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Abstract

Automatic summariesof text gener-
ated through sentenceor word extrac-
tion has beenevaluated by comparing
themwith manualsummariesgenerated
by humans by using numerical evalu-
ation measures based on precision or
accuracy. Although sentence extrac-
tionhaspreviouslybeenevaluatedbased
only on precision of a single sentence,
sentence concatenations in the sum-
mariesshould beevaluatedaswell. We
have evaluated the appropriatenessof
sentence concatenations in summaries
by using evaluation measures usedfor
evaluating word concatenations in sum-
mariesthroughwordextraction. We de-
terminedthatmeasuresconsidering sen-
tenceconcatenation muchbetter reflect
the humanjudgment rather than those
basedonly on the precision of a single
sentence.

1 Introduction
Summarization target and approach

The amountof text is explosively increasingday
by day, andit is becoming very difficult to man-
ageinformationby reading all the text. To man-
ageinformationeasily andfind target information
quickly, we needtechnologies for summarizing
text. Although research into text summarization
started in the 1950’s, it is still largely in the re-
search phase(Mani andMaubury, 1999). Several

projectson text summarizationhave beencarried
out. 1 In theseproject, text summarization has
so far focused on summarizing singledocuments
throughsentenceextraction. Recently, summariz-
ing multiple documentswith the sametopic has
been madea target. The major approach to ex-
tracting sentencesthat have significant informa-
tion is statistical, i.e., supervised learning from
parallel corpora consisting of original texts and
their summarization (Kupiec et al., 1995) (Aone
et al., 1998)(Mani andBloedorn,1998).

Severalsummarizationtechniquesfor multime-
diaincludingimage,speech,andtext havebeenre-
searched. Manually transcribed newswire speech
(TDT data) andmeetingspeech (Zechner, 2003)
have beensetassummarizationtargets.Theneed
to automatically generatesummariesfrom speech
hasled to researchon summarizing transcription
results obtainedby automatic speechrecognition
insteadof manually transcribedspeech (Hori and
Furui, 2000a). This summarization approach is
word extraction (sentence compaction) that at-
tempts to extract significant information,exclude
acoustically and linguistically unreliable words,
andmaintain themeaningsof theoriginal speech.

The summarization approaches that have been
mainly researchedso far areextracting sentences
or wordsfrom original text or transcribedspeech.
Therehasalsobeenresearchongenerating an“ab-
stract” like the muchhigher level summarization

1SUMMAC in the Tipster project by DARPA
(http://www-nlpir.nist.gov/relatedprojects/tipstersummac)
and DUC in the TIDES project (http://duc.nist.gov/) in the
U.S. TSC (http://research.nii.ac.jp/ntcir/)in the NTCIR by
NII (TheNationalInstituteof Informatica)in Japan.



composed freely by humanexperts (Jing, 2002).
This approach includesnot only extracting sen-
tences but also combining sentencesto generate
new sentences, replacing words, reconstructing
syntactic structure,andsoon.

Evaluation measures for summarization

Metrics that can be usedto accurately evaluate
the various appropriatenessto summarizationare
needed.Thesimplest andprobably the ideal way
of evaluating automatic summarizationis to have
humansubjects readthe summariesandevaluate
them in termsof the appropriateness of summa-
rization. However, this type of evaluation is too
expensive for comparing theefficienciesof many
different approaches precisely andrepeatedly. We
thusneedautomatic evaluation metricsto numeri-
cally validatetheefficiency of variousapproaches
repeatedlyandconsistently.

Automaticsummariescanbeevaluatedby com-
paring themwith manual summariesgeneratedby
humans. Thesimilaritiesbetweenthe targetsand
the automatically processedresults provide met-
rics indicatingtheextent to whichthetaskwasac-
complished. The similarity that canbetterreflect
subjective judgments is a bettermetric.

To create correct answersfor automatic sum-
marization, humansgenerate manual summaries
through sentenceor word extraction. However,
referencesconsisting of manualsummariesvary
amonghumans. Theproblemsin validating auto-
maticsummariesby comparing themwith various
referencesareasfollows:

� correct answersfor automaticresults cannot
beunifiedbecauseof subjective variation,

� the coverageof correct answersin the col-
lectedmanual summariesis unknown, and

� the reliability of referencesin the collected
manualsummaries is notalwaysguaranteed.

Whenthe similarity betweenautomatic results
andreferences is usedfor the evaluation metrics,
thesimilarity determination function counts over-
lapping of eachcomponent or sequenceof com-
ponents in the automatic results. If concatena-
tions between componentsin a summaryhadno

meaning, the overlap of a single component be-
tweentheautomaticresultsandthereferencescan
representthe extent of summarization. However,
concatenationsbetween sentencesor wordshave
meanings,sosomeconcatenationsof sentencesor
wordsin theautomaticsummariessometimesgen-
erate meanings different from the original. The
evaluationmetricsfor summarizationshould thus
considereachconcatenation betweencomponents
in theautomatic results.

To evaluate sentence automatically generated
with taking consideration wordconcatenationinto
by using references varied amonghumans, vari-
ousmetricsusing n-gram precision andword ac-
curacy have beenproposed: word string preci-
sion (Hori and Furui, 2000b) for summarization
throughwordextraction,ROUGE (Lin andHovy,
2003) for abstracts,and BLEU (Papineni et al.,
2002) for machine translation. Evaluation met-
rics based on word accuracy, summarization ac-
curacy(SumACCY), using a wordnetwork made
by merging manualsummarieshasbeenproposed
(Hori and Furui, 2001). In addition, to solve
the problemsfor the coverage of correct answers
and the reliability of manualsummaries as cor-
rect answers, weighted summarization accuracy
(WSumACCY) in whichSumACCY is weighted
by the majority of the humans’ selections, has
been proposed(Hori andFurui,2003a).

In contrast,summarization throughsentenceex-
traction hasbeenevaluatedusing only single sen-
tence precision. Sentence extraction should also
beevaluatedusingmeasuresthattake into account
sentenceconcatenations, the coverage of correct
answers,andthereliability of manual summaries.

This paper presentsevaluation results of auto-
maticsummarization throughsentenceorwordex-
traction usingtheabove mentioned metricsbased
on n-gram precision andsentence/word accuracy
andexamineshow well thesemeasures reflectthe
judgmentsof humansaswell.

2 Evaluation Metrics for Extraction
In summarization through sentence or word ex-
traction under a specific summarization ratio, the
order of thesentencesor wordsandthe lengthof
the summariesarerestricted by the original doc-
uments or sentences. Metrics basedon the ac-



curacy of the components in the summaryis a
straight-forward approachto measuring similari-
tiesbetweenthetargetandautomaticsummaries.

2.1 Accuracy

In the field of speech recognition, automatic
recognition results are compared with manual
transcription results. Theconventional metric for
speech recognition is recognition accuracy calcu-
latedbased on word accuracy:
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where�3��� , �4�
� , !5�6# , and 

��� arethenumbersof
substitutions, insertions, deletions, and words in
the manual transcription, respectively. Although
word accuracy cannot be usedto directly evalu-
atethemeaningsof sentences,higher accuracy in-
dicates that moreof the original informationhas
beenpreserved. Sincethemeaningof theoriginal
documentsis generatedby combining sentences,
this metric can be applied to the evaluation for
sentenceextraction. Sentenceaccuracydefinedby
eq. (1) with words replacedby sentencesrepre-
sentshow muchthe automatic result is similar to
theanswerandhow well it preservestheoriginal
meaning.

Accuracyis thesimplest andmostefficient met-
ric when the target for the automatic summaries
canbesetasonly oneanswer. However, thereare
usually multiple targets for eachautomatic sum-
mary due to the variation in manualsummariza-
tion amonghumans. Therefore, it is not easy
to useaccuracy to evaluate automaticsummaries.
Subjectivevariation results into two problems:

� how to considerall possible correct answers
in themanualsummaries,and

� how to measure the similarity between the
evaluation sentence and multiple manual
summaries.

If we could collect all possible manual sum-
maries,theonemostsimilarto theautomatic result
could be chosen as the correct answer and used
for theevaluation. Thesentenceor wordaccuracy

comparedwith themostsimilar manualsummary
is denotedasNrstACCY. However, in realsitua-
tions, thenumberof manualsummariesthatcould
be collected is limited. The coverage of correct
answersin thecollectedmanualsummaries is un-
known. Whenthecoverageis low, thesummaries
arecompared with inappropriate targets,and the
NrstACCY obtainedby suchcomparisondoesnot
provideanefficientmeasure.

2.2 N-gram precision

Oneway to copewith thecoverage problem is to
uselocal matching of componentsor component
stringswith all the manualsummariesinstead of
using a measurecomparing a word sequenceas
a whole sentence,suchasNrstACCY. The sim-
ilarity canbemeasured by counting theprecision,
i.e., thenumberof sentenceor word n-gramover-
lapping between the automatic result and all the
references.

Even if there are multiple targets for an auto-
matic summary, the precision of components in
each original canbeusedto evaluatethesimilarity
betweentheautomaticresult andthemultiple ref-
erences.Precision is anefficientwayof evaluating
the similarity of component occurrence between
automaticresultsandtargetswith adifferentorder
of componentsanddifferentlengths.

In theevaluationof summarizationthroughex-
traction, a componentoccurring in a different lo-
cationin theoriginal is considered to beadifferent
componentevenif it is thesamecomponentasone
in the result. Whenan answer for the automatic
result canbe unified andthe lengths of the auto-
maticresultandits answerarethesame,accuracy
countsinsertion errorsanddeletion errorsandthus
hasboth theprecisionandrecall characteristics.

Sincemeaningsarebasically conveyedby word
stringsrather thansinglewords,word string preci-
sion (Hori andFurui,2000b)canbeused to evalu-
atelinguisticprecision andthemaintenanceof the
original meaningsof anutterance.In this method,
word strings of various lengths, that is � -grams,
areused ascomponents for measuring precision.
Theextraction ratio, 798 , of eachword string con-
sisting of � wordsin asummarizedsentence, : 	
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� 8 : eachwordstringconsisting of � words
M 8 : asetof wordstringsconsistingof � words

in all manualsummarizations.

When � is 1, 7 8 corresponds to the precision of
eachword, and when � is the samelength as a
summarized sentence(� 	 J

), 7 8 indicatesthe
precisionof thesummarizedsentenceitself.

2.3 Summarization accuracy: SumACCY

Summarization accuracy (SumACCY) was pro-
posedto cope with the problem of correct an-
swercoverage andvarious referencesamonghu-
mans(Hori andFurui, 2001). To cover all possi-
blecorrect answersfor summarizationusingalim-
ited number of manualsummaries,all themanual
summariesare merged into a word network. In
this evaluation method,the word sequencein the
network closest to the evaluation word sequence
is consideredto be the target answer. The word
accuracy of the automatic result is calculatedin
comparisonwith thetarget answerextractedfrom
thenetwork.

Sincesummarizationis processedby extracting
words from an original; the wordscannot be re-
placed by other words, and the order of words
cannot be changed. Multiple manual summaries
can be combined into a network that represents
the variations. Eachset of words that could be
extractedfrom thenetwork consistsof wordsand
wordstringsoccurring at leastoncein all theman-
ual summaries. Thenetwork madeby themanual
summariescanbeconsideredto representall pos-
siblevariationsof correct summaries.

Thesentence“Thebeautiful cherry blossomsin
Japan bloom in spring.” is assumed to be man-
ually summarized as shown in Table 1. In this

Table 1: Exampleof manualsummarization by
sentencecompaction.

SUBThebeautifulcherryblossomsin Japanbloomin spring
A The cherryblossomsin Japan
B cherryblossomsin Japanbloom
C beautifulcherry bloomin spring
D beautifulcherryblossoms in spring
E Thebeautifulcherryblossoms bloom

<s> </s> The beautiful cherry blossoms inJapan bloomin spring

Figure1: Wordnetwork madeby merging manual
summaries.

example, five words are extracted from the nine
words. Therefore,thesummarization ratio is 56%.
The variations of manualsummaries aremerged
into a word network, asshown in Fig. 1. We useR sS and R /sS asthebeginning andending sym-
bols of a sentence. Although “Cherry blossoms
bloomin spring” is notamongthemanualanswers
in Table1, thissentence,whichcould beextracted
from thenetwork, is consideredacorrectanswer.

When referencesconsisting of manual sum-
mariescannot cover all possible answers andlack
theappropriateanswerfor anautomatic summary,
SumACCY calculated using such a network is
better than NrstACCY for evaluating the auto-
matic result. This evaluation method gives a
penalty for eachword concatenation in the auto-
matic results that is excluded in the network, so
it can be usedto evaluate the sentence-level ap-
propriatenessmoreprecisely thanmatching each
word in all thereferences.

2.4 Weighted SumACCY: WSumACCY

In SumACCY, all possiblesetsof wordsextracted
from the network of manually summarized sen-
tencesareequally usedas target answers. How-
ever, thesetof wordscontaining word strings se-
lectedby many humanswouldpresumablybebet-
terandgivemorereliableanswers. Toobtainrelia-
bili ty thatreflectsthemajorityof selectionsby hu-
mans,thesummarizationaccuracy is weighted by
a posterior probability basedon the manualsum-
marization network. The reliability of a sentence



extractedfrom thenetwork is definedastheprod-
uctof theratiosof thenumberof subjectswhose-
lectedeachword to the total number of subjects.
Theweightedsummarization accuracy is givenby
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where YZ � ;-< ?�?�? ;A@a[ \ % is the reliability score of a
setof words ; < ?�?�? ; @ in themanual summariza-
tion network, \ , and

J
representsthetotal num-

berof wordsin thetargetanswer. Thesetof words

];-< ?�?�? ];`_@ representsthewordsequencethatmaxi-
mizesthereliability score, YZ ��b [ \ % , givenby
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where ; B is the k -th word in the sentenceex-
tracted from thenetwork asthetarget answer, andc �Kl 1nm [ \ % indicatesthe numberof subjects who
selected the word connection of l and m . Here,
“word connection” meansan arc in the manual
summarization network.

dfe
is thenumberof sub-

jects.

2.5 Evaluation experiments

Newspaperarticles and broadcast news speech
wereautomatically summarizedthroughsentence
extraction andword extraction respectively under
thegivensummarization ratio, whichis theratioof
thenumbersof sentencesor wordsin thesummary
to thatin theoriginal.

Theautomatic summarization results weresub-
jectively evaluated by ten humansubjects. The
subjects read these summariesand rated each
one from 1 (incorrect) to 5 (perfect). The au-
tomaticsummarieswere alsoevaluatedby using
thenumericalmetricsSumACCY, WSumACCY,
NrstACCY, andn-gram precision ( (po � orq )
in comparison with referencesummaries gener-
atedby humans. The precisions of 1-gram, ?�?�? ,
5-gram aredenotedPREC1, ?�?�? , PREC5.Thenu-
mericalevaluation results wereaveragedover the
numberof automatic summaries.

Notethatthesubjectswhojudgedtheautomatic
summariesdid not includeanyonewho generated

the references. To examinethe similarity of the
humanjudgmentsand that of the manualsum-
maries, thekappastatistics, s , wascalculated us-
ing eq. (A-1) in theAppendix.

Finally, to examine how much the evaluation
measuresreflectedthehumanjudgment,thecorre-
lation coefficients between the humanjudgments
and the numerical evaluation results were calcu-
lated.

Sentence extraction

Sixty articles in Japanesenewspaperpublished in
94, 95, and 98 were automatically summarized
with a 30%summarizationratio. Half thearticles
weregeneral news report (NEWS),andotherhalf
werecolumns (EDIT).

The automatic summarization was performed
using a Support Vector Machine (SVM) (Hirao
et al., 2003), random extraction (RDM), the lead
method (LEAD) extracting sentencesfrom the
head of articles. In comparison with these auto-
matic summaries, manual summaries (TSC) was
alsoevaluated.

These 4 types of summaries, SVM, RDM,
LEAD, andTSCwerereadandrated1 to 5 by 10
humans. The summarieswereevaluated in terms
of extraction of significance information (SIG),
coherence of sentences(COH), maintenance of
original meanings (SEM), andappropriatenessof
summaryasawhole(WHOLE).

Tonumerically evaluatetheresultsusingtheob-
jective metrics, 20 other humansubjects gener-
atedmanualsummaries through sentence extrac-
tion. Thesemanualsummariesweresetasthetar-
getsetfor theautomatic summaries.

Word extraction

JapaneseTV news broadcastsairedin 1996were
automatically recognized and summarized sen-
tenceby sentence(Hori andFurui, 2003b). They
consistedof 50 utterances by a femaleannouncer.
The out-of-vocabulary (OOV) rate for the 20k
word vocabularywas 2.5%, and the test-set per-
plexity was 54.5. Fifty utteranceswith word
recognition accuracy above 90%, which was the
averagerateover the50 utterances, wereselected
and usedfor the evaluation. The summarization
ratio wassetto 40%.
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Figure 2: Correlation coefficients between hu-
manjudgmentandnumerical evaluation resultsfor
EDIT.

Nine automatic summaries with various sum-
marization accuracies from 40% to 70% and a
manualsummary(SUB) were selected as a test
set. Thesetensummariesfor eachutterancewere
judged in termsof theappropriatenessof thesum-
maryasawhole(WHOLE).

To numerically evaluate the results using the
objective metrics, 25 humansgenerated manual
summariesthrough word extraction. Theseman-
ual summaries weresetasa target setfor the au-
tomatic summaries,and merged into a network.
Note thata setof 24 manualsummariesmadeby
othersubjectswasusedasthetarget for SUB.

2.6 Evaluation results

Figures2 and3 showthe correlation coefficients
betweenthejudgmentsof thesubjectsandthenu-
mericalevaluation results for EDIT andNEWS.
They showthat the measures based on accuracy
muchbetter reflectedhumanjudgments thanthose
of the n-gram precisions for evaluating SIG and
WHOLE for bothEDIT andNEWS.On theother
hand, PREC2 better reflected the human judg-
mentsfor evaluatingCOHandSEM.Theseresults
show that measures taking into account sentence
concatenations better reflected humanjudgments
thansinglecomponent precision. The precisions
of longer sentence strings (PREC3 to PREC5)
didn’t reflectthehumanjudgments for all thecon-
ditions. Theseresults show that meanings of the
originalarticle canmaintain by theconcatenations
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Figure 3: Correlation coefficients betweenhu-
manjudgment andnumericalevaluationresults for
NEWS.

of only a few sentencesin summarization through
sentenceextraction.

Table 2 lists the kappastatistics for the man-
ualsummariesandthehumanjudgmentsfor EDIT
andNEWS. Themanual results variedamonghu-

Table 2: Kappastatistics for manual summaries
andhumanjudgments for sentenceextraction.

DATA SUMMARIES t
EDIT manualsummaries 0.35
NEWS manualsummaries 0.39

mansandthe similarity amonghumanswaslow.
The kappa statistics for NEWS is slightly high
than that for EDIT. The differenceof similarities
amongmanual summaries is dueto thedifference
in structuresof information in eacharticle. Al-
thoughthearticlesin EDIT hada discoursestruc-
ture, NEWShadisolatedandstereotyped informa-
tion scatteredthroughout thearticles.

While the humanjudgmentsfor NEWS were
similar, thosefor EDIT varied.The difficulty in
evaluating COH andSEM in EDIT is due to the
variation in both manual summariesand human
judgment.

Figure4 shows the correlation coefficients be-
tweenthe judgments of the subjectsand the nu-
merical evaluationresults for summariesof broad-
cast newsspeechthrough wordextraction. Table3
lists thekappastatisticsfor themanualsummaries
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Figure 4: Correlation coefficients between hu-
manjudgmentandnumerical evaluation resultsfor
summariesthroughwordextraction.

andthehumanjudgmentsfor summaries through
word extraction. In word extraction, the human

Table 3: Kappastatistics for manualsummaries
andhumanjudgmentsfor wordextraction.

DATA SUMMARIES t
Broadcastnews manualsummaries 0.47

judgments and the manualsummarieswere very
similaramongthesubjects.

As shown in figure4, WSumACCY yielded the
best correlation to the humanjudgments. This
meansthat the correctnessasa sentence and the
weight(that is how many subjectssupport theex-
tracted phrasesin summarizedsentences)areim-
portant in summarization throughwordextraction.
In comparison with the results of sentenceex-
traction in Figures2 and 3, PREC1effectively
reflectedthe humanjudgmentsfor word extrac-
tion. Sincein the manualsummarized sentences
throughwordextractionunder thelow summariza-
tion ratio, the sentencesweresummarizedbased
on significance word extraction rather than syn-
tacticstructuremaintenanceto generategrammat-
ically correct sentences.

3 Conclusion
We have presented the results of evaluating
the appropriateness of the sentence concatena-
tions in summaries generatedusing SumACCY,

WSumACCY, NrstACCY and n-gram preci-
sion. We found that the measures taking into
account sentence concatenation much better re-
flectedthe judgmentsof humans thandid thesin-
gle sentence precision, so the concatenation of
sentencesin summariesshould beevaluated.

Although the humanjudgmentsand the man-
ual summariesfor word extraction did not vary
muchamongthe subjects,thosefor sentenceex-
traction for single article summarization greatly
varied amongthe subjects. As a result, it is very
difficult to set correct answers for single article
summarizationthrough sentenceextraction.

Futureworks involvesexperimentsto examine
the efficiency of eachnumerical measures in re-
sponseto thecoverageof correctanswers.
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Appendix

s is givenby

s 	
Z ��uD%v� Z ��wx%( � Z ��wx%

1 (A-1)

where
Z ��uD% and

Z ��wx% are the probabilities of
humanagreementandchance agreement, respec-
tively, so s is adjustedby thepossibility of chance
agreement. This measure was used to assess
agreementof humanselectionsfor discourseseg-
mentation (Carletta,1996).

In this study, y{z47A7|z wascalculatedusing a ta-
ble of objects andcategories(Takeuchi andMat-
sumoto, 2001).

Z ��uG% wascalculatedusing

Z ��uG% 	
(}
~
� C < � �

1 (A-2)

where
}

is thenumberof trials to select oneclass
amongall classes, and � � is the probability that
two humansat leastagreeat the � -th selection:

� � 	
B
� C < 8����

c =
� c = 1 (A-3)

where y and k are the numberof subjects and
classes,respectively. Whenthetaskis sentenceor
wordextraction, thenumber of classesis two, i.e.,
extract/not extract. The numerator of eq. (A-3)
showsthe sumof the combinations that two hu-
mansat leastagreefor eachclass; � ��� is thenum-
berof humans who selectthe � -th classat the � -th
selection.Z ��w�% is theprobability of chanceagreementby
at leasttwo humans:

Z ��wx% 	
B
� C < 7 �

= 1 (A-4)

where 7 � is the probability of selecting the � -th
classgivenby

Z � 	
~
� C < � ���} y 1 (A-5)

wherethe total number of humanswho selectthe
� -th classfor eachtrial is dividedby thetotalnum-
berof trialsperformedby all humans.


