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Abstract

Mostknowledgeaccumulatedthroughscienti�c discoveriesin genomicsandrelatedbiomed-
ical disciplinesis buried in the vast amountof biomedicalliterature.Sinceunderstand-
ing generegulationsis fundamentalto biomedicalresearch,summarizingall the existing
knowledgeabouta genebasedon literatureis highly desirableto help biologistsdigest
the literature.In this paper, we presenta studyof methodsfor automaticallygenerating
genesummariesfrom biomedicalliterature.Unlike mostexisting work on automatictext
summarization,in which thegeneratedsummaryis oftena list of extractedsentences,we
proposeto generatea semi-structuredsummarywhich consistsof sentencescoveringspe-
ci�c semanticaspectsof a gene.Sucha semi-structuredsummaryis moreappropriatefor
describinggenesandposesspecialchallengesfor automatictext summarization.We pro-
posea two-stageapproachto generatesucha summaryfor a givengene– �rst retrieving
articlesabouta geneandthenextractingsentencesfor eachspeci�edsemanticaspect.We
addressthe issueof genenamevariation in the �rst stageandproposeseveral different
methodsfor sentenceextraction in the secondstage.We evaluatethe proposedmethods
usingatestsetwith 20genes.Experimentresultsshow thattheproposedmethodscangen-
erateusefulsemi-structuredgenesummariesautomaticallyfrom biomedicalliterature,and
ourproposedmethodsoutperformgeneralpurposesummarizationmethods.Amongall the
proposedmethodsfor sentenceextraction,aprobabilisticlanguagemodelingapproachthat
modelsgenecontext performsthebest.
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1 Intr oduction

Biomedicalliteraturehasbeenplayingacentralrole in theresearchactivitiesof all
biologists.The growing amountof scienti�c discoveriesin genomicsandrelated
biomedicaldisciplineshave led to a correspondinggrowth in theamountof liter-
atureinformation.Becauseof its dauntingsize and complexity, therehave been
increasingefforts devoted to integratethis hugeresourcefor biologiststo digest
quickly.

Understandinggenefunctionsis fundamentalto biomedicalresearch,andonefun-
damentaltaskthatbiomedicalresearchersoftenhaveto performis to �nd andsum-
marizeall theknowledgeaboutaparticulargenefrom theliterature,aproblemthat
wecall genesummarization.

Becauseof the importanceof genes,therehasbeenmuchmanualeffort on con-
structingan informative summaryof a genebasedon literatureinformation.For
example,FlyBase1 (R. A. Drysdaleand Consortium,2005) (one of the model
organismgenomedatabase)provides a text summaryfor eachDrosophilagene,
including DNA sequence,functional description,mutantinformation etc.. Com-
pressingand arrangingall the knowledgefrom a hugeamountof literatureinto
differentaspectsenablebiologiststo quickly understandthetargetgene.

However, suchgenesummariesarecurrentlygeneratedby manuallyextractingin-
formationfrom literature,which is extremelylabor-intensive andcannotkeepup
with therapidgrowth of theliteratureinformation.As thegrowing amountof sci-
enti�c discoveriesin genomicsandrelatedbiomedicaldisciplines,automaticsum-
marizationof genedescriptionsin multiple aspectsfrom biomedicalliteraturehas
becomeanurgenttask.

One characteristicof an informative genesummaryis that the summaryshould
ideally consistsof sentencesthatcover several importantsemanticaspectssuchas
sequenceinformation,mutantphenotype,andgeneproduct.Thatis, thesummaryis
semi-structured.For example,Figure1 shows a samplegenesummaryin FlyBase
retrieved in 2005.Herewe seethat the summaryconsistsof sentencescovering
the following aspectsof a gene:(1) Geneproducts(GP); (2) Expressionlocation
(EL); (3) Sequenceinformation(SI); (4) Wild-type functionandphenotypicinfor-
mation(WFPI); (5) Mutant phenotype(MP); and(6) Geneticalinteraction(GI),
asannotated.We thusproposeto framethegenesummarizationproblemasto au-
tomaticallygeneratea semi-structuredsummaryconsistingof sentencescovering
thesesix aspectsof a gene.Sucha summarynot only is itself very useful,but also
canserve asusefulentrypointsto theliteraturethroughlinking eachaspectto the
supportingevidencein theliterature.

1 http://�ybase.bio.indiana.edu/
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Fig. 1. ExampleGeneSummaryIn FlyBase.

Most existing work on automatictext summarizationhasfocusedon news sum-
marizationandthe generatedsummaryis generallyunstructured,consistingof a
list of sentences.Theexistingsummarizationmethodsarethusinadequatefor gen-
eratinga semi-structuredsummary. In this paper, we presenta studyof methods
for automaticallygeneratingsemi-structuredgenesummariesfrom biomedicallit-
erature.Althoughourstudiesmainly focusin thebiomedicalliteraturedomain,the
approachesweproposedaregenerallyapplicableto semi-structuredsummarization
in otherapplications,suchasproductreviews.Undertheassumptionthatwe have
sometrainingsentencesfor eachaspect,generalizingour methodsfor applyingto
otherapplicationsis verystraightforward.

We proposea two-stageapproachto generatesucha summaryfor a givengene,in
which we would �rst retrieve articlesabouta geneandthenextract sentencesfor
eachof six speci�ed semanticaspects.While the �rst stagecanbe implemented
usingany standardinformationretrieval techniques,astandardIR techniquegener-
ally cannothandlegenenamevariationswell. Weaddressthis issuethroughadding
someheuristicmethodson topof regularkeywordmatching.For thesecondstage,
weleveragesomeexistingtrainingresourcesandproposeseveraldifferentmethods
to learnfrom thetrainingdataandextractsentencesin eachsemanticaspect.

Weevaluatetheproposedmethodsusingatestsetwith 20randomlyselectedgenes.
Experimentresultsshow that theproposedmethodsarepotentiallyusefulin auto-
maticallygeneratinginformativesemi-structuredgenesummariesfrom biomedical
literatureandoutperformgeneralpurposesummarizationmethods.Amongourpro-
posedmethods,althoughvectorspacemodelgenerallyperformscomparablywith
mostprobabilisticapproaches,theprobabilisticmodelwith genecontext analysis
is thebestby mostof theevaluationmetrics.

With theproposedmethods,wewouldbeableto generatesummariessuchasthose
in FlyBaseautomatically. Thegeneratedsummarieswouldallow biologiststo more
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easilykeeptrackof new discoveriesrecentlyoccurringin theliterature.Compared
with the currentlyavailableGeneRIF2 usedin PubMed,our summariesnot only
aregeneratedautomatically, but alsocanorganizeinformation into aspects.The
proposedmethodscanalsobeexploitedto generatecandidatesummariesto assist
ahumanexpertin curatingresourcessuchasFlyBase.

The remainderof this paperis organizedas follows. Section2 discussesthe re-
latedwork. Wepresenttheproposedsummarizationmethodin Section3, followed
by a detaileddiscussionof sentenceextractionmethodsin Section4. Theevalua-
tion resultsarediscussedin Section5. We discussthe generalityof the proposed
approachesin Section6 andconcludeourstudyin Section7.

2 RelatedWork

To the bestof our knowledge,this is the �rst attemptto automaticallygenerate
a structuredsummaryof a genefrom biomedicalliterature.Although, automatic
text summarizationhasbeenextensively studiedbefore(Luhn,1958;Kupiecetal.,
1995),a distinctive featureof our work is that thegeneratedsummaryhasexplic-
itly de�ned semanticaspects,whereasmostnews summariesaresimply a list of
extractedsentences(Goldsteinetal.,1999;Kraaij etal.,2001).In our task,wealso
considerthespecialcharacteristicsof thebiomedicalliterature.

Ourwork is verymuchrelatedto therecentwork onsummarizing/clusteringsearch
results(Kummamuruet al., 2004),especiallywork suchasScatter/Gather(Hearst
andPedersen,1996),Grouper(Zamir andEtzioni, 1999).Clusteringweb search
resultswasstudiedin (Zenget al., 2004),which attemptsto organizethe search
resultsof eachquery into clusterslabeledwith key phrases.Their work tries to
discover the latentclustersof ad hoc retrieval results,which doesnot prede�nea
structure.Differently, we aregeneratingsemi-structuredsummariesto satisfypeo-
ple'sspeci�c informationneedswhicharewell de�ned(i.e.,aspects).Therefore,we
have �x edsemanticmeaningin eachdimensionandaim at generatinga sentence-
basedsummarywhereasexistingwork leavesthede�nition of eachdimensionopen
andreliesonclusteringalgorithmsto discovermeaningfuldimensions.

A problemcloselyrelatedto ourswasaddressedin theGenomicsTrackin theText
REtrieval Conference(TREC)2003(HershandBhupatiraju,2003),wherethetask
wasto generatedescriptionsaboutgenesfrom MedLinerecords.Themajordiffer-
encebetweenthis taskandoursis that thegenerateddescriptionsdo not organize
the informationinto clearlyde�ned aspects.In contrast,we de�ne six reasonable
aspectsof genesandproposenew methodsfor selectingsentencesfor speci�c as-
pects.

2 http://www.ncbi.nlm.nih.gov/projects/GeneRIF/GeneRIFhelp.html

4



KR Module

Sentence Splitter

Summary

FlyBase Resources

Training Sentence Extraction

Training Sentences

Input Gene Name Gene Synonyms

Query Expansion

SynSetMEDLINE abstracts

Sentence Scoring and Ranking

IE Module

Keyword Retrieval

Retrieved Document

Fig. 2. SystemOverview.

Mostexistingstudiesof biomedicalliteraturemining focusonautomatedinforma-
tion extraction,usingnaturallanguageprocessingtechniquesto identify relevant
phrasesandrelationsin text, suchasprotein-proteininteractions(Iliopouloset al.,
2001) (see(Hirschmanet al., 2002;ShatkayandFeldman,2003) for reviews of
theseworks).Theinformationwe extract is at thesentencelevel, which allows us
to cover many differentaspectsof a geneandextract informationin a morerobust
manner.

Ourwork wasinitially publishedin theProceedingsof Paci�c Symposiumof Bio-
computing2006(Ling et al., 2006).This previouswork hasbeensigni�cantly ex-
tendedherewith severalnew probabilisticapproachesfor sentenceextractionanda
comprehensiveevaluationof all themethodsfor generatingasemi-structuredsum-
mary.

3 Automatic GeneSummarization

3.1 Overview

Theproposedautomaticgenesummarizationsystemmainly consistsof two com-
ponents:a Keyword Retrieval modulethat retrievessentencesabouta targetgene,
and an Information Extractionmodulethat extractsretrieved sentencesto sum-
marizethe target gene.The InformationExtractionmoduleitself consistsof two
components,onefor trainingdatageneration,andtheotherfor sentenceextraction.
Thewholesystemis illustratedin Figure2.
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3.2 Keyword Retrieval Module

First,to identify documentsthatmaycontainusefulinformationfor thetargetgene,
we usea dictionary-basedkeyword retrieval approachto retrieve all documents
containingany synonym of thetargetgene.

3.2.1 Genesynonymset(SynSet) Construction

Genesynonymsarevery commonin biomedicalliterature.It is importantto con-
sider all the synonyms of a target genewhen searchingfor relevant documents
aboutthegene.We usedthesynonym list for �y genesprovidedby BioCreAtIvE
2003Task1B (Hirschmanet al., 2005)andextendedit by addingnamesor func-
tional informationof proteinsencodedby eachgenefrom FlyBase'sannotation.In
theend,we constructeda setof synonymsandproteinnames(calledSynSethere)
for eachknown Drosophilagene.

Becauseof variationsin genenamespelling,we usea specialtokenizerfor both
MedLineabstractsandSynSetentries,to normalizethegenename.Thetokenizer
convertsthe input text into a sequenceof tokens,whereeachtoken is eithera se-
quenceof lowercaselettersor a sequenceof numbers.White spacesandall other
symbolsaretreatedastoken delimiters.For instance,the differentsynonyms for
genecAMPdependentproteinkinase2, “PKA C2”, “Pka C2”, and“Pka-C2”, are
all normalizedto thesametokensequence“pka c 2” to allow themto matcheach
other. A MedLine abstractis consideredasbeingrelevant only if it matchesthe
tokensequenceof asynonym exactly.

3.2.2 SynonymFiltering

Somegenesynonymsareambiguous,for example,thegenename“PKA” is alsoa
chemicaltermwith adifferentmeaning.In thesesituations,adocumentcontaining
thesynonym with analternative meaningwould beretrieved.Our strategy of alle-
viating this problemis basedon the observationsthat (1) the longeror full name
of ageneis oftenunambiguous;(2) whenagene's shortabbreviation is mentioned
in a document,its full or longernameis oftenpresentaswell. Therefore,we force
all retrieveddocumentsto containat leastonesynonym of thetargetgenethatis at
least5-characterlong.

3.3 InformationExtractionModule

Theinformationextractionmoduleextractssentencescontainingusefulfactualin-
formationaboutthe target genefrom the documentsreturnedby the keyword re-
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trieval module.To ensurethe precisionof extraction,we only considersentences
containingthetargetgene,which arefurtherorganizedinto thesix generalaspects
listedin Table1, whichwebelieveareimportantfor genesummaries.

Table1
Aspectsfor GeneSummary

GP GeneProduct,describingtheproduct(protein,rRNA, etc.) of thetargetgene.

EL ExpressionLocation,describingwherethetargetgeneis mainlyexpressed.

SI SequenceInformation,describingthe sequenceinformationof the target gene
andits product.

WFPI Wild-type Function& PhenotypicInformation,describingthe wild-type func-
tionsandthephenotypicinformationaboutthetargetgeneandits product.

MP MutantPhenotype,describingthe informationaboutthemutantphenotypesof
thetargetgene.

GI GeneticalInteraction,describingthe geneticalinteractionsof the target gene
with othermolecules.

Our mainideafor sentenceextractionis to leveragetheexisting trainingresources
(suchasFlyBase)to learna modelfor eachsemanticaspectandusesuchmodels
to categorizethetop rankedsentencesinto appropriatesemanticaspects.

3.3.1 TrainingDataGeneration

To helpidentify informative sentencesrelatedto eachaspect,we constructa train-
ing datasetconsistingof “typical” sentencesfor describingeachof thesix aspects
usingthreeresources:theSummarypages,theAttributeddatapages,andtherefer-
encesof eachgenein FlyBase.

The “Summary” Paragraph: FlyBasecuratorshave compressedall the relevant
informationabouta geneinto a shortparagraph,thetext Summaryin theFlyBase
report.This paragraphcontainsgoodexamplesentencesfor eachaspectof a gene.
A typical paragraphcontainsinformationrelatedto geneproduct,sequenceinfor-
mation,geneticalinteraction,etc.More importantly, verbssuchas“encode”,“se-
quence”and“interact” in thetext arevery indicative of which aspectthesentence
is relatedto. Basedontheregularstructureof thesetext summaries,wedecompose
eachparagraphinto oursix aspectswith non-relevantsentencesdiscarded.

However, sincethesesentencesareautomaticallygeneratedby �lling theinforma-
tion in FlyBasedatabasesinto a commontemplate,they arenot goodexamplesof
typical sentencesthat appearin real literature.For instance,geneticalinteraction
canbedescribedin many differentwaysusingverbssuchas“regulate”,“inhibit”,
“promote” and“enhance”.In the“summary”paragraph,it is alwaysdescribedus-
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ing thetemplate“It interactsgeneticallywith ...”. Thuswealsowantto obtaingood
examplesof original sentencesfrom theliterature.

The “ Attrib uted Data” Report: One resourceof original sentencesis the “at-
tributeddata” reportfor eachDrosophilageneprovidedby FlyBase.For someat-
tributessuchas“moleculardata”,“phenotypicinfo.” and“wild-typefunction”, the
originalsentencesfrom literaturearelisted.Thesesentencesseemto begoodcom-
plementsof the training datafrom the “summary” paragraph.In our system,we
collect thesentencesfrom “phenotypicinfo.” and“wild-type function” astraining
sentencesfor theaspectWFPI.

The References:For aspectssuchas “gene product” and “interactsgenetically
with”, the “attributeddata” reportsonly list thenounphrasesrelatedto the target
gene,but do not show any completesentences.In orderto �nd thepatternsof sen-
tencescontainingsuchinformation,weexploit thelinks to thecorrespondingrefer-
encesgivenin the“attributeddata”reportsto �nd thePubMedID of thereference.
We thenlook for occurrencesof the item, i.e., a proteinnamein “geneproduct”
or anothergenename“interactsgeneticallywith”, in theabstractof thereference.
We addthe sentencecontainingboth the item andthe target geneto our training
data.Inclusionof thesesentencesis usefulbecauseverbssuchas“enhance”and
“suppress”now appearin thetrainingdata.

3.3.2 SentenceExtraction

Our generalideafor sentenceextractionis thefollowing: We �rst exploit any pro-
posedmethod(seeSection4) to computetherelevancescoreS for eachsentence-
aspectpair. To ensurereliableassociationbetweensentencesandaspects,for each
sentence,we rank all the aspectsbasedon S andkeeponly the top two aspects.
The rationalebehindit is that a sentencemay containmorethanoneaspectof a
gene.For instance,asentencedescribingthemutantphenotypeof agenemayhave
informationaboutthe molecularfunction of this gene.Thereforewe empirically
only considerthetwo mostdominantaspectsof informationin asentence.

To generatea structured,aspect-basedsummary, for eachaspect,we rank all the
keptsentencesaccordingto S andpick thetop-k sentences.Suchanaspect-based
summaryis similar to the“attributeddata”reportin FlyBase.

It is clear that amongall the componentsin the proposedgenesummarization
method,themainchallengeis sentenceextraction.Morespeci�cally, thechallenge
is to designanappropriatescoringfunction for scoringa sentencew.r.t. a seman-
tic dimension.In the following section,we presentseveral differentmethodsfor
solvingthisproblem.
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4 SentenceExtraction Methods

As discussedin the previous section,our generalidea for sentenceextraction is
to �rst computeaspectmodelsbasedon trainingdata,thencomputetherelevance
scoreof eachsentencewith respectto eachaspect,and �nally extract sentences
for eachaspectof thetargetgene.We presentdifferentmethodsfor modelingterm
usagesbasedon the trainingdataandscoringsentencesfor eachsemanticaspect:
vectorspacemodelandprobabilisticlanguagemodel.We now discusseachin de-
tail.

4.1 VectorSpaceModel

Wecanusethevectorspacemodelandcosinesimilarity functionfrom information
retrieval to assignarelevancescoreto eachsentencew.r.t. eachaspect.Speci�cally,
For eachaspect,we constructa correspondingterm vectorVc using the training
sentencesfor theaspect.Following a commonlyusedinformationretrieval heuris-
tic, we de�ne the weight of a term t i in the aspectterm vector for aspectj as
wi;j = TF i;j � IDF i , whereTF i;j is the termfrequency, i.e., thenumberof times
termt i occursin all thetrainingsentencesof aspectj , andIDF i is theinversedoc-
umentfrequency. IDF i is computedasIDF i = 1 + log N

n i
, whereN is the total

numberof documentsin our documentcollection,andn i is the numberof doc-
umentscontainingterm t i . Intuitively, Vc re�ects the usageof differentwords in
sentencesdescribingthecorrespondingaspect.

Similarly, for eachsentencewe canconstructa sentenceterm vectorVs, with the
sameIDF andthe TF beingthe numberof timesa term occursin the sentence.
Theaspectrelevancescoreis thenthecosineof theanglebetweentheaspectterm
vectorandthesentencetermvector:S = cos(Vc; Vs).

4.2 ProbabilisticMethods:LanguageModelingApproaches

Alternatively, wemayalsouselanguagemodelsto scoreasentencefor eachaspect.
Speci�cally, differentlanguagemodelingapproachescanbeusedto estimatea lan-
guagemodelfor eachaspect.Thento computetherelevancescoreS betweeneach
sentence-aspectpair, we canusethenegative KL-divergencefunction to measure
thesimilarity betweentheretrievedsentenceandtheaspectlanguagemodel.

S = � D(� sjj � m ) =
X

w
p(wj� s) logp(wj� m ) �

X

w
p(wj� s) logp(wj� s);

where� s, � m representsthelanguagemodelof thesentenceandtheaspectrespec-
tively.
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Note thatusingKL-divergencefor scoringis equivalentto usingtheNaive Bayes
classi�er to classifyasentenceinto asemanticaspectastheentropy termin theKL-
divergenceformula doesnot affect rankingof aspectswhereasthe crossentropy
termis equivalentto thelog-likelihoodof thesentencegivenamodel.

p(wj� s) can be computedusing relative frequency of words in sentences. The
mainchallengeis thushow to computep(wj� m ). Onesimplemethodfor estimat-
ing the aspectlanguagemodelcould be basedon the relative word frequency in
thetrainingdataof eachaspectsmoothedby theword frequency of thewholecol-
lection.That is, we cansimply computetheaspectlanguagemodelby p(wj� i ) =
� B p(wj� B ) + (1 � � B ) c(w;C i )

jCi j
, wherep(wj� B ) = 1+ c(w;C)

jCj+ jV j ), c(w; Ci ) is thecountof
word w in the trainingdocumentsCi of aspecti , andV is the joint vocabulary of
the training collectionandtestcollection.We denotethis methodasthe baseline
languagemodelmethod(baseLM).

The baselinelanguagemodel methodcan be further improved in several ways.
First, commonEnglishwordsandthosedomain/gene-speci�cwordsin the train-
ing dataareboth generallynoisewhenwe try to extract the languagemodelsof
speci�c information.For example,in our task,the words like “gene,protein,bi-
ology, experiment”arenot informative words for any aspect.Clearly, the above
simplelanguagemodelestimationcannot �lter out this kind of noise.Hence,we
proposetwo moresophisticatedgenerativeprobabilisticmixturemodelsto remove
thenoiseandexpectto extractmoregeneralandrobust languagemodelsfor mod-
eling the word distribution of eachaspect.The �rst approachis a variantof the
cross-collectionmixture model(CTM) proposedin (Zhai et al., 2004),which in-
tendsto extract the discriminative aspectmodelsby taking into considerationthe
hiddenbackgroundmodelof thewholecollection.Thesecondoneis a variantof
the contextual probabilisticlatentsemanticanalysis(CPLSA) modelproposedin
(Mei andZhai, 2006),which attemptsto further factorout training-gene-speci�c
languagemodels(i.e.,noise)embeddedin thetrainingsentences.

As mixturemodels,bothapproachesexplicitly distinguisha commonbackground
modelthatcharacterizescommoninformationoveracollectionof documentsfrom
specialtopic modelsthat characterizetopic-speci�c informationin the text. They
alsodistinguishbetweendifferenttopicmodelsthatcharacterizedifferentinforma-
tion in differentcontext. Theseapproachesinvolve commonbackgroundmodelas
well as multiple topic-speci�c models.The underlyingbasicidea is to treat the
words as observations from a mixture model where the componentmodelsare
thetopic-speci�cword distributionsandthebackgroundword distributionsacross
differentdocumentcollections.TheExpectationMaximization(EM) algorithmis
usedto estimatethetopic-speci�cmodelswhichpeoplearemostlyinterestedin. In
ourtask,weaimto applythesemixturemodelmethodsto obtaintheaspect-speci�c
word distributionsp(wj� m ). The EM algorithmwill terminatewhenit achievesa
localmaximumof thedatalikelihood.
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In ourexperiments,weusemultipletrialsto improvethelocalmaximumweobtain.
In the following, we discusseachapproachin detail,andgive correspondingEM
updatingformulas.

4.2.1 DiscriminativeAspectModel

In orderto remove from theestimatedaspectmodelsthenoiseof thebackground
wordsover thewholecollectionof thetrainingdata,thusalsomake theestimated
modelsmorediscriminative, we adoptthecross-collectionmixturemodel(CTM)
proposedin (Zhai et al., 2004).Figure.3 illustratesthe ideaof explicitly distin-
guishingcommonbackgroundmodelthatcharacterizescommonwordsacrossall
aspectsfrom specialaspectmodelsthat characterizeaspect-speci�cinformation.
By �ltering the backgroundmodel from the aspectmodels,we expect to extract
morediscriminative languagemodelsthatcaneffectively differentiatewordusages
of differentaspects.
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spect S
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A
spect S

pecific
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BackgroundModel � B

C1

M
odel�

1
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odel�

2
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Fig. 3. DiscriminativeAspectModel

The training datafor eachaspecti is collectedassub-collectionCi . Speci�cally,
let C = f C1; C2; � � � ; Cmg be m sub-collectionsfor m aspects,respectively. Let
� 1; � � � ; � m bem aspectunigramlanguagemodels(i.e., word distributions)and� B

bea backgroundmodelfor thewholecollectionC. A documentd is regardedasa
sampleof thefollowing mixturemodel.

pd(w) = � B p(wj� B ) + (1 � � B )p(wj� i );

wherew is a word,d 2 Ci , � B is themixing weightof thebackgroundmodel� B .
Thelog-likelihoodof theentirecollectionCis

logp(C) =
mX

i =1

X

d2 Ci

X

w2 V

f c(w; d) log[� B p(wj� B ) + (1 � � B )p(wj� i )]g

wherec(w; d) is thecountof wordw in documentd.

Accordingto theEM algorithm,thefollowing iterativeupdatingformulasareused
to estimateall theparameters.f zd;wg is ahiddenvariableandp(zd;w = i ) indicates
thatthewordw in documentd is generatedby theaspectmodeli .
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p(zd;w = B) =
� B p(n)(wj� B )

� B p(n)(wj� B ) + (1 � � B )p(n)(wj� i )

p(zd;w = i ) =
(1 � � B )p(n)(wj� i )

� B p(n)(wj� B ) + (1 � � B )p(n)(wj� i )

p(n+1) (wj� B ) =

P m
i=1

P
d2 Ci

c(w; d)p(zd;w = B)
P

w02 V

P m
i=1

P
d2 Ci

c(w0; d)p(zd;w0 = B)

p(n+1) (wj� i ) =

P
d2 Ci

c(w; d)(1 � p(zd;w = B))p(zd;w = i )
P

w02 V

P
d2 Ci

c(w0; d)(1 � p(zd;w0 = B))p(zd;w0 = i )

Theestimated� i canthenbeassumedto beoursemanticaspectmodelsfor scoring
retrievedsentences.

4.2.2 GeneralizableAspectModel

In theabove models,we only take into considerationtheword usagefor eachas-
pect.However, asthetrainingsentencesarepreparedfrom a sampledsetof genes,
they alsocontaingene-speci�cinformationwhich we wantto avoid whensumma-
rizing genesthataredifferentfrom this trainingset.For example,sentencesabout
a genewhich encodestranscriptionfactorusuallycontainmany termsabouttran-
scription,like “DNA binding,regulation,transcriptional”.Thedesirablelanguage
modelextractedto representeachaspectshouldbegeneralandgene-independent,
thuscanbeusedto summarizeany new gene.

However, in previousmethods,thereis nomechanismto �lter outthisgene-speci�c
informationfrom theaspectlanguagemodel.Recallthateachtrainingsentencehas
two features:it is abouta geneand it is associatedwith an aspect.In previous
models,we only consideredtheassociationbetweeneachtrainingsentenceandits
relevantaspect,but ignoredtheinformationthateachtrainingsentenceis originally
from aspeci�c gene.Thespeci�c semanticaspectandthespeci�c genecanbothbe
regardedasindicatinga “context” to which thesentencebelongs.In thissense,the
modelspresentedin theprevioussubsectioncanconsideronly onecontext informa-
tion (i.e., aspectcontext), but arenotapplicableto modelmultiple typesof context
information (i.e., aspectsand genes).We thus adoptthe contextual probabilistic
model(CPLSA)proposedin (Mei andZhai,2006)to addressboththeaspectcon-
text andthe genecontext whenestimatingthe aspectmodels.In effect, this is to
further �lter out the gene-speci�cword distributionsfrom the aspectmodels.We
thusexpectto seeit achievesbetterperformancethanthemethodspresentedin the
previoussubsection.

Speci�cally, by modelinga trainingsentencein thecontext of all sentencesabout
the sameaspect,we can extract aspectlanguagemodels.On the other hand,by
modelingsentencesin the context of all sentencesaboutthe samegene,we can
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model the gene-speci�cinformationanddistinguishit from the aspectlanguage
models.Thismodelintendsto maketheaspectmodelsmoregeneralandapplicable
to arbitrarygenes.

In our task,eachdocumentis associatedwith two typesof contexts: the geneg
which it describesandtheaspectk which it is associatedwith. From theview of
eachdifferentcontext (i.e., aspectsandgenes),thecorrespondinglanguagemodel
representstheword distribution of this context. Our goalis to extractthelanguage
modelsassociatedwith theaspectcontextsbut not thegenecontexts.Thedetailsof
contextual themeanalysisandtheoriginalCPLSAmodelcanbefoundin (Mei and
Zhai,2006).
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Fig. 4. GeneralizableAspectModelExtractionby ContextualAnalysis

Figure.4 illustratesthe ideafor modelingtwo typesof context information,i.e.,
aspectsandgenes.In thismodel,weassumethatdocumentd (with context features
Cd) is generatedby generatingeachwordin it asfollows:(1) Chooseaview vi from
a context accordingto theview distribution p(vi jd;Cd); (2) Generatea word from
the languagemodel� i of theview vi . That is, pd(w) =

P m+ n
i=1 p(vi jd;Cd)p(wj� i ),

where� i (i = 1; 2; : : : ; m) representsthe m aspectmodelswe are interestedto
extract,and� i (i = m+ 1; m+ 2; : : : ; m+ n) representsthen gene-speci�clanguage
modelswewantto �lter out.Thelog-likelihoodof thewholecollectionis

logp(C) =
X

d2C

X

w2 V

c(w; d) log
m+ nX

i =1

p(vi jd;Cd)p(wj� i )

Theparametersaretheview selectionprobabilityp(vi jd;Cd), thethemedistribution
p(wj� i ).

The mixture modelcanbe �t to a contextualizedcollectionC usinga maximum
likelihoodestimator. TheEM algorithmcanbeusedto estimatetheparametersby
thefollowing updatingformulas,wheref zw;i;d g is ahiddenvariableandp(zw;i;d =
1) indicatesthatthewordw in documentd is generatedby model� i .
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p(zw;i;d = 1) =
p(n)(vi jd;Cd)p(n)(wj� i )P m+ n

i 0=1 p(n)(vi 0jd;Cd)p(n)(wj� i 0)

p(n+1) (vi jd;Cd) =

P
w2 V c(w; d)p(zw;i;d = 1)

P m+ n
i 0=1

P
w2 V c(w; d)p(zw;i 0;d = 1)

p(n+1) (wj� i ) =

P
d2C c(w; d)p(zw;i;d = 1)

P
w02 V

P
d2C c(w0; d)p(zw0;i;d = 1)

Theestimated� i (i = 1; 2; : : : ; m) canthenbeassumedto beour semanticaspect
modelsfor scoringretrievedsentences.

5 Evaluation Experiments

5.1 ExperimentSetup

We retrieve 22092MedLine abstractsasour documentcollectionusing the key-
word “Drosophila”.WeusetheLemurToolkit 3 to implementthesummarizerswe
proposed.As explainedin Section3.3.1,we usethe subcollectionwhich consists
of 20%genesin FlyBasefor modeltrainingpurpose.It contains7391sentencesin
total.

The �rst stageof keyword retrieval is very straight forward, and can be imple-
mentedusingstandardinformationretrieval techniques.To handlegenenamevari-
ationsandimprove theaccuracy of retrieval, weapplyaheuristicmethodon topof
regularkeywordmatching.Methodsdevelopedfor thisstageareintuitiveandstan-
dardasa generalretrieval taskon genomicliterature,thuswe would not presenta
formal evaluationhere.Instead,we focustheevaluationon thesecondstage,i.e.,
sentenceextraction,which is morechallenging.In our experiments,we compare
theperformanceof differentsummarizers,by meansof extractingsentencesfrom
thesamesetof sentencesretrievedfor eachtargetgene.

5.1.1 GoldStandard

Sincethesemi-structuredliteraturesummarizationis a novel problem,thereis no
existing gold standard.It is very dif�cult to createa large judgmentsetmanually.
In our experiments,we randomlyselect20genesfrom FlyBasefor evaluation.For
eachgene,we ask two expertsto assigneachcandidatesentenceto at most two
mostrelevantaspectsseparately. Thenthesentencesthataredecidedasrelevantto

3 http://www.lemurproject.org/, aC++ toolkit supportingavarietyof informationretrieval
functions.
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a certainaspectarecollectedasthe judgmentfor this genein this corresponding
aspect.Thereis no constrainton the lengthof the gold standardsummary. These
two setsof 20multipleaspectbasedsummariesareusedasthegoldstandardfor our
experiments,basedon which all summariesgeneratedby thedifferentapproaches
areevaluated.

5.1.2 EvaluationMetrics

ROUGEis anevaluationpackagesuggestedby DUC 4 andcommonlyused(Sun
et al., 2005) to automaticallyevaluateboth single-documentsummarizationand
multi-documentsummarizationsystems(Lin andHovy, 2003;Lin, 2004).It pro-
videsa suiteof evaluationmetricsto measurethesimilarity betweensystemgen-
eratedsummariesandthejudgmentsin severalways,suchasn-gramoverlapping,
longestcommonsubsequenceand skip-bigramco-occurrence,insteadof simple
matching/non-matching.This is especiallydesirablefor genesummarizationbe-
causethe sentencesretrieved for a geneare from multiple papers,thus thereare
usuallymultiple sentenceswhich arevery similar to eachother in termsof cov-
ering someaspectsof the gene.All thesesentencesarereasonableto be selected
for a summary. Amongall theevaluationmetricsin ROUGE,ROUGE-N(models
n-gramco-occurrence,N = 1, 2, 3) andROUGE-W-1.2 generallyperformwell in
evaluatingsingle-documentsummarizationaccordingto (Lin andHovy, 2003;Lin,
2004).Weevaluateoursystemwith all themetricsprovidedby ROUGE,andreport
ROUGE-1,ROUGE-2,ROUGE-3andROUGE-W-1.2.

5.1.3 TheBaselines

Sincethereis noexistingsystemfor semi-structuredsummarization,weselectsev-
eralgeneralpurposesummarizationsystemsasthebaselinesto becomparedwith
our methods.MEAD 5 is a well known, publicly availablesummarizationtoolkit
which accommodatesboth extractive multi-documentsummarizationandsingle-
documentsummarization(Radev et al., 2003). Threebaselinesummarizersare
providedby MEAD: randomextraction- thesummarizerextractingsentencesran-
domly, lead-basedextraction- thesummarizerextractingsentencesfrom thefront
of eachdocument,andMead-Single- a featuredsingledocumentsummarization
systemwhich integratestext featuressuchaskeywords,sentencelength,sentence
position,andclustercentroids.We usethedefault settingof theMEAD toolkit. In
all thesethreesystems,wepoolall thesentencesretrievedby theRetrieval Module
for eachgeneasa singledocument.Thesegeneralpurposesummarizationmeth-
odsarereasonablebaselinesto evaluateoursystem,anddenotedasRAND, LEAD,
MEAD respectively in ourexperiments.

4 http://duc.nist.gov/
5 http://www.summarization.com/mead/
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In additionto the threerunsfor the above baselines,we run four experimentsto
evaluateourproposedmethodsin sentenceextractionasfollows:

� Run1(VSM): usethevectorspacemodelproposedin Section4.1.
� Run2(baseLM): usethesimplelanguagemodelingapproachpresentedin Sec-

tion 4.
� Run3(DAM): usethediscriminative aspectmodelproposedin Section4.2.1.
� Run4(GAM): usethegeneralizableaspectmodelproposedin Section4.2.2.

5.2 Comparisonof SentenceExtractionMethods

UsingROUGE,Weevaluatetheresultsummariesonsix aspectsandtwo goldstan-
dardsseparately, thentake theaveragescoreover thesix aspectsandtwo standards
asthe �nal evaluation.Table3 summarizesthe averagedAverage R scorefor all
evaluatedmethodson sentenceextraction.We vary the lengthof summariesfor
eachaspectamong1, 5, 10 and15 sentences.Note thataswe did not �nely tune
theparametersfor thefour proposedmethods,theresultsfor themarenotnecessar-
ily their optimalresults.Thedefault selectionof parametersarepresentedin Table
2 unlessotherwisespeci�ed.

Table2
DefaultSelectionof ParameterValues

Method baseLM DAM GAM

ParameterValue � B = 0:1 � B = 0:8 � B = 0:3

FromTable3, wemakeanumberof observationsasthefollowing:

� Comparisonamongbaselinemethods:
Among the threebaselinemethods,MEAD performssigni�cantly betterthan
RAND andLEAD. This is not surprising,sinceMEAD is a featureddocument
summarizationsystemwhich integratesmany text features,whereasthe other
two simply extractsentencesrandomlyor from thefront of eachdocument.The
advantagesof MEAD over theothertwo methodsdecreaseswhenthesummary
grows longer. This is becausethe evaluationon very long summarieswill be
affectedby theunavoidablyredundancy within thesummary, thustheevaluation
mightnot reliably re�ect theeffectivenessof themethods.

� Baselinemethodsvs.proposedmethods:
By mostmetrics,our proposedmethodsperformbetterthanthebaselinemeth-
ods.We alsoobserve that,theevaluationresultof metricROUGE-1is inconsis-
tentwith theothersespeciallywhenthesummarylengthincreases(i.e., > = 10
sentences).Only in this case,thebestbaselineapproachMEAD achievesbetter
scorethanour proposedmethods.In this case,the othertwo baselinemethods
(RAND, LEAD) alsoshow exceptionallyhighscores.This is becauseROUGE-1
only measuresthecoverageof unigrams.In thestandardsummary, thecommon
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backgroundwords,like“gene,protein,Drosophila”,occurvery frequently, most
of which appearalone(i.e.,not associatedin ann-gramphrase).Whenthegen-
eratedsummarylength increases,the matchingof thesecommonbackground
wordswill affect theevaluationscoressigni�cantly. However, in termsof other
metricslike ROUGE-2,ROUGE-3,thecommonbackgroundwordsarelessef-
fective becausethey measurebigram/trigramco-occurrences.Underthesemet-
rics,MEAD couldnotachievehigherscorethanourproposedmethods.Wealso
observe consistentresultby ROUGE-4.Theoutperformingof languagemodels
andthevectorspacemodelover baselineapproachesindicatethatour proposed
methodsareusefulfor automaticallygeneratingsemi-structuredgenesummaries
from biomedicalliterature,while thegeneralpurposesummarizersdo not serve
thispurposeverywell.

Generallyspeaking,a reasonablyshortsummary(e.g.,5 sentencesfor each
aspectof a gene)is enoughto capturethekey informationof a geneandis pre-
ferred.Long summariesusuallycarry redundantinformation.By investigating
thescoresover differentsummarylength,we alsonoticedthat theadvantageof
ourproposedmethodsoverbaselinemethodsaremostsigni�cant whenthesum-
mary is short.The main reasonis that,unlike MEAD, we do not considerany
redundancy removal in sentenceselection.Thelongerthesummaryis, themore
theresultwill beaffectedby theredundancy betweenthesentencespickedby our
methods.It alsosuggestsa directionfor our futurework to develop techniques
on removing redundancy in generatingasemi-structuredsummary.

� Probabilisticlanguagemodelvs.vectorspacemodel:
Vectorspacemodelperformsslightly betterthan languagemodelsonly when
thegeneratedsummaryis veryshort(i.e., one-sentencesummary).In fact,this is
not surprisingbecausewe useda simpleimplementationof vectorspacemodel
without documentlengthnormalization.It favors longersentences.Indeed,we
observed that the sentencespicked by this modelare longerthanthosepicked
by theothers.Thuswhenthenumberof sentenceis small,it hasahigherchance
to cover morewordsin thegold standardsummary, especiallyunigrams,which
makesit achieve slightly higherROUGE-1scoresincethe reportedAverage-R
scorefavorshigh recall.However, wheninvestigatingN-gramsinsteadof single
terms,long sentencesdo not necessarilyhave high recall. That is why when
ROUGE-2,3 areused,VSM is notthebest.Also whentheresultsummarylength
increases,this outperformingdisappearsand vector spacemodel is beatenby
languagemodelswith largermargin.

� Baselinelanguagemodelvs.discriminativeaspectmodel:
The discriminative aspectmodel (DAM) only performsbetterthan the simple
baselinelanguagemodel (baseLM) whenthe lengthof the summaryis 5 sen-
tences.Thesetwo methodsseemquite comparable.From this evaluation,it is
unclearto seewhichoneappliesbetterin our task.Furtherstudiesin comparing
moreelaboratevectorspacemodelsandoptimizeddiscriminative aspectmodel
on thissummarizationtaskmayprovidemoreinsight.

� Generalizableaspectmodelvs.otherprobabilisticlanguagemodels:
Thegeneralizableaspectmodel(GAM) is themostsophisticatedmethodamong
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thethreeprobabilisticlanguagemodelapproachesandtheonly onewhich takes
into considerationthegenelabelsof trainingsentences.With all evaluationmet-
rics,it performsthebestamongtheproposedlanguagemodelsasexpected.GAM
alsooutperformsall theothersummarizationmethodswith mostevaluationmet-
rics.Theonly exceptionsarethatit haslower ROUGE-1score(1) thanthevec-
tor spacemodelwhengeneratingsingle-sentencesummaries;(2) thanthebase-
line MEAD whengenerating10- and15-sentencesummaries.The reasonsare
alreadydiscussedabove. Accordingto the evaluation,the generalizableaspect
modelbasedon contextual probabilisticanalysisappearsto bea very promising
approachfor oursemi-structuredgenesummarizationtask.

Table3
Evaluationof SentenceExtractionMethods

Len Metric RAND LEAD MEAD VSM baseLM DAM GAM

1 ROUGE-1 0.0746 0.0604 0.1052 0.1398 0.1163 0.1082 0.1282

1 ROUGE-2 0.0235 0.0199 0.0393 0.0967 0.0911 0.0766 0.1017

1 ROUGE-3 0.0144 0.0114 0.0257 0.0880 0.0844 0.0687 0.0947

1 ROUGE-W-1.2 0.0232 0.0210 0.0339 0.0512 0.0467 0.0411 0.0513

5 ROUGE-1 0.2824 0.2426 0.3628 0.3668 0.3471 0.3588 0.3676

5 ROUGE-2 0.1222 0.1014 0.1729 0.2745 0.2584 0.2698 0.2817

5 ROUGE-3 0.0864 0.0737 0.1288 0.2498 0.2335 0.2456 0.2581

5 ROUGE-W-1.2 0.0859 0.0788 0.1101 0.1266 0.1281 0.1298 0.1344

10 ROUGE-1 0.4570 0.4173 0.5212 0.4731 0.4831 0.4905 0.4969

10 ROUGE-2 0.2464 0.2151 0.2950 0.3584 0.3671 0.3660 0.3788

10 ROUGE-3 0.1917 0.1706 0.2363 0.3239 0.3315 0.3288 0.3438

10 ROUGE-W-1.2 0.1414 0.1368 0.1633 0.1588 0.1721 0.1709 0.1746

15 ROUGE-1 0.5510 0.5228 0.6227 0.5292 0.5696 0.5711 0.5746

15 ROUGE-2 0.3122 0.2962 0.3865 0.4055 0.4378 0.4299 0.4424

15 ROUGE-3 0.2411 0.2409 0.3178 0.3671 0.3952 0.3861 0.4009

15 ROUGE-W-1.2 0.1705 0.1714 0.1973 0.1746 0.1983 0.1953 0.2005

In Table4, we show a samplestructuredsummarygeneratedfor the well-studied
geneAbl by collectingthebestsentencerankedby thevectorspacemodelfor each
aspect.In thissummary, all theextractedsentencesarequiteinformativeasjudged
by biologists.For comparison,thehuman-generatedFlyBasesummaryof thesame
geneis in Figure1.
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Table4
Text summaryof geneAbl by ourapproach

GP The Drosophilamelanogasterabl andthe murinev-abl genesencodetyrosine
proteinkinases(TPKs)whoseaminoacidsequencesarehighly conserved.

EL In later larval andpupalstages,abl proteinlevelsarealsohighestin differenti-
atingmuscleandneuraltissueincludingthephotoreceptorcellsof theeye.abl
proteinis localizedsubcellularlyto theaxonsof thecentralnervoussystem,the
embryonicsomaticmuscleattachmentsitesandtheapicalcell junctionsof the
imaginaldiskepithelium.

SI TheDNA sequenceencodesa proteinof 1520aminoacidswith sequenceho-
mologyto thehumanc-ablproto-oncogeneproduct,beginningat theaminoter-
minusandextending656aminoacidsthroughtheregion essentialfor tyrosine
kinaseactivity.

MP The mutationsare recessive embryoniclethal mutationsbut act as dominant
mutationsto compensatefor theneuraldefectsof ablmutants.

GI Mutationsin theAbelsontyrosinekinasegeneshow dominantinteractionswith
fasII mutations,suggestingthatAbl andFasII functionin a signalingpathway
thatcontrolsproneuralgeneexpression.

WFPI We have examinedtheexpressionof theabl proteinthroughoutembryonicand
pupaldevelopmentandanalyzedmutantphenotypesin someof thetissuesex-
pressingabl.abl protein,presentin all cellsof theearlyembryoastheproduct
of maternallycontributedmRNA, transientlylocalizesto the region below the
plasmamembranecleavagefurrowsascellularizationinitiates.

6 Discussion

Although our study is focusedon a speci�c semi-structuredtext summarization
problem(i.e.,summarizinggeneinformation),theproblemsetupandtheproposed
methodsaregeneralandapplicableto otherinstancesof theproblem.

Genesummarizationis one of the many caseswherean ideal summaryshould
have somestructureandthe summarysentencesshouldbe groupedaccordingto
this structure.For example,a very commoninformationneedis to �nd opinions
aboutproductsfrom the Web. A summarywith positive opinionsseparatedfrom
negative opinionswould be muchmoreusefulthanonewith the opinionsmixed.
Also, theproductsin thesamefamily (e.g.,all cameras)tendtosharesomecommon
subtopicdimensions(e.g.,battery, lens,resolution),andan informative summary
aboutproductsshouldideallyseparatesentencesinto thesedifferentdimensions.

In general,thesearchresultsfor any broadtopicwill likely containresultsthatcan
be groupedinto differentsubtopics;correspondingly, a semi-structuredsummary
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with summarysentencesselectedfor eachsubtopicwouldoftenbedesirable.

As a generalsetup,our problemde�nition involvesthe following elements:(1) A
set of documentsto be summarized.(2) A set of aspectsto de�ne the structure
of thesummary. (3) Trainingsentencesfor eachaspect.Clearly, this setupcanbe
appliedto otherinstancesof thesemi-structuredsummarizationproblemprovided
thatwecancollecttrainingsentencesfor eachaspect.Indeed,suchaproblemsetup
is mostusefulfor domainswherethede�nition of aspectsis natural(e.g.,in product
summarization)andwe may easilyobtain training data.In casewe do not have
trainingdata,it is alsopossibleto createsometrainingdataaslong asmeaningful
aspectscanbeprede�nedin thedomain.

Given that a problem�ts to this generalsetup,all our proposedmethods,includ-
ing thegeneraltwo-stagestrategy andspeci�c sentenceextractionmethodsfor the
secondstage,canbeapplied.Althoughtheproblemcanalsobecastasa sentence
classi�cationproblemontopof a“�at summarization”problem,thisstrategywould
not allow usto focuson thedesiredaspectsandthesummarycaneasilybebiased
toward any dominatingaspect.In our approach,we ensurethe coverageof each
aspectthroughdecomposingthe summarizationtaskinto aspect-speci�csumma-
rizationtasks.

Naturally, for any speci�c problem,variouskindsof heuristicscanbeexploitedto
furtherimproveperformancefor bothstages.For example,wehaveexploitedgene
synonym resourcesto improve theretrieval performancein the�rst stagefor gene
summarization.

7 Conclusionand Futur eWork

In this paper, we studieda novel problemin biomedicaltext mining: automatic
generationof semi-structuredgenesummaries.We developeda systemwhich em-
ployedinformationretrieval andinformationextractiontechniquesto automatically
summarizeinformationaboutgenesfrom PubMedabstracts.We proposedseveral
representative methodsfor solvingtheproblemandusedour systemto investigate
whichcomputationalstrategieswouldbemostsuitablefor ourproblem.Themeth-
odsweretestedon20 randomlyselectedgenes,andevaluatedby ROUGE.

Theresultsshow that the two genericmethodsproposed,i.e., vectorspacemodel
andprobabilisticmodels,arebothvery effective for sentenceextraction.The fact
that our proposedmethodsoutperformthe baselinegeneral-purposesummarizers
indicatesthatthegeneral-purposesummarizersarenotveryeffectivefor genesum-
marization,andconsideringthespecialcharacteristicsof thegenesummarization
problem(i.e.,differentsemanticaspects)is importantfor improving summarization
performance.Speci�cally, thegeneralizableaspectmodel(GAM) basedoncontex-
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tual probabilisticanalysisperformsthe bestin mostcases,andappearsasa very
promisingapproachfor this task.

We realizedthatoneobviouslimitation of ourapproachwasits dependenceon the
high-qualitydatain FlyBase.To addressthis issue,wewill in thefutureincorporate
moretrainingdatafrom databasesof othermodelorganismsandresourcessuchas
GeneRIFin EntrezGene.We believe themixtureof datafrom differentresources
will reducethedomainbiasandhelpbuild a generaltool for genesummarization.
Also, thesix structuredaspectsde�ned in thiswork arenot theonly possibleones;
theproposedmethodscaneasilygeneratenew aspectsgivencorrespondingtraining
sets.

We have not consideredthe removal of redundantinformationin generatedsum-
maries.To further improve our system,we will develop techniquesto integrate
othertext featuresfor redundancy removal.

The generalproblemof generatingsemi-structuredsummariesrepresentsa new
researchdirection in text summarization.Although our approachesareproposed
for genesummarization,they aregeneralandcanalsobe appliedto othersemi-
structuredsummarizationproblems,suchasautomatedsummarizationof product
reviews or blog articlesin multiple aspects.Furtherimproving our approachesand
developingnew generalmethodsfor semi-structuredsummarizationare all very
interestingfutureresearchdirections.
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