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Abstract

This papershows that linguistic tech-
niques along with machine learning
can extract high quality noun phrases
for the purposeof providing the gist
or summaryof email messages. We
describea set of comparatie experi-
ments using several machinelearning
algorithmsfor the task of salientnoun
phraseextraction. Threemain conclu-
sionscanbe dravn from this study: (i)
the modifiersof a noun phrasecanbe
semanticallyasimportantasthe head,
for thetaskof gisting, (ii) linguisticfil-
teringimprovesthe performancef ma-
chinelearningalgorithmsiii) acombi-
nationof classifierdmprovesaccurag.

1 Intr oduction

In this paperwe presenta comparatie study of
symbolicmachindearningmodelsappliedto nat-
ural languagetask of summarizingemail mes-
sageshroughtopic phraseextraction.

Email messagesare domain-generatext, they
areunstructuredndnotalwayssyntacticallywell
formed. Thesecharacteristicsaisechallengegor
automatiaext processingespeciallyfor thesum-
marizationtask. Our approachto email summa-
rization, implementedn the GISTIT system,is
to identify topic phrasesby first extractingnoun
phrasesas candidateunits for representingloc-
umentmeaningandthenusingmachinelearning
algorithmsto selectthe mostsalientones.
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The comparatie evaluationof severalmachine
learningmodelsin thesettingsof ourexperiments
indicategthat: (i) for thetaskof gistingthemod-
ifiers of the nounphraseareequallyasimportant
asthe head, (i) nounphrasesare betterthan n-
gramsfor the phrase-lgel representatiorof the
document,(iii) linguistic filtering enhancesna-
chinelearningtechniques(iv) a combinationof
classifierdmprovesaccurag.

Section2 of the paperoutlinesthe machine
learningaspecbf extractingsalientnounphrases,
emphasizingthe features used for classifica-
tion and the symbolic machinelearningmodels
usedin the comparatie experiments. Section
3 presentshe linguistic filtering stepsthat im-
prove the accurag of the machindearningalgo-
rithms. Section4 discussesn detail our conclu-
sionsstatedabove.

2 Machine Learning for Content
Extraction

Symbolicmachindearninghasbeenappliedsuc-
cessfullyin conjunctionwith mary NLP applica-
tions (syntacticand semanticparsing, POStag-
ging, text categorization,word sensalisambigua-
tion) asreviewed by Mooney andCardie(1999.
We usedmachinelearningtechniquedor finding
salientnoun phraseghat canrepresenthe sum-
maryof anemailmessageT his sectiondescribes
thethreestepsinvolvedin this classificatiortask:
1) whatrepresentatiois appropriatdor theinfor-
mationto be classifiedasrelevantor non-relezant
(candidatephrases)?) which featuresshouldbe
associatedvith eachcandidate3) which classifi-
cationmodelsshouldbeused.



Casel

CNP:  scientific/Jland/CCtechnical/Jarticles/NNS
SNP1: scientific/JAarticles/NNS

SNP2: technical/Jarticles/INNS

Case2

CNP:  scientific/JXhesauri/NNSanddatabases/NNS
SNP1: scientific/JXhesauri/NNS

SNP2: scientific/JHatabases/NNS

Case3

CNP:  physics/NNand/CChbiology/NN skilled/JJresearchers/NNS
SNP1: physics/NNskilled/JJresearchers/NNS
SNP2: biology/NN skilled/JJresearchers/NNS

Tablel: ResolvingCoordinationof NPs

2.1 Candidate Phrases

Of the major syntacticconstituent®f a sentence,
e.g.nounphrasesyerbphrasesandprepositional
phraseswe assuméhatnounphrasegNPs)carry
the most contentfulinformation aboutthe doc-
ument, a well-supportedhypothesis(Smeaton,
1999;Wacholder1998).

As consideredoy Wacholder(1998, the sim-
ple NPs are the maximal NPs that contain pre-
modifiersbut not post-nominakonstituentsuch
asprepositionsor clauses.We chosesimple NPs
for contentrepresentatiorbecausethey are se-
manticallyandsyntacticallycoherentindthey are
lessambiguoughancomplex NPs. For extracting
simple nounphraseave first usedRamsha and
Marcuss baseNP chunker(Ramsha and Mar-
cus,1995). ThebaseNP is eithera simpleNP or
a coordinationof simpleNPs.We usedheuristics
basedon POStagsto automaticallysplit the co-
ordinateNPsinto simpleones properlyassigning
the premodifiers. Table 1 presentssomecoordi-
nate NPs (CNP) encounteredn our datacollec-
tion andthe resultsof our algorithmwhich split
theminto simpleNPs(SNP1andSNP2).

2.2 Featuresusedfor Classification

The choiceof featuresusedto representhe can-
didate phraseshasa strongimpact on the accu-
ragy of the classifierge.g. the numberof exam-
plesneededo obtaina givenaccurag onthetest
data,thecostof classification) For our classifica-
tion taskof determiningf anounphrasds salient
or notto thedocumentmeaningwe chosea setof

ninefeatures.

Several studiesrely on the linguistic intuition
thatthe headof the noun phrasemakesa greater
contribution to the semanticsof the nominal
group than the modifiers. However, for some
specifictasksin NLP , the headis not necessar
ily the most semanticallyimportant part of the
nounphrase.In analyzingemail messagefrom
the perspectie of finding salientNPs, we claim
that the modifier(s)of the noun phrase- usually
nominalmodifiers(s) pftenhave asmuchseman-
tic contentasthe head. This opinionis alsosup-
portedin the work of Strzalkavski etal. (1999,
where syntactic NPs are capturedfor the goal
of extracting their semanticcontentbut are pro-
cessedsan“ordered”string of wordsratherthan
a syntacticunit. Thuswe introduceas a sepa-
ratefeaturein the featurevector a nev TF*IDF
measuravhich considerthe NP asa sequencef
equallyweightedelementscountingindividually
themodifier(s)andthe head.

Considerthe following list of simple NPs se-
lectedascandidates:

1. confeenceworkshopannouncement
2. internationalconfeence

3. workshopdescription

4. confeencedeadline

In the caseof the first noun phrase,for exam-
ple,its importances foundin thetwo nounmod-
ifiers: confeenceand workshopas much asin
the headannouncemendueto their presences
headsor modifiersin the candidateNPs2-4. Our



new featurewill be:TF « IDF.o, ference +TF *
IDFworkshop + TF x IDFannouncement - lemg
thesdinguistic obsenationswe dividedthe setof
featuresinto threegroups,aswe mentionedalso
in (Tzoukermanretal., 2001): 1) oneassociated
with the headof the nounphrase;2) oneassoci-
atedwith thewhole NP and3) onethatrepresents
thenew TF*IDF measuraliscussedbove.

2.2.1 Featuresassociatedwith the Head

We choosetwo featuresto characterizethe
headof thenounphrases:

e headtfidf: the TF*IDF measureof the
head of the candidateNP. For the NP in
example (1) this feature will be TF x

IDFannouncement .

e headfocc The position of the first occur
rence of the headin text (the number of
wordsthatpreceddhefirst occurrencef the
headdividedby thetotal numberof wordsin
thedocument).

2.2.2 Featuresassociatedwith the whole NP

We selectsix featureghatwe considerelevant
in determiningherelative importanceof thenoun
phrase:

e np_tfidf: the TF*IDF measure of
the whole NP. For the NP in the
example (1) this feature will be

TF IDFconference workshop announcement +

e np_focc Thepositionof thefirst occurrence
of thenounphrasédn thedocument.

¢ np_length_words: Nounphrasdengthmea-
suredin numberof words,normalizedby di-
viding it with the total numberof wordsin
the candidateNP list.

e np_length_chars: Noun phrasdengthmea-
suredin numberof charactersnormalized
by dividing it with the total numberof char
actersin the candidateNPslist.

e sentpos Positionof the nounphrasen the
sentencethe numberof wordsthat precede
thenounphrasedividedby sentencdength.
For nounphrasesn the subjectline (which
areusuallyshortandwill beaffectedby this

measure)we considerthe maximumlength
of sentencén documenasthenormalization
factor.

e par_pos Positionof noun phrasein para-
graph sameassent pos, butattheparagraph
level.

2.2.3 Featurethat considersall constituents
of the NP equally weighted

One of the importanthypothesesve testedin
this work is that both the modifiersandthe head
of NP contribute equallyto its salience.Thuswe
considermh_tfidf asanadditionalfeaturein the
featurevector

e mh_tfidf: the new TF*IDF measurethat
takesalsointo consideratiorthe importance
of themadifiers.In our examplethevalueof
this featurewill be: TF « IDF_op, ference +
TF*IDFworkshop+TF*IDFannouncement

In computingthe TF*IDF measuregheadtfidf,
np_tfidf, mh.tfidf), specificweights,w;, were as-
signedto accountfor the presencen the email
subjectline and/orheadlinesn theemailbody.

e w;;. presencen the subjectline and head-
line

e w;y. presenceén thesubjectine

e w;3. presencén headlinesvherew;; > w;,
> W;3.

Theseweightsweremanuallychoserafteraset
of experiments,but we plan to usea regression
methodto automaticalljlearnthem.

2.3 Symbolic Machine Learning Models

We comparedthree symbolic machinelearning
paradigmgdecisiontrees,rule inductionandde-
cision forests)appliedto the task of salientNP
extraction,evaluatingfive classifiers.

2.3.1 DecisionTreeClassifiers

Decisiontreesclassifyinstancesepresenteds
featurevectors,whereinternalnodesof the tree
testone or several attributesof the instanceand
wheretheleavesrepresentategories.Depending
on how the testis performedat eachnode,there
exists two typesof decisiontree classifiers:axis



parallel and oblique. The axis-paralleldecision
treescheckat eachnodethe valueof asingleat-
tribute. If the attributesare numeric,the testhas
theform z; > t, wherez, is oneof the attribute
of aninstanceandt is the threshold.Obliquede-
cisiontreestesta linearcombinationof attributes
ateachinternalnode:

Zaiwi + apy1 >0

i=1
where «a;, ..., a,4; are real-valued coeficients.
We comparedhe performanceof C4.5, an axis-
parallel decisiontree classifier (Quinlan, 1993)
and OC1, an oblique decision tree classifier
(Murthy etal., 1993).

2.3.2 Rule Induction Classifiers

In rule induction,thegoalis to learnthe small-
estsetof rulesthat captureall the generalisable
knowledgewithin the data. Rule inductionclas-
sification is basedon firing ruleson a new in-
stance triggeredby the matchingfeaturevalues
to theleft-handsideof therules. Rulescanbe of
variousnormalforms and canbe ordered. How-
ever, the appropriateorderingcanbe hardto find
and the key point of mary rule induction algo-
rithmsis to minimize the searchstratgyy through
the spaceof possiblerule setsandorderings.For
our task, we test the effectivenessof two rule
induction algorithms: C4.5rulesthat form pro-
duction rules from unpruneddecisiontree, and
a fast top-dawvn propositionalrule learning sys-
tem, RIPPER (Cohen, 1995). Both algorithms
first constructaninitial modelandtheniteratively
improve it. C4.5rulesimprovementstratey is a
greedysearch,thus potentially missingthe best
rule set. Furthermore,as discussedn (Cohen,
1995),for largenoisydataset®RIPPERstartswith
an initial model of small size, while C4.5rules
startswith anoverlargeinitial model. Thismeans
that RIPPERS searchis more efficient for noisy
datasetaindthusis moreappropriatefor our data
collection. It alsoallows the userto specifythe
lossratio, which indicatesthe ratio of the costof
falsepositivesto the costof falsenegatives,thus
allowing a tradeoff betweerprecisionandrecall.
Thisis crucialfor our analysissincewe dealwith
sparsadatadueto thefactthatin adocumenthe
numberof salientNPsis much smallerthanthe
numberof irrelevantNPs.

2.3.3 DecisionForestClassifier

Decision forestsare a collection of decision
treestogetherwith a combinationfunction. We
testthe performanceof DFC (Ho, 1998),a deci-
sionforestclassifiethatsystematicallyonstructs
decisiontreesby pseudo-randomligelectingsub-
setsof componentsf featurevectors.Theadwan-
tageof this classifieris thatit combinesa setof
differentclassifiersin orderto improve accuray.
It implementdifferentsplitting functions. In the
settingof our evaluationwe testedthe informa-
tion gainratio (similarto theoneusedby Quinlan
in C4.5). An augmentedeaturevector (pairwise
sums,differencesand productsof features)was
usedfor this classifier

3 Linguistic Knowledge Enhances
Machine Learning

Not all simple noun phrases are equally
important to reflect document meaning.
Bogura® andKennedy(1999  discuss the
issuethatfor thetaskof documengisting,topical
nounphrasesre usually noun-nouncompounds.
In our work, we rely on ML techniquego decide
which are the salientNPs, but we claim that a
shallov linguistic filtering applied before the
learning processimproves the accurag of the
classifiers We performedfour filtering steps:

1. Inflectional morphological processing:
Groupinginflectional variantstogethercan
help especiallyin caseof shortdocuments
(which is sometimesthe case for email
messages). English nounshave only two
kinds of regular inflection: a suffix for
the plural mark and anothersuffix for the
possessieone.

2. Removing unimportant modifiers: In this
secondstepwe remove the determinerghat
accompan the nounsand also the auxil-
iary wordsmostandmore that form the pe-
riphrasticforms of comparatie andsuperla-
tive adjectives modifying the nouns (e.g.
“the mostcomplex morphology”will be fil-
teredto “complex morphology”).

3. Removing commonwords: We useda list
of 571 commonwords usedin IR systems



in order to further filter the list of candi-
dateNPs. Thus,wordslike even following,

every, areeliminatedfrom the nounphrase
structure.

4. Removing empty nouns: Words like lot,
group, set bundh are consideredempty
heads. For examplethe primary conceptof
the noun phrasedike “group of students”,
“lots of students”or “bunch of students”
is given by the noun “students”. We ex-
tractedall the nounsthatappearin front of
the prepositiort'of” andthensortedthemby
frequeny of appearance A thresholdwas
thenusedto selectthefinal list (Klavanset
al., 1990). Threedifferentdatacollections
wereused:theBrown corpustheWall Street
Journal,and a set of 4000 email messages
(mostof themrelatedto a conferenceorga-
nization). We generatedh setof 141 empty
nounsthat we usedin this forth stepof the
filtering process.

4 Resultsand Discussion

Oneimportantstepin summarizations the dis-
coveryof therelevantinformationfrom thesource
text. Our approachwasto extractthe salientNPs
usinglinguistic knowvledgeand machinelearning
techniques.Our evaluationcorpusconsistsof a
collection of email messagesvhich is heteroge-
neousin genre length,andtopic. We used2,500
NPsextractedfrom 51 emailmessageasatrain-
ing setand324 NPsfrom 8 messagefor testing.
EachNPwasmanuallytaggedor salieny by one
humanjudge.We areplanningto addmorejudges
in thefutureandmeasureheinteruselmagreement.

This sectionoutlinesa comparatre evaluation
of five classifierausingtwo featuresettingsonthe
task of extracting salientNPs from email mes-
sages. The evaluationshaws the following im-
portantresults:

Result1. In the context of gisting, the head-
modifier relationshipis an orderedrelation be-
tweensemanticallyequal elements.

We evaluatetheimpactof addingmh.tfidf (see
section2.2),asanadditionalfeaturein thefeature
vector Thisis shawvn in Table 2 in the different
featurevectorsfvl andfv2. Thefirst featurevec-
tor, fvl, containghefeaturedn section.2.1and

2.2.2,while fv2 includesasan additionalfeature
mh_tfidf.

As canbeseerfrom Table3, theresultsof eval-
uatingthesetwo featuresettingsusingfive differ-
entclassifiersshow thatfv2 performecbetterthan
fvl. For example,the DFC classifiershovs anin-
creasébothin precisionandrecall. This allowsus
to claimthatin thecontext of gisting,thesyntactic
headof the nounphrases not alwaysthe seman-
tic head andmodifierscanhave alsoanimportant
role.

Oneadwantagef therule-inductionalgorithms
is that their outputis easily interpretableby hu-
mans. Analyzing C4.5rulesoutput, we gain an
insighton the featureghatcontribute mostin the
classificatiorprocessin caseof fvl, themostim-
portantfeaturesare: the first appearancef the
NP andits head(np_focc headfocc), the length
of NP in numberof words(np_lengthwords) and
the tf*idf measureof the whole NP andits head
(np_tfidf, headtfidf). For example:

e |IF headfocc <= 0.0262172AND np_tfidf
> 0.0435465THEN Relevant

e IF npfocc <= 0.912409 AND
nplengthwords > 0.0242424 THEN
Relevant

e |F headtfidf <= 0.0243452AND np_tfidf
<= 0.0435465AND np.lengthwords <=
0.0242424henNot_relevant

In caseof fv2, the new featurem_tfidf impacts
the rulesfor both Relevantand Not_relevant cat-
egories. It supercedeshe needfor np_tfidf and
headtfidf, ascanbe seenalsofrom therulesbe-
low:

e |IF mh._tfidf > 0.0502262AND np_focc <=
0.892585THEN Relevant

o IF  mh.tfidf > 0.0180134 AND
np_lengthwords > 0.0260708 THEN
Relevant

e IF mhitfidf <= 0.0223546 AND
np_lengthwords <= 0.0260708 THEN
Not_relevant

e |F mh.tfidf <= 0.191205AND np_focc >
0.892585THEN Not_relevant



Feature vector 1 (fvl)

headfocc headtfidf np_focc np_tfidf np_length.charsnp_lengthwordsparpossentpos

Feature vector 2 (fv2)

headfocc headtfidf mh_tfidf np_focc np_tfidf np_length.charsnp_lengthwordspar_possentpos

Table2: Two featuresettingsto evaluatetheimpactof mh_tfidf

C4.5 OC1 C4.5rules Ripper DFC

p r p r p r p r p r
fvl | 73.3% | 78.6% | 73.7% | 93% | 73.7% | 88.5% | 83.6% | 71.4% | 80.3% | 83.5%
fv2 | 70% | 88.9% | 82.3% | 88% | 73.7% | 95% | 85.7% | 78.8% | 85.7% | 87.9%

Table3: Evaluationof two featurevectorsusingfive classifiers

Result 2. Classifiers’ performance depends
on the characteristics of the corpus, and com-
bining classifiersimpr ovesaccuracy

This result was postulatedby evaluating the
performancef five differentclassifiersn thetask
of extractingsalientnounphrases.As measures
of performanceve useprecisionandrecall. The
evaluationwas performedaccordingto what de-
greethe output of the classifierscorrespondso
the userjudgmentsandthe resultsare presented
in Table3.

We first comparetwo decisiontree classifiers:
onewhichusesasthesplitting functiononly asin-
gle feature(C4.5) andthe other the obliquetree
classifier(OC1)which ateachinternalnodetests
a linear combinationof features. Table 3 shavs
thatOC1outperformsC4.5.

Columns4 and5 from Table 3 show therela-
tive performanceof RIPPERand C4.5rules. As
discussedn (Cohen,1995),RIPPERis moreap-
propriatefor noisyandsparsealatacollectionthan
C4.5rules.Table 3 shows that RIPPERperforms
betterthanC4.5rulesn termsof precision.

Finally, we investigatewhethera combination
of classifierswill improve performanceThuswe
choosethe Decision Forest Classifier DFC, to
perform our test. DFC obtainsthe bestresults,
ascanbeseenfrom column6 of Table3.

Result 3. Linguistic filtering is an important
stepin extracting salientNPs

As seerfrom Result2, the DFC performedoest
in our task, so we choseonly this classifierto
presentthe impact of linguistic filtering. Table
4 shaws that linguistic filtering improves preci-

sion and recall, having an importantrole espe-
cially onfv2, wherethe new feature mh.tfidf was
used(from 69.2%precisionand56.25%recallto

85.7%precisionand87.9%recall).

without filtering with filtering

precision recall | precision recall
fvl | 75% 75% 80.3% 83.5%
fv2 | 69.2% 56.25%| 85.7% 87.9%

Table4: Evaluationof linguistic filtering

This is explained by the fact that the filter-
ing presentedn section3 removed the noisein-
troducedby unimportantmodifiers,commonand
emptynouns.

Result 4. Noun phrases are better candi-
datesthan n-grams

Presentingthe gist of an email messageby
phrasextractionaddressesneobviousquestion:
are noun-phrase$etterthan n-gramsfor repre-
sentingthe documentcontent? To answerthis
guestionwe comparedhe resultsof our system,
GISTIT, that extracts linguistically well moti-
vated phrasalunits, with KEA output, that ex-
tractsbigramsandtrigramsaskey phrasesising
aNaive Bayesmodel(Witten et al., 1999). Table
5 shaws the resultson one email message.The
n-gramapproactof KEA systemextractsphrases
like sort of batch, extracting lots, wn, and even
URLs that areunlikely to representhe gist of a
document.This is anindicationthat the linguis-
tically motivatedGIST-IT phrasesare more use-
ful for documendisting. In future work we will
performalsoatask-basedvaluationof thesetwo



GIST-IT

KEA

perl modulewordnetinterface
'wn’ commandine program
simpleeasyperlinterface
wordnet.pmmodule
wordnetsystem
qgueryperlmodule

wordnet

wordnetpackage
wordnetrelation
commandine

wordnetdata
includedmanpage
freesoftware

guerydata

module

sortof batch
WordNetdata
accessethe WordNet
lots of WordNet
WordNetperl
QueryData

wn

perlmodule
extracting
usethismodule
extractinglots
WordNetsystem
WwWw.cogsci.princeton.edy

Table5: Salientphrasesxtractionwith GIST-IT vs. KEA on oneemailmessage

approachedp testusability.

5 RelatedWork

Machinelearninghasbeensuccessfullyapplied
to differentnaturallanguageasks,including text
summarization. A documentsummaryis seen
as a succinctand coherentprose that captures
the meaningof the text. Prior work in docu-
ment summarizationhas beenmostly basedon
sentencextraction. Kupiecetal. (1995 usema-
chine learning for extracting the most impor-
tant sentencesof the document. But extrac-
tive summarizationrelies on the propertiesof
sourcetext that emails typically do not have:
coherence,grammaticality well defined struc-
ture. BegerandMittal (2000 presenta summa-
rization system,namedOCELOT that provides
the gist of the web documentsbasedon proba-
bilistic models. Their approachis closedrelated
with statisticalmachinetranslation.

As discussedin (Bogura® and Kennedy
1999),the meaningof “summary” shouldbe ad-
justeddependingntheinformationmanagement
task for which it is used. Key phrasesfor ex-
ample, can be seenas semanticmetadatathat
summarizeand characterizedocuments(Witten
et al., 1999; Turney, 2000). Theseapproaches
selecta setof candidatephrasegbigramsor tri-
grams)and then apply Naive Bayeslearningto
classify them as key phrasesor not. But deal-

ing only with n-gramsdoesnot alwaysprovide

good outputin termsof a summary In (Bogu-

raer andKennedy1999)the“gist” of adocument
is seenas a sequencef salientobjects,usually
topical noun phrasespresentedn a highlighted
contt. Their approachis similar to extracting

technicalterms(JustesorandKatz, 1995). Noun

phrasesareusedalsoin IR task(Strzalkavski et

al., 1999; Smeaton,1999; SparckJones,1999).

The work of Strzalkavskietal. (1999 supports
our hypothesighatfor someNLP tasks(gisting,

IR) thehead+modifierelationof anounphrases

in fact an orderedrelation betweensemantically
equallyimportantelements.

6 Conclusionsand Futur e Work

In this paperwe presentedh novel techniquefor
documentgisting suitablefor domainand genre
independentollectionssuchas email messages.
The methodextracts simple noun phrasesusing
linguistictechniquesindthenusesmachindearn-
ing to classifythemassalientfor the document
content.The contributionsof thiswork are:

1. From a linguistic standpoint,we demon-
stratedthat the modifiersof a noun phrase
canbeassemanticallymportantasthe head
for thetaskof gisting.

2. From a machine learning standpoint, we
evaluatedthe power and limitation of ses-



eral classifiers: decisiontrees, rule induc-
tion, anddecisionforestsclassifiers.

3. We provedthatlinguistic knowledgecanen-
hancemachinelearning by evaluating the
impactof linguisticfiltering beforeapplying
thelearningscheme.

The study the evaluation, and the results pro-
vide experimentalgroundsfor researchot only
in summarizationbut alsoin informationextrac-
tion andtopic detection.
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