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Abstract

SpielerandBalota(1997)shav thatconnectionisimodelsof readingaccounfor relatively little item-specifiovariance.
In assessinthisfindingit is importantto recognizeéwo factorsthatlimit how muchvariancesuchmodelscanpossibly
explain. First,item meansareaffectingby severalfactorshatarenotaddresseth existingmodelsjncludingprocesses
involvedin recognizindettersandproducingarticulatoryoutput. Thesdimitations pointto importantareador future
researchbut have little bearingon existing theoreticalclaims. Second the item datainclude a substantiabmount
of errorvariancethatwould be inappropriateéo model. Issuesconcerningcomparisondetweersimulationdataand
humanperformancerediscussedvith anemphasion theimportanceof evaluatingmodelsat a level of specificity
(“grain”) appropriateo thetheoreticaissuedeingaddressed.

Spielerand Balota (this issue,hereafterSB) correlatedthe meanRTs of 31 subjectsnaming2820words
with performancaneasuregor the samewordsderived from two connectionismodelsof word reading:
thefeedforvard network developedby Seidenbeay andMcClelland(1989,hereaftelSM89)andtheattractor
network developedby Plaut,McClelland, Seidenbeg, and Patterson(1996, hereaftePMSP).They found
thatneithermodelaccountedor muchof thevarianceassociateavith individualitems. Thisis perhapsur

prising insofar assuchmodelshave beeninfluential partly becausehey closelysimulateempiricaleffects
obsered in numerousstudies,suchasthe frequeng-by-consistncy interaction(e.g., Taraban& McClel-

land,1987).SB’s dataraisequestionsaboutwhetherthe modelsgo beyond moretraditionalmeasuresuch
asword frequenyg, neighborhoodlensity and orthographidengthin contrituting to understandingvord

readingphenomena.

In this brief responsewe discussseveralissueghatmustbe addresseih assessinthe performancef
ourmodelsin particularandconnectionistnodelsin general.Our mainpointis thatthe ability of our mod-
elsto accountfor item-level datais limited by factorsrelatedto boththe modelsandthe data. With regard
to the models,humanperformances affectedby several factorsbeyondthe scopeof currentimplementa-
tions, including processesvolved in recognizindettersandproducingarticulatoryoutput,andindividual
differencesamongsubijects. Thesefactorsare importantto understandut have little bearingon our ac-



countof the phenomenave have alreadyaddressedyhich largely concernfrequeng and consisteng of
spelling-sounatorrespondencess discussedbelaw, it is clearthatour modelscould be extendedn these
additionaldirectionsutilizing existing principles.With regardto the data,therearelimits ontherobustness
of the estimate®f humanperformancerovided by all experimentdgncludingSB's. In fact,thereis alarge
amountof errorassociateavith theitem meanswvhich we would not expectnor wantthe modelsto capture.
Finally, evenwithin thelimits of theimplementednodelsandthebehaioral data thereareimportantissues
abouthow to relatethetwo. The simplecorrelationghat SB reportmay not provide an adequatdasisfor
assessinthe models.Questionsaboutthelinking assumptionghatrelatemodelanddataarisein assessing
every simulationmodelandneedto be considereaarefully

Relationships Among the M easures

SB’smainfocusis onthepredictive valueof traditional theory-independeémeasuresuchaslog frequeng,
ColtheartN (a measureof neighborhooddensity), and length, comparedto measureslerived from our
models. They reporttwo critical findings: first, the traditionalmeasuresogetheraccountfor more of the
variancein meannaminglatenciedor 2820wordsthando eitherof the measureserivedfrom our models;
and second the model measuresccountfor little additionaluniquevariance(also seeBesnerin press;
Besner& Bourassal995,for similar regressioranalysedasedn 30 subjectsnaming300words).

The measuredrom the models(the phonologicalerror scorein the SM89 model; settlingtime in the
PMSP model) reflecthow effectively the modelsgeneratgphonologicalcodesfor words and nonwords.
They areomnitus measureshatthey reflectthe aggr@ateeffectsof all of the factorsthatinfluenceperfor
mance. Unlike the traditionalmeasuresthe modelmeasureslerive directly from a theory of how words
arerepresentedndprocessedThe settingsof the weightsin the modelsare determinedby propertiesof
the training set,including the frequencieof wordsand structuralrelationshipsamongthem (e.g.,the ex-
tentto which they sharesubword patternghatarepronouncedimilarly or differently). The modelsshould
thereforecapturethe effectsof factorssuchaslog frequeng andColtheartN. Lengthis morecomplicated
becausd affectsseveralaspect®f word reading,suchastheencodingof visualdisplayandthe production
of articulatoryoutput,thatareoutsidethe scopeof currentmodels.

We recomputedhe regressionsagainstSB’s item means, enteringmeasureslerived from the models
first andthendeterminechonv muchresidualvariancewasexplainedby the traditionalmeasuresWe also
carriedout equivalentanalyseswith a similar datasetfacquiredby Seidenbey andWaters(1989, hereafter
SW).In thelatterstudy(usingthe samemethodsasSB), 30 McGill Universityundegraduate;amedaloud
the 2900wordsfrom the SM89 corpusplus someadditionalitems. The resultsof both analysesaregiven
in Table 1 (seeTreiman,Mullennix, Bijeljac-Babic,& Richmond-Vélty, 1995, for additionalregression
analysesnvolving a subsebf thesedata).

Consideringhe SM89modelfirst, thephonologicakrrorscoresaccounfor mostof thevarianceassoci-
atedwith log frequeng, andthe combinationof errorscoreandlengthleavesvery little varianceaccounted
for by log frequeng andColtheartN. This is particularlyclearfor the SW datasetwherefrequeng and
ColtheartN do not accountfor significantvarianceoncethe SM89 error scoreandorthographidengthare
takeninto account.ThePMSPsettlingtimesexhibit asimilar patternalthough asSB pointout, they account
for substantiallyfessvariance(seediscussiorbelaw).

It shouldbe clearwhy the modelsdo not accountfor very muchvariancebeyond whatis attributable
to the traditionalfactors. The performanceof the modelsshouldnot be independenbf log frequeng or
ColtheartN; rather we expectmeasureslerived from the modelsto subsumeheseeffects. The models
do accountfor a small amountof uniquevariance,presumablyrelatedat leastin partto spelling-sound
consisteng which noneof the othermeasuresaptures.Effects of this factorarelikely to be small: our

IWe thankDan SpielerandDavid Balotafor providing uswith their individual item andsubjectdata.



Tablel
Item-Level VarianceAccountedor by VariousFactors

SpielerandBalota(1997)data(n=2820)

After After After After
Factor Total SM89 SM89+Length PMSP PMSP+Length
Log Frequeng .0732 .0223 .0164 .0558 .0484
ColtheartN 1279 .0790 .0051 1106 .0128
Orthographid_ength .1439 .1108 1253

SM89Error Score .1007
PMSPSettlingTime .0333
Seidenbay andWaters(1989)data(n=2813)

After After After After
Factor Total SM89 SM89+Length PMSP PMSP+Length
Log Frequeng .0083 .000% .000¢ .0044 .0025
ColtheartN .0373 .0214 .0007 .0304 .0022
Orthographid_ength .0478 .0350 .0399

SM89Error Score .0291
PMSPSettlingTime .0143
Note: Columnsheadedby “After” indicate amountof varianceaccountedor by eachother factor after

partialling out the effects of the namedfactor(s),where“SM89” refersto the SM89 PhonologicalError
Score,'PMSP” refersto the PMSPSettlingTime, and“Length” refersto Orthographid_ength.

“Notreliableat p=.05.

theorysuggestshatsucheffectswill belimited to relatively low-frequeng words;for high-frequeng items,
little mattersotherthanfrequeny, length,andarticulatoryfactors. Thus, spelling-soundtonsisteng will

accountfor small amountsof variancecalculatedover the entire corpus(seeTreimanet al., 1995) and,
in fact, the effects of this factorin behaioral experimentsare also quite small (on the order of tensof
milliseconds) Thefactthatthemodelsaccuratelycapturesucheffectsandtheinteractiorbetweerfrequeng
andconsisteng despitetheir smallsizeis thereforeimportant.

In summarythemodelmeasureslo notfully accounfor lengtheffects,but whencombinedwith length
they largely accountfor the effects of factorssuchasfrequeng and ColtheartN. More importantly the
modelmeasureslerive from a theoryof how frequeng andothereffectsarisewithin the lexical system.
The residualeffectsof lengthremindus thatthereare aspectof word recognitionand pronunciatiorthat
arebeyondthescopeof theimplementednodels andtheremainingunexplainedvariancgin the SB dataset)
indicateghattheremaybeadditionalfactorsto considersomeof which we discusselow.

How Much Variancels There To Account For?

Onestriking aspecbf the SB datais how muchvarianceis unexplainedby ary known factor Enteringall
measureto amultiple regressionincludingonesrelatedto propertiesof theinitial phonemedgavesless
than half of the varianceexplained(also seeTreimanet al., 1995). This fact raisesquestionsabouthow
muchvarianceary modelshouldexplain giventhereliability of the lateny dataandthe robustnessf the
estimate®f theitem means.

For the2791itemsin commonbetweerthe SB andSW studiesthe correlationbetweertheitem means
is asurprisinglylow .54. Inspectionof the datafrom the two studiesshavs that overall meanandstandard
deviation weremuchsmallerin the SB study(468,21.6)thanin the SW study(570,45.4). Thedifferences
betweenstudiesareillustratedin Figure 1, which presentgdataconcerningthe benchmarkset of words
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Figure 1. Meanperformanceon Tarabanand McClellands (1987)high- andlow-frequeng regular and
exceptionwords, for (a) Tarabanand McClellands (1987) subjects,(b) Spielerand Balotas (this issue)
subjectsand(c) Seidenbey andWaterss (1989)subjects.

usedby TarabanandMcClelland (1987, hereaftelTM). Whereaghe SW datareplicatethe frequeng-by-
consisteng interaction,the SB datado not, consistentvith earlierfindingsindicatingthat frequeng and
consisteng effectsarelargerfor slover subject{Seidenbay, 1985).

Thesdifferencedetweerexperimentsnustbedueto factorsotherthanstimuluscharacteristicthatSB
emphasizedEachmodelrepresenta singlesubjectandthereforecannotaccountor between-subjecnd
between-gperimentvariance.SB’s analysesnvolve correlatingdatafrom eachmodelandmeansderived
from 31 subjectsln fact,if the RTsfor eachof SB’s individual subjectsarecorrelatedvith theitem means
for theremainingsubjectsthe correlationgangefrom —.0546 to .222. Thus,the SM89 modelcorrelates
more highly with theitem meang(.317)thanall of SB’s subjectsithe PMSPsettlingtimesyield a higher
correlation(.182)thanall but 6 of SB’s subjects:

Althoughindividual differencesannotbe capturedoy a singleinstantiationof a model, it is clearthat
they canbe addressedvithin our frameavork. Consider for example,the reductionof frequeng andcon-
sisteny effectsfor fastersubjects.evidentin Figure1l. The theorybehindthe SM89 and PMSPmodels
providesan explanationfor theseresultsunderthe assumptiorthat fastersubjectshaze morereadingex-
perience;within the SM89 and PMSPmodels,RTs get fasterand effect sizesget smallerwith increased
training. Effectsdueto speed-accurgctradeofs could alsobe explainedwithin the existing frameawvork.
Subjectsvho emphasizespeedbggin articulatingtheir responsegarlierthansubjectswho emphasizeac-
curag. This could be capturedby differencesn how long an attractornetwork is allowed to settle(see
Kawamoto& Zemblige,1992). Thus,althoughthe modelmeasureshat SB focusedon do notthemseles
accounfor theseeffects,they arecompatiblewith the broadertheorythatthe modelsapproximate.

PMSPalsodiscussndividual differencesn namingthatarerelatedto variationin thedivision of labor
betweenpathways within the lexical system. Subjectsmay vary in the extentto which they rely on the

20nepossibilityis that the meanperformancef multple networks would acountfor muchmorevariancethanary individual
network. To testthis, we trained31 differentversionsof afeedforward versionof the PMSPnetwork (PMSPSimulation2, trained
for 400epochausinga square-roofrequeng compression)achstartingwith differentinitial randomweights.After training, the
errorscoredor eachnetwork accountedor anaverageof .05270f thevariancen the SB RTs (range.0450—-.0791)The averageof
their errorscoresaccountedor only slightly morevariance:.0854.Thisis becauseunlike the subjectsthe performanceneasures
acrosqetworksarehighly correlatedmean.847,range.800—.881) Thus,initial randonweightsappearso beaninsuficientbasis
for capturingindividual differencesamongsubjects.



orthography-semantigghonology computationn naming;the strengthof input from this pathway affects
thebehaior of theorthography-phornogy computationDifferencesn division of labormayalsounderlie
thevariability amongsubjectsn studiessuchasSB's.

Fitting Modelsto Data

The final issueto considerconcernghe assumptionshatlink statisticsderived from our modelsand be-
havioral data. The SM89 modelyieldeda phonologicalerror scorethat capturedeffects of frequeng and
consisteng estimatedoy averagingacrossthe multiple items and subjectsemplg/ed in individual exper
iments. Although therewas an explicit theoryrelatingerror scoreto lateng, the modeldid not literally
modelreactiontimes. PMSPbeganthe explorationof a moredirectapproachusingthe settlingtimesin a
recurrentattractometwork to modelreactiontimes(alsoseeKawamoto& Zemblige,1992). Settlingtime
in the PMSPattractometwork wasmeasuredby the processindime requiredfor phonologicalctivationto
fully stabilize.Usingthis measureasananalogueof naminglateng is problematichowever, asit assumes
thatthat subjectsdo not bagin to initiate their responsesntil they have completedhe computationof the
stimulus’ phonologicalcode. This is almostcertainly false; underspeedechaminginstructionssubjects
may begin to initiate their responsebeforethe entire patternhasbeencomputed. Thus, whereashaming
lateny measurethetimeto initiate articulation,settlingtime reflectsthefinishingtime for thecomputation
of phonology This may be why this measurehassomevhat lesspredictive power thanthe error scores
from the SM89model. Attemptsto modeltime-varyingarticulatorymechanismaoredirectly arecurrently
undervay (Plaut& Kello, in press).

Clearlythereareissuegelatedto the modelingof reactiontimesthatneedto be consideredurther For
example,recentempiricalfindings (Kawamoto,Kello, Jones& Bame,in press)suggesthatsubjectamay
usea responseriterion basedprimarily on initial phoneme.Somepreliminarymodelingwork (Harm &
Seidenbay, 1997)suggestshatapplyingsucha responseriterionto the phonemideaturerepresentations
of aspelling-soundttractometwork accountgor moreitem-level varianceg(.139for theSB data,. 194for the
SWdata)comparedvith thePMSPattractometwork (.033and.014,respecitiely). Althoughtheseanalyses
arenotdefinitive, they clearlyindicatethatbetteffits to itemwisedatacanbeachieved usingexisting models
if thatis thegoal.

Conclusions

Our approactto understandingognitve processesuchasword readingis to attemptto articulategeneral
computationaprinciplesthat, wheninstantiatedn specificdomains,give rise to obsered performance.
Much of the power of theapproachderivesfrom the effectivenesof theseprinciplesacrossiomains Better
detailedfits to particulardatasetgould certainlybe obtainedby adoptingmoread hocanddomain-specific
assumptionandmechanismshut not without alossof explanatorypower. Of course pur ultimategoalis
to develop theoriesthat are both theoreticallycoherentacrossdomainsand quantitatvely accuratewithin
domains.In themeantimeit is importantto maintainanappropriatenatchbetweerthe scopeof thetheory
andcharacteristicef the behaioral datato be explained. Every computationamodelis limited in scope
and canbe falsified merely by consideringphenomendhat have not yet beenaddressedIn this respect,
researcton word recognitionis following anormalscientificprogressiorn which thelimitationsof current
modelsprovide theimpetusfor thenext generatiorof researchAt thesametime, identifying thelimitations
of our modelsanddirectionsfor future researchalsorequiresrecognizingimits imposedby the quality of
thedatain orderto avoid fitting error Empiricalchallengedik e thoseof SB provide animportantimpetus
for advancesin researchhut do not constitutethe sole basison which the adequag of modelsshouldbe
judged.
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