)thatwereproducedfrom theCAP
Corpus.Soin total therewere240phrases.Thelocation
of eachof thesetraining phraseson the self-organising
mapswasidentifiedbasedon theunitsthathadthehigh-
estactivation. The trainednetwork was then testedby
identifying where on the map 80 unseenphrasesper
aphasictype are positionedand the degreeof symme-
try betweenthetrainingandtestsamples.Theobjective
was to test if the phrasesfor Broca’s and non-Broca’s
aphasicsarelocatedin differentregionsof the mapand
whetherthenetwork is ableto generaliseby placingthe
testphrasesfor thetwo groupsin thesameregionsasthe
trainingones.If thesameunit hasthehighestactivation
level for phrasesfrom bothgroupstheunit is allocatedto
theaphasictypethathasthemostphrasesassociatedwith
it. Thegroupingof Wernicke’saphasicswith thehealthy
control groupis motivatedby the observation that Wer-
nicke’saphasicsoftenusecorrectsyntaxlike thehealthy
controlgroupwhile Broca’saphasicsdo not.

To removeany biasin classificationandclusteringthe
test/trainingphrasesarebasedon the first six wordsof



Table3: Pictureseries.

SyntacticDescription Sentences
DET N AUX V-PROG A bear/mouse/bunny is crying.
DET N AUX V-PROG A boy is running/swimming/skiing.
DET N AUX V-PROG DET N A monkey/squirrel/bunny is eatinga banana.
DET N AUX V-PROG DET N A boy is kissing/hugging/kickinga dog.
DET N AUX V-PROG DET N A girl is eatinganapple/cookie/ice-cream.
DET N V PREPDET N A dogis in/on/undera car.
DET N V PREPDET N A catis ona table/bed/chair.
DET N AUX V-PROG DET N PREPDET N A lady is giving apresent/truck/mouseto agirl.
DET N AUX V-PROG DET N PREPDET N A catis giving aflower to a boy/bunny/dog.

Table4: Threeword phrasesfor theaphasictypesandtheir numericrepresentation.

AphasicType Phrases SyntacticDescription NumericRepresention
Broca’sAphasic Bananathreeeat NOUN ADJ-N VERB 110010100010
Broca’sAphasic Boy is sport NOUN AUX NOUN 110001001100
Wernicke’sAphasic Little smallhere ADJ ADJ PREP 010101011001
Wernicke’sAphasic Squirrelwith banana NOUN PREPNOUN 110010011100
HealthyControl Thebananaeating DET NOUN V-PROG 011011001000
HealthyControl A youngboy DET ADJ NOUN 011001011100

the sentences.A sliding window of three words that
moves along one word at a time is usedto createthe
final training/testthreeword phrases.Hence,if a tran-
script includesa sentence“The monkey is sitting down
eatinga small yellow banana.” the first six wordsob-
tainedare“the monkey issittingdowneating” andtwo of
thetraining/testphrasesare“the monkey is” and“mon-
key is sitting” . Sinceevery word of thesephrasesis rep-
resentedby a four digit binary number, the input layer
for the network architecturehastwelve units. The bi-
naryrepresentationsfor thewordareDeterminer(0110),
Noun (1100), Plural (0011), Pronoun(0111), Preposi-
tion (1001),Adjective (0101),Conjunction(1011),Verb
(0010),Progressive (1000),Auxiliary Verb (0100),Ad-
verb(0001)andNumeric(1010). Table4 shows typical
reponsesof theaphasictypesandthenumericrepresen-
tationsthatwereinput for theself-organisingnetworks.

Results
Figures2 and3 show that it is possibleto identify clear
regionsof the self-organisingnetworks that areassoci-
atedwith the Broca’s aphasictest phrasesfor both the
testandtrainingdata.For Broca’saphasicstherearetwo
clearregionsof themap,which is anindicationthattwo
formsof theconditionmight exist. For thetwo mapsthe
Wernicke’saphasic/healthycontrolgrouparedistributed
aroundthe restof the map. Whenconsideringthe test
and training samplelocationsit is clear that the areas
of themapassociatedwith the testBroca’s aphasicsare
very similar to thetrainingones.In many casesthecells
with the highestactiviation areexactly the samefor the

trainingandtestsamples.Therefore,unsupervisedself-
organisingnetworks area suitablealternative to super-
visedapproachesfor classifyingaphasictypes.

B ro c a ’s  A p h a s ia  

W e rn ic k e ’s  A p h a s ia /H e a lth y  C o n tro l G ro u p  

Figure2: The regionson the self-organisingmapfor a
network basedon 12 input and 100 output layer units
associatedwith the secondtraining set phrasesfor the
aphasictypes.

It is often the casewhenneuralnetworks aretrained
to learn grammaticalstructuresthat two classesof ex-
amplesare used; grammaticallycorrect and incorrect
phrases.The self-organisingnetwork architectureused
in thispaperis moregeneralthanthesenetworksasit can
identify threegrammaticalphrasestructures,wherethe



B ro c a ’s  A p h a s ia  

W e rn ic k e ’s  A p h a s ia /H e a lth y  C o n tro l G ro u p  

Figure3: The regionson the self-organisingmapfor a
network basedon 12 input and 100 output layer units
associatedwith thesecondtestsetphrasesfor theaphasic
types.

testphrasescontainboth typical andnon-typicalgram-
maticalstructures.Sincephrasesfor thehealthycontrol
group/Wernicke’s aphasicsandBroca’s aphasicsarelo-
catedat differentregionson the self-organisingmapsit
maybepossibleto developamodelof how thebrainrep-
resentsandprocessesgrammaticalstructuresof different
individual types[Zurif, Swinny, Parther, Solomon,and
Bushell (1993), Hartsuiker and Kolk (1998) and Mar-
shall,PringandChiat(1998)].

The resultsin our experimentsindicatethat unsuper-
vised networks are a suitablealternative to supervised
approachesfor classifying aphasictypes. In termsof
cognitive sciencetheresultsshow thatwhile thespoken
outputof Broca’s aphasicshasa very distinctgrammat-
ical structure,healthyindividualsandWernicke’s apha-
sics are much closer. This supportsthe view that lan-
guageproductionmaybebasedon a modularbut inter-
active approachassociatedwith particularregionsof the
brainandthatcorrectgrammaticalconstructionis depen-
dentonBroca’sarea.

By identifying two clearzonesof theoutputmapsas-
sociatedwith Broca’saphasicsthesecouldbeassociated
with differentdegreesof injury andperformance.If this
is the casethe different individuals in the two groups
couldprovide thebasisof a computationalmodelof dif-
ferentlevelsof Broca’s injury andhenceof recovery. A
final issuefor considerationis why thoseclassifiedas
Broca’s aphasicby theself-organisingnetwork failed to
recover functionality by either tissuerecovery or func-
tional redistribution. A caseexaminationof theseindi-
vidualsmightprovide informationon thefactorsthatare
significantin functionalrecovery suchasage,extent of
injury andthetypeandlevel of medicalinterventionfol-
lowing injury.

The approachin this paperfor classifying different
aphasictypesusinga self-organisingnetwork wasbased
on the differencebetweenthe grammaticalconstructs

produced.This is animportantstepin our researchwith
our overall aim being to incorporateother spoken lan-
guagecharacteristicssuchassemanticsandvocabulary
level into theclassificationprocessby usingasetof self-
organisingnets.Theimpactof thatwould beto produce
a benchmarkapproachto classify many more aphasic
typesusinga self-organisationapproachandsoprovide
cognitivescientistswith a powerful diagnostictool.

An additionaladvantageto cognitive scientistsfrom
the extentedclassifieris the removal of the subjective
mannerby which researchersincludeandexcludeapha-
sics from pooledstudies. For example,when consid-
ering if Broca’s aphasicscandeal with reversablesen-
tencesBrendtandCaramazza(1999)statethat the per-
centagethat cannotdeal with thesesentencesis much
lessthan thoseidentified by Grodzinsky, Pin̈ango,Zu-
rif and Drai (1999) from the examinationof the same
pooledstudies. BrendtandCaramazza(1999)addthat
the differencecomesfrom Grodzinsky, Pin̈ango,Zurif
andDrai (1999)willingnessto excludeBroca’saphasics.
It is arguedthat they arenot true Broca’s aphasics.Fi-
nally, thissystemshouldoffer anindicationof theunder-
lying organisationalpropertiesof languagein the brain
andsoassistwith thedevelopmentof computationalhy-
brid neuralprocessingmodels[WermterandSun(2000)
andWermterandMeurer(1997)].

Conclusion
Studying individuals that have aphasiahasprovided a
greatdeal of information connectedwith the natureof
languageprocessingand how the brain is able to re-
cover languagefunctionality following injury. By us-
ing self-organisingnetwork architecturesit is possible
to distinguishbetweena control groupof healthyindi-
viduals/Wernicke’s aphasicsandBroca’s aphasicsusing
sentencesfrom the CAP Corpus. One possiblereason
for the self-organisingnetwork’s ability to separatethe
inputsinto thesetwo groupsis theircapacityto learnthe
grammaticalstructureproducedby theseaphasictypes,
which typically for Broca’s aphasicsaregrammatically
incorrectand for Wernicke’s aphasics/healthyindividu-
alsaregrammaticallycorrect.
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