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Inter preting Symptomsof Cognitive Load in Speechinput
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Abstract. Usersof computingdevices areincreasinglylikely to be subjectto situation-
ally determinedlistractionsthat produceexceptionallyhigh cognitive load. The question
arisesof how a systemcanautomaticallyinterpretsymptomsof suchcognitive loadin the
users behaior. This paperexaminesthis questionwith respectto systemsthat process
speechinput. First, we synthesizeesultsof previous experimentalstudiesof the waysin
which a speakr’s cognitive loadis reflectedin featuresof speechThenwe present con-
ceptualizatiorof theserelationshipsn termsof Bayesiametworks. For two examplesof
suchsymptoms—sentendeagmentsandarticulationrate—wepresentesultsconcerning
thedistribution of the symptomsn realisticassistancedialogs.Finally, usingartificial data
generatedh accordancevith the precedinganalyseswe examinethe ability of a Bayesian
network to assesausers cognitive loadonthebasisof limited obserationsinvolving these
two symptoms.

1 The Challengefor User Modeling

When cosmonaut®n the spacestationMir communicataevith groundcontrol, their speechs
monitoredby psychologistsor symptomsof stress(Arnold, 1997). The interpretationof the
symptomsn turninfluenceghe natureof the dialogsconductedvith the cosmonauts.
Computerusersdo notin generalstray quite asfar from homeasthe Mir cosmonautsnor
arethey subjectedo the samesortof stressBut the mobility of moderncomputingdeviceshas
movedthemever furtherinto the hustleandbustle of everydaylife. Situationaldistractionscan
have majorimpacton the quality of interactionwith a system—asnyonewho hastried to jot
down apersonsaddressvith ahandhelddevice while standingon a streetcornercantestify. For
usermodelingresearchsituationaldistractionsrepresenbne morething that a systemcantry
to recognizeand adaptto. Adaptationmay involve, for example,a simplificationof eitherthe
systems outputor therequireduserinput, in casesvheresituationaldistractionsaaresuspected.

1.1 Scenarioand Field Study

For concretenesgonsidetheexamplescenaridhandledoy thedialogsystemREADY (seege.g.,
Jamesoret al., 1999): Usersaredriverswhosecarsneedminor repairs;they requestassistance
from the systemin naturallanguageby phone.Our first stepin studyingthis scenariovasto
geta concreteideaof the cognitive load inducedby this situationandthe waysin which it is

* Thisresearclis beingsupportedy the GermanSciencd-oundationDFG)in its Collaboratve Research
Centeron Resource-Adapte Cognitive ProcessesSFB378,ProjectB2, READY. Thecommentf the
two anorymousreviewersstronglyinfluencedhe contentof thefinal version.



manifestedn the users’speech: In afield studyconductedon a winter night besidea fairly

busy road, eachof 8 subjectswas given the task of identifying andrepairingan intentionally
creatednechanicaproblemwith a car They communicatedvith a professionahutorepairman
via cellularphone.To getanideaof the informationpresenin featuresof the subjects’speech,
we analyzedthe 8 dialogsin detail. For example,filled and silent pausesvere measuredand
errorswereclassified.

In Sections2 through4, we will seehow the datafrom this field study can be analyzed
togethemith resultsof laboratoryexperimentsof previousresearchersoasto yield anempirical
basisfor ausermodelingcomponentor adialogsystemWe will thencheckwhethersuchauser
modelingcomponentijf given a sufficiently soundempiricalbasis,canmake usefully accurate
inferencenthe basisof thelimited dataabouta userthatis availablein this scenario.

1.2 Determinantsof Cognitive Load

In thispaperthetermcognitiveload refersto thedemandplacedonapersonsworkingmemory
by (a) themaintaskthatsheis currentlyperforming,(b) ary othertask(s)shemaybeperforming
concurrentlyand(c) distractingaspect®f the situationin which shefindsherself.

In the examplescenariowe view the main task of the user(l/) asthatof communicating
with the mechanic(or a correspondingsystemsS). Concurrenttaskscan involve looking for
things,performingactionson the car, or communicatingvith otherpersonsDistractingaspects
of the situationcaninclude noisesand eventsthat interferewith one’s concentratioron task
performanceaswell asinternalfactorslike emotionalstresghathave similar effects.

In the dynamicBayesiannetworks that form the core of READY’s usermodel,thesetypes
of influenceon a users continually changingcognitive load are modeledseparately(see,e.qg.,
Jamesoret al., 1999; Schafer and Weyrath, 1997). In this paper we will simply considerthe
problemof assessinghe total load currently placedon ¢/’s working memory regardlessof its
origin. This load will be assumedo remainconstanthroughoutthe period during which it is
beingassessed.

2 Overview of Symptomsand Their Modeling

We reviewed literaturefrom psycholinguisticsandlinguisticslooking for evidenceconcerning
the effectsof cognitive load on featuresof speechTable1 givesa high-level summaryof the
resultsof this surey.?

Figure 1 shawvs how the relationshipsbetweenthesesymptomsand cognitive load can be
modeledwith a Bayesiametwork.? To seethe meaningof the variables supposehat various
factorshave createda poTenTIAL wm LoAD for U. If thisloadis too greatfor I/ to handlewithout

! The READY systemalsotries to recognizeandadaptto the users time pressureFor reasonsf space,
thisvariablewill bementionednly in passingn this paper

2 A muchmoredetaileddiscussiorof theseresultsis given by Berthold(1998),alongwith referenceso
theindividual studiesandresultsfor lessimportantfeaturesnotlistedhere.

® Forintroductiongo Bayesiametworks,see g.g.,RussellandNorvig (1995)or Pearl(1988).An overviev
of their applicationgo usermodelingis givenby Jamesor§1996).



Table 1. Summaryof previousresultsconcerningootentialspeectsymptomsof cognitive load.

Symptomsnvolving outputquality Symptomsnvolving outputrate
Feature Tendeng® Tally® Feature Tendeng Tally
Sentencéragmentgnumber) + 4/5 Articulationrate — 717
Falsestarts(number) + 2/4 Speechate — 717
Syntaxerrors(number) + 1/1 Onsetlateny (duration) + 9/11
Self-repairdnumber) + —,0° 2,1,4 Silentpausegnumber) + 4/5

Silentpausegduration) + 8/10
Filled pausegnumber) + 4/6
Filled pausegduration) + 1/2
Repetitiongnumber) + 5/6

¢ “+" meanghatthe measurevasgenerallyfoundto increaseinderconditionsof high cognitive load;“ —"
meanghe opposite.

b “min” meanghatof n relevantstudiesn foundthetendeny indicatedin theseconctolumn.(In most—
but not all—caseghetendeng wasstatisticallysignificant.)

¢ Resultsconcerningself-repairsshav aninconsistenpattern.

difficulty, &/ maycopewith theoverloadby reducingthe speedf speectgeneration—foexam-
ple, by pausingintermittentlyto think or to dealwith distractions(The extentto which/ does
this canbe influencedby featuresof the taskaswell asby i/’s time pressureandpreferences.)
Any suchspeedeductioncanbereflectedn specificsymptomdik e theonesshavn ontheright
in Table 1. Becauseof the slowing, the actuaL wm Loab—which canbe conceptualizedsthe
amountof cognitive work thathasto bedonein a givenunit of time—will bereduced.

Ontheotherhand,i/ mayfor variousreasonswvoid slowing down, or may slow down only
to a degreethatis inadequateo reducethe acTuaL wm LoAD to a normallevel. In this casethe
highacTuaL wm LoAD is likely to bereflectedn varioustypesof defectin theutteranceproduced,
suchasthetypeslistedin theleft-handsideof Table1l (cf. theleft-handsideof Figure1).

So far, we are aware of only partial and indirect evidencein favor of the speed-accurgc
tradeof postulatedn Figurel. Concerningherelationshipsetweerthe nodesfor the individ-
ual symptomsandtheir parentnodes,usefulempirical datacan be extractedfrom the studies
summarizedn Tablel andfrom our own field studythatwassketchedabove. The next two sec-
tionswill shav how this canbe done,usingoneexamplefrom eachof thetwo broadcateyories
of symptomsstartingwith onethatinvolvesadeclinein the quality of output.

3 Sentencd-ragmentsasa Symptom

A sentencdragmentcanbedefinedasanincompletesyntacticstructure for which thereexists
a syntacticcontinuationC suchthat! C constitutesa well-formedsentenceAfter articulatingl,

4 Baberet al. (1996), while not explicitly postulatingthe relationshipsdepictedin Figure 1, discussa
numberof phenomenandrelationshipghatareconsistentvith this account.
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Figure 1. Simplified depictionof partof a Bayesiametwork for interpretingsymptomsof cognitive load.
(Eachboxwith asolid borderrepresentanodethatcorrespondto asinglevariable;eachboxwith adashed
borderdenotesa groupof variableghatplay a similarrole in the network. Solid anddashedarravs denote
positive andnegative causalinfluencesrespecitiely.)

the spealer eithergivesup thedialogturn or beginsa new sentencéN. Herearesomeexamples
from thefield study:

Justa minute I'll look. Thecables...[givesupturn]

Yes,that’s...uh,justkeeprepeating

In mary casesthe new sentenceN begins with an alternatve formulation of the content
of I. In thesecasesthe sequence N represents particulartype of self-repaircalled a false
start Somerelevantempiricalstudieshave looked specificallyat falsestarts,while othershave
consideredhebroaderclassof sentencéragmentsSinceit’ s difficult for a systemto determine
automaticallywhetherthe materialthatfollows a sentencdéragmentconstitutesa self-repair we
will likewise ignorethis distinction hereand considersimply whetheran utterancecontainsa
sentencéragment.

Previousempiricalresults. Previousresultsfor sentencéragmentgincludingfalsestarts)canbe
seenin theleft-handsideof Tablel. Thefive studiesin which a concurrentaskwasusedto in-
ducecognitiveloadproducedhe strongeseffects: Theconcurrentaskmultiplied thefrequeny
of sentencdragmentsy factorsrangingfrom 1.52to 5.50,with anaverageof 3.34°

Distributionin thefield study Table2 classifieshe54 sentencédragmentghatwerefoundin the
628dialogturnsin ourfield study The 15 fragmentsn thelower half of thetableillustratehow
sentencdragmentscanoccurindependentlyf cognitive load. The last cateyory could presum-
ably berecognizedy the systemandkept separatdrom the othercateyories—atieastin cases
whereit wasthe systemitself thatinterruptecthe user

® A singlestudyby RoRnage(1995a)that yieldedsimilar factorsin the oppositedirectionhasyet to be
explained.



Table 2. Frequeng of six typesof sentencéragmentsoundin thefield studydialogs.

Possiblydueto high cognitiveload:

— 24turnsconsistingof (or endingwith) afragment
— 9 fragmentdollowed by formulationswith similar meaning
— 6 fragmentdollowed by formulationswith differentmeaning

Probablyindependentf cognitiveload

— 7 sentencepossiblyabortechecausef thearrival of new informationor perceptions
— 1 sentencéntendedo becompletedby dialogpartner
— 7 sentencediterruptedby thedialogpartner

On thewhole,thoughiit is not a trivial taskto recognizesentencdragmentsautomatically
with a speechrecognitionsystem.The sameis true of mostof the other symptomslisted in
Table15

Modeling In a Bayesiametwork suchasthatof Figurel, obsenationsof sentencdragments
canbetakeninto accounmoststraightforvardlywith asinglenodethathastwo possiblevalues:
whetherthe mostrecentdialogturn of the usercontaineca sentencéragmentor not. But what

aboutthe conditionalprobabilitiesthatlink this nodewith its parentnodeactuaL wm LoAD? Let

usassumehatthe cognitive loadinducedin the five experimentghatinvolved concurrentasks
correspondsoughly to the highestlevel of the variableactuaL wm Loap. Assumefurther that
the low-load condition of theseexperimentscorresponddo the lowestlevel of this variable.
Thenthe experimentalkresultssuggesthe following constraintson the conditionalprobabilities
relatingacTuaL wm LOAD (A) andPRESENCE OF SENTENCE FRAGMENT (F):

P(F = YedA =Highes)
P(F = YedA = Lowesh

P(F = No|A = Highes)

33 P(F = No|A = Lowes) ~ ~

94

The secondatio, .94, reflectsthe fact that dialog turnsthat do not containa sentencdrag-
mentareslightly lesslikely givena high level of actuaL wm Loap. We found only oneprevious
study(RoRRnagel1995b)thatyieldsdatathatcanbe usedfor the estimationof thisratio, but the
exactvalueis actuallyunimportant:Giventhat sentencdragmentsoccurin fewer than 10% of
dialogturns,this ratio mustbe somenumberslightly lessthan1.0. The consequencis thatthe
obsenation of a singledialog turn without a sentencdragmentwill only slightly diminishS’s
estimateof I/’s cognitive load.

Beforeexaminingwhatsortof diagnostiqgperformancehesebasicrelationshipcangiverise
to, let usexaminea differenttype of symptomof cognitive load.

6 Berthold (1998) discussesomeof the problemsinvolved and the possibilitiesoffered by variousap-
proacheso speeclrecognitionThestratgy pursuedn the READY projectis to determinewvhich symp-
tomscanplay a usefulrole in a dialog systembeforemakingthe considerableffort requiredto extract
themautomaticallywhile usinga speechrecognizerAccordingly for systemteststhe propertiesof the
input utterancearespecifiedvia amenuinterface(seeJamesortal., 1999).



4 Articulation Rateasa Symptom

Amongthesymptomghatreflectthe spealer’s attempto reduceoutputrate thevarioustypesof
pausedave beenmostthoroughlyinvestigatedseeTable 1). Thoughpauseslsofigure promi-
nentlyin READY's modeling,we will look hereatalesscomple< andlessobvioussymptomzthe
rateatwhichthe spealer articulatessyllables.To avoid overlapwith the definitionof pauseswe
adoptthefollowing definition:

Numberof syllablesarticulated

Articulationrate= - -
Total durationof articulatedsyllables

Filled pausesareleft out of considerationasare silent pausesvhoselength exceedsa certain
threshold(here:200 msec).The following translatedexampleof an utteranceproducedby our
mechanidllustratesthis definition:

<uh> <P> In the<P> insideunderthesteeringwheel<P> to theleft <P> there’s a fusebox.

Here,<P> standdor asilentpausepnly theunderlinednaterialentersnto the computatiorof
articulationrate’

Previousempiricalresults. Sevenstudiesnverefoundthatmeasuredrticulationrateundercon-
ditionsof varyingcognitive load.As is indicatedin Table1, all of themfoundatendeng toward
slower articulationgiven higherload. In the five studiesthat yielded specificdataon average
articulationrates,the ratereductionsin the higherload conditionrangedfrom 8.8%to 19.7%,
with anaverageof 13.6%.All of thesestudiesnducedhigh cognitiveloadby makingthe speak-
ing taskmoredifficult. We would expectthe slowing to be moredrasticin a conditioninvolving
a concurrenttask, sincethis type of manipulationproducedthe strongesteffects on sentence
fragmentsandalsoin the studieson pauses.

Distribution in thefield study In a dialog situation,somedialog turnscontainonly a few syl-
lables(e.g.,Yes,| can). Measuremenof articulationrateis problematicfor suchturns,sinceit
would dependstronglyon the propertiesof the syllablesinvolved, on randomvariation,andon
measuremergrror. On the basisof aninitial analysisof the empiricaldistributions,we elimi-
natedfrom consideratiomeasurementsf articulationratefor dialogturnsinvolving 3 or fewer
syllables.

Thearticulationratesfor the 8 callersin thefield studyrangedfrom 6.3to 7.7 syllablesper
secondwith an averageof 7.0 syllables/sThe utterance®f eachindividual caller alsovaried
somavhatin articulationrate thestandardieviationsrangingfrom 1.0to 2.1syllables/swith an
averagestandardieviation of 1.35.

Modeling In Figurel, oBSERVED ARTICULATION RATE iS viewed asbeinginfluencedby ReLaTIVE
SPEED OF SPEECH GENERATION, but it alsohasa secondparentnode,BASELINE ARTICULATION RATE.
Thisnodeis includedbecauséndividual spealersdiffer systematicallyn theirusualarticulation
rate,independenthyof ary variationsin cognitive load (cf. Goldman-Eisler1968).(The differ-
encegjust cited in the averagearticulationratesof the 8 callerswere presumablydue both to

7 By contrastthe studiescountedin Tablel for the symptomspeeh rate useda definitionthatwasbased
onthetotal durationof eachutterance.



stableindividual differencesandto randomdifferencesn the demandghatwereplacedon the
differentcallers.)inclusionof thisnodein thenetwork allowsthe systento learnaboutl/’s base-
line ratein the courseof a dialog so asgraduallyto becomebetterat interpretingl{’s oBSERVED
ARTICULATION RATE.

In sum,the potentialdiagnosticvalue of the variableosservep arTicuLATION RATE liesin the
tendenyg of spealersto slow their articulationby roughly 14% when subjectedo fairly high
cognitive load; but the diagnosticvalue may be diminishedby otherfactorsthat influencear
ticulation rate, suchasindividual baselinesSo it is not obvious that this symptomcan be of
significantusefor the assessmerdf a users cognitive load. The next sectionwill addresghis
guestionwith regardto bothof the symptomghatwe have discussed.

5 AssessindPotential DiagnosticPerformance

Evenif anetwork modelis completelyaccurateit maybe of nousein practicefor themodeling
of individual users becausef the limitations of the availabledatain a dialog situation.As we
have seen,the obsenable variablesare at bestnoisy symptomsof the underlyingvariablesof
interestMoreover, thenumberof relevantobsenationsin adialogmaybesmall. To examinethe
datalimitationsin our examplescenariowith respecto the two symptomsdiscussedere,we
performedhefollowing steps:

1. Specificatiorof the basic Bayesiannetwork.We specifieda Bayesiannetwork with the
structureshaovn in Figure1l thatfulfilled all of the constraintsnentionedabore® To make pos-
sibleatestsimpleenoughto be discussedavithin the spacdimitations of this paperwe omitted
all variablesn the groupSoTHER SYMPTOMS INVOLVING QUALITY REDUCTION aNdOTHER SYMPTOMS IN-
VOLVING OUTPUT SLOWING. Morewer, theFACTORS DETERMINING PRIORITY FOR MAINTAINING SPEED Were
fixedatanintermediatdevel thatreflectedheassumptiorthatuserswvould attachroughlyequal
priority to outputrateandoutputquality. We assumehypotheticallyfor the restof the analysis
thatthis network is entirely accuratejn this way, problemsarisingfrom datalimitationscanbe
analyzedseparatelyrom thosethataredueto incorrectassumptionembodiedn the network.

2. Definitionof hypotheticalises. We definedfour groupsof 15hypothetical'users”. Those
in thefirst groupwereassumedo be experiencingsomeavhatbelov-averageroTeENTIAL WM LOAD
(0.6 on our scalé ); thosein the fourth, very high poTenTiaL wm Loap (1.8); and thosein the
secondand third groups,intermediatdevels (1.0 and 1.4, respectiely). Within eachof these
groups,we defined3 subgroup®f 5 “users”with differentlevels of BASELINE ARTICULATION RATE:
6.75,7.00,and7.25syllables/srespectiely. Recallthatin ourfield studytheaveragearticulation
rateof aspealerrangedrom about6.3to about7.7 syllables/sHenceour hypotheticalisersdo
notincluderepresentatiesof the extremelevels of BASELINE ARTICULATION RATE.

3. Geneation of datafor eat user For eachsuchhypotheticaliser we usedthe network to
generatel 0 “obsenations” of utteranceshat the usermight producein the courseof a dialog.
Eachobsenationconsistedf a pair of values for thevariableSPRESENCE OF SENTENCE FRAGMENT
andoBSERVED ARTICULATION RATE. For eachuserl/, we generatedhe obsenationsby (a) instanti-
atingthe variablesPoTENTIAL WM LOAD andBASELINE ARTICULATION RATE accordingo the definition

8 A machine-readableersionof this examplenetwork is availablefrom theauthors.
® POTENTIAL WM LOAD is indexed on a scalefrom 0.0to 2.0, where1.0 correspondso aloadthatthei/ in
questioncould (just barely)handlewithout exhibiting ary declinein the quality or speedf speech.



of thati/; (b) notingthe network’s resultingprobability distributionsfor the two symptomvari-
ables;and(c) for eachobsenationindependentlyusingrandomnumbergo generatevaluesfor
thesetwo variableson the basisof the probability distributions!® Sincein our scenaricabout
40% of all utterancesretoo shortto have their articulationrate measuredneaningfully for a
random40% of the utteranceshe osserveD ARTICULATION RATE Wasspecifiedas“undefined”.

4. Initialization of the networks prior beliefs.The network wasthen preparedo interpret
the 10 obsenationsof eachuser For eachuser we hadthe network startwith the samea priori
expectationsabouttheunobserablevariablesoTENTIAL WM LOAD aNABASELINE ARTICULATION RATE.
Theseexpectationsorrespondetb the actualdistribution of thesevariablesin the hypothetical
sample(seeabore). In otherwords,we simulateda situationin which S hasalreadyaccurately
narraveddown its expectationsith respecto thesevariablessomevhat—asituationthatcould
ariseafterthefirst few utterance# adialog.

5. Interpretationof observationgor eact user For eachuserindependentlythe 10 obsena-
tionswereinterpretecbneby oneby thenetwork, andS’sassessmentgereupdatedaccordingly
Figure 2 shaws the developmentof S's assessmentsf the key variablerotenTiAL wm LoAD for
thetwo groupsof userswith thelowestandhighestactuallevelsof this variable respectiely.

Onthepositive side,we seethatS’s assessmenth tendto movein theright direction:After
10 utteranceshereis hardlyary overlapin theassessmenfter thetwo extremegroups.

At the sametime, theresultsillustratethe reasonavhy a diagnosticnetwork canfail to ar
rive at a preciseandaccurateassessmermvenwhenthe dataare completelyconsistentvith its
structureandprobabilities:

1. Thedifferencedn the baselinearticulationratesof the /s tendto maskeachi{’s actual
cognitiveloadsomeavhat.Iln eachgraph theslower-articulating/s (representelly thegraylines)
areassessedssuffering from greatercognitive load. In fact, this differencewould persisteven
with alargernumberof obsenations,until S encounteredomeobsenationsthatallowedamore
preciseassessmemlf BASELINE ARTICULATION RATE.

2. Becausef the partly randomvariability in the data,S’s assessmemf a/ oftenfollows
a zig-zagpatterninsteadof moving steadilytoward the true value.In additionto the changes
causedy the occasionakentencdragmentsmarked with a dot), this variability concernghe
OBSERVED ARTICULATION RATE Of individual utterancegnot markedexplicitly in thegraphs).

3. Evenin the whole sampleof 10 utterancesa givenl{’s speechmay happento shov a
patternthatis untypicalof /’s actualcognitive load, becaus®f randomvariation(i.e., sampling
error). For example,two of the /s with low poTENTIAL wm LOAD happenedo produce3 sentence
fragmentsin their 10 utterancesalthoughthe overall frequeng of fragmentseven for the i/s
with very high PoTENTIAL wMm LOAD is only about10%.

6 Summary of Contributions and Curr ent Work

Themethodologicatontributionsof this paperin increasingorderof novelty, arethefollowing:

1. away of synthesizingpreviously publishedexperimentaldatasoasto strengthertheempir
ical basisof a usermodelingcomponent;

10 A similarmethodfor generatindiypotheticalnputdatafor aBayesiametwork wasapplied for example,
by Henrionetal. (1996).
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Thedarlertheline, thegreatetthe BASELINE ARTICULATION RATE thatwasassumedor ¢/. Eachobseration
thatincludeda sentencéragmentis markedwith a dot. The horizontaldottedline in eachgraphshavs the
truevalueof POTENTIAL WM LOAD for thel/sin thatgraph.)

2. away of combiningsuchresultswith the resultsof detailedanalysesf interactionsin a
given applicationdomainso asto derive qualitative and quantitatie constraintdor a user
modelingcomponentand

3. amethodfor analyzingthe waysin which the diagnosticperformanceof a usermodeling
components limited by the natureof the dataavailablein the applicationscenario.

With regardto the particularproblemof assessingognitive loadonthebasisof speechnput,
the contributionsarethe following:

1. anoverview of themostimportantindicatorsof cognitiveloadin speechnputthathase been
identifiedsofar;



2. a qualitatve model of the relationshipshetweernthesesymptomsandtheoreticalvariables
which, thoughit requiresspecifictesting,alreadyhassomedegreeof theoreticabndempir
ical support;

3. anoverview of thespecificproblemsnvolvedin thecodingof sentencéragmentsandartic-
ulationrate;

4. severalgeneratrendsconcerninghediagnosticalueof thesetwo symptomswvhenrealisti-
cally smallamountof input dataareavailable.

Themethodologys currentlybeingappliedto adifferentapplicationscenarian which other
interactionmodalitiesin additionto speechare employed (Jameson1998).At the sametime,
our investigationof speectsymptomss continuingin the form of experimentsvhosedatawill
be analyzedusinglearningalgorithmsfor Bayesiametworkswith a view to arriving at a better
empiricaldescriptionof causakelationshipsuchasthosedepictedn Figurel.
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