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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 comparative experi-
mentsusing several machinelearning
algorithmsfor the taskof salientnoun
phraseextraction. Threemain conclu-
sionscanbedrawn from this study: (i)
the modifiersof a noun phrasecanbe
semanticallyas importantas the head,
for thetaskof gisting,(ii) linguistic fil-
teringimprovestheperformanceof ma-
chinelearningalgorithms,(iii) acombi-
nationof classifiersimprovesaccuracy.

1 Intr oduction

In this paperwe presenta comparative studyof
symbolicmachinelearningmodelsappliedtonat-
ural languagetask of summarizingemail mes-
sagesthroughtopicphraseextraction.

Email messagesaredomain-generaltext, they
areunstructuredandnotalwayssyntacticallywell
formed.Thesecharacteristicsraisechallengesfor
automatictext processing,especiallyfor thesum-
marizationtask. Our approachto email summa-
rization, implementedin the GIST-IT system,is
to identify topic phrases,by first extractingnoun
phrasesas candidateunits for representingdoc-
umentmeaningandthenusingmachinelearning
algorithmsto selectthemostsalientones.

Thecomparativeevaluationof severalmachine
learningmodelsin thesettingsof ourexperiments
indicatesthat: (i) for thetaskof gistingthemod-
ifiers of thenounphraseareequallyasimportant
as the head,(ii) nounphrasesarebetterthan n-
gramsfor the phrase-level representationof the
document,(iii) linguistic filtering enhancesma-
chine learningtechniques,(iv) a combinationof
classifiersimprovesaccuracy.

Section 2 of the paperoutlines the machine
learningaspectof extractingsalientnounphrases,
emphasizingthe features used for classifica-
tion and the symbolic machinelearningmodels
used in the comparative experiments. Section
3 presentsthe linguistic filtering stepsthat im-
prove theaccuracy of themachinelearningalgo-
rithms. Section4 discussesin detail our conclu-
sionsstatedabove.

2 Machine Learning for Content
Extraction

Symbolicmachinelearninghasbeenappliedsuc-
cessfullyin conjunctionwith many NLP applica-
tions (syntacticand semanticparsing,POStag-
ging,text categorization,wordsensedisambigua-
tion) asreviewed by Mooney andCardie(1999).
We usedmachinelearningtechniquesfor finding
salientnounphrasesthat canrepresentthe sum-
maryof anemailmessage.Thissectiondescribes
thethreestepsinvolvedin thisclassificationtask:
1) whatrepresentationisappropriatefor theinfor-
mationto beclassifiedasrelevantor non-relevant
(candidatephrases),2) which featuresshouldbe
associatedwith eachcandidate,3) which classifi-
cationmodelsshouldbeused.



Case1
CNP: scientific/JJand/CCtechnical/JJarticles/NNS
SNP1: scientific/JJarticles/NNS
SNP2: technical/JJarticles/NNS
Case2
CNP: scientific/JJthesauri/NNSanddatabases/NNS
SNP1: scientific/JJthesauri/NNS
SNP2: scientific/JJdatabases/NNS
Case3
CNP: physics/NNand/CCbiology/NNskilled/JJresearchers/NNS
SNP1: physics/NNskilled/JJresearchers/NNS
SNP2: biology/NNskilled/JJresearchers/NNS

Table1: ResolvingCoordinationof NPs

2.1 CandidatePhrases

Of themajorsyntacticconstituentsof a sentence,
e.g.nounphrases,verbphrases,andprepositional
phrases,weassumethatnounphrases(NPs)carry
the most contentful information about the doc-
ument, a well-supportedhypothesis(Smeaton,
1999;Wacholder, 1998).

As consideredby Wacholder(1998), the sim-
ple NPs are the maximal NPs that containpre-
modifiersbut not post-nominalconstituentssuch
asprepositionsor clauses.We chosesimpleNPs
for contentrepresentationbecausethey are se-
manticallyandsyntacticallycoherentandthey are
lessambiguousthancomplex NPs.For extracting
simplenounphraseswe first usedRamshaw and
Marcus’s baseNP chunker(Ramshaw andMar-
cus,1995).ThebaseNP is eithera simpleNP or
a coordinationof simpleNPs.We usedheuristics
basedon POStagsto automaticallysplit the co-
ordinateNPsinto simpleones,properlyassigning
the premodifiers.Table1 presentssomecoordi-
nateNPs(CNP) encounteredin our datacollec-
tion andthe resultsof our algorithmwhich split
theminto simpleNPs(SNP1andSNP2).

2.2 Featuresusedfor Classification

The choiceof featuresusedto representthecan-
didatephraseshasa strongimpact on the accu-
racy of the classifiers(e.g. the numberof exam-
plesneededto obtainagivenaccuracy on thetest
data,thecostof classification).For ourclassifica-
tion taskof determiningif anounphraseis salient
or not to thedocumentmeaning,wechoseasetof

ninefeatures.
Several studiesrely on the linguistic intuition

that theheadof thenounphrasemakesa 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 messagesfrom
the perspective of finding salientNPs,we claim
that the modifier(s)of the nounphrase- usually
nominalmodifiers(s),oftenhave asmuchseman-
tic contentasthehead.This opinion is alsosup-
portedin the work of Strzalkowski etal. (1999),
where syntactic NPs are capturedfor the goal
of extracting their semanticcontentbut arepro-
cessedasan“ordered”stringof wordsratherthan
a syntacticunit. Thus we introduceas a sepa-
ratefeaturein the featurevector, a new TF*IDF
measurewhich considertheNP asa sequenceof
equallyweightedelements,countingindividually
themodifier(s)andthehead.

Considerthe following list of simple NPsse-
lectedascandidates:

1. conferenceworkshopannouncement

2. internationalconference

3. workshopdescription

4. conferencedeadline

In the caseof the first noun phrase,for exam-
ple, its importanceis foundin thetwo nounmod-
ifiers: conferenceand workshopas much as in
theheadannouncement, dueto their presenceas
headsor modifiersin thecandidateNPs2-4. Our
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theselinguisticobservationswedividedthesetof
featuresinto threegroups,aswe mentionedalso
in (Tzoukermannet al., 2001): 1) oneassociated
with theheadof the nounphrase;2) oneassoci-
atedwith thewholeNPand3) onethatrepresents
thenew TF*IDF measurediscussedabove.

2.2.1 Featuresassociatedwith the Head

We choosetwo featuresto characterizethe
headof thenounphrases:

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

���3�
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�/.0�/�,1

.

2 head focc: The position of the first occur-
rence of the head in text (the number of
wordsthatprecedethefirst occurrenceof the
headdividedby thetotalnumberof wordsin
thedocument).

2.2.2 Featuresassociatedwith the wholeNP

Weselectsix featuresthatweconsiderrelevant
in determiningtherelativeimportanceof thenoun
phrase:

2 np tfidf : the TF*IDF measure of
the whole NP. For the NP in the
example (1) this feature will be���4�5������
�!�6�#�/�!�/�,
�7�8���� 9":$#�%;*+���,��-#�,
�/.0����1

.

2 np focc: Thepositionof thefirst occurrence
of thenounphrasein thedocument.

2 np length words: Nounphraselengthmea-
suredin numberof words,normalizedby di-
viding it with the total numberof words in
thecandidateNP list.

2 np length chars: Noun phraselengthmea-
suredin numberof characters,normalized
by dividing it with thetotal numberof char-
actersin thecandidateNPslist.

2 sent pos: Positionof thenounphrasein the
sentence:thenumberof wordsthatprecede
thenounphrase,dividedby sentencelength.
For nounphrasesin the subjectline (which
areusuallyshortandwill beaffectedby this

measure),we considerthemaximumlength
of sentencein documentasthenormalization
factor.

2 par pos: Positionof noun phrasein para-
graph,sameassent pos, butattheparagraph
level.

2.2.3 Feature that considersall constituents
of the NP equally weighted

Oneof the importanthypotheseswe testedin
this work is thatboth themodifiersandthe head
of NP contributeequallyto its salience.Thuswe
considermh tfidf asan additionalfeaturein the
featurevector.

2 mh tfidf : the new TF*IDF measurethat
takesalsointo considerationtheimportance
of themodifiers.In ourexamplethevalueof
this featurewill be:
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In computingthe TF*IDF measures(headtfidf,
np tfidf, mh tfidf), specificweights, @;A , wereas-
signedto accountfor the presencein the email
subjectline and/orheadlinesin theemailbody.

2 @;ACB : presencein the subjectline andhead-
line

2 @;AED : presencein thesubjectline

2 @;AGF : presencein headlineswhere @;ACB)H�@IAJD
H�@IAKF .

Theseweightsweremanuallychosenafteraset
of experiments,but we plan to usea regression
methodto automaticallylearnthem.

2.3 SymbolicMachine Learning Models

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

2.3.1 DecisionTreeClassifiers

Decisiontreesclassifyinstancesrepresentedas
featurevectors,whereinternalnodesof the tree
testoneor several attributesof the instanceand
wheretheleavesrepresentcategories.Depending
on how the test is performedat eachnode,there
exists two typesof decisiontreeclassifiers:axis



parallel and oblique. The axis-paralleldecision
treescheckat eachnodethevalueof a singleat-
tribute. If the attributesarenumeric,the testhas
the form LMA�HON , where LMA is oneof theattribute
of aninstanceandt is the threshold.Obliquede-
cisiontreestesta linearcombinationof attributes
at eachinternalnode:�P

AEQ�B8R A L A
�
R
��S B H'T

where R A!U�VEVEVEU R
�6S B are real-valued coefficients.

We comparedthe 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 learnthesmall-
est setof rules that captureall the generalisable
knowledgewithin the data. Rule inductionclas-
sification is basedon firing rules on a new in-
stance,triggeredby the matchingfeaturevalues
to theleft-handsideof therules.Rulescanbeof
variousnormalforms andcanbe ordered.How-
ever, theappropriateorderingcanbehardto find
and the key point of many rule induction algo-
rithmsis to minimizethesearchstrategy through
thespaceof 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-down propositionalrule learningsys-
tem, RIPPER(Cohen,1995). Both algorithms
first constructaninitial modelandtheniteratively
improve it. C4.5rulesimprovementstrategy is a
greedysearch,thus potentially missingthe best
rule set. Furthermore,as discussedin (Cohen,
1995),for largenoisydatasetsRIPPERstartswith
an initial model of small size, while C4.5rules
startswith anover-largeinitial model.Thismeans
that RIPPER’s searchis moreefficient for noisy
datasetsandthusis moreappropriatefor ourdata
collection. It alsoallows the userto specify the
lossratio, which indicatesthe ratio of thecostof
falsepositivesto thecostof falsenegatives,thus
allowing a tradeoff betweenprecisionandrecall.
This is crucialfor ouranalysissincewedealwith
sparsedatadueto thefact that in a documentthe
numberof salientNPsis muchsmallerthan the
numberof irrelevantNPs.

2.3.3 DecisionForestClassifier

Decision forestsare a collection of decision
treestogetherwith a combinationfunction. We
testtheperformanceof DFC (Ho, 1998),a deci-
sionforestclassifierthatsystematicallyconstructs
decisiontreesby pseudo-randomlyselectingsub-
setsof componentsof featurevectors.Theadvan-
tageof this classifieris that it combinesa setof
differentclassifiersin orderto improve accuracy.
It implementsdifferentsplitting functions.In the
settingof our evaluationwe testedthe informa-
tion gainratio (similar to theoneusedby Quinlan
in C4.5). An augmentedfeaturevector(pairwise
sums,differences,andproductsof features)was
usedfor this classifier.

3 Linguistic KnowledgeEnhances
Machine Learning

Not all simple noun phrases are equally
important to reflect document meaning.
Boguraev andKennedy(1999) discuss the
issuethatfor thetaskof documentgisting,topical
nounphrasesareusuallynoun-nouncompounds.
In our work, we rely on ML techniquesto decide
which are the salient NPs, but we claim that a
shallow linguistic filtering applied before the
learning processimproves the accuracy of the
classifiers.Weperformedfour filtering steps:

1. Inflectional morphological processing:
Groupinginflectional variantstogethercan
help especiallyin caseof short documents
(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
possessiveone.

2. Removing unimportant modifiers: In this
secondstepwe remove thedeterminersthat
accompany the nouns and also the auxil-
iary wordsmostandmore that form the pe-
riphrasticformsof comparativeandsuperla-
tive adjectives modifying the nouns (e.g.
“the mostcomplex morphology”will befil-
teredto “complex morphology”).

3. Removing common words: 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, bunch are consideredempty
heads.For examplethe primary conceptof
the noun phraseslike “group of students”,
“lots of students”or “bunch of students”
is given by the noun “students”. We ex-
tractedall the nounsthat appearin front of
thepreposition“of ” andthensortedthemby
frequency of appearance.A thresholdwas
thenusedto selectthe final list (Klavanset
al., 1990). Threedifferent datacollections
wereused:theBrown corpus,theWall Street
Journal,and a set of 4000 email messages
(mostof themrelatedto a conferenceorga-
nization). We generateda setof 141empty
nounsthat we usedin this forth stepof the
filtering process.

4 Resultsand Discussion

One importantstepin summarizationis the dis-
coveryof therelevantinformationfromthesource
text. Our approachwasto extract thesalientNPs
usinglinguistic knowledgeandmachinelearning
techniques.Our evaluationcorpusconsistsof a
collection of email messageswhich is heteroge-
neousin genre,length,andtopic. We used2,500
NPsextractedfrom 51 emailmessagesasa train-
ing setand324NPsfrom 8 messagesfor testing.
EachNPwasmanuallytaggedfor saliency byone
humanjudge.Weareplanningtoaddmorejudges
in thefutureandmeasuretheinteruseragreement.

This sectionoutlinesa comparative evaluation
of fiveclassifiersusingtwo featuresettingsonthe
task of extracting salientNPs from email mes-
sages. The evaluationshows the following im-
portantresults:

Result 1. In the context of gisting, the head-
modifier relationship is an orderedrelation be-
tweensemanticallyequal elements.

We evaluatetheimpactof addingmh tfidf (see
section2.2),asanadditionalfeaturein thefeature
vector. This is shown in Table2 in the different
featurevectorsfv1 andfv2. Thefirst featurevec-
tor, fv1, containsthefeaturesin sections2.2.1and

2.2.2,while fv2 includesasan additionalfeature
mh tfidf.

As canbeseenfrom Table3, theresultsof eval-
uatingthesetwo featuresettingsusingfive differ-
entclassifiers,show thatfv2performedbetterthan
fv1. For example,theDFC classifiershowsanin-
creasebothin precisionandrecall.Thisallowsus
toclaimthatin thecontext of gisting,thesyntactic
headof thenounphraseis not alwaystheseman-
tic head,andmodifierscanhavealsoanimportant
role.

Oneadvantageof therule-inductionalgorithms
is that their output is easily interpretableby hu-
mans. Analyzing C4.5rulesoutput, we gain an
insighton thefeaturesthatcontributemostin the
classificationprocess.In caseof fv1, themostim-
portantfeaturesare: the first appearanceof 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:

2 IF headfocc W)X 0.0262172AND np tfidf
H 0.0435465THEN Relevant

2 IF np focc W)X 0.912409 AND
np lengthwords H 0.0242424 THEN
Relevant

2 IF headtfidf W)X 0.0243452AND np tfidf
W)X 0.0435465AND np lengthwords W)X
0.0242424thenNot relevant

In caseof fv2, thenew featurem tfidf impacts
the rulesfor both RelevantandNot relevantcat-
egories. It supercedesthe needfor np tfidf and
headtfidf, ascanbeseenalsofrom therulesbe-
low:

2 IF mh tfidf H 0.0502262AND np focc W)X
0.892585THEN Relevant

2 IF mh tfidf H 0.0180134 AND
np lengthwords H 0.0260708 THEN
Relevant

2 IF mh tfidf W)X 0.0223546 AND
np lengthwords W)X 0.0260708 THEN
Not relevant

2 IF mh tfidf W)X 0.191205AND np focc H
0.892585THEN Not relevant



Feature vector 1 (fv1)
headfoccheadtfidf np foccnp tfidf np lengthcharsnp lengthwordspar possentpos
Feature vector 2 (fv2)
headfoccheadtfidf mh tfidf np focc np tfidf np lengthcharsnp 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

fv1 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
performanceof fivedifferentclassifiersin thetask
of extractingsalientnounphrases.As measures
of performancewe useprecisionandrecall . The
evaluationwasperformedaccordingto what de-
greethe output of the classifierscorrespondsto
the userjudgmentsandthe resultsarepresented
in Table3.

We first comparetwo decisiontreeclassifiers:
onewhichusesasthesplittingfunctiononly asin-
gle feature(C4.5)andthe other, theobliquetree
classifier(OC1)which ateachinternalnodetests
a linear combinationof features.Table3 shows
thatOC1outperformsC4.5.

Columns4 and5 from Table3 show the rela-
tive performanceof RIPPERandC4.5rules. As
discussedin (Cohen,1995),RIPPERis moreap-
propriatefor noisyandsparsedatacollectionthan
C4.5rules.Table3 shows thatRIPPERperforms
betterthanC4.5rulesin termsof precision.

Finally, we investigatewhethera combination
of classifierswill improve performance.Thuswe
choosethe Decision Forest Classifier, DFC, to
perform our test. DFC obtainsthe best results,
ascanbeseenfrom column6 of Table3.

Result 3. Linguistic filtering is an important
stepin extracting salientNPs

As seenfrom Result2, theDFCperformedbest
in our task, so we choseonly this classifierto
presentthe impact of linguistic filtering. Table
4 shows that linguistic filtering improves preci-

sion and recall, having an important role espe-
cially on fv2, wherethenew feature,mh tfidf was
used(from 69.2%precisionand56.25%recall to
85.7%precisionand87.9%recall).

without filtering with filtering
precision recall precision recall

fv1 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 presentedin section3 removed the noisein-
troducedby unimportantmodifiers,commonand
emptynouns.

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

Presentingthe gist of an email messageby
phraseextractionaddressesoneobviousquestion:
are noun-phrasesbetter than n-gramsfor repre-
sentingthe documentcontent? To answerthis
questionwe comparedthe resultsof our system,
GIST-IT, that extracts linguistically well moti-
vated phrasalunits, with KEA output, that ex-
tractsbigramsandtrigramsaskey phrasesusing
a Näive Bayesmodel(Witten et al., 1999).Table
5 shows the resultson oneemail message.The
n-gramapproachof KEA systemextractsphrases
like sort of batch, extracting lots, wn, and even
URLs that areunlikely to representthe gist of a
document.This is an indicationthat the linguis-
tically motivatedGIST-IT phrasesaremoreuse-
ful for documentgisting. In future work we will
performalsoa task-basedevaluationof thesetwo



GIST-IT KEA
perlmodulewordnetinterface module
’wn’ commandline program sortof batch
simpleeasyperl interface WordNetdata
wordnet.pmmodule accessestheWordNet
wordnetsystem lotsof WordNet
queryperlmodule WordNetperl
wordnet QueryData
wordnetpackage wn
wordnetrelation perlmodule
commandline extracting
wordnetdata usethismodule
includedmanpage extractinglots
freesoftware WordNetsystem
querydata www.cogsci.princeton.edu

Table5: Salientphraseextractionwith GIST-IT vs. KEA on oneemailmessage

approaches,to testusability.

5 RelatedWork

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

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

ing only with n-gramsdoesnot alwaysprovide
good output in termsof a summary. In (Bogu-
raev andKennedy, 1999)the“gist” of adocument
is seenas a sequenceof salientobjects,usually
topical nounphrases,presentedin a highlighted
context. Their approachis similar to extracting
technicalterms(JustesonandKatz, 1995). Noun
phrasesareusedalsoin IR task(Strzalkowski et
al., 1999; Smeaton,1999; SparckJones,1999).
The work of Strzalkowski etal. (1999) supports
our hypothesisthat for someNLP tasks(gisting,
IR) thehead+modifierrelationof anounphraseis
in fact an orderedrelationbetweensemantically
equallyimportantelements.

6 Conclusionsand Futur e Work

In this paperwe presenteda novel techniquefor
documentgisting suitablefor domainandgenre
independentcollectionssuchasemail messages.
The methodextractssimple noun phrasesusing
linguistictechniquesandthenusesmachinelearn-
ing to classify themassalientfor the document
content.Thecontributionsof thiswork are:

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

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



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

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

The study, the evaluation, and the resultspro-
vide experimentalgroundsfor researchnot only
in summarization,but alsoin informationextrac-
tion andtopicdetection.
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