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Abstract

Theoreticallinguists have traditionally relied on linguistic intuitions suchas gram-
maticality judgmentsfor their data. But the massve growth of computeireadable
texts andrecordingsthe availability of cheapermore powerful computersandsoft-
ware,andthe developmentof new probabilisticmodelsfor languagehave now made
the spontaneousseof languagen naturalsettingsarich andeasilyaccessiblalter
native sourceof data.

Surprisingly mary linguists believe that such usagedata’ are irrelevant to the
theoryof grammar Four problemsarerepeatedioroughtupin thecritiquesof usage
data—

1. correlatedactorsseemingo supportreductve theories,
2. pooleddatainvalidatinggrammaticalnference,
3. syntacticchoicesreducingto lexical biasesand

4. cross-corpuslifferencesuinderminingcorpusstudies.

Presentinga casestudyof work on the Englishdatve alternationwe shawv rst,
thatlinguistic intuitions of grammaticalityare deeply a wed andseriouslyunderes-
timate the spaceof grammaticalpossibility and second,that the four problemsin
the critique of usagedataareempiricalissueshat canbe resolhed by usingmodern
statisticaltheoryandmodellingstratgieswidely usedin other elds.

The newv modelsallow linguistic theoryto solve moredif cult problemsthanit
hasin the past,andto build convergentprojectswith psychologycomputerscience,
andallied elds of cognitive science.

1 The Problem

Imaginea child trying to corvey the messagé¢hata persomamedSusargave toys to
somechildren! Throughanincrementaprocesof formulatingasentencethepartial
expressiorSusargave__ hasalreadybeenconstructedTwo itemsfrom themessage
couldnow Il thepositionafterthe verb: childrenandtoys If toysis insertedrst, a

We aregratefulto JanStrunkand M. CatherineO'Connorfor crucial helpwith dataand presen-
tation. We have alsobene®tedrom discussionsith JenHay, Beth Levin, RichardOehrle,and Fritz
Newmeyer, althoughwe could not make every improvementsuggestedn the presentversion. The
graphicsand analyseswvere preparedusingR (The R DevelopmentCore Team2004). The following
descriptionof the problemis adaptedrom V. S. Ferreiras (1996)descriptionof a parallel,incremental
modelof languageproductionby Bock (1982)andLevelt (1989).



prepositionablative structures eventuallybuilt: “Susangave toysto thechildren’ If
childrenis insertedrst, adoubleobjectstructures eventuallybuilt: “Susangave the
childrentoys” Whichitem shouldbe selected?

This is the problemaddressedh this study To establishour terminology we
provide (1). We restatethe problemslightly moregenerally: How doesan English
speakr determinewhich of the alternatve dative structuresto chooseto corvey a
given messagabouta giving event—theprepositionablative structureor the double
objectstructure?

(1) TermsUsedwith the Dative Alternation

prepositionatatie structure: ...gave[toyq [to thechildrenl V NPPP

doubleobjectstructure: ...gave[thechildrenr] [toy] V NP NP
datve PP: ...gave[toyq [to thechildren] V NPPP
datve NP: ...gave[the children] [toyq V NP NP
theme: ...gaveftoyq [to thechildrenl V NP PP

...gave[thechildrer] [toyg V NP NP
recipient: ...gaveftoyq [to thechildren] V NPPP

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

The problemis interestingfor mary reasons. In the psychologyof language,
the problembearson learningandproduction. In computersciencejt is interesting
for the developmentof naturallanguagegeneratiorsystems.In educationjt relates
to secondanguageacquisition. Evenin Englishliterature,the problemmay be of
interestfor quantitatve studiesof styleandthe determinatiorof authorship.

However, in (traditional)theoreticallinguistics problemsof this kind have been
consideredoo complex anddif cult to tackle. Theview is widespreadhatlinguistic
theorymustmalke radicalidealizationof its data.In fact,somewould even consider
ourproblemuninterestindor linguistictheory Theslogan‘Grammaris grammamnd
usageis usage’—thditle of the 2003 Presidentiahddresgo the Linguistic Society
of America—seem#o setproblemdlik e this outsidethe boundsof linguistic theory
at leastfor thosewho believe that the propersubjectmatterof linguistic theoryis
grammaiitself, abstracte@way from the choicesof grammaticaktructuresmadeby
actualspealkers.

In thisessaywewill demonstratéhatthe problemis nottoodif cult. Usingsome
tools which have beenemployed in otherareasof our eld (seeBaayen2004and
references)we can correctly predict94% of the actualchoicesof dative construc-
tionsin a large corpusof naturalspontaneousorversationsthe three-millionword
Switchboardcollectionof recordedelephonecornversationgGodfrey, Holliman,and
McDaniel1992).



We will shaw thattheproblemis interestingfor theoreticalinguistics,for several
reasonsFirst, we learnthatusingtraditionalmethodsf datacollectionin theoretical
linguistics,we have underestimatethe spaceof grammaticapossibility Secondwe

nd that persistenfjuestionsaboutwhatkinds of dataarevalid to usefor linguistic
theorycanbe answereagmpirically

2 Predicting from Differ ent Meanings

Onevery naturalapproachto the problemis the ideaof predictingdifferentdatve

structuredrom different meanings. Advancedby Green(1974)and Oehrle (1976,
1978),thisideawastaken up in in uential work on languagdearnabilityby Pinker

andcolleaguegGropen Pinker, Hollander Goldbeg, andWilson 1989;Pinker 1989:

110-111). They aguedthat therearetwo ways of viewing the samegiving event:

ascausinga change of state(possessionyr ascausinga change of place(movement
to a goal). They hypothesizedhat the differentwaysof conceptualizinghe giving

eventareassociateavith differentstructuresthe possessiomeaningwith thedouble
objectstructureandthe movementmeaningwith the prepositionallative structure:

(2) Meaning-to-Structure Mapping Hypothesis:

causinga changeof state(possession) ) V NP NP
example:Susargavethe childrentoys

causinga changeof place(movementtogoal) ) V NP[to NP]
example:Susargavetoysto the children

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

(3) a. Thatmovie gavemethecreeps.
b. * Thatmovie gavethecreepsto me

(4) a. Thelighting here givesmea headabe
b. * Thelighting here givesa headabeto me

These giving events'involve no movementto a goal. Giving someonéghe creepss
causingsomeoneo have feelingsof fearandrevulsion. Giving someonea headache
is causingsomeondo have a headacheln theseexamplesneither 'the creeps'nor
“a headachels transferredto a goal. Instead,they comeinto existencethrougha
changeof statein thepossessoitn accordancaith themeaning-to-structermapping
hypothesig2), the examplesarereportedo allow only the doubleobjectstructure.
Anotherkind of evidencecomesfrom “verbsof continuousmpartingof force":
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(5) a.
b. *1 carried/pulled/pshedsdlepedlifted/loweredhauled Johnthe box.

| carried/pulled/pshedsdleppedlifted/loweredhauled the boxto John.

Theseverbsdescribegoarticularmannerof movementto a goal, while the movement
all thewayto thegoalis causedy anagents continuousmpartingof force. Againin
accordancevith the meaning-to-structuremappinghypothesiq?2), they arereported
to allow only the PPdative (by Pinker 1989:110-111l evin 1993:46,114,andmary
otherauthors).

Yetwhenwe searchthe World Wide Webfor instance®f giveidiomsusedwith
the prepositionadative, we nd mary in currentuse. The examplesin (6) and(7)
areillustrative. As foundin actualuse,theseexamplesareentirely well-formedand
naturalto mary speakrs.

(6)

(7)

GIVE THE CREEPS TO

...OrsonWelles,who astheradiocharacter‘The Shadw,” usedto give
“the creeps”to countlesschild listeners ..
http://clps.k12.mi.us/platte/sci®/toppage2inh

Thisstoryis designedo give the creepsto peoplewho hate spiders but
is nottrue.
http://www.google.com/search?hl=ein&=1S0-8859-1&q=%22gve+thercree|s-
+t0%228&btnG=Google+Seard¢bached)

Thislife-sizedpropwill give the creepsto just aboutanyond Guesse
wasnt quite deadwhenwe buried him!
http://www frightshop.com/

Someof Andy's deathscreensrepretty nastyandthe enemiesareguar
anteedo give the creepsto the smaller set
http://www ladydragon.com/agartddarkness.htrh

... Storiedikethesemustgive the creepsto peoplewhoseideaof heaven
is aworld without religion. ..
http://enquireicom/editions/2001830/loclords. gym.html

GIVE A HEADACHE TO

Shefoundit hardto look atthe Sages form for long. The spellsthatpro-
tectedheridentity alsogave a headacheto anyonetrying to determine
even her size the constantoulging andrippling of herform gazeSarah
vertigo.

http://lairechidngle.org/rpg/log27.html
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b. Fromtheheadspffal andtheaccumulatiorof shy, slimy matterastench

or smellis diffusedovertheshipthatwould give a headacheto the most
athletic constitution.
www.dowvnhomercom/WWebmag/200/0007/page 3 .html

Design?Well, unlessyou take pridein giving a headacheto your visi-
tors with a ashing background?no.
http://members.tripod.com/SailorMoonWorstOfWeb/arclive/RunJan@.html

Similarly, whenwe searchthe World Wide Webfor instance®f verbsof contin-
uousimpartingof forcein the doubleobjectconstructionwe nd somevery natural
soundingexamples.See(8) for illustratve examples.

(8)

VERBS OF CONTINUOUS IMPARTING OF FORCE

Karen spole with Gretchenaboutthe procedurefor registeringa com-
plaint,andhand-carried her a form, but Gretchemever completedt.

2 Junel999,NampaControversySummaryb IdahoLibrary Association http:/
/www.idaholibraries.ag/nampacortroversysumnary.htm

As PlayerA pushedhim the chips, all hell broke looseatthetable.
http://www.cardplayexcom/?sec=afeaturefitid=165

Nothinglike heartburnfood. “I have thetums’ Nick joked. He pulled
himself a steamingpieceof the pie. “Thanksfor beinghere’.
http://www realityfan®ction.addcom/storn3.html

“Well...it startedikethis...” Shinboexplainedwhile Sumomadragged
him a can of beer and openedit for him, “We were having dinnerto-
getherand...”

http://www.angel®re.com/w2/bozybyhadl1.html

Therefore,when he got to purgatory Buddhalowered him the silver
thread of a spider ashis lastchancefor sahation.
http://wwwinch.com/ fujimura/ImofGrmainhtm

Notethatpushechim the chipscomesfrom awebsitefor poker playersithe chipsare
tokensrepresentingnongy amountsandtransferof possessiotakesplaceby moving
chips from one playerto anotheracrossthe poker table. Note also that Sumomo
dragged him a canof beerdescribesnactionby atiny robotsenant.

None of theseexamplesfrom the World Wide Web s supposedo be grammati-
cally possible thoughsporadiccountergamplesof the typesgivenwerealreadyno-
ticedby Gropenetal. (1989). Are thesevaluabledatathen,or simply sporadicerrors?
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In pioneeringwork, Green(1971)alreadyshavedthatintuitions of grammatical-
ity for varioustypesof idiomatic dative constructionsan be overriddenby factors
suchasthe pronominalityof aguments.Reasongor consideringhe presentexam-
plesto be authenticallyrepresentate of grammaticalpossibility are rst, thatthey
sound ne asfoundin actualuse,andsecondthattheir structuresareprincipled. We
have alreadycommentedn the naturalnessf the WWW examples.Concerninghe

principlesunderlyingtheir structure, rst comparg9)—(10):

(9) a.* Thatmovie gave thecreepdo me.

b. ...Storiedikethesanustgivethe creepsto peoplewhoseideaof heaven
is aworld 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),thelongerphrases placedat
the endby the principle of endweight(Behaghell909,Wasav 2002). Theunnatural

soundingconstructedxampleg9a)and(10a)violatethe principle of endweight.
We infer thatidioms like give the creepshave a strongbias toward the double

objectconstructionput the principle of endweightoverridesit.
Next comparethe (a) and(b) examplesof (11) and(12):
(11) a??Karenhand-carriechmanaform.

b. Karenspole with Gretchenaboutthe procedurefor registeringa com-
plaint,andhand-carried her a form, but Gretchemever completedt.

(12) a??Hedraggedaguestacanof beer

b. “Well...it startedikethis...” Shinboexplainedwhile Sumomadragged
him a can of beerandopenedt for him, ...

Notice thatin the authenticexamples,the referentof the rst objectin the double
objectconstructions givenin theimmediatelyprecedingdiscourseor eventhe same
sentenceandis de nite andpronominaljn contrasto the secondbject:

(13) Karenspole with Gretthen aboutthe procedurdor registeringa complaint,
andhand-carriedher aform, but Gretchemever completedt.



(14) ...Shinboexplainedwhile Sumomodraggechim a canof beerandopened
it for him, ...

In contrastjn theworse-soundingonstructe@xampleghereferentof the rst object
in thedoubleobjectconstructionrs notgivenin theimmediatelyprecedingdiscourse,
andin factis new, aswell asnonpronominahndinde nite:

(15)y?Karenhand-carrieca man aform.
??He draggedh guesta canof beer

In otherwords,the referentof the rst objectin the authenticexamplesis moredis-
courseaccessibléhanthatof thesecondbject,aswell asmore de nite, pronominaj
andshorter—exemplifying a principle obsered by Collins (1995).

In a corpusstudy of AustralianEnglishdative constructionsCollins notedthat
doubleobjectconstructionsare polarizedon scalesof discourseaccessibility de -
nitenesspronominality andlengthin words, with the "Recever' (recipient)having
the more prominent(topic-like) propertieson thesescaleshanthe "Entity' (theme).
Collins (1995:47) referredto thealignmentof thesepropertieswith speci ¢ syntactic
positionsin doubleobjectstructuresas Recever/Entity Differentiation’. To illustrate
thephenomenorCollins' takular datafor discourseaccessibilityin doubleobject(NP
NP) andprepositionallative (NP PP)structuresaregraphedn Figurel.

The dataare highly skewed in that most “recevers' (recipients)are given and
most “entities' (themes)are nongven. If we considerthe proportional distribution
of discourseaccessibilityacrossdouble object and prepositionaldative structures,
a familiar patternemeges: 0.8 of given recipientsand0.76 of given themesoccur
in immediatelypostwerbal position; 0.76 of nongven themesand 0.75 of hongven
recipientsoccurin nal position(in the second\IP positionor the dative PPposition,
respectrely).

As illustratedin Figure 2, the dative structuresendto be chosenso that given
referentprecedenongvenreferentsn linearorder(Halliday 1970, Thompsori990).
In exactlythesameway, pronoungprecedaonpronounsje nitesprecedende nites,
andshorterpreceddonger In the parlanceof Optimality Theorythesephenomena
arecasef “Harmonic Alignment” of variousscaleswith syntacticposition(Aissen
1999,2003).

We infer that the verbsof continuousimparting of force have a stronglexical
biastowardtheprepositionatative, but theprincipleof recever-entity differentiation
(harmonicalignment)canoverrideit.

Wedraw thefollowing conclusiongrom this discussiorof evidencefor predicting
the dative alternationfrom meaning.First, linguistic intuitions of ungrammaticality
area poorguideto the spaceof grammaticapossibility Secondusagedatareveals



Figurel: Plotsof Collins' (1995)takular datashaving distribution of discourseac-
cessibilityin doubleobjectandprepositionablative structures
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generalizationsvhich we are sometimeslind to. Third, Englishdative verbshave
more syntactic e xibility thanwe thought,occuringmorefreely in alternatve con-
structions.And fourth, we cannotpredictthe dative alternationfrom meaningalone.

3 Predicting from Multiple Variables

Corpusstudiesof English have found that various propertiesof the recipientand
themehave aquantitatve in uence ondative syntax,includingdiscourseccessibility
relative length, pronominality de niteness,and animag (Thompsonl1990, Collins
1995,Snyder2003,Gries2003,a.0.). Yetwhatreally drivesthe Englishdative alter
nationremainsunclearbecausef four problemsinherentto the useof corpusdata.
First, penasve correlationsn the dataseenmto supportreductve theorieswhich ex-
plainthe phenomenin termsof a singlevariable.Secondpooleddatafrom multiple
speakrsmayinvalidategrammaticainferencef oursubjectmatteris theinternalized
grammaurof theindividual. Third, propertiessuchasanimay anddiscourseaccessi-
bility, which characterize¢hereferentof nounphrasesmight derive from verbsense
semanticsAnd fourth, cross-corpusifferencesppeato undermingherelevanceof
corpusstudiesto grammaticatheory In the next sectionswe explain eachproblem
in turnandshav how it canbeaddresseth our data.

3.1 The Problem of Corr elated Variables

Whatreally drives the dative alternationremainsunclearbecausef penasve cor
relationsin the data. Personapronounsareshort,de nite, have referentswhich are
discourse-gien, andareusuallyanimate.The referentsof animatenominalsare of-
tendiscourse-gienandde nite, frequentlyreferredto pronominally andusuallyhave
nicknamesshortin length.

Suchcorrelationgemptresearchermto reductve theoriesthatexplain effectsin
termsof justoneor two variableg(e.g.Hawkins 1994,Snyder2003).Onesuchbeau-
tifully simpleandappealingheoryis that of Hawkins (1994). Discoursegivenness
correlateswith shortey lesscomplex expressionsbecausdessdescriptionis needed
to identify areferent.Shorterexpression®ccurearlierin sentences orderto facil-
itate parsing,morecomple processebeingdeferredafterlesscomplex. Therefore,
appaent effectsof givennesgand correlatedpropertieslike animacy)could reduce
to the prefeienceto processsyntacticallycomple phrasedater thansimpleones.

Questionl. Are theseeffectsof discourseaccessibilityanimag, andthe like the
epiphenomenaf syntacticcompleity effectsin parsing?

To answerthis question,we usedlogistic regressionto control simultaneously
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for multiple variablesrelatedto a binary responséWilliams 1994; Arnold, Wasav,

Losongco,andGinstrom2000; Gries2003usesdiscriminantanalysis which makes
assumptionsboutthe datadistributions that are seldomsatis ed). We also used
larger samplesof richly annotateddata: 2360 dative obserationsfrom the three-
million-word Switchboardcollectionof recordedelephonecorversations (Previous
researchersf the English datve alternationhave usedvery small sampleswhich
permitfewer variableso beinvestigatedsimultaneously

All 2360instancef dative constructionausedby speakrsin the full Switch-
boardcollectionof recordedandtranscribedelephonecorversationsvereannotated
for the explanatoryvariables.(Seethe Appendixfor informationon the sample.)

Our modelmakes useof fourteenexplanatoryvariableswhich were considered
likely to in uence the choice of alternatve datwve structures. Both discourseac-
cessibility and relative length of recipientand themewere found to be signi cant
by Arnold and colleagueg2000)in a previous logistic regressionstudy Because
the measure®f syntacticcompleity or “weight' are highly correlated(Arnold et
al. 2000, Wasav 2002, Szmrecsayi 2004a),we usedthe differencein numberof
graphemiowordsbetweenthe themeandrecipientto measurgheir relative weight,
taking a sign-preservindog transformof the absolutevalue of the differenceto re-
ducethe effect of outliers. The factorsof animag, de niteness,and pronominality
were alreadymentioned. Animagy and de nitenesswere codedusing the coding
practicesof GarretsonO'Connor Skarabelagnd Hogan(2004),and discourseac-
cessibility was codedusing Michaelis and Hartwell (forthcoming), which is based
on Prince(1981) and Gundel,Hedbeg, and Zacharski(1993). Pronominalitywas
de ned to distinguishphrasesieadedoy pronoungpersonaldemonstratie, andin-
de nite) from thoseheadedy nonpronounsuchasnounsandgerunds.ln addition
to thesepredictors,structuralparallelism—theexistenceof the samekind of struc-
turein the samedialogue—seemelik ely to affect the choiceof dative structuresn
our corpusdata,basedon experimentalstudies(seeSzmrecsayi 2004b,2005for a
review of awide rangeof evidence).

From cross-linguisticevidence,number(singular/plural)and personcould also
have anin uence (Aissen1999,2003; Haspelmat2004)anda bivariatepilot study
of the Switchboardcorpusshaved personto have anin uence parallelto grammat-
icalized personeffectson alternatve dative structuregBresnanand Nikitina 2003).
Five broadsemanticlasse®f usesof verbswhich participaten thedative alternation
werealsoconsideredabstrac{abbreiated a’) asin giveit somethought transferof
possessiolf't) asin give an armband,send future transferof possessiolf'f'), ex-
empli ed by owe promise preventionof possessio(ip'), exempli ed by cost,deny);
andcommunicatior('c') asin tell, givemeyour name saidon atelephone.

To have sufcient datafor simultaneousomparisonsye eliminatedvariables
having a very sparsevalue (personof theme,animag of theme)andsimpli ed the
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accessibilityandanimag variablesto binary values: accessibilitywassimpli ed to
given and not given, animag to animate(= human+ animal) andinanimate(not
humanor animal). The factorof “concretenesesf theme'wasaddedto compensate

for our simpli cation of animag into a binarycateyory.
The speci cationof this model("Model A") is shavn in (16). The“Response’is
thechoiceof thedative NP or dative PR respectiely denotecby 0 and1.

(16) Model A:

Response modeledasdependingn

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

The mathematicastructureof alogistic regressiormodelis shavn in (17) 2

(17) The Logistic RegressionModel
logit[Probabilit y(Response= 1)] = X

or

1

Probability(Response= 1) = —————
1+e X

Becausdogistic regressiordirectly modelsprobabilitywithoutassuminga particular
distribution of data, it is robust for skewed and otherwisenon-normallydistributed
data.

After tting Model A to the data,we evaluatedthe t. As Table 1 shaws, the
modelcorrectlyclassi es92%of the dataoverall.
Theaccurag measuren Tablel countsary probability> 0:5 ascorrectfor thedative
PPresponseandsodoesnot distinguishmodelprobabilitiesnearchancerom those

2Thefunctionlogit is the naturallog of the oddsof the Responsd (herea dative PPrealization)
over O (dative NP realization).X isthen p modelmatrixand isthep 1 vectorof coef®cients,
wheren is the numberof obsenrationsandp is the numberof modelparametersMaximumlikelihood
estimationis usedto estimatethe coefdcients .
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Tablel: Model A Accuragy

Classi cationTablefor Model A
(1 =PP;cutvalue=0.50)

Predicted:| % Correct
0 1
Obsered: | 0| 1796 63 97%
1| 115 386 77%
Overall: 92%

% Correctfrom alwaysguessingNP NP (=0): 79%

nearl. Anothermeasureof t compareghe groupedpredictedprobabilitiesto the
obseredproportionsof datve PPs.A perfectt would correspondo thestraightline
shawvn in Figure 3. Becausehe datapoints are closeto the straightline, this plot
indicatesaverygood t whenproportionsareconsidered.

To determinehow well the modelgeneralizeso unseerdata,we dividedthe data
randomly100timesinto atraining setof sufcient sizefor estimatingthe modelpa-
rametergdn = 2000)andatestingset(n = 360), t the Model A parameter®n
eachtrainingset,andscoredts predictionsonthe unseertestingset. The meanover-
all score(average% correctpredictionson unseerdata)is 92%, which is excellent,
shaving thatthe modelis not over tting thedata.

All of the model predictorsexcept for numberof recipientare signi cant, all
p < 0:001 exceptfor personof recipient,numberof theme,and concretenessf
theme for whichp < 0:05. As illustratedqualitatvely in (18), whatModel A shawvs
usis thatevenwhenwe controlsimultaneouslyor all fourteenexplanatoryvariables,
the harmonicalignmenteffects notedby previous researcherarereal. The bolded
properties(discoursegivennessanimag, de niteness,pronominality and relative
lengthof recipientandtheme)are eachalignedwith the immediatelypostwerbal po-
sitionin boththe doubleobjectandthe prepositionatatie structures Similarly, the
unboldedpropertiegnongiven, nonpronounetc.) arealignedwith the nal position,
whetherseconcdbbjector dative PP
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Proportions of observed PP realization
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(18) Interpretatiorof Model A
Harmonicalignmentwith syntacticposition:

(a)discoursegiven nongven
(b) pronoun  nonpronoun
(c)animate inanimate
(d)de nite  inde nite
(e)recipientshorter than theme recipientlongerthantheme

V NP NP
V NP PP

The modelformulais shavn in Figure4. The signsof the coefcients shav the
directionsof the effects. Positive coefcients favor the prepositionabative structure,
andnegative favor the doubleobjectstructure.

In Figure 4 we see,for example,thatin the rst line labeled(a) the predictor
f accessibilityof recipient= nongverg hasa positve coefcient of +0:99, thusfa-
voringthe NP PPstructureasin givethetoysto a child. In this structureherecipient
(a child) occursin the dative PP position at the right endfollowing the postwerbal
NP thetoys Looking atline (a) of the diagramof qualitative harmonicalignmentin
(18), we seethatthe nongiven propertyis not bolded,andaligns(for recipients)with
theunboldednal phrasen V NP PP In contrastwhenf accessibilityof recipient=
giverg, this predictorhasthe value 0, which is negative comparedo +0:99. Com-
paredto a nongven recipient,a given recipientthereforehasa greatertendeng to
favor the doubleobjectstructureV NP NP, asin give the childrentoys placingthe
recipient(the children) in the rst NP positionprecedingthe secondNP (the toys.
And againlooking at line (a) the diagramof qualitative harmonicalignmentin (18),
we seethatthe given propertyis bolded,andaligns(for recipients)with the rst NP
inV NP NP.

For an exampleof a predictorwith a negative coefcient in Figure 4, consider
the predictorin the secondline labeled(a): faccessibilityof theme= nongverg.
This predictorhasthe nggative coefcient 1.1, which favors the NP NP structure
give the children toys That structureplacesthe themetoysat the end. Looking at
line (a) of the diagramof qualitatve harmonicalignmentin (18), we seethat the
nongven propertyaligns (for themes)with the unbolded nal phrasein V NP NP.
In contrast,whenf accessibilityof theme= giverg, this predictorhasthe value 0,
which is positve comparedo 1:1. This predictorthereforehasa greatertendeng
to favor the prepositionatlative structureasin givethetoysto a child. Thatstructure
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Figure4: Themodelformula(A)

;. where

Probabilit yf Response= 1g = 17e X

0:95
1:34fcg+ 0:53fg 3:90f pg + 0:96ftg
(a) +0:99 accessibiliy of recipient = nongiveng
(a) 1:1f accessibiliy of theme = nongiveng
(b) +1:2f pronominality of recipient = nonpronoung
(b) 1:2f pronominality of theme = nonpronoung
(c) +0:85fde niteness of recipient = inde nite g
(0 1:4f de niteness of theme = inde nite g
(d) +2:5fanimacy of recipiert = inanimateg
+0:48f personof recipiert = nonlocalg
0:03f number of recipient = pluralg
+0:5f number of theme = pluralg
0:46f concretenes®f theme = nonconcretay
(e L:if parallelism= 1g 1.2 length di erence (log scale)

andf cg = 1if subject isin group c; 0 otherwise (and likewisefor other categories)
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placesthe theme(the toyg in immediatepostwerbal position precedingthe PP (to a
child). Looking againatline (a) of the harmonicalignmentdiagramin (18), we see
thatthe boldedgiven propertyalignswith the boldedposition(for themes)shawvn in
for V NP PP.

Now obsenre that all of the recipientpredictorsin the lines labeled(a)—(d) of
the model formula have positve coefcients, while all of the themepredictorsin
theselines have nggative coefcients. Note further that the valuesof eachof these
predictorsare dravn from the right handsidesof the correspondinglylabeledlines
in (18); thesearethe lower endsof the scaleghatundego harmonicalignmentwith
the indicatedsyntacticpositions. Thusby the samereasoningust illustratedfor the
accessibilitypredictors,we seethatthe Model A formulais shaving quantitatvely
the patternof harmonicalignmentthatis shavn qualitatively in (18) for thesefactors.

As for the intenal variablein Model A—the lengthdifferencepredictorin line
(e)—it, too, revealsthe quantitatve patternof harmonicalignment. The lengthdif-
ferencecoefcient 1:2is nggative, sowhenthelengthdifferencevalueitself is neg-
ative, the predictorwill be positive, favoring the NP PP structure.By de nition the
lengthdifferencevalueis negative whenthe recipientis longerthanthetheme. This
correspondso theright handsideof line (e) in (18), which harmonicallyaligns(for
the long recipient)with the unboldedPPin V NP PP. On the otherhand,whenthe
lengthdifferencevalueis positive, the predictorwill be negative, favoringthe NP NP
structurewhich placestherecipientin the rst postwerbalNP position.By de nition,
a positive lengthdifferencevalue meansthat the themeis longerthanthe recipient,
which correpondso theleft handsideof line (e) in (18). The shorterrecipienthar
monically alignswith the bolded rst NP positionin V NP NP. In short,the model
formulashowsquantitativelythe harmonicalignmentpatternshownqgualitativelyin
(18).

Model A givesusour answerto Questionl. The effectsof discourseaccessibil-
ity, animag, de nitenesspronominality andsyntacticweighton dative construction
choicearenotreducibleto syntacticcompleity in parsing.

3.2 The problem of pooling differ ent spealers' data

Onequestioris persistentlyasled aboutcorpusstudiesof grammar

Question2. In thewordsof Newmeyer (2003:696):

“The SwitchboardCorpusexplicitly encompassesornversationsdrom a wide
variety of speechcommunities. But how could usagefactsfrom a speech
communityto whichonedoesnotbelonghave ary relevancewhatsoeerto the
natureof onesgrammar?T hereis nowaythatonecandrav conclusionsabout
thegrammaiof anindividual from usagdactsaboutcommunitiesparticularly
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communitiesrom which theindividual recevesno speechnput’”

The speakrs of coursediffer from eachotherin mary ways. However, what they
sharein determiningtheir choicesof dative syntaxmight outweightheir differences.
Thisis thereforeanempiricalquestion.

The SwitchboardCorpusis annotatedor spealridentity. The 2360instance®f
dative construction$n our samplewereproduceddy 424total speakrs. As indicated
in (19),thedataareextremelyunbalanced.

(19) 228speakrsproduced to 7 instancegach
106speakrsproduced to 12 instancegach
42 speakrsproducedl3to 19instance®ach
11 speakrsproduced0+ instancesach

We approachethis problemasfollows. Speakr identity is a sourceof unknavn
dependenciem the data. The effects of theseunknavn dependenciesn the reli-
ability of the estimatescan be themseles estimatedirom the obsered datausing
modernstatisticaltechniquegEfron and Tibshirani 1986, 1993; Feng, McLerran,
Grizzle 1996; Harrell 2001). Whendatadependencie&all into mary small clusters
(eachspealkr de nes a “cluster'), we canassumea “working independencenodel’
(our Model A) andrevise the covarianceestimatesusing bootstep samplingwith
replacementf entire clustes.

In otherwords,we cancreatemultiple copiesof the databy resamplingromthe
speakrs. Thesamespealrs' datacanrandomlyoccurmary timesin eachcopy. We
repeatedlye- t themodelto thesecopiesof the dataandusedthe averageregression
coefcients of the re- ts to correctthe original estimatedor intra-speakr correla-
tions. If the differencesamongspeakrs are large, they will outweighthe common
responseandthe ndings of Model A will nolonger besigni cant.

The tablein (20) shaws the resultsof applying this procedureusing Model A
asourworking independencenodel. The coefcients shavn areidenticalto thosein
theModel A formula(ignoringrounding).Widenedcon denceintenals (abbreviated
"C.1" inthetable)re ect thereductionof independenbbserationsin our datacaused
by the presencef clustersof speakr dependenciesThe con denceintenals shav
therangesof the oddsratiosfor which thereis a similar chanceof error (< 5%). An
oddsratio of 1 meansthat the oddsof a datve PP and a datve NP are the same,
so the outcomeis 50%—-50%. If a con denceinterval containsl, thenwe simply
have no reasorto saythata predictorleadsto a higher(or lower) probability for the
prepositionadatie structure.Noticethatin ourtablethecon denceintervals nicely
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stayaway from 1.3

(20) Model A: Relative magnitude®f signi cant effectswith correctederrores-

timates
Coefcient OddsRatioPP 95%C.I.
inanimagy of recipient 2.54 12.67 5.56-28.87
nonpronominalityof recipient 1.17 3.22 1.70-6.09
nongvennes®of recipient 0.99 2.69 1.37-5.3
transfersemantiacclass 0.96 261 1.44-4.69
inde nitenessof recipient 0.85 235 1.25-4.43
plural numberof theme 0.50 1.65 1.05-2.59
personof recipient 0.48 1.62 1.06-2.46
nongvennesof 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
communicatiorsemanticclass -1.34 0.26 0.13-0.55
inde nitenessof theme -1.37 0.25 0.15-0.44

We canthereforeinfer from our tablethat aninanimaterecipientis over twelve
timesmorelikely to be expressedn a dative PP structurethanan animaterecipient
(thoughthe con denceintenal hereis wide, indicatingmuchvariability in the data);
anonpronominatecipientis over threetimesmorelikely to bein a datve PPthana
pronominalrecipient;anda nongien recipient,almostthreetimesmorelikely to be
in adatve PPthanagivenrecipient.

Thuswe have ananswerto Question2. Thein uence of discourseaccessibility
animag, andthelike on dative syntaxremainsigni cant whendifferencesn spealer
identity aretakeninto accountWhatthespealers shae in the choiceof dativesyntax
outweighgheir differences.

%In analyzingthe relative magnitudef predictorswe choseto includein our modelsall variables
thatwereconsideredincludingthosewhich turnedout to have aninsigni®canteffect on theresponsén
our data.Eliminating suchvariablesoftenbiasesheresultsby in"atingthe apparentagnitude®f the
effectsof othervariablegHarrell2001). Thequestionof whetherthemagnitude®f discoursesffectson
syntaxareconsequentiadomparedo structuralparallelismis raisedby previouswork ontheagentless
passie (WeinerandLabov 1983),andour resultsshav thatthey are.

Neverthelesspnly the signi®cantpredictorsare displayedin our tablesof relative magnitudesof
effects. It is for this reasonthat ‘concretenessf theme', for example,is omitted from (20) and (26),
althoughit is includedin the modelformulaein Figures4 and>5.
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3.3 The problem of lexical biases

Whatreally drivesthe dative alternationstill remainsunclear We have assumedhat
NPscanbedravn outof thedatabasandexaminedndependentlyor their properties
of discourseaccessibility animag, pronominality andthe like. But theseobsenra-
tions of NP propertiesarenotindependentJustasthe pooling of datafrom idfferent
speakrsintroducedunknavn dependencieamongthe obserations(contraryto the
fundamentaimathematicahssumption®f the models),so doesthe pooling of NP
obsenrationsfrom differentverbs.

It is easyto seethatthe propertiesof recipientsandthemesdependon the verbs
which describehetransfereventsthey areparticipatingin. In our datasetfor exam-
ple,theverbbring is nearlythreetimesmorelikely to have a givenrecipientthanthe
verbtake, while take is over seventimesmorelik ely to have anongvenrecipientthan
bring—eventhoughthetwo berbsbelongto the samebroadsemanticclassof transfer
of possession(This may be becausef the differing pointsof view implied by the
two verbs: the goal of bringing is usuallylocatednearthe spealkr, while the goal
of taking is usuallylocatedaway from the speakr) Therearethirty-eightdifferent
verbsin our dataset.

The propertiesof the NP amgumentsare conditionalnot only on the verb they
occurwith, but alsoon the speci c useof theverh For example,theverbgivehasa
larger thanaverageproportionof inanimaterecipients becausaf the mary abstract
usesit allows (BresnarandNikitina 2003):

(21) Exampleinanimaterecipientswith give
Um, but still, it givesit somevariety
but I'm goingto give it thumbsdown.
you know, give it agreatdealof thought,
andyou canaddhamlurgerif youwantto giveit alittle morebody

But the communicatre senseof give asin give meyour name is like the verb tell
in having only animaterecipientsin our datasetpecauseave normally communicate
with people.

Anotherexampleof thedependencef recipientandthemepropertieson the par
ticular useof the verb beingusedcomesfrom pay. The recipientsof payingin the
transfersensdgsuchaspayingmoney) arefarmorelikely to beanimateandgiventhan
the ‘recipients'of payingin theabstracsensdpayingattentionor heed)asshavnin
(22).
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(22) Distribution of animag anddiscourseaccessibilityfor two sense®f pay

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

Presumablyve aremorelikely to paymoney to recipientshatwe alreadyknow, who
arealsolikely asmoney-usersto be animate.Similarly, we areprobablymorelikely
to pay attentionto lessexpected nongiventhings.

Thesefactsmotivateour third question.

Question3: Do the apparenteffects of givennessand animag on the choice of
dative syntaxstill hold whenthey areconditionedon speci ¢ verbsandverb
uses?

In the caseof speakr dependenciesye usedthe techniqueof bootstrapsam-
pling with replacemenbf entire clustersto estimatethe reliability lost by violating
theassumptiorof independencef obserations. Thattechniquenvorkswell for mary
small clusters,but in the caseof the verb-usedependencieghere are several ex-
tremelylarge clusters:the abstractusesof the verb give alonemake up onethird of
the entiredatasetandthetransferusesof give onesixth! Fortunately analternatve
approach—ariously called “multilevel regression”,“mixed effects modeling”, and
“conditional regression”—isavailable which allows usto build the clustersinto the
modelasanadditionallayer(PinheiroandBates2000).

To de ne our clusters,we crossedhe thirty-eightindividual verbsparticipating
in the dative alternationin our datasewith the ve broadsemanticclassesve had
annotated.Thereare fty- ve suchtheoretical verb sensesin usein our datasebf
dative structurefrom thefull Switchboarccorpus.Examplesaregivenin (23).

(23) Exampleverbsenses:
give.t= givein transfersensegiveyouanarmband
give.c= givein communicatiorsensegive methis codk andbull story...
give.a= givein abstracsensegivethata lot of thought
payt = payin transfersensepaysomebodgoodmone
paya= payin abstracsensepayattentionto cats

We usedamultilevellogistic regressiormodelto conditionthebinaryrespons@nthe
verbsenseThemodelspeci cationis shawn in (24) 4

“The modelinterceptwasde®nedto be zeroby subtractingl. This allows the differentverb sense
groupsto be contrastedvith eachotherratherthanwith anarbitrarybaseline.
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(24) Model B: Responsenodeledasdependingn

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

random effect: verbsense
Themathematicastructureof the modelis shawn in (25):°

(25) A GeneralizedLinear Model with a SingleRandom Inter cept
logt [Pr(Yj = yjjui)l = Xjj +u

In Model B theconditionalprobabilityof aresponsegjivenagroupi is systematically
linkedto a linear combinationof x edcross-grougxplanatoryvariablesX j anda
randomlyvarying normallydistributedgroupeffect.

After tting Model B to the data,we evaluatedthe t. As Table 2 shaws, the
modelcorrectlyclassi es95%of the dataoverall.

Table2: Model B Accuray

% Classi cation Tablefor Model B
(1 = PP;cutvalue= 0.50)

Predicted:| % Correct
0 1
Obsered: | 0 | 1809 50 97%
1 68 433 86%
Overall: 95%

Theestimatedrobabilitiesof Model B shavn in Figure3 alsoshav anexcellent t.

STherearei groupsof data(onefor eachverbsense)eachgrouphavingj obserations,sothatthe
total of obserationsn = i j. X isthen p modelmatrix, wherep is the numberof parameters
and isthep 1 vectorof coef®cients.Therandomvariabley is normallydistributed,u; N (0; ),
soasingleparameter canbe estimatedor the setof verb sensesWe usedthe gimmPQLalgorithm
describedy VenablesandRipley (2002)to estimatehe modelparameters.
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How well doesModel B generalizeto unseerdata? As before,we divided the
datarandomly100timesinto atrainingsetof sufcient sizefor estimatinghe model
parametergn = 2000) anda testingset(n = 360), t the Model B parameters
on eachtraining set,andscoredits predictionson the unseertestingset. The mean
overall score(average% correctpredictionson unseerdata)is 94%, which is very
good,shawving only a slight over tting.

Themodelformulais shavn in Figure5. Noticethatthe directionsof the effects
againreveal the samepatternof harmonicalignmentalreadyseenin (18) andin the
Model A formulain Figure4: thepositive coefcients for accessibilitypronominality
animag, andde nitenessfavor the PP dative, the negative favor the NP datie, and
thenggative coefcient for thelengthdifferentialis exactly the sameasin Model A.

Figure5: Themodelformula(B)

- 1
Probabilit yf Response= 1g = m; where

N
X 1.5fag + 0:58fcg + 0:96ffg 3:28fpg+ 2:7ftg
+1:5f accessibility of recipient = nongiveng
1:2f accessibiliy of theme = nongiveng
+1:7f pronominality of recipient = nonpronoung
2:2f pronominality 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 recipiernt = inanimateg
+0:4f personof recipient = nonlocalg
0:2f number of recipiert = pluralg
+0:7f number of theme = pluralg
+0:35f concretenes®f theme = nonconcretey

1l:1f parallelism = 1g 1:2 length di erence (log scale
anddt N (0;2:27)

Finally, therelatve magnitude®f the effectsareshavn in (26). Thistableshavs
thataninanimaterecipientis over vetimesmorelikely to be expressedn a dative
PP structurethanan animaterecipient. Animacgy remainsa major signi cant effect,
alongwith pronominalityandgivennessA nonpronominatecipientis alsoover ve
timesmorelikely to be in a dative PP thana pronominalrecipient;anda nongiven
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recipient,overfour timesmorelikely to bein a datve PPthana givenrecipient.

(26) ModelB: Relative magnitude®f signi cant effects
Coefcient OddsRatioPP 95%C.I.

nonpronominalityof recipient 1.73 5.67 3.25-9.89
inanimag of recipient 1.53 5.62 2.08-10.29
nongvennes®f recipient 1.45 428 2.42-7.59
inde nitenessof recipient 0.72 2.05 1.20-3.5
plural numberof theme 0.72 2.06 1.37-3.11
structuralparallelismin dialogue -1.13 0.32 0.23-0.46
nongvennesof 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,
animag, pronominalityandtheothervariablesonthechoiceof datve syntaxremains
signi cant whenthey areconditionedon speci ¢ verbsenses.

3.4 The problem of cross-copus differences

We now take up thefourth problemfor corpusstudiesof grammar®

Question4: Doesit make sensdo relatefrequencie®f usageo grammar?

After all, unlike the grammaticalityof a linguistic form, whichis anidealiza-
tion over usagethe actualfrequeng of usageof aform is afunctionof both
grammaticaktructureandextra-grammaticafactorssuchas memorylimita-
tions,processingoad,andthe context.

The datawe have examinedso far come from the Switchboardcorpus,which
re ects the on-line processingf spontaneouspeech.How could our probabilistic
generalizationfold of a very differentcorpusconsistingof edited,writtenreportage
not subjectto memorylimitations, processingoad, or the speakrhearercontet?
In factit is true that the frequenciesof double-objecttonstructionsn the Switch-
boardcollection of recordingsof telephonecorversationsdiffer substantiallyfrom
the frequenciesn the TreebankWall StreetJournalcollectionof news and nancial
reportageasshawvnin (27).

5This problemis raisedby Keller and Asudeh(2002: 240) as part of their critique of stochastic
optimality theory but the problemappliesmoregenerallyto probabilistictheoriesof grammarbasedn
usageadata.SeeBoersmg2004)for aresponse.
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(27) V NP NP's= 79%of total Switchboarddatves(n = 2360
V NP NP's= 62%of total Wall StreetJournaldatves(n = 905

Onthefaceof it, suchfactsseemproblematicfor our usage-basestudies.

In orderto answerQuestiord, we t the samemodelto the combineddatafrom
two differentcorporaand comparethe componentts. (On the speci cation, seen.
4)

(28) Model C: Responsenodeledasdependingon

xed effects: semanticclass+ accessibilityof recipient+ accessibility
of theme+ pronominalityof recipient+ pronominalityof theme+
de nitenesf recipient+ de nitenessof theme+ animag of recipient
+ concretenessf theme+ lengthdifference(log scale) 1

random effect: verbsense

Model C is Model B afterremaving threefactors(personnumbey andparallelism)
notmarkedin our Wall StreetJournaldative datasetThereare110verbsenses the
combinedcorporafor Model C.

After tting Model C to the data,we evaluatedthe t. As Table 3 shaws, the
model correctly classi es 93% of the dataoverall. The estimatedprobabilitiesof
Model C shavn in Figure3 alsoshav avery good t.

Table3: Model C Accuray

Model C Classi cationTable
(1 =PP;cutvalue=0.50)

Predicted:| % Correct
0 1
Obsered: | 0 | 2320 96 96%
1| 119 730 86%
Overall: 93%

To determinehow well Model C generalizeso unseerdata,we againdividedthe
datarandomly100timesinto atrainingsetof sufcient sizefor estimatinghe model
parametergn = 2000)andatestingset(n = 1265)andscoreits predictionson the
unseertestingset. The meanoverall score(average% correctpredictionson unseen
data)is 92%,shaving only a slight over tting.
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Model C ts the combineddatavery well, andinterestingly it captureghe sub-
stantialdifferencen frequencie®f doubleobjectconstructionsn datafrom thecom-
ponentcorporaasshavn in (29).

(29) Model C on datafrom componentorpora

% NP NP's

Switchboard

Wall StreetJournal

predicted

79%

63%

actual

79%

62%

How is this possible?

The answeris thatthe inputsto the modelvary. For example,in the Wall Street
Journaldataset recipientnounsoutnumberpronouns5 to 1. In the Switchboard
datasetrecipientpronounsoutnumbemounsalmost4 to 1. Thusthe tendeng for
pronominalecipientso appeain the NP objectpositionis aboutthe sameacrosshe
two corpora. Thee are more doubleobjectconstructionsn the Switthboad corpus

in part becausdhere are simplymore recipientpronouns.

Settingpronounsaside the proportionof datve NP NP constructionss higherin
the Wall StreetJournaldatathanin the Switchboarddata,andModel C captureghis
differencebetweerthe corporaaswell, asshavn in (30).

(30)

Model C on nonpronominatiatafrom componentorpora

% NP NP's Switchboard| Wall StreetJournal
(nonpronouns

predicted 49% 58%
actual 49% 55%

Again, how is this possible?

Again, the answeris that inputsvary. For example,amongnonpronouncom-
plementgo dative verbs,medianlengthdifferential (log scale)in the Treebankwall
StreetJournalis 1.1, but the medianlengthdifferential(log scale)in the Switchboard
corpusis 0.69. Thetendeng for longerthemeso appearat the end,favoring the VV
NP NP constructionjs aboutthe samein both of the two corpora. Thee are more
doubleobjectconstructionsn the Wall StreetJournal corpuswhenwe setpronouns
asidein part becausdhere are simplylonger themenounphrases.

Ouranswetto Questiord is thereforethatsomestriking differencesetweerndif-
ferentcorporacanbe explainedasthe responsef the samemodelto quantitatvely
differentinputs. The probabilisticstructureembeddedn the modelhasgenerality
andcapturesigni cant structuralpropertieof languagdeyondthe contingenciesf
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 the Switchboarddataand w' for
the Wall StreetJournaldataandthendevelopingfurther modelsto studyall interac-
tionswith modality We founda smallbut signi cant higherprobability of usingthe
V NP PPstructurein the Wall StreetJournaldata,but thereis no indicationwhatso-
everthattheotherparametersf themodelaredifferentfor datafrom thetwo corpora.
The simplestmodel,which treatsmodality asa simple main effect, is alsothe most
accurateasshavnin (31).

(31) Comparisorof ModelsIncorporatingViodality

Model | ProportionCorrect| Parameters
all interactionswith modality 0.935069 28
stepwisamodelselection 0.935069 26
asimplemaineffectsmodelwith modality | 0.9353752 15
amodelwith handselectedigninteractions| 0.9353752 21

We concludethat the modelfor spolen Englishtransfes beautifullyto written,
exceptthatin written English,thereis a slightly higherprobability of usingthe prepo-
sitional dative structue. (Of course,it is alwayspossiblethatin otherregistersand
corporaandotherregional varietiesof English,further changesarerequired,but for
thepresentatathereis only the simplemaineffect of modalityto beaddedo Model
C)

To summarizewe have examinedfour problemsnherento theuseof corpusdata
in linguistic theory—theproblemof correlatedfactorsseemingto supportreductie
theoriesthe problemof pooleddatainvalidatinggrammaticalnference the problem
of nominalfactorspossiblyderiving from verb sensesemanticsandthe problemof
cross-corpusifferencesWe have shavn how answersanbefoundby usingmodern
statisticaltheoryandmodelingstratgiesusedin otherareasof our eld andwidely
usedin other elds suchasbiology andeducation.

Along with formal syntacticand semanticproperties the propertiesof animag
anddiscourseaccessibilityhave anirreducibleeffect on datve syntaxacrossaritten
andspolen modalities,acrossrerbsensesandacrosspeakrs.

4 Concluding Remarks
We have foundthatlinguistic dataare more probabilisticthanhasbeenwidely rec-

ognizedin theoreticallinguistics. We have examineda body of ecologicallyvalid
data—spontaneouanguageusein naturalsettings—usingtatisticaltechniquedor
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analyzingmultiple variables.And we have constructech modelthatcanpredictthe
choiceof dative structureswith 94% accurag, and canresole persistenguestions
aboutusagedata.

Ourresultsarecorroboratedy ndings from researctonlanguageproductionin
controlledlaboratorysettings. On the effects of discourseaccessibilityon syntactic
choicein datvesandpassies,seeBockandlrwin (1980)andPrat-SalaandBranigan
(2000) and references.On the effects of animag, seeBock, Loebell, and Morey
(1992)andreferences.

Recallwherewe beganthis essaywith (traditional)theoreticalinguisticsregard-
ing the problemof predictingthe dative alternationastoo dif cult to tackleandas
outsidethepropersubjectmatterfor linguistictheory We notethat eld linguistsand
typologistshave foundthatthesefactorshave becomepartof thecategoricalgrammat-
ical structureof dative syntaxin anumberof languagegsee for example ,Hawkinson
and Hyman 1974; Morolong and Hyman 1977; Polinsky 1994,1996,1997; Evans
1997; Haspelmatt2003, 2004). But even if this were not so, we suggesthat by
tackling problemsof this kind, theoreticalinguisticshasan opportunityto build col-
laboratie researctwith psychology computerscienceandallied elds andthereby
deeperour understandingf the cognitive foundationsof interpretation.

Appendix: Data Sample

Thesamplewasselectedy takingall verbsthatappeain eithertheprepositionatia-
tive structureor thedoubleobjectstructuran theone-millionword TreebankSwitch-
boardcorpus(Marcus, Santorini,and Marcinkievicz 1993), lessbeneéctives (buy,

cookfor), thoseverbsfor which therearethreeor morealternatve constructiongask
peoplea questionaska questionof/to people;provide John (with) a book,provide a
bookto John),” andnon-alternatingerbs(thosefor which therewerenotatleast ve
instancesn eachdatve structurein thatportion of the Internetindexed by Google).
The thirty-eightresultingverbswerethenusedto searchfor dative structuresn the
full three-millionword Switchboardcorpus. Instancesvere excludedwhich lacked
two overt objects,hada passiized objectassubject,occuredn highly x edexpres-
sions(to tell youthetruth, I'll tell youwhai), wereconcealedjuestiong!I'll tell you
anotherplant that is purply), or had unambiguouslyspatialgoals (take my dog to
SaintLouis).

"Heary NP shift examples(V PPNP) werenot consideredbecausef their extremerarity. For the
verbswe examinedtherewereonly four instancesn thefull Switchboarctorpuscomparedo over®ve
hundrednstancesn the unshiftedorder(V NP PP).
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