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Abstract

Theoreticallinguistshave traditionally relied on linguistic intuitions suchasgram-
maticality judgmentsfor their data. But the massive growth of computer-readable
texts andrecordings,theavailability of cheaper, morepowerful computersandsoft-
ware,andthedevelopmentof new probabilisticmodelsfor languagehave now made
thespontaneoususeof languagein naturalsettingsa rich andeasilyaccessiblealter-
native sourceof data.

Surprisingly, many linguistsbelieve that such`usagedata' are irrelevant to the
theoryof grammar. Fourproblemsarerepeatedlybroughtup in thecritiquesof usage
data—

1. correlatedfactorsseemingto supportreductive theories,

2. pooleddatainvalidatinggrammaticalinference,

3. syntacticchoicesreducingto lexical biases,and

4. cross-corpusdifferencesunderminingcorpusstudies.

Presentinga casestudyof work on theEnglishdative alternation,we show �rst,
that linguistic intuitionsof grammaticalityaredeeply�a wedandseriouslyunderes-
timate the spaceof grammaticalpossibility, and second,that the four problemsin
thecritiqueof usagedataareempiricalissuesthatcanberesolved by usingmodern
statisticaltheoryandmodellingstrategieswidely usedin other�elds.

The new modelsallow linguistic theoryto solve moredif�cult problemsthanit
hasin thepast,andto build convergentprojectswith psychology, computerscience,
andallied �elds of cognitive science.

1 The Problem

Imagineachild trying to convey themessagethatapersonnamedSusangave toys to
somechildren.1 Throughanincrementalprocessof formulatingasentence,thepartial
expressionSusangave hasalreadybeenconstructed.Two itemsfrom themessage
couldnow �ll thepositionaftertheverb: childrenandtoys. If toysis inserted�rst, a

1We aregratefulto JanStrunkandM. CatherineO'Connor for crucial help with dataandpresen-
tation. We have alsobene®tedfrom discussionswith JenHay, Beth Levin, RichardOehrle,andFritz
Newmeyer, althoughwe could not make every improvementsuggestedin the presentversion. The
graphicsandanalyseswerepreparedusingR (The R DevelopmentCoreTeam2004). The following
descriptionof theproblemis adaptedfrom V. S.Ferreira's (1996)descriptionof a parallel,incremental
modelof languageproductionby Bock (1982)andLevelt (1989).
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prepositionaldative structureis eventuallybuilt: “Susangave toys to thechildren.” If
childrenis inserted�rst, adoubleobjectstructureis eventuallybuilt: “Susangave the
childrentoys.” Which itemshouldbeselected?

This is the problemaddressedin this study. To establishour terminology, we
provide (1). We restatethe problemslightly moregenerally:How doesan English
speaker determinewhich of the alternative dative structuresto chooseto convey a
givenmessageabouta giving event—theprepositionaldative structureor thedouble
objectstructure?

(1) TermsUsedwith theDative Alternation

prepositionaldative structure: . . . gave[toys] [to thechildren] V NPPP
doubleobjectstructure: . . . gave[thechildren] [toys] V NPNP
dative PP: . . .gave[toys] [to thechildren] V NPPP
dative NP: . . .gave[the children] [toys] V NP NP
theme: . . .gave[toys] [to thechildren] V NP PP

. . .gave[thechildren] [toys] V NPNP
recipient: . . . gave[toys] [to thechildren] V NPPP

. . .gave[the children] [toys] V NP NP

The problemis interestingfor many reasons. In the psychologyof language,
theproblembearson learningandproduction.In computerscience,it is interesting
for thedevelopmentof naturallanguagegenerationsystems.In education,it relates
to secondlanguageacquisition. Even in English literature,the problemmay be of
interestfor quantitative studiesof styleandthedeterminationof authorship.

However, in (traditional)theoreticallinguisticsproblemsof this kind have been
consideredtoocomplex anddif�cult to tackle.Theview is widespreadthatlinguistic
theorymustmake radicalidealizationsof its data.In fact,somewould evenconsider
ourproblemuninterestingfor linguistictheory. Theslogan“Grammaris grammarand
usageis usage”—thetitle of the2003Presidentialaddressto theLinguistic Society
of America—seemsto setproblemslike this outsidetheboundsof linguistic theory,
at leastfor thosewho believe that the propersubjectmatterof linguistic theory is
grammaritself, abstractedaway from thechoicesof grammaticalstructuresmadeby
actualspeakers.

In thisessaywewill demonstratethattheproblemis not toodif�cult. Usingsome
tools which have beenemployed in otherareasof our �eld (seeBaayen2004and
references),we cancorrectlypredict94% of the actualchoicesof dative construc-
tions in a large corpusof naturalspontaneousconversations,the three-millionword
Switchboardcollectionof recordedtelephoneconversations(Godfrey, Holliman,and
McDaniel1992).
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Wewill show thattheproblemis interestingfor theoreticallinguistics,for several
reasons.First,we learnthatusingtraditionalmethodsof datacollectionin theoretical
linguistics,wehave underestimatedthespaceof grammaticalpossibility. Second,we
�nd thatpersistentquestionsaboutwhatkindsof dataarevalid to usefor linguistic
theorycanbeansweredempirically.

2 Predicting fr om Differ ent Meanings

Onevery naturalapproachto the problemis the ideaof predictingdifferentdative
structuresfrom differentmeanings.Advancedby Green(1974)andOehrle(1976,
1978),this ideawastaken up in in�uential work on languagelearnabilityby Pinker
andcolleagues(Gropen,Pinker, Hollander, Goldberg, andWilson1989;Pinker1989:
110–111). They arguedthat therearetwo waysof viewing the samegiving event:
ascausinga change of state(possession)or ascausinga change of place(movement
to a goal). They hypothesizedthat thedifferentwaysof conceptualizingthe giving
eventareassociatedwith differentstructures,thepossessionmeaningwith thedouble
objectstructureandthemovementmeaningwith theprepositionaldative structure:

(2) Meaning-to-Structure Mapping Hypothesis:

causingachangeof state(possession) ) V NPNP
example:Susangavethechildrentoys

causingachangeof place(movementto goal) ) V NP [to NP]
example:Susangavetoysto thechildren

Onekind of evidenceprovidedfor thishypothesiscomesfrom giveidioms,illus-
tratedin (3) and(4):

(3) a. Thatmoviegavemethecreeps.

b. * Thatmoviegavethecreepsto me.

(4) a. Thelighting here givesmea headache.

b. * Thelighting here givesa headacheto me.

Thesè giving events' involve no movementto a goal. Giving someonethecreepsis
causingsomeoneto have feelingsof fearandrevulsion. Giving someonea headache
is causingsomeoneto have a headache.In theseexamplesneither`the creeps'nor
`a headache'is transferredto a goal. Instead,they comeinto existencethrougha
changeof statein thepossessor. In accordancewith themeaning-to-structure mapping
hypothesis(2), theexamplesarereportedto allow only thedoubleobjectstructure.

Anotherkind of evidencecomesfrom `verbsof continuousimpartingof force':
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(5) a. I carried/pulled/pushed/schlepped/li fted/lowered/hauled theboxto John.

b. * I carried/pulled/pushed/schlepped/li fted/lowered/hauled Johnthebox.

Theseverbsdescribeparticularmannersof movementto agoal,while themovement
all thewayto thegoalis causedby anagent'scontinuousimpartingof force.Againin
accordancewith themeaning-to-structuremappinghypothesis(2), they arereported
to allow only thePPdative (by Pinker1989:110–111,Levin 1993:46,114,andmany
otherauthors).

Yet whenwe searchtheWorld Wide Webfor instancesof giveidiomsusedwith
the prepositionaldative, we �nd many in currentuse. The examplesin (6) and(7)
areillustrative. As foundin actualuse,theseexamplesareentirelywell-formedand
naturalto many speakers.

(6) GIVE THE CREEPS TO

a. . . .OrsonWelles,whoastheradiocharacter, “The Shadow,” usedto give
“the creeps”to countlesschild listeners. . .
http://clps.k12.mi.us/platte/sci®/toppage21.htm

b. Thisstoryis designedto givethe creepsto peoplewho hatespiders, but
is not true.
http://www.google.com/search?hl=en&ie=ISO-8859-1&q=%22give+the+creeps-
+to%22&btnG=Google+Search(cached)

c. This life-sizedpropwill give the creepsto just about anyone! Guesshe
wasn't quitedeadwhenweburiedhim!
http://www.frightshop.com/

d. Someof Andy's deathscreensareprettynastyandtheenemiesareguar-
anteedto give the creepsto the smaller set.
http://www.ladydragon.com/a-heartofdarkness.html

e. . . .Storieslikethesemustgivethecreepsto peoplewhoseideaof heaven
is a world without religion. . .
http://enquirer.com/editions/2001/09/30/loc lords gym.html

(7) GIVE A HEADACHE TO

a. Shefoundit hardto look at theSage's form for long. Thespellsthatpro-
tectedheridentityalsogave a headacheto anyonetrying to determine
even her size, theconstantbulging andrippling of her form gazeSarah
vertigo.
http://lair.echidnoyle.org/rpg/log/27.html
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b. Fromtheheads,offal andtheaccumulationof �shy, slimymatter, astench
or smellis diffusedover theshipthatwouldgivea headacheto the most
athletic constitution.
www.downhomer.com/Webmag/2000/0007/page36.html

c. Design?Well, unlessyou take pridein giving a headacheto your visi-
tors with a �ashing background?no.
http://members.tripod.com/� SailorMoonWorstOfWeb/archive/RunJan01.html

Similarly, whenwe searchtheWorld Wide Webfor instancesof verbsof contin-
uousimpartingof forcein thedoubleobjectconstruction,we �nd somevery natural
soundingexamples.See(8) for illustrative examples.

(8) VERBS OF CONTINUOUS IMPARTING OF FORCE

a. Karenspoke with Gretchenaboutthe procedurefor registeringa com-
plaint,andhand-carried her a form, but Gretchennever completedit.
2 June1999,NampaControversySummaryÐ IdahoLibrary Association, http:/
/www.idaholibraries.org/nampa.controversy.summary.htm

b. As PlayerA pushedhim the chips, all hell broke looseat thetable.
http://www.cardplayer.com/?sec=afeature&art id=165

c. Nothing like heartburn food. “I have thetums.” Nick joked. He pulled
himself a steamingpieceof the pie. “Thanksfor beinghere.”
http://www.realityfan®ction.addr.com/storm3.html

d. “Well. . . it startedlikethis.. . ” Shinboexplainedwhile Sumomodragged
him a can of beer andopenedit for him, “We werehaving dinner to-
getherand.. . ”
http://www.angel®re.com/wa2/bozyby/hold1.html

e. Therefore,when he got to purgatory, Buddhalowered him the silver
thr eadof a spider ashis lastchancefor salvation.
http://www.inch.com/� fujimura/ImofGrmain.htm

Notethatpushedhim thechipscomesfrom awebsitefor poker players;thechipsare
tokensrepresentingmoney amountsandtransferof possessiontakesplaceby moving
chips from one player to anotheracrossthe poker table. Note also that Sumomo
draggedhima canof beerdescribesanactionby a tiny robotservant.

Noneof theseexamplesfrom theWorld Wide Webis supposedto begrammati-
cally possible,thoughsporadiccounterexamplesof thetypesgivenwerealreadyno-
ticedby Gropenetal. (1989).Are thesevaluabledatathen,or simplysporadicerrors?
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In pioneeringwork, Green(1971)alreadyshowedthatintuitionsof grammatical-
ity for varioustypesof idiomatic dative constructionscanbe overriddenby factors
suchasthepronominalityof arguments.Reasonsfor consideringthepresentexam-
plesto be authenticallyrepresentative of grammaticalpossibility are�rst, that they
sound�ne asfoundin actualuse,andsecond,thattheir structuresareprincipled.We
have alreadycommentedon thenaturalnessof theWWW examples.Concerningthe
principlesunderlyingtheir structure,�rst compare(9)–(10):

(9) a. * Thatmovie gave thecreepsto me.

b. . . .Storieslikethesemustgivethecreepsto peoplewhoseideaof heaven
is a world without religion. . .

(10) a.??Storieslike thesemust give people whoseidea of heaven is a world
without religion the creeps. . .

b. Thatmovie gave methecreeps.

In bothof thenaturalsoundingexamples,(9b)and(10b),thelongerphraseisplacedat
theendby theprincipleof endweight(Behaghel1909,Wasow 2002).Theunnatural
soundingconstructedexamples(9a)and(10a)violatetheprincipleof endweight.

We infer that idioms like give the creepshave a strongbias toward the double
objectconstruction,but theprincipleof endweightoverridesit.

Next comparethe(a)and(b) examplesof (11)and(12):

(11) a.??Karenhand-carriedamana form.

b. Karenspoke with Gretchenaboutthe procedurefor registeringa com-
plaint,andhand-carried her a form, but Gretchennever completedit.

(12) a.??He draggedaguesta canof beer.

b. `Well. . . it startedlike this.. . ” Shinboexplainedwhile Sumomodragged
him a canof beer andopenedit for him, . . .

Notice that in the authenticexamples,the referentof the �rst object in the double
objectconstructionis givenin theimmediatelyprecedingdiscourseor eventhesame
sentence,andis de�nite andpronominal,in contrastto thesecondobject:

(13) Karenspoke with Gretchen abouttheprocedurefor registeringacomplaint,
andhand-carriedher a form, but Gretchennever completedit.
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(14) . . .Shinboexplainedwhile Sumomodraggedhim a canof beerandopened
it for him, . . .

In contrast,in theworse-soundingconstructedexamplesthereferentof the�rst object
in thedoubleobjectconstructionis notgivenin theimmediatelyprecedingdiscourse,
andin factis new, aswell asnonpronominalandinde�nite:

(15)??Karenhand-carrieda man a form.

??He draggeda guestacanof beer.

In otherwords,thereferentof the �rst objectin theauthenticexamplesis moredis-
courseaccessiblethanthatof thesecondobject,aswell asmorede�nite, pronominal,
andshorter—exemplifying aprincipleobservedby Collins (1995).

In a corpusstudyof AustralianEnglishdative constructionsCollins notedthat
doubleobjectconstructionsarepolarizedon scalesof discourseaccessibility, de�-
niteness,pronominality, andlengthin words,with the `Receiver' (recipient)having
themoreprominent(topic-like) propertieson thesescalesthanthe`Entity' (theme).
Collins(1995:47)referredto thealignmentof thesepropertieswith speci�c syntactic
positionsin doubleobjectstructuresas`Receiver/EntityDifferentiation'.To illustrate
thephenomenon,Collins' tabulardatafor discourseaccessibilityin doubleobject(NP
NP)andprepositionaldative (NPPP)structuresaregraphedin Figure1.

The dataare highly skewed in that most `receivers' (recipients)are given and
most `entities' (themes)arenongiven. If we considerthe proportional distribution
of discourseaccessibilityacrossdoubleobject and prepositionaldative structures,
a familiar patternemerges: 0.8 of given recipientsand0.76 of given themesoccur
in immediatelypostverbalposition;0.76 of nongiven themesand0.75 of nongiven
recipientsoccurin �nal position(in thesecondNPpositionor thedative PPposition,
respectively).

As illustratedin Figure2, the dative structurestendto be chosenso that given
referentsprecedenongivenreferentsin linearorder(Halliday1970,Thompson1990).
In exactlythesameway, pronounsprecedenonpronouns,de�nitesprecedeinde�nites,
andshorterprecedelonger. In the parlanceof Optimality Theorythesephenomena
arecasesof “HarmonicAlignment” of variousscaleswith syntacticposition(Aissen
1999,2003).

We infer that the verbsof continuousimparting of force have a stronglexical
biastowardtheprepositionaldative,but theprincipleof receiver-entitydifferentiation
(harmonicalignment)canoverrideit.

Wedraw thefollowing conclusionsfrom thisdiscussionof evidencefor predicting
thedative alternationfrom meaning.First, linguistic intuitionsof ungrammaticality
area poorguideto thespaceof grammaticalpossibility. Second,usagedatareveals
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Figure1: Plotsof Collins' (1995)tabular datashowing distribution of discourseac-
cessibilityin doubleobjectandprepositionaldative structures
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Figure2: Collins' (1995)data:proportionsof NPsin thetwo dative structures
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generalizationswhich we aresometimesblind to. Third, Englishdative verbshave
moresyntactic�e xibility thanwe thought,occuringmorefreely in alternative con-
structions.And fourth,wecannotpredictthedative alternationfrom meaningalone.

3 Predicting fr om Multiple Variables

Corpusstudiesof English have found that variouspropertiesof the recipientand
themehaveaquantitative in�uenceondativesyntax,includingdiscourseaccessibility,
relative length,pronominality, de�niteness,andanimacy (Thompson1990,Collins
1995,Snyder2003,Gries2003,a.o.).Yet whatreally drivestheEnglishdative alter-
nationremainsunclearbecauseof four problemsinherentto theuseof corpusdata.
First, pervasive correlationsin thedataseemto supportreductive theorieswhich ex-
plain thephenomenain termsof asinglevariable.Second,pooleddatafrom multiple
speakersmayinvalidategrammaticalinferenceif oursubjectmatteris theinternalized
grammarof theindividual. Third, propertiessuchasanimacy anddiscourseaccessi-
bility, whichcharacterizethereferentsof nounphrases,mightderive from verbsense
semantics.And fourth,cross-corpusdifferencesappearto underminetherelevanceof
corpusstudiesto grammaticaltheory. In thenext sectionswe explain eachproblem
in turnandshow how it canbeaddressedin ourdata.

3.1 The Problem of Corr elatedVariables

What really drives the dative alternationremainsunclearbecauseof pervasive cor-
relationsin thedata.Personalpronounsareshort,de�nite, have referentswhich are
discourse-given, andareusuallyanimate.Thereferentsof animatenominalsareof-
tendiscourse-givenandde�nite, frequentlyreferredtopronominally, andusuallyhave
nicknamesshortin length.

Suchcorrelationstemptresearchersinto reductive theoriesthatexplain effectsin
termsof justoneor two variables(e.g.Hawkins1994,Snyder2003).Onesuchbeau-
tifully simpleandappealingtheoryis that of Hawkins (1994). Discoursegivenness
correlateswith shorter, lesscomplex expressions,becauselessdescriptionis needed
to identify a referent.Shorterexpressionsoccurearlierin sentencesin orderto facil-
itateparsing,morecomplex processesbeingdeferredafter lesscomplex. Therefore,
apparent effectsof givenness(and correlatedpropertieslike animacy)could reduce
to thepreferenceto processsyntacticallycomplex phraseslater thansimpleones.

Question1. Are theseeffectsof discourseaccessibility, animacy, andthe like the
epiphenomenaof syntacticcomplexity effectsin parsing?

To answerthis question,we usedlogistic regressionto control simultaneously
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for multiple variablesrelatedto a binary response(Williams 1994;Arnold, Wasow,
Losongco,andGinstrom2000;Gries2003usesdiscriminantanalysis,which makes
assumptionsabout the datadistributions that are seldomsatis�ed). We also used
larger samplesof richly annotateddata: 2360dative observationsfrom the three-
million-word Switchboardcollectionof recordedtelephoneconversations.(Previous
researchersof the English dative alternationhave usedvery small samples,which
permitfewer variablesto beinvestigatedsimultaneously.)

All 2360 instancesof dative constructionsusedby speakers in the full Switch-
boardcollectionof recordedandtranscribedtelephoneconversationswereannotated
for theexplanatoryvariables.(SeetheAppendixfor informationon thesample.)

Our modelmakesuseof fourteenexplanatoryvariableswhich wereconsidered
likely to in�uence the choiceof alternative dative structures. Both discourseac-
cessibility and relative length of recipientand themewere found to be signi�cant
by Arnold and colleagues(2000) in a previous logistic regressionstudy. Because
the measuresof syntacticcomplexity or `weight' are highly correlated(Arnold et
al. 2000, Wasow 2002, Szmrecsanyi 2004a),we usedthe differencein numberof
graphemicwordsbetweenthe themeandrecipientto measuretheir relative weight,
taking a sign-preservinglog transformof the absolutevalueof the differenceto re-
ducethe effect of outliers. The factorsof animacy, de�niteness,andpronominality
were alreadymentioned. Animacy and de�nitenesswere codedusing the coding
practicesof Garretson,O'Connor, Skarabela,andHogan(2004),anddiscourseac-
cessibilitywas codedusingMichaelisand Hartwell (forthcoming),which is based
on Prince(1981)andGundel,Hedberg, andZacharski(1993). Pronominalitywas
de�ned to distinguishphrasesheadedby pronouns(personal,demonstrative, andin-
de�nite) from thoseheadedby nonpronounssuchasnounsandgerunds.In addition
to thesepredictors,structuralparallelism—theexistenceof the samekind of struc-
ture in thesamedialogue—seemedlikely to affect thechoiceof dative structuresin
our corpusdata,basedon experimentalstudies(seeSzmrecsanyi 2004b,2005for a
review of awide rangeof evidence).

From cross-linguisticevidence,number(singular/plural)andpersoncould also
have an in�uence (Aissen1999,2003;Haspelmath2004)anda bivariatepilot study
of theSwitchboardcorpusshowed personto have an in�uence parallelto grammat-
icalizedpersoneffectson alternative dative structures(BresnanandNikitina 2003).
Fivebroadsemanticclassesof usesof verbswhichparticipatein thedativealternation
werealsoconsidered:abstract(abbreviated`a') asin giveit somethought; transferof
possession(`t') asin givean armband,send; future transferof possession(`f '), ex-
empli�ed by owe, promise; preventionof possession(`p'), exempli�ed by cost,deny);
andcommunication(`c') asin tell, givemeyour name, saidon a telephone.

To have suf�cient datafor simultaneouscomparisons,we eliminatedvariables
having a very sparsevalue(personof theme,animacy of theme)andsimpli�ed the
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accessibilityandanimacy variablesto binary values:accessibilitywassimpli�ed to
given andnot given, animacy to animate(= human+ animal)and inanimate(not
humanor animal). The factorof `concretenessof theme'wasaddedto compensate
for oursimpli�cation of animacy into abinarycategory.

Thespeci�cationof this model(`Model A') is shown in (16). The“Response”is
thechoiceof thedative NPor dative PP, respectively denotedby 0 and1.

(16) Model A:

Response modeledasdependingon

semanticclass+ accessibilityof recipient+ accessibilityof theme+
pronominalityof recipient+ pronominalityof theme+ de�nitenessof
recipient+ de�nitenessof theme+ animacy of recipient+ personof
recipient+ numberof recipient+ numberof theme+ concreteness
of theme+ structuralparallelismin dialogue+ lengthdifference(log
scale)

Themathematicalstructureof a logistic regressionmodelis shown in (17).2

(17) The Logistic RegressionModel

logit [Probabilit y(Response= 1)] = X �

or

Probabilit y(Response= 1) =
1

1 + e� X �

Becauselogistic regressiondirectlymodelsprobabilitywithoutassumingaparticular
distribution of data,it is robust for skewed andotherwisenon-normallydistributed
data.

After �tting Model A to the data,we evaluatedthe �t. As Table1 shows, the
modelcorrectlyclassi�es92%of thedataoverall.
Theaccuracy measurein Table1 countsany probability> 0:5 ascorrectfor thedative
PPresponse,andsodoesnot distinguishmodelprobabilitiesnearchancefrom those

2The function logit is the naturallog of the oddsof the Response1 (herea dative PPrealization)
over 0 (dative NP realization).X is then � p modelmatrix and� is thep � 1 vectorof coef®cients,
wheren is thenumberof observationsandp is thenumberof modelparameters.Maximumlikelihood
estimationis usedto estimatethecoef®cients� .
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Table1: ModelA Accuracy

Classi�cationTablefor ModelA
(1 = PP;cutvalue= 0.50)

Predicted: % Correct
0 1

Observed: 0 1796 63 97%
1 115 386 77%

Overall: 92%

% Correctfrom alwaysguessingNPNP(=0): 79%

near1. Anothermeasureof �t comparesthe groupedpredictedprobabilitiesto the
observedproportionsof dativePPs.A perfect�t wouldcorrespondto thestraightline
shown in Figure3. Becausethe datapointsarecloseto the straightline, this plot
indicatesaverygood�t whenproportionsareconsidered.

To determinehow well themodelgeneralizesto unseendata,wedividedthedata
randomly100timesinto a trainingsetof suf�cient sizefor estimatingthemodelpa-
rameters(n = 2000) anda testingset (n = 360), �t the Model A parameterson
eachtrainingset,andscoredits predictionson theunseentestingset.Themeanover-
all score(average% correctpredictionson unseendata)is 92%,which is excellent,
showing thatthemodelis notover�tting thedata.

All of the model predictorsexcept for numberof recipientare signi�cant, all
p < 0:001 except for personof recipient,numberof theme,and concretenessof
theme,for which p < 0:05. As illustratedqualitatively in (18),whatModel A shows
usis thatevenwhenwecontrolsimultaneouslyfor all fourteenexplanatoryvariables,
the harmonicalignmenteffectsnotedby previous researchersarereal. The bolded
properties(discoursegivenness,animacy, de�niteness,pronominality, and relative
lengthof recipientandtheme)areeachalignedwith the immediatelypostverbalpo-
sition in boththedoubleobjectandtheprepositionaldative structures.Similarly, the
unboldedproperties(nongiven,nonpronoun,etc.) arealignedwith the�nal position,
whethersecondobjector dative PP.
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Figure3: Modelplotsof observedagainstestimatedresponses

ModelA: Model B:

0.0 0.2 0.4 0.6 0.8 1.0

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

Grouped predicted probabilities of PP  realization

P
ro

po
rt

io
ns

 o
f o

bs
er

ve
d 

P
P

 r
ea

liz
at

io
n

0.0 0.2 0.4 0.6 0.8 1.0

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

Grouped predicted probabilities of PP  realization

P
ro

po
rt

io
ns

 o
f o

bs
er

ve
d 

P
P

 r
ea

liz
at

io
n

ModelC:

0.0 0.2 0.4 0.6 0.8 1.0

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

Grouped predicted probabilities of PP  realization

P
ro

po
rt

io
ns

 o
f o

bs
er

ve
d 

P
P

 r
ea

liz
at

io
n

15



(18) Interpretationof ModelA
Harmonicalignmentwith syntacticposition:

(a)discoursegiven � nongiven
(b) pronoun � nonpronoun

(c) animate � inanimate
(d) de�nite � inde�nite

(e) recipientshorter than theme� recipientlongerthantheme

V NP NP
V NP PP

Themodelformula is shown in Figure4. Thesignsof thecoef�cients show the
directionsof theeffects.Positive coef�cients favor theprepositionaldative structure,
andnegative favor thedoubleobjectstructure.

In Figure 4 we see,for example,that in the �rst line labeled(a) the predictor
f accessibilityof recipient= nongiveng hasa positive coef�cient of +0 :99, thusfa-
voringtheNPPPstructure,asin givethetoysto a child. In thisstructuretherecipient
(a child) occursin the dative PPpositionat the right end following the postverbal
NP thetoys. Looking at line (a) of thediagramof qualitative harmonicalignmentin
(18),we seethatthenongivenpropertyis notbolded,andaligns(for recipients)with
theunbolded�nal phrasein V NP PP. In contrast,whenf accessibilityof recipient=
giveng, this predictorhasthe value0, which is negative comparedto +0 :99. Com-
paredto a nongiven recipient,a given recipientthereforehasa greatertendency to
favor the doubleobjectstructureV NPNP, asin give the children toys, placingthe
recipient(the children) in the �rst NP positionprecedingthe secondNP (the toys).
And againlooking at line (a) thediagramof qualitative harmonicalignmentin (18),
we seethat thegivenpropertyis bolded,andaligns(for recipients)with the �rst NP
in V NP NP.

For an exampleof a predictorwith a negative coef�cient in Figure4, consider
the predictorin the secondline labeled(a): f accessibilityof theme= nongiveng.
This predictorhasthe negative coef�cient � 1:1, which favors the NP NP structure
give the children toys. That structureplacesthe themetoysat the end. Looking at
line (a) of the diagramof qualitative harmonicalignmentin (18), we seethat the
nongiven propertyaligns(for themes)with the unbolded�nal phrasein V NP NP.
In contrast,when f accessibilityof theme= giveng, this predictorhasthe value0,
which is positive comparedto � 1:1. This predictorthereforehasa greatertendency
to favor theprepositionaldativestructure,asin givethetoysto a child. Thatstructure
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Figure4: Themodelformula(A)

Probabilit yf Response= 1g =
1

1 + e� X � ; where

X �̂ =
0:95

� 1:34f cg + 0:53f fg � 3:90f pg + 0:96f tg

(a) +0 :99f accessibility of recipient = nongiveng

(a) � 1:1f accessibility of theme = nongiveng

(b) +1 :2f pronominalit y of recipient = nonpronoung

(b) � 1:2f pronominalit y of theme = nonpronoung

(c) +0 :85f de�niteness of recipient = inde�nite g

(c) � 1:4f de�niteness of theme = inde�nite g

(d) +2 :5f animacy of recipient = inanimateg

+0 :48f personof recipient = nonlocalg

� 0:03f number of recipient = pluralg

+0 :5f number of theme = pluralg

� 0:46f concretenessof theme = nonconcreteg

(e) � 1:1f parallelism = 1g � 1:2 � length di�erence (log scale)

andf cg = 1 if subject is in group c; 0 otherwise(and likewisefor other categories).
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placesthe theme(the toys) in immediatepostverbalpositionprecedingthe PP(to a
child). Looking againat line (a) of theharmonicalignmentdiagramin (18), we see
that theboldedgivenpropertyalignswith theboldedposition(for themes)shown in
for V NP PP.

Now observe that all of the recipientpredictorsin the lines labeled(a)–(d) of
the model formula have positive coef�cients, while all of the themepredictorsin
theselines have negative coef�cients. Note further that the valuesof eachof these
predictorsaredrawn from the right handsidesof the correspondinglylabeledlines
in (18); thesearethelower endsof thescalesthatundergo harmonicalignmentwith
the indicatedsyntacticpositions.Thusby thesamereasoningjust illustratedfor the
accessibilitypredictors,we seethat the Model A formula is showing quantitatively
thepatternof harmonicalignmentthatis shown qualitatively in (18) for thesefactors.

As for the interval variablein Model A—the lengthdifferencepredictorin line
(e)—it, too, revealsthe quantitative patternof harmonicalignment.The lengthdif-
ferencecoef�cient � 1:2 is negative,sowhenthelengthdifferencevalueitself is neg-
ative, thepredictorwill be positive, favoring the NPPPstructure.By de�nition the
lengthdifferencevalueis negative whentherecipientis longerthanthetheme.This
correspondsto theright handsideof line (e) in (18), which harmonicallyaligns(for
the long recipient)with theunboldedPPin V NP PP. On the otherhand,whenthe
lengthdifferencevalueis positive, thepredictorwill benegative, favoring theNPNP
structurewhich placestherecipientin the�rst postverbalNPposition.By de�nition,
a positive lengthdifferencevaluemeansthat the themeis longerthanthe recipient,
which correpondsto the left handsideof line (e) in (18). Theshorterrecipienthar-
monicallyalignswith thebolded�rst NP positionin V NP NP. In short, themodel
formulashowsquantitativelytheharmonicalignmentpatternshownqualitativelyin
(18).

Model A givesusour answerto Question1. Theeffectsof discourseaccessibil-
ity, animacy, de�niteness,pronominality, andsyntacticweighton dative construction
choicearenot reducibleto syntacticcomplexity in parsing.

3.2 The problem of pooling different speakers' data

Onequestionis persistentlyaskedaboutcorpusstudiesof grammar.

Question2. In thewordsof Newmeyer (2003:696):

“The SwitchboardCorpusexplicitly encompassesconversationsfrom a wide
variety of speechcommunities. But how could usagefacts from a speech
communityto whichonedoesnotbelonghaveany relevancewhatsoever to the
natureof one'sgrammar?Thereisnowaythatonecandraw conclusionsabout
thegrammarof anindividual from usagefactsaboutcommunities,particularly
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communitiesfrom which theindividual receivesnospeechinput.”

The speakers of coursediffer from eachother in many ways. However, what they
sharein determiningtheir choicesof dative syntaxmight outweightheir differences.
This is thereforeanempiricalquestion.

TheSwitchboardCorpusis annotatedfor speaker identity. The2360instancesof
dativeconstructionsin oursamplewereproducedby 424totalspeakers.As indicated
in (19), thedataareextremelyunbalanced.

(19) 228speakersproduced4 to 7 instanceseach

106speakersproduced8 to 12 instanceseach

42 speakersproduced13 to 19 instanceseach

11 speakersproduced20+ instanceseach

We approachedthis problemasfollows. Speaker identity is a sourceof unknown
dependenciesin the data. The effectsof theseunknown dependencieson the reli-
ability of the estimatescan be themselves estimatedfrom the observed datausing
modernstatisticaltechniques(Efron and Tibshirani 1986, 1993; Feng,McLerran,
Grizzle1996;Harrell 2001). Whendatadependenciesfall into many small clusters
(eachspeaker de�nes a `cluster'), we canassumea `working independencemodel'
(our Model A) and revise the covarianceestimatesusing bootstrap samplingwith
replacementof entire clusters.

In otherwords,we cancreatemultiple copiesof thedataby resamplingfromthe
speakers. Thesamespeakers' datacanrandomlyoccurmany timesin eachcopy. We
repeatedlyre-�t themodelto thesecopiesof thedataandusedtheaverageregression
coef�cients of the re-�ts to correctthe original estimatesfor intra-speaker correla-
tions. If the differencesamongspeakers are large, they will outweighthe common
responsesandthe�ndings of ModelA will no longer besigni�cant.

The table in (20) shows the resultsof applying this procedureusing Model A
asourworking independencemodel.Thecoef�cients shown areidenticalto thosein
theModelA formula(ignoringrounding).Widenedcon�denceintervals(abbreviated
`C.I.' in thetable)re�ect thereductionof independentobservationsin ourdatacaused
by thepresenceof clustersof speaker dependencies.Thecon�denceintervals show
therangesof theoddsratiosfor which thereis a similar chanceof error (< 5%). An
oddsratio of 1 meansthat the oddsof a dative PP anda dative NP are the same,
so the outcomeis 50%–50%. If a con�denceinterval contains1, then we simply
have no reasonto saythata predictorleadsto a higher(or lower) probabilityfor the
prepositionaldative structure.Noticethat in our tablethecon�denceintervalsnicely
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stayaway from 1.3

(20) Model A: Relative magnitudesof signi�cant effectswith correctederrores-
timates

Coef�cient OddsRatioPP 95%C.I.
inanimacy of recipient 2.54 12.67 5.56–28.87
nonpronominalityof recipient 1.17 3.22 1.70–6.09
nongivennessof recipient 0.99 2.69 1.37–5.3
transfersemanticclass 0.96 2.61 1.44–4.69
inde�nitenessof recipient 0.85 2.35 1.25–4.43
pluralnumberof theme 0.50 1.65 1.05–2.59
personof recipient 0.48 1.62 1.06–2.46
nongivennessof theme –1.05 0.35 0.19–0.63
structuralparallelismin dialogue –1.13 0.32 0.22–0.47
nonpronominalityof theme –1.18 0.31 0.19–0.50
lengthdifference(log scale) –1.21 0.3 0.22–0.4
communicationsemanticclass –1.34 0.26 0.13–0.55
inde�nitenessof theme –1.37 0.25 0.15–0.44

We canthereforeinfer from our tablethat an inanimaterecipientis over twelve
timesmorelikely to beexpressedin a dative PPstructurethanananimaterecipient
(thoughthecon�denceinterval hereis wide, indicatingmuchvariability in thedata);
a nonpronominalrecipientis over threetimesmorelikely to bein a dative PPthana
pronominalrecipient;anda nongivenrecipient,almostthreetimesmorelikely to be
in adative PPthanagivenrecipient.

Thuswe have ananswerto Question2. Thein�uence of discourseaccessibility,
animacy, andthelikeondative syntaxremainsigni�cant whendifferencesin speaker
identityaretakeninto account.Whatthespeakers share in thechoiceof dativesyntax
outweighstheir differences.

3In analyzingtherelative magnitudesof predictors,we choseto includein our modelsall variables
thatwereconsidered,includingthosewhich turnedout to haveaninsigni®canteffecton theresponsein
our data.Eliminatingsuchvariablesoftenbiasestheresultsby in¯atingtheapparentmagnitudesof the
effectsof othervariables(Harrell2001).Thequestionof whetherthemagnitudesof discourseeffectson
syntaxareconsequentialcomparedto structuralparallelismis raisedby previouswork on theagentless
passive (WeinerandLabov 1983),andour resultsshow thatthey are.

Nevertheless,only the signi®cantpredictorsare displayedin our tablesof relative magnitudesof
effects. It is for this reasonthat `concretenessof theme', for example,is omittedfrom (20) and(26),
althoughit is includedin themodelformulaein Figures4 and5.
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3.3 The problem of lexical biases

Whatreally drivesthedative alternationstill remainsunclear. We have assumedthat
NPscanbedrawn outof thedatabaseandexaminedindependentlyfor theirproperties
of discourseaccessibility, animacy, pronominality, andthe like. But theseobserva-
tionsof NP propertiesarenot independent.Justasthepoolingof datafrom idfferent
speakersintroducedunknown dependenciesamongtheobservations(contraryto the
fundamentalmathematicalassumptionsof the models),so doesthe pooling of NP
observationsfrom differentverbs.

It is easyto seethat thepropertiesof recipientsandthemesdependon theverbs
which describethetransfereventsthey areparticipatingin. In our dataset,for exam-
ple, theverbbring is nearlythreetimesmorelikely to have a givenrecipientthanthe
verbtake, while take is overseventimesmorelikely to haveanongivenrecipientthan
bring—eventhoughthetwo berbsbelongto thesamebroadsemanticclassof transfer
of possession.(This may be becauseof the differing pointsof view implied by the
two verbs: the goal of bringing is usually locatednearthe speaker, while the goal
of taking is usuallylocatedaway from thespeaker.) Therearethirty-eightdifferent
verbsin ourdataset.

The propertiesof the NP argumentsare conditionalnot only on the verb they
occurwith, but alsoon thespeci�c useof theverb. For example,theverbgivehasa
larger thanaverageproportionof inanimaterecipients,becauseof themany abstract
usesit allows (BresnanandNikitina 2003):

(21) Exampleinanimaterecipientswith give:

Um, but still, it givesit somevariety.

but I'm goingto give it thumbsdown.

youknow, give it agreatdealof thought,

andyoucanaddhamburger if youwantto give it a little morebody

But the communicative senseof give, asin give meyour name, is like the verb tell
in having only animaterecipientsin our dataset,becausewe normallycommunicate
with people.

Anotherexampleof thedependenceof recipientandthemepropertieson thepar-
ticular useof the verb beingusedcomesfrom pay. The recipientsof payingin the
transfersense(suchaspayingmoney) arefarmorelikely to beanimateandgiventhan
the`recipients'of payingin theabstractsense(payingattentionor heed),asshown in
(22).
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(22) Distribution of animacy anddiscourseaccessibilityfor two sensesof pay

animate inanimate given nongiven
pay(transfer) 83 1 61 23
pay(abstract) 17 40 31 26

Presumablywearemorelikely to paymoney to recipientsthatwealreadyknow, who
arealsolikely asmoney-usersto beanimate.Similarly, we areprobablymorelikely
to payattentionto lessexpected,nongiventhings.

Thesefactsmotivateour third question.

Question3: Do the apparenteffects of givennessand animacy on the choiceof
dative syntaxstill hold whenthey areconditionedon speci�c verbsandverb
uses?

In the caseof speaker dependencies,we usedthe techniqueof bootstrapsam-
pling with replacementof entireclustersto estimatethe reliability lost by violating
theassumptionof independenceof observations.Thattechniqueworkswell for many
small clusters,but in the caseof the verb-usedependencies,thereare several ex-
tremelylarge clusters:theabstractusesof theverbgivealonemake up onethird of
theentiredataset,andthetransferusesof give, onesixth! Fortunately, analternative
approach—variously called“multilevel regression”,“mixed effectsmodeling”, and
“conditional regression”—isavailablewhich allows us to build the clustersinto the
modelasanadditionallayer(PinheiroandBates2000).

To de�ne our clusters,we crossedthe thirty-eight individual verbsparticipating
in the dative alternationin our datasetwith the � ve broadsemanticclasseswe had
annotated.Thereare�fty-� ve suchtheoretical̀ verbsenses'in usein our datasetof
dative structuresfrom thefull Switchboardcorpus.Examplesaregivenin (23).

(23) Exampleverbsenses:

give.t= givein transfersense:giveyouanarmband

give.c= givein communicationsense:givemethiscock andbull story. . .

give.a= givein abstractsense:givethata lot of thought

pay.t = payin transfersense:paysomebodygoodmoney

pay.a= payin abstractsense:payattentionto cats

Weusedamultilevel logistic regressionmodelto conditionthebinaryresponseonthe
verbsense.Themodelspeci�cationis shown in (24).4

4Themodelinterceptwasde®nedto bezeroby subtracting1. This allows thedifferentverbsense
groupsto becontrastedwith eachotherratherthanwith anarbitrarybaseline.
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(24) Model B: Responsemodeledasdependingon

�xed effects: semanticclass+ accessibilityof recipient+ accessibility
of theme+ pronominalityof recipient+ pronominalityof theme+
de�nitenessof recipient+ de�nitenessof theme+ animacy of recip-
ient + personof recipient+ numberof recipient+ numberof theme
+ concretenessof theme+ structuralparallelismin dialogue+ length
difference(log scale)� 1

random effect: verbsense

Themathematicalstructureof themodelis shown in (25):5

(25) A GeneralizedLinear Model with a SingleRandomIntercept

logit [Pr (Yij = yij jui )] = X ij � + ui

In ModelB theconditionalprobabilityof a responsegivenagroupi is systematically
linked to a linearcombinationof �x edcross-groupexplanatoryvariablesX ij anda
randomlyvaryingnormallydistributedgroupeffect.

After �tting Model B to the data,we evaluatedthe �t. As Table2 shows, the
modelcorrectlyclassi�es95%of thedataoverall.

Table2: ModelB Accuracy

% Classi�cationTablefor ModelB
(1 = PP;cut value= 0.50)

Predicted: % Correct
0 1

Observed: 0 1809 50 97%
1 68 433 86%

Overall: 95%

Theestimatedprobabilitiesof ModelB shown in Figure3 alsoshow anexcellent�t.

5Therearei groupsof data(onefor eachverbsense),eachgrouphaving j observations,sothatthe
total of observationsn = i � j . X ij is then � p modelmatrix, wherep is thenumberof parameters
and� is thep � 1 vectorof coef®cients.Therandomvariableui is normallydistributed,ui � N (0; � ),
soa singleparameter� canbeestimatedfor thesetof verbsenses.We usedtheglmmPQLalgorithm
describedby VenablesandRipley (2002)to estimatethemodelparameters.
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How well doesModel B generalizeto unseendata? As before,we divided the
datarandomly100timesinto a trainingsetof suf�cient sizefor estimatingthemodel
parameters(n = 2000) and a testingset (n = 360), �t the Model B parameters
on eachtrainingset,andscoredits predictionson theunseentestingset. Themean
overall score(average% correctpredictionson unseendata)is 94%,which is very
good,showing only a slightover�tting.

Themodelformulais shown in Figure5. Noticethatthedirectionsof theeffects
againreveal thesamepatternof harmonicalignmentalreadyseenin (18) andin the
ModelA formulain Figure4: thepositivecoef�cients for accessibility, pronominality,
animacy, andde�nitenessfavor thePPdative, thenegative favor theNP dative, and
thenegative coef�cient for thelengthdifferentialis exactly thesameasin ModelA.

Figure5: Themodelformula(B)

Probabilit yf Response= 1g =
1

1 + e� X � + u ; where

X �̂ =
1:5f ag + 0:58f cg + 0:96f fg � 3:28f pg + 2:7f tg

+1 :5f accessibility of recipient = nongiveng

� 1:2f accessibility of theme = nongiveng

+1 :7f pronominalit y of recipient = nonpronoung

� 2:2f pronominalit y of theme = nonpronoung

+0 :7f de�niteness of recipient = inde�nite g

� 1:7f de�niteness of theme = inde�nite g

+1 :5f animacy of recipient = inanimateg

+0 :4f personof recipient = nonlocalg

� 0:2f number of recipient = pluralg

+0 :7f number of theme = pluralg

+0 :35f concretenessof theme = nonconcreteg

� 1:1f parallelism = 1g � 1:2 � length di�erence (log scale)

andû � N (0; 2:27)

Finally, therelative magnitudesof theeffectsareshown in (26). This tableshows
thatan inanimaterecipientis over � ve timesmorelikely to beexpressedin a dative
PPstructurethanan animaterecipient. Animacy remainsa majorsigni�cant effect,
alongwith pronominalityandgivenness.A nonpronominalrecipientis alsoover � ve
timesmorelikely to be in a dative PPthana pronominalrecipient;anda nongiven
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recipient,over four timesmorelikely to bein adative PPthanagivenrecipient.

(26) ModelB: Relative magnitudesof signi�cant effects

Coef�cient OddsRatioPP 95%C.I.
nonpronominalityof recipient 1.73 5.67 3.25–9.89
inanimacy of recipient 1.53 5.62 2.08–10.29
nongivennessof recipient 1.45 4.28 2.42–7.59
inde�nitenessof recipient 0.72 2.05 1.20–3.5
pluralnumberof theme 0.72 2.06 1.37–3.11
structuralparallelismin dialogue –1.13 0.32 0.23–0.46
nongivennessof theme –1.17 0.31 0.18–0.54
lengthdifference(log scale) –1.16 0.31 0.25–0.4
inde�nitenessof theme –1.74 0.18 0.11–0.28
nonpronominalityof theme –2.17 0.11 0.07–0.19

Model B thus gives us an answerto Question3. The in�uence of givenness,
animacy, pronominalityandtheothervariablesonthechoiceof dativesyntaxremains
signi�cant whenthey areconditionedon speci�c verbsenses.

3.4 The problem of cross-corpus differences

Wenow take up thefourthproblemfor corpusstudiesof grammar.6

Question4: Doesit make senseto relatefrequenciesof usageto grammar?

After all, unlike thegrammaticalityof a linguistic form, which is anidealiza-
tion over usage,theactualfrequency of usageof a form is a functionof both
grammaticalstructureandextra-grammaticalfactorssuchasmemorylimita-
tions,processingload,andthecontext.

The datawe have examinedso far comefrom the Switchboardcorpus,which
re�ects the on-line processingof spontaneousspeech.How could our probabilistic
generalizationshold of a verydifferentcorpusconsistingof edited,written reportage
not subjectto memorylimitations, processingload, or the speaker-hearercontext?
In fact it is true that the frequenciesof double-objectconstructionsin the Switch-
boardcollectionof recordingsof telephoneconversationsdiffer substantiallyfrom
the frequenciesin theTreebankWall StreetJournalcollectionof news and�nancial
reportage,asshown in (27).

6This problemis raisedby Keller and Asudeh(2002: 240) as part of their critique of stochastic
optimality theory, but theproblemappliesmoregenerallyto probabilistictheoriesof grammarbasedon
usagedata.SeeBoersma(2004)for a response.
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(27) V NPNP's = 79%of totalSwitchboarddatives(n = 2360)

V NPNP's = 62%of totalWall StreetJournaldatives(n = 905)

On thefaceof it, suchfactsseemproblematicfor ourusage-basedstudies.
In orderto answerQuestion4, we �t thesamemodelto thecombineddatafrom

two differentcorporaandcomparethecomponent�ts. (On thespeci�cation,seen.
4.)

(28) Model C: Responsemodeledasdependingon

�xed effects: semanticclass+ accessibilityof recipient+ accessibility
of theme+ pronominalityof recipient+ pronominalityof theme+
de�nitenessof recipient+ de�nitenessof theme+ animacy of recipient
+ concretenessof theme+ lengthdifference(log scale)� 1

random effect: verbsense

Model C is Model B after removing threefactors(person,number, andparallelism)
notmarkedin ourWall StreetJournaldative dataset.Thereare110verbsensesin the
combinedcorporafor ModelC.

After �tting Model C to the data,we evaluatedthe �t. As Table3 shows, the
model correctly classi�es 93% of the dataoverall. The estimatedprobabilitiesof
ModelC shown in Figure3 alsoshow averygood�t.

Table3: ModelC Accuracy

ModelC Classi�cationTable
(1 = PP;cutvalue= 0.50)

Predicted: % Correct
0 1

Observed: 0 2320 96 96%
1 119 730 86%

Overall: 93%

To determinehow well ModelC generalizesto unseendata,weagaindividedthe
datarandomly100timesinto a trainingsetof suf�cient sizefor estimatingthemodel
parameters(n = 2000)anda testingset(n = 1265)andscoreits predictionson the
unseentestingset.Themeanoverall score(average% correctpredictionson unseen
data)is 92%,showing only aslightover�tting.
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Model C �ts thecombineddatavery well, andinterestingly, it capturesthesub-
stantialdifferencein frequenciesof doubleobjectconstructionsin datafrom thecom-
ponentcorpora,asshown in (29).

(29) ModelC ondatafrom componentcorpora

% NPNP's Switchboard Wall StreetJournal
predicted 79% 63%
actual 79% 62%

How is thispossible?
Theansweris that the inputsto themodelvary. For example,in theWall Street

Journaldataset,recipientnounsoutnumberpronouns5 to 1. In the Switchboard
datasetrecipientpronounsoutnumbernounsalmost4 to 1. Thus the tendency for
pronominalrecipientsto appearin theNPobjectpositionis aboutthesameacrossthe
two corpora.There are more doubleobjectconstructionsin theSwitchboard corpus
in part becausethere aresimplymore recipientpronouns.

Settingpronounsaside,theproportionof dative NPNPconstructionsis higherin
theWall StreetJournaldatathanin theSwitchboarddata,andModel C capturesthis
differencebetweenthecorporaaswell, asshown in (30).

(30) ModelC onnonpronominaldatafrom componentcorpora

% NPNP's Switchboard Wall StreetJournal
(nonpronouns)
predicted 49% 58%
actual 49% 55%

Again,how is thispossible?
Again, the answeris that inputs vary. For example,amongnonpronouncom-

plementsto dative verbs,medianlengthdifferential(log scale)in theTreebankWall
StreetJournalis 1.1,but themedianlengthdifferential(log scale)in theSwitchboard
corpusis 0.69. Thetendency for longerthemesto appearat theend,favoring theV
NP NP construction,is aboutthe samein both of the two corpora. There are more
doubleobjectconstructionsin theWall StreetJournal corpuswhenwesetpronouns
asidein part becausethere are simplylonger themenounphrases.

Our answerto Question4 is thereforethatsomestrikingdifferencesbetweendif-
ferentcorporacanbeexplainedasthe responseof thesamemodelto quantitatively
different inputs. The probabilisticstructureembeddedin the modelhasgenerality
andcapturessigni�cant structuralpropertiesof languagebeyondthecontingenciesof
aparticularcorpus.
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But is therereally no differencebetweenthe two corporawith respectto how
strongthe predictorsare? We investigatedthis questionby addingto Model C an
additionalfactor“modality” whosevalueis `s' for theSwitchboarddataand`w' for
theWall StreetJournaldataandthendevelopingfurthermodelsto studyall interac-
tionswith modality. We founda smallbut signi�cant higherprobabilityof usingthe
V NPPPstructurein theWall StreetJournaldata,but thereis no indicationwhatso-
everthattheotherparametersof themodelaredifferentfor datafrom thetwo corpora.
Thesimplestmodel,which treatsmodalityasa simplemaineffect, is alsothemost
accurate,asshown in (31).

(31) Comparisonof ModelsIncorporatingModality

Model ProportionCorrect Parameters
all interactionswith modality 0.935069 28
stepwisemodelselection 0.935069 26
asimplemaineffectsmodelwith modality 0.9353752 15
amodelwith handselectedsigninteractions 0.9353752 21

We concludethat the modelfor spoken Englishtransfers beautifully to written,
exceptthat in writtenEnglish,there is a slightlyhigherprobabilityof usingtheprepo-
sitional dativestructure. (Of course,it is alwayspossiblethat in otherregistersand
corporaandotherregionalvarietiesof English,furtherchangesarerequired,but for
thepresentdata,thereis only thesimplemaineffectof modalityto beaddedto Model
C.)

To summarize,wehaveexaminedfour problemsinherentto theuseof corpusdata
in linguistic theory—theproblemof correlatedfactorsseemingto supportreductive
theories,theproblemof pooleddatainvalidatinggrammaticalinference,theproblem
of nominalfactorspossiblyderiving from verbsensesemantics,andtheproblemof
cross-corpusdifferences.Wehaveshown how answerscanbefoundby usingmodern
statisticaltheoryandmodelingstrategiesusedin otherareasof our �eld andwidely
usedin other�elds suchasbiologyandeducation.

Along with formal syntacticandsemanticproperties,the propertiesof animacy
anddiscourseaccessibilityhave anirreducibleeffect on dative syntaxacrosswritten
andspokenmodalities,acrossverbsenses,andacrossspeakers.

4 Concluding Remarks

We have found that linguistic dataaremoreprobabilisticthanhasbeenwidely rec-
ognizedin theoreticallinguistics. We have examineda body of ecologicallyvalid
data—spontaneouslanguageusein naturalsettings—usingstatisticaltechniquesfor
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analyzingmultiple variables.And we have constructeda modelthatcanpredictthe
choiceof dative structureswith 94% accuracy, andcanresolve persistentquestions
aboutusagedata.

Our resultsarecorroboratedby �ndings from researchon languageproductionin
controlledlaboratorysettings.On theeffectsof discourseaccessibilityon syntactic
choicein dativesandpassives,seeBockandIrwin (1980)andPrat-SalaandBranigan
(2000) and references.On the effects of animacy, seeBock, Loebell, and Morey
(1992)andreferences.

Recallwherewebeganthisessay, with (traditional)theoreticallinguisticsregard-
ing the problemof predictingthe dative alternationastoo dif�cult to tackleandas
outsidethepropersubjectmatterfor linguistic theory. Wenotethat�eld linguistsand
typologistshavefoundthatthesefactorshavebecomepartof thecategoricalgrammat-
ical structureof dativesyntaxin anumberof languages(see,for example,Hawkinson
andHyman1974; Morolong andHyman1977; Polinsky 1994,1996,1997; Evans
1997; Haspelmath2003, 2004). But even if this were not so, we suggestthat by
tacklingproblemsof this kind, theoreticallinguisticshasanopportunityto build col-
laborative researchwith psychology, computerscience,andallied �elds andthereby
deepenourunderstandingof thecognitive foundationsof interpretation.

Appendix: Data Sample

Thesamplewasselectedby takingall verbsthatappearin eithertheprepositionalda-
tivestructureor thedoubleobjectstructurein theone-millionwordTreebankSwitch-
boardcorpus(Marcus,Santorini,andMarcinkiewicz 1993), lessbenefactives (buy,
cookfor), thoseverbsfor which therearethreeor morealternative constructions(ask
peoplea question,aska questionof/topeople;provideJohn(with) a book,providea
bookto John),7 andnon-alternatingverbs(thosefor which therewerenotat least� ve
instancesin eachdative structurein thatportionof the Internetindexed by Google).
The thirty-eight resultingverbswerethenusedto searchfor dative structuresin the
full three-millionword Switchboardcorpus. Instanceswereexcludedwhich lacked
two overt objects,hada passivizedobjectassubject,occuredin highly �x edexpres-
sions(to tell youthetruth, I'll tell youwhat), wereconcealedquestions(I'll tell you
anotherplant that is purply), or had unambiguouslyspatialgoals(take my dog to
SaintLouis).

7Heavy NP shift examples(V PPNP) werenot considered,becauseof their extremerarity. For the
verbsweexamined,therewereonly four instancesin thefull Switchboardcorpus,comparedto over®ve
hundredinstancesin theunshiftedorder(V NPPP).
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