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Abstract

We report on ITC-irst participationat Task
1 (very shortdocumentsummaries)at DUC-
2004.We proposeto exploit a keyphraseex-
tractionmethodologyin orderto identify rel-
evanttermsin thedocument.TheLAKE al-
gorithm first considersa numberof linguis-
tic featuresto extract a list of well moti-
vatedcandidatekeyphrases,thenusesa ma-
chine learning framework to selectsignifi-
cant keyphrasesfor a document. With re-
spectto other approachesto keyphraseex-
traction,LAKE makesuseof linguistic pro-
cessorssuchasmultiwordandnamedentities
recognition,whicharenotusuallyexploited.

1 Introduction

ITC-irst participatedin the DUC-2004evaluationex-
ercise,task1 (very short single document summaries,
limited to 75 bytes), with a system,called LAKE,
which exploits therole of KeyphraseExtraction(here-
afterKE) asa usefulapproximationto summarization.
Ourdecisiontoparticipatewasmainlymotivatedby the
fact thatsomefeaturesof Task1, i.e. the lengthlimit
of the output summariesand the fact that summaries
couldbereturnedaslistsof disjointeditems,seemedto
fit well in a KE approach.This is thefirst participation
of ITC-irst atDUC.

Keywords,or keyphrases1, provide semanticmeta-
data that characterize documents, producing an
overview of the subjectmatterandcontentsof a doc-
ument.Keyword extractionis a relevant techniquefor
a numberof text-mining relatedtasks,includingdocu-
mentretrieval,Webpageretrieval,documentclustering

1Throughoutthis documentweusethelattertermto sub-
sumetheformer.

andsummarization,HumanandMachineReadableIn-
dexing andInteractiveQueryRefinement(see(Turney,
2000)and(Gutwinetal., 1998)).

There are two major tasksexploiting keyphrases:
keyphraseassignmentand keyphraseextraction (see
(Turney, 1999)). In a keyphraseassignmenttaskthere
is a predefinedlist of keyphrases(i.e, a controlled vo-
cabulary or controlled index terms). Thesekeyphrases
aretreatedasclasses,andtechniquesfrom text catego-
rization areusedto learnmodelsfor assigningaclassto
agivendocument.A documentis convertedto avector
of featuresandmachinelearningtechniquesareusedto
inducea mapping from the featurespaceto the setof
keyphrases(i.e. labels).The featuresarebasedon the
presenceor absenceof variouswordsor phrasesin the
input documents.Usually a documentmay belongto
differentclasses.

In keyphraseextraction (KE), keyphrasesare se-
lected from the body of the input document,with-
out a predefinedlist. Whenauthorsassignkeyphrases
without a controlledvocabulary (free text keywords or
free index terms), typically about70%to 80%of their
keyphrasesappearsomewherein thebodyof theirdoc-
uments(Turney, 1997). This suggeststhe possibility
of usingauthor-assignedfree-text keyphrasesto train
a KE system.In this approach,a documentis treated
asa setof candidatephrasesandthetaskis to classify
eachcandidatephrasesas eithera keyphraseor non-
keyphrase(Turney, 1997; Franket al., 1999). A fea-
turevectoris calculatedfor eachcandidatephraseand
machinelearningtechniquesareusedto learna model
which classifieseachcandidatephraseasa keyphrase
or non-keyphrase.

Thepaperis organizedasfollows. In Section2 we
reporton thegeneralarchitectureof oursystem,which
combinesa machinelearningapproachwith a linguis-
tic processingof the document. Section3 shows the
resultsobtainedby thesystemanddiscussestheevalua-
tion carriedoutwith ROUGE.Weconcludesuggesting



possiblefutureimprovements.

2 The LAKE System

In thissectionwedescribeLAKE (Learning Algorithm
for Keyphrase Extraction), a keyphraseextractionap-
proachdevelopedat ITC-irst basedon a supervised
learningapproachthat makesuseof a linguistic pro-
cessingof the documents.The systemworks in two
phases(seeFigure 2): first it considersa numberof
linguistic featuresto extract a list of well motivated
candidatekeyphrasesfrom a given document;then it
usesamachinelearningframework to selectsignificant
keyphrasesfor thatdocument.

More in detail, candidate phrases consistof words
or sequencesof wordsthat matcha setof previously
manuallydefinedlinguistic patterns(seesection2.2).
Then(seesection2.3),asupervisedlearningalgorithm
is usedto scorethe headof eachphrase,accordingto
features(e.g. TF/IDF andthe positionwithin a docu-
ment)thatsignaltherelevanceof theheadin thewhole
documentcollection. The motivation for considering
theheadsof thecandidatephrasesinsteadof thephrase
itself is that phrasesdo not appearfrequentlyenough
in the collection. Finally, the scoreof the head is
assignedto the whole candidatephrase,and the best
scoredphrasesthatfill the75bytesrequiredby thetask
aregivenasoutput.

Both the linguistic patternsandthe featuresusedin
theclassificationphasehave beendefinedconsidering
theDUC-2003material.

In the following sectionswe describeeachof these
components.

2.1 Linguistic Pre-Processing

The documentcollectionprovided by DUC was pre-
processedaccordingto the following threesteps: (i)
partof speechtagging,(ii) multiwordsrecognition,(iii)
namedentitiesrecognition.

Part of Speech Tagging. We use the Tree tagger
(Schmid,1994)POStaggerdevelopedat the Univer-
sity of Stuttgart.The taggedtext is givento a module
thatrecognizesmultiwordexpressions.

Multiwords Recognition. Sequencesof words that
areconsideredassinglelexical unitsaredetectedin the
inputdocumentaccordingto theirpresencein WordNet
(Fellbaum,1998). For instance,thesequence“Christ-
mastrees”is transformedinto thesingletoken“christ-
mastree” andassignedto the part of speechfound in
WordNet.

Named Entities Recognition. As for NamedEntities
recognitionwe usedNERD (Magnini et al., 2002),a
multilingual NamedEntity Recognizerfor Italian and

<DOC>
<DOCNO> APW19980314.0392 </DOCNO>
<DOCTYPE> NEWS STORY </DOCTYPE>
<DATE_TIME> 03/14/1998 10:36:00 </DATE_TIME>
<BODY>
<HEADLINE>
Russian show of power in World Cup finale
</HEADLINE>
<TEXT>
OSLO, Norway (AP) _ Russia’s Alexey Prokurorov had
no real challengers as he won the 50-kilometer
classical-style cross country World Cup race in
Holmenkollen Saturday, clocking 2 hours,
32 minutes, 25.3 seconds.
</TEXT>
</BODY>
</DOC>

Outputformat:

<DOC>
<DOCNO> APW19980314.0392 </DOCNO>
<DOCTYPE> NEWS STORY </DOCTYPE>
<DATE_TIME> 03/14/1998 10:36:00 </DATE_TIME>
<BODY>
<HEADLINE>
Russian show of power in World Cup finale
</HEADLINE>
<TEXT>
<b_enamex type="LOCATION">OSLO<e_enamex>,
<b_enamex type="LOCATION">Norway<e_enamex>
(<b_enamex type="ORGANIZATION">AP<e_enamex>) _
<b_enamex type="LOCATION">Russia<e_enamex>’s
<b_enamex type="PERSON">Alexey Prokurorov<e_enamex>
had no real challengers as he won the
<b_numex type="MEASURE">50-kilometer<e_numex>
classical-style cross country World Cup race in
<b_enamex type="LOCATION">Holmenkollen<e_enamex>
<b_timex type="DATE">Saturday<e_timex>
<b_timex type="DURATION">2 hours, 32 minutes<e_timex>
<b_timex type="DURATION"> 25.3 seconds <e_timex>.
</TEXT>
</BODY>
</DOC>

Figure1: Inputandoutputof theNERDsystem

English. The systemhasbeendesignedfor the iden-
tification and the categorizationof entity names(per-
sons, locationsand organizations),temporalexpres-
sions(datesand times) and certaintypesof numeri-
cal expressions(measures,monetaryvalues,andper-
centages)in written texts. NERD relieson thecombi-
nation of a set of language-dependentrules (approx-
imately 350 for English and 400 for Italian) with a
setof language-independentpredicates,definedon the
WordNethierarchy, for theidentificationof bothproper
nounsand trigger words. The system,integratedinto
the DIOGENE QuestionAnsweringarchitecture,has
beensuccessfullyusedfor theITC-irst participationto
the last two editionsof the TREC QA main task,and
to thefirst editionof theCLEF multiple languageQA
track.

Figure 1 reportsa sampleinput documentand its
correspondingoutput after it has beenprocessedby
NERD.

2.2 Candidate Phrase Extraction

The selectionof relevant phraseshas beenstrongly
task-oriented.Within theframework of theDUC sum-
marizationtask,theconceptof relevancewasheuristi-
cally defined: we consideredsignificantthe syntactic



Figure2: Architectureof theLAKE system.

patternsthat describedeither a preciseand well de-
fined entity, or conciseevents/situations.In the for-
mercasewe focussedon uni-gramsandbi-grams(for
instanceNamed Entity, noun, adjective+noun, etc.),
while in the latter we consideredlongersequencesof
partsof speech,oftencontainingverbalforms(for in-
stancenoun+verb+adjective+noun). Despitethe im-
portantrole heuristicsplay in ourapproach,thechoice
of relevant patternswasalso linguistically motivated:
sequenceslike noun+adjective, thatarenot allowedin
English, were not takeninto consideration. We dis-
cardedthepatterns(uni-grams,bi-gramsandtri-grams)
thatappearedwith low frequency (lessthan100times)
in thetrainingcorpusandweeliminatedthosepatterns
containingpunctuation.

Wemanuallyselectedarestrictednumberof PoSse-
quencesthatcouldhave beensignificantin orderto de-
scribethesetting,theprotagonistsandthemainevents
of a newspaperarticle. To this end,particularempha-
sis was given to namedentities,properandcommon
names.In orderto outline threedifferentsettings(i.e.
runs),we wrote threeversionsof our PoS-patternfil-
ter: one containing121 patterns(without any verbal
form), onecontaining223patterns(with a few verbal
constructions)andthelargestonethatconsistedof 654
patterns(with verbs,adverbsandprepositions).Once
wehadextractedall theuni-grams,bi-grams,tri-grams,
andfour-gramsfrom thePoS-taggedoutputof NERD,

we filtered them with the patternswe previously de-
fined.

As an example, we can consider the document
APW19981023.1166,that reports on the possible
extra-dictionof Pinochetfrom London(whereheis re-
covering from an operation)to Spain. Table1 shows
someof thecandidatephrasesthatour largestfilter ac-
ceptedascandidatesfrom thisdocument.

2.3 Scoring Candidate Phrases

In this phasewe assigna score the eachcandidate
phrasesin order to rank them and to make it easier
their selectionfor the final 75 bytesoutput. The ba-
sic ideawasto implementabinaryclassifierthat,given
a candidatephrase,is ableto classifyit eitherasa rel-
evant keyphrasefor a given documentor as not rele-
vant for that document.The classifierwastrainedon
two features:

���������	�
(i.e. the productbetween

the frequency of a candidatephrasein a certaindocu-
mentandtheinversefrequency of thephrasein all the
documentsbelongingto thesamecluster)andFirst Oc-
currence, i.e. thedistanceof thecandidatephrasefrom
thebeginningof thedocumentin whichit appears.Two
reasonsled us to choosethesefeatures:they arevery
easyto calculateandmany systemsperformingat the
state-of-the-artmakeuseof them.

However, sincethe frequency of a candidatephrase
in thewholecollectionwasnotsignificant,wedecided
to estimatethevaluesof thetwo featuresusingthehead
of thecandidatephrase,insteadof thephraseitself. Ac-
cordingto the principle of headedness (Arampatziset
al., 2000),any phrasehasa singleword ashead.The
headis themainverb in the caseof verbphrases,and
it is a noun(thelastnounbeforeany post-modifiers)in
nounphrases.

As for the learning algorithm we usedthe Naive
BayesClassifierprovidedby theWEKA package(Wit-
tenetal.,1999)andpublicly availableat theUniversity
of WaikatoWeb site 2. The classifierwastrainedon
the DUC-2003materialin this way. From the docu-
mentcollectionwe extractedall the nounsandall the
verbs.Eachof themwasmarkedasa positiveexample
of relevant keyphrasefor a certaindocumentif it was
presentin the assessor’s judgmentof that document,
otherwiseit wasmarkedasa negative example. Then
thetwo features(i.e.

���
�����	�
andfirst occurrence)

werecalculatedfor eachwordandthelearnerwasrun.
As a result, the classifier prefers the candidate

phraseswhoseheadboth maximizesits
���������	�

andtendsto occurat thebeginningof adocument.For
example,theheaddictator receivesanhigh

���
�����	�

relatively to thedocumentAPW19981023.1166,a fact
that suggeststhat a candidatephrasesuchasChilean

2http://www.cs.waikato.ac.nz/ml/weka/



Table1: A sampleof candidatephrasesextraction. We usethe following abbreviations: NE standsfor Named
Entity, JJfor Adjective,NN for a singularnoun,CC for a conjunction,VDB for a verbat thepasttense,MD for
a modalauxiliary, VBN for a verbat thepastparticiple,IN for a preposition,NNS for a plural noun,TO for the
prepositionTO, VB for a verbin its baseform, DT for a determiner.

Pattern Example
Uni-grams NE London

NE 1973
Bi-grams JJ+NN Chilean dictator

JJ+NN Spanish magistrate
JJ+NN urinary infection

Tri-grams NN+CC+NN genocide and terrorism
NN+VBD+NE newspaper reported Friday
NN+VBD+NN room lacked television

Four-grams NE+MD+VB+VBN Augusto Pinochet would be extradicted
VBN+IN+JJ+NNS detained by British police
NN+TO+VB+NN extradition to stand trial
NN+VBD+JJ+NN dictatorship caused great suffering
VBN+IN+DT+NE detained in the London

NN+VBD+VBN+NN family had asked police

dictator, selectedby a linguisticallymotivatedpattern,
is likely to berelevantfor thatdocument.

3 Results and Discussion

ParticipatinggroupsatDUC-2004wereallowedtosub-
mit up to threeruns.Submissionswererankedaccord-
ing to their priority, i.e. accordingto the confidence
in the results. As mentionedabove (section2.2), we
designedthreedifferentsettings,correspondingto the
threeversionsof linguistic patternswe used. We as-
signedthehighestpriority to therun thatexploitedall
the 654 patternswe manuallyextracted,becauseit is
able to mark as candidatephrasesalso complex se-
quencesincludingverbs.Theshortestfilter, containing
noverbs,wasusedin therunwith priority 2, while the
intermediateonewaschosenaspriority 3.

Submissionswereautomaticallyevaluatedusingthe
ROUGEprogram(Lin andHovy, 2003).Table2 shows
theresultsobtainedon the threeruns,eachwith a dif-
ferentROUGEscorefor uni-gram(Rouge-1),bi-gram
(Rouge-2),tri-gram (Rouge-3),four-gram(Rouge-4),
andthelongestcommonsubstring(Rouge-L).Thebest
resulthasbeenobtainedby LAKE on the secondrun,
usinga setof 223linguisticpatterns.

3.1 Discussion on the Linguistic Patterns

Weencounteredtwo majordifficultiesin defininingthe
linguisticpatterns:

1. sincethe relevanceof a keyphrasecannotbe de-
fined exclusively from a syntacticpoint of view,
thenumberof relevantpatternswaspotentiallytoo

Table2: Resultsof theLAKE systemfor threeruns.

Run Run Run
87 88 89

Rouge-1 0.18448 0.18817 0.18362
Rouge-2 0.03638 0.04001 0.03667
Rouge-3 0.00786 0.00933 0.00892
Rouge-4 0.00171 0.00207 0.00189
Rouge-L 0.15412 0.15656 0.15294

large to bedescribed.Importantinformationthat
a humanwouldextract from a documentcouldbe
containedin everypattern(independentlyfrom its
partof speech)or in several,nonconsecutive pat-
terns;

2. it wasparticularlydifficult to determinea priori
thesyntacticroleof thesequencescontainingver-
bal forms: we aimedat extracting mainly noun
phrases,but we oftengot truncatedandirrelevant
sentences.

To sumup,PoS-tagginginformationprovedto befar
from exhaustive, introducinga lot of noise.Somecan-
didatephrasesturnedout to beuselesspiecesof longer
sentences(newspaper reported Friday), or irrelevant,
thoughsyntacticallycomplete,nounphrases(urinary
infection, family had asked police). The shorterfilter,
containingnoverbs,provedto bethemostreliableone,
astheautomaticevaluationusingtheROUGEsoftware
showed.



3.2 Discussion on the Features

Thetwo featuresweusedto traina classifierfor candi-
datephrasescoringrevealedaseffectiveaswethought.
However, it mighth improve the performanceof the
classifierto considerfeaturesableto capturesomese-
manticpropertiesof keyphrases.In particular, thatfact
that relevant keyphrasesin a documenttendto be re-
latedto the main topic of thedocumentcouldbecap-
tured computingthe lexical chains(Barzilay and El-
hadad,1997)of thedocument,andthenconsideringthe
membershipto suchchainsasafeatureof thecandidate
phrase.

4 Conclusion and Future Work

In this paperwe reportedon ITC-irst participationat
Task1 (veryshortdocumentsummaries)atDUC-2004.
We have describedthe LAKE system,which exploits
keyphrasesextractionfor summarization.The system
couplesa rathersophisticatedlinguisticanalysisof the
documents,usedfor candidatephrasesextraction,with
a simplebinaryclassifier, usedfor assigninga scoreto
candidatephrases.The linguistic processingincludes
bothmultiwordsandnamedentitiesrecognition,while
theclassifierusesasfeaturebothTF/IDF andtheposi-
tion in thedocument.

Sincethis wasour first participationat DUC, most
of our effort wasdevotedto settingup thebasicarchi-
tectureof the system.For the future we intendto in-
vestigatethe role of semantic-orientedfeaturesandto
experimentdifferentmachinelearningapproaches.
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