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We present a new methodological approach which combines both naturally-occurring speech 
harvested on the web and speech data elicited in the laboratory. This proof-of-concept study 
examines the phenomenon of focus sensitivity in English, in which the interpretation of particular 
grammatical constructions (e.g., the comparative) is sensitive to the location of prosodic 
prominence. Machine learning algorithms (support vector machines and linear discriminant 
analysis) and human perception experiments are used to cross-validate the web-harvested and 
lab-elicited speech. Results confirm the theoretical predictions for location of prominence in 
comparative clauses and the advantages using both web-harvested and lab-elicited speech. 
The most robust acoustic classifiers include paradigmatic (i.e., un-normalized), non-intonational 
acoustic measures (duration and relative formant frequencies from single segments). These 
acoustic cues are also significant predictors of human listeners’ classification, offering new 
evidence in the debate whether prominence is mainly encoded by pitch or by other cues, and 
the role that utterance-normalization plays when looking at non-pitch cues such as duration.
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1 Introduction

The World Wide Web is enormous, free, immediately available, and largely 
 linguistic. As we discover, on ever more fronts, that language analysis and 
generationbenefitfrombigdata,soitbecomesappealingtousetheWebasadata
source.Thequestion,then,ishow.(Kilgarriff,2007)

Linguists have been using text data from the web in published work since at least
Grefenstette(1999).Theappeal,asKilgarriff(2007)notes,isthelowcostofentry:Most
researchers have quick and easy access to a search engine—even quicker since 2007,
 following the rise of internet-enabled mobile devices.
Thecostofentryforspeechresearchonthewebremainsconsiderablyhigher,evenas
thepublicationofnewspeechdataonthewebaccelerates,duetoplatformslikeiTunes
andYouTubeandtoinfrastructurewithgreaterbandwidthandstoragecapacity.
The problem, of course, is that search engines search text, not speech. Unless a
transcriptionexists,speechdataonthewebareeffectivelyinvisible.Andevenwhena
transcriptiondoesexist,itmaynotbetime-indexed.Thisproblemissharedbythosewho
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publishspeechtotheweb,andwhowanttomaximizepublicexposuretotheircontent.
Forthesecontentproducers,thereisanobviouscommercialincentivetocreatesearch-
able,time-indexedtranscriptions.
Atthistime,speechresearchersdonothaveaccesstoanythingapproachingthepower
andscopeofaGoogletext-search.Nonetheless,thequantityoftranscribed,time-aligned
speech online is significant and growing. In this study,we present a proof-of-concept
for harvesting and analyzing speech data from the web. We leveraged two websites
(Everyzing.com and play.it)whichindexedradiopodcastswithtranscriptionsobtained
withautomaticspeechrecognition(ASR).While the transcriptionsvaried inqualityat
the sentence level, accuracy typicallyexceeded50% the levelof short, commonword
sequences(Howell&Rooth,2009).
Ourgreatestmotivationinusingweb-harvestedspeechisthedramaticexpansionand
diversificationoftheempiricalbaseitofferslinguistictheory.Datacollectedthroughper-
sonalintrospectionorelicitationinauniversityorcommerciallaboratoryrepresentonly
asmallpartofthediversityofhumanspeech.Web-harvestedspeech,becauseitisnat-
urally-occurring,reflectsamorediversesetofspeakersandsocialcontexts.Traditional,
curatedcorporaare static (usuallybydesign)andout-dated (becauseof the timeand
effortrequiredtoassembleandmaintainthem).Theweb,bycontrast, isdynamicand
evolving.
Naturally,speechdatafromthewebcannotreplaceexistingformsofdata.Kilgarriff
(2007)cautioned researcherson thechallengesandpitfallsofusing textualdata from
theweb.Inthecaseofspeechdata,onemustproceedwithevengreatercaution,since
thetextitself,particularlyifgeneratedbyASR,introducesadditionalbiases.Withthisin
mind,weimplementanapproachforvalidatingresultsobtainedfromwebdatabyusing
machinelearningandspeechdataelicitedinthelaboratory.
WeuseourapproachtoinvestigatethephenomenonoffocussensitivityinEnglish,in
whichtheinterpretationofparticulargrammaticalconstructionsaresensitivetotheloca-
tionofprosodicprominence.Formalsemantictheoriesoffocusmakeclearpredictionsfor
thelocationoffocusinagivendiscoursecontextandwewanttotestthesepredictionsby
measuringacousticprominenceinnaturally-occurringspeech.
Unlikethecaseofintrospectiveorlaboratorydata,welackcontroloverthediscourse
contextinnaturally-occurringspeech,anditmayalsobechallengingtorecoverthedis-
coursecontext.For thisproof-of-concept study, then,we investigateda focus-sensitive
construction inwhich the relevantdiscourse antecedent is always explicit. This is the
comparativeclausethan I did,whereasweexplainbelow,thelocationofprominenceis
predictablefromapropertyofthemainclauseofthecomparativesentence.
We test semantic predictions by building an acoustic classifier. Our methodology
uses an explicit machine-learning classification model to evaluate the predictions of
a semantic/pragmatic theoryof thedistributionof focus in a specific syntactic-lexical
context,andtoinvestigatethesignalfeaturesthatareinvolvedinmarkingfocusinthat
context.Themethodologyiscomputationalandhasacertaincomplexity,butmanageable
becauseittakesadvantageofwell-establishedclassificationmodelsandimplementations
oftheminR.Intheinterestofmakingiteasiertoapplythecomputationalmethodtosim-
ilarproblems,wehavedistributedcodeanddatasetsfortheexperiments(Howell,2016).
Inadditiontoevaluatingthesemantictheory, it isalsopossibletoaskwhichsetsof
acousticmeasurements contribute to successful classification.We compare the perfor-
manceofclassifierswhichusemeasuresofF0againstclassifierswhichuseother,non-F0
measures.Andwealsocompareclassifierswhichuseun-normalized,‘paradigmatic’meas-
uresagainstclassifiersusing‘syntagmatic’measureswhichhavebeennormalizedwithin
the utterance.

www.Everyzing.com
www.play.it
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Finally,wealsocomparetheperformanceofthemachinelearningclassifierstothatof
human listeners, and we test whether the same acoustic measures contribute to human 
listenerperformance.
Thepaperhasthefollowingorganization.Therestoftheintroductionelaboratesthe
semanticsandpragmaticsoffocussensitivityandthephoneticsandphonologyofprosodic
prominence.Section2describesthemethodsofdatacollectionforthelaboratory-elicited
andweb-harvested speech,whileSection3details themachine learningclassification,
includingthealgorithmsusedandhowtheyareevaluated.InSections4and5wereport
onclassificationusingwebdataandlabdata,respectively. InSection6,weprovidea
comparisonoflogisticregressionmodels;andinSection7,wereportonhumanlistener
classification.TheconclusionispresentedinSection8.Replicationdata,includingacoustic
measurements,scriptsandspeechrecordings,totheextentpossible,arepublishedonline
attheHarvardDataverse(Howell,2016).

1.1 The semantics of focus sensitivity
InEnglish,prosody isused tomarkcertainpartsofanutteranceas salient in thedis-
course.Forinstance,thespeakerAin(1)makesitsalientthatsomeoneatethesushi,but
atthetimeofB’sutteranceitisnotyetsalientthatSaraatethesushi.WesaythatSara is 
‘focused’in(1B)andate the sushiisnotfocusedor‘given.’

(1) A:Youatethesushi.
B:No,Sara ate the sushi.

In‘anaphoric’or‘givenness’theoriesoffocus,weunderstandtherelationshipbetweenan
utteranceandthediscourseasakindofanaphora.Roughly,reducedprominenceonate 
the sushiin(1B)islicensedbytheearliersequenceate the sushiin(1A).
Discourse anaphors need not be explicit, however. Suppose we are at a Japanese
restaurantandorderaplateofsushi.Youleaveforafewminutesandreturntofindyour
partnersittinginfrontofadirty,emptyplate.Thatsomeoneatesushi(whethertrueor
not)isnowsalientinthiscontext,andtheutterancein(2)isthereforefelicitous,even
withoutanexplicitdiscourseantecedent.

(2) Inthepresenceofadirty,emptyplate...
B:Sara ate the sushi.

Rooth (1992) and Schwarzschild (1999) offer two well known formalisms of focus
anaphoricity, the former emphasizing contrastive focus and the latter emphasizing
givenness/newness.Bothaccountspositakindoffocusskeleton,asemanticobjectwith
variables replacing the focusedphrases,e.g., ‘Xate the sushi.’Rooth’s ‘focus semantic
value’isthesetofpropositionsobtainedbyreplacingthefocusedphrasewithalternatives
ofthesametype;Schwarzschildachievesasimilareffectbyexistentiallyquantifyingover
focusedphrases.1
Thus, fromtheutterance[Sara]Fate thesushi,Roothwouldderivea focussemantic
valuesuchas{‘Juanatethesushi,’ ‘Theserveratethesushi,’ ‘Thewomanatthenext
tableatthesushi,’...}.Schwarzschildwouldderiveanexistentiallyquantifiedproposi-
tion‘Someoneatethesushi.’
Focus is licensed if the focus skeleton stands in a particular relation to a discourse
antecedent.ForRooth,theantecedentmustbeanelementofthefocussemanticvalue.
For Schwarzschild, the antecedentmust entail the existentiallyquantifiedproposition.

 1Theauthorsdo,ofcourse,alsoallowforcasesoffocuswithinconstituentssmallerthanaproposition.The
readerisreferredtotheseworksforthefullproposals.
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Althoughmoreworkcomparingthetwoformalismsisrequired,theyarelargelyequivalent
withrespecttofocusanaphoricity(cf.Rooth,2016).Forthefollowingdiscussion,we’ll
assumearelationofentailmentholds,followingSchwarzschild.
Comparativeclauseshavetheusefulpropertyofalwaysoccurringwithanexplicitante-
cedent:Themainclause.Supposethecomparativeclausethan I didin(3a)isinterpreted
as‘Istayedtosomedegreelong.’WithfocusonthesubjectI, we derive an existentially 
quantifiedproposition ‘Someonestayedtosomedegree long,’whichisentailedbythe
mainclauseantecedent‘Hestayedtosomedegreelong.’2
Similarly,wederiveanexistentiallyquantifiedproposition‘Ilikethatsongsomedegree
atsometime’in(3b),whichisentailedbythemainclauseantecedent‘Ilikethatsong
somedegreeatthepresenttime.’In(3c),wederiveanexistentiallyquantifiedproposi-
tion‘Iunderstandsomedegreelittleatsometime,’whichisentailedbythemainclause
antecedent‘Iunderstandsomedegreelittletoday.’

(3) (a) Subjectfocus(class‘s’)
He stayed longer than [I]F did
antecedent:Hestayedxlong

(b) Non-subjectfocus(class‘ns’)
IlikethatsongalotmorethanI[did]F
antecedent:Ilikethatsongxmuch

(c) Non-subjectfocus(class‘ns’)
I understand less today than Idid[yesterday]F
antecedent:Iunderstandxlittle

Asaproxygeneralization3forfocusanaphoricity,wewillsaythatwhenreferencevaries
inthesubjectpositionbetweenthemainandthan-clausesasin(3a),thesubjectpronoun
I in the than-clauseissemanticallyfocused.Whenreferenceisconstantinthesubjectposi-
tionasin(3b)and(3c),semanticfocusoccursinsteadondid or on a following adverbial. 
Wecanrefertothisgeneralizationastheco-referencecriterion(4).

(4) Co-referencecriterionforfocusincomparativeclauses
Ifthesubjectsofthemainandcomparativeclauseshavedifferentreferents,the
tokenbelongstoclass‘s’(subjectfocus);
Else,thetokenbelongstoclass‘ns’(non-subjectfocus).

Withtheco-referencecriterion,wehaveanindependentwayofclassifyingthecomparatives
thatdoesnotinvolveprosody.
Togetherwithaninterfaceprinciplethatrelatessemanticfocustoprosodicprominence,
theoriesoffocusanaphoricitymaketestablepredictionsforthelocationofprosodicprom-
inence incomparativeclauses.Anaïve interfaceprinciplestatessimply thata focused
constituentisprosodicallyprominent.Onereasonforthenaïvetyofthisprincipleisthe
non-trivialcomputationof‘focusconstituent.’Forexample,thereisalargeliteratureon
focusprojection(e.g.,Breenetal.2010;Drubig,1994,2003;Gussenhoven,1992;Jacobs,

 2Herethedegreevariableisexistentiallyquantified.Thesameresultsareobtainedifthereareoccurrences
ofthesamefreedegreevariableinthemainclauseandthecomparativeclause.

 3Althoughtheco-referencecriteriondividesinstancesofthecomparativeexhaustively,itshouldbenoted
thattherearecertaincasesinwhichitdoesnotcorrespondexactlywiththeoreticalaccountsoffocus.In
particular,theco-referencecriteriondoesnotdistinguishcasesofdoublefocus,suchas(i).Theco-reference
criterionpredictsthat(i)belongsinclass‘s’(subjectfocus).

(i) Youshouldhaveearnedlesslastyearthan[I]F did[this]F year
Antecedent:Youshouldhaveearnedxmuchlastyear
‘Youshouldhaveearnedxmuchlastyear’entails‘someoneearnedxmuchatsometime.’
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1999;Selkirk,1995;Winkler,1996)concernedwithprominencewithinlargefocuscon-
stituents(cf.Ilove[cheese]Fvs.I[lovecheese]F),arguingagainstanaïveprinciple.Weset
aside this issue here, since the focused constituent at issue in our datasets consists of a 
singleelement,namelythepronounI.

1.2 The prosody of focus sensitivity
As described in Section 2, we extracted more than 300 acoustic measurements from
 utterances of than I did. Inbuildingacousticclassifiers,wedonotattempttomakean
exhaustivecomparisonofdifferentcombinationsofthese309.Nordothese309meas-
urementsexhaustthepossiblewaysofmeasuringutterancesofthisshortstring.Wedo,
however,considertwowaysofgroupingthemeasurementswhichbearonlong-standing
issuesinthephoneticandphonologicalstudyofprosodicprominence.
The first grouping separates syntagmatic measurements (for example, those which

relate I and didinthesameutterance)fromparadigmaticmeasurements(forexamplea
measurement from I alone).Inthelasthalfcentury,phonologistsstudyinghowwepro-
duceandperceiveprosodicprominenceandsemanticistsstudyinghowweuseprosodic
prominencetomakediscoursecoherenthaveadvancedtheirunderstandingsusingtwo
ostensiblyoppositeconceptionsofprosodicprominence.Phonologistshavearguedthat
prominence shouldbeunderstood as primarily relational or syntagmatic, e.g., aword
orsyllableisprominentonlywithrespecttoanadjacentwordorsyllable;semanticists
have operated under the tacit assumption that prominence is essentially absolute or
paradigmatic:e.g.,awordorsyllablesimplyisorisn’tprominent.

(5) ...[α]Fβ...paradigmaticcomparison
↕

...αβ...

(6) ...[α]Fβ...syntagmaticcomparison
↔

Although linguists from many theoretical traditions have noted the syntagmatic nature 
of prosody (e.g., Jakobson et al. 1952; Ladefoged, 1975; Lehiste, 1970; Saussure,
1967[1916]),therelationalnatureofprominencewasexplicitlycodifiedinthetheory
of metrical phonology (e.g., Giegerich, 1985; Halle & Vergnaud, 1987; Hayes, 1981;
Liberman, 1975; Liberman&Prince, 1977; Prince, 1983; Selkirk, 1984),which views
prominence,particularlystress,ashierarchicallyorganizedrhythmicstructure.
Incontrast,thereisatraditionamongsemanticistsandsyntactianstousecapitalization,
italicsorothertypographicalconventionstoindicateprominence,tacitlyassumingapar-
adigmaticcomparison.Onealsofindsthisviewrepresentedinphoneticalphabets,such
astheInternationalPhoneticAlphabet,andinearlygenerativetheoriesofprominence
(Chomsky&Halle,1968).Morerecently,severalsemanticaccountshaveattemptedto
model the semantics after the syntagmatic phonological accounts, evaluating focus or
givennessasarelationbetweenpairsofadjacentconstituents(e.g.,Rooth,2009,2015;
Wagner,2005,2006;Williams,1997).
The secondgrouping separatesmeasuresofF0fromall othermeasures.Theworkof
Fry(1955,1958)longagodispelledthemyththatprominencewasrealizedprimarilyby
loudness.Sincethen,however,thescientificliteratureonacousticprominencehasbeen
dominatedbydiscussionoffundamentalfrequencyandpitch.Kochanski(2006)reported
that,inonesample,articlesaboutF0outnumberedarticlesinvestigatingotherprosodic
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cuesbynearly5to1.Yetdifferentlinesofresearchhavepointedtotherobustnessofnon-
F0measures.Workinlaboratoryphoneticsandphonologyhasidentifiednon-F0 cues of 
accentinspeechproduction(e.g.,Campbell&Beckman,1997;Cho,2006;DeJong,1991;
Ladefoged,1967;Ladefoged&Loeb,2002;Lehiste,1970)andintheacousticsofspeech
(e.g.,Beckman&Pierrehumbert,1986;Lehiste,1970).
Inthedomainofphonology,work intheautosegmental tradition(e.g.,Bruce,1977;
Goldsmith,1976;Leben,1973;Liberman,1975;Pierrehumbert,1980)motivatedadistinc-
tionbetweenpitchaccentandstress.Thisleadstothequestionofwhichcategory—pitch
accentorstress—istheprimarycorrelateofsemanticfocus:Inthederivationally-oriented
terminologyofSelkirk(1984),whetherfocusis‘stress-first’or‘accent-first.’
Semanticistsremainedlargelyunconcernedwiththedebate,apartfromintensiveinves-
tigationofthelicensingconfigurationforputatively‘accentless’secondoccurrencefocus
(e.g.,Beaver&Clark,2008;Kadmon,2001;Partee,1991;Rooth,1996).Experimental
studiesofthisphenomenon(e.g.,Bartels,2004;Beaveretal.,2007;Bishop,2008;Howell,
2011)confirmedthatsignificantpitchcuesofprominencewereindeedabsent.However,
otheracousticmeasuresofprominencerelatedtostress,suchasdurationandintensity,
werepresentinsmallbutstatisticallysignificantamounts.
Experimental evidence also suggests at least three categorical levels of prominence.
BeckmanandEdwards(1994)studiedthearticulationofthesyllablepa in three contexts, 
whichwewillrefertoasphraseaccented,wordaccented,andunaccented:Thefirstsyl-
lable of papa(7a),thefirstsyllableofpapain(7b)andthesecondsyllableofpapain(7b),
respectively.Thephrase-accentedsyllablecarriesapitchaccentandhasanunreduced
vowel;theprosodicword-accentedsyllableispostnuclearandhasanunreducedvowel;
the unaccented syllable has a reduced vowel.

(7) a. [Washermamaaproblemaboutthewedding?]
Her Papaposedaproblem.

b. [Didhisdadposeaproblemasfarastheirgettingmarried?]
Herpapaposedaproblem.

ThiscategoricaldistinctionwasfirstproposedbyBolinger(1958,1981)andVanderslice
andLadefoged(1972)(Gussenhoven2004:20;seealsoHalliday1967).Thisinfluential
distinction between phrase accenting andword accenting is fundamental to the ToBI
annotationframework(Beckman&Ayers,1994).
BeckmanandEdwardsobservethatthecontrastbetweentheaccentedsyllableandthe
unaccentedsyllableisparticularlyrobustforvoweldurationandthedegreeandspeed
ofjawopeningmovement.Wecaninferthatvowelreductionisalsocorrelatedwithless
extreme formantmovement.Althoughwedonotuse themhere,measuresof spectral
balanceandpost-focalcompressionhavealsobeenimplicatedindistinguishingbetween
levelsofstress(e.g.,Sluijter&vanHeuven,1996;Xuetal.,2004).

2 Methods of data collection
2.1 Web harvested data
We collected twodifferentweb-harvested corpora of utterances containing than I did, 
usingamethodologydetailedinHowellandRooth(2009).AsetofstandardUNIXtools
(e.g.,curl,cutmp3,awk,bash,make)replicatesuserinteractionwithanexternalsearch
engine. The search engine, provided by RAMP (formerly Everyzing), uses automatic
speechrecognitiontoindexspeechandidentifypossibleutterancesofawordsequence,
in our case than I did.Thefirstcorpus(web1)wascollectedusingtheirsearchinterface
at Everyzing.com;thesecondcorpus(web2)wascollectedusingtheirsearchinterfaceat

www.Everyzing.com
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play.it.TheEveryzinginterfacesearchedcontentfromavarietyofcontentproviders,but
predominantlyradiostations,includingWEEI,WNYC,KPBS,WRKO,NPRandtheWhite
RoseSociety.Theplay.itinterfacesearchedcontentfromvariousmemberstationsofCBS
radio.4
Retrievalefficacyvariesbydataset,butHowellandRoothfoundthatroughly50%of
purportedtokensweretrue,uniqueandreadable.Manualfilteringwasrequired.Dataset
web1contained90truetokensof than I did:45tokenswithsubject focus(‘s’)and45
tokenswithnon-subjectfocus(‘ns’).Datasetweb2contained127truetokens:62tokens
withsubjectfocusand65tokenswithnon-subjectfocus.
Theantecedentandcomparativeclause ineachtokenwasmanuallytranscribedinto
Englishprose.From this transcription, the tokensweremanually categorized intoone
ofthetwofocuscategories,accordingtotheco-referencecriterion(cf.4).Althoughthis
semanticclassificationwasperformedbyhumans,thetaskdidnotrequirespecialexper-
tiseortrainingbeyondidentifyingandcomparinggrammaticalsubjectsofthetwoclauses.

2.2 Laboratory-elicited data
2.2.1 Stimuli
Atotalof16writtenstimuliwereconstructed,modeledafterattestedexamples inthe
web-harvestedcorpora.Eightofthestimulicontainedanordinary,firstoccurrencefocus
(e.g.,8)andtheothereightcontainedbothafirstoccurrencefocusandarepeated,second
occurrence focus. The conditions for second occurrence focus were created by contrasting 
anadjectiveorverb(e.g.,longer in9)orbycontrastingadegreemodifier(e.g.,lotin10).

(8) Hesawthesituationdifferentlythan I did. FOFstimulus(subjectfocus)

(9) Youworkedharderthan I did, FOFstimulus(subjectfocus)
andyouworkedlongerthan I did. SOFstimulus(subjectfocus)

(10) IthinkTomsaiditalittlebetterthan I did. FOFstimulus(subjectfocus)
Infact,hesaiditalotbetterthan I did. SOFstimulus(subjectfocus)

AmongtheFOF-onlystimuli,halfwerestatements(e.g.,11)andhalfwerewh-questions
(e.g.,12).

(11) TherewerealotofphotographerswhowouldshootmorethanIdid.

 4TheEveryzingandplay.it interfaces are no longer available, although the same technology has since been 
madeavailableforavarietyofdifferentcontentproviders,includingWNYC,FoxBusiness,andPBS.For
tools which interact with these newest interfaces, readers are invited to contact the authors.
Researchersinterestedinincorporatingweb-harvestedspeechcorporaarealsoadvisedtoidentifyand
reviewothersimilarresourcesappropriatefortheirneeds.Atthetimeofwriting,weareawareofatleast
threeadditionalsourcesoftranscribedandtime-indexednaturally-occurringspeechavailableontheweb.

• Audiosear.chanditsassociatedAPIprovidesfull-textsearchofpodcastsincludingprogramming
fromNationalPublicRadio(NPR)andtheCanadianBroadcastingCorporation(CBC).Many
ASR-generatedtranscriptsaremanuallycorrectedandsotranscriptionqualitycanbequite
 excellent.

• GoogleandYouTubehostvideoswithclosedcaptioning/subtitleswhicharetime-alignedtoshort
stretchesofspeech.

• DigitalartistSamLevinehasprovidedpythonscripts(Levine,2016)whichsearchsubtitlefiles
fromYouTubeandothermediaorfromtranscriptionsgeneratedbytheopen-sourceautomatic
speechrecognitionsystemCMUSphinx(Huggins-Dainesetal.,2006;Lamereetal.,2003).

 Levine’splatformallowsforGREPsearchofregularexpressionsandpartofspeechtagging,whichcouldbe
applied,forexample,tofocus-sensitiveexpressionswhicharethemselvesdiscontinuous(e.g.,either… or)
fromtheirfocusassociate(e.g.,only).

www.play.it
www.play.it
www.play.it
www.Audiosear.ch
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(12) WhydoIhavemoreenergytodaythan I didthedaybefore?

Each experimental condition was balanced for semantic focus condition: Half of the
tokenshadsubjectfocusandhalfhadnon-subjectfocus.Thefullsetofstimuliaregiven
inAppendixB.Inordertolimitthescopeofthispaper,weleavetheSOFexamplesfor
futureanalysis.Henceforth,anymentionoflaboratorydata(lab)willreferonlytothe
FOFexamples.

2.3 Recording
Participants were recorded in a sound-attenuated room. Twenty-seven individuals
participated,althoughoneparticipant’sspeechfailedtoberecorded,leavingatotalof26
participants.Participantswerepaid.
ThestimuliwerepresentedonacomputerscreenusingasetofMATLABscriptswritten
byMichaelWagnerforconductingprosodyexperiments.Inadditiontothe16targetsen-
tences,participantsalsoread18fillersentences.
NoadditionalcontextwasprovidedtoparticipantsoutsideofwhatappearsinAppendixB.
Wechoosethecomparativeconstructioninordertoavoidthechallengesofensuringthat
eachparticipantusedthesamediscourseantecedent.Sincethemainclauseprovidesthe
explicitdiscourseantecedentforthecomparativeclause,theorypredictsthatadditional
contextwillbeunnecessaryforthepurposeofconditioningfocus.
Afterreadingthetextaloud,participantswereaskedtoratethenaturalnessofthewrit-
tenstimulionascalefrom1(verynatural)to5(veryawkward).Themeanratingforthe
individualstimulirangedfrom1.72to3.08;theoverallmeanwas2.35,suggestingthat
the stimuli were reasonably naturalistic.
Nineteen tokens were discarded due to speaker disfluencies, such as false starts,
hesitations,orutterancesthatdidnotmatchthewrittenstimuli,leaving397.

2.4 Segmentation
Theextractionofacousticinformationrequiredannotationatthephoneticlevel.Foreach
utterance of than I did,thefollowingphoneticsegmentswereannotated:V1,thevowel
[æ]ofthan;N1,thenasal[n]ofthan;V2,thediphthong[aɪ]ofI;C3,thestopclosureand
burstoftheinitial[d]indid;andV3,thevowel[ɪ]ofdid.
Theweb-harvesteddatawere labeledmanuallyby theexperimentersorby research
assistantstrainedforthetask.Forsegmentationcriteria,weusedoralandnasalconstric-
tionlandmarksinthespectrogramandwaveform:Changeinamplitudebetweenvowels
andthenasalandoralstops,andthehighfrequencyburstoforalstopreleases(cf.Turk
etal.,2006).

The laboratory-elicited data were, in addition, automatically forced-aligned using a set 
ofPythonscriptsthatinterfacewiththeHiddenMarkovModelToolkit(HTK)(Gorman
etal.,2011).Sincethemanually-annotatedlaboratorydatadidnotresult inimproved
classification,wereportonlyontheforced-alignedlaboratorydata.Alignmentfailedon
3filesforatotalof394tokens.

2.5 Acoustic extraction
A total of 309 acousticmeasureswere extracted using the scripting function of Praat
(Boersma&Weenink,2017).Phenomenaofinterestincludedduration,fundamentalfre-
quency (F0),firstandsecondformants(F1andF2),intensity,amplitude,voicequality,
andspectraltilt.Meansorextremaweretakenforthesephenomena,atregularintervals
within a vowel or at the time of other extrema. The ratio between I and did were also 
calculated for many measurements, including duration, F0 and intensity. The full list of 
measurementsisprovidedwithdescriptionsinAppendixA.
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3 Machine learning classification
Atraditionalacousticphoneticstudyexaminesahandfulofvariablesrelativetoalarge
number of observations (small p, large n),allowingapplicationofmethodsfromclassical
statisticssuchasANOVAandlogisticregression.Givenasetofmorethan300variablesand
asfewas90tokens,5 the data in this study may, by contrast, be  considered large p, small n 
(alsoknownasHighDimensionLowSampleSizeor,henceforth,HDLSS).Accordingly,we
pursuestatisticalmethodsforhigh-dimensionaldataborrowedfromfieldswhereHDLSS
dataareubiquitous,includingbiotechnology,medicalimaging,astrophysics,finance,and
e-commerce.Ingenetics,forexample,onemaywishtoexaminemanythousandsofgenes
inamodestnumberoftissuesamples.
First, we apply two machine learning techniques which have been effective in the
classificationofHDLSSdatasets:Lineardiscriminantanalysis(LDA)andsupportvector
machines(SVMs).Second,andinaddition,weapplyfeatureselection,usinganautomated
methodandamanual,humanmethod.SVMsmaplinearfeaturesintoamultidimensional
featurespace,whilefeatureselection(alsoknownasfeaturereduction)reducesanappar-
ently  high- dimensional structure to a low-dimensional structure.
The machine learning classification and feature selection methods are discussed in
Sections3.1and3.2,respectively.Sections3.3and3.4describethemethodsofevaluating
classifierperformanceandthedivisionofdataintotestsetsandtrainingsets.

3.1 Classification algorithms
Two machine learning techniques were used to create predictive models of the
data. Linear discriminant analysis (LDA) is a classification framework based on
multidimensionalGaussianprobabilitydistributionsthathasbeenusedwidelyinpat-
tern recognition tasks (Venables & Ripley, 2002). Support vectormachines (SVMs)
(Boser et al., 1992) are a relatively recentmethod of supervised classification that
haveachievedexcellentaccuracyintaskssuchasobjectrecognition(Evgeniouetal.,
2000),cancermorphologyidentification(Mukherjeeetal.,1999),andtextcategoriza-
tion(Joachims,1997).Inbothcases,webeginwithtrainingdataconsistingofvectors
ofacousticmeasurements,dividedintoan‘s’setfromtokenswithshiftingreferencein
thesubjectposition,and‘ns’forconstantreferenceinthesubjectposition.Anestima-
tionprocedureproducesareal-valuedobjectivefunctionhofthelinearform(13a).It
canbeusedusedtolabelpointsinthespacewith‘s’or‘ns,’accordingtothedecision
rule(13b).
Thedecisionsurfaceforthemodelisthesurfacethatdividespointsthatareclassi-
fiedas‘s’fromthoseclassifiedas‘ns.’Inadatasetwithtwodimensions,thedecision
surfaceisalinedividingthetwo-dimensionalspace,andingeneral,inadatasetwith
n features,ahyperplane(i.e.,anaffinesubspaceofdimensionn – 1).Figures 1 and 2 
illustrate  decision surfaces in two-dimensional and three-dimensional models drawn 
from our data.

(13) (a) h (x) = w · x + b
(b) if h (x)>0then s else ns

AnLDAmodel is estimatedbyfittingamultivariateGaussiandistribution to thedata
witheachlabel,subjecttoaconstraintofequalco-varianceforthetwodistributions.A
Bayesoptimaldecisionrulethenresultsinalineardecisionsurface.IncontrasttoanLDA
model,whichbecauseof theestimationprocedure issensitive toall the trainingdata,

 5AsnotedinFootnote4,theaudiosearchlandscapehasevolvedsincewefirstcollectedourwebdataand
wewerelimitedto90and127tokensinourtrainingandtestsets,respectively.
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thedecisionplaneinanSVMmodelissensitiveonlytoasubsetofthetrainingdata.The
planeispositionedinawaythatmaximizesdistancetonearbydatapoints(thesupport
vectors),andincludesalsoapenaltyformis-classifieddata(Cortes&Vapnik,1995).
LDAmodelsmakeassumptionswhichmaynotbesatisfiedbythetruedistributionsfor
ourproblem,namelynormalityofthedistributions,and(assumingnormality)equalityof
covariancesforthetwoclasses.Poorresultsmayalsoobtainifthetrainingsetissmall.6  
Furthermore, the LDAclassifierhas been shown toperformbestwhen thenumberof

 6Thesamplesizeshouldbe10timesthenumberofattributesaccordingtoBrownandTinsley(1983),20
timesthenumberofattributesaccordingtoStevens(2002).

Figure 1: On left, an LDA classier in two dimensions, with ovals marking a contour of equal 
 probability that encloses 75% of probability mass. At right, an SVM classier based on the same 
training data. Duration-V2 is the duration of the second vowel in “than I did,” and f1f2Time50-V2 
is the distance between the first and second formants in the middle of the second vowel. Red 
points are from observations with varying reference in the subject position (our operational 
definition of focus), and blue points are from observations with constant reference in subject 
position. In this case the LDA and SVM decision surfaces are are nearly the same.

Figure 2: On the left, the decision surface for a three-dimensional LDA classifier. The extra  feature 
relative to Figure 1 is maxf0-ratio, the difference between the maximum F0 value in the second 
vowel of “than I did” and the maximum F0 in the third vowel. Red points have varying reference 
in the  subject position (subject focus), and blue points are from observations with constant 
 reference in subject position. On the right, the decision surface for an SVM with radial basis 
function  kernel estimated from the same data.
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attributesisminimized(ideallynogreaterthan2attributesforabinaryclassifier)and
whentheattributesarenotintercorrelated(cf.Brown&Wicker,2000).7Our309acoustic
measurementsoutnumber the tokens inourdatasets,andgroupsof featuresare likely
tobehighlycorrelated.Inthenextsection,wediscussamethodofattributeselection,
inordertoreducethisnumberofattributes.Inpractice,however,itisoftenpossibleto
obtaingoodresultsforanLDAclassifierevenwithsmalldatasetsandevenwithdatain
violationoftheassumptionsofnormaldistributionandhomogeneityofcovariances(e.g.,
Klecka,1980;Lachenbruch,1975;Stevens,2002).Theimplementationoflineardiscri-
minantfunctionanalysisweuseisavailableintheMASSpackage(Venables&Ripley,
2002)forthestatisticalcomputingenvironmentR(RDevelopmentCoreTeam,2016).
The implementationof SVMweuse is available in the libsvmpackage (Chang&Lin,
2011;Dimitriadouetal.,2009)forR.8
Another featureof SVMs is thepossibilitymappingof linearattributes intoamulti-
dimensionalfeaturespace.Thisisdonebyreplacingdotproductsbyanon-linearkernel
function.9Thisgreatlyreducesthetypicalcomputationalcomplexityoftraining,atthe
costofsomewhatincreasedcomputationalcomplexityduringtesting.10 Although the data 
shouldbeinternallyscaledforbestresults,useofanon-linearkernelalsoavoidstheneed
totransformattributeswhichmaybenon-linear(e.g.,durationandenergyinourdata).
Manykernelfunctionshavebeenusedsuccessfullyindifferentclassificationtasks.Hsu
etal.(2003)recommendaradialbasisfunction(RBF),11anon-linearmappingwhichhas
beenshowntoalsoencompassalinearkernel(Keerthi&Lin,2003)andwhichbehaves
similarlytoasigmoidkernel(Lin&Lin,2003).Hsuetal.notethattheRBFkernelrequires
onlytwohyperparameters,whileapolynomialkernel,forexample,willcontaintwoor
more,contributingtomodelcomplexity.(Allkernelscontainatleastonehyperparameter
C,costorconstant,whichsetsthepenalizationforadatumoccurringonthewrongside
ofthemargin.)Atthesametime,Hsuetal.alsosuggestthattheresultsofalinearkernel
maybecomparablewiththoseofanRBFkernelinsituationswherethenumberofattrib-
utestobemappedisgreaterthanthenumberofdatainstances.Thissituationobtainsfor
thoseofourclassifierswhichusetheunfilteredsetof309attributesandareappliedto
datasetsof90and127(viz.theweb-harvesteddatasets).Wethereforeconsiderclassifiers
usingbothRBFkernelsinadditiontolinearones.Figure 2 shows the curved decision 
boundaryobtainedinathree-dimensionalmodelwithanRBFkernel.
EstimatingLDAandSVMclassifiersrequiresdatasetswithoutmissingvalues.Algorithms
inPraatandotheracousticanalysissoftwarehaveanotoriouslydifficulttimeextracting
values such as F0intheabsenceofregular,periodicvoicing.Adatasetwithmissingvalues
wasthereforeunavoidable,andmanyvalueswereundefined.Typically,adatasetwith
lessthan5%missingdataisconsideredmanageable,whilemorethan5–10%missingdata
maybiassubsequentstatisticalanalysisandcanrequiresophisticatedmethodsofdata
imputation.Allofourdatasetsfellwithintheseacceptableratesofmissingness.Theweb-
harvesteddatasetsweb1andweb2hadmissingratesof0.6%and0.8%,respectively.The
laboratory-eliciteddatasethadamissingrateof2.5%.

 7Themethods of regularized discriminant analysis (Friedman, 1989) or shrinkage discriminant analysis
(Ahdesmäki&Strimmer,2010)havebeenproposedtoimproveperformanceofsimplediscriminantanalysis
whenthenumberofattributesexceedsthesizeofthedataset.Wedonotpursuethesemethodshere.

 8Thetwoandthree-dimensionalmodelsunderlyingFigures1and2wereobtainedwiththeMATLABfitcdiscr 
function.

 9Theterms‘feature’and‘attribute’areusedhereintheirstatisticalorcomputationalsense,referringtoa
particularvectorofdata(e.g.,thevectorofdatacorrespondingto2ndvowelduration).Notealsothatthe
terms ‘feature’ and ‘attribute’ areoftenused todistinguishpredictorsbeforeandafterkernelmapping,
respectively.Sincenothinginthestudyhangsonthisdistinction,wewillusethetermsinterchangeably.

 10Thisisthetypicalcase;however,asananonymousreviewernotes,itisnotaguaranteedeffect.
 11EquationforRBFkernel: ( ) ( )0 0 2,K x x exp x xγ= − − .
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Manydifferentkindsofdata imputationexist.Single imputationmethodsreplaceall
missing datawith the same value, such as –1, 0 or 1, or themean ormedian of the
variable.Onedisadvantageofsingleimputationisthat it failstomodelthevariability
oftheunderlyingdata.Multipleimputationmethodsusealgorithmstoimputeaparticu-
larvalueforeachdatapointusinginformationfromobservationswithoutmissingdata.
Somecommonmethodsofmultiple imputation includehot-andcold-deck imputation
andk-nearest neighbor imputation.Weexperimented informallywith several of these
methodsof imputationandnone resulted innoticeabledifferences inclassifierperfor-
mance.Leavingin-depthstudyofimputationforfutureresearch,wechosetousemean
imputationonallofthedatasets.
Optimizingthevalueofhyperparametersisoftenrecommended.Inthisstudy,wewere
abletoachieverobustlyperformingclassifierswiththedefaultsettings( 1

nγ=  and C=1).
We therefore leave the contribution of tuning to future investigation.

3.2 Redundant features and feature selection
Inbuildingaclassifier,onemaybeconcernedsimplywiththeclassificationtaskitself:
Developingandimprovingtheabilityofaparticulardecisionfunctiontogeneralizefrom
onesetofdata(atrainingset)toanother(atestset).Wemaycallthisthe‘functional
measure’(cf.Cristianini&Shawe-Taylor,2000).
Onemayalsobeconcernedwithhowtheclassificationtaskisachievedandhowclosely
itmodelsrealhumancognitiveability.Wemaycallthisthe‘descriptionalmeasure.’The
relativeimportanceofthefunctionalanddescriptionalmeasurestypicallyvariesaccord-
ing to the goals of the researcher. Consider the following functionally-oriented view from 
CristianinniandShawe-Taylor.

Shiftingourgoaltogeneralisationremovestheneedtoviewourhypothesisasacor-
rectrepresentationofthetruefunction.[…]Inthissensethecriterionplacesnocon-
straintsonthesizeoronthe‘meaning’ofthehypothesis–forthetimebeingthese
canbeconsideredtobearbitrary.(Cristianini&Shawe-Taylor,2000:Section1.2)

Anothermoredescriptionally-oriented researcher concernedprimarilywith theunder-
lyingor ‘true’ functionmaybewaryof evenahigh-accuracydecision functionwhich
incorporateswhatmayseemtobelinguisticallyirrelevantororthogonalnoiseinthedata.
Inpractice,however,thefunctionalanddescriptionalarenotmutuallyexclusiveand
are,onehopes,mutuallyinformative.Onemay,forexample,applythefunctionalmeas-
uretoestablishapatterninthedataandapplyothermethodstounderstandthecontribu-
tionofdifferentfeaturesinthemodel.Inthisstudy,wewantaclassifierwhichaccurately
predictsafocuscategory—afunctionalmeasure,butwealsowishtoknowwhichacoustic
measuresareimportantforthistask—adescriptionalmeasure.
Feature selection is one means of peering into the ‘black box’ of a classifier, and
understanding which features are contributing to a model’s generalization accuracy.
Pragmatically,featureselectionisalsosometimesnecessarytoimproveclassifierperfor-
mance.CollinearityinLDAmodelshavebeenshowntoleadtostabilityproblems(e.g.,
NaesandMevik2001).SVMs,despitetheirpromiseasaclassifierwhichdoesnotrequire
featureselection,havebeenshowntoimprovethegeneralizationaccuracyand/ormodel
complexity(andthuscomputation)forthosedatasetswithredundantand/orirrelevant
features.Forexample,Sarojinietal.(2009)demonstrateimprovedaccuracyforaclinical
datasetwithalargenumberofinstances(768)andasmallnumberoffeatures(8prior
to feature elimination)while converselyWeston et al. (2001) demonstrate this effect
forcancerdiscriminationinadatasetwithasmallnumberofinstances(72)andalarge
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numberoffeatures(7129genes).Moregenerally,removingredundantfeaturesmitigates
thepotentialforaclassifiertobemisleadandforoverfittingofthemodel.
Mostauthorsagreethatsomecombinationofmanualandstatisticalfeatureselection

techniques may be used, although there is no consensus on the ordering or relative 
importanceofmanualorstatisticalfeatureselection:

Feature selection shouldbeviewedasapartof the learningprocess itself, and
shouldbeautomatedasmuchaspossible.Ontheotherhand, it isasomewhat
arbitrary step, which reflects our prior expectations on the underlying target
function.(Cristianini&Shawe-Taylor,2000:Chapter3)

To start, the initial variable list should be logically screened, based on  substantive 
theory,priorresearch,andreliabilityofmeasures,aswellasonpracticalgrounds.
Next,thelistcanbestatisticallyscreened.(Huberty,2006:11)
Ofcourse,aninvestigator’sprofessionalopinionalsocanberelieduponwhen
selectingpotentialdiscriminatorvariables.(Brown&Wicker,2000:212)

Manystatisticalmethodsoffeatureselectionexist.Filtermethodsselectfeaturesaccord-
ing to some importancemeasure independent of the classifier, such as correlation or
informationgain.Embeddedmethodsincorporateselectionintothetrainingprocessof
classification;asetofminimallyoptimalfeaturesfortheclassificationtaskareidentified.
Asareviewernotes,featureswhicharepre-selectedautomaticallymayhowevercausean
increaseinthegeneralizationerrorrateofaclassifier(seeforexampleBarron,1994).In
contrast,wrappermethodsuseinformationfromaclassifier(possiblyadifferentclassi-
fier)priortotrainingandareusedtoselectnotjustasetofnon-redundantfeatures,but
allrelevantfeatures.Withafunctionalmeasureinmind,wechoseanall-relevantwrap-
permethodknownastheBorutaalgorithmwhichisavailableasanRpackage(Kursa&
Rudnicki,2010).Briefly,thealgorithmgeneratesfakeor‘shadow’featuresanditeratively
comparestherealfeaturesagainstthem,usingarandomforestclassifiertocomputea
significancemeasure.
InadditiontoapplyingtheBorutaalgorithmtothefullsetof309acousticmeasures,we
alsoappliedthealgorithmtotheoreticallymeaningfulsubsets:F0-related measures, non-
F0-related measures, syntagmatic measures (i.e., ratios between I and did),andparadig-
maticmeasures(i.e.,fromasingleword).Finally,basedonacombinationoftheoretical
expectationandtrial-and-error,wealsoselectedseveralfeaturesetsbyhand.
Notethatbecauseweareconsideringtwodifferenttrainingsets(firsttheweb-harvested
datasetweb1andlaterthelaboratory-eliciteddatasetlab),weapplyfeatureselectioninde-
pendentlyforthetwosets.TheresultsoftheBorutaalgorithmaredetailedinSection4.1.
Thesetofacousticmeasuresusedbyamachinelearningclassifiertopredictfocuswill
notnecessarilycorrespondtothesetofacousticmeasuresthatahumanspeakerusesto
conveyfocusortothesetoffeaturesanindividualhumanlistenerusestointerpretfocus.
Itisthereforeimportanttoinvestigatetheuseofacousticmeasuresinhumanclassifica-
tion,whichwedoinSection7.

3.3 Evaluation of classifier performance
Typically, a classification algorithm generates a model from a set of labeled data 
(atrainingset)andthismodelisthenusedtopredictunseendatawithoutlabels(atest
set).Ifthecorrectlabelsofthetestsetareknown,wecancomparethemagainstthemod-
el’spredictions.Theproportionofcorrect labelsandtheproportionof incorrect labels
are known as the generalization accuracy and generalization error, respectively. As a
measureofbias–whethertheclassifiertendstopredictoneclassmoreaccuratelythanthe
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other–wecalculateabalancederrorrate(BER),whichisanaverageofthetwowithin-
classerrorrates.Wealsocomparetheresultsagainstasimplebaselineaccuracy,whichis
theproportionofthelargerclass.Thethreestatisticsaregivenin(14,15,16).

(14) #tokens in largest class of test set
Baseline accuracy

# tokens in both classes in test set

(15) #tokens in test set accurately classified
Generalization accuracy .100

# tokens in test set

(16) #tokens incorrect # incorrect 1
Balanced error rate . .100

# total # total 2

⎛ ⎞⎟⎜ + ⎟⎜ ⎟⎟⎜⎝ ⎠

Inadditiontocalculatingtheseperformancestatisticsforeachclassifier,wealsowanted
someconfidencethataclassificationmodelwasn’toverfittingtheparticulartrainingdata
andthatitsperformanceonthetestdatawasnotbychance.Toassessthis,weperformed
permutation-basedvalidation(cf.Hsingetal.2003;Jensen,1992;Molinaroetal.,2005).
Theclasslabelsofthetrainingsetwererandomlypermutedbeforetrainingandperfor-
mancestatisticscalculatedintheusualway.Thisprocesswasiteratedntimes.Intheory,
onemayrepeatthis forallpossiblepermutations,althoughthisstrategyis impractical
forcomputationalreasons.Alargenumberofiterations(wechose n = 5000)producesa
reasonableapproximationoftheempiricalcumulativedistributionforthepermutation-
achievedperformancestatistics.
InFigure 3,weplottheempiricaldistributionofpermutation-achievedgeneralization
accuracy for a particular classifier. The x-axis represents generalization accuracy; the

Figure 3: Example plot of an empirical cumulative distribution of permutation-achieved  statistics. 
The x-axis represents generalization accuracy; the y-axis represents the cumulative  distribution 
(i.e., the proportion of the permuted data which is less than or equal to the value of x). If 
the observed accuracy (red line) falls outside of the 95th percentile (blue line), we say that 
the observation is statistically significant with a p-value of greater than 0.05. This provides a 
 confidence measure with which we can reject the null hypothesis that the classifier achieved 
the observed statistic at random.
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y-axisrepresentsthecumulativedistribution(i.e.,theproportionofthepermuteddata
whichislessthanorequaltothevalueofx).Iftheobservedaccuracyorbalancederror
fallsoutsideof the95thor99thpercentile,wesay that theobservation is statistically
significantwithap-valueofgreaterthan0.05or0.01,respectively.Thisprovidesacon-
fidencemeasurewithwhichwecanrejectthenullhypothesisthattheclassifierachieved
the observed statistic at random.
We can visualize the significance of multiple classifiers in one figure by plot-
ting the observed and permutation-achieved statistics as single points, as inFigure 4 
(cf.Lyons-Weileretal.,2005).Theobservedstatisticisplottedinblack;thepermutation
achieved statistic at p=0.05andp=0.01isplottedingreenandred,respectively.If
theobservedstatisticfallsoutsideofthepermutationachievedstatistic,wesaythatthe
observedstatisticisstatisticallysignificant.

Figure 4: Example plot of permutation-achieved statistics (cf. Lyons-Weiler et al., 2005). Each 
panel shows a different classification method: SVM with radial kernel, SVM with linear kernel 
and LDA (left-to-right). Within a panel, the x-axis displays accuracy/error rate as a percentage 
and the y-axis lists classifiers according to the feature sets used. Within a panel, the  left-side 
black dot corresponds to the observed balanced error rate, while the right-side black dot 
 corresponds to the observed accuracy rate. An asymmetry between the two dots indicates a 
bias towards one of the two classes. The permutation achieved statistic at p = 0.05 and p = 0.01 
is plotted in green and red, respectively. More extreme permutation-achieved statistics (i.e., 
greater accuracy or smaller balanced error) reflect more structure in the data. If the observed 
statistic (black dot) falls outside of the permutation achieved statistic (i.e., to the left of the 
colored dots in the case of balanced error rate or to the right of the colored dots in the case of 
accuracy rate), we say that the observed statistic is statistically significant.
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Forconvenience,weplottheaccuracyrateandBERonthesamefigure.Anasymmetry
betweenthetwo,therefore,representsabiastowardsoneofthetwoclasses.
Moreextremepermutation-achievedstatistics(i.e.,greateraccuracyorsmallerbalanced
error)reflectmorestructureinthedata.Forexample,iftheacousticvaluesarerandomly
distributedwithrespecttothetwofocusclasses,weexpectlessvarianceamongtheper-
mutation-based statistics and less extreme statistics at p=.01andp =.05.Iftheacoustic
valuesarenonrandomlydistributedwithrespecttotheclasses,weexpectmorevariance
and more extreme statistics at p=.01andp=.05,sincesomepermutationswillbemore
positivelyandnegativelycorrelatedwiththeacousticvalues.
Note that this permutation test does not directly compare one classifier’s performance
againstanother’s.Inordertodeterminethis,weperformedMcNemar’stest(McNemar,1947;
seealsoGillick&Cox,1989),atestforthedifferenceoftwoproportionswhichhasbeen
used tocomparemachine learningclassifiers.Anon-parametriccounterpartof the t-test,
McNemar’stestcomparesthenullhypothesisthatthetwoclassifiersmisclassifythesame
tokens,usingaχ2 test forgoodness-of-fit.Although itdoesn’tmeasurevariabilitydue to
choiceoftrainingset(e.g.,web1vs.lab),McNemar’stestdoesexhibitacceptablylowTypeI
errorandreasonablyhighpower(Dietterich,1998).Weapplythetesttocompareaclassifier
using a subset of features to the related algorithm using the full set of features.
Finally,wewantedtoassesstherelevanceofindividualfeaturesusedinthebestper-
formingclassifiers.Todothis,wecomparedpairsoflogisticregressionmodels–onewith
andonewithoutthefeatureofinterest–usinganANOVAandchi-squaredtestofstatistical
significance.

3.4 Training/test pairs
Inordertomakecomparisonmanageable,wedidnottestandtrainthedatasetsinall
possiblecombinations.Rather,weusedjusttwodatasetsfortraining:Theweb-harvested
datasetweb1andthelaboratory-eliciteddatasetlab.Wetestedtheweb-trainedclassifi-
ersontheremainingweb-harvesteddatasetweb2andonthelaboratory-eliciteddataset
lab(Section4).Wetestedthelaboratory-trainedclassifiersontheweb-harvesteddataset
web2(Section5).Table 1summarizesthedatasetsunderconsideration.

4 Machine classification experiments 1: Web-harvested training data
4.1 Feature selection by algorithm
All-relevantfeatureselectionusingtheBorutaalgorithmappliedtotheweb1web-har-
vesteddatasetproducedthefeaturesets(17,18,19,20,21).Fromthefullfeatureset,the
algorithm selected a combination of F0, non-F0,syntagmatic,andparadigmaticfeatures
that included measures of vowel duration, F0,energyandformantvalues.Nomeasuresof
intensity,spectraltilt,jitter,orshimmerwereselected.

From the set of exclusively F0 features, Boruta selected measures of the value and timing 
of F0means,minima,andmaxima,bothparadigmaticallyandsyntagmatically.

From the set of exclusively non-F0 features, Boruta selected measures of vowel duration, 
glottalpulse,intensity,energy,amplitude,andformantvalues.Thedurationandformant

Table 1: Summary of Datasets.

Name source annotation size (ns/s) baseline accuracy

web1 web-harvested:Everyzing manual 90 (45/45) 50.5

web2 web-harvested:play.it manual 127 (65/62) 51.2

lab laboratory-elicited automated 394 (193/201) 51
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valuesweremostlyparadigmatic,comingalmostexclusivelyfrom I;andthevaluesrelated
toloudness(i.e.,glottalpulse,intensity,energyandamplitude)wereallsyntagmatic.The
formantvaluescamefromthefirstandsecondformantofI, both individually and as a 
ratio,andatintervalsfrom20to70percentofthevowelduration.
Fromthesetofexclusivelyparadigmaticfeatures,Borutaselectedmeasuresofduration,
glottalpulse,minimumandrangeofF0,andfirstandsecondformantvaluesatseveral
differentintervals.AlloftheparadigmaticfeatureswereselectedfromI.

From the set of exclusively syntagmatic features, Boruta selected measures of intensity, 
amplitude,energy,durationandthevalueortimingofmean,minimum,maximumand
range of F0.

(17) Features selected by Boruta algorithm from full feature set 
duration_V2 energy_ratio f2Time60_V2
pulses_V2 f2Time20_V2 f1Time70_V2
pulses_ratio f2Time30_V2 f1f2Time20_V2
meanf0_ratio f1Time40_V2 f1f2Time30_V2
maxf0_ratio f2Time40_V2 f1f2Time40_V2
minf0Time_ratio f1Time50_V2 f1f2Time50_V2
rangef0_V2 f2Time50_V2 f1f2Time60_V2
rangef0_ratio f1Time60_V2  

(18) Features selected by Boruta algorithm from set of F0 features 
meanf0_ratio maxf0Time_V3 rangef0_V2
maxf0_ratio maxf0Time_ratio rangef0_ratio
minf0_ratio minf0Time_V2
maxf0Time_V2 minf0Time_ratio  

(19) Features selected by Boruta algorithm from set of non-F0 features 
duration_V2 f2Time20_V2 f1Time70_V2
pulses_V2 f2Time30_V2 f1f2Time20_V2
pulses_ratio f1Time40_V2 f1f2Time30_V2
maxIntensity_ratio f2Time40_V2 f1f2Time40_V2
energy_ratio f1Time50_V2 f1f2Time50_V2
amp_ratio f2Time50_V2 f1f2Time60_V2
maxf1_V2 f1Time60_V2  
f1Time20_V2 f2Time60_V2

(20) Features selected by Boruta algorithm from set of syntagmatic features
pulses_ratio maxf0Time_ratio energy_ratio
meanf0_ratio minf0Time_ratio amp_ratio
maxf0_ratio rangef0_ratio duration_ratio
minf0_ratio maxIntensity_ratio  

(21) FeaturesselectedbyBorutaalgorithmfromsetofparadigmaticfeatures
duration_V2 f1Time40_V2 f1f2Time20_V2
pulses_V2 f1Time40_V2 f1f2Time30_V2
minf0Time_V2 f1Time50_V2 f1f2Time40_V2
rangef0_V2 f1Time50_V2 f1f2Time50_V2
f1f2Time10_V2 f1Time60_V2 f1f2Time60_V2
f2Time20_V2 f1Time60_V2
f2Time30_V2 f1Time70_V2
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4.2 Classifier results
4.2.1 Web-trained, web-tested
Inthissectionwetraintheclassifiersontheweb-harvesteddatasetweb1,andtestthe
classifiersonasecondweb-harvesteddatasetweb2.TheresultsaresummarizedinTable 2 
and Figure 5.Eachoftheobservedclassifieraccuraciesandbalancederrorratesofthe
classifierswasstatisticallysignificant(p<.05usingapermutation-achievedstatistic),
withthebestperformingclassifierachieving92.9%accuracyand6.5%balancederror.
The classifiers using the full set of 309 features performedwell above the baseline
(83.5%, 79.5% and 78.0%with SVM-RBF, SVM-linear and LDA, respectively). Recall,
however,thatweusefeatureselectionwiththeintentofremovingredundant,potentially
misleadingfeaturesandavoidingoverfittingofthemodel.Mostoftheclassifiersusing
an automatically selected subset of features failed to achieve a statistically significant
improvement(p<.05usingMcNemar’stest)overthesamealgorithmusingthefullset
offeatures,withtheexceptionoftheLDAalgorithmusingasetofbestnon-F0 features 
orasetofbestparadigmaticfeatures.Inaddition,weobservedthefollowingnumerical
tendencies:Classifiersusingonlynon-F0measuresoutperformedclassifiersusingonlyF0
measures;andclassifiersusingonlyparadigmaticmeasuresoutperformedclassifiersonly
using syntagmatic measures.

Table 2: Accuracy and balanced error rates for different classification models: Training set web1; 
test set web2. Shading indicates p < .05 according to the corresponding permutation-achieved 
statistic (i.e., rejection of the null hypothesis that the classifier achieved the accuracy/BER 
by chance). Bolding indicates p < .05 in a comparison with the same algorithm trained on the 
full feature set, using McNemar’s test (i.e., rejection of the null hypothesis that the difference 
between the two classifiers is due to chance).

web1 → web2

Feature set Baseline SVM (RBF) SVM (linear) LDA

1. Full feature set 51.2 83.5 13.8 79.5 18.9 78.0 21.3

2. ‘Best’ features 51.2 83.5 16.5 88.2 11.7 86.6 12.9

3. All F0 features 51.2 80.3 19.3 71.7 28.0 73.2 26.7

4. ‘Best’ F0 features 51.2 75.6 24.3 76.4 23.2 75.6 24.3

5. All non-F0 features 51.2 83.5 13.8 78.7 20.3 79.5 19.3

6. ‘Best’ non-F0 features 51.2 82.7 17.3 85.8 14.1 89.9 9.9

7. All syntagmatic  features 51.2 80.3 19.6 75.6 24.1 78.0 20.1

8. ‘Best’ syntagmatic features 51.2 78.7 21.2 75.6 24.4 74.8 23.9

9. All paradigmatic features 51.2 81.9 16.6 78.7 20.0 73.2 26.6

10. ‘Best’ paradigmatic 51.2 82.7 17.3 87.4 12.2 89.0 10.8

11. Experimenter-selected A 
duration_V2, f1f2Time50_V2, 
meanf0_ratio, duration_C3

51.2 91.3 7.7 92.9 6.5 92.9 6.5

12. Experimenter-selected B 
duration_V2, f1f2Time50_V2, 
maxf0_ratio, duration_C3

51.2 92.1 7.1 92.9 6.5 92.9 6.5

13. Experimenter-selected C 
duration_V2, f1f2Time50_V2, 
duration_C3

51.2 89.0 9.9 91.3 7.7 90.6 8.3
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The different algorithms performed competitively, and the classifiers using
experimenter-selected features achieved the best overall results, almost all showing a
statisticallysignificantimprovementoverthesamealgorithmusingthefullsetoffeatures.

4.2.2 Web-trained, lab-tested
Next,weusethesamesetofweb-trainedclassifiersandtestthemonlaboratorydata.The
resultsaresummarizedinTable 3 and Figure 6.
Theobservedaccuraciesandbalancederrorratesofnearlyalloftheclassifierswerestatis-
ticallysignificant(p<.05usingapermutation-achievedstatistic),withthebest-performing
classifierachieving87.6%accuracyand10.5%balancederror.Thenon-significantresults
cameprincipallyfromclassifiersusingonlyF0features and only syntagmatic features.
The classifiers using the full set of 309 features performedwell above the baseline
(77.9%,80.2%and72.8%withSVM-RBF,SVM-linearandLDA,respectively).Classifiers
using only the automatically selected set of best F0 features demonstrated a statistically 
significantworseperformance(p<.05usingMcNemar’stest)overthesamealgorithm
usingthefullsetoffeatures.Bycontrast,classifiersusingonlytheautomaticallyselected
set of best non-F0featuresachievedastatisticallysignificantimprovement.Similarly,clas-
sifiersusingonlytheautomaticallyselectedsetofsyntagmaticfeaturesfailedtoachieve
astatisticallysignificant improvementordemonstratedastatisticallysignificantworse
performanceoverthesamealgorithmusingthefullsetoffeatures,whileclassifiersusing
onlytheautomaticallyselectedsetofbestparadigmaticfeaturesachievedastatistically
significantimprovement.

Figure 5: Accuracy and balanced error rates with permutation achieved significance for different 
classification models: Training set web1; test set web2.
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The different algorithms performed competitively, and the classifiers using
experimenter-selectedfeaturesachievedthebestoverallresults,allshowingastatistically
significantimprovementoverthesamealgorithmusingthefullsetoffeatures.

4.3 Discussion
Theperformanceofclassifierstrainedonweb-harvesteddataoverwhelminglysupportsthe
theoreticalpredictionsforlocationofprominenceincomparativeclauses.Withfewexcep-
tions,classifiersperformedwellabovethebaseline,calculatedasthepercentageofthe
largerclass,andsatisfiedstatisticalsignificance(p<.05),calculatedusingpermutation
achieved statistics.
Variationinclassifierperformancerevealednotonlytherobustnessofclassifiersusing

F0andsyntagmaticfeatures,buttherobustnessofclassifiersmakinguseofnon-F0 and 
paradigmaticfeatures.Indeed,amajorityofclassifierswhichusedexclusivelynon-F0 or 
paradigmaticfeaturesachievedstatisticalsignificance(p<.05),evenonthosedatasets
forwhichmanyclassifiersusingexclusivelyF0or syntagmatic features failed to meet sta-
tisticalsignificance.ItwasalsothecasethatneithertheclassifiersusingexclusivelyF0
featuresnortheclassifiersusingexclusivelysyntagmaticfeaturesachievedastatistically
significant improvement over the same algorithm using all 309 features. By contrast,
classifiers using exclusively non-F0or paradigmatic features in most cases achieved a

Table 3: Accuracy and balanced error rates for different classification models: Training set web1; 
test set lab. Shading indicates p < .05 according to the corresponding permutation-achieved 
statistic (i.e., rejection of the null hypothesis that the classifier achieved the accuracy/BER 
by chance). Bolding indicates p < .05 in a comparison with the same algorithm trained on the 
full feature set, using McNemar’s test (i.e., rejection of the null hypothesis that the difference 
between the two classifiers is due to chance).

web1 → lab

Feature set Baseline SVM (RBF) SVM (linear) LDA

1. Full feature set 51.0 77.9 16.9 80.2 16.6 72.8 23.6

2. ‘Best’ features 51.0 85.0 14.2 85.8 12.1 85.8 13.1

3. All F0 features 51.0 69.0 30.5 66.5 33.5 70.8 29.2

4. ‘Best’ F0 features 51.0 69.0 30.6 63.2 36.6 62.4 37.5

5. All non-F0 features 51.0 79.7 15.3 81.0 15.7 79.7 18.8

6. ‘Best’ non-F0 features 51.0 83.8 14.4 83.0 14.4 81.2 15.2

7. All syntagmatic features 51.0 75.4 22.3 70.8 28.6 64.5 35.5

8. ‘Best’ syntagmatic features 51.0 73.4 25.4 67.3 32.2 64.5 35.4

9. All paradigmatic features 51.0  78.7  16.2  73.4  20.1  78.9  19.7

10. ‘Best’ paradigmatic 51.0 76.9 17.8 80.5 15.2 81.7 16.0

11. Experimenter-selected A 
duration_V2, f1f2Time50_V2, 
meanf0_ratio, duration_C3

51.0 84.5 14.8 85.3 13.6 85.3 13.3

12. Experimenter-selected B 
duration_V2, f1f2Time50_V2, 
maxf0_ratio, duration_C3

51.0 87.3 12.0 85.3 12.8 86.3 11.6

13. Experimenter-selected C 
duration_V2, f1f2Time50_V2, 
duration_C3

51.0 87.6 10.5 87.6 10.7 85.0 12.2
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performancewhichiseithernotsignificantlydifferentfromorsignificantlybetterthan
thesamealgorithmusingall309features.
For each dataset, the best performing classifiers used a combination of F0, non-F0, 
paradigmatic,andsyntagmaticfeatures,usuallythoseselectedbyhand:DurationofI, the 
firstconsonantclosuredurationindid,theF1–F2differentialatthemidpointofI, and the 
mean or maximum F0 ratio between I and did.Further,thehand-selectedclassifiersthat
lackedthelatter,syntagmaticF0measuresdidnotdiffersignificantlyfromthosewhich
included them (at the level of p<0.05usingMcNemar’stest).

Thus, while the syntagmatic and F0measures are undeniably relevanttothecategorization
offocusplacementinthesedata(demonstratedalsobytheirselectionbytheall-relevant
Borutaalgorithm),theevidencesuggeststhattheymaynotbenecessary. The results of 
theseclassificationexperimentsareincompatiblewiththeoriesofprominenceandfocus
realizationwhichprivilegeF0 measures and syntagmatic evaluation to the exclusion of 
other non-F0andparadigmaticallyevaluatedmeasures.
Wealsowishtoacknowledgethatdurationmayproperlyberegardedassyntagmatic,
giventheeffectofspeechrateon its interpretation.Amongour fullsetof featureswe
includedasyntagmaticmeasureofduration:TheratioofdurationofI to the duration of did. 
However,unliketheun-normalizedmeasureofdurationonI alone, the  syntagmatic meas-
ure of duration was not selected by the Boruta feature selection algorithm. Anecdotally, 
thesyntagmaticmeasureofdurationwasalsounhelpfulinarrivingatanexperimenter-
selected set of best features.

Figure 6: Accuracy and balanced error rates with permutation achieved significance for different 
classification models: Training set web1; test set lab.
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5 Machine classification experiments 2: Laboratory-elicited training data
5.1 Feature selection by algorithm
All-relevantfeatureselectionusingtheBorutaalgorithmappliedtothelaboratory-elicited
dataset(lab)producedmuchlargerfeaturesetsthanwhenappliedtotheweb-harvested
dataset(web1).ThefeaturesetsselectedarelistedinAppendixC.Fromthefullfeature
set,thealgorithmselected66differentfeatures,whichincludedmeasuresofF0, glottal 
pulse,jitter,shimmer,intensity,energy,power,firstandsecondformantsandduration,
andacombinationofsyntagmaticandparadigmaticmeasures.

From the set of exclusively F0 features, Boruta selected measures of the value 
and timing of F0means, minima, maxima, and range, both paradigmatically and
syntagmatically.

From the set of exclusively non-F0features,Borutaselected60,whichincludedmeasures
ofvowelduration,glottalpulse,jitter,shimmer,intensity,energy,poweramplitudeand
formantvalues.Bothsyntagmaticandparadigmaticvalueswereselected,thelattercom-
ing from both I and did.TheformantvaluescamefromthefirstandsecondformantofI 
atintervalsfrom10to80percentofthevowelduration.
From the set of exclusively syntagmatic features,Boruta selected15 features,which
includedmeasuresofamplitude,intensity,energy,power,duration,glottalpulse,andF0.
Fromthesetofexclusivelyparadigmaticfeatures,Borutaselected60features,which
includedmeasuresofduration,glottalpulse,intensity,power,jitter,shimmer,F0,andfirst
and second formant values, from both I and did.

5.2 Classifier results
5.2.1 Lab-trained, web-tested
Inthissection,wetrainclassifiersonlaboratorydata(lab)andtestthemonweb-harvested
data(web2)inordertocompareresultsfromSection4.Theresultsaresummarizedin
Table 4 and Figure 7.
Theobservedaccuraciesandbalancederrorratesofnearlyalloftheclassifierswere
statisticallysignificant(p<0.05),withthebest-performingclassifierachieving92.1%
accuracyand7.9%error.Thenon-significantresultscamefromclassifiersusingonlyF0 
features and only syntagmatic features.
The classifiers using the full set of 309 features performedwell above the baseline
(77.2%,77.2%and72.4%withSVM-RBF,SVM-linearandLDA,respectively).Classifiers
using only the automatically selected set of best F0 features failed to achieve a statistically 
significantimprovement(p<.05usingMcNemar’stest)ordemonstratedastatistically
significantworse performance over the same algorithm using the full set of features.
Bycontrast,classifiersusingonlytheautomaticallyselectedsetofbestnon-F0features 
achievedanumericalbutnotstatisticallysignificantimprovement.
In addition, we observed the following numerical tendencies: Classifiers using only

non-F0measures outperformed classifiersusingonlyF0measures; and classifiersusing
onlyparadigmaticmeasuresoutperformedclassifiersusingonlysyntagmaticmeasures.
Similarly, classifiers using only the automatically selected set of syntagmatic features
failed toachievea statistically significant improvementordemonstrateda statistically
significantworseperformanceoverthesamealgorithmusingthefullsetoffeatures,while
classifiersusingonlytheautomaticallyselectedsetofbestparadigmaticfeaturesachieved
anumericalbutnotstatisticallysignificantimprovement.
Thedifferentalgorithmsperformedcompetitively,andtheclassifiersusingexperimenter-
selectedfeaturesachievedthebestresultsoverall,allshowingastatisticallysignificant
improvementoverthesamealgorithmusingthefullsetoffeatures.
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5.3 Discussion
Theperformanceofclassifierstrainedonlaboratory-eliciteddata,likeclassifierstrained
onweb-harvesteddata,stronglysupportsthetheoreticalpredictionforlocationofpromi-
nenceincomparativeclauses.Withfewexceptions,classifiersperformedwellabovethe
baseline,andsatisfiedstatisticalsignificance(p<.05).
The classifiers trained on laboratory-elicited data also revealed the robustness of
classifiers using non-F0 and syntagmatic features. Indeed, classifiers using non-F0and 
syntagmaticfeaturesachievedstatisticalsignificancewithoutexception.Numerically,the
classifiersusingnon-F0andsyntagmaticfeaturesalsooutperformedtheclassifiersusingF0
andparadigmaticfeatures.
Thebestperformingclassifiers,however,includedacombinationofF0, non-F0,  syntagmatic, 
andparadigmatic,whetherthefeatureswereselectedalgorithmicallywithBorutaorwhether
thefeatureswereselectedmanuallybytheexperimenter.Theexperimenterselectedfeature
setsincluded:DurationofI,thefirstconsonantclosuredurationofdid,theF1–F2differential
atthemidpointofI, and the mean or maximum F0ratio between I and did.Theperformance
oftheclassifierswhichincludedasyntagmaticF0measuredifferedonlymarginallyfromthe
performanceoftheclassifierwhichlackedeitherofthesyntagmaticF0measures.
Thus,theperformanceofclassifierstrainedonlaboratorydataconfirmthat,whileunde-

niably relevant acoustic cues, the F0 and syntagmatic measures are not necessary acoustic 
cuesforthesedata,contraprosodic-semantictheoriesoffocusaccordingtowhichF0 (or 

Table 4: Accuracy and balanced error rates for different classification models: Training set lab; 
test set web2. Shading indicates p < .05 according to the corresponding permutation-achieved 
statistic (i.e., rejection of the null hypothesis that the classifier achieved the accuracy/BER 
by chance). Bolding indicates p < .05 in a comparison with the same algorithm trained on the 
full feature set, using McNemar’s test (i.e., rejection of the null hypothesis that the difference 
between the two classifiers is due to chance).

lab → web2

Feature set Baseline SVM (RBF) SVM (linear) LDA

1. Full feature set 51.2 77.2 22.3 77.2 22.7 72.4 27.3

2. ‘Best’ features 51.2 78.0 19.7 78.0 22.0 77.2 22.5

3. All F0 features 51.2 67.7 32.2 65.4 34.7 60.6 38.8

4. ‘Best’ F0 features 51.2 70.1 29.9 66.1 33.9 59.8 39.6

5. All non-F0 features 51.2 78.7 21.2 74.8 25.0 68.5 31.4

6. ‘Best’ non-F0 features 51.2 78.0 20.2 78.0 21.4 81.1 18.2

7. All syntagmatic features 51.2 67.7 29.1 61.4 34.7 63.0 32.5

8. ‘Best’ syntagmatic features 51.2  68.5 28.5 58.3 37.3 61.4 34.0

9. All paradigmatic features 51.2 78.0 22.0 78.7 20.9 74.0 25.7

10. ‘Best’ paradigmatic 51.2 79.5 19.0 78.0 21.1 74.8 25.0

11. Experimenter-selected A duration_V2, 
f1f2Time50_V2, meanf0_ratio, dura-
tion_C3 

51.2 88.2 11.6 90.6 9.2 90.6 9.2

12. Experimenter-selected B duration_V2, 
f1f2Time50_V2, maxf0_ratio, duration_C3

51.2 88.2 11.6 92.1 7.9 90.6 9.2

13. Experimenter-selected C duration_V2, 
f1f2Time50_V2, duration_C3

51.2 86.6 13.2 90.6 9.2 89.8 10.0
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pitch)andsyntagmaticevaluationareuniqueorpre-eminent.Inthefollowingsections,
weconsiderthecontributionofindividualmeasuresinsimpler,logisticregressionmodels
ofproductionandperception.
With respect to contrasts between classifiers trained on laboratory data and classifiers
trainedonwebdata,wehavenotshownthatthereexistsastatisticallysignificantdifference.12 
However, the consistentmagnitudeof difference, (i) between theweb-trained lab-tested
classifiersandthelab-testedweb-trainedclassifiersand(ii)betweenweb-trainedweb-tested
classifiersandweb-trainedlab-testedclassifiers,botharound5%,suggestsanasymmetry.
Bothlaboratoryandwebspeechmaybeusedastrainingdataforwebspeech.However,the
webspeechprovedsomewhatlesseffectiveastrainingdataforlaboratoryspeech.
Thisasymmetryisconsistentwiththeobservationthatmanyofthetokensfromtheweb
datasetwereproducedbyprofessionalbroadcasters.Thesespeakersarelesslikelytopro-
ducespeechthatispotentiallyambiguous(e.g.,producedwithcoarticulation,reducedvow-
els)andmorelikelytomarkprosodyconsistently(Ostendorf&Shattuck-Hufnagel,1996)
andwithhyperarticulation.Itfollows,then,thataclassifiertrainedonclearerspeech(with
respecttothesedimensions)wouldhavemoredifficultywhenappliedtolaboratoryspeech
thanonsimilarlyclearspeech;andaclassifiertrainedonlaboratoryandaclassifiertrained
onlaboratoryspeechwoulddoequallywellonspeechwhichisequallyclearorlessclear.

There is, of course, no a priori reasontoexpect thisdifference.Variation in theweb
speech–for example, in terms of expressivity, recording quality, speaker, or discourse
context–mighthavemadeitthesuperiortrainingdatasetinsteadofthelaboratorydata.

 12McNemar’stestdoesnotmeasurevariabilityduetotrainingset.

Figure 7: Accuracy and balanced error rates with permutation achieved significance for different 
classification models: Training set lab; test set web2.
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Asaconsequence,thewebdatamayofferanimportantsourceofcross-validation,not
onlybecausetheyareproducedmorenaturallyandinavarietyofdifferentpragmaticcon-
texts,butbecausethewebspeechappearstocontaintokenswithmoreidealizedrealiza-
tions.Moreover,itisencouragingthattheclassifiersworkineitherdirection,asitsuggests
thatresultsfromlabspeechleadtovalidgeneralizationsthatextendtonon-labspeech.

Finally, the failure of the base algorithm to identify the good features, and feature 
selectionnotdoingaswellasexperimenter selection, isanegative result forapurely
automaticprocedure.Thisisatopicforfurtherresearchusingmachinelearningmethod-
ologies.Freshdataandmoredatawillbeahelpinapproachingit.

6 Model comparison of logistic regression
6.1 Results
AdirectstatisticalcomparisonoftwoSVMorLDAclassifierswouldrequireadditional
datasets, as discussed earlier. We may, however, get a sense of how individual features 
arecontributingtolesscomplexmodels,usinglogisticregression.Inthissection,wecom-
parealogisticregressionmodelofweb1usingexperimenter-selectedfeaturesetA(dura-
tion_V2, duration_C3, f1f2Time50_V2,meanf0_ratio) against four smallermodels, each
lackingadifferentmemberofthefeatureset,usinganAnalysisofVariance(ANOVA)(cf.
Baayenetal.,2008).ANOVAsforthedatasetsweb1,web2,andlabinTable 5 show that 
theremovalofanyoneofthefourfeaturesisstatisticallysignificant.Inotherwords,each
ofthesefeaturescontributessignificantlytoexplainingvariationinthelargermodel.

Table 5: Summary of Analysis of Variance (ANOVA) comparing a full logistic regression model with 
features duration_V2, duration_C, f1f2Time50_V2, and f0_ratio against models lacking one of 
these features.

web1 Df Residual Deviation Df Deviance Pr (>Chisq)

duration_V2, duration_C3, 
f1f2Time50_V2, f0_ratio 

85 19.266    

all except duration_V2 86 48.901 –1 –29.635 5.22E-08*

all except duration_C3 86 25.917 –1 –6.6512 9.91E-03*

all except f2f2Time50_V2 86 35.674 –1 –16.408 5.11E-05*

all except meanf0_ratio 86 23.917 –1 –4.6515 0.03103*

web2 Df Residual Deviation Df Deviance Pr (>Chisq)

duration_V2, duration_C3, 
f1f2Time50_V2, f0_ratio 

122 44.301

all except duration_V2 123 80.535 –1 –36.234 1.75E-09*

all except duration_C3 123 60.398 –1 –16.097 6.02E-05*

all except f2f2Time50_V2 123 53.216 –1 –8.9146 2.83E-03*

all except meanf0_ratio 123 53.498 –1 –9.1969 0.00242*

lab Df Residual Deviation Df Deviance Pr (>Chisq)

duration_V2, duration_C3, 389 208.51

f1f2Time50_V2, f0_ratio

all except duration_V2 390 275.19 –1 –66.675 3.20E-16*

all except duration_C3 390 221.46 –1 –12.949 3.20E-04*

all except f2f2Time50_V2 390 250.28 –1 –41.772 1.03E-10*

all except meanf0_ratio 390 216.36 –1 –7.8521 0.005076*
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6.2 Discussion
The classification experiments revealed the robustness of models with and without
 syntagmatic F0features.Weobservedinformallythatminimallycontrastivefeaturesets–
with and without a syntagmatic F0 feature–did not yield large differences in classifier
performance.ThelogisticregressionmodelstestedwhethertheratioofF0means in I and 
didcontributedmeaningfullytoamodelwithparadigmatic,non-F0 measures.
Not only did the paradigmatic, non-F0 features each contribute significantly to the

 logistic regression model, but the ratio of F0meanscontributedsignificantlyaswell.First,
thisresultsupportsourconclusionfromtheclassificationexperimentsthatbothF0and 
non-F0andbothsyntagmaticandparadigmaticfeaturesarerelevanttotheclassification
offocusplacementinthesedata.Second,thisresultisevidenceagainstthehypothesis
that the syntagmatic F0 features are redundant in these data (i.e., they contribute addi-
tionalinformation).Thisresultdoesnottellus,however,whetherhumanlistenersmake
use of  syntagmatic, F0informationinthesedata,aquestionweturntointhefinalsetof
experiments.

7 Human acoustic classifiers
Inthissection,weassessthevalidityofthemachinelearningclassifierresultsbycompar-
ingthemachinelearningclassifierstohumanclassifiers.Inotherwords,wewanttoknow
howcloselythemachinelearningclassifiersmimichumanspeechperceptioninclassifica-
tionaccuracyandtheacousticmeasurementsusedtomakejudgements.Weconducted
twoperceptualexperimentstoanswerthisquestion:Thefirstusingstimulifromtheweb
dataset;thesecondusingstimulifromthelaboratorydataset.

7.1 Experiment 1: web stimuli
7.1.1 Method
Asubsetof64 tokens from theweb2corpusdatasetwaschosen:Thefirst32ofeach
semanticfocusclass.Fromeachsoundfile,thesequence“thanIdid”wasextractedtocre-
atethestimulus.Thefileswerenormalizedforsamplingfrequencyandamplitude.The
informationpresented toparticipantsof theperceptionexperimentwas limited in this
way in order to more closely match the limited information available to the statistical 
classifiers:Neithermachinenorhumanhadtheprecedingorfollowingacousticinforma-
tion and neither machine nor human had any linguistic or extra-linguistic context.
Forty individualsparticipated in theperceptionexperiment,whichwasconductedat
McGillUniversity.Participantswerecompensatedfortheirtime.Thedataoftwopartici-
pantswasnotanalyzedbecausethesubjectsreportedmakingerrors.Thestimuliwere
playedoneatatime,inrandomorder,withnocategoryrepeatedmorethantwice.After
eachstimulus,thelistenerwasaskedtocompletetwotasks:first,tochoosewhether“I”or
“did”hadgreaterprominence;second,torateconfidenceintheirchoiceonascalefrom
1(“veryconfident”)to5(“veryuncertain”).
Ofcourse,onemayquestionwhetheralinguisticallynaïveparticipantcaneasilyunder-
stand what ‘prominent’ means, and whether all participants in this experiment were
indeed answering the samequestion.Wenote anecdotally, however, that participants
seemedtofindthetaskverynaturalandeasytocomplete,andgiventheresultswehave
theimpressionthatparticipantsfoundthenotionofprominencequiteintuitive.

We evaluate the results in two ways. First, we calculate accuracy rates and balanced 
errorrates,justaswedidforthemachinelearningclassifiers.Inthiswaywecancompare
thehumanandmachinelearningclassifiersusingthesameperformancemeasures.We
canalsocomparethesemeasuresbylistenerandbyitem.Ifmanylistenersconsistently
misclassifiedanyofthedataoranyparticularitemsweremisclassifiedconsistently,this
would suggest a listener or item bias.
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Second,weevaluategeneralizedlinearmixedmodelsusingtwoofthetop-performing
featuresets.Mixedmodelsallowustoincorporaterandomeffectsoflisteneranditem.
We chose experimenter-selected feature set A (duration_V2, duration_C3, f1f2Time50_
V2,mean_f0_ratio) and experimenter-selected feature set C (duration_V2, duration_C3,
f1f2Time50_V2),becausetheywereusedformostofthetop-performingmachinelearning
classifiers,andbecausetheydifferedinasinglefeatureofinterest,namelymean_f0_ratio.
Themodelingallowsustoaskhowmuchvarianceinlisteners’responsesamodelusing
thesefeaturespredicts.Foragivenmodel,wecanalsoaskhowpredictivetheindividual
featuresinthemodelare,andwhetherthemodelpredictssignificantlymorevariation
than another model.

7.1.2 Results
Accuracy/Error:As a group, the 38 participants achieved amean accuracy of 85.9%,
medianaccuracyof89.1%andstandarddeviationofaccuracies8.3%.Theyachieveda
meanBERof14.1%,medianBERof10.9%andstandarddeviationofBERs8.3%.Partici-
pants’ individualaccuracyratesrangedfrom64.1%to95.3%andtheirbalancederror
ratesrangedfrom4.7%to35.9%percent.
As for the items used in the experiment, only 3 were consistentlymisidentified by
listeners. Themajority of the stimuli were classified correctlymore than 80% of the
time.Themeanby-itemaccuracyratewas85.9%,themedian89.5%andthestandard
deviation16.9%.
Generalized linear mixed models: In order to understand which acoustic features
listenerswereusingtomaketheirjudgments,wetestedforthestatisticalsignificanceof
individualfeaturesingeneralizedlinearmixedmodelsusingtheRpackagelme4(Bates
etal.,2015).
Bothstatisticalmodelsweresignificant,aswereeachoftheindividualfixedeffects(i.e.,
theacousticfeatures),withthenotableexceptionofmean_f0_ratio(cf.Table 6).
Wecanquantifywhetheroneofthetwomodelsoflistenerresponseismorepredictive
thantheotherusingANOVA.Thevariousgoodnessoffitcriteria(AIC,BICandloglikeli-
hood)forourtwomodelsareverysimilarandaccordingtotheχ2 test statistic, we cannot 
concludethatthemodelusingfeaturesetExperimenter-selectedApredictssignificantly
morevariationthanthemodelusingfeaturesetExperimenter-selectedC.Inotherwords,
wecannotsaythataddingthefeaturemean_f0_ratioresultsinamorepredictivemodelof
listeners’responses.
We can also perform model comparison to assess the contribution of the random
effects:Participantand item.Amodelwithparticipantand itemasrandomeffectand
Experimenter-selectedAasfixedeffectexplainssignificantlymorevariationthanamodel
withparticipantonlyasrandomeffectandfeaturesetExperimenter-selectedAasfixed
effect(χ2=80.533,p =2.2e-16).Similarly,amodelwithparticipantanditemasrandom
effectandExperimenter-selectedAasfixedeffectexplainssignificantlymorevariation
thanamodelwithitemonlyasrandomeffectandfeaturesetExperimenter-selectedAas
fixedeffect(χ2=21.465,p =3.603e-16).
ConfidenceRating:Participants’confidenceratingturnedouttobeaverysignificant
predictoroftheirperformanceonagivenstimulus(generalizedlinearmodel:σ=0.031,
z=–10.81,p<0.001).Thisindicatesthatlistenershaveadegreeofintrospectiveaccess
togradienceorambiguityintheprominencedistinction.

7.1.3 Discussion
Theperformanceoflistenersintheperceptionexperiment,asmeasuredbyclassification
accuracyandBER,closelymatchedthatofthemachinelearningclassifiers.Recallthat
thetop-performingclassifierachievedanaccuracyrateof92.9%:Whilesomelisteners’
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accuracyrateswereaslowas64%,16outofthe38humanclassifiersachievedanaccu-
racyrateabove90%.13
The comparison of listener responsemodels revealed that item explains a statistically
significantamountoflistenervariation.Reviewoftheitemdistribution,however,reveals
that3ofthe64itemswereeffectivelyoutliers,withaccuracyrateswellbelow50%.Thepoor
humanclassifierperformanceontheseitemssuggeststhatmisclassificationbythemachine
learningclassifiersarelikelytobearesultofothervariation(e.g.,speakerdisfluency,high
signal-to-noiseratio)inthedatabywhichhumanlistenerswereequallymisled.
Onemisclassified example, transcribed in (22), received a listener accuracy rate of
18.4%.Theco-referencecriterionpredictsthisexamplewillberealizedwithsubjectfocus
sincethesubjectsofthetwoclausesdonotco-refer;however,thematrixclausealsohas
a salient contrast at that time which licenses focus on did.

 13Thetaskofthehumanandofthemachineweresimilarinthatbothhadaccesstoonlytheacousticinforma-
tionfromthestring“thanIdid.”Althoughweareencouragedbytheclosematchinperformance,wemust
alsonotethatitispossiblethatahumanmayachievegreaterperformanceonataskmorecloselyrelatedto
howtheyusuallyuselanguage,asopposedtothemetalinguistictaskusedhereofidentifyingprominence.
We leave this for future research.

Table 6: Summary of generalized linear mixed models for listener responses to a subset 
of web2 using predictors from hand-selected feature sets Experimenter-selected A and 
 Experimenter-selected C. Test statistic Wald z-score; statistical significance (p < 0.01) indicated 
by asterisks.

  Generalized Linear Mixed Model of Listener Response (Web Data).
Experimenter-selected A: duration_V2, duration_C3, f1f2Time50_V2, mean_f0_ratio

Random effects:

Groups Variance Std. Dev.

Participant 0.066720 0.25830

Item 0.041699 0.20420

Fixed effects:

Estimate Std. Error z-value p-value

Intercept 1.249 0.5746 2.174 0.0297*

duration of I 36.05 2.332 15.457 <2e-16*

duration of first closure in did –45.24 3.509 –12.893 <2e-16*

F1F2 differential at midpoint of I –0.003067 0.0003291 –9.318 <2e-16*

ratio of mean F0 in I and did 0.004232 0.02654 –0.159 0.873 n.s.

Experimenter-selected C: duration_V2, duration_C3, f1f2Time50_V2

Random effects:

Groups Variance Std. Dev.

Participant 0.066720 0.25830

Item 0.041699 0.20420

Fixed effects:

Estimate Std. Error z-value p-value

Intercept 1.210236 0.520745 2.324 0.0201*

duration of I 35.946678 2.254716 15.943 <2e-16*

duration of first closure in did –45.078265 3.401762 –13.251 <2e-16*

F1F2 differential at midpoint of I –0.003068 0.000329 –9.326 <2e-16*
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(22) Growingupatthattimeandthatlocation,youcan’thavemorefunasakid
than [I]F [did]F

Example(22)isaninfrequentlyoccurringbutlinguisticallypossibleexampleofdouble
focus.Thetaskofthemachinelearningclassifiersandthehumanlistenerswasbinary
(twosemanticclassesforthemachinelearningclassifiersandtwoprominencechoicesfor
thehumanlisteners),whileexample(22)effectivelybelongstoathirdclass.
Finally,thesamefeaturesetsusedinthetop-performingmachinelearningclassifiers
(viz.Experimenter-selectedAandExperimenter-selectedC)werestatisticallysignificant
in amodel of listener response. Therewas nomain effect for themean F0 ratio fea-
ture(i.e.,itwasnotindividuallysignificantinthemodel),andremovingthefeaturedid
notresult inalessexplanatorymodel.Thisresult isconsistentwiththecorresponding
machinelearningclassifiers,forwhichtheadditionofthefeaturemean_f0_ratiodidnot
substantiallyimprovegeneralizationaccuracyorerrorrates.

7.2 Experiment 2: laboratory production stimuli
7.2.1 Methodology
In thesecondperceptionexperiment,humanlistenerswerepresentedwithexcerptsof
“thanIdid”takenfromasubsetofthelaboratoryproductiondata.14Theexperimentwas
carriedoutwiththesamemethodologyasinExperiment1.Forty-oneindividualspartici-
pated.

7.2.2 Results
Accuracy/Error: The human acoustic classifiers performed on par with the machine
learningclassifiers.Forthelabdata,the41listenersachievedameanaccuracyof78.5%,
medianaccuracy81.3%,andstandarddeviationofaccuracies13.1%.Theyachieveda
meanBERof13.1%,medianBERof12.2%,andastandarddeviationofbalancederror
rates6.9%.Participants’ individual accuracy rates ranged from53.1% to96.9%and
theirbalancederrorratesrangedfrom3.7%to29.3%.
Asfortheitemsusedintheexperiment,1labitemwascorrectlyidentifiedatlessthan
50%.Amonglabitems,themeanaccuracyratewas78.5%,median80.5%,andthestand-
arddeviation16.9%.
Stimuliweredrawn fromeightdifferent speakers in theproductionexperiment.The
accuracyrates for individualspeakersrangedfrom67.4to82.0%.Themeanaccuracy
rateamongspeakerswas74.8%,median73.9%,andstandarddeviation5.0%.
Generalized linear mixed models: As in the first perception experiment, in order
to understandwhich acoustic features listenerswere using tomake their judgments,
we evaluated generalized linear mixed models using two top-performing feature
sets. Experimenter-selected A contains the features duration_V2, duration_C3, and
f1f2Time50_V2asfixedeffects;Experimenter-selectedCcontainsthefeaturesduration_
V2, duration_C3, f1f2Time50_V2, andmean_f0_ratio as fixed effects. The twomodels
differedonlyinthefeaturemean_f0_ratio.Bothmodelsalsocontainedparticipantand
itemasrandomeffects.
Allofthelistenerresponsemodelswerestatisticallysignificant.Thereweremaineffects
foreachoftheacousticfeatures,withthenotableexceptionofmean_f0_ratio,whichwas
notsignificant.Thefeatureduration_V3wasonlymarginallysignificantinthelabmodel
usingfeaturesetExperimenter-selectedA.

 14Weusedspeechfromthefirst8participantsoftheproductionstudy.Weused8oftheoriginal16elicited
utterances—thesame8foreachofthe8speakers:Tokens1,3,5,7,9,11,13and15.
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Despiteamarginal test statistic for the f0_ratioparameterestimate in the labmodel
(p=0.23795issmallbutaboveanacceptablerateofα=0.05),anANOVAcomparing
the two labmodelswith andwithoutmean_f0_ratio suggests that the addition of this
featuredoesindeedresultinamorepredictivemodeloflistenerresponse(χ2=80.533,
p=2.2e-16).
ANOVAsrevealedthattheadditionofitemasrandomeffectresultedinamorepredictive
modeloflistenerresponseonthelabdataset(χ2=13.654,p=0.0002198).Therewas
notsufficientevidencetoconcludethatincludingparticipantasrandomeffectresultedin
amorepredictivemodel.
ConfidenceRating:Participants’confidenceratingturnedouttobeaverysignificant
predictor of their performance on a given stimulus (generalized mixed-effects linear
model:σ=0.05844,z=7.429,p<1.10e-13),indicatingintrospectivesensitivitytothe
reliabilityofclassificationjudgments.

7.2.3 Discussion
Theperformanceoflistenersintheperceptionexperiment,asmeasuredbyclassification
accuracyandBER,wasonparwiththatofthemachinelearningclassifiers.
Both logistic regressionmodels confirmed that the contributionof theparadigmatic,

non-F0measureswasstatisticallysignificant.Therewasinsufficientevidencethatthefea-
turemean_f0_ratiocontributedsignificantly(p=0.24).However,anANOVAcomparing
thetwomodels–onewithandonewithoutmean_f0_ratio–revealedthatthefeaturedoes
infactexplainastatisticallysignificantamountofvariationinlistenerresponsewhich
the other variables in the model do not. This suggests that listeners are using both the 
syntagmatic, F0andparadigmaticnon-F0 measures in the lab data.
Asintheperceptionexperimentusingweb-harvesteddata,listenersdidhavedifficulty
with a handful of items. The ANOVA comparingmodels with andwithout item as a
random effect was significant, indicating that item explains a statistically significant
amountofvariation.Thelisteners’lessthanperfectperformance,likethemachineclassi-
fiers’performance,maybeatleastpartlyexplainedbytheseoutliers.

8 Conclusion
8.1 Discussion of results
Wesetouttotestpredictionsoftheoriesoffocusinterpretationinoneconstrainedenvi-
ronment.Accordingtoananaphorictheoryoffocus,thelocationoffocusinthecompara-
tiveclauseisdeterminedbythematrixclause.Operatively,thelocationofprominence
canbepredictedaccordingtothe(co-)referenceofthesubjectsinthemainandcompara-
tiveclauses(cf.4).Themachinelearningexperimentsconfirmedtherobustnessofthis
generalizationwithbothnaturallyoccurringandexperimentallyeliciteddata.Classifiers
trained exclusively on acoustic measurements from web-harvested data achieved accu-
racyratesashighas92.9%andbalancederrorratesaslowas6.5%whentestedonsimi-
larweb-harvesteddata.Theyachievedaccuracyratesashighas87.6%anderrorratesas
lowas10.5%whentestedonlaboratory-eliciteddata,stillwellaboveabaselineof51.0%
accuracy.Classifierstrainedexclusivelyonacousticmeasurementsfromlaboratory-elic-
iteddataachievedaccuracyratesashighas89.0%andbalancederrorratesas lowas
10.5%whentestedonweb-harvesteddata.
Thehumanclassificationexperimentsconfirmed therobustnessof thegeneralization
aswell. Listeners presented onlywithweb-harvested tokens of “than I did” achieved
ameanclassificationaccuracyof86.4%(standarddeviation8.1%)andameanBERof
4.5%(standarddeviation2.8%).Listenerspresentedonlywithlaboratory-elicitedtokens
of“thanIdid”achievedameanaccuracyrateof78.5%(standarddeviation13.1%)anda
meanBERof13.1%(standarddeviation6.8%).
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Inbuildingtheclassifiers,wealsotooktheopportunitytocomparethecontributionof
specificgroupingsofphoneticmeasures:OnedivisionbetweenF0 and non-F0measures and 
onedivisionbetweenparadigmaticandsyntacticmeasures.Inthemachinelearningclas-
sification,weobservedatendencyforclassifierswithexclusivelynon-F0 features to meet 
orexceedtheperformanceofexclusivelyF0 features. Of course, we do not wish to suggest 
that F0neversignalsprosodicprominence,asthisiswellattested.Indeed,classifiersusing
exclusively F0measuresachievedaccuraciesashighas79.5%anditiscertainlypossible
thatthatimprovedacousticmodelingofF0mayyieldevenbetterclassifierperformance.
We leave detailed examination of the F0profileforfuturestudybutnoteinformallythat
whilemanytokenswithexpectedfocusonIappearedtohaveH*pitchaccents,wealso
observedtheoccurrenceofotherintonationalpatternsinwhichtheF0maximum of I was 
exceeded by the F0maximum of did (e.g., Figures 8, 9, 10)orinwhichtheF0maximum 
was delayed (e.g., Figure 11).Humanlistenersmaywellbeabletorecoverfocusdespite
such variability.

Figure 9: Waveform, spectrogram, and F0 contour from excerpt of lab recording 327_6.

Figure 8: Waveform, spectrogram, and F0 contour from excerpt of web file 117.
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Ratherthaninterpretingtheresultsasindicatingnon-relevanceofF0, we wish to high-
light the contribution of non-F0measures,whichturnedouttobehighlypredictive.Non-
F0measures,weargue,offerpracticalbenefitsforautomaticdetectionoffocus.Wealso
notethatmanyresearchershavetakensuchfindingsnotmerelyasevidencefortheexist-
enceofsecondarycuesofaccent,butasevidenceagainstthepre-eminenceofpitchaccent
(e.g.,Fantetal.,1991;Heldner,2003;Heldneretal.,1999;Kochanski,2006;Sluijter&
vanHeuven,1996;amongothers).Mo(2010)findsthatindividualsshowconsiderable
variationinwhichcombinationsofacousticmeasurestheyusetomarkprominenceand
these combinations include F0 to varying degrees.
Weproposethattheincreaseddurationandespeciallyvowelqualityobservedinour
data correlatewithpost-lexicalorutterance-level stress.Following theautosegmental-
metrical tradition, stress is phonologically distinct from pitch accent (e.g., Liberman,
1975;Pierrehumbert,1980),althoughrelatedbytherequirementforpitchaccenttoalign
with utterance-level stress.

Figure 10: Waveform, spectrogram, and F0 contour from excerpt of web file 322_10.

Figure 11: Waveform, spectrogram, and F0 contour from excerpt of lab recording 327_6.
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For the second grouping of measures, we observed a tendency for classifiers with
exclusively paradigmatic measures to meet or exceed the performance of exclusively
syntagmaticmeasures.Again,weemphasizethatsyntagmaticmeasuresareindeedpre-
dictive;classifiersusingexclusivelysyntagmaticmeasuresachievedaccuraciesashighas
80.3%anditisentirelypossiblethatinclusionofothersyntagmaticmeasuresmighthave
yieldedevenbetterclassifierperformance.Rather,wehighlightthecontributionofthe
paradigmaticmeasures,whichturnedouttobehighlypredictive.
Asdescribed in the Introduction, it is traditionallyheld thatprosodicprominence is
relationalorsyntagmatic,meaningthatprominenceisprocessedrelativetothesentence
thatisbeinguttered(e.g.,Hyman,1978;Jakobsonetal.,1952;Ladefoged,1975;Lehiste,
1970;Trubetzkoy,1939).Thisexplains,amongotherphenomena,howawordmaybe
perceivedasprominentineitherfastorslowspeech.
Segmentalphenomenasuchasvowelquality,voicequalityand,insomecases,duration
areparadigmatic,meaningthattheyareprocessedrelativetoanotherpossiblerealiza-
tion.Segmentalphenomena,suchasthephonologicalvoicingcontrastbetween[p]and
[b]areresponsibleformeaning-distinguishingminimalpairslikepig and big. There are 
nominimalpairsinEnglish,sothereasoninggoes,thataredistinguishedsolelybypitch
(e.g., pig with a high tone and pigwithalowtone).
Minimalprosodicpairs(orn-tuples)doexist,however,aswe’veseen(cf.3a,3b,3c).
Howcanweunderstandtheseessentiallyparadigmaticcontrastswithoutalsodenyingthe
syntagmaticcharacterofprosodicprominence?Withinmetricalstresstheory,prosodyis
hierarchical,andonecanspeakofprominenceatmultiplelevels.Prominenceattheword
levelisrealizedphonologicallybystress,anditispossibletodistinguishindividualwords
usingstress(e.g.,ímportvs.impórt).Further,onecanmakeintonationalcontrastsatthe
phraseorutterancelevel.
Phonologically, then, the difference between twominimal intonational pairs is thus
bothsyntagmatic—howprosodicelementsaregroupedandwhichprosodicelement is
mostprominentwithinagrouping—andparadigmatic—howtheprosodicstructureofone
utterancediffersminimallyfromtheprosodicstructureofanother.
An important sourceof evidence against uniquely syntagmatic accounts comes from
casesofdoublefocus.Ladd(1991)describesanindividual“whousedtobeabletospeak
GermanwellbutthenhadthenspentalongtimelivinginSwedenandnowspokegood
SwedishbuthadtroublewithGerman.”Laddrepliestotheindividualwith(23).

(23) That’swhathappenedtomy French.
Itusedtobegood,butthenIspentayearinGermanyandendedupwithgood
German,andnowwheneverIwanttospeakFrenchIgetGermaninterferenceall
overtheplace.

Semantically,(23)isacaseofdoublefocus,onmy and on French.Andphonologically,this
focusisbeingconveyedwithprominence.Laddobserves,however,thatprominenceonmy 
cannotbepurelysyntagmatic.Itisnotthecasethatmyismoreprominentthanitssister,
French;ifanything,Frenchisrealizedwithgreaterprominencethanismy. The  necessary 
comparisonisparadigmatic:(23)iscomparedtotheminimallydifferentrealizationin(24).

(24) That’swhathappenedtomyFrench.

Similarly,measuresofprominenceonI aloneweregooduniquepredictorsinthethan I 
diddatasetsbecausethesalientcontrastwasnotonlysyntagmatic,butparadigmatic(i.e.,
betweenfocalandnon-focalrealizationsofI).
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(25) than[I] (F) did paradigmatic contrast
↕

thanI [did]F[…]F
As we’ve noted, the highly predictive paradigmatic measures in our data were also
measuresofstress,namelydurationandvowelquality.Wehypothesizethatthisislargely
due to the lexico-syntactic class of the focused constituent (i.e., function words tend to be 
unaccentedunlessfocused).Ladd’sexamples(23,26)contrastfocalandnon-focalreali-
zationsofthefunctionwordmy.Inourcomparativesdata,wearecontrastingfocaland
non-focalrealizationsofthefunctionwordI.Itissufficientfortheusuallynon-prominent
pronountoindicateprominencebyrealizingitwithevenalowdegreeofprominence.
It iswellknownthatthereare importantphonologicaldistinctionsbetweenfunction
words and lexicalwords (e.g., Selkirk, 1996 and references cited therein) and lexical
wordsmayrequireagreaterdegreeofprominencetosignalsemanticfocus.Laddoffers
anotherprosodicminimalpairinwhichtheprosodiccontrastisrealizedonthelexical
word butcher.Inthiswell-knownexample,butcher isunderstoodasanepithetforsurgeon
when unfocused, and literally as a butcher when focused.

(26) a. A:EverythingOKafteryouroperation?
B:Don’ttalktomeaboutit.
The butcher charged me a thousand bucks! epithet

b. A:EverythingOKafteryouroperation?
B:Thebutcher charged me a thousand bucks! literal

Ladd intuits that theprosodic contrast in (23–24) is not equivalent to the contrast in
(26a–26b).Forthepronouns,vowelreductionappearstobesufficienttomarkthedis-
tinction,whilebothofthelexicalwordshaveunreducedvowelsandacontrastinpitch
appearstobenecessary.
Inthethan I did datasets, the robustness of measures which are non-intonational and 

which are extracted only from I reflectsthecategoricalandlargelyparadigmaticpromi-
nence on focused I.Afull,unreducedvowel,asindicatedphoneticallybygreaterduration
andmoreextremeformantextrema,issufficientinformationtoidentifythefunctionword
asfocusedwithconsiderableaccuracy.Itislikelythecasethathumansuseacombination
ofsyntagmaticandparadigmaticinformation,andthatthechoiceiscontext-dependent.
Mo(2010),muchliketheBorutafeatureselectioninthisstudy,findsthatlistenerstend
tomakeuseofparadigmaticdurationandformantmeasures,butsyntagmaticloudness
measures.
Thecategoryoffocusasitfiguresincurrenttheorycanbecharacterizedasagrammati-
callymediatedcorrelationbetweenasemantics-pragmaticsofcontrastandredundancy,
andaphoneticsofprominence.Thepositiveresultsobtainedheresuggestthefeasibility
ofconstructingexplicitnumericalmodelsofthiscorrelationusingmachinelearning,and
oftestingthepredictionsofformalizedtheoriesofinformationstructureindatacollected
inthe‘wild’ofspokenlanguageusedontheweb.
ThewebmethodologythatisdetailedinHowellandRooth(2009)retrievestokensof
specificlexicalstrings.Inrelatedwork,wecollecteddataforseveraldozenword-string
targets andfilteredand transcribed the results (Lutz et al., 2013;Roothet al., 2013).
Structuringdatasetsaroundspecifictargetstringsisalimitation,butitisalsoanadvantage
inthatitallowsmachinelearningtousespecificfeaturesinthetarget.Investigatingthe
successofthemethodforothercontexts,andgeneralizingthemethodtoanopen-ended
classofcontextsforfocusrealizationisatopicforfutureresearch.
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Additional Files
Theadditionalfilesforthisarticlecanbefoundasfollows:

•Appendix A. Acousticmeasures.DOI:https://doi.org/10.5334/labphon.8.s1
•Appendix B. Stimuliforperceptionexperiment.DOI:https://doi.org/10.5334/
labphon.8.s2
•Appendix C. FeaturesetsselectedbyBorutaalgorithmforlabdataset.DOI:
https://doi.org/10.5334/labphon.8.s3
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