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Abstract

We presentresultsof an empirical study of the usefulnessof
differenttypesof featuresin selectingextractive summariesof
news broadcastsfor our BroadcastNews SummarizationSys-
tem. We evaluatelexical, prosodic,structuraland discourse
featuresaspredictorsof thosenews segmentswhich shouldbe
includedin a summary. We show that a summarizationsys-
tem that usesa combinationof thesefeaturesetsproducesthe
most accuratesummaries,and that a combinationof acous-
tic/prosodicandstructuralfeaturesareenoughto build a `good'
summarizerwhenspeechtranscriptionis notavailable.

1. Intr oduction
Most text-basedsummarizationsystemsrely uponlexical, syn-
tactic, and positional information in determiningwhich seg-
mentsto includein a summary. News broadcastscontainaddi-
tional sourcesof informationthattext news storiestypically do
not, includingthebroadcaststructureandacousticandprosodic
information. While someproposedspeechsummarizationsys-
temshave investigatedsubsetsof thesetext-basedandspeech-
basedfeatures[4, 5], therearemany new featuresto consider.
And, to date,no studyhasexaminedthe relative contribution
of different featureclasses— lexical, structural,prosodicand
discourse— aspredictorsfor extractive summarization.In this
paper, weproposenew typesof featuresin somecategoriesand
compareandcontrasttheutility of thedifferentfeaturetypesfor
thesummarizationof BroadcastNews stories.

In Section2 wedescribethecorpuswe useto train andtest
extractive summarizationof news storieson. We describethe
featureswe useandthe typesof machinelearningalgorithms
we wehave investigatedfor ourclassi�cationtaskin Section3.
We thendescribeour evaluationexperimentsin Section4 and
presentourresults.In Section5 wepresentourconclusionsand
discussfuturework.

2. The Corpusand Annotations
Oursummarizationsystem[11] currentlyoperatesonBroadcast
News shows from the TDT-2 corpus. It takesaudio �les and
manualor automatictranscriptsasinputandpresentsanoutline
of thenews broadcastin a GUI interface,whichallows usersto
searchthenewscastsby content(transcriptionsaretime-aligned
to theaudio)andto accesssummariesof news stories.

To build this system,we use 216 storiesfrom 20 CNN
shows from the TDT-2 [17] corpus. This includes10 hours
of audiodata. We usedmanualtranscripts,DragonASR tran-
scriptsandaudio�les of eachshow for trainingandtest.Extrac-
tivesummariesweregeneratedfor eachstoryin theshow where

storieswereannotatedby thesameannotator. Manualtranscrip-
tions of 96 shows werefurther annotatedwith namedentities,
openingsandclosings,headlines,interviews andsound-bytes,
following a labelingmanualwhich followedACE conventions
for namedentities.Wemakeusealsoof sentence,turnandtopic
segmentationavailablein TDT-2.

Extractive summarizationconsistsof extracting segments
from original text or audio `documents'andcombiningthese
to createa humanreadable/audible/viewablesummary[9]. Al-
thoughnon-extractive summarizationsystemsarea viable ap-
proachin thetext domain,generativesummariesof spokendoc-
umentsmust be producedin text or text-to-speechsynthesis,
in either caselosing the non-lexical information in the origi-
nal. Hence,in our work on spoken documentsummarization,
we have chosento extract summariesfrom sentencesegments
identi�ed in thenewscast.Weview extractivesummarizationas
a binaryclassi�cationproblemin which we determinewhether
asegmentshouldbeincludedin thesummaryor not. Below we
describethefeaturesweuseto classifysentencesto beincluded
in asummaryandthemethodweuseto identify suchsentences.

3. Featuresand Method
In thissection,wedescribethefeatureclassesweuseto predict
sentencesto be extractedandour methodfor selectingthem,
includinglexical, structural,prosodicanddiscoursefeatures.

3.1. Lexical Features

The lexical featureswe experimentedwith include countsof
person names(NEI), organization names(NEII), andplace
names(NEIII) for eachsentence.We also includedthe total
number of named entities in a sentenceas a feature,in ad-
dition to the number of words in the curr ent, previous and
following sentence.

Someof thesefeatureslike namedentitieshave previously
beentestedin othersummarizationsystems[15, 4]. Oneof our
�ndings is theimportanceof namedentity features.Unlike text
news,in broadcasts,multiplestoriesarepresentedin onebroad-
cast,with eachstorycontainingits own distinctive namedenti-
ties.While thesenamedentitiesmaynotberepeatedfrequently
over thebroadcast,they areimportantcluesto theselectionof
summarysegmentswithin astory. For example,asentencecon-
tainingmany namedentitiesin the introductionof a storyby a
newsanchoroftenrepresentsanoverview of thestoryto bepre-
sentedand,thus,is oftenincludedin a summary.

Ourfeatureselectionalgorithmselectstotalnumberof NEs
andnumberof wordsin thesentenceasparticularlyusefulfea-
tures for predicting sentencesto be included in a summary.
For our currentpurposes,we have assumedthat we can ob-



tain accuratenamedentity labelsfrom systemssuchasBBN's
IdentiFinderTM [13].

3.2. Prosodic/AcousticFeatures

Theintuition behindusingprosodic/acousticfeaturesfor speech
summarizationis based on well-found researchin speech
prosody[6] thathumansuseintonationalvariation— expanded
pitch range,phrasingor intonationalprominence— to mark
theimportanceof particularitemsin their speech.In Broadcast
News,wenotethatachangein pitch,amplitudeor speakingrate
maysignaldifferencesin therelative importanceof thespeech
segmentsproducedby anchorsandreporters— theprofessional
speakersin ourcorpus.Thereis alsoconsiderableevidencethat
topic shift is marked by changesin pitch, intensity, speaking
rate and durationof pause[7, 16], and new topics or stories
in broadcastnews areoftenintroducedwith content-ladensen-
tenceswhich, in turn,oftenareincludedin storysummaries.

Prosodic/Acousticfeatureshavebeenexaminedin research
on speechsummarization[5] andinformationextractiontasks
[16]. Our acousticfeature-setincludesfeaturesmentionedin
[5, 4] aswell asnew acousticfeatures. It includesspeaking
rate (the ratio of voiced=total frames); F0 minimum, max-
imum, and mean; F0 range and slope; minimum, maxi-
mum, and mean RMS energy (minDB, maxDB, meanDB);
RMS slope(slopeDB);sentenceduration (timeLen= endtime
- starttime).Weextractedthesefeaturesby automaticallyalign-
ing theannotatedmanualtranscriptsor theASRtranscriptswith
the audio source. We then usedPraat[3] to extract the fea-
turesfrom the audio and experimentedwith both normalized
andraw versionsof each.Normalizedfeatureswereproduced
by dividing eachfeatureby theaverageof thefeaturevaluesfor
eachspeaker, wherespeaker identify wasdeterminedfrom the
Dragonspeakersegmentationof theTDT-2 corpus.Normalized
acousticfeaturesperformedbetterthanraw values.

Our duration feature, `sentenceduration', representsthe
length in secondsof the sentence.Our motivation for includ-
ing this featuresis twofold: Very shortsegmentsarenot likely
to containimportantinformation.On theotherhand,very long
segmentsmay not be useful to include in a summary, simply
for concernsaboutproviding over-longsummaries.This length
featureis canaccommodatebothtypesof information.We ob-
tain sentencelengthby subtractingtheendfrom thestarttime
for eachsentence.

Our featureselectionalgorithm�nds thattimeLen,minDB
andmaxDB areparticulardiscriminatory, while pitch features
are,curiously, amongtheleastusefulof theacousticfeatures.

3.3. Structural Features

BroadcastNewsprogramsexhibit similarstructure,particularly
broadcastsof thesameshow from thesamenewschannel.Each
usuallybegins with an anchoror anchorsreportingthe head-
lines,followedby theactualpresentationof thosestoriesby the
anchor, reporters,andsometimesinterviewees. Programsare
usually concludedin the sameconventionalmanner. We call
thefeatureswhichrely uponaspectsof thispatterningandfrom
the overall structureof the broadcaststructural features [11],
comparableto [4]' s style features. We have previously shown
that structuralfeaturesareusefulpredictorsof extractive sum-
mariesof BroadcastNews [11].

The structuralfeatureswe investigatedfor our study in-
clude normalized /sentenceposition in tur n, speaker type
next-speaker type, previous-speaker type, speaker change,
tur n position in the show andsentenceposition in the show.

Only reporters'turns are so marked in the TDT-2 corpus,so
ourspeaker typefeatureis binary, `reporteror not'. This unfor-
tunatelycon�atesanchorturnswith thoseof intervieweesand
soundbytespeakers.

3.4. DiscourseFeatures

Somesummarizationsystems[12] have includeddiscoursefea-
tures,suchas[12]' sdiscoursetrees,whichmodelstherhetorical
structureof a text to identify importantsegmentsfor extraction.
Wehave exploreda differentdiscoursefeature,by computinga
measureof `givenness'in our stories.Following [14] we iden-
tify `discoursegiven' informationasinformationwhichhaspre-
viously beenevokedin a discourse,eitherby explicit reference
or by indirect (in our case,stem)similarity to othermentioned
items. Our intuition is that given information is lesslikely to
be includedin a summary, sinceit representsredundantinfor-
mation. Our given/new featurerepresentsa very simpleimple-
mentationof this intuition andproves to be a usefulpredictor
of whethera sentencewill beincludedin a summary. This fea-
ture is a scorethat rangesbetween-1 and 1 with a sentence
containingonly new informationreceiving a scoreof `1', anda
sentencecontainingonly `given' informationreceiving `-1'. We
calculatethisscorefor eachsentenceby thefollowing equation:

S(i ) =
n i

d
�

si

t � d
(1)

Here,n i is the numberof `new' noun stemsin sentencei , d
is the total numberof uniquenounstemsin thestory; si is the
numberof nounstemsin thesentencei thathave alreadybeen
seenin thestory;andt is thetotal numberof nounstemsin the
story.

The intuition behindthis featureis that, if a sentencecon-
tainsmorenew nounstems,it is likely thatmore`new informa-
tion' is includedin the sentence.The term n i =d in the equa-
tion 1 takes accountof this `newness'. On the other hand,a
very long sentencemayhave many new nounsbut still include
otherreferencesto itemsthathave alreadybeenmentioned.In
suchcases,we would want to reducethe given-new scoreby
the`givenness'in thesentence;this givennessreductionis take
into accountby s i

t � d . As we will show in Section4, this simple
measureimprovesoursummarizationF-measure.Wehavealso
experimentedwith variationsonthisscoresbut found1 to yield
thebestperformance.

4. Experimentsand Results
Wecomparedthecontributionof ourlexical,acoustic,structural
anddiscoursefeature-setsto predictingsentencesto beincluded
in summariesusinga numberof differentlearningalgorithms,
testmethods(cross-validationwith resamplingor held-outtest
sets),andfeatureselectionalgorithms.Wefoundthatthecontri-
butionof ourvariousfeatureclassescouldbestbeexaminedus-
ing a BayesianNetwork classi�er with 10-fold crossvalidation
(with resampling),onfeaturesselectedbyaprocedurethatcom-
binessubsetevaluationwith rank searchand best-�rst search
[18]. We measuredperformanceby computingprecision,re-
call, andF-measure.Resultsof thesefeature-setcomparisons
areshown in Figure1.

Weconstructedabaselinefor this taskby concatenatingthe
�rst 23% of sentencesfrom eachshow, sinceour modelsum-
marieswere,onaverage,23%of thelengthof thesourcedocu-
ments.Sucha baselineis very strict for BroadcastNews,since
thesestoriesarequite short,with averageof 18.2sentencesin



Figure1: F-measurewith 10 fold cross-validation

eachstory. Usingthisapproach,ourbaselineF-measureis 0.43,
recall is 0.43andprecisionis 0.43.

FromFigure1 we canseethat thebestperformingexperi-
mentscombineall thefeature-setsL + A + S + D . This gives
an F-measureof 0.54, recall of 0.61,precisionof 0.49andan
accuracy of 73.8% on our datasetwith 10-fold crossvalida-
tion. Our systemthushasan F-measurewhich is 11% higher
than the baseline. The F-measuresfor the individual feature-
setswhentestedaloneare: discourse(0.13),structural(0.33),
acoustic/prosodic(0.47)andlexical (0.49). So we seethat the
lexical and acoustic/prosodicfeature-setsperform bestalone,
both surpassingthe baseline. When we combinethesetwo
feature-sets,our F-measureis 0.52. Adding structuralfeatures
improvesperformanceto 0.54,andaddingdiscoursefeaturesas
well improvesourF-measureto 0.544.

When we add only discoursefeaturesto the lexical and
acoustic/prosodicfeature-sets,performanceis 0.53. However,
whenwe look at the performanceof structuralfeaturesalone,
comparedto that of structuralplus discoursefeatures,we see
that the F-measureimproves from 0.33 to 0.39. Discourse
featuresaddedto lexical improve the F-measurefrom 0.49 to
0.50,and,addedto acoustic/prosodicfeatures,improve the F-
measurefrom 0.47 to 0.48. So, thereappearsto be more re-
dundancy of our discoursefeatureswith acoustic/prosodicand
lexical featuresthanwith thestructuralfeature-set.

To look more speci�cally at which of the featuresin our
feature-setsare most useful for predictingsummarysentence
selection,we performedfeatureselectionon our entiresetof
featuresusing a selectionalgorithm that computedindividual
predictive power of eachfeatureandtheredundanciesbetween
features.The � ve mostuseful featuresareshown in Table1.
Note that the bestperformingindividual featuresinclude fea-

Table1: BestFeaturesfor PredictingSummarySentences

Rank Type Feature
1 A Time Lengthin sec.
2 L Num. of words
3 L Tot NamedEntities
4 S NormalizedSentPos
5 D Given-New Score

turesfrom all four of our feature-setswith two from thelexical

setandonefrom eachof theothers.Interestingly, thissetof � ve
wasalsoselectedasthe optimal setof featuresby the feature
selectionalgorithm. Our F-measurewith just thesefeaturesis
0.53which is only 1%lower thanthehighestF-measureshown
in Figure1.

To con�rm thatour resultsareunaffectedby choiceof clas-
si�er , wealsocomputedROCcurvesfor theclassi�erswetried.
Theareaunderthecurve(AOC)of theROCcurvecomputesthe
`goodness'of aclassi�er; thebestclassi�erwouldhaveanAOC
of 1. For theclassi�erswe examined,we obtainedanAOC of
0.771for BayesianNetworks, 0.647for C4.5 DecisionTrees,
0.643for Ripperand0.535for SupportVectorMachines.All
resultsreportedin Figure1 arefor a BayesianNetwork classi-
�er .

Oneconclusionwemightdraw from our resultsis that“the
importanceof what is saidcorrelateswith how it is said.” Intu-
itively, onemight imaginethatspeakerschangetheir amplitude
andpitchwhenthey believetheirutterancesareparticularlyim-
portant,to convey that importanceto thehearer. If this is true,
we would expectthesentencesthatour lexical featuresinclude
in asummaryto bethesameasthosepredictedfor inclusionby
ouracoustic/prosodicfeatures.Wecomputedthecorrelationco-
ef�cient betweenthepredictionsof thesetwo feature-sets.The
correlationof 0.74supportsourhypothesis.

Our �ndings also suggestit may be possibleto do effec-
tive speechsummarizationwithout the useof transcriptionat
all, whethermanual(asemployed here)or from speechrecog-
nition. Two of ourfeature-sets,acoustic/prosodicandstructural,
are independentof lexical transcription,except for sentence-
level andspeaker segmentationandclassi�cation,which have
beenshown to be automaticallyextractableusingonly acous-
tic/prosodicinformation [16, 1]. The accuracy of our acous-
tic/prosodicfeaturesalone(F = 0:47), andof our combined
acoustic/prosodicandstructuralfeatures(F = 0:50) compares
favorablyto thatof our combinedfeature-sets(F = 0:54). So,
even if transcriptionis unavailable, it seemspossibleto sum-
marizebroadcastnews effectively, even when transcriptionis
unavailable.

The resultsmentionedabove assumean exact matchof a
predictedsummarysentenceto a labeledsummarysentence.
For summarizationpurposes,this measureis generallyconsid-
eredtoo strict, sincea sentenceclassi�ed incorrectlyasa sum-
marysentencemaybeveryclosein semanticcontentto another
sentencewhich was included in the gold standardsummary.
Anothermetricstandardlyusedin summaryevaluation,which
takesthis synonymy into account,is ROUGE(Recall-Oriented
Understudyfor Gisting Evaluation) [10]. ROUGE measures
overlapunitsbetweenautomaticandmanualsummaries.Units
measuredcanbe n-gram,word sequencesor word pairs. For
ROUGE-N, ROUGE-L, ROUGE-Sand ROUGE-SU,then, N
indicates(the size of) the n-gramscomputed,L, the longest
commonsubsequence,andS andSU standfor skip bigramco-
occurrencestatisticswith andwithout optionalunigramcount-
ing. ROUGE-Nis computedusingthefollowing equation.

ROUGE � N =
�

S 2 Ref :S um

�

gr am n 2 S
Count match (gr amn )

�

S 2 Ref :S um

�

gr am n 2 S
Count (gr amn )

Figure2 presentsresultsof evaluatingour feature-setsus-
ing the ROUGE metric, with N = 1 � 4 andall of the vari-
antsdescribedabove. Theresultsshown in Figure2 aresimilar



Figure2: EvaluationusingROUGEmetrics

to thoseshown in Figure1 usingtheF-measuremetric. How-
ever, thedifferencebetweenthebaselineandourbestcombined
feature-setisevengreaterusingROUGE.Weobtainedourhigh-
estROUGEscoreof 0.85with ROUGE1andROUGE-Lwhich
is27%higherthanthebaseline.If wetakeanaverageof theper-
formanceof differentROUGEsystems,we geta meanscoreof
0.80,which is 30.3%above thebaseline.This meanscoremay
bea morereasonablemeasurethanROUGE1,sinceit includes
theperformanceof versionswhich look for morethanmereun-
igram overlap. Note that, the combinedacoustic/prosodicand
structuralfeaturesaloneobtainaROUGE1scoreof 0.76andan
averageROUGEscoreof 0.68.

5. Conclusion
In this paper, we have presentedresultsof an empiricalstudy
comparingdifferent typesof featuresthat may be useful for
speechsummarization. We have shown that a combination
of lexical, acoustic/prosodic,structural,anddiscoursefeatures
performsbestat classifyingsentencesto beincludedin a sum-
mary. With this combinedfeature-setwe obtainanF-measure
of 0.54onexactmatchingof summarysentencesandaROUGE
scoreof 0.84from ROUGE1andROUGE-L evaluations.Our
�ndings alsosuggestthataccuratespeechsummarizationispos-
siblein theabsenceof transcription,sinceouracoustic/prosodic
andstructuralfeaturesaloneobtainanF-measureof 0.50anda
ROUGEscoreof 0.76.
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