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Abstract

Mostknowledgeaccumulatethroughscienti ¢ discoveriesin genomicsandrelatedbiomed-
ical disciplinesis buried in the vastamountof biomedicalliterature. Since understand-
ing generegulationsis fundamentato biomedicalresearchsummarizingall the existing
knowledgeabouta genebasedon literatureis highly desirableto help biologistsdigest
the literature.In this paper we presenta study of methodsfor automaticallygenerating
genesummariefrom biomedicalliterature.Unlike mostexisting work on automatictext
summarizationin which the generatedummaryis oftena list of extractedsentencesye
proposeo generatea semi-structuregummarywhich consistsof sentencesovering spe-
ci ¢ semanticaspect®f a gene.Sucha semi-structuredummaryis moreappropriatefor
describinggenesandposesspecialchallengedor automatictext summarizationWe pro-
posea two-stageapproachto generatesucha summaryfor a givengene— rst retrieving
articlesabouta geneandthenextractingsentencefor eachspeci ed semanticaspectWe
addresghe issueof genenamevariationin the rst stageand proposeseveral different
methodsfor sentencextractionin the secondstage.We evaluatethe proposedmethods
usingatestsetwith 20 genesExperimentesultsshowv thatthe proposednethodsangen-
erateusefulsemi-structuregenesummariesutomaticallyfrom biomedicalliterature,and
our proposednethodsoutperformgenerapurposesummarizationomethodsAmongall the
proposednethoddor sentencextraction,aprobabilisticlanguagemodelingapproachhat
modelsgenecontet performsthe best.
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1 Intr oduction

Biomedicalliteraturehasbeenplayingacentralrole in theresearctactvities of all
biologists. The growing amountof scienti ¢ discoveriesin genomicsandrelated
biomedicaldisciplineshave led to a correspondingyronth in the amountof liter-
atureinformation. Becauseof its dauntingsize and compleity, therehave been
increasingefforts devotedto integratethis hugeresourcefor biologiststo digest
quickly.

Understandingienefunctionsis fundamentato biomedicalresearchandonefun-
damentataskthatbiomedicalresearchersftenhave to performisto nd andsum-
marizeall theknowledgeabouta particulargenefrom theliterature a problemthat
we call genesummarization.

Becauseof the importanceof genestherehasbeenmuch manualeffort on con-
structingan informative summaryof a genebasedon literatureinformation. For
example,FlyBase' (R. A. Drysdaleand Consortium,2005) (one of the model
organismgenomedatabaseprovides a text summaryfor eachDrosophilagene,
including DNA sequencefunctional description,mutantinformation etc. Com-
pressingand arrangingall the knowledgefrom a hugeamountof literatureinto
differentaspectenablebiologiststo quickly understandhetargetgene.

However, suchgenesummariesarecurrentlygeneratedby manuallyextractingin-
formationfrom literature,which is extremelylaborintensve and cannotkeepup
with therapid growth of theliteratureinformation.As the growing amountof sci-
enti ¢ discoveriesin genomicsandrelatedbiomedicaldisciplines,automaticsum-
marizationof genedescriptionsn multiple aspectdrom biomedicalliteraturehas
becomeanurgenttask.

One characteristiof an informatve genesummaryis that the summaryshould
ideally consistof sentencethatcover severalimportantsemanticaspectsuchas
sequencenformation,mutantphenotypeandgeneproduct.Thatis, thesummaryis

semi-structured-or example,Figure 1l shavs a samplegenesummaryin FlyBase
retrieved in 2005. Here we seethat the summaryconsistsof sentencesovering
the following aspectf a gene:(1) Geneproducts(GP); (2) Expressiorocation
(EL); (3) Sequencenformation(Sl); (4) Wild-type functionandphenotypidnfor-

mation (WFPI); (5) Mutant phenotypg(MP); and (6) Geneticalinteraction(Gl),

asannotatedWe thusproposeto framethe genesummarizatiorproblemasto au-
tomatically generatea semi-structuredummaryconsistingof sentencesovering
thesesix aspect®f agene.Sucha summarynotonly is itself very useful,but also
cansere asusefulentry pointsto the literaturethroughlinking eachaspecto the
supportingevidencein theliterature.

L http:// ybase.bio.indiana.edu/



Fig. 1. ExampleGeneSummaryin FlyBase.

Most existing work on automatictext summarizatiorhasfocusedon nens sum-
marizationand the generatedsummaryis generallyunstructuredconsistingof a
list of sentencesl heexisting summarizatioomethodsarethusinadequatéor gen-
eratinga semi-structureddummary In this paper we presenta study of methods
for automaticallygeneratingsemi-structuregenesummariegrom biomedicallit-
erature Althoughour studiesmnainly focusin the biomedicalliteraturedomain,the
approachewe proposediregenerallyapplicableo semi-structuredummarization
in otherapplicationssuchasproductreviews. Underthe assumptiorthatwe have
sometraining sentence$or eachaspectgeneralizingour methodgor applyingto
otherapplicationss very straightforvard.

We proposea two-stageapproacho generatesucha summaryfor agivengene,n
which we would rst retrieve articlesabouta geneandthenextract sentences$or
eachof six speci ed semanticaspectsWhile the rst stagecanbe implemented
usingary standardnformationretrieval techniquesa standardR techniquegener
ally cannothandlegenenamevariationswell. We addresshisissuethroughadding
someheuristicmethodson top of regularkeyword matching For the secondstage,
we leveragesomeexisting trainingresourceandproposeseveraldifferentmethods
to learnfrom the training dataandextractsentences eachsemantiaspect.

We evaluatetheproposednethodsisingatestsetwith 20randomlyselectedjenes.
Experimentresultsshav thatthe proposednethodsarepotentiallyusefulin auto-
maticallygeneratingnformative semi-structuredenesummariegrom biomedical
literatureandoutperformgenerapurposesummarizatioomethodsAmongourpro-
posedmethodsalthoughvectorspacemodelgenerallyperformscomparablywith
mostprobabilisticapproacheghe probabilisticmodelwith genecontext analysis
is the bestby mostof the evaluationmetrics.

With the proposednethodswe would beableto generatsummariesuchasthose
in FlyBaseautomaticallyThegeneratedummariesvould allow biologiststo more



easilykeeptrackof new discoveriesrecentlyoccurringin theliterature.Compared
with the currentlyavailable GeneRIF? usedin PubMed,our summariesiot only

are generatechutomatically but also can organizeinformationinto aspectsThe

proposednethodscanalsobe exploited to generateandidatesummariego assist
ahumanexpertin curatingresourcesuchasFlyBase.

The remainderof this paperis organizedas follows. Section2 discusseshe re-

latedwork. We presenthe proposedsummarizationrmethodin Section3, followed

by a detaileddiscussiorof sentencextractionmethodsin Section4. The evalua-

tion resultsarediscussedn Section5. We discussthe generalityof the proposed
approaches Section6 andconcludeour studyin Section?.

2 RelatedWork

To the bestof our knowvledge, this is the rst attemptto automaticallygenerate
a structuredsummaryof a genefrom biomedicalliterature.Although, automatic
text summarizatiomasbeenextensvely studiedbefore(Luhn, 1958;Kupiecetal.,
1995),a distinctive featureof our work is thatthe generatedummaryhasexplic-
itly de ned semanticaspectsyhereasmostnens summariesare simply a list of
extractedsentencegGoldsteinetal., 1999;Kraaij etal., 2001).In ourtask,we also
considerthe specialcharacteristicef the biomedicalliterature.

Ourworkis verymuchrelatedto therecentwork onsummarizing/clusteringearch
results(Kummamurwet al., 2004),especiallywork suchas Scatter/GathefHearst
and Pedersen]1996), Grouper(Zamir and Etzioni, 1999). Clusteringweb search
resultswas studiedin (Zenget al., 2004), which attemptsto organizethe search
resultsof eachqueryinto clusterslabeledwith key phrasesTheir work tries to
discover the latentclustersof ad hoc retrieval results,which doesnot prede nea
structure Differently we aregeneratingsemi-structuredummariego satisfypeo-
ple'sspeci cinformationneedsvhicharewell de ned(i.e.,aspects)Thereforewe
hare x edsemantianeaningin eachdimensionandaim at generatinga sentence-
basedsummarywhereaxistingwork leavesthede nition of eachdimensioropen
andrelieson clusteringalgorithmsto discorer meaningfuldimensions.

A problemcloselyrelatedto ourswasaddresseth the GenomicsTrackin the Text
REtrieval Conferenc TREC)2003(HershandBhupatiraju,2003),wherethetask
wasto generatalescriptionsaboutgenesrom MedLinerecords.The major differ-
encebetweerthis taskandoursis thatthe generatediescriptionslo not organize
the informationinto clearly de ned aspectsin contrastwe de ne six reasonable
aspectof genesandproposenen methoddor selectingsentence$or speci c as-
pects.

2 http://wwwncbi.nlm.nih.go/projects/GeneRIF/GeneRIFhelp.html
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Fig. 2. SystemOverview.

Most existing studiesof biomedicalliteraturemining focuson automatednforma-
tion extraction, using naturallanguageprocessingechniquedo identify relevant
phrasesndrelationsin text, suchasprotein-proteininteractionglliopoulosetal.,
2001) (see(Hirschmanet al., 2002; Shatkayand Feldman,2003) for reviews of
theseworks). The informationwe extractis at the sentencéevel, which allows us
to cover mary differentaspect®of a geneandextractinformationin a morerobust
manner

Ourwork wasinitially publishedn the Proceedingsf Paci ¢ Symposiunof Bio-
computing2006(Ling etal., 2006).This previouswork hasbeensigni cantly ex-
tendedherewith severalnew probabilisticapproachefor sentencextractionanda
comprehenske evaluationof all themethoddor generatinga semi-structuredum-
mary.

3 Automatic GeneSummarization

3.1 Overviav

The proposedautomaticgenesummarizatiorsystemmainly consistsof two com-
ponentsa Keyword Retrieval modulethatretrievessentenceabouta targetgene,
and an Information Extraction module that extractsretrieved sentenceso sum-
marizethe target gene.The Information Extractionmoduleitself consistsof two
componentspnefor trainingdatagenerationandthe otherfor sentencextraction.
Thewholesystemis illustratedin Figure2.



3.2 Keyword Retrieval Module

First,to identify documentshatmaycontainusefulinformationfor thetargetgene,
we usea dictionary-basedkeyword retrieval approachto retrieve all documents
containingarny synorym of thetargetgene.

3.2.1 Genesynonynset(SynSe} Construction

Genesynoryms arevery commonin biomedicalliterature.lt is importantto con-
sider all the synoryms of a target genewhen searchingfor relevant documents
aboutthe gene We usedthe synorym list for y genesprovided by BioCreAtlvE
2003Task1B (Hirschmanet al., 2005)andextendedit by addingnamesor func-
tional informationof proteinsencodedy eachgenefrom FlyBases annotationin
the end,we constructed setof synoryms andproteinnamegcalledSynSehere)
for eachknown Drosophilagene.

Becauseof variationsin genenamespelling,we usea specialtokenizerfor both
MedLine abstractsand SynSetntries,to normalizethe genename.The tokenizer
convertsthe input text into a sequencef tokens,whereeachtokenis eithera se-
guenceof lowercasdettersor a sequencef numbersWhite spacesaandall other
symbolsare treatedastoken delimiters.For instance the differentsynoryms for
genecAMP dependenproteinkinase2, “PKA C2”, “Pka C2”, and“Pka-C2", are
all normalizedto the sametoken sequencépka c 2” to allow themto matcheach
other A MedLine abstractis consideredas beingrelevant only if it matcheshe
tokensequencef a synorym exactly.

3.2.2 Synonynftiltering

Somegenesynorymsareambiguousfor example the genename“PKA” is alsoa
chemicattermwith a differentmeaningln thesesituationsadocumentontaining
the synorym with analternatve meaningwould beretrieved. Our stratgy of alle-
viating this problemis basedon the obsenationsthat (1) the longeror full name
of ageneis oftenunambiguous(2) whena genes shortabbreviationis mentioned
in adocumentjts full or longernameis often presentswell. Thereforewe force
all retrieveddocumentgo containat leastonesynorym of thetargetgenethatis at
least5-charactetong.

3.3 InformationExtractionModule

Theinformationextractionmoduleextractssentencesontainingusefulfactualin-
formationaboutthe target genefrom the documentseturnedby the keyword re-



trieval module.To ensurethe precisionof extraction,we only considersentences
containingthe targetgene which arefurtherorganizedinto the six generalaspects
listedin Tablel, which we believe areimportantfor genesummaries.

Tablel
Aspectsor GeneSummary

GP GeneProductdescribingthe product(protein,rRNA, etc) of thetamgetgene.
EL Expressioriocation,describingwherethetamgetgeneis mainly expressed.

Sl Sequencénformation, describingthe sequencénformation of the tamgetgene
andits product.

WFPI  Wild-type Function& Phenotypidnformation,describingthe wild-type func-
tionsandthe phenotypidnformationaboutthetargetgeneandits product.

MP Mutant Phenotypedescribingthe informationaboutthe mutantphenotype®f
thetamgetgene.

Gl Geneticallnteraction,describingthe geneticalinteractionsof the target gene
with othermolecules.

Our mainideafor sentencextractionis to leveragethe existing trainingresources
(suchasFlyBase)to learna modelfor eachsemanticaspectandusesuchmodels
to categyorizethetop ranked sentencesto appropriatesemantiaspects.

3.3.1 Training Data Geneation

To helpidentify informative sentenceselatedto eachaspectwe constructa train-
ing datasetconsistingof “typical” sentencefor describingeachof the six aspects
usingthreeresourcesthe Summarypagesthe Attributeddatapagesandtherefer
encef eachgenein FlyBase.

The “Summary” Paragraph: FlyBasecuratorshave compressedll the relevant
informationabouta geneinto a shortparagraphthe text Summaryin the FlyBase
report.This paragrapltontainsgoodexamplesentence$or eachaspecof agene.
A typical paragraplcontainsinformationrelatedto geneproduct,sequencénfor-
mation,geneticalinteraction,etc. More importantly verbssuchas“encode”,“se-
guence’and“interact” in thetext arevery indicative of which aspecthe sentence
is relatedto. Basedontheregularstructureof thesetext summarieswe decompose
eachparagraphnto our six aspectsith non-releantsentencediscarded.

However, sincethesesentenceareautomaticallygeneratedby lling theinforma-
tion in FlyBasedatabasemto a commontemplate they arenot goodexamplesof
typical sentenceshat appearin real literature.For instance geneticalinteraction
canbedescribedn mary differentwaysusingverbssuchas“regulate”, “inhibit”,

“promote” and“enhance”.In the“summary” paragraphit is alwaysdescribedis-



ing thetemplate'lt interactggeneticallywith ..”. Thuswe alsowantto obtaingood
examplesof original sentencefrom theliterature.

The “Attrib uted Data” Report: One resourceof original sentencess the “at-
tributeddata” reportfor eachDrosophilageneprovided by FlyBase.For someat-
tributessuchas“moleculardata”, “phenotypicinfo.” and“wild-typefunction”, the
original sentencefrom literaturearelisted. Thesesentenceseemo begoodcom-
plementsof the training datafrom the “summary” paragraphln our system,we
collectthe sentencefrom “phenotypicinfo.” and“wild-type function” astraining
sentencefor theaspecWFPI.

The References:For aspectssuchas “gene product” and “interacts genetically
with”, the “attributeddata” reportsonly list the nounphraseselatedto the target
genebut do notshav any completesentencedn orderto nd the patternsof sen-
tencexontainingsuchinformation,we exploit thelinks to thecorrespondingefer
encegivenin the“attributeddata”reportsto nd thePubMedID of thereference.
We thenlook for occurrence®f the item, i.e., a proteinnamein “gene product”
or anothergenenameinteractsgeneticallywith”, in the abstracof the reference.
We addthe sentencecontainingboth the item andthe target geneto our training
data.Inclusionof thesesentencess usefulbecauseserbssuchas“enhance”and
“suppress’how appeain thetrainingdata.

3.3.2 Sentencé&xtraction

Our generaideafor sentencextractionis the following: We rst exploit ary pro-
posedmethod(seeSectiond) to computetherelevancescoreS for eachsentence-
aspecpair. To ensurereliableassociatiorbetweernsentenceandaspectsfor each
sentencewe rank all the aspectdasedon S andkeeponly the top two aspects.
The rationalebehindit is that a sentencanay containmore thanone aspectof a
gene For instanceasentencelescribinghe mutantphenotypeof agenemayhave
informationaboutthe molecularfunction of this gene.Thereforewe empirically
only considerthetwo mostdominantaspect®f informationin a sentence.

To generatea structuredaspect-basedummary for eachaspectwe rank all the
keptsentencesaccordingto S andpick thetopk sentencesSuchanaspect-based
summaryis similar to the “attributeddata”reportin FlyBase.

It is clearthat amongall the componentsn the proposedgenesummarization
methodthemainchallengds sentencextraction.More speci cally, thechallenge
is to designan appropriatescoringfunction for scoringa sentencev.r.t. a seman-
tic dimension.In the following section,we presentseveral differentmethodsfor
solvingthis problem.



4 SentenceExtraction Methods

As discussedn the previous section,our generalideafor sentencesxtractionis
to rst computeaspecimodelsbasedon training data,thencomputethe relevance
scoreof eachsentenceawith respectto eachaspectand nally extract sentences
for eachaspecbf thetargetgene We presentifferentmethodgor modelingterm
usagesasedon the training dataandscoringsentence$or eachsemanticaspect:
vectorspacenodelandprobabilisticlanguaganodel.We now discusseachin de-
tail.

4.1 \ectorSpaceModel

We canusethevectorspacanodelandcosinesimilarity functionfrom information
retrieval to assigrarelevancescoreto eachsentencev.r.t. eachaspectSpeci cally,
For eachaspectwe constructa correspondingerm vector V. usingthe training
sentence$or the aspectFollowing acommonlyusedinformationretrieval heuris-
tic, we de ne the weight of a termt; in the aspectterm vector for aspectj as
w;j = TF;; IDF;, whereTF;; is thetermfrequeng, i.e., the numberof times
termt; occursin all thetrainingsentencesf aspecj , andIDF; is theinversedoc-
umentfrequeng. IDF; is computedasIDF; = 1+ Iogr’:'—i, whereN is the total
numberof documentsn our documentcollection,andn; is the numberof doc-
umentscontainingtermt;. Intuitively, V. re ects the usageof differentwordsin
sentencedescribinghe correspondin@spect.

Similarly, for eachsentenceve canconstructa sentenceaerm vector Vs, with the
samelDF andthe TF beingthe numberof timesa term occursin the sentence.
Theaspectelevancescoreis thenthe cosineof the anglebetweernthe aspecterm
vectorandthesentencéermvector:S = cogV,; Vs).

4.2 ProbabilisticMethods:Language ModelingApproades

Alternatively, we mayalsouselanguagenodelsto scoreasentencéor eachaspect.
Speci cally, differentlanguagenodelingapproachesanbeusedto estimatealan-
guagemodelfor eachaspectThento computetherelevancescoreS betweereach
sentence-aspepair, we canusethe negative KL-divergencefunctionto measure
thesimilarity betweertheretrieved sentencendthe aspectanguagemodel.

X X
S= D(sli m)= pwj s)logp(wj m) p(wj s) logp(wj s);

w w

where s, n, representshelanguagemodelof the sentenceandthe aspectespec-
tively.



Note that usingKL-divergencefor scoringis equvalentto usingthe Naive Bayes
classi erto classifyasentencénto asemanti@aspecastheentrogy termin theKL-
divergenceformula doesnot affect ranking of aspectsvhereashe crossentroyy
termis equivalentto thelog-likelihoodof the sentencgivenamodel.

p(wj s) canbe computedusing relatve frequeny of wordsin sentences. The
main challenges thushow to computep(wj ). Onesimplemethodfor estimat-
ing the aspectlanguagemodel could be basedon the relative word frequeng in
thetrainingdataof eachaspecsmoothedy the word frequeng of the whole col-
lection. Thatis, we cansimply computethe aspectanguagemodelby p(wj ;) =
sP(Wj 8) + (1 )%, wherep(wj g) = 25552, o(w; C) is thecountof
word w in the trainingdocument<C; of aspeci, anciv is thejoint vocalulary of
the training collectionandtestcollection. We denotethis methodasthe baseline

languagenodelmethod(baseLM).

The baselinelanguagemodel methodcan be further improved in several ways.
First, commonEnglishwordsandthosedomain/gene-speci evordsin the train-
ing dataare both generallynoisewhenwe try to extract the languagemodelsof
speci ¢ information. For example,in our task,the wordslike “gene, protein, bi-
ology, experiment” are not informative words for ary aspect.Clearly, the above
simplelanguagemodelestimationcannot Iter outthis kind of noise.Hence we
proposewo moresophisticatedjeneratie probabilisticmixture modelsto remove
the noiseandexpectto extractmoregeneralandrobustlanguagenodelsfor mod-
eling the word distribution of eachaspect.The rst approachs a variantof the
cross-collectiommixture model (CTM) proposedn (Zhai et al., 2004),which in-
tendsto extractthe discriminatve aspectmodelsby takinginto consideratiorthe
hiddenbackgroundnodelof the whole collection. The secondoneis a variantof
the contectual probabilisticlatentsemanticanalysis(CPLSA) model proposedn
(Mei and Zhai, 2006), which attemptsto further factor out training-gene-speci ¢
languagemodels(i.e., noise)embeddedh thetrainingsentences.

As mixture models,bothapproachesxplicitly distinguisha commonbackground
modelthatcharacterizesommoninformationover a collectionof documentgrom
specialtopic modelsthat characterizéopic-speci c informationin the text. They
alsodistinguishbetweerdifferenttopic modelsthatcharacterizalifferentinforma-
tion in differentcontect. Theseapproachesvolve commonbackgroundnodelas
well as multiple topic-speci ¢ models.The underlyingbasicideais to treatthe
words as obsenationsfrom a mixture model where the componentmodelsare
thetopic-speci cword distributionsandthe backgroundvord distributionsacross
differentdocumentcollections.The ExpectationMaximization (EM) algorithmis
usedto estimatehetopic-speci cmodelswhich peoplearemostlyinterestedn. In
ourtask,weaimto applythesemixturemodelmethodgo obtaintheaspect-speci ¢
word distributionsp(wj ). The EM algorithmwill terminatewhenit achievesa
local maximumof the datalik elihood.

10



In ourexperimentsye usemultiple trialsto improve thelocalmaximumwe obtain.
In the following, we discusseachapproachn detail,andgive correspondingeM
updatingformulas.

4.2.1 DiscriminativeAspectModel

In orderto remove from the estimatedaspecimodelsthe noiseof the background
wordsover thewhole collectionof the training data,thusalsomake the estimated
modelsmorediscriminative, we adoptthe cross-collectiormixture model (CTM)
proposedn (Zhai et al., 2004). Figure. 3 illustratesthe idea of explicitly distin-
guishingcommonbackgroundmodelthat characterizesommonwordsacrossall
aspectdrom specialaspectmodelsthat characterizeaspect-speci anformation.
By ltering the backgroundmodelfrom the aspectmodels,we expectto extract
morediscriminatve languaganodelsthatcaneffectively differentiateword usages
of differentaspects.
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Fig. 3. Discriminative AspectModel

The training datafor eachaspect is collectedas sub-collectionC;. Speci cally,
letC= fCy;Cy;  ;Crg bem sub-collectiondor m aspectsrespectrely. Let

1, m bem aspecunigramlanguagemodels(i.e., word distributions)and g
be a backgroundnodelfor thewhole collectionC. A documend is regardedasa
sampleof thefollowing mixture model.

pa(w) = sp(wj )+ (1 B)P(W] i);

wherew isaword,d 2 C;, g isthemixing weightof the backgroundnodel .
Thelog-likelihoodof theentirecollectionCis

X X X _ _
logp(C) = fo(w;d)log[ sp(wj s8) + (1 B)p(W i)lg

i=1 d2C; w2V

wherec(w; d) is thecountof word w in document.

Accordingto the EM algorithm,thefollowing iterative updatingformulasareused
to estimateall the parameterd.z4., g is a hiddenvariableandp(zy., = 1) indicates
thatthewordw in documend is generatedby theaspecmodeli.

11
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Theestimated ; canthenbeassumedo be our semantiaspecmodelsfor scoring
retrieved sentences.

4.2.2 GenenlizableAspectModel

In the above models,we only take into consideratiorthe word usagefor eachas-
pect.However, asthetraining sentencearepreparedrom a sampledsetof genes,
they alsocontaingene-speci anformationwhich we wantto avoid whensumma-
rizing geneghataredifferentfrom this training set.For example,sentenceabout
a genewhich encodedranscriptionfactorusuallycontainmary termsabouttran-
scription,like “DNA binding, regulation,transcriptional”.The desirabldanguage
modelextractedto represeneachaspectshouldbe generalandgene-independent,
thuscanbeusedto summarizeary new gene.

However, in previousmethodsthereis nomechanisnto Iter outthisgene-speci c
informationfrom theaspectanguagenodel.Recallthateachtrainingsentencéas
two features:it is abouta geneandit is associatedvith an aspect.In previous
modelswe only consideredhe associatiorbetweereachtraining sentencendits

relevantaspectputignoredtheinformationthateachtrainingsentencés originally

from aspeci c gene.Thespeci c semanti@aspectindthespeci ¢ genecanbothbe
regardedasindicatinga “context” to which the sentencéelongsin this sensethe
modelspresentedh theprevioussubsectiortanconsideonly onecontext informa-
tion (i.e., aspectontext), but arenot applicableto modelmultiple typesof context

information (i.e., aspectsand genes).We thus adoptthe contextual probabilistic
model(CPLSA) proposedn (Mei andZhai, 2006)to addres$oththeaspecton-
text andthe genecontext when estimatingthe aspectmodels.In effect, this is to

further Iter outthe gene-speci cword distributionsfrom the aspectmodels.We

thusexpectto seeit achievesbetterperformancehanthe methodgresentedhn the
previoussubsection.

Speci cally, by modelinga training sentencen the contet of all sentenceabout
the sameaspect,we can extract aspeclanguagemodels.On the other hand, by
modelingsentence# the contet of all sentencesboutthe samegene,we can

12



modelthe gene-speci cinformation and distinguishit from the aspectlanguage
models.Thismodelintendsto make theaspecimodelsmoregenerabndapplicable
to arbitrarygenes.

In our task,eachdocumentis associatedvith two typesof contets: the geneg
which it describesandthe aspeck whichit is associatedavith. From the view of
eachdifferentcontet (i.e., aspectandgenes)the correspondinganguagenodel
representshe word distribution of this context. Our goalis to extractthelanguage
modelsassociateavith theaspectontexts but notthegenecontets. Thedetailsof
contextual themeanalysisandtheoriginal CPLSAmodelcanbefoundin (Mei and

Zhai, 2006).
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Fig. 4. GeneralizabléspectModel Extractionby Contextual Analysis

Figure.4 illustratesthe ideafor modelingtwo typesof contet information, i.e.,
aspectandgenesin thismodel,we assuméhatdocument (with context features
Cy) isgeneratedby generatinggachwordin it asfollows: (1) Chooseaview v; from
a contet accordingto the view distribution p(vijd; Cq); I(,2) Generatea word from
thelanguagemodel ; of theview v;. Thatis, ps(w) = ;" p(vijd; Ca)p(wj i),
where ; (i = 1;2;:::;m) representthe m aspectmodelswe are interestedto

modelswe wantto Iter out. Thelog-likelihoodof thewhole collectionis

X X X0 _
logp(C) = c(w; d) log | p(vijd; Cq)p(wj i)

d2C w2V i=1

Theparameteraretheview selectiormprobabilityp(vijd; Cy), thethemedistribution
p(wj ).

The mixture modelcanbe t to a contetualizedcollection C usinga maximum
likelihoodestimator The EM algorithmcanbe usedto estimatehe parameterby
thefollowing updatingformulas,wheref z,,.;.q g is a hiddenvariableandp(zyi.q =
1) indicatesthattheword w in document is generatedby model ;.
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v o PM(vijd; Ce)p™M (wj )
p(an;d = 1) = 'Pirg:ln p(”)(ViOJd;Cd)p(”)(wj i0)
w3V c(w; d)p(zw;ia = 1)
irg:;jn I w2V c(w; d)p(zw;io;d =1
quC(W; d)p(zw;i;d = 1)

WOV ' da2c C(WS d)p(zwoia = 1)

P (wjd; Co) = P

p™D (wj ) = P

Theestimated; (i = 1;2;:::;m) canthenbe assumedo be our semanticaspect
modelsfor scoringretrieved sentences.

5 Evaluation Experiments
5.1 ExperimenSetup

We retrieve 22092 MedLine abstractsas our documentcollection usingthe key-
word “Drosophila”. We usethe LemurToolkit ® to implementthe summarizersve
proposedAs explainedin Section3.3.1,we usethe subcollectiorwhich consists
of 20%genesn FlyBasefor modeltrainingpurposelt contains7391sentences
total.

The rst stageof keyword retrieval is very straightforward, and can be imple-
mentedusingstandardnformationretrieval techniquesTo handlegenenamevari-
ationsandimprove theaccuray of retrieval, we applya heuristicmethodon top of
regularkeyword matching.Methodsdevelopedfor this stageareintuitive andstan-
dardasa generalretrieval taskon genomicliterature ,thuswe would not presenia
formal evaluationhere.Instead we focusthe evaluationon the secondstage,i.e.,
sentenceextraction,which is more challenging.In our experimentswe compare
the performanceof differentsummarizershby meansof extractingsentencefrom
thesamesetof sentencesetrievedfor eachtargetgene.

5.1.1 Gold Standad

Sincethe semi-structurediteraturesummarizatioris a novel problem,thereis no
existing gold standardlt is very dif cult to createa large judgmentsetmanually
In our experimentsye randomlyselect20 genedrom FlyBasefor evaluation.For
eachgene,we asktwo expertsto assigneachcandidatesentenceao at mosttwo
mostrelevantaspectseparatelyThenthe sentencethataredecidedasrelevantto

3 http://wwwlemurproject.ay/, a C++ toolkit supportingavarietyof informationretrieval
functions.
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a certainaspectare collectedasthe judgmentfor this genein this corresponding
aspect.Thereis no constrainton the lengthof the gold standardssummary These
two setsof 20 multiple aspecbasedsummariesreusedasthegold standardor our
experimentspasedon which all summariegeneratedy the differentapproaches
areevaluated.

5.1.2 EvaluationMetrics

ROUGE is an evaluationpackagesuggestedhy DUC# andcommonlyused(Sun
et al., 2005) to automaticallyevaluateboth single-documensummarizatiorand
multi-documentsummarizatiorsystemgLin andHovy, 2003;Lin, 2004).1t pro-
videsa suite of evaluationmetricsto measurehe similarity betweensystemgen-
eratedsummarieandthe judgmentsn severalways,suchasn-gramoverlapping,
longestcommonsubsequencand skip-bigramco-occurrenceinsteadof simple
matching/non-matchinglhis is especiallydesirablefor genesummarizatiorbe-
causethe sentencesetrieved for a geneare from multiple papersthusthereare
usually multiple sentencesvhich arevery similar to eachotherin termsof cov-
ering someaspectof the gene.All thesesentencegrereasonabléo be selected
for a summary Among all the evaluationmetricsin ROUGE, ROUGE-N(models
n-gramco-occurrencelN = 1, 2, 3) andROUGE-W-1.2 generallyperformwell in
evaluatingsingle-documendummarizatioraccordingo (Lin andHovy, 2003;Lin,
2004).We evaluateour systemwith all themetricsprovidedby ROUGE,andreport
ROUGE-1,ROUGE-2,ROUGE-3andROUGE-W1.2.

5.1.3 TheBaselines

Sincethereis no existing systenmfor semi-structuregdummarizationye selectser-
eralgeneralpurposesummarizatiorsystemsasthe baselineso be comparedwith
our methodsMEAD ° is awell known, publicly available summarizatiortoolkit
which accommodateboth extractive multi-documentsummarizatiorand single-
documentsummarization(Rader et al., 2003). Three baselinesummarizersare
providedby MEAD: randomextraction- the summarizeextractingsentencegsan-
domly, lead-basedxtraction- the summarizeextractingsentencefrom the front
of eachdocumentandMead-Single- a featuredsingle documentsummarization
systemwhich integratestext featuressuchaskeywords,sentencéength,sentence
position,andclustercentroids We usethe default settingof the MEAD toolkit. In
all thesethreesystemsyve pool all the sentencesetrievedby the Retrieval Module
for eachgeneasa singledocument.Thesegeneralpurposesummarizatiomrmeth-
odsarereasonabl®aselineso evaluateour systemanddenotecasRAND, LEAD,
MEAD respectiely in our experiments.

4 http://duc.nist.ge/
5 http://www.summarization.com/mead/
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In additionto the threerunsfor the abore baselineswe run four experimentsto
evaluateour proposednethodsn sentencextractionasfollows:

Run1(VSM): usethevectorspacemodelproposedn Section4.1.
Run2(baseLM): usethe simplelanguagemodelingapproachpresentedn Sec-
tion 4.

Run3(DAM): usethediscriminatve aspecimodelproposedn Section4.2.1.
Run4(GAM): usethegeneralizabl@specimodelproposedn Sectiord.2.2.

5.2 Comparisorof Sentenc&xtractionMethods

UsingROUGE, We evaluatetheresultsummarie®n six aspectandtwo gold stan-
dardsseparatelythentake the averagescoreover the six aspectandtwo standards
asthe nal evaluation.Table3 summarizeghe averagedAverage_R scorefor all
evaluatedmethodson sentenceextraction. We vary the length of summariedor
eachaspectamongl, 5, 10 and 15 sentencedNote thataswe did not nely tune
theparametersor thefour proposednethodstheresultsfor themarenotnecessar
ily their optimalresults.Thedefault selectionof parametersrepresentedn Table
2 unlessotherwisespeci ed.

Table2
Default Selectionof Parametenalues

Method baselLM DAM GAM
Parametevalue| g = 01| g=08| g =03

FromTable3, we make anumberof obsenationsasthefollowing:

Comparisoramongbaselinemethods

Among the three baselinemethods MEAD performssigni cantly betterthan
RAND andLEAD. This is not surprising,sinceMEAD is a featureddocument
summarizatiorsystemwhich integratesmary text features whereasthe other
two simply extractsentencesandomlyor from thefront of eachdocumentThe
advantageof MEAD over the othertwo methodsdecreasewhenthe summary
grows longer This is becausehe evaluationon very long summarieswill be
affectedby the unavoidably redundang within the summarythusthe evaluation
might notreliably re ect the effectivenesof the methods.
Baselinemethodw/s.proposednethods

By mostmetrics,our proposedmethodsperformbetterthanthe baselinemeth-
ods.We alsoobsenre that, the evaluationresultof metricROUGE-1is inconsis-
tentwith the othersespeciallywhenthe summarylengthincreasegi.e., >= 10
sentences)Only in this case the bestbaselineapproaciMEAD achieresbetter
scorethanour proposedmnethodsin this casethe othertwo baselinemethods
(RAND, LEAD) alsoshawv exceptionallyhighscoresThisis becaus&ROUGE-1
only measureshe coverageof unigramsin the standardsummarythe common
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backgroundvords,like“gene,protein,Drosophila”,occurvery frequently most
of which appearalone(i.e., notassociatedh ann-gramphrase)Whenthe gen-
eratedsummarylength increasesthe matchingof thesecommonbackground
wordswill affectthe evaluationscoressigni cantly. However, in termsof other
metricslike ROUGE-2,ROUGE-3,the commonbackgroundvordsarelessef-
fective because¢hey measureébigram/trigramco-occurrencedJnderthesemet-
rics, MEAD couldnotachiese higherscorethanour proposednethodsWe also
obsene consistentesultby ROUGE-4.The outperformingof languagemnodels
andthe vectorspacemodelover baselineapproachesdicatethatour proposed
methodsareusefulfor automaticallygeneratingeemi-structuredenesummaries
from biomedicalliterature,while the generalpurposesummarizersio not sere
this purposevery well.

Generallyspeaking a reasonablyshortsummary(e.g.,5 sentencesor each
aspecbf agene)is enoughto capturethe key informationof a geneandis pre-
ferred. Long summarieausually carry redundaninformation. By investigating
the scoresover differentsummarylength,we alsonoticedthatthe advantageof
our proposednethodsover baselinemethodsaremostsigni cant whenthesum-
mary is short. The main reasonis that, unlike MEAD, we do not considerary
redundang removal in sentenceselection.Thelongerthe summaryis, themore
theresultwill beaffectedby theredundang betweerthesentencepickedby our
methodslt alsosuggests directionfor our future work to develop techniques
onremaoing redundang in generatinga semi-structuregummary
Probabilisticlanguage modelvs.vectorspacemodel
Vector spacemodel performsslightly betterthanlanguagemodelsonly when
thegeneratedummaryis very short(i.e., one-sentenceummary)ln fact,thisis
not surprisingbecauseave useda simpleimplementatiorof vectorspacemodel
without documentengthnormalization It favorslongersentencedndeed,we
obsenred that the sentencegpicked by this modelarelongerthanthosepicked
by the others.Thuswhenthenumberof sentencés small,it hasa higherchance
to cover morewordsin the gold standardsummary especiallyunigrams which
malkesit achieve slightly higherROUGE-1scoresincethe reportedAverage-R
scorefavors high recall. However, wheninvestigating N-gramsinsteadof single
terms,long sentenceslo not necessarilyhave high recall. Thatis why when
ROUGE-2,3 areused VSM is notthebest.Also whentheresultsummaryength
increasesthis outperformingdisappears&nd vector spacemodelis beatenby
languagemodelswith largermaigin.

Baselindanguage modelvs.discriminativeaspecimodel

The discriminatve aspectmodel (DAM) only performsbetterthanthe simple
baselinelanguagemodel (baseLM) whenthe length of the summaryis 5 sen-
tences.Thesetwo methodsseemquite comparableFrom this evaluation,it is
unclearto seewhich oneappliesbetterin ourtask.Furtherstudiesn comparing
moreelaboratevectorspacemodelsandoptimizeddiscriminatve aspecimodel
onthis summarizatiotaskmay provide moreinsight.
Genenlizableaspecimodelvs.otherprobabilisticlanguage models
Thegeneralizablaspecmodel(GAM) is themostsophisticateanethodamong
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thethreeprobabilisticlanguagenodelapproacheandthe only onewhich takes
into consideratiorthe genelabelsof trainingsentencedith all evaluationmet-
rics, it performsthebestamongtheproposedanguagenodelsasexpected GAM
alsooutperformsall the othersummarizationmethodswith mostevaluationmet-
rics. Theonly exceptionsarethatit haslower ROUGE-1score(1) thanthe vec-
tor spacemodelwhengeneratingingle-sentenceummaries(2) thanthe base-
line MEAD whengeneratinglO- and 15-sentencaummariesThe reasonsare
alreadydiscussedbove. Accordingto the evaluation,the generalizableaspect
modelbasedn contextual probabilisticanalysisappearso be a very promising
approactfor our semi-structuregienesummarizatioask.

Table3

Evaluationof SentencéxtractionMethods

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-W1.2 | 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-W1.2 | 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-W1.2 | 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-W1.2 | 0.1705 0.1714 0.1973| 0.1746| 0.1983 0.1953 0.2005

In Table4, we shav a samplestructuredsummarygeneratedor the well-studied
geneAbl by collectingthe bestsentenceanked by the vectorspacemodelfor each
aspectln thissummaryall the extractedsentencearequiteinformative asjudged
by biologists.For comparisonthe human-generatdédyBasesummaryof thesame
geneisin Figurel.
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Table4
Text summaryof geneAbl by ourapproach

GP The Drosophilamelanogsterabl andthe murine v-abl genesencodetyrosine
proteinkinaseq TPKs)whoseaminoacid sequencearehighly consered.

EL In laterlarval andpupalstagesabl proteinlevels arealsohighestin differenti-
ating muscleandneuraltissueincluding the photoreceptocells of the eye. abl
proteinis localizedsubcellularlyto the axonsof the centralnenoussystemthe
embryonicsomaticmuscleattachmensitesandthe apicalcell junctionsof the
imaginaldisk epithelium.

Sl The DNA sequencencodesa proteinof 1520aminoacidswith sequencéno-
mologyto thehumanc-ablproto-oncogeneroduct,beginningattheaminoter-
minusandextending656 aminoacidsthroughthe region essentiafor tyrosine
kinaseactity.

MP The mutationsare recessie embryoniclethal mutationsbut act as dominant
mutationgo compensatéor the neuraldefectsof abl mutants.

Gl Mutationsin the Abelsontyrosinekinasegeneshav dominantinteractionswith
fasll mutations suggestinghat Abl andFasll functionin a signalingpathway
thatcontrolsproneurageneexpression.

WFPI  We have examinedthe expressiorof the abl proteinthroughoutembryonicand
pupaldevelopmentandanalyzedmutantphenotypesn someof the tissuesex-
pressingabl. abl protein,presenin all cells of the early embryoasthe product
of maternallycontributedmRNA, transientlylocalizesto the region belav the
plasmamembraneleasagefurrows ascellularizationinitiates.

6 Discussion

Although our studyis focusedon a speci ¢ semi-structuredext summarization
problem(i.e., summarizinggeneinformation),the problemsetupandthe proposed
methodsaregeneralandapplicableto otherinstance®f the problem.

Genesummarizations one of the mary caseswhere an ideal summaryshould
have somestructureand the summarysentenceshouldbe groupedaccordingto

this structure.For example,a very commoninformationneedis to nd opinions
aboutproductsfrom the Weh A summarywith positive opinionsseparatedrom

negative opinionswould be much more usefulthanonewith the opinionsmixed.

Also, theproductdan thesamdamily (e.g.,all cameras)endto sharesomecommon
subtopicdimensionge.g.,battery lens,resolution),andan informatve summary
aboutproductsshouldideally separatsentencesito thesedifferentdimensions.

In generalthe searchresultsfor any broadtopic will likely containresultsthatcan
be groupedinto differentsubtopics;correspondinglya semi-structuredummary
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with summarysentenceselectedor eachsubtopicwould oftenbedesirable.

As a generalsetup,our problemde nition involvesthe following elements(1) A

setof documentdo be summarized(2) A setof aspectdo de ne the structure
of thesummary(3) Training sentence$or eachaspectClearly, this setupcanbe
appliedto otherinstance®f the semi-structuredummarizatiorproblemprovided
thatwe cancollecttrainingsentencefor eachaspectindeed suchaproblemsetup
is mostusefulfor domainsvherethede nition of aspectss natural(e.g.,in product
summarizationand we may easily obtaintraining data.In casewe do not have

trainingdata,it is alsopossibleto createsometraining dataaslong asmeaningful
aspectzanbeprede nedin thedomain.

Giventhata problem ts to this generalsetup,all our proposednethodsjnclud-
ing the generakwo-stagestratgy andspeci ¢ sentencextractionmethoddor the
secondstage canbe applied.Althoughthe problemcanalsobe castasa sentence
classi cationproblemontopofa“ at summarizationproblem thisstrateyy would
notallow usto focuson the desiredaspectandthe summarycaneasilybe biased
toward any dominatingaspectin our approachwe ensurethe coverageof each
aspectthroughdecomposinghe summarizatiortaskinto aspect-speci csumma-
rizationtasks.

Naturally, for ary speci ¢ problem,variouskinds of heuristicscanbe exploitedto
furtherimprove performancéor bothstagesFor example we have exploitedgene
synorym resource$o improve theretrieval performancen the rst stagefor gene
summarization.

7 Conclusionand Futur e Work

In this paper we studieda novel problemin biomedicaltext mining: automatic
generatiorof semi-structureggenesummariesWe developeda systemwhich em-

ployedinformationretrieval andinformationextractiontechniques$o automatically
summarizenformationaboutgenesdrom PubMedabstracts\We proposedsereral

representate methoddor solvingthe problemandusedour systemto investicate
which computationastratgjieswould be mostsuitablefor our problem.Themeth-
odsweretestedon 20 randomlyselectedgenesandevaluatecby ROUGE.

Theresultsshav thatthe two genericmethodsproposedj.e., vectorspacemodel
andprobabilisticmodels,are both very effective for sentencextraction. The fact
that our proposedmnethodsoutperformthe baselinegeneral-purpossummarizers
indicateghatthegeneral-purposeummarizerarenotvery effective for genesum-
marization,andconsideringthe specialcharacteristicef the genesummarization
problem(i.e.,differentsemanti@spectsjs importantfor improving summarization
performanceSpeci cally, thegeneralizablaspectmodel(GAM) basedn conte-
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tual probabilisticanalysisperformsthe bestin mostcasesandappearsasa very
promisingapproachor thistask.

We realizedthatoneobviouslimitation of our approactwasits dependencenthe
high-qualitydatain FlyBase.To addresshisissuewewill in thefutureincorporate
moretrainingdatafrom databasesf othermodelorganismsandresourcesuchas
GeneRIFNn EntrezGene.We believe the mixture of datafrom differentresources
will reducethe domainbiasandhelpbuild a generaktool for genesummarization.
Also, thesix structuredaspectsle nedin this work arenotthe only possibleones;
theproposednethodsaneasilygenerateewn aspectgivencorrespondingraining
sets.

We have not consideredhe removal of redundaninformationin generatedsum-
maries.To further improve our system,we will develop techniquedo integrate
othertext featuredor redundang removal.

The generalproblemof generatingsemi-structurecdummariegepresentsa new

researchdirectionin text summarizationAlthough our approachesre proposed
for genesummarizationthey are generaland canalsobe appliedto othersemi-
structuredsummarizatiorproblems ,suchasautomatedsummarizatiorof product
reviews or blog articlesin multiple aspectsFurtherimproving our approacheand

developing nev generalmethodsfor semi-structuredummarizatiorare all very

interestingfutureresearcldirections.
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