JADT 2002: 6°° Jourreesinternationalesl’ AnalysestatistiquedesDonréesTextuelles

An experiment in author ship attribution

HaraldBaayen, HansvanHalteren, Anneke Neijt', FionaTweedié

1 University of Nijmegen,P.O. Box 9102,6500HC, Nijmegen,The Netherlands
2 University of Edinkburgh, Jame<Clerk Maxwell Building, King’s Buildings, Mayfield Road,
Edinburgh,EH93JZ,U.K.

Abstract

This paperreportsan experimentin authorshipattribution that revealsconsiderableauthorial structurein texts

written by authorswith very similar backgroundandtraining, with genreandtopic beingstrictly controlledfor.

We interpretour resultsas supportingthe hypothesisthat authorshave 'textual fingerprints’, at leastfor texts

producedy authorswho arenot consciouslychangingtheir style of writing acrosgexts. Whatthis studyhasalso
taughtusis that discriminantanalysisis a moreappropriatedechniqueto usethanprincipal componentsanalysis
whenpredictingthe authorshipof an unknown (held-out)text on the basisof known (training) texts of which the
authorialprovenancas available. Finally, standardliscriminantanalysiscanbe enhanceaonsiderablyby using
anentropy-basedveightingschemeof the kind usedin latentsemantianalysisLandaueletal., 1998).

Keywords: authorshipattribution, principal componentsnalysis discriminantanalysis Jatentsemanticanal-
ysis

1. Introduction

Stylometricattemptsto trace the authorshipof texts by unknavn or contestedauthorshave
a long history. They have beenappliedto influential texts suchas the Bible, the works of
Shalespeareandthe FederalistPapers. A wide variety of techniqguedrom mary disciplines
have beenconsideredfrom multivariate statisticalanalysisto neuralnetworks and machine
learning. Many differentfacetsof texts have beenanalysedfrom sentenceand word length
to the mostcommonor the rarestwords, or linguistic features. (Holmes, 1998) provides a
chronologicakreview of methodausedin the pursuitof the authorial’fingerprint”.

A key issuein thestudyof authorshipstudiess whetherauthorial’fingerprints”doin factexist.
Is it truly the casethatany two authorscanalwaysbe distinguishedn the basisof their style,
sothatstylometrycanprovide uniquestylistic fingerprintsfor ary author givensufficientdata?

Despitethelong history of authorshipattribution, almostall stylometricstudieshave beencar

ried out on the assumptiorthat stylometricfingerprintingis possible. However, often control
textsareinappropriatelychoseror notavailable.In addition,theimpositionof editorialor pub-
lisher’s style candistortthe original wordsof theauthor (Rudman,1998)providesanexcellent
overview of theproblemsandpitfalls thatcharacterizejuantitatve approachet authorshimat-
tribution. A furthercomplicationis thatin traditionalproblemsof authorshign literary studies,
the authorsto which texts of doubtful or unknavn provenancehave to be attributedtendto be
majorwriters,andmoreoftenthannot they differ substantiallywith respecto backgroundand
training. Whatwe do not know is to what extent naive writers unwittingly imprint their texts
with their own specificauthorialfingerprint. Doessucces# quantitatve authorshipattribution
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dependon authorshaving deliberatelydevelopedand cultivatedtheir own style? Or is style a
marker that canbe usedto traceauthorshipevenfor non-specialistvriters with a very similar
trainingandbackground?

The aim of this studyis to addresghis questionby meansof a strictly controlledexperiment
of authorshipattribution, with texts of known authorshipaboutstrictly controlledtopicsbeing
analysedbetweenandwithin genresaswell asbetweenandwithin authors. The goal of this
experiments to gaugeto whatextentnon-professionahuthorswith a very similar background
andtraining canbe distinguishedn the basisof their written production,underconditionsin
whichtopic, age,andincentive arestrictly controlled.

In what follows, we first describethe designof the experiment. We then proceedwith the
statisticalanalyse®f the experimentaldata.Finally, we summarizeour conclusions.

2. Experimental design

Our experimentin authorshipattribution was carriedout in Dutch. Eight studentsof Dutch
literatureat the University of Nijmegenparticipatedn the study All the studentsverenative
spealersof Dutch,four werein their first yearof study andfour werein their fourth year The
studentsvereasledto write texts of around1000words. They werepaidfor their participation.
To encourageeriousparticipation the besttext in eachgenrewasawardeda prize of Hfl 125.

Eachstudentwrotein threegenresfiction, agumentanddescription.Threetexts werewritten
in eachgenre,on the following topics. For the fiction, we asked our participantsto write a
retellingof thefairy taleof Little RedRiding-Hood,to write adetectve storyabouta murderin
theuniversity, andto composeromanceof chivalry. For theagumentatretexts, theirtaskwas
to defenda positionaboutthetelevision program’Big Brother’, to write aboutthe unificationof
Europe andto take apositionaboutthe healthrisksof smoking.Thedescriptvetexts concerned
footbal,the(then)upcomingnew millennium,andabook-review of thebookreadmostrecently
by the participant. The orderof writing the texts wasrandomisedo that practiceeffectswere
reducedas much as possible. We thus have nine texts from eachparticipant,making a total
of seventy-two texts in the analysis. All texts were producedin the sameweek. Therewas
no contactbetweenthe participants.Participantswere not allowed to consulteng/clopediaor
dictionaries.

Themainquestionthatwill concernushereis whetherit will be possibleto grouptexts by their
authorsusingthe state-of-the-arimethodsof stylometry A positve answerwould supportthe
hypothesighatstylistic fingerprintsexist, evenfor authorswith a very similar backgrouncand
training. A negative answerwould argue againstthe hypothesighat eachauthorhasher/his
uniquestylistic fingerprint.

3. Statistical analysis

The averagetext lengthfor our 72 elicited texts is 908 words. The shortestext has628 words
andthelongestl342.A principalcomponentsnalysigPcA) alongthelinesof (Burrows, 1992)
of the mostfrequentfunction wordsin the texts shavs no authorialstructure. This illustrated
shown in upperpanelsof Figurel. The upperleft panelplots authorsin the planespannedy

the first two principal componentsthe upperright panelshows their locationin the planeof

the secondandthird principalcomponentHigher principal componentseveal similar random
patterns By contrasta principalcomponentganalysisdoesreveal somestructurefor education
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Figure 1: Principalcomponentsanalysisof the 50 mostfrequentfunction wordsin the texts
producedn the experiment. The uppertwo panelsplot authorsin the planesspannedy prin-
cipal componentd and2 (left) and2 and3 (right). The lower left panelplots educatiorievel
(High versudLow) for thefirst two principalcomponentsThelower right panelplotsgenrefor
thesameprincipalcomponents.

level, ascanbeseenin thelower left panelof Figurel. Texts written by studentswith lessthan
1 yearof universityeducationL) tendto have higherscoresonthesecondorincipalcomponent
thantexts written by studentswith at leastthreeyearsof university education(H). The lower
right panelof Figurel shavs thatthereis someseparatiorby genreaswell. Thefiction texts
tendto have higherloadingson the first principal componenthanthe argumentatre texts and
the descriptve texts. In hindsight, our instructionsfor thesetwo genreswere probably not
specificenoughto allow areasonablseparatiorto emege.

Analysisof letterfrequenciegivessimilar results while measuresf vocalulary richnesshawv
someindication of structurewith respectto the educationlevel of the writer. First year of
studiesappeato have lowervaluesof Yule’sK (Yule, 1944),andhencealower repeat-rateln
addition, highervaluesof Orlov’s Z (Orlov, 1983)arethe province of first-yearstudentsalso,
indicatinga greaterichnessof vocalulary.

While authorialstructures notvisible in a principalcomponentganalysisjt doesemegefrom
a seriesof lineardiscriminantanalysegLDA). In contrastto PCA, LDA allows usto bringinto
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the analysisour knowledgeof the authorshipof our texts. To obtaina measureof discrimina-
tion accurag, we carriedout pairwiseleave-one-outross-alidationusinglinear discriminant
predictionof the authorshipof a held-outtext on the basisof atraining setof texts with known

authorship.For eachof the 8*7/2=28 pairs of authors,the authorshipof eachof the 18 texts

contributed by thesetwo authorswas estimatedon the basisof the 17 remainingtexts. The
discriminability of a pair of authorsis the proportionof correctlyattributedtexts. The overall

discriminationscoreis the averageof the pairwisediscriminability scores. In orderto avoid

problemswith collinearpredictorswe orthogonalizedur datamatrix beforecarryingout the
lineardiscriminantclassification.

Thefirst columlabeledLDA in Table1 reportstheresultingaccurag scoresaveragedover the
28 pairwisecomparisonsnvolvedin onestandarctross-alidationsequencefor 3 differently-
sizedsetsof highest-frequencfunction words. Note thatthis approachs not succesfulwith
anaverageaccurag at chancdevel. Thusfar, the LDA analysisandthe principal components
analysisbothsuggesthatour authorsaretoo similarin backgroundandtrainingto allow them
to bedistinguishedn the basisof their texts.

However, the cross-alidationproceduredescribedabove hasthe disadantagehatthereis an
imbalancen the coverageof topicsandgenreshetweerthe texts of two authors.For instance,
if thefiction text aboutLittle RedRiding-Hoodhappengo be the left-out text for oneauthor
thenthe presenceof the correspondingext for the other authorimplies that the numberof
trainingtextsfor thetwo authorddiffer with respecto the supportfor fiction texts (2 for theone
and3 for the otherauthor),andwith respecto the topicscovered(oneauthors versionof the
fairy taleis missing). To counterbalancéor this asymmetrywe modifiedthe cross-alidation
procedureby taking the correspondindext of the secondauthorout of the training set. Thus,
if the held-outtext is the fairy tale, thanthe fairy tale of the secondauthoris excludedfrom
thetraining setaswell. Thesuccesscoredor standardineardiscriminantanalysisunderthis
modified cross-alidationregime areshawn in the third columnof Table1, seealsoFigure2.
Removal of thetext andgenreimbalancdeadsto animprovementin classificatioraccurag of
roughly 10%.

Additional improvementsare obtainedby modifying the input to the linear discriminantanal-
ysis. Landauerandhis colleagueg(LandauerandDumais,1997;Landauert al., 1998))have
pointedout in the context of corpus-basedemanticanalysisthat linear discriminantanalysis
canbe substantiallyenhancedy weightingthe vectorsdescribingthe frequeng distributions
of wordsacrosstexts for their by-text entrogy. Considerthe datamatrix, M = (f;;), with f;;
thefrequeng of word: in text 5. Theintuition underlyingentropy-weightedineardiscriminant
analysis(ELDA) is thatwordsthat have a more or lessuniform frequeng distribution across
the texts are lessuseful and lessinformative than words that have a decidedlynon-uniform
distribution. For ELDA, we useasdatamatrix M’ = (f;;) insteadof M, with

log(fi; +2)

fij = 1
_ ZJ (_J[L@L . log(—J&kL)) (1)
k=1 2okt fintl S fat1’)

with J thenumberof texts. Notethatwe usedthe transposedersionsof M and M’ asinputto
thediscriminantanalysis.Table1 andFigure2 show thatthe useof ELDA leadsto a substantial
improvementin classificationaccurag. For a datamatrix with 60 functionwords,ELDA with
themodifiedcross-alidationschemeyieldsanaccurag of 81.5%.
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Figure 2: Cross-alidation accurag scoresfor pairwiselinear discriminantanalyses. Solid
linesrepresenstandardinear discriminantanalysis,dashedines represenentropy-enhanced
lineardiscriminantanalysis.Thetrianglesrepresenstandardeave-oneoutestimatesthecircles
represenestimatesn which thetrainingsetfor pairwisecomparisonsloesnot containthe text
from the otherauthoron thetopic coveredby the held-outtext.

standardcCV  modifiedCV
n LDA ELDA LDA ELDA
40 0.466 0.734 0.554 0.724
50 0.508 0.756 0.601 0.798
60 0.478 0.792 0.573 0.815

Table 1: Pairwise standardand modified cross-alidationaccurag scoresfor standardinear
discriminantanalysigLDA) andentrofy-enhancedineardiscriminantanalysisS(ELDA).

It turnsout thatenrichingthe datamatrix with the frequencieof puncuatiormarksleadsto a

furtherimprovement.An ELDA analysison42 functionwordsand8 punctuatiormarksleadsto

aclassificatioraccurag of 83.5%,andadatamatrix with 50 functionwordsand8 punctuation
marksyieldsanELDA accurayg of 88.1%.Figure3 shavsthekind of clusteringthatis revealed
by this lastanalysis.Note thatthe only participantshat have overlappingclustersof texts are
subjectsl and5, atthe centerright handedgeof thefigure.

4. Conclusions

This experimentin authorshipattribution shavs thatthereis considerabl@uthorialstructuren
written texts even whenthe authorsof thesetexts comefrom very similar backgrounds.This
surprisingresultprovidessupportor thehypothesighatauthoramayhave’textualfingerprints’,
at leastfor texts producedby writers who are not consciouslychangingtheir style of writing
acrosgexts.
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Figure3: Lineardiscriminantanalysiswith entropy weightingfor the50 mostfrequentfunction
wordsin theelicitedtexts, combinedwith 8 punctuatiormarks(.,”?!:;).

Whatthis studyhasalsotaughtusis thatdiscriminantanalysisis amoreappropriatéechnique
to usethanprincipalcomponentanalysisvhenpredictingthe authorshipf anunknownn (held-

out) text on the basisof known (training) texts of which the authorialprovenancas available,

andthat, asclaimedby Landauerandhis colleaguesgentropy-weightingdoesindeedleadto a

substantiaincreasen classificatioraccuray.

Ourfindingthatasimpleprincipalcomponentanalysiof thehighest-frequencfunctionwords
in our experimentaltexts fails to uncover authorialstructuresuggestghat the authorsstudied
in literary stylometry for which principalcomponents&nalysisis reportedto leadto insightful

clustering(Burrows, 1992; Baayenet al., 1996), are indeedwriters with very differentback-
groundsandtraining. Theseareauthorswho musthave developedtheir own writing style far

beyondthemorerudimentarydifferencesn stylethatwe couldonly obsere for our participants
by usingfar morepowerful analyticaltoolsthansimpleprincipalcomponent&nalysis.

Theobsenationthatin cross-alidationastrict controlof topicandgenreleadsto anincreasen
classificatoryaccurag of somel0% providesfurther supportfor Rudmans claim that control
texts in literary stylometryrequirerigorousmatchingwith respectto variablessuchastopic
and genre. Although the useof function words ratherthan contentwords makes it possible
to focuson text style ratherthantextual content,our datasuggesthat style and contentare
intertwinedto a greaterextent than we had previously thought. Finally, we were surprised
by the extent to which the simple inclusion of punctuationmarksin the analysisenhanced
classificatioraccurag. Punctuatiormarksmay prove to be effective style markers,especially
for textsthathave not beensubjectedo editorialnormalization.
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