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Abstract
This paperreportsan experimentin authorshipattribution that revealsconsiderableauthorialstructurein texts
written by authorswith very similar backgroundandtraining, with genreandtopic beingstrictly controlledfor.
We interpretour resultsas supportingthe hypothesisthat authorshave ’ textual fingerprints’, at least for texts
producedby authorswhoarenotconsciouslychangingtheirstyleof writing acrosstexts. Whatthisstudyhasalso
taughtus is thatdiscriminantanalysisis a moreappropriatetechniqueto usethanprincipal componentsanalysis
whenpredictingtheauthorshipof anunknown (held-out)text on thebasisof known (training) texts of which the
authorialprovenanceis available. Finally, standarddiscriminantanalysiscanbeenhancedconsiderablyby using
anentropy-basedweightingschemeof thekind usedin latentsemanticanalysis(Landaueretal., 1998).

Keywords: authorshipattribution,principalcomponentsanalysis,discriminantanalysis,latentsemanticanal-
ysis

1. Introduction

Stylometricattemptsto tracethe authorshipof texts by unknown or contestedauthorshave
a long history. They have beenappliedto influential texts suchas the Bible, the works of
Shakespeare,andthe FederalistPapers. A wide variety of techniquesfrom many disciplines
have beenconsidered,from multivariatestatisticalanalysisto neuralnetworks and machine
learning. Many different facetsof texts have beenanalysed,from sentenceandword length
to the most commonor the rarestwords, or linguistic features. (Holmes,1998) provides a
chronologicalreview of methodsusedin thepursuitof theauthorial”fingerprint”.

A key issuein thestudyof authorshipstudiesis whetherauthorial”fingerprints”doin factexist.
Is it truly thecasethatany two authorscanalwaysbedistinguishedon thebasisof their style,
sothatstylometrycanprovideuniquestylisticfingerprintsfor any author, givensufficientdata?

Despitethelong historyof authorshipattribution,almostall stylometricstudieshave beencar-
ried out on the assumptionthat stylometricfingerprintingis possible.However, often control
textsareinappropriatelychosenor notavailable.In addition,theimpositionof editorialor pub-
lisher’sstylecandistorttheoriginalwordsof theauthor. (Rudman,1998)providesanexcellent
overview of theproblemsandpitfalls thatcharacterizequantitativeapproachesto authorshipat-
tribution. A furthercomplicationis thatin traditionalproblemsof authorshipin literarystudies,
theauthorsto which texts of doubtfulor unknown provenancehave to beattributedtendto be
majorwriters,andmoreoftenthannot they differ substantiallywith respectto backgroundand
training. What we do not know is to what extentnaive writersunwittingly imprint their texts
with theirown specificauthorialfingerprint.Doessuccessin quantitativeauthorshipattribution
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dependon authorshaving deliberatelydevelopedandcultivatedtheir own style? Or is stylea
marker thatcanbeusedto traceauthorshipevenfor non-specialistwriterswith a very similar
trainingandbackground?

The aim of this studyis to addressthis questionby meansof a strictly controlledexperiment
of authorshipattribution, with texts of known authorshipaboutstrictly controlledtopicsbeing
analysedbetweenandwithin genresaswell asbetweenandwithin authors.The goal of this
experimentis to gaugeto whatextentnon-professionalauthorswith averysimilar background
andtrainingcanbedistinguishedon thebasisof their written production,underconditionsin
which topic,age,andincentivearestrictly controlled.

In what follows, we first describethe designof the experiment. We then proceedwith the
statisticalanalysesof theexperimentaldata.Finally, wesummarizeour conclusions.

2. Experimental design

Our experimentin authorshipattribution wascarriedout in Dutch. Eight studentsof Dutch
literatureat theUniversityof Nijmegenparticipatedin thestudy. All thestudentswerenative
speakersof Dutch,four werein their first yearof study, andfour werein their fourth year. The
studentswereaskedto write textsof around1000words.They werepaidfor theirparticipation.
To encourageseriousparticipation,thebesttext in eachgenrewasawardedaprizeof Hfl 125.

Eachstudentwrotein threegenres:fiction, argumentanddescription.Threetextswerewritten
in eachgenre,on the following topics. For the fiction, we asked our participantsto write a
retellingof thefairy taleof Little RedRiding-Hood,to write adetectivestoryaboutamurderin
theuniversity, andto composearomanceof chivalry. For theargumentativetexts,theirtaskwas
to defendapositionaboutthetelevisionprogram’Big Brother’,to write abouttheunificationof
Europe,andto takeapositionaboutthehealthrisksof smoking.Thedescriptivetextsconcerned
footbal,the(then)upcomingnew millennium,andabook-review of thebookreadmostrecently
by theparticipant.Theorderof writing thetexts wasrandomisedsothatpracticeeffectswere
reducedasmuchaspossible. We thushave nine texts from eachparticipant,makinga total
of seventy-two texts in the analysis. All texts wereproducedin the sameweek. Therewas
no contactbetweentheparticipants.Participantswerenot allowedto consultencyclopediaor
dictionaries.

Themainquestionthatwill concernushereis whetherit will bepossibleto grouptextsby their
authorsusingthestate-of-the-artmethodsof stylometry. A positive answerwould supportthe
hypothesisthatstylistic fingerprintsexist, evenfor authorswith a very similar backgroundand
training. A negative answerwould argueagainstthe hypothesisthat eachauthorhasher/his
uniquestylistic fingerprint.

3. Statistical analysis

Theaveragetext lengthfor our 72 elicitedtexts is 908words.Theshortesttext has628words
andthelongest1342.A principalcomponentsanalysis(PCA) alongthelinesof (Burrows,1992)
of themostfrequentfunctionwordsin the texts shows no authorialstructure.This illustrated
shown in upperpanelsof Figure1. Theupperleft panelplotsauthorsin theplanespannedby
the first two principal components,the upperright panelshows their locationin the planeof
thesecondandthird principalcomponent.Higherprincipalcomponentsrevealsimilar random
patterns.By contrast,aprincipalcomponentsanalysisdoesrevealsomestructurefor education
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Figure1: Principalcomponentsanalysisof the 50 most frequentfunction words in the texts
producedin theexperiment.Theuppertwo panelsplot authorsin theplanesspannedby prin-
cipal components1 and2 (left) and2 and3 (right). The lower left panelplotseducationlevel
(High versusLow) for thefirst two principalcomponents.Thelower right panelplotsgenrefor
thesameprincipalcomponents.

level, ascanbeseenin thelower left panelof Figure1. Textswrittenby studentswith lessthan
1 yearof universityeducation(L) tendto havehigherscoresonthesecondprincipalcomponent
thantexts written by studentswith at leastthreeyearsof universityeducation(H). The lower
right panelof Figure1 shows that thereis someseparationby genreaswell. Thefiction texts
tendto have higherloadingson thefirst principalcomponentthantheargumentative texts and
the descriptive texts. In hindsight,our instructionsfor thesetwo genreswere probablynot
specificenoughto allow a reasonableseparationto emerge.

Analysisof letterfrequenciesgivessimilar results,while measuresof vocabularyrichnessshow
someindication of structurewith respectto the educationlevel of the writer. First year of
studiesappearto have lowervaluesof Yule’s K (Yule,1944),andhencea lower repeat-rate.In
addition,highervaluesof Orlov’s Z (Orlov, 1983)aretheprovinceof first-yearstudentsalso,
indicatingagreaterrichnessof vocabulary.

While authorialstructureis not visible in a principalcomponentsanalysis,it doesemergefrom
a seriesof lineardiscriminantanalyses(LDA). In contrastto PCA, LDA allows usto bring into
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theanalysisour knowledgeof theauthorshipof our texts. To obtaina measureof discrimina-
tion accuracy, we carriedout pairwiseleave-one-outcross-validationusinglineardiscriminant
predictionof theauthorshipof a held-outtext on thebasisof a trainingsetof textswith known
authorship.For eachof the 8*7/2=28pairsof authors,the authorshipof eachof the 18 texts
contributedby thesetwo authorswasestimatedon the basisof the 17 remainingtexts. The
discriminabilityof a pair of authorsis theproportionof correctlyattributedtexts. Theoverall
discriminationscoreis the averageof the pairwisediscriminability scores.In order to avoid
problemswith collinearpredictors,we orthogonalizedour datamatrix beforecarryingout the
lineardiscriminantclassification.

Thefirst columlabeledLDA in Table1 reportstheresultingaccuracy scoresaveragedover the
28 pairwisecomparisonsinvolvedin onestandardcross-validationsequence,for 3 differently-
sizedsetsof highest-frequency functionwords. Note that this approachis not succesful,with
anaverageaccuracy at chancelevel. Thusfar, the LDA analysisandtheprincipalcomponents
analysisbothsuggestthatour authorsaretoo similar in backgroundandtrainingto allow them
to bedistinguishedon thebasisof their texts.

However, thecross-validationproceduredescribedabove hasthedisadvantagethat thereis an
imbalancein thecoverageof topicsandgenresbetweenthetexts of two authors.For instance,
if thefiction text aboutLittle RedRiding-Hoodhappensto be the left-out text for oneauthor,
then the presenceof the correspondingtext for the other authorimplies that the numberof
trainingtextsfor thetwo authorsdiffer with respectto thesupportfor fiction texts(2 for theone
and3 for theotherauthor),andwith respectto thetopicscovered(oneauthor’s versionof the
fairy tale is missing).To counterbalancefor this asymmetry, we modifiedthecross-validation
procedureby taking thecorrespondingtext of thesecondauthorout of the trainingset. Thus,
if the held-outtext is the fairy tale, thanthe fairy tale of the secondauthoris excludedfrom
thetrainingsetaswell. Thesuccessscoresfor standardlineardiscriminantanalysisunderthis
modifiedcross-validationregimeareshown in the third columnof Table1, seealsoFigure2.
Removal of thetext andgenreimbalanceleadsto animprovementin classificationaccuracy of
roughly10%.

Additional improvementsareobtainedby modifying the input to the lineardiscriminantanal-
ysis. Landauerandhis colleagues((LandauerandDumais,1997;Landaueret al., 1998))have
pointedout in the context of corpus-basedsemanticanalysisthat linear discriminantanalysis
canbesubstantiallyenhancedby weightingthevectorsdescribingthe frequency distributions
of wordsacrosstexts for their by-text entropy. Considerthedatamatrix, � ���	��

��� , with ��

�
thefrequency of word � in text � . Theintuition underlyingentropy-weightedlineardiscriminant
analysis(ELDA) is that wordsthat have a moreor lessuniform frequency distribution across
the texts are lessuseful and lessinformative than words that have a decidedlynon-uniform
distribution. For ELDA, weuseasdatamatrix �����������

� � insteadof � , with

� �

� � ����� ����
����! "�#%$'&(*) �,+ -�.0/*1 �$32/54�6 -	.7/81 �:9 �;��� � -�.0/<1 �$32/54�6 -�.7/<1 � �>=@?
(1)

with A thenumberof texts. Notethatweusedthetransposedversionsof � and � � asinput to
thediscriminantanalysis.Table1 andFigure2 show thattheuseof ELDA leadsto asubstantial
improvementin classificationaccuracy. For a datamatrix with 60 functionwords,ELDA with
themodifiedcross-validationschemeyieldsanaccuracy of 81.5%.
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40 45 50 55 60

0.
50

0.
55

0.
60

0.
65

0.
70

0.
75

0.
80

number of function words

ac
cu

ra
cy

Figure 2: Cross-validation accuracy scoresfor pairwiselinear discriminantanalyses.Solid
lines representstandardlineardiscriminantanalysis,dashedlines represententropy-enhanced
lineardiscriminantanalysis.Thetrianglesrepresentstandardleave-oneoutestimates,thecircles
representestimatesin which thetrainingsetfor pairwisecomparisonsdoesnotcontainthetext
from theotherauthoron thetopiccoveredby theheld-outtext.

standardCV modifiedCVB 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

Table1: Pairwisestandardandmodifiedcross-validationaccuracy scoresfor standardlinear
discriminantanalysis(LDA) andentropy-enhancedlineardiscriminantanalysis(ELDA).

It turnsout thatenrichingthedatamatrix with the frequenciesof puncuationmarksleadsto a
furtherimprovement.An ELDA analysison42functionwordsand8 punctuationmarksleadsto
aclassificationaccuracy of 83.5%,andadatamatrixwith 50 functionwordsand8 punctuation
marksyieldsanELDA accuracy of 88.1%.Figure3 showsthekind of clusteringthatis revealed
by this lastanalysis.Note that theonly participantsthathave overlappingclustersof texts are
subjects1 and5, at thecenterright handedgeof thefigure.

4. Conclusions

Thisexperimentin authorshipattributionshows thatthereis considerableauthorialstructurein
written texts evenwhenthe authorsof thesetexts comefrom very similar backgrounds.This
surprisingresultprovidessupportfor thehypothesisthatauthorsmayhave’textualfingerprints’,
at leastfor texts producedby writers who arenot consciouslychangingtheir style of writing
acrosstexts.
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Figure3: Lineardiscriminantanalysiswith entropy weightingfor the50mostfrequentfunction
wordsin theelicitedtexts,combinedwith 8 punctuationmarks(.,’”?!:;).

Whatthis studyhasalsotaughtusis thatdiscriminantanalysisis amoreappropriatetechnique
to usethanprincipalcomponentsanalysiswhenpredictingtheauthorshipof anunknown (held-
out) text on thebasisof known (training) texts of which theauthorialprovenanceis available,
andthat,asclaimedby Landauerandhis colleagues,entropy-weightingdoesindeedleadto a
substantialincreasein classificationaccuracy.

Ourfindingthatasimpleprincipalcomponentsanalysisof thehighest-frequency functionwords
in our experimentaltexts fails to uncover authorialstructuresuggeststhat the authorsstudied
in literary stylometry, for which principalcomponentsanalysisis reportedto leadto insightful
clustering(Burrows, 1992; Baayenet al., 1996),are indeedwriters with very differentback-
groundsandtraining. Theseareauthorswho musthave developedtheir own writing style far
beyondthemorerudimentarydifferencesin stylethatwecouldonly observefor ourparticipants
by usingfarmorepowerful analyticaltoolsthansimpleprincipalcomponentsanalysis.

Theobservationthatin cross-validationastrictcontrolof topicandgenreleadsto anincreasein
classificatoryaccuracy of some10%providesfurthersupportfor Rudman’s claim thatcontrol
texts in literary stylometryrequirerigorousmatchingwith respectto variablessuchas topic
andgenre. Although the useof function words ratherthancontentwordsmakes it possible
to focuson text style ratherthan textual content,our datasuggestthat style andcontentare
intertwinedto a greaterextent than we had previously thought. Finally, we were surprised
by the extent to which the simple inclusion of punctuationmarks in the analysisenhanced
classificationaccuracy. Punctuationmarksmayprove to beeffective stylemarkers,especially
for texts thathavenotbeensubjectedto editorialnormalization.
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