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Abstract

An understandingf languageprocessingn humansis
critical if realistic computerisedsystemsare to be pro-
ducedto performvariouslanguageoperations. The ex-
aminationof aphasian individualshasprovided a large
amountof information on the organisationof language
processingwith particularreferenceo theregionsin the
brain where processingoccursand the ability to regain
languagédunctionalitydespitedamageo thebrain. Given
theimportanceplayedby aphasictudiesanapproachhat
can distinguishbetweenaphasicforms was devised by
usinga Kohonenself-oganisingnetwork to classifysen-
tencedrom the CAP (Comparatre AphasiaProject)Cor-
pus. We demonstratehat the differentdistributions of
wordsin aphasicgypesmayleadto grammaticabystems
whichinhabitdifferentareasn self-olganisingmaps.

Intr oduction

The examinationof neurallanguageprocessings of im-
portanceasit offerstheopportunityfor producingrealis-
tic computerisedanguagesystemsanda comprehension
of theunderlyingbiologicalmechanismandconstraints
involved. Onetechniquehathasprovedusefulfor iden-
tifying the organisationakrrangemenof languagepro-
cessings the examinationof aphasiaAphasiais thein-
ability to performoneor more cognitive languageunc-
tions due to damageto the brain. The typical causes
of aphasiaare braintumours,strokes, headinjuries and
infections. Although this is a rough simplification, the
two mostcommontypesof aphasiareBroca'sandWer-
nicke'saphasia.

Broca's Aphasia Subjectsvith damageo theBroca’s
areaof the cerebralcortex have problemscreatingspo-
kenresponsesTheseresponseareoftengrammatically
incorrect, effortful, laboured,comein burstsand have
a restrictedvocahulary. Furthermore,verbs are often
missedout or replacedby the nominal form in sponta-
neousspeechHowever, mary individualswith this con-
dition can perform languageprocessingunctionssuch
aslanguagecomprehensiorgealingwith non-reversible
sentencesybjectandverbrecognitionandtheidentifica-
tion of semantiandverberrors.Tablel providesexam-
plesof typical spontaneouspeectrom Brocasaphasics
[Wermter Panche andHoulsby(1999),Marshall,Pring
andChait(1998)andBrendtandCaramazz41999)].

Wernidke’s Aphasia Although individualswith Wer-
nicke’s aphasiahave problemsunderstandindanguage

and producingsentenceshat are meaningful,they can
producefluent phrasesthat have a reasonablesyntac-
tic, grammaticahndsymbolicstructurgfChenandBates
(1998)andWermter Panche andHoulsby(1999)]. Ta-
ble 2 provides examplesof spontaneouspeechfrom
Wernicke's aphasics.

An approachpreviously usedto distinguishaphasic
forms is recurrentneural networks [Wermter Panche
andHoulsby(1999)]. Suchnetworks canrepresentong
term memory and context using recurrentconnections
and extracting the appropriatecontext from inputs. In
the simplerecurrentnetwork outlined by Elman (1990)
thecontext layerstoregheactivationsof thehiddenlayer
unitsfor onetime stepandpasseshembackto the hid-
denlayerunitsonthenext step.Typically thereis aone-
to-onerelationshipbetweenthe numberof unitsin the
contet layer andin the hiddenlayer [Spitzer (1999)].
This offers the opportunityto regycle informationfrom
multiple time stepsand to identify temporalrelation-
ships. As the hiddenlayerrecevesinputsfrom boththe
input andthe context layer, patternsshouldhave anim-
pactacrosgime andcontext belearned.

However, thereare certaindravbackswith recurrent
neuralnetworks which led usto consideran alternatve
approach. Recurrentneural networks are a supervised
learningapproachhat do not performin a mannerthat
is closeto neuralnetworksin the humanbrain. There-
fore in this paperwe usedunsupervisedelf-olganising
networksthat canidentify cateyories,featuresandregu-
larities using unsupervisedearningin a mannercloser
to the cerebralcortex. In this paperwe analysespo-
ken languagefrom Broca’s aphasicsWernicke's apha-
sicsand normal patients. We demonstrateahat the dif-
ferentdistributionsof wordsin aphasictypesmay lead
to grammaticalkystemswhich inhabit differentareasin
self-oganisingmaps.

Location of Aphasiaand Language
Function

Theexaminationof aphasicprovidessomeindicationof
how languageprocessings organisedandthe form that
languagerecovery takes. A languageprocessingnodel
that hasbeenestablishedrom studyingthe location of
damagen the cerebralcortex of aphasicss thatthe hu-
manbrain performsdiverselanguageprocessingpera-



Tablel: Typical spontaneouspeecHrom Broca’s aphasics.

Normalphrase

Brocasaphasiaesponse|

A monkey is eatinga banana
Chrysanthemum
Catcries

A boy is giving theball to theman

A boy is ... theball
Monkey ... banana
Chrysa...mum...mum
Cattears

Table2: Typical spontaneouspeectrom Wernicke’s aphasics.

Typical Wernicke's aphasiaesponses

They arerunninga swimmingwaterandsnow
Theboy is runningheis talking to theit is a cat
It is acatandheis talking the flower

tions. Accordingto Taylor (1999)andDodel, Hermann
andGeisel(1999)thecortex is madeup of varioussome-
whatoverlappingregionswhich areresponsibldor cog-
nitive languagesub-operationsin orderto producethe
final languagdunctionsthereis a needto coordinateand
combinethe outcomesof the appropriateregions. Ac-

cordingto Reilly (2001)thebrainperformsasagroupof

collaboratingspecialistsnoneof which candealwith a
difficulty alone,but only do sowheneachcooperatesin

the brainit is possibleto dealwith a comple difficulty

by splitting thetaskinto smallerelementsaindcoordinat-
ing theseelements.The uniquenes®f the humanbrain
doesnotcomefrom the numberof neuronsut the struc-
tural compleity. It hasbeenidentifiedthatthe module
approacttanoffer re-usabilityby having aregion of the
braindoingthe sameprocessingctivity aspartof mary

differentcognitive functions[Reilly (2001)].

In termsof theactualfunctionsthatareassociatewith
diverseregions of the cerebralcortex a few examples
will now be outlined. When Binder, Frost, Hammele,
Cox, RaoandPrieto(1997)requiredindividualsto state
whetheran animalwas native of Americaand usedby
humans differentprincipal regions of the cerebralcor-
tex wereestablishedsresponsibldor thelanguagepro-
cessinginvolved: (i) anareaincorporatingthe 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
containingthe posteriorcingulateandgyruszones.

Silent word generationstartingwith a certain letter
takesplacein Broca's andWernicke's areasandsections
of the left frontal, temporaland parietallobes [Papke,
Hellmann,Renger Morgenroth,Knetcht, Schuiererand
Petersen(1999)] and the resolution of whether two
words belongto the samesemanticgroup involvesin-
creasedctiity in the superiorfrontal gyrusandfrontal
gyrus[Shaywitz,Shaywitz Pugh,ConstableSkudlarski,
Fulbright, Bronen, Fletcher Shankweiler Katz, Gore
(1995)]. Finally, the proces®f generatingzerbsoutloud

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

The examinationof aphasiahasassistedn creating
modelsof theform thattherecoveryof languagerocess-
ing takesin the brain. Examinationsof the brainfollow-
ing deathhave identifiedinjuriesto partsof the cerebral
cortex in normally functioningindividualswhich should
have producedaphasiaThis ledto theview from Karbe,
Thiel, WeberLuxenlurger, Herholz and Heiss (1998),
Basso,Gardelli, Grassiand Mariotti (1989) and Capp,
Perani,Grassi,Bressi,Alberoni, FranceschiBettinardi,
Todde,andFrazio(1997)thatlanguagdunctionsarere-
coveredthroughregenerationof the damagedissueor
theredistritution of functionality to otherregionsof the
brain that are operationallylinked but not requiredin
healthyindividuals.

Thereis mixed researclevidencefor the time it nor-
mally takes for repair of injured tissue. However, re-
searcher$iave found thanredistritution of functionality
to new regions of the brain can take longer and repair
of the left superiortemporalgyrus occursover numer
ous monthsfollowing the injury [Mimura, Kato, Kato,
Santo,Kojima, NaeserandKashima(1998)andWeiller,
IsenseeRijntjes,Huber Mller, Bier, DutschkaWoods,
Noth and Diener(1995)]. As early asin the 19th Cen-
tury Gower determinedhatindividualswho lost speech
due to damageto the left hemispherewnere able to re-
cover it throughinteractionwith the right hemisphere.
Theregion of theright hemispher@nalogougo Brocas
areaandthe right perisylvianhave taken over the func-
tions associatedvith the Broca’s and Wernicke’s areas
respectiely whenthey areinjured. Accordingto Reg-
gia, Shkuroand Shevtsova (2000) the reomganisationof
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's aphasichasbeenmadein the past.

Classificationof Aphasiausing
Self-Organising Networks

As aphasisstudiesprovide a significantamountof rele-
vantinformationregardingthe organisatiorof brainpro-
cessingthereis a motivationto develop an approacho
classify interviewed subjectsto distinguishthe aphasia
form they have.

Method Overview

The languagetranscriptsusedfor the training and test
data setsfor a self-oganisingnetwork were obtained
from the CAP Corpus [Bates, Fredrici and Wulfeck
(1987aand 1987b)]. The CAP Corpusis madeup of
transcriptsof English-speakingubjectshataredivided
into threegroups: Broca’s aphasiaWernicke's aphasia
and a control group of healthy people. The language
transcriptsvereproducedisingavariationof the“given-
new” picturedescriptiortaskof MacWhinne/ andBates.
In this task subjectswere shovn nine setsof threepic-
tures and were asled to describethem (see Table 3).
The transcriptscontainedhe subjects responsendthe
morphemiccoding. We usedthe coding from a pre-
vious study by Wermter Panche and Houlsby (1999).
This mapsthe morphemiccodingof the corpuspatterns
using the following syntacticdescriptors:DET (Deter
miner),N (Noun),N-PL (Plural),PRO (Pronoun) PREP
(Preposition) ADJ (Adjective), CONJ(Conjunction),V
(Verb), V-PROG (Progressie), AUX (Auxiliary Verb),
ADV (Adverb),ADJ-N (Numeric).

UnsupervisedLearning

Theself-omganisingnetwork thatwasusedconsistof an
inputandanoutputlayer, with everyinputneuronlinked
to all the neuronsin the output layer [Spitzer (1999),
Hecht-Nielsen(1990), Kohonen(1997) and Anderson
(1999)]. A self-oganisingnetwork can be usedby it-

self or asa layer of anothemeuralnetwork. Input data
is presentednesampleat atime andthenodescompete
againsteachother The Kohonenlayer createsa topo-
graphicalrepresentationf the critical characteristicef

theinputby creatinga patternof active andinactive units
(seeFigurel). Theactivationof the unitsarecalculated
by multiplying the input from eachinput unit by its re-

lated synapticweight and summingall the inputsfor a
specificunit.

Learningin self-oiganisingnetworks is performedby
updatingthelinks betweertheinputlayerandthe output
layer via a form of Hebbianlearning. Self-omganising
networks attemptto depictthe input datawith a setof
modelswith similarwordsandconceptproducingmod-
elsthatactivatetheunitsin theoutputlayerthatareclose
together

Fitting of modelsectorsis performedby a sequential
regressiorprocedurewheret = 1,2, ... is the stepindex:
For every samplex(t), thewinnerindex c is established
by the condition

Vi, [x(t) —me(t)[| < [Ix(t) —m(1)]]

Oncethis hasoccurred,every model vectormy or a
subgroupf themthatbelongto unitscentredaroundunit
¢ = c(x) arealteredas

Mi(t+ 1) = mi(t) + heg,i (X(t) —mi(t))

The ‘neighbourhoodfunction’ hy; definesthose
unitsthatareto beupdated.
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Figurel: A representatioof the activity mapsof a self-
organisingnetwork - The darker the neuronthe greater
theactivation.

The self-omganisingnetwork architectureconsidered
to classify aphasictypescontained100 units (10 x 10)
in the outputlayer. Using a different training/testset
pair a self-omganisingnetwork wastrainedandtestedus-
ing thefollowing approach A network wastrainedover
1000epochausing80 phrasedgor eachof thethreeapha-
sic types(Wernicke’s aphasicsBroca’s aphasicsaand a
healthycontrolgroup)thatwereproducedrom the CAP
Corpus.Soin total therewere240phrasesThelocation
of eachof thesetraining phraseon the self-organising
mapswasidentifiedbasedn theunitsthathadthe high-
estactivation. The trainednetwork wasthentestedby
identifying where on the map 80 unseenphrasesper
aphasictype are positionedand the degree of symme-
try betweerthetrainingandtestsamples.The objective
wasto testif the phrasedor Broca’s and non-Brocas
aphasicarelocatedin differentregionsof the mapand
whetherthe network is ableto generaliséoy placingthe
testphrasedor thetwo groupsin thesameregionsasthe
training ones.If the sameunit hasthe highestactivation
level for phrase$rom bothgroupstheunitis allocatedo
theaphasidypethathasthemostphrasesssociatevith
it. Thegroupingof Wernicke's aphasicsvith the healthy
control groupis motivatedby the obsenationthat Wer-
nicke’s aphasicoftenusecorrectsyntaxlik e the healthy
controlgroupwhile Broca's aphasicslo not.

To remove ary biasin classificatiorandclusteringthe
test/trainingphrasesare basedon the first six words of



Table3: Pictureseries.

SyntacticDescription

Sentences

DET N AUX V-PROG

DET N AUX V-PROG

DET N AUX V-PROGDETN

DET N AUX V-PROGDETN

DET N AUX V-PROGDETN

DET NV PREPDETN

DET NV PREPDETN

DET N AUX V-PROG DET N PREPDET N
DET N AUX V-PROG DET N PREPDET N

A bear/mousefinny is crying.

A boy is running/swimming/skiing.

A monkey/squirrel/lunry is eatinga banana.
A boy is kissing/hugging/kickinga dog.

A girl is eatinganapple/cookie/ice-cream.
A dogis infon/underacar.

A catis onatable/bed/chair

A lady is giving a present/truck/mous® agirl.
A catis giving aflowerto a boy/bunny/dog.

Table4: Threeword phrasegor the aphasidypesandtheir numericrepresentation.

AphasicType Phrases SyntacticDescription | NumericRepresention
Broca’s Aphasic Bananahreeeat NOUN ADJ-N VERB | 110010100010
Broca’s Aphasic Boy is sport NOUN AUX NOUN | 110001001100
Wernicke's Aphasic | Little smallhere ADJ ADJ PREP 010101011001
Wernicke's Aphasic | Squirrelwith banana] NOUN PREPNOUN | 110010011100
HealthyControl Thebananaating 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 atran-
scriptincludesa sentencéThe monley is sitting down
eatinga small yellow banand. the first six words ob-
tainedare“the monley s sittingdowneating” andtwo of
thetraining/testphrasesare“the monley is” and“mon-
key is sitting”. Sinceeveryword of thesephrasess rep-
resentedby a four digit binary number the input layer
for the network architecturehastwelve units. The bi-
naryrepresentationfr theword areDetermine(0110),
Noun (1100), Plural (0011), Pronoun(0111), Preposi-
tion (1001),Adjective (0101),Conjunction(1011),Verb
(0010), Progressie (1000), Auxiliary Verb(0100),Ad-
verb (0001)andNumeric(1010). Table4 shows typical
reponse®f the aphasidypesandthe numericrepresen-
tationsthatwereinputfor the self-omganisingnetworks.

Results

Figures2 and3 shaw thatit is possibleto identify clear
regions of the self-oiganisingnetworks that are associ-
atedwith the Broca's aphasictest phrasedor both the
testandtrainingdata.For Broca's aphasicsherearetwo
clearregionsof the map,whichis anindicationthattwo
formsof the conditionmight exist. For thetwo mapsthe
Wernicke's aphasic/healthgontrol grouparedistributed
aroundthe restof the map. Whenconsideringthe test
and training samplelocationsit is clearthat the areas
of the mapassociatedvith the testBroca’s aphasicsare
very similar to thetrainingones.ln mary caseghecells
with the highestactiiation are exactly the samefor the

training andtestsamples.Therefore unsupervisedelf-
organisingnetworks are a suitablealternative to super
visedapproachefor classifyingaphasidypes.
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Figure 2: The regionson the self-oiganisingmapfor a
network basedon 12 input and 100 output layer units
associatedvith the secondtraining set phrasedor the
aphasidypes.

It is oftenthe casewhenneuralnetworks aretrained
to learn grammaticalstructuresthat two classesof ex-
amplesare used; grammatically correct and incorrect
phrases.The self-oiganisingnetwork architectureused
in this papelis moregenerathanthesenetworksasit can
identify threegrammaticalphrasestructureswherethe
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Figure 3: The regionson the self-organisingmapfor a
network basedon 12 input and 100 output layer units
associatedvith thesecondestsetphrasegor theaphasic

types.

testphrasescontainboth typical and non-typicalgram-
maticalstructures.Sincephrasedor the healthycontrol
group/Wernicke’s aphasicsaand Broca's aphasicsare lo-
catedat differentregionson the self-omganisingmapsit
maybepossibleto developamodelof how thebrainrep-
resentandprocessegrammaticabtructureof different
individual types[Zurif, Swinry, Parther Solomon,and
Bushell (1993), Hartsuiler and Kolk (1998) and Mar-
shall,PringandChiat(1998)].

Theresultsin our experimentsindicatethat unsuper
vised networks are a suitablealternatve to supervised
approachesor classifying aphasictypes. In terms of
cognitive sciencethe resultsshav thatwhile the spolen
outputof Broca’s aphasicdasa very distinctgrammat-
ical structure healthyindividualsand Wernicke’s apha-
sicsare much closer This supportsthe view that lan-
guageproductionmay be basedon a modularbut inter-
active approachassociateavith particularregionsof the
brainandthatcorrectgrammaticatonstructioris depen-
dentonBrocasarea.

By identifying two clearzonesof the outputmapsas-
sociatedvith Broca's aphasicshesecouldbeassociated
with differentdegreesof injury andperformancelf this
is the casethe differentindividualsin the two groups
could provide the basisof a computationamodelof dif-
ferentlevels of Broca’s injury andhenceof recovery. A
final issuefor considerationis why thoseclassifiedas
Broca’s aphasidyy the self-omganisingnetwork failedto
recover functionality by eithertissuerecovery or func-
tional redistribution. A caseexaminationof theseindi-
vidualsmight provide informationon thefactorsthatare
significantin functionalrecovery suchasage,extent of
injury andthetypeandlevel of medicalinterventionfol-
lowing injury.

The approachin this paperfor classifying different
aphasidypesusinga self-oiganisingnetwork wasbased
on the differencebetweenthe grammaticalconstructs

produced.Thisis animportantstepin our researchwith
our overall aim beingto incorporateother spolen lan-
guagecharacteristicsuchas semanticsaand vocalulary
level into theclassificatiorprocessy usinga setof self-
organisingnets. Theimpactof thatwould beto produce
a benchmarkapproachto classify mary more aphasic
typesusinga self-omganisatiorapproachandso provide
cognitive scientistawith a powerful diagnostictool.

An additionaladwantageto cognitive scientistsfrom
the extentedclassifieris the removal of the subjectve
mannetby which researcherscludeandexcludeapha-
sics from pooledstudies. For example, when consid-
ering if Broca's aphasicscan deal with reversablesen-
tencesBrendtand Caramazzg1999) statethat the per
centagethat cannotdeal with thesesentencess much
lessthan thoseidentified by Grodzinsly, Piiango,Zu-
rif and Drai (1999) from the examinationof the same
pooledstudies. Brendtand Caramazz41999) addthat
the differencecomesfrom Grodzinsky, Pinango,Zurif
andDrai (1999)willingnessto excludeBrocas aphasics.
It is arguedthatthey arenot true Broca's aphasics.Fi-
nally, this systenshouldoffer anindicationof theunder
lying organisationapropertiesof languagen the brain
andsoassistwith the developmentof computationahy-
brid neuralprocessingnodels]Wermterand Sun(2000)
andWermterandMeurer(1997)].

Conclusion

Studyingindividuals that have aphasiahas provided a
greatdeal of information connectedwith the natureof

languageprocessingand how the brain is able to re-

cover languagefunctionality following injury. By us-
ing self-oganisingnetwork architecturest is possible
to distinguishbetweena control group of healthyindi-

viduals/Wernicke'’s aphasicandBroca’s aphasicsising
sentencegrom the CAP Corpus. One possiblereason
for the self-oganisingnetwork’s ability to separatehe
inputsinto thesetwo groupsis their capacityto learnthe
grammaticalstructureproducedby theseaphasicypes,
which typically for Brocas aphasicsare grammatically
incorrectandfor Wernicke’s aphasics/healthindividu-

alsaregrammaticallycorrect.
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