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ABSTRACT

The present study uses probabilistic models of corpus da@ovel way, to measure and compare
the syntactic predictive capacities of speakers of differarieties of the same language. The
study finds that speakers’ knowledge of probabilistic graatical choices can vary across different
varieties of the same language and can be detected psyghistically in the individual. In three
pairs of experiments Australians and Americans responelébty to corpus model probabilities
in rating the naturalness of alternative dative constomgj their lexical decision latencies during
reading varied inversely with the syntactic probabilitéthe construction, and they showed subtle
covariation in these tasks, which is in line with quantitatdifferences in the choices of datives
produced in the same contexts.



The ability to predict is necessary for survival; as an obsiexample, predictions of motion
and sequential action are continuously employed in humatomaativities. In the past decade
evidence has been growing that prediction also underpngmilstic perception and comprehen-
sion. For example, while listening to sentences unfold pfeemake anticipatory eye-movements
to predicted semantic referents (Altmann and Kamide 19%9nide et al. 2003a, Kamide et al.
2003b). Event-related brain potential (ERP) changes shadegl pre-activation of the word forms
a or an as a function of their probability of occurrence in the cohiaf reading a sentence (De-
Long et al. 2005). Words that are less discourse-predetmke a greater positive deflection in
the ERP waveform, and this effect diminishes when the ptiedidiscourse context is eliminated,;
convergently, prediction-inconsistent adjectives sleaders down in a self-paced reading task
(Van Berkum et al. 2005). People use language productiatigiieely at all levels during com-
prehension (see Pickering and Garrod 2005 for a review)glage production is so intimately
involved with language perception that listeners’ augitperception of words can be changed
by robotic manipulation of their jaws and facial skin duripgpnunciation (Ito el al. 2009, Nasir
and Ostry 2009). Predictive models can also explain mamuérecy effects in language acqui-
sition, use, and historical change (see Diessel 2007 foviawg The logic common to many of
these studies is that if people use language production ke pr@dictions during comprehension,
then probabilistic differences in production should beed&tble in experiments on perception and
comprehension, even with higher-level grammatical stmas (syntax).

There is one potentially rich source of probabilistic proilin differences that has scarcely
been tapped in this program—quantitative syntactic deecgs between different varieties of the
same languageFor an example of probabilistic differences between viasaif English, consider
that for every one-word increase in the length of the possegshrase (illustrated bghadowin
(1)), the use of the Saxon genitive increase8 ¥ over the Norman genitive in American English,
while there is no such effect in British English, accordingatcomparative study of corpora by
Hinrichs and Szmrecsanyi (2007: 466). The same study fabadin both spoken and written
productions, American English speakers differ from Bhitis being more likely to produce the
Saxon genitive with an inanimate possessor as illustratéts), all else being equal (Hinrichs and
Szmrecsanyi 2007, Szmrecsanyi and Hinrichs 2008):

(1) a. the building’s shadow — Saxon [8) genitive

b. the shadow of the building — Norman 6f) genitive

Supporting the link between probabilistic production andhprehension, a similar phenomenon
was found in an earlier psycholinguistic study: Rosenb2€®2, 2003) devised a forced-choice
experiment comparing British and American preferencesiiaror the other genitive construction
after reading passages from a novel. She found major efbéetsimacy, topicality, and semantic
relation in both groups, but younger American subjects basd éffect of animacy compared to the
British subjects.

Other examples of probabilistic production differencetsvaen varieties of English come from
cross-corpus studies of the dative alternation, illustiat (2).

1But interest in comparative cross-varietal psycholintieésis growing (Rosenbach 2002, Bender 2005, Bock et
al. 2006, Trousdale and Clark 2008, Staum Casasanto 2008.



(2) a. Who gave that wonderful watch to you? prepositional {o-)dative

b. Who gave you that wonderful watch? double object construction

In a study ofgive dative constructions in spoken New Zealand and US corporesrian and
Hay (2008: 202) found that New Zealand English speakers are iikely to produce inanimate
recipients in the double object construction (suchwé® gave the school a distinctly scientific
bias) than Americans, all else being equal.

In general, these macro-regional varieties of Englisrediffot in their grammatical rules for
syntactic structures like those just illustrated, but ie grobabilities of the structures occurring
in spoken and written discourse (Schneider 2007; Rohdgrdmd Schliter 2009). Prior work
in psycholinguistics has shown that there are importardljeds between the comprehension and
production of dative constructions in the use of informatébout their quantitative distribution
(MacDonald 1999: 189; Stallings et al. 1998). Corpus prdhigs of dative constructions can
predict sentence ratings (Bresnan 2007b), and dative vastidward one or the other construction
can predict anticipatory eye movements (Tily et al. 200&)n @e find evidence for differences in
linguistic predictive behavior among speakers of différamieties of English? In the present study
we use the dative alternation to compare syntactic predibghavior of speakers of Australian and
American (United States) varieties of English.

It might be thought that individual differences among seakn experimental tasks would
completely swamp any group effects that could reflect dmetrgrobability distributions. To attack
this problem head-on, we make userofiltilevel (also termedmixed effegt regression mode)s
which are of growing importance in the language scienceay@a 2008, Johnson 2008, Baayen
et al. 2008, Quené and van den Bergh 2008, Jaeger 2008). pAaireed below, these models
provide an efficient way to adjust for random effects of thdividual participants and items used
in the study, so that any significant main effects or inteoastwith variety reliably hold across the
particular samples of participants and items and can gknetseyond them.

It also might be thought that social differences betweerspieakers of the two varieties par-
ticipating in the experiments would swamp any effects of rmaegional variety. Yet the studies
of broad-coverage corpora cited above, as well as othersGemm and Bresnan 2009) show that
probabilistic grammatical differences exist betweenet#s at the macro-regional level. To deter-
mine the extent of sub-regional social influences on theveaiternation lies beyond the scope of
the present study and remains a topic for future researchenGhat speakers (and indeed, most
linguists) are unaware of quantitative trends in the daiternation, it is possible that there are
few social influences on the variable (cf. Weiner and Lab®31én the English agentless passive).

Then there is the question of whether the two English dativestructions illustrated in (2a,b)
are syntactic alternatives at all. The concept of syntadternations has been critically discussed
in sociolinguistics (Lavandera 1978, Romaine 1984, Chest®87, Silva-Corvalan 1986) and
from the general position that any difference in word ordep amplies a difference in mean-
ing (Bolinger 1977), although ‘meaning’ is construed diffietly in these discussions. There are
nevertheless important studies explicitly proceedingifthe assumption of semantic equivalence
between syntactic variants (Weiner and Labov 1983, Jacob380, Kroch 1989, 1994, Kroch and
Taylor 1997, Pintzuk 1993, 1996, Pintzuk and Kroch 1989,eRbach 2002, Szmrecsanyi 2006,
Hinrichs and Szmrecsanyi 2007, among many others), andrttierlying concept of grammati-
cal variation, fundamental in sociolinguistics, has beenggalized and considerably refined there



(Sankoff and Thibault 1981, Tagliamonte 2006: 70—76) asdwehere (Rosenbach 2002: 22-25).
In syntax more generally it is true that alternative formenfhave differing meanings (Pinker
1989, Levin 1993), frequently explained in terms of ‘thengiple of contrast’ (Clark 1987). Syn-
tactic studies of the dative alternation have differed as point, with some assuming semantic
equivalence (Aoun and Li 1989, Larson 1988a,b, den Dikke®b),9others arguing for lexical
semantic differences (Green 1974, Oehrle 1976, Pinker)1884 still others, for lexical equiva-
lence and constructional semantic differences only (Gaigitl2002, Harley 2002, Gries and Ste-
fanowitsch 2004). Nevertheless empirical studies of @atonstructions have shown that variants
spontaneously occur as partial repetitions in discourswifl3e 1996: 291, Bresnan and Nikitina

2009):

(3) ‘You don’t know how difficult it is to find something which iW please everybody—
especially the men.

‘Why not justgive them chequ@sI asked.
‘You can't give cheques to peopl# would be insulting.’

(4) ‘You carrying a doughnut to your aurtgain this morning?’ J.C. sneered. Shelton nodded
and turned his attention to a tiny TV where ‘Hawaii Five-O¢Kered out into the darkness
of the little booth. ‘Looks like yoiwcarry her some breakfastvery morning.’

Further, reported cases of non-alternation based oniwggitdgments of decontextualized exam-
ples are surprisingly inconsistent with actual usage Kigein 2005, Bresnan et al. 2007a, Bresnan
2007a,b). Contrast, for example, the frequently reportegtammaticality ofjive a headache to,
give the creeps twith the examples harvested from usage by Bresnan et al7&0Bresnan and

Nikitina (2009):

(5) a. The spells that protected her identity ajswe a headache tanyone trying to deter-
mine even her size

b. Design? Well, unless you take pride giving a headache tgour visitors with a
flashing background? no.

(6) a. This life-sized prop wilgive the creeps tpust about anyone! Guess he wasn't quite
dead when we buried him!

b. Stories like these musgfive the creeps t@eople whose idea of heaven is a world
without religion.

The purported ungrammaticality of such examples has beamapny justification for theories that
semantics determine dative construction choice. Repartgdammaticality can be overridden by
manipulating the pronominality, definiteness, and infarorestructure of the referring expressions
(Green 1971, Kuno and Takami 1993, Polinsky 1998, Bresn@ii&0, Bresnan et al. 2007a). As
an example, consider a commonly cited example of verbs ttairconly in the double object

construction, not the prepositional dative:



(7) a. Ted denied Kim the opportunity to march.
*Ted denied the opportunity to march to Kim.

b. The brass refused Tony the promotion.
*The brass refused the promotion to Tony.

Green (1981) showed that by looking at the interaction ofapparently ungrammatical exam-
ples with a strongly conflicting constraint against V NP Rnom, fully grammatical cases of the
prepositional dative can be constructed (8a). Similar gotasncan be found in use (8b):

(8) a. Ted gave Joey permission to march,lritienied it to Kim

b. He extended it to everyone arefused it to no one

The reportedly ungrammatical constructions are used geioally to avoid the even worse con-
structions that would result from the violating of the coasit?

(9) a. ...hedenied Kimiit.

b. ...herefused no oneit.

That competing forms may be neutralized in discourse is@bserved in the sociolinguistic liter-
ature (Sankoff 1988: 153; Tagliamonte 2006).

Lastly, the truth-conditional semantics of the dativeraléion has been addressed in model-
theoretic terms which assume truth-conditional equivaddar some alternating dative verbs (Kriftka
2003). Although different word orders are associated witthstruth-conditional semantic phe-
nomena as quantifier scope and bound anaphora, these d@asiy eliminated by careful exam-
ination and filtering of the variable context.

If it is not semantics alone, then what does determine theelo@tween alternative dative con-
structions? According to many previous studies, whichra#teve is used depends on multiple and
often conflicting properties (McDonald et al. 1993, Arnotak 2000, Bock and Irwin 1980, Bock
et al. 1992, Collins 1995, Gries 2005b, Hawkins 1994, Lap8&9, Prat-Sala and Branigan 2000,
Snyder 2003, Thompson 1990, Wasow 2002, Bresnan et al. 20Dfese include the accessibil-
ity of the referents in the context (has the possessor opiestijust been mentioned or is it new
information to the hearer?), the complexity and prononiiyalf the descriptions of the referents
(shorter before longer, pronouns adjacent to their gougrhead), the animacy of the referents,
and the like. Previous studies have shown that the probabilia dative construction—either
double-object or prepositional—is increased when thedirgs two complements is a pronoun, is
definite, refers to a highly accessible referent, has anateineferent, or is short. From these and
other variables such as the previous occurrence of a plastileture (Bock 1986, Gries 2005b,
Pickering et al. 2002, Szmrecsanyi 2005), it is possibjeréalict the choice of dative construction
in spoken English witlD4% classification accuracy on unseen data (against a basdlir@g
Bresnan et al. 2007a). Prosodic information has also baerdfto contribute to dative construc-
tion choice (McDonald et al. 1993; Anttila 2008; cf. Shih £t2009).

2Bresnan and Nikitina 2009 argue that this constraint iisejfadient.



The evidence thus suggests that the differences in the twstrewtions are preferences, not
categorical regularities. This conclusion is further sapgd by historical and inter-variety diver-
gences in the constructions. To cite just a few relevanttigli (i) the frequencies of double object
constructions with the same set of verbs in British and AoagriEnglish in the 19th and early 20th
centuries have been diverging (Rohdenburg 2007); (ii)dndtnglish has higher overall rates of
prepositional dative than British English (Mukherjee araffthan 2006); (iii) in New Zealand En-
glish the overall probability of use of prepositional daswvith the verlgivehas been significantly
increasing from the early 1900s, after adjusting for otregrables including verb semantics, dis-
course accessibility of referents, pronominality, andyter{Bresnan and Hay 2008); (iv) in dative
constructions found in British and American journalisesxts from the 1960’s and 1990’s there
is a rise in the probability of the double object constructiaccording to a corpus study which
controlled for verb lemma as well as length, pronominabityd text frequency of recipient and
theme (Grimm and Bresnan 2009); and (v) the relative fregesnof prepositional datives are
higher in the spoken and written Australian English datisgadeported by Collins (1995) than in
the combined spoken and written American English datasBregnan et al. (2007a34.5% vs.
25%.3

1 The corpus model.

To measure predictive capacities of both Australian and &f8gipants, we used an updated ver-
sion of the Bresnan et al. (2007a) corpus model of Americdivelahoices during spontaneous
conversations. Both the original model and the originahdet have been extensively discussed
elsewhere and are publicly availalilén this section we provide a summary of our updated version
of the model and dataset in order to make the present stutlgmghined and methodologically
transparent.

1.1 The Data.

Bresnan et al. collected a databaseaif0 instances of dative constructions from the three-million
word Switchboard corpus of telephone conversations iniEngGodfrey et al. 1992 .Based on
findings from the previous literature on dative constructahoice cited above and on hypothe-
ses about markedness hierarchies in syntax (see Greerfigdg Silverstein 1976, Aissen 1999,
O’Connor et al. 2004, Bresnan et al. 2007b, Bresnan andihgk®009, among others), the data

SHowever, the selection criteria of the two datasets differ é€xample, Collins included botio andfor datives,
while Bresnan et al. included ontg datives), and there are many other possible unknown codfouiwdditionally,
corpus inputs may differ in a way which affects summary stz without affecting the underlying probabilities of
outputs (Bresnan et al. 2007a).

4The original Bresnan et al. (2007a) paper itself is freelgilable from the Royal Netherlands Academy of Sci-
ence (www.knaw.nl/publicaties/pdf/20051055.pdf). Tlepus model and data are also incorporated into two recent
textbooks on quantitative linguistic analysis (Baayen&{)@ohnson 2008), where technical issues of model specifi-
cation, validation, and interpretation are discussed taitleThe dative dataset of Bresnan et al. (2007a) is publicl
available for download from the publisher of Johnson (2G08) in the CRAN internet archive (The Comprehensive
R Archive Network, http://cran.r-project.org/) with theniguageR package (Baayen 2008b).

5They also collected data from from the Penn Treebahak Street Journalwhich are not included in the present
study because of our interest in spoken varieties of English



were coded for multiple variables or ‘predictors’, revielua the following paragraphs. Further
information about the data sampling and annotation can bedan Bresnan et al. (2007a) and
Bresnan and Hay (2008), both based on Cueni (2004).

For the present project we used a corrected version of trebdsé created by Gabriel Rec-
chia in 2006 by correlating the Bresnan et al. dataset wightithe-aligned Switchboard corpus
produced by the Mississippi State University Institute $agnal and Information Processing re-
segmentation project (Deshmukh et al. 1999)he new dataset consists 2§49 observations of
dative constructions, of whickd9 are prepositionalo-datives. Like the original dataset, it has a
preponderance of double object constructicisy).

Verb. The dative alternation has long been known in syntax to bemad by the verb (Levin
1993), in that only certain verbs can head alternative coasons like (2a,b) while preserving
semantic equivalence. For exampéent, brought, took, promised, offeredn replacegavein
(2a,b), whilediscussed, liked, knew, required, seannot. Bresnan et al. (2007a) therefore sampled
dative constructions by first finding a set of verbs that cgreapin the alternative constructions
in spoken English. For this they used the parsed (approrisnahe million-word) portion of the
Switchboard corpus available in the Penn Treebank (Martas €993) and the TGREP query
language (Pito 1994) to extract all prepositiottlative and double-object constructions. From
these, thirty-eight alternating dative verb lemmas weeaiidied by selecting those verbs for which
at least five instances in each dative construction couldbed on that portion of the Internet
indexed by Google, excluding instances which were judgedet@rrors or which occurred on
pages not based in the US, UK, or Australia; thus some verbs weluded which alternate rarely
(see Bresnan and Nikitina 2009 for discussion). All formshafse verbs were then searched for
in the full (approximately three million-word) Switchbabcorpus using character-string searches,
and the examples were inspected and manually filtered tirgg it 2360 instances in the original
dataset. Every instance was coded for one of the thirtytewgio lemmas.

Verb Sense. The sense in which a dative verb is used is predictive of tleécehof dative con-
struction it appears in: for examplé] % of verbs used in the transfer sense in the dataset occur
in the double object construction, compare®1d: of verbs used in the communication sense.
A Verb Sense predictor was created by crossing Verb with spadh semantic classes, creating
subclassifications of each verb according to the senses ichvithwas used. The six semantic
classes are ‘transfer’ of possession of an object (as giwt@in example (2a,b), ‘future transfer’
(as withbet, offer, owg ‘communication’ of information (as witkell, quote, shoy ‘prevention
of possession’ (if it was an instance of a verb litearge, cost, denyor ‘abstract’, for all other
instances. There wef® different verb senses in the (Switchboard) dataset.

Although semantic class was included as a main effect byrrest al. (2007a), it was not
included in the present study because its effects are iadludthe random effect of Verb Sense
(see n. 17).

Structural Parallelism. Structural parallelism or persistence is an important igted of syn-
tactic choice in corpus data including sociolinguistienviews (see Weiner and Labov 1983 and

5This was a case study for Recchia (2007).



Szmrecsanyi 2005, among others). In the Bresnan et alsetaagpossible effect of the presence
of a parallel structure in the dative dataset was measuredvayiable defined as the presence of
the same syntactic construction type (prepositidoalative or double object construction) in the
same dialogue.

A preferable measure, following Szmrecsanyi (2005, 20i38he type of the nearest preced-
ing dative structure in the dialogue. For the present studyadopted this measure of syntactic
parallelism, created by Gabriel Recchia using the timgr&ld and corrected dative dataset he
developed (see Recchia 2007).

Relative Syntactic Complexity of Theme and Recipient. Another important predictor of word
order and construction type is the relative syntactic cexipl of complements (Hawkins 1994,
Arnold et al. 2000). Measures of syntactic complexity aghhj correlated and can be efficiently
operationalized by counting the number of graphemic wovdaspw 2002, Szmrecsanyi 2004).
This was the metric used by Bresnan et al. In their model timepbexity predictor is the signed
logarithm of the absolute value of the difference betweertlieme and recipient lengths in wofts.
This measure is intended to capture the relative complexitiyeme and recipient in one variable.

In the present study we use a simpler measure, the natuiaiittog of the recipient length
minus the natural logarithm of the theme length. This measxpresses the ratio of the two
complements within a scale that also compresses extremesval

Discourse Accessibility of Recipient, Theme. Many previous researchers have presented evi-
dence that discourse accessibility and/or focus placemguagnces the choice of alternative con-
structions (see Halliday 1970, Erteshik-Shir 1979, Gii®84, Thompson 1995, among others).
An important alternative hypothesis is that apparent diss®accessibility effects can be explained
by ordering phrases so as to minimize syntactic compleritgomprehension (cf. Hawkins 1994,
Arnold et al. 2000). By adjusting for the relative syntactamplexity of the complements, it is
possible to determine whether discourse accessibility mlakes a contribution to construction
choice over and above syntactic complexity.

The dative data were coded for seven levels of discoursessibdgy—'evoked’, ‘situation-
ally evoked’, ‘frame inferrable’, ‘generic’, ‘containingnferrable’, ‘anchored’, and ‘new’ (see
Michaelis and Hartwell 2007, Prince 1981, Gundel et al. 2993 overcome data sparseness
in modeling, these seven categories were simplified to twethefne or recipient phrase was de-
fined as ‘given’ if (i) itsreferentwas mentioned in the previous 10 lines of discourse (‘evled
(i) it was a first or second person pronoun (denoting a ‘siturally evoked’ referent). All others
were ‘non-given®?

’See Snider (2009) for a study of structural persistence atlve constructions using this augmented dataset.

8Length is transformed by the logarithm in order to comprestars and bring the distribution more closely into
the logistic regression model assumption of linearity igiiepace. Because differences can have vatuds on
which the logarithm is not defined, one unit was added to tlelake value of the length difference of theme minus
recipient to shift it to a positive numerical domain on whitle transformation is always defined; the original signs
were then restored to the resulting values.

9The generic uses guwere counted as situationally evoked because they werédesad to include the hearer
semantically.
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Definiteness of Recipient, Theme. Semantic definiteness is known to interact with word order
in a number of languages (see van Bergen and de Swart 2009éceat review and empirical
study of Dutch). Recipients and themes were coded for seodeftniteness as operationalized by
Garretson (2003). If placing the recipient or theme phragke contex@here is/are__ permits an
existential interpretation (as opposed to a list or dergtading), then the NP is coded as indefinite.
Examples of indefinite NPs inclugglittle bit of flavor, one, some Amish bread, a puppy, difiere
perspectives, more jobs, another box, something that | ezate examples of definite NPs include
him, that chore, the pony, my photo album, Nolan Ryan, allrragds(Cueni 2004).

Pronominality of Recipient, Theme. Different nominal expression types (such as pronouns,
proper names, common nouns) have been found to affect theecbbsyntactic alternatives in a
variety of constructions (Silverstein 1976, Aissen 199% d@nor et al. 2004). Themes and recip-
ients in the dative data were coded for nominal expressios, the values of which were ‘personal
pronoun’ fiim), ‘impersonal pronoun’fomeong ‘demonstrative pronountijat), ‘proper noun’
(Schwarzkopf, ‘common noun’ & native Texa) ‘gerund’ @dvancing their educatignand ‘par-
titive’ (the rest of the family memb@reCueni 2004). To avoid sparseness of data, Bresnan et
al. (2007a) simplified the distinction. Specifically, promoality was simplified to distinguish
phrases headed by personal, demonstrative, indefiniteflexive pronouns from those headed by
nonpronouns such as nouns and gerunds.

For the present study we redefined the pronoun categoryrg firin line with the Treebank
part-of-speech tagging guidelines (‘PRP’, ‘PRP$’ in theéation of Santorini 1990). ‘Pronouns’
are now personal (including themand generigou n. 9), demonstrative, or reflexive, and exclude
indefinites.

Animacy of Recipient, Theme. Animacy is an important cognitive category in humans with
subtle effects on English word order, primarily showing apvariation (Ransom 1977, 1979,
Thompson 1900, 1995, Bock et al. 1992, McDonald et al. 199%eRbach 2002, 2005, 2008,
Bresnan and Hay 2008, Lamers et al. 2008). For the dativeselatanimacy was coded in four
categories—‘human’, ‘organization’, ‘animl; and ‘inanimate,’ derived from Garretson et al.
(2004) by collapsing their ‘concrete inanimate’, ‘non-cogte inanimate’, ‘place’, and ‘time’ into
a single ‘inanimate’ category (cf. Zaenen et al. 2004). Indeimg, the animacy variable was
further simplified because of data sparseness to a binasg@at of human or animal vs. othér.

Concreteness of Theme. Theme arguments were coded for whether they referred to @eten
object, defined as a prototypically concrete inanimateailgjesubstance perceivable by one of the
five senses (Garretson 2003). The ‘prototypical’ restrietas used to bring the category within
ordinary conceptions of what a concrete object is: for eXamipexcludes currents of water, but

100ne instance of an intelligent machine occurred in the eatasd was classed with ‘animal’: ‘you’ll be able to
just give it commands’, said of a computer that respondse¢edp.

*Human'’ referents were individual humans and humanoid ¢giisuch as gods, ghosts, or androids) and groups
of humans which do not meet the criteria for organizatiorabee of the lack of a collective voice and/or purpose.
For exampleeople that come into this country, qualified studentsy thigstomergefer to groups of humans and not
to organizations.
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includes plants. Concreteness of theme was added to coatpeios the simplification of the
original Garretson et al. animacy coding system with the t@iegories of inanimates.

Person of Recipient, Theme. Person influences syntactic alternations categoricakpme lan-
guages and variably in English (Bresnan et al. 2001). Thedate coded for person distinguish-
ing inclusive and specific uses of both first and second perfouneni 2004). For modeling, the
more elaborate classification was simplified to a binarysilivi between ‘local’ persons (first and
second) and ‘non-local’ (thirdy

Number of Recipient, Theme. Number is a typologically important category in grammard&n-
berg 1966), and plays a role in some types of morphosynteatiation in English (Bresnan 2002,
Bresnan et al. 2007b). In the dative dataset, words with&bptural marking (and one instance of
fish which the context clearly indicated was plural) wereembtplural’; other words were coded
‘singular’.

Most of the variables described above have previously béserged to influence the dative
alternation, and pervasive partial correlations are kntavexist among them, as Bresnan et al.
(2007a) emphasize. This is one motivation for using mudti@gression modeling in a careful
assessment of the contributions and interactions of meligriables.

1.2 The Model.

The corpus model is a mathematical formula which definescéonbinations of the predictor
values enumerated above, the probability that a prepaaitio-dative will be chosen from the two
alternative dative constructions. The general structtiteeomodel is shown in (10):

(10) A generalized linear model with a single random intptce
logit[Pr(Yi; = yij | Xijs us )] = X358 + u,

In this model the conditional probability of a response gieegroup: is systematically linked

to a linear combination of fixed cross-group explanatoryades X;; and a randomly varying
normally distributed group effeét. The ‘response’ here is simply the choice between a preposi-
tional or double-object dative construction as in (2), theups’ are the different Verb Senses as
defined in Section 1.1, and the explanatory variables ar@rénaously described predictors in-
cluding relative syntactic complexity of theme and reampj@nimacy of theme and recipient, and
the like.

12Although this person variable lacked significance in thgiogl corpus model of Bresnan et al. (2007a), Bresnan
and Nikitina (2009) subsequently found it to be a small digant influence on dative choice in a larger dataset
combining dative constructions from the Penn TreeBa&Bk Street Journafwhich Nikitina annotated for person) and
the Switchboard corpus.

13Thelogit function gives the ‘log odds'—the natural logarithm of thids ratio,(lf;P)—which is here the ratio
of the probability of a V NP PP to the probability of the altatire, V NP NP.
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For the present project we re-fit the original Bresnan et2fl07a) model (their ‘Model B’)
to the corrected version of the database. We also took therappty to make several improve-
ments to the model for the present study, already describetkction 1.1. First, we adopted
the improved measure of structural parallelism based orconected, time-aligned dataset (n.
6). Secondly, we re-defined the pronoun category to excludefinite pronouns in line with the
Treebank part-of-speech tagging guidelines. Third, wepbfiad our measure of relative syntac-
tic complexity, using the difference of log recipient lengind log theme length. In addition we
used currently available software for fitting generalizesed-effect regression models and tools
for interpreting and validating them (Bates et al. 2009, y®®a2008b) which were not available
earlier. All references in subsequent sections to ‘thepiesy model’ are to this new model of
the corrected and time-aligned dataset. The fitted valuéiseopresent corpus model are highly
correlated with the original (Spearmap's= 0.949). The present model substantially reduces the
moderate collinearity of the original Bresnan et al. mddel.

The new model formula is given in Figure 1. Like the older e@mpnodel of Bresnan et al.,
it is of the general form in (10), with the inverse of theyit function applied to both sides of
the equation. This model was selected from a full model ¢oimg all predictors in the original
corpus model (with the replacements described for paisielpronominality, and relative com-
plexity of recipient and theme) by eliminating predictoreexe the magnitude of the estimated
coefficient was less than the standard error. With the clatwthe model predictors described
above, discourse accessibility dropped out, althoughitierfiess and (a narrower classification of)
pronominality remain in the model.

The numerical coefficients of the predictors shown in Figusre parameters estimated from
the empirical distributions of the predictors in the d&tdhey can be likened to constraint weights
in other optimization-based systems (Manning 2003). Theerical coefficients are multiplied by
1 if a predictor value is true an@if it is false. For example, line 5 of Figure 1 means that if the
theme is a pronoun.2391 is added to the formula sum; otherwi®ds added. For numerical pre-
dictors like the recipient-theme length ratio in the peimdite line of the equation, the coefficient
(here+1.1819) is multiplied by the numerical value of the predictor anded to the formula sum.
As in ordinary logistic regression, positive coefficiergrss favor thel response (V NP PP here)
and negative coefficient signs favor theesponse (V NP NP here).

The final parameteti; in Figure 1 refers to a random effect vector of normally distred
numerical values, each an individual adjustment to oneeYdrb Senses representing its tendency
to be expressed with the V NP PP construction—its prior ‘d@sard the construction, adjusting
for all of the fixed effect predictors. Although there &fesuch values, the multilevel model only
uses a single parameter for all of them, which is the standiewéhtion of their normal distribution
around the mean of.*® Table 1 lists these random effect values for the model; pesitalues

14Using a stringent method of calculating multi-collinepdue to Belsley et al. (1980) and implemented by Baayen
(2008a: 200), we found that the ‘condition numiaef the original model is: = 20.22 (indicating medium collinear-
ity), while that of the present model is= 8.97 (slight collinearity). A condition number less thénndicates no
collinearity to speak of, and > 30 indicates harmful non-collinearity.

SMaximum likelihood is the criterion for fitting generalizedixed effect regression, while residual maximum
likelihood (REML) is preferred for linear mixed effect regsion (Pinheiro and Bates 2000; Bates et al. 2009).

8Technically the the numerical values for the random effédterb Sense shown in Table 1 are not estimated
parameters for the statistical model, lgst linear unbiased predictors (BLUP&)inheiro and Bates 2000: 71).
However, they behave in some ways like intercepts and thersmdom interceptss common parlance.
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1

Probability{Response = V NP PP |X u;} = a7 IEmE where
e b

X3 =
1.1583
—3.3718{pronominality of recipient = pronoun}
+4.2391{pronominality of theme = pronoun}
+0.5412{definiteness of recipient = indefinite}
—1.5075{definiteness of theme = indefinite}
+1.7397{animacy of recipient = inanimate}
+0.4592{number of theme = plural}
+0.5516{previous = prepositional}
—0.2237{previous = none}
+1.1819 - [log(length(recipient)) — log(length(theme))]

andu; ~ N(0,2.5246)

Figure 1: The corpus model

represent a Verb Sense bias toward V NP PP, and negatives\ahias toward V NP NF.

Verb Sense is treated as a random effect in this model betiaeiseéudy findings are not meant
to be restricted to the thirty-eight verbs collected by Bess et al. (2007a), but to generalize
across the entire population of possible dative verbs oflismgn their various broadly defined
senses. Recall that the data in their study were sampledtirerpopulation of all possible dative
constructions by collecting dative verbs in context fronea@fpc corpora. For this reason Verb
Sense is a random variable and is treated as a random effdet model. Speaker identity (an
index of the individual speakers who produced the data)ss alrandom variable and could be
included as another random effect, but the corpora cordaimeny speakers each with relatively
few dative constructions, and Bresnan et al. (2007a) fobatithe fixed effects remain significant
after taking speaker differences into account. The sam@sHol our present corpus model: we
performed a likelihood ratio test on nested models, the inodeigure 1 with an added random
intercept for speaker and without it; the added random efiéspeaker does not significantly
improve model log-likelihoody? = 0.1812, Df = 1, Pr(> x?) = 0.6704.

Notice that the model formula can be read off the standald ttihe model parameters given
in Table 2, which also shows the reliability of the model msties for the fixed effects.

Tables 3—4 provide examples of the kind of data containethéndatabase (with preceding
contexts edited for readability), together with the prabitiss derived by the model for the prepo-

17Baayen (2008a: 181) observes of the dative dataset thad lseraantic class as a separate predictor adds little
that is not already explained by individual verb variakilits a random effect. We have nevertheless used the broad
semantic classes to subclassify the verbs, in order to maptriking differences in the usage of individual verbs: fo
examplepayin the abstract sense aspay attentiorstrongly favors the prepositional dative whayin the transfer
sense as ipay moneyavors the double object construction. In contrasindhardly differs in its abstract and transfer
uses.



afford.a  0.9792 float.a —0.0509 pay.a 5.2559

allota  —0.0387 give.a —1.3000 pay.t —1.9805
allot.f —0.2157 give.c 0.0627 promise.a —0.1252
allowa —2.3679 give.t —0.1314 quote.c  —0.3027
assign.a —1.8472 hand.a 1.9369 read.c 1.4258
assign.f  0.5526 hand.t 1.9365 sell.t 1.5342
award.f —1.7434 leave.a  3.1092 send.a —0.1944
bet.f —0.2100 leave.c  1.3478 send.c 2.4383
bring.a 3.1927 leave.f  0.7237 send.t 1.3094
bring.t 2.0043 lend.a 0.1654 serve.t —0.4671
cause.a —0.3278 lend.t —0.0182 show.c —0.8993
charge.p —1.1801 loan.t 0.4604 swap.t —0.0509
cost.p  —3.4840 mail.a —0.0760 take.a 0.8954
deny.p —1.1051 mail.t 2.2962 take.t 2.7427
do.a —0.7445 make.c —0.2693 teach.c  —2.5230
feed.c  —0.1292 offer.a 1.3923 tell.c —5.7870
feed.t —1.3740 offer.f 0.7515 wish.a —0.6953
flip.a —0.1944 owe.a —1.9362 write.t 3.3665

owe.f —2.5562

Suffixes .a, .c, .f, .p, .t respectively designate Verb Seabkees of ‘abstract’, ‘com-
munication’, ‘future transfer of possession’, ‘prevemntaf possession’, and ‘transfer
of possession’.

Table 1: Random effect values of the corpus model
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Fixed Effects:

Estimate| Standard Errof Z Value | Pr(> |z|)
(intercept) 1.1583 0.5337 2.170 0.03
recipient= pronoun | —3.3718 0.3236 | —10.420 0.0000
theme= pronoun 4.2391 0.4376 9.688 0.0000
recipient= indefinite |  0.5412 0.3147 1.720 0.0001
theme= indefinite —1.5075 0.2877 | —5.239 0.0000
recipient= inanimate| 1.7397 0.4595 3.787 0.0002
theme= plural 0.4592 0.2627 1.748 0.0805
previousto-dative 0.5516 0.3406 1.620 0.1053
no previous dative | —0.2237 0.2389 | —0.936 0.3490
log rec-theme diff 1.1819 0.1686 7.008 0.0000

Random effects:

| Group | Standard Deviation
| verb sense (intercepy) 2.5246 |

number of observationg349, groups: verb senséj)

Table 2: Corpus model parameters

sitional dative choice. The italicized expressions aredthes actually observed. The alternative
construction is given after the italicized one. The probis of such examples can be straightfor-
wardly calculated by plugging into the formula the valuegalbdf the predictors for that example,
including the random effects.

Figure 2 gives a worked example showing how the probabifityre item in Table 3 is calcu-
lated from the predictor properties for which it was codelde Bolded lines are those that need to
be used in the calculation of probability for the item in @Bl Notice that th&; variable gives the
random effect value fobring.t in Table 1. The reader can verify the probabilities of thenagle
in Table 4 by similar calculations, based on its differinggliistic properties.

1.3 Predictive Accuracy of the Model.

The same model can be used on unseen data to predict the jite@sabonditioned on the set
of variables known to the model. For example, given a prestiounencountered dative verb,
together with required information about the recipient #meine arguments and the context of
use, the model yields a predicted probability of syntaaadization as a preposition@-dative vs.
a double object constructidf.

How accurate are the model’s predictions? We divided ouas#dtof corpus dative construc-
tions randomly100 times into a training set of sufficient size to estimate thelehigparameters
(n = 2000) and a testing set(= 349). We fit the model to each training set and generated its

8\Model predictions for an unseen dative verb assume the nagmlom effect value of zero.
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Speaker:

About twenty-five, twenty-six years ago, my brother-in-lalowed up in my front
yard pulling a trailer. And in this trailer he had a pony, whiaidn’t know he was

bringing. And so over the weekend | had to go out and find somedvand put

up some kind of a structure to house that pony, becausedught the pony to my
childrery brought my children the pony.

verb: bring = transfer

theme:  the pony non-pronoun, definite, length 2
recipient: my children = non-pronoun, definite, length 2
previous: none

Probability of V NP PP= 0.9497

Table 3: Example of a very high-probability-dative

Speaker A:

We're like everybody else, you know, we've got several dredids that sometimes,
instead of paying them all off every month maybe you have ipsbme and you

pay part of it this month and part of it next month especiatlyumd Christmas time.

You know, that’'s when everybody goes crazy on charging .stuff

Speaker B:

Well then, see, that's one of the points which | don’t see. *kellidon'’t give a lot
of gifts during Christmas and I, you know, don't like to giveyaat all because the
thing is that, you know, it’s like if | want something I'll askomebody, you know.
— Like, for Christmas my roommate goes, What do you want? Asalid, | want
a backpack. I told him if you want to give me a present for Ghasgive me a
backpackgive a backpack to me.

verb: gave = transfer
theme: abackpack = non-pronoun, indefinite, length 2
recipient. me = pronoun, definite, lengtk: 1

previous: V NP NP
Probability of V NP PP= 0.0093

Table 4. Example of a very low probabilitg-dative
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1

Probability{Response = V NP PP |X u;} = a7 IEmE where
e b

X3 =
1.1583
—3.3718{pronominality of recipient = pronoun} = 0
+4.2391{pronominality of theme = pronoun} = 0
+0.5412{definiteness of recipient = indefinite} = 0
—1.5075{definiteness of theme = indefinite} = 0
+1.7397{animacy of recipient = inanimate} = 0
+0.4592{number of theme = plural} =0
+0.5516{previous = prepositional} = 0
—0.2237{previous = none} =1
+1.1819 - [log(length(recipient)) — log(length(theme))]

andiipings = +2.0043

— 1 —
- 1_’_67(1.158370.2237+2.0043) - 09497

Figure 2: Using the corpus model to calculate probabilities

predictions for the corresponding unseen test set, scagagracy by concordance probabifity.
The mean concordance probability for th#) test sets wa§’ = 0.945. Note that these model pre-
dictions make no use of the random effect of Verb Sense, amghsoe known dative verb biases
toward one or the other construction. For the corpus modehfdll of the data(’ = 0.984, so on
unseen data the model loses oflfy4 of its predictive accuracy, an indication that the modeldas n
excessively overfitting the data. In other words, the higddmtive accuracy of the model is not
obtained at the cost of excessive model complexity.

We grouped the predicted probabilities for individual ieemto ten sets using equal cutoff
points on the [0,1] interval. The mean probability for eacbup was compared to the observed
proportions of the binary response 1 (= prepositional @atealization) in the same group. A
plot of the observed proportions by the mean predicted fitibas for the ten groups is given in
Figure 3, showing a very good fit of the model to the data.

The relative contribution of each predictor to the overdlididisplayed in Figure 4. Each
bar represents the decrease in quality of fit caused by remgauie of the predictors from the
full model, as measured by likelihood ratio tests of the full adtliced-by-one modef8. Each
predictor contributes significantly to the model qualityfibfexcept for Definiteness of Recipient.

19Bresnan et al. (2007a) used a similar validation methoddbtke classification accuracy of their model. Here
concordance probability (as implemented by Harrell 2089)sed to measure how well the model discriminates all
pairs of opposite responses; a value&b 0.5 shows random discriminative accuray~ 1 is perfect, and a value
‘greater than roughl¢’ = 0.8 has some utility in predicting the responses of individwdjscts’ (Harrell 2001: 247).
Concordance probability is equivalent to the area underdbeiver operating characteristic (ROC) curve.

20Cf. n. 15. Although REML is the preferred criterion for optirimg the fit, maximum likelihood is an option and
was used for calculating effect sizes of our linear model fits
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R-squared: 0.98
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Figure 3: Corpus model fit between grouped observations aahmredicted probabilities
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2 Quantitative harmonic alignment.

One of the main findings of previous corpus work on the datiterration is the existence of a

statistical pattern in which, all else being equal, animdedinite, pronominal, discourse acces-
sible and shorter arguments tend to precede inanimatdjnitdenon-pronominal, less discourse
accessible or longer arguments in both dative construg{ida,b). This pattern has been found in
dative constructions in American, Australian, New Zealardl British varieties of English and in

both written and spoken modalities (Thompson 1995, Coll#@5, Bresnan et al. 2007, Bresnan
and Hay 2008, Theijssen 2008, Grimm and Bresnan 2009). Ustridlte, if the recipient argument

is a lexical noun phrase, inanimate, indefinite, or londewjll tend to appear in the prepositional

dative construction; see the bolded recipient in (11a,bpv@rsely, if the theme argument is a non-
pronoun, inanimate, indefinite, or longer, it will tend tgoajar in the double object construction;
see the bolded theme in (12a,b).

(11) a. give those t@a man (more probable)
b. givea man those (less probable)
(12) a. giveabackpack to me (less probable)
b. gave mea backpack (more probable)

In general, the choice of construction tends to be made ih augay as to place the inanimate,
indefinite, nominal, or longer argument in the final complatr@osition, and conversely to place
the animate, definite, pronominal, or shorter argument éngbsition next to the verb where it
precedes the other complement.

The magnitudes and directions of the estimated paramdtdre model (the numbers and their
signs in Figure 1) quantitatively reveal the same kind otgratillustrated in (11)—(12). To see
this, notice that the coefficients of the predictors for mnmmality and definiteness in the model
formula in Figure 1 have opposite signs when they apply tprects and themes. For example,
the coefficient for an indefinite recipient is positive((5412), while that for an indefinite theme
is negative {1.5075). Because positive coefficients favor the prepositionéivdand negative,
the double object, this pattern implies that, all else b&ggal, an indefinite recipient favors the
prepositional dative construction while an indefinite tkeeiavors the double object construction—
in other words, the model favors whichever constructiogdaan indefinite complement in final
position. A similar finding holds for pronominality: the meldfavors whichever construction
places a pronominal complement adjacent to the verb. Aninmeate recipient is favored in the
prepositional dative, which places it in final position. As the relative complexity predictor, the
positive coefficient is multiplied by the difference betwebe log length of the recipient and the
log length of the theme. This value is positive when the lieaipis longer than the theme (hence
favoring the prepositional dative and placing the recipiefinal position), and negative when the
theme is longer than the recipient (favoring the doublealgenstruction which places the theme
in final position). When the two complements are equal intlenthe value is zero and the other
parameters influence the outcome.
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Similar effects have been found in psycholinguistic stadiesentence production using En-
glish dative constructions (Bock 1982, Bock and Irwin 198@ck 1986, Bock, Loebell, and
Morey 1992, McDonald, Bock, and Kelly 1993, Prat-Sala andriggan 2000, Pickering, Brani-
gan, and McLean 2002, Branigan, Pickering, and Tanaka 20@8jous production models have
been proposed to explain them (cf. Ferreira 1996, Bock 1B82k and Levelt 1994; Chang et al.
2006; Branigan, Pickering, and Tanaka 2008).

To assist in interpreting the data patterns, we provide atgtige view of the quantitative inter-
pretation of the model in Figure%.The “~’ symbol refers to relative prominence on a linguistic
scale or hierarchy (see below). The arrows connecting thgtaments show the alternative po-
sitions of theme and recipient in the two constructions. Wiie theme or recipient has bolded
properties, it is preferred in its bolded structural pasitiwhen it has unbolded properties, it is
preferred in its unbolded structural position. The corpuxiei shows that though aligned, the
multiple effects cannot be reduced to any one of them, whethee syntactic complexity (cf.
Hawkins 1994, Arnold et al. 2000) or any other single propéBresnan et al. 2007 3.

animate- inanimate
definite - indefinite
pronoun>= non-pronoun
less complex- more complex

VN Prec N Pthm

VN Pthm PPrec

Figure 5: Qualitative view of quantitative harmonic aligam

This statistical pattern is a kind drmonic alignmentThe termharmonic alignmenis used
here phenomenologically to refer to the tendency for lisgaielements which are more or less
prominent on a scale (such as the animacy or nominal expreggie scales) to be disproportion-
ately distributed in respectively more or less prominemtagtic positions (such as preceding in
word order or occupying a superordinate syntactic posifidThus, example (11a) is a harmon-
ically aligned prepositional dative, and (12b) is a harrecatly aligned double object dative. The
bolded phrases are more harmonic in the final position bectney are indefinite, lexical noun
phrases; they also happen to be longer than the non-bolfiedelpronominal phrases (the recipi-
enta manconsists of two words and the theth@se of one), but the alignment of (in-)definiteness
and (non-)pronominality with final complement positionigrsficant even when relative length is

21_omitting model properties that do not apply to both redipseand themes, like plurality of the theme and
previous occurrence of a prepositional dative constractis well as those properties like discourse accessihitity
person that are not retained in the present model.

22See also Rosenbach 2002, 2005; O’Connor, Anttila, FonglMaalithg 2004; and Strunk 2005 for parallel conclu-
sions on determinants of possessive construction choice.

23In Optimality Theoretic (OT) syntax the term refers to a fatmperation of constraint conjunction that is designed
to preserve hierarchical structure between different imenrce hierarchies of constraints (see Aissen 1999, Painde
Smolensky 1993). We use the term purely phenomenologiaaltiescribed above.
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held constant.

Importantly, Australian English datives show a similartpat ofend weightand quantitative
harmonic alignment, fogivenness, definiteness, pronounhodthis fact can be inferred from
Collins’ (1995: p. 47) discovery of a frequency pattern oéteiver/Entity Differentiation’ in the
Australian corpus datives, by considering the proportiaistribution of these properties across
the alternative constructions in his data (Bresnan et &72pp. 74—75%

It should be borne in mind that what we are calling quantiealiarmonic alignment here is a
probabilistic pattern arising from the frequencies andritigtions of linguistic properties in the
production of dative constructions. We use this terminglbgcause the hierarchical and quali-
tative relations among these properties are far more fanthian the probabilities themselves. A
more harmonically aligned construction is in our datasebaenprobable construction.

3 Experiment 1. Sentence ratings.

We have already highlighted the link between the corpusystfiggroduction of the genitive alter-
nation in British and American English (Hinrichs and Szns@tyi 2007) and a psycholinguistic
study of preferred genitives as continuations after repdipassage by British and American ex-
perimental participants (Rosenbach 2003). As in Bresn@@7R) we formulated the hypothesis
that English speakers implicitly know the quantitativegespatterns of production in their own va-
riety and can use them to predict syntactic choices justeasdipus model does. Where the model
predicts high probabilities, the experimental particiganill, too. Where the model predicts more
even probabilities, participants will, too.

3.1 Method.

Participants. The participants werg9 volunteers from the Stanford University community and
20 volunteers from the Griffith University and Queensland énsity of Technology communities.
They were paid for their participation. There was a balarfceales and females in both groups.
All participants were native speakers of English, did natadpanother language as fluently as
English, had not taken a syntax course, and had grown up id$hghe Stanford participants) or
Australia (the Griffith participants).

Materials. There were30 items, each consisting of a context followed by the two akéve da-
tive continuations. The items were edited transcriptidrtsaimed from actual speakers in dialogues
and this was explained to the participants.

A sample item is given in (13).

24Across languages, relative syntactic complexitgid weighis not always aligned with definiteness, animacy, or
pronominality (cf. Hawkins 1994, 2004, 2007, Gibson 200&méshita and Chang 2001, Yamashita 2002, Rosenbach
2005, 2008, Vasishth and Lewis 2006, Temperley 2007, Ch@rR0
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(13) Speaker:
I’'m in college, and I'm only twenty-one but | had a speech sl&st semester, and there
was a girl in my class who did a speech on home care of the gldeertl | was so surprised
to hear how many people, you know, the older people, are fidstened to their beds so
they can'’t get out just because, you know, they wander ths.hahd they get the wrong
medicine, just because, you know,

(1) the aides or whoever just give the wrong medicine to them.
(2) the aides or whoever just give them the wrong medicine.

One continuation was the observed continuation in the cgmal one was the constructed alter-
native.

The items were randomly sampled from throughout the rangmigdus model probabilities
in the 2349-observation corrected dative dataset and checked foloobvambiguities in either
alternative.

The fitted corpus model values and confidence intervals &i(litems are shown on tHegit
scale in Figure 6 (n. 13). From this plot we see that the itganababilities are well differentiated
by the corpus model, except for those in the middle ranagewlMase this scale in our linguistic
comprehension and judgment tasks.

The items were presented in pseudo-random order, manudligtad to avoid apparent pat-
terns. Also, the order of the alternative dative constamngiwas alternated. The Australian partic-
ipants received the sam3@ items as the US participants, though with the context altshghtly
to Australian conditions. Where necessary, place nametlirgp and atypical lexical items were
changed; for example, for (13} collegewas changed tat university

Procedure. Participants were tested individually in their own counrizey were given a booklet
containing the instructions and the items. They were told that we were interested in how people
choose between different ways of saying the same thing ornmdl conversations. They were
told that in the passages given in the booklet, one or twoksgseavere talking informally about
different topics and that each passage included a choieeooivalys of saying the same thing. The
participants were required to read each passage and tchetelative naturalness of the given
alternatives in their context. They had0 points to express their rating, so that the ratings for any
pair of alternatives added up t00.

The task differs from a forced choice task, such as Roserd&003), in that participants
are free to assign equal value to both alternatives as wellgzaded preference to one of them.
The only choice that is not provided is the rejection of bdtkeraative constructions. Because
one of the alternatives was always from the actual spokesodise in the corpus, we were not
concerned by this limitation. The same procedure had beed nsan explicit prediction task,
asking participants to guess which construction was usetidgpeaker in the original dialogue
and give a numerical rating of the likelihood, and similasuks were obtained (Bresnan 2007b).
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Figure 6: Experiment 1 items: fitted values (corpus modebldgs) and 95% confidence intervals.
Except for the middle range, the items are well differeetilddy the model values.
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3.2 Results and discussion.

The results of Experiment 1 have interesting propertieckinotivate the design of the linear
mixed-effect regression model used for the analysis of #ta.d\Ve first discuss the random effect
structure of the model and then turn to the fixed effects.

Figure 7 displays the mean ratings for the US and Australetigypants for the V NP PP
version of each of th&0 items, plotted against the corpus model log odds for V NP°Pe
regression lines show a linear correspondence between¢ha matings of each group and the
corpus model log odds. But Figure 7 gives no idea of indivigagaformance. Does the linear
correspondence it depicts between corpus model probhafahitthelogit scale) and ratings by the
group also hold for the individuals in the group?

The trellis plots in Figure 8 show the ratings of the items bybability for each of the 19 US
participants (top trellis plot) and 20 Australians (botttmelllis plot). Each panel within the two
trellis plots displays the relation between ratings anguasrog odds of one of the participants.
The plots thus display every data point of every experingragticipant in both groups. Even
though the unaveraged raw data of the individuals shows rmumte variance, as expected, a
roughly linear relationship between ratings and corpudglodity remarkably appears in almost
every panel, as shown by the individual regression lines.

From these plots we can also see that participants variedwn rhuch of the rating scale
they used. For example, in the top trellis plot of Figure 8,uS4 ratings cluster closely around
the middle band of the ratings scale frotth to 60, while S5.us’s ratings extend from neato
100. This difference in rating range or amplitude is reflectedshypesof the regression lines
in each plot: a steeper slope corresponds to a wider rangatiofys given. Participants also
varied somewhat in the baseline they appeared to be usirgexample, S5.us and S10.us have
approximately similar slopes, but S10.us’s regressioa iimercepts the vertical axis higher up,
suggesting a higher baseline, or average rating.

The individual regression lines in Figure 8 are all from agferinear mixed effect regression
model with random slopes and intercepts together with a feféxtt of corpus log odds and an
interaction between variety and log oddsThe main effect of corpus log odds is highly significant,
t = 15.65, Pr(> |t|) = 0. The random effect structure of the model provides an ingiredit to
the individual variation in rating trends. We adopt thisdam effect structure for our final model
of the data: random intercepts for participant and verbgoam by-subject slopes for the corpus
model log-odds.

As seen in Figure 8, the random effects structure of a mixestiemodel of the ratings data
allows direct modeling of inter-subject variation in botleams and slopes. The fixed effects are
shared across the groupings of the random effects. Theaetrrcture of our model is shown in

2S|ndividual ratings are often standardized in order to redater-individual variability as much as possible (e.g.
Bard et al. 1996). The models we fit to the ratings data adpusshélividual variation in the range of the ratings scale,
in a way explained below.

26Recall that the random effect values are not parametergahtidel but best linear unbiased predictors (BLUPS).
See n. 16. Hence only five degrees of freedom in all are usedthe fiandom inter-subject variation shown in Figure 8:
three for the random intercepts and slopes—one for the atdritkviation (s.d.) of the random intercepts of subject,
one for the s.d. of the by-subject slopes, and one for theo$.the random verb intercepts—and two for the fixed
effects of the intercept and the corpus model probabiligdfator. Likelihood ratio tests show that each of the random
effects contributes significantly to the model fit. (Becaab#he fitting algorithm, likelihood ratio tests are used for
the random effect structures of linear mixed effect regoessodels, and not for comparing fixed effects; see n. 15).
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Figure 7: Mean ratings of US and Australian participantseach item by corpus log odds. Re-
gression lines show ratings increasing with probabilitytfoth groups.
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Figure 8: Fit of a single linear mixed effect regression medth random intercepts and slopes to
data of US and Australian participants. Regression lines/stariation between subjects.
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(14).

(14) A linear model with random intercepts and slopes
yz'j = Xmﬁ + Sz-sz- -+ Vj'vj + Eij

In this model the ratings are described in terms of the cgoeap explanatory variableX;;, two
randomly varying group effects, one for experimental sciisj&; and one for verbd/;, and a
random errok;;. The random effect of verb is modeled as a random intercéy.random effect
of subjects has two components: a random intercept regiegensubject’s rating baseline, and
a random slope representing a subject’s rating range nib@dalea by-subject slope adjustment
to the corpus log odds. In other words, the random effect digygant adjusts for differences
in mean ratings between participants. The by-subject adprst in slope adjusts for differences
in the range of the rating scale used by participants. Theamneffect of verb adjusts for item
variation attributable to dative verb bias toward one ofdhernative dative constructions.

Let us now turn to the fixed effect structure of our final mo&g};. In Section 1 we showed
how multiple information sources characterizing contex¢aning, and form of the construction
contribute systematically and quantitatively to the bynainoice between alternative dative con-
structions in production. We hypothesize that in comprslmmbased tasks, including ratings
of sentences read in context, speakers are able to recogrobabilistic differences in alter-
native grammatical constructions from their implicit kedge of these information patterns in
production—relative complexity, definiteness, and promatity of theme and recipient, animacy
of recipient, number of theme, and previous occurrence oépgsitional dative. If so, behavioral
sensitivity to probabilistic differences in alternatiangy vary in speakers of different varieties of
a language where probabilistic syntactic variation exists

We fit a model to the combined data from the Australian and USigi@ants. The random
effect structure remained as just described: random vetiparticipant intercepts and random by-
subject adjustments to slope with respect to corpus modebtials. In the initial model the fixed
effects consisted of all of the fixed effect predictors in¢begous model, to each of which we added
an interaction with variety. This model was then simplifigdremoving all interaction predictors
whose estimate was less than twice the standard error. dfhiglllthe predictors in the model as
main effects, together with one interaction, between taaed relative syntactic complexity.

Inspection of the residuals and the density plots of thegpmstdistributions of the estimates
showed that the model assumptions are reasonably satiBiayé€n, Davidson, and Bates 2008;
Baayen 2008). Model collinearity was calculated; the ‘abad number’'c = 7.65 shows very
slight collinearity, which is not surprising given the lodds included in the random effects (see
n. 14). The model also shows a reasonable fit to the data. [Qveazcounts for over half of the
variance in the data/? = 0.529). Not surprisingly, a very large component of the variare i
explained by the random effects: for a model consisting efrémdom effects onlyz? = 0.49.

The coefficients for the final resulting model are shown inl@&b Thep-values and the upper
and lower 95% confidence limits are derived from posteristritiutions using the pvals.fnc func-
tion in the languageR package for linear mixed effects o modeling (Baayen, Davidson,
and Bates 2008). The independent main effects and the atitemderm are reliable.

The model shows that (after adjusting for the random effet&uibject, verb, and by-subject



Fixed Effects:

Estimate| 95% Confidence Limits p-values
lower upper

(Intercept) 50.251 | 39.8172 61.175 | 0.0001
variety= Aus —1.802 | —5.2705 1.956 | 0.3176
log rec-theme diff 3.406 | —0.9040 7.891 | 0.1114
previousto-dative 11.032 4.6250 15.767 | 0.0004
recipient= pronoun —16.791 | —22.0959 —10.237 | 0.0001
theme= pronoun 14.445 5.9744 23.351 | 0.0010
recipient= indefinite 16.304 10.2424 22.033 | 0.0001
theme= indefinite —25.800 | —29.7793 —20.730 | 0.0001
recipient= inanimate 21.609 15.4746 28.489 | 0.0001
number of theme- singular| 11.889 2.189 5.430 | 0.0001
variety : log rec-theme diff 3.224 0.3832 6.168 | 0.0378

Random effects:

Group Std.Dev.| 95% Conf. Limits

lower upper
subject slope (corp model log odds) 1.5431 | 1.0263 | 2.1670
subject (Intercept) 4.3139 | 24073 | 6.0369
verb (Intercept) 17.8646 | 8.8611 | 20.4336
Residual 20.833 | 20.0458 | 21.7873

number of observationg170, groups: subjec9; verb,9

Table 5: Model parameters for Experiment 1
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sensitivity to corpus probability) there were significargimeffects of previous occurrence afca
dative in the previous context, pronominality of recipigmbonominality of theme, definiteness of
recipient, definiteness of theme, animacy of the recipamd,number of theme. All of these effects
are consistent with harmonic alignment (Figure 5), in thessghat the more harmonic patterns are
rated more highly than the less harmonic patterns. Thishie expected if participants are sensitive
to the corpus model probabilities, because the more hampatierns are the more probable, based
on the frequencies and distributions in the data. The effieet are plotted in Figure 9 (see n. 20).
Each predictor contributes significantly to the model fig separate removal of variety and relative
syntactic complexity of recipient and theme also removesitkeraction term, and significantly
degrades the model fit. Given the very powerful method of riogéndividual differences in the
use of the rating scale, it is notable that variety still cimites to the explanatory value of the
model.

Notice that variety of English reliably interacts with thedative syntactic complexity of recip-
ient and theme: for longer recipients the Australians fakerNP PP construction more compared
to the US participants. The model predictions for the irdtom are shown in Figure 10, together
with the95% confidence intervals.

For an illustration, consider the item in (15). The recipiand theme are both two words in
length; the probability of the prepositional dative0is309 and the double object dativie6691.

If the recipient length is increased (for example, fromy kidsto my kids and their cousin who
is staying with usthe model predicts that the ratings of the prepositionéi’davould increase
more for the Australians than it would for the US particiganthat is, the Australian participants
would tolerate the change tostead of giving my kids and their cousin who is staying wilan
allowanceless than the US patrticipants.

(15) Speaker A:
I wish they had just one central place, you know, where yoyustrdump all the recycling.
Because really | am not really looking for the money portidit,o/ou know.

Speaker B:
Well | used to. It used to be a good days work.

(i) Instead of giving my kids an allowance,
(i) Instead of giving an allowance to my kids,

| just told them they could go around the neighborhood antkcbthings to be recycled
and then | would drive them over and they would get some money.

Experiment 1 shows clearly that both groups of participanéssensitive to the corpus proba-
bilities and that the Australians show a greater effect laftree syntactic complexity or end weight
than the American subjects; as the recipient argument ofigedgets longer relative to the theme,
the Australians have a greater liking of the V NP PP dative tha Americans.

4 Experiment 2: Continuous lexical decision.

The ratings data obtained in Experiment 1 possibly reflemtggses that come into play only after
reading a sentence. But we have good reason to believe ttariievel corpus probabilities are
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involved much more immediately producingdative constructions during spontaneous speech. In
a corpus study of the acoustically time-aligned and coeaedataset of spoken dative constructions
(Recchia 2007), Tily et al. (2009) found that the corpus nhpdababilities of dative production in
Bresnan et al. (2007a) predicted the acoustic durationeoivitrdto in prepositional datives even
after holding the low-level transitional probabilitiestbe adjacent words constant.

Experiment 2 is a comprehension experiment structuredmesh like the observational pro-
duction study of Tily et al. (2009). It was designed to obtata during sentence processing. More
specifically, we conducted an experiment with American aodtfalian English speakers to inves-
tigate whether lexical decision latencies during a reatisg would reflect the corpus probabilities
and whether there were interactions between variety ofigimghd the linguistic predictors of the
corpus model. The task used was the Continuous Lexical Declask (Ford 1983) in which sub-
jects read a sentence (or part of a sentence) word by woreiatoiivn pace, but making a lexical
decision as they read each word. The purpose of requiringiealedecision, and not just a press
of a button to get the next word, is to prevent any rhythmipoesling, which is a known cause
of spillover processing (see Ford 1983: 284)The lexical decision task is made, though, in the
context of fitting each word into the current syntactic camsion. Ford showed that this method
is sensitive to subject- and object-relative differenedsich have been very well established and
replicated in subsequent work (see Gennari and MacDon&l8:2062). In Experiment 2 we were
interested in responses to the waadin the dative NP PP as a function of linguistic predictors
of the corpus model and also of variety. Given that the reaipdoes not occur before the word
to, new probabilities were calculated by omitting any prealistrelated to the recipient and using
log(length of theme) for the length measure. We call these prebabilitiespartial-construction
probabilities

4.1 Method.

Participants. The participants wer20 volunteers from the Stanford University community and
20 from the Griffith University community. They were paid fibreir participation. There were
10 males and 0 females in both groups. All participants were native spesakéEnglish, did not
speak another language as fluently as English, had not takamax course, and had grown up in
the US (the Stanford participants) or Australia (the Ghffiarticipants). None had taken part in
Experiment 1.

Materials. The experimental items for Experiment 2 consiste@4bf the 30 items from Ex-
periment 1. Those omitted were from the middle segment giumodel probabilities for the
prepositional dative construction. As seen in Figure 6 g@mthe middle range of probabilities
were overrepresented: having the widest confidence irigeitveese were poorly differentiated by
the fitted values of the model from their flanking items.

Each experimental item consisted of a context passagehw¥as to be read normally, and a
continuation of the passage in the prepositional dativafevhich was to be read while performing
the Continuous Lexical Decision Task. The continuation eitfser the same as the original from

2"In spillover processing, button presses advance rapidypriek comprehension, requiring catch-up to process
material that came earlier in the sequence. Compare forghedire discussion of self-paced reading and EEG by Van
Berkum et al. 2005.
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the corpus or it was the constructed prepositional altematl he continuation always began with
the word before the dative verb and all lexical items in theegdmental items, up to and including
the word afterto, were real words. Some experimental items included nonsvafigr that point,
simply to give more opportunities for responding no to thedal decision. An example of an item
is given in (16).

(16) Speaker:
I’'m in college, and I'm only twenty-one but | had a speech sl&st semester, and there
was a girl in my class who did a speech on home care of the gldartl | was so surprised
to hear how many people, you know, the older people, are fidstened to their beds so
they can'’t get out just because, you know, they wander ths.hahd they get the wrong
medicine, just because, you know, the aides or whoever

just give the wrong medicine to them just sornly

The 6 omitted items served as fillers, with the continuation bejivgn in the NP NP structure. A
sample item is given in (17).

(17) Speaker A:
The technology is really, you know, going crazy with PCs.

Speaker B:
It's clearly a productivity enhancement device and allows jo do —

Speaker A:

Originally I didn't think it was. | thought that what, you kno we ended up doing was
doing all of the secretarial work and the secretaries hakimgto do. And | guess part of
that is true. 1 do all my own typing. |

don’t give the secretary paper to lorm viob any more

As can be seen, the continuation of these fillers sometinsescantained nonwords. Apart
from theses fillers, another 0 were constructed. These consisted of a passage and a @iiainu
that did not have a dative construction. The continuatidribese fillers always contained one or
more nonwords.

Each item was followed by a yes/no question that appearedrmawascreen after a response
had been made to the last lexical item in a continuation. Whasto encourage participants to read
each passage and continuation. Thus, for example, afteespense tgornlyin (16), the question
in (18) appeared on a new screen.

(18) Was the speech about the good care elderly get?

For the24 experimental items, the partial-construction probapilibat is, the corpus model
probability based on the context, verb, and theme, but motebipient, was calculated. The range
of these partial-construction probabilities (in log oddsg)s from—4.53 to 3.08, with a mean of
—0.87. The partial-construction corpus probabilities for thepgmsitional dative construction for
the 24 experimental items are shown in Figure 11.
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Procedure. The participants were tested individually in their own ctigs. Participants were
given written instructions outlining the procedure (seep@pdix 1). They were told that they
would see the beginning of a conversation on the computeescifollowed by the next word of
the continuation of the conversation and a line of dashesy Were given (19) as the example.

(19) Speaker A:
| just spoke to Peter on the phone. He didn’t sound very well.

Speaker B:
Has he got this cold that is going around?

Speaker ANo. He

For each item, the subject read the conversation, then gtenvfard of the continuation. They
then decided whether the first word of the continuation wa®alwr not and pressed the appro-
priate button (yes or no). Once a decision was made, the next appeared to its right and the
preceding word became dashes. A lexical decision was thele miaout the second word. This
procedure continued until the last lexical item in the comdition. At the end of the continuation,
the context and continuation disappeared and a yes/noiguiegtpeared relating to what had just
been read. Participants were told that there were no trivtt$teat it would be obvious if something
was a word or not. They were asked to read the conversatiors@aslly as possible, making sure
they understand what they read. E-Prime software for Wirgd(®chneider et al. 2002a,b) was
used to run the Continuous Lexical Decision Task. E-Primegsoftware checks for whether the
computer being used is suitable for millisecond timing anthlcomputers used were shown by
these procedures to be good.

4.2 Results and discussion.

As an indication of whether participants had comprehentdegassages and their continuations,
an analysis of responses to the comprehension questidowifay the24 experimental items was
carried out. Results showed that comprehension was highda@hdot differ significantly for
the Australians and Americans; the average number of doresponses wa&).5 for Australian
males20.5 for Australian female<20.9 for American males, an?ll .4 for American females.

To reduce the effect of extreme reaction times, the raw RTs first investigated for outliers. It
was clear that there were three outliers. Two RT$0dH6 and5584 milliseconds were well above
the next highest RT1¢96 milliseconds). One 09 milliseconds was well under the next lowest
RTs 239 milliseconds). The two extremely high reaction times wer@bpbly due to distraction
and not any linguistic feature. The reaction time9f milliseconds was probably a mistaken
press; the response time being unrealistically low as argaetion time. Thus, a decision was
made that all reaction times greater tH&00 milliseconds or less thar)0 milliseconds should be
eliminated. To further reduce the effect of extreme reactimes, all reaction times were logged.
By logging both the dependent and predictor variables, ¢tetion between the variables now
describes how the proportional change in the reaction tiomet® varies with the proportional
change in the corpus odds of the prepositional dative, givempartial information available to the
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reader.

Again we visualize the data to motivate the model for analystigure 12 gives the mean
reaction times at the wort for each item for the Australian (Aus) and American (US) sclg
plotted against the partial-construction log odds of thgpas data, together with a nonparametric
smoother for both varieties, which shows the trend by avegdgcal values in the data. From this
plot we see that the Australian reaction times are somewbats overall. There is an apparent
general trend in both groups for reaction times to decres$ieeacorpus log odds increase.

There are a number of incidental variables that must be altedrfor in this task. Specifically,
controls are needed for random effects of the dative verlnenitem and for subject and inter-
subject differences in response to item order. We used aormandtercept for the former and
a random slope for the latter: during the task some parti¢goenay improve their speed with
practice, while others may tire and slow. A random effecthaf word precedingo was tested
but did not significantly improve the model fit, and so was @liaed from modeling. We also
added several controls to the main effects: it is well knohet the best predictor of reaction
time to a word is reaction time to the preceding word, so thes imcluded in the fixed effects as
a shared effect across all groupings. Item order was alsedadsl a possible cross-group shared
factor in the fixed effects, to model any general effect oftésk trial order such as fatigue (causing
slowing) or practice (causing speed ups). With all of thes#rols in place, the partial construction
log odds remained a significant predictor of the reactioresino word recognition, = —2.14,
Pr(> |t|) = 0.0324.

Having established the random effect structure and cantesl well as a reliable relation be-
tween linguistic probabilities and our dependent variglvketurned to our main question: whether
the two groups varied in the importance of the linguisticjiceors that are components of the cor-
pus model probabilities. We began with a full model contagrall of the coded predictors present
in the data (excluding recipient predictors) in additioriite random effects described above, and
we selected models by eliminating predictors where the magmof the estimated coefficient was
less than twice the standard error. In the final model twouiisiic predictors remained: definite-
ness of the theme and length of the theme.

We measured the multi-collinearity of the model using thehoé in n. 14. The condition
number of3.31 shows that collinearity is of no concern. Inspection of #sgduals and the density
plots of the posterior distributions of the estimates shibtirat the model assumptions were rea-
sonably satisfied (Baayen et al. 2008; Baayen 2008b). Fentbdel?? = 0.5668. For a model
consisting of the random effects onfy? = 0.4643. Thus the fixed effects account for a substantial
amount of the variance.

The model parameters are shown in Table 6. These results thlad\there was a significant
main effect of length of the theme and that variety signifigaimteracted with length of theme.
The main effect of variety was also significant, with Ausaralsubjects responding more slowly
than the Americans. Definiteness of theme was significanacfian time to the word preceding
to was significant. Item order was also significant. The effemtssare shown in Figure 13 (see
n. 20). Given the low signal-to-noise ratios that are comrmoreaction time experiments, it is
remarkable that variety contributes substantially to tk@anatory value of the model.

To explore the group difference in response to the lengtlymtastic complexity of the theme,
we found that nesting the subject variable within a randdiecebf variety added nothing to the
model (by a likelihood ratio tes§* = 0, Df = 1, Pr(> x?) = 1) and did not alter the interaction
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Fixed Effects:

Estimate| 95% Confidence Limits

p-values

lower upper
(Intercept) 5.9998 | 5.9064 6.0913 | 0.0001
variety= Aus 0.1098 0.0455 0.1708 | 0.0008
log theme length 0.1164 | 0.0820 0.1542 | 0.0001
theme= indefinite 0.0337 0.0046 0.0632 | 0.0190
log RT to preceding word 0.3378 | 0.2905 0.3874 | 0.0001
item order —0.0021 | —0.0034 —0.0008 | 0.0026
log theme length : variety: Aus | —0.0741 | —0.1133 —0.0364 | 0.0002

Random effects:

Group Std.Dev.| 95% Conf. Limits

lower  upper
subject slope (item order) 0.0027 | 0.0009 | 0.0045
subject (Intercept) 0.1159 | 0.0762 | 0.1148
verb (Intercept) 0.1161 | 0.0599 | 0.1674
Residual 0.1679 | 0.1620 0.1782

number of observation953, groups: subject0; verb,8

Table 6: Model parameters for Experiment 2
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with length of theme.

Could the interaction with length of theme somehow be trdoespecific subjects who were
faster or slower than average in their lexical decision §thélhe random intercept for subject
already represents random individual differences in readime, and the interaction with vari-
ety holds after adjusting for these individual differencéevertheless, we further checked this
hypothesis by classifying subjects as “fast” or “slow”, dagding on whether their mean reaction
time to to was above or below the mean for all subjects. Speed classchaross all random
groups was then added as a control in the fixed effects of iression analysis. Results showed
that all other effects including the interaction of varistith length of theme were robust after
adjusting for this hypothetical speed effect.

Interestingly, the direction of the main effect of lengthtleéme is consistent with the harmonic
alignment pattern of Figure 5, in the following sense. Mooenplex themes (approximated by
length in words) favor the double object construction olaergrepositional dative and thus reaction
times toto increase with length of theme. The interaction with variatlicates that the Americans
show this effect much more sharply than the AustraliansfFsgere 14. As an example, consider
the item shown in (16), containirgjve the wrong medicinéVhile the Australian speakers would
apparently show little increase in reaction timéaf the theme were lengthenedttoe wrong and
often dangerous medicinthe US participants would show a marked slowing of readiioe. The
range of theme lengths was from one word to ten, with a mear86féhd a median of 2. Adjusting
for all other variables, the models showed that Americamctiea times started exceeding the
Australians’ as theme length increased beyond three words.

Analyses showed that this interaction between variety andth of theme is very robust. It
cannot be attributed to group differences in speed cause@xbmple, by a hypothetical ceiling
effect in the slower Australian subjects’ decision latesciThere is no significant group effect of
speed to explain the interaction. Adding speed as a comgathared factor across groups does
not eliminate the interaction. The Americans were slowingcinfaster than the Australians in
their lexical decisions on the wotd and were exceeding the Australians’ RTs when themes grew
longer than three words.

It might be thought that the Australians could, in fact, sh@wharper increase in reaction
time as length of theme increases, but perhaps as a deldgetl efhus, a linear mixed effects
regression model was fit to the data using log RTs on the waed tafas the dependent variable
and adding the log RT to the wotdas a possible predictor. The regression also used the wierd af
to as a control random effect. This is a standard technique &atatimg possible spillover effects
in word-by-word reading tasks with mixed-effect regreasisee Kuperman and Piai (2009), for
example. Results showed that there was no interaction betwariety and length of theme at
this postto position. Moreover, at this point in the sentence, thereavsignificant main effect of
length of theme such that reaction tindecreasedfter longer themes.

Regarding the main effect of definiteness of theme, it was @ssistent with harmonic align-
ment (Figure 5), with reaction times at the wdodncreasing after an indefinite theme where the
probability of ato-dative decreases. The speakers of the two varieties ddffeatid this effect.
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5 Experiment 3. Sentence completion.

In both Experiments 1 and 2 there were shared effects shaeingjtivity to harmonically aligned
linguistic properties. In Experiment 2, as we have just seetefiniteness of the theme (which is
harmonically aligned in the double object constructiore Bgure 5) was associated with slowing
reaction times to recognize the preposittoras a word for both the American and the Australian
participants. In Experiment 1 inanimacy of the recipienfjéfiniteness of the recipient and of
the theme, and pronominality of the recipient and of the theware all associated with subjects’
ratings in exactly the way that harmonic alignment wouldllea to expect: for example, an in-
definite theme is harmonically aligned in the double objeetstruction, so it is associated with
subjects’ lower ratings of the prepositional dative; caredy, an indefinite recipient is harmon-
ically aligned in the prepositional dative construction, isis associated with subjects’ higher
ratings of the prepositional dative. These shared maircisfieeveal sensitivity to corpus model
probabilities in both comprehension-based tasks, seatetimgs and continuous lexical decision
while reading.

Yet in both experiments, interactions with variety existadfirst glance, the results of Exper-
iment 2 might seem to contradict those of Experiment 1. Indfixpent 1, Australians showed an
end-weight effect of the recipient and the Americans did adtile in Experiment 2 the Ameri-
cans showed a much stronger end-weight effect of the theamethie Australians. If one thinks of
the results only in terms of end-weight then it is difficultrézoncile the results of the two experi-
ments. However, when one reflects on the results in terms efhven the linguistic predictors favor
or disfavor the prepositional dative construction V NP R&tdtling Figure 5), then a consistent
pattern emerges.

Consider Table 7, which summarises how variety interactis thie linguistic predictors favor-
ing or disfavoring V NP PP in Experiments 1 and 2. The top h&lfable 7 concerns decision
latencies from Experiment 2 and thus an increase suggesasegmdifficulty and a decrease sug-
gests greater ease in processing, while the bottom halfdé Taconcerns ratings from Experiment
1 and thus an increase suggests greater acceptance. Cdrtgp#lre Americans, the Australians
show more effect of a property that favors prepositionalveatand less effect of a property disfa-
voring them. One possibility is that the Australian groug hahigher expectation of prepositional
datives than the US group. Increases in theme length disfaid® PP, but, unlike the Americans,
the Australians’ reaction times at the waaare increasing much more slowly as theme length
increases, as though they are more tolerant of V NP(Long€h&R than the Americans. Turn-
ing to the ratings experiment, increases in recipient kefeytor NP PP, and while the Australians
show a large effect of favoring NP PP in ratings as recipiength grows, the Americans show
no effect (both the variety contrast and the main effect gfrecipient-theme difference lacking
significance), as though the Americans are more tolerant biP{LongRecipient) NP than the
Australians.

Reflecting on the results in terms of whether the linguistedjctors favor or disfavor an V NP
PP suggests that the two groups may be more or less tolerdiftevént stuctures. One possibility
is that the Australians have a higher expectation of V NP RR the US group. If so, it might be
expected that they would produce more prepositional dativen the Americans dom the same
contexts To obtain evidence about differences in production, wel @ssentence completion task
in Experiment 3.



44

Decision latency experiment:

property expectation RT aio

theme length grows disfavors V NP PP US RTs increase faster
(slowing down)

Rating experiment:

property expectation rating of V NP PP
relative recipient length grows favors V NP PP only Aus iases

Table 7: Summary of variety differences in Experiments 1and

5.1 Method.

Participants. The participants wer20 volunteers from the Stanford University community and
20 from the Griffith University community. They were paid foreih participation. There were
10 males and 0 females in both groups. All participants were native spea&éEnglish, did not
speak another language as fluently as English, had not takamax course, and had grown up in
the US (the Stanford participants) or Australia (the Griffiarticipants). None had taken part in
Experiments 1 or 2.

Materials. The items for Experiment 3 consisted of all items from Experiment 1. As with
Experiments 1 and 2, the context was given for each itemgiheach item ended after the dative
verb and was followed by lines where a completion could beredt The items were given in a
random order for each subject.

Procedure. Each participant was tested in her or his own country. Rpéits were given a
booklet with instructions and tr3# items. The instructions stated that in each of the givengupess
one or two speakers were talking informally about differeqtics. They were also told that the
final sentence in each item was left unfinished. They wereuotd to read each passage and then
complete the unfinished sentence in the way that felt mostalab them. They were instructed
that they need not spend a lot of time deciding how to comptetaut to just write down what
seemed natural.

5.2 Results.

The transcripts of each subject were checked separateladly &ithor for NP NP and NP PP
to-dative completions. Examples of a double object and a igpoal dative completion, as well
as a completion that was neither are given in (20).



(20) Speaker A:

The technology is really, you know, going crazy with PCs.

Speaker B:

It's clearly a productivity enhancement device and allows jo do —

Speaker A:

Originally I didn't think it was. | thought that what, you knp we ended up doing was
doing all of the secretarial work and the secretaries hakimgto do. And | guess part of

that is true. 1 do all my own typing.

| dont give

—myself time to relax when | could be working.

(US: NP NP)

—menial jobs to my secretary anymore because the computsiittdefor me.
(Australian: NP PP)

—dictation when | can do it myself just as quickly and neatly.

The average level of production of datives for #ldtems wag).55 for the Australians ant.56
for the Americans. For the Australiaris42 of their datives were NP P#®-datives, while for the
US, the corresponding figure was33. The data were tabulated as numbersoediative, double-
object, and other constructions by subject. For analydcgiatic generalized linear model was fit
to the tabular responsestofdatives vs. double-object datives per subject, as a fomcti variety
interacting with gender. The model statistics and oddesatie displayed in Tables 8 and 9. From
Table 8 we see that the Australians produce significanthermdatives than the Americans, after
controlling for gender. From Table 9 we can infer that the thalsan males were more than three
times as likely to produce-datives as the US males, in the same contexts. (The integteys the
odds of producing prepositional datives over double-dlgeastructions for the reference levels
of the variety and gender predictors, which are US and maggectively. The intercept odds of
producing a prepositional dative over a double object cansbn are about one in two8-4867.
In contrast, the Australian participants who were not fenteld odds of producing prepositional
datives over double-object constructions of not quite tworte—.8677.) The interaction term
shows that the female Australians have a reduced odds ofipirgiprepositional datives, bringing

(US: neither NP NP nor NP PP)

them closer to the US participants than the Australian males

| | Df | Deviance| Resid. Df| Resid. Dev] P(> [x?]) |

NULL 39 63.153

variety 1 4.186 38 58.967 0.04076
gender 1.557 37 57.410 | 0.21213
variety:gender 3.635 36 53.775 | 0.05657

Table 8: Wald Statistics for Experiment 3 Model
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| | Odds Ratio| Estimate| P(> x?) |

intercept 0.4867 | —0.7201 | 0.0000
variety= Aus 1.8677 0.6247 | 0.0056
gender=f 1.121 0.1139 | 0.6200
variety= Aus : gender= f —0.5422 | —0.6121 0.057

Table 9: Odds Ratios from Experiment 3 Model

6 Theoretical implications.

In the experimental tasks of sentence rating and continleaical decision while reading, both the
American and Australian subjects showed sensitivity tosgieken English corpus model proba-
bilities of the dative construction (or partial constroct). In Experiment 1 subjects gave higher or
lower ratings to prepositional datives according to thajhkr or lower probabilities of occurrence
in the given contexts. In Experiment 2, subjects while reggrepositional datives had faster
or slower lexical decision latencies at the waoodaccording to the higher or lower probability of
occurrence of the partial prepositional dative in its cght@he experiments show that subjects
have strong predictive capacities, preferring and ardtang the more probable of two alternative
syntactic paraphrases.

How could the subjects accomplish these predictive taskdsoth experiments, subjects’ re-
sponses showed significant relations to the componentistigwariables of the corpus model. In
Experiment 1 preference for type of dative construction axgrwhelmingly in accordance with
guantitative harmonic alignment (Section 2), with the mefilects of relative complexity of re-
cipient and theme, definiteness of recipient and theme gonamality of recipient and theme, and
animacy of recipient all going in the directions consisigith harmonic alignment. In Experiment
2 the partial-construction properties of length and dedimes of theme argument were among the
main effect predictors of reaction time, in the directiompected from the harmonic alignment
pattern shown in Figure 5: a definite theme favors a prepositidative, and leads to faster deci-
sion latencies oto after controlling for all of the other variables; a longeethe favors a double
object construction, leading to slower decision latenoies.

According to a class of ‘parsing-based’ or ‘memory-stot#geories (see Hawkins 1994, 2004,
2007; Gibson 1998; Grodner and Gibson 2005; Temperley 280 presentative work), language
users’ sensitivity to what is more or less unlikely in lingic contexts could simply derive from
their sensitivity to what is more or less difficult to parsen Dese theories limited cognitive re-
sources for memory storage and semantic integration caffiseltly in parsing complex syntactic
dependencies. Because speakers tend to accommodateshBaesoiding sources of linguistic
difficulty, the easiest linguistic variants to process impoehension may become the most likely
to be used.

Figure 15 illustrates one specific parsing theory analyisista like ours. (See Temperley 2007
for discussion of similar predictions of others.) On thiedhy the difficulty of integrating a second
argument with a ditransitive verb increases with the depeog length of the intervening first
object (Chen et al. 2005: 284). The dependency length isiledésd as the number of words that
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introduce new discourse entities between the start and etitk syntactic dependency—hence,
as the number of lexical word§. The difference in length is illustrated for the head-argonme
dependencies between the verbughtand the beginning of its second complement in the Figure:
there are zero lexical words spanned by the dependency arrthwe first and third examples and
there are two lexical wordkildren, vanandpony, van spanned by the arrow in the second and
fourth examples. Such differences in dependency lengtpradicted to yield inverse effects on

reaction times.

X
He brought them one
0 =0

T

He brought my children in the van one

0 1 0O O 1 =
rFeR
He brought it to my children
0 =0

T

He brought the pony in the van to my children
0 1 0O O 1 =2

Figure 15: Dependency Length Theory

There are two problems for this type of resource-limitedlaxation of our findings. First,
our models show that the harmonic alignment effects meatil@bove cannot be reduced to the
relative complexity of the recipient and theme (Experim&ntnor to variation in the length of
the theme (Experiment 2), because the models all contrahse complexity effects. Thus the
shared harmonic alignment patterns in production thatrracuwss varieties and modalities of
English and are reflected in judgment and comprehensiorvimhiamain unexplained. Secondly,
these theories offer no explanation for the covariatiombenh the Australians and the Americans
in the complexity effects themselves. In the ratings expernit, the Australian subjects showed
a strong preference for V NP PP as relative length of recipreareased, while the US subjects
showed none (Table 5 and Figure 10). And, in contrast, in ir@iGuous Lexical Decision Task,
the US showed a much sharper slowing of reaction times asetigth of the theme increased
than the Australians. The Australians’ reaction timeseased only mildly at the wortb and
showed no lagging effect on the following word (Table 6 anguF¢ 14). The Australian subjects
had slower decision latencies on average, which might heflected a possible ceiling effect on

28Dependency length measured by length in lexical words i&lpigorrelated with the simple length-in-words
measure used here. On the se2®19 theme NPs in the dative database of Bresnan et al. (200 ésvthmeasures

have a Spearman/s> 0.91,p < 2.2 x 10716, See also Temperley (2007).
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reaction times, but this possibility was eliminated beeatg experimental analysis controlled for
the mean speed of each subject as a random effect in the taskoWer, when we added speed as
a control in the fixed effects of the regression analysis,auad that our effects remained robust.
The sentence completion task showed that the covariatidgheijudgment and comprehension
tasks in Experiments 1 and 2 matched the production task petixent 3, with the Australians
favoring prepositional datives more than the US partidipan

Do other theories offer a better explanation of our findinggsZheir study of speakers’ pro-
nunciation of the prepositioto and other words in spontaneously produced dative conginsct
in spoken English, Tily et al. (2009) found a significant effef the Bresnan et al. (2007a) corpus
model probabilities. They proposed the principleuoiform information densitfyalso known as
constant entropy rajeas a possible theoretical explanation of these effectactordance with
information theory (Shannon 1948), information is meadumesuch a way that the more probable
an item in a sequence, the less informative it is, and coalyetBe less probable, the more infor-
mative. If the rate at which information is conveyed in theesgh stream is roughly constant, then
more predictable words, which carry little informationpsitd take less time to pronounce during
production than less predictable words. The efficiency isf strategy for communication over a
speech channel lies in the fact that it allows utterance® tehiorter and easier to produce without
reducing the less predictable words that the hearer wouwld tree most difficulty reconstructing
(Aylett and Turk 2004). Above the word level, the theory hat implies that information den-
sity may increase toward the ends of sentences as contingdtecome more predictable (Genzel
and Charniak 2002). Under this theory, generally speak&sg, predictable arguments should fol-
low more predictable ones in word order. The harmonic alignineffects could be explained in
these terms, provided that animate, definite, pronomimal, ralatively less complex arguments
are indeed more predictable in information-theoretic g&gras measured in texts.

Although uniform information density applies to productjdéhere is empirical work connect-
ing it to perception and to expectation-based theories wiprehension (Hale 2001, Keller 2004,
Levy 2008, Kuperman and Piai 2009). On these theories psowgdifficulties are a function of
the probabilities of continuations as measured by infoneaess: during incremental processing,
resources are allocated to more expected alternativesgatherparallel set of possibilities that
unfold at each point. Violations of expectation cause diffies as resources are re-allocated. Re-
cently it has been shown that this theory can explain oppoesgtight effects found in the visual
comprehension of sentences containing verb-particletagrieons in Dutch and English, in terms
of the very different conditional probabilities of a pakéid¢ollowing a verb at various distances in
production corpora of the two languages (Kuperman and P29

Because uniform information density and expectation-th&seories of processing are grounded
in usage probabilities, they offer a principled explanat the computational level for the shared
harmonic alignment effects found in our corpus, rating, satling with lexical decision studies.
Thus an explanation for our findings of covariation is that #ustralians may have had a greater
anticipation of prepositional datives than the Americaasause of differences in the probabilities
of the dative alternation in productions of speakers of Wee\arieties of English. This hypothesis
is consistent with the greater frequency of prepositiodives in an Australian dative database
(Collins 1995) compared to an American dative databases(Be et al. 2007a) (but see n. 3) and
with our findings in Experiment 3.

If the Australians had a greater expectation of the prejoosit dative than the Americans
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because of greater production frequencies of the prepoaitdative in their variety of English,
we would predict that in the same contexts, Australians @pubduce more prepositional datives
than Americans. Experiment 3 tested this prediction witleatence completion task using the
materials of Experiment 1, and the prediction was borne out.

7 Limitations of the present study.

Why should there be a greater preference for prepositioai@es among the Australians than
the Americans, and why should it manifest itself in end-vaeigather than some other predic-
tor? These causal questions cannot be answered with owenpréata. But we can observe that
elsewhere weight has been found to have a role in syntastegiince: increasing weight of the
possessum has affected the English genitive alternatithreipast 50 years by favoring the Saxon
('s) over the Normandf) genitive (Szmrecsanyi 2009), and in the present day,gssssn length
is an important predictor of the genitive alternation in Aioan and not British English (Hinrichs
and Szmrecsanyi 2007). As we have observed at the outské girésent study, historical vari-
ationist studies have shown that the dative alternatiorbleas diverging in varieties of English
for several centuries (Rohdenburg 2008, Mukherjee andriif2006, Bresnan and Hay 2008).
American English is leading British English in greater utthe double object dative (Grimm and
Bresnan 2009). Various causes of these kinds of changedleaveproposed, such as increasing
drift toward oral language styles or colloquialization§Br and Finegan 1989, Leech and Smith
1994) and greater pressure toward economy in writing (B2&3), but it is unlikely that a single
cause accounts for all of the ongoing changes in the datteenation (cf. Hinrichs and Szm-
recsanyi 2007, Szmrecsanyi and Hinrichs 2008, Szmngc009 on the genitive alternation).
Social perceptions of formality or ideologies of standapdms (Kroch and Small 1978) might be
playing a role. Notably only the recipient argument can bekexh by a preposition; the theme
remains unmarked in both constructions. If the prepositiconstruction were perceived as more
formal, then in some situations and possibly with less comnegipient types, the prepositional
construction might be preferred. Finally, prosodic diieces might also affect construction choice
in different varieties (Anttila 2008, Shih et al. 2009). Beespeculative remarks are only intended
to suggest directions for further investigation.

Another important limitation of this study is that we canogergeneralize from small samples
of speakers of different varieties, because of many otHfardnces between the groups. Most of
the Australian subjects were from a Queensland state wiyevhich admits many students of
lesser means than the elite and expensive private uniyefsihe American subjects located in a
wealthy Californian suburb. However, since quantitatreads in the dative alternation are entirely
beneath the awareness of speakers, there may be few sdiciahzes on the variable. Some might
wonder if there were differences in working memory span adieg span between the two groups
that could have caused our variety differences (cf. JusGamdenter 1992, Wells et al. 2009). This
seems unlikely. One would expect that if there were a grofierdince in memory or reading span,
it would be one that would favor the US students, from theseliiversity. However, it was the
US participants and not the Australian participants whothadonger reaction times to the word
to as theme length increased beyond three words in Experimdrirgher, it was shown that the
result could not be due to a difference in speed between thgtaups.
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Another limitation is the absence of a corpus of spoken Alisin usage comparable to the
corpus of spoken US English. Nevertheless, no matter hogeljlanatched, corpus data across
varieties are full of potential confounds and unmeasuretdicgent differences. Our use of iden-
tical experimental materials drawn from the same corpudiaewl localized provides one solution
to this problem. In future work, we hope to develop and moly fanalyze larger-scale contextu-
alized sentence-completion datasets across the varieties

While our corpus model captures effects of spontaneousesppkoduction, the behaviors
tapped by our three experiments—sentence rating, readihgcantinuous lexical decision, and
sentence completion—are disparate, spanning the rangegoiidtic judgment, comprehension,
and production. This range extends the scope of predigtbayyond a skill for a single task to
a more general base of implicit probabilistic knowledgéd thgpports, or perhaps constitutes, the
language faculty. But much future research will be requiceeplicate these findings and deepen
our understanding of predictive syntactic behavior acka@sgeties and its relation to production
probabilities.

If we can reliably detect the psycholinguistic effects dfeting syntactic probabilities between
varieties, as the present study suggests, it will open mamy questions in the intersection of
language variation and cognition, in language developpat in the historical development of
language. There are also potential applications in readiacpnd language education (Frishkoff
et al. 2008), and language impairment. We hope the pressy stimulates more collaborative
research within the boundaries of our field and across them.
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Appendix 1.

Instructions for the continuous lexical decision task of Eyxeriment 2

Instructions
Welcome. In this experiment you will be reading some parngiggaon the computer screen.
For each item, you will first see the beginning of a conveosgtiollowed by the next word of
the conversation and dashes. An example would be:

(21) Speaker A:
| just spoke to Peter on the phone. He didn’t sound very well.

Speaker B:
Has he got this cold that is going around?

Speaker A: No. He

The dashes are covering the words that continue the cortinersa

Once you have read the conversation that is presented, ysuread the first string of letters
in the continuation (says in this example) and decide whethg a word or not. If it is a word,
press the key marked Y (for Yes) and if it is not, press N (fo).N@nce you have pressed Y or N,
a new string of letters will appear and the last one will beeatashes again. There are no tricks.
It will be obvious if something is a word or not.

You should try to read the conversations as naturally asifplessnaking sure that you under-
stand what you read. Please do not rush the task, but be dsagpuyou can, while still reading
naturally.

When you have finished a conversation, you will see a queabont what you have just read.
To answer the question press the Y (for Yes) or N (for No) keym8&times you will be instructed
to press the Space Bar one or more times before you get thBajues

You should keep your thumbs resting on the Space Bar and yuy&r8 on the keys marked
Y and N. Use the fingers next to your thumbs. Use your thumbesgthe Space bar and your
fingers for the keys marked Y and N.

You can take breaks as you need them, but please try to do smebefuve started reading a
paragraph.

Thats all there is to it. Just to review:

1. Once you have read the conversation, read the next stfilegters and press Y if it is a
word and N if it isnt.

2. Once you have pressed Y or N, the next string of lettersapiiear. Again press Y or N.
3. Read as naturally as possible, comprehending what you rea
4. After each conversation you will see a Yes/No questioas®l for Yes and N for No.

When the experiment is over, a screen will appear tellingtgaiop. At that point, you should
let the experimenter know that you have finished.



