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Gender-speci ¢ linguistic style

Goal: to explorethe possiblility of automaticallyclassify-
Ing formal written texts accordingo authorgender

Previouswork:

On spolen language using intonational,phonologicaland
corversationatcues

On writing on moreinformal contets, e.g., studentessayor
electroniccommunications
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A text categorization problem?

Component®f atext catayorizationsystem:

Documentrepresentation

Selectingsuitablefeatures
Representingachtext asa vectorof frequencies

Dimensionreduction
Eliminatingthosefeatureshatarenot relevant

Learningmethod
Constructinga modelfor eachcateyory

Testingprotocol
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A stylometr y problem?

Text cateyorizationby topic
basedn keywordswhichre ect adocuments content
relatvely largefeaturesets
machingearningalgorithms

Stylometry

basedn content-independef¢atures

hand-selectegetsof lexical, syntacticor compleity-based
features

statisticalmethods
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A hybrid problem
The currentproblemis differentfrom text categorization
— it doesnotdependonthecontent.

It alsodiffers from stylometry— thereis no individual
authorwhosestyle habitsareexhibitedin thetext.

Theauthorsuseideasfrom bothcampsto accomplisithe
task.
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The corpus

The BNC includes920 gender and genre-labeled
documents.

In eachsub-genremin(malefemale)documentsanda
randomlyselectedequalnumberof documentgrom the
otherclassareselected.

Theresultingcorpuscontainss66 documents.

No singleauthorhasmorethanthreedocumentsn this
corpus.

The documentontainbetweens54 and61,199words
with anaverageof about34,320wordseach.
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Document representation

Featuregtotal=1081)

405functionwords

all the 76 singlepartof speechags
100mostcommonorderedPOSpairs
500 mostcommonorderedPOStriples

Vectors

Eachdocumentis representedsa vectorof length1081

Eachentryrepresentghe numberof appearancesf the featurein
thedocumentdivided by documentength

Functionword andPOSpair frequenciesveremultiplied by 2
POStriple frequenciesveremultiplied by 4
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The learning method

Goal: to nd alinearseparatobetweemmale-authored
andfemale-authoredocuments:

Searchindor aweightvectorw suchthatfor eachdocument,
w x T X IS authoredby afemale

whereT is athresholdvalue.

A variantof the ExponentialGradient(EG) algorithmof
(Kivinen& Warmuth1997)is used.

Thelearningalgorithmitself is usedfor featurereduction:
low-weightedfeaturesareeliminated.
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The learning method (cont.)

Thelearningalgorithm:
W 11 1,w 1 1 1,w w w
c x 1if xisfemale-authoredndc x 0O otherwise.
swx lifw x Oandswx 0otherwise.
Iteratively updatetheweightsfor eachtrainingdocument:

W

. CX SWX
. w1 bx

W

. SWX CX
- w1 bx

After all trainingdocumentdave beenused,they arerandomly
reorderecandanothercycle of updatess run.

This continueauntil all trainingexamplesarecorrectlyclassi ed
or until 100 consecutie cyclesfail to improve the performance.
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Results

Accuraciedor training/testingon all documents,ction, and
non ction:

Domain FW | POS| FWPOS
All 73.7|70.5| 77.3
Fiction /8.8 77.1] 79.5
Non- ction | 68.5| 67.2 | 82.6
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Feature reduction

For eachmodelobtainedin a cross-alidationtrial, top
128featureswvereselected.

featurerankin a modelis de ned asthe absolutevalue of its
weightmultiplied by its averagefrequeng in thetrainingset.

The cross-alidationtrial wasexecutedagain, usingthe
reducedsetof features.

The numberof featureswascut in half, andthe above
processvasrepeateduntil only 8 featuredeft on each
side.
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Feature reduction for non ction
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Feature analysis

Functionwordsfor ction:

Male features- a, the as
Femalefeatures- she for, with, not

Functionwordsfor non ction:

Male features-that, one
Femalefeatures- for, with, not, and,n

Partsof speech:

Male features- determinerspumbersmodi ers
Femalefeatures- nggation, pronounsgcertainprepositions
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Categorization by genre

Resultsof usingthe samesystemfor distinguishing
betweerthetwo genresction andnon ction:

Featureset| Accurag
FWPOS | 98.2
POS 97.5
FW 97.9

All misclassi ednon ction documentsrebiographical
or diary-like works.
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Conclusion

Automatictext categorizationtechniquesvereusedto
Infer the genderof theauthorof anunseerformal written
documentwvith approximately80%accuragy.

Bestperformancas achieved whenbothfunctionwords
andparts-of-speech-gramsareused.

A relatvely smallnumberof suchfeaturess requiredfor
reasonableata@orization.

The methodworks for otherstyle-basecaatayorization
problemsg.g.,distinguishingction from non ction.
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