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Abstract

This paper describes a hybrid text summariza-
tion method based on a TF-based sentence extrac-
tion method and a LEAD sentence extraction method.
The LEAD method is known to be effective than other
methods for document summarization of newspapers
in lower summarization (output-to-input) ratio. In or-
der to combine the LEAD method with the TF method,
we used a rectangular distribution function that deter-
mines the importance of sentences according to their
position in a document. With our method, the impor-
tance of a sentence is determined by multiplying the
TF-based score and the distribution function. We con-
ducted open test evaluation using the formal run test
data of sentence extraction sub-task in NTCIR-2 Work-
shop TSC task (30 newspaper articles). The proposed
method was tested by the average values of F-measure
for 10%, 30%, and 50% summaries, and proved 34.1%
for TF method, 39.1% for LEAD method, and 42.4%
for the proposed method.
Keywords: TF, LEAD, headline, hybrid, position, dis-
tribution.

1 Intr oduction

Currently, most sentenceextractionmethodsused
for automatictext summarizationarebasedonthecal-
culationof sentenceimportance.Sentencesareranked
according to importancevalues,andtheupper-ranked
sentencesare extractedandusedto composea sum-
mary. In other words, sentenceextraction for auto-
matic text summarizationcanbe derived from evalu-
atingthe importancevalueof sentenceswithin a doc-
ument. Okumura,et al. suggeststhat the following
seven elements are useful in calculatingthe impor-
tanceof a sentencewithin anarticle[4].
(1) Frequency of keywordappearancein anarticle.
(2) Positionof a sentencein an article or in a para-
graph.
(3) Title or headlineof anarticle.

(4) Text structurebasedon the relationship between
sentences.
(5) Key expressionsthatappearin anarticle.
(6) Relationshipsbetweensentencesor wordsin anar-
ticle.
(7) Similaritiesbetweensentencesin anarticle.
TheTF method[2] is anexample of how information
suchasthatfrom (1) above canbeutilized,andis the
earliestknown methodto be usedfor automatictext
summarization sinceresearch beganin this area.The
LEAD methodis anexampleof how information such
asthatfrom (2) above canbeused,andis known to be
particularlyeffective for summarizationof newspaper
articles. Headlineinformation from journalistic arti-
clesfalls into category (3). For thesentenceextraction
task(TSC)givenatNTCIR-2Workshop,theMainichi
newspaperarticleswereassignedasinputdatafor sen-
tenceextraction.Thecombinationof differentsumma-
rizationmethodsor featuresis oneof mostimportant
subjectsin recentresearchon summarization[1]. In
this paper, we describea hybrid text summarization
methodbasedon both the TF methodandtheLEAD
method.Informationfrom(1) through(3)above isuti-
lized in thismethod.

2 Hybrid text summarization method

2.1 BasicTF-basedimportance weight

This sectiondescribesthreemethodsthatareused
to calculatesentenceimportance:theTF method,the
LEAD method,andourhybridmethod.First,we will
describehow the sentenceimportancevalueis calcu-
latedusingthe TF method. With the TF method,the
importancevalueIW(s) of a sentenceis given asfol-
lows: �������
	���
�� ����� ��� � 	���
 (1)

Here, � �������
refersto thesetof termsin a sentence�

, and
� 	�� 


refersto thefrequency thata termappears



in anarticle.Theimportancevalueof a term
�

is given
by

� � � � 	�� 

, and the importanceof a sentenceis

determinedby thesummationof theimportancevalue
of eachtermin thesentence.This calculationusually
utilizescontentwordsor keywords asthesetof terms.

2.2 Utilization of headline information

BasedonthisTF methodin determiningtheimpor-
tanceweightof a sentence,we took the title or head-
line informationinto consideration.It is plausible to
think that termsappearingin a title or a headlineare
highlyimportant.Theimportanceweightbasedonthis
hypothesis

���"!$#&%('�) ��� 	���

canbegivenasfollows:
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Here,theimportanceweightof a termis givenby 0 ,� 	�� 


, where 0 is a real numbergreaterthan1 when
the termappearsin theheadline;if the term doesnot
appearin theheadline,theweightis givenby

� 	/� 

.

2.3 Combination with the LEAD method

Third,wecombinedtheLEAD methodwith theim-
portancevaluebasedon theTF methodandthehead-
line information

��� !$#&%('�) ���
	.�?

. TheLEAD method

is a methodusedfor determining importantsentences
by extracting the leadingsentencesin a text. This
methodis known for its effectivenessin summarizing
newspaperarticlesbecauseimportant sentencestend
to appearin thefirst few sentencesof a newspaperar-
ticle.

TocombinethisLEAD methodwith theimportance
valueof a sentencebasedon theTF method,we used
thefollowingimportancevalue
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 for a
sentence

�
andits position
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Here,
O1	�9I


is a rectangularfunction that modelsthe
distribution of importantsentencesaccording to their
position in thearticle. S is a realnumbergreaterthan
1.

3 Evaluation

3.1 Sentenceextraction for summary

For the sentenceextraction task presentedat NT-
CIR Workshop2 (Text SummarizationChallange),the
Mainichi newspaperarticles were assignedas input
datafor sentenceextraction. The input dataconsists
of headlineandabodyof text, with sentenceandpara-
graphseparatorsattached.

For the NTCIR-2 TSC task, the evaluationof au-
tomatic text summarizationresults was carried out
twice: oncein a dry run, andoncein a formal run.
Both runswereconductedin the samemanner. The
testsetfor bothrunswascomposedof 30 newspaper
articles,andwhenperformingthetaskfor eacharticle,
the summaryoutputwas requiredto be in threedif-
ferentsummarization ratios:10%,30%,and50%. In
thispaper, weevaluateoursystembasedonthetestset
usedfor thesentenceextractiontask(TSC)of NTCIR-
2 Workshop.Thetestsetarticledataandsummariza-
tion resultsfor eachtaskwereprovidedto thepartici-
pantsby NTCIR-2Workshop.

3.2 Proposedand baselinemethods

To determinethe efficiency of our hybrid method,
we evaluatedthesummarizationresultsusingthe fol-
lowing five methods:

TF The TF methodusing the importance value in
Equation(1).

Head-TF The TF methodwith headlineinformation
usingtheimportancevaluein Equation(2),where
theparameter0 �PJZY

is used.

Proposed Theproposedhybridmethodusingtheim-
portancevaluein Equation(3), wheretheparam-
eters0 �[JZY

, S � = Y
, and

V �[\
areused.

Hyb-LEAD The hybrid LEAD method(in contrast
to theProposedhybrid method)usingLEAD forV

sentencesandHead-TFfor othersentencesup
to threshold,wherethe parameters 0 �]J?Y

andV �[\
areused.

LEAD The LEAD methodthat extract leadingsen-
tencesupto thegiventhreshold.

Here,in theevaluationof importanceweight,words
from a certain part of speech,i.e. commonnouns,
propernouns,andSa-Hen(nouns),wereusedasa set
of terms.Theparameters0 �[JZY

, S � = Y
, and

V �^\
thatwereusedwereheuristically definedaccording to
theaverageof theF-measurevaluesof thesummariza-
tion resultsfor the10%,30%,and50%ratios.

We usedthe following threestepsto performim-
portantsentenceextractionfor evaluationbasedonthe
previousfive methods;



Step1 Obtainwordsequencewith partof speechtags
for each sentencein the input newspaperarticles
by automaticmorphological analysis.

Step2 Calculatetheimportanceweight
���

for each
inputsentence.

Step3 Ranksentencesaccordingto their importance
values

���
. Upper-ranked sentencesare ex-

tractedunderthecondition of thesummaryratio
andcomposedinto a summary.

3.3 Evaluation with F-measure

We comparedsummariesobtainedby previousfive
methods,i.e., TF, Head-TF, Proposed,Hyb-LEAD,
and LEAD, to show the efficiency of our proposed
method.To measuresummaryaccuracy, we usedthe
followingF-measure;

_`� =
+ ,
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Here,the parameter+ is a real number
	fYhg + g= 


, i denotesprecision,and j denotesrecall. Here,
theprecisionis givenby i �

numberof correctsen-
tencesin generatedsummary k total numberof sen-
tencesin generatedsummary, andthe recall is given
by j �

numberof correctsentencesin generatedsum-
mary k total numberof sentencesin answersummary.
Here,therelation j � i �l_

holdstrue,becausethe
numberof sentencesto beextractedfrom each article
is equivalentto thenumberof sentencesin theanswer
summaryin this task. Consequently we will only dis-
cusstheF-measurein thesubsequentdiscussions.

In Table1, theF-measurevaluesof thesummaries
obtainedin the dry-run test set are shown. Each
row shows resultsof importanceweight calculation
methodfor thefivemethodsandeachcolumnrefersto
thesummarizationratiosof 10%,30%,and50%.The
numericalvaluesshow theaveragesandtheirstandard
deviationsof theF-measuresfor thesummariesgener-
atedfor the30articles.

In thetable,wefind thattheProposedandtheHyb-
LEAD methods,both of which are hybrid methods
basedon theTF andLEAD, aresuperiorto the other
methods,i.e. TF, Head-TF, andLEAD for all sum-
marizationratios. The F-measurevaluesof the TF
methodandtheHEAD-TF methodfor 10%summary
are

Y > =nm Y and
Y > J mo= . This suggeststhattermsappear-

ing in a headlineareeffective in sentencescorecal-
culation. However, the valuesareboth lessthanthat
of the LEAD method

Y > p =?q . The TF methodalone
and the HEAD-TF methodare inferior to the LEAD
methodfor thelowersummarizationratio. Onthecon-
trary, the Head-TFmethodis superiorto the LEAD
methodfor thesummarizationratiosof 30%and50%.

Theseresultsprovide a qualitative explanationof
why themethodsProposedandHyb-LEAD, whichare

Table 1. F-measure values of the dry-run
test set.

Summarizationratio= Yor \ZY�r sZYor
TF 0.190 0.485 0.743t

0.215
t

0.143
t

0.087
Head-TF 0.291 0.538 0.764t

0.267
t

0.121
t

0.079
Proposed 0.446 0.569 0.767t

0.268
t

0.138
t

0.078
Hyb-LEAD 0.442 0.571 0.770t

0.271
t

0.137
t

0.079
LEAD 0.417 0.510 0.749t

0.226
t

0.138
t

0.118

Table 2. F-measure values of the formal-
run test set.

Summarizationratio= Yor \ZY�r sZYor
TF 0.119 0.353 0.551t

0.178
t

0.131
t

0.092
Head-TF 0.095 0.405 0.573t

0.141
t

0.127
t

0.102
Proposed 0.251 0.447 0.574t

0.283
t

0.136
t

0.110
Hyb-LEAD 0.252 0.445 0.569t

0.279
t

0.139
t

0.119
LEAD 0.276 0.367 0.530t

0.310
t

0.198
t

0.110

both hybrid methodsbasedon the TF methodwith
headlineinformationand the LEAD method,aresu-
perior to othermethodsfor all of the summarization
ratios.To obtainsummarywith lowerratio,theimpor-
tanceweight provided by LEAD-basedmethodtakes
precedence over the one by TF-basedeffect, while
for summarywith higherratio, theimportanceweight
given by TF-basedmethodis given priority over the
other. The proposedhybridmethodmakesfull useof
advantagesby bothsides.

In comparisonto theothermethods,thedifference
betweenthe F-measure valuesof ProposedandHyb-
LEAD isverysmall.TheProposedmethodisbasedon
theTF method,in whichtheleading

V �[\
sentences

arenotalwaysextractedaccording totheTF-basedim-
portanceweight. On the otherhand,the Hyb-LEAD
methodis basedon the LEAD methodin which the
leading

V �[\
sentencesarealwaysextractedwithout

restriction.Thesmalldifferencein theF-measureval-
uesof thesetwo methodswasdueto thelow accuracy
of theTF-basedimportanceweight.

TheF-measurevaluesof thesummariesobtainedin



the formal-runtestsetareshown in Table2. Justas
with theresultsfor thedry-runtestsetin Table1, the
averagesandstandarddeviationsof theF-measuresfor
the 30 summariesgeneratedareshown herein Table
2. Comparedto the F-measurevaluesfor the dry run
(seeTable1), theoverall valuesare lower. However,
theorderof methodsaccordingto theF-measureval-
uesisunvarying,andtheadvantageof combinedmeth-
ods,ProposedandHyb-LEAD, is apparent.Looking
at theresultsfor thesummarizationratio of 10%, the
LEAD methodproved to be themosteffective of all,
andthe F-measurevaluesof the two hybrid methods
aremuchsmaller. This resultseemsto stemfrom the
low valueobtainedby theHead-TFmethod,which is
TF-basedand usesheadlineinformation. While the
Head-TFmethodis superiorto the TF methodin the
dry run testsetfor all of thesummarizationratios,the
Head-TFmethodis inferior to the TF methodin the
formal run testsetfor the 10%ratio, despiteits good
resultsfor the30%and50%ratios.Thissuggeststhat
theheadlinedescriptionstylemayhave beendifferent
for thedry runandformal run testsets.

3.4 Evaluation with random baseline

Here,we discussthe causesof smallerF-measure
valuesasa whole for the formal run setcomparedto
thatof thedry run set. Theoutcomesuggeststhatthe
articlesin theformalsetaremorecomplex to besum-
marizedeitherby theTF method,theLEAD method,
or theProposedmethod.Theratioof articlesthatcan-
notbereadilysummarizedis likely to behigherin the
formal runset.

To analyzethe differencebetweenthedry run and
the formal run results,we comparedthe F-measure
valuesof randomextractionfor dry runandformalrun
test sets. The F-measurevalue of summaryby ran-
domextractioncanbeobtainedby theoreticalcalcula-
tion. Whenwe have

V
sentencesin anarticleand

Vvu
(positive integer)of themareimportantsentences,the
numberof important sentencesextractedby random
extractionof

;
sentencesresultsto a hyper-geometric

distribution wyx 	�;�- uCz(V 

. Here

u 	{Y|g u g = 

is a

rationalnumbercorrespondingto a summarizationra-
tio. We use

;^� Vvu
becausethenumberof important

sentencesin answersummaryandtheoneextractedby
automaticsummarization arethesame.

The probability
� 	�}�~ ;N- u - V 


, where
}

is thenum-
ber of correctsentencesin randomlyextractedn sen-
tencessatisfying �}�� wyx 	�;�- uCz(V 


, is given as fol-
lows:

� 	�}�~ ;N- u - V 
��
Vvu} V 	 =$dyu 
; d }V ; (5)

Table 3. Test set statistics of the dry-run
test set.

Summarizationratio�V �PJZ\ > � q = Yor \?Yor sZYor
Trueratio

�u
0.151 0.439 0.724

# of sentence
�;

3.60 10.37 16.97��	 �_ e %(�?' DG��
 Y > = s = Y > p \ m Y > q J p� 	 �_ e %I�?' DE� 

0.178 0.118 0.060

Table 4. Test set statistics of the formal-
run test set.

Summarizationratio�V �P\Z\ > = Y = Yor \?Yor sZYor
Trueratio

�u
0.105 0.315 0.536

# of sentence
�;

3.40 10.03 16.93��	 �_ e %(�?' DG��
 Y > = YZs Y > \ = s Y > sZ\Z�� 	 �_ e %I�?' DE��

0.160 0.124 0.086

Theexpectation
��	 �_�


andthevariance� 	 �_�

of F-

measure(
_`���� ) areobtainedasfollows:

��	 �_�
�� �
�(�L�

}; , � 	�}�~ ;N- u - V 
�� u
(6)

� 	 �_�
�� �
�(�L�

}; d ��	 �_�
 �
, � 	.}K~ ;�- u - V 

(7)

� u 	 =1dyu 
; , V�d ;V�d�= (8)

To obtain these F-measure values defined in
the above formulas, we utilized the statistic val-
ues

�V
,

�;
and

�u
of dry run and formal run test

sets shown in tables 3 and 4. The expecta-
tion values

��	 �_ e %(�?' DG��

andthe standarddeviations� 	 �_ e %(�?' DG� 
N� � 	 �_ e %(�?' DG� 


for randomextraction
areobtainedusingtheformulas(6)-(8).

Comparingwith the valuesin tables1 and 2, we
foundagainF-measurevaluesasa whole for the for-
mal run setsmallercomparedto thedry run set. The
differencein F-measurevaluesbetweentheformalrun
setandthedry run setseemsto becaused by thedif-
ferencein truesummarizationratiobetweenthem.We
evaluatedtruegainwith eachextractionmethodcom-
paringwith thatof randomextraction.

The following differenceof the averaged
}

(the
numberof correctlyextractedsentences)for eachex-
tractionmethodand the randomextractionare com-
paredin tables5 and6.

� �}�� �} d �} e %(�?' DG� � �;�, �_ d �;y,?��	 �_ e %(�?' DG� 

(9)



Table 5. Gain of
�}

for the formal-run test
set.

Summarizationratio�V �[JZ\ > � q = Yor \?Yor s?Yor�u
0.151 0.439 0.724�;
3.60 10.37 16.97�} e %(�Z' DG� 0.544 4.55 12.29� �}?���
0.140 0.477 0.322� �} !$#&%('�) ���
0.504 1.027 0.679�^������� ¢¡� �£<¤n¥
1.062 1.348 0.730� �} !$¦(§H)K¨�©«ªC¬
1.048 1.369 0.781� �}?¨�©«ªC¬
0.958 0.736 0.424

Table 6. Gain of
�}

for the formal-run test
set.

Summarizationratio�V �P\?\ > = Y = Yor \?Yor sZYor�u
0.105 0.315 0.536�;
3.40 10.03 16.93�} e %(�?' DG� 0.357 3.159 9.074� �} �K�
0.048 0.381 0.254� �} !$#�%I'5) ���
-0.034 0.903 0.626�[�� �L�� ¢¡� �£.¤H¥
0.496 1.324 0.643� �}?!$¦n§H)�¨M©­ªC¬
0.500 1.304 0.559� �} ¨M©­ª�¬
0.581 0.522 -0.102

Here,
�}

and
�} e %I�?' DE� aretheaveragednumbersof

correctlyextractedsentencesby eachmethodandby
randomextraction,so thedifference

� �}
refersto the

truegainof eachmethod.Thedifference1.000means
thatthemethodisbetterthanrandomextractionbyone
correctsentencegainedin each summary. A negative
valuemeansthatthemethodis statisticallyequalto or
evenworsethantherandomextraction.

Comparedto thevaluesfor dry-run set,the values
are lower as a whole for formal-runset. Especially,
utilization of headlineinformation in 10% summary
andthe LEAD methodin 50 % summarydon’t seem
to beeffective.

3.5 Further discussion

Here, we usethe article (DOCNO:980208039)as
anexampleof documentsthatcannotbereadilysum-
marized. With the proposedmethod,F-measureval-
uesof 10%,30%,50%summarieswere

Y > YZYZY ,
Y > \Z\?\ ,Y > p YZY , which arethelowestin theformal runset.The

expectationvaluesof F-measurewith randomextrac-
tion, thatareequalto thesummarizationratios,are

Y > = ,Y > \ ,
Y > s for

= Yor
,
\ZYor

,
sZYor

summaries.For this, we
canconcludethattheproposedmethodhasnosignifi-
canteffect onsummarizationof this particulararticle.

Thearticleis aneditorial onpolitical tugof warbe-
tweentherulingandopposition partiesconcerningthe
Lower HouseElection. Comparingwith the answer
summaries,the leadingthreesentencesdon’t appear
in the10%and30%summary. Only onesentenceap-
pearsin the50%summary. TheLEAD methodis not
effective for thiskind of articles.

From the headline”[ ®`¯ (editorial)] °W±P²|³
(Lower Houseby-election) ´^µ�¶c·l¸�¹lº`»h¼|½¾

(Make full useof the opportunity to enhancethe
party prestige)”,the terms” °�± (Lower House)”, ”²^³ (by-election)”, ” ´[µ (the party prestige)”, ” ¶· (enhance)”,and” ¹cº (opportunity)” areextracted
and consideredas more (20 times) importantin the
TF-basedsentencescorecalculation. However, none
of the wordsappearedin the 10% answersummary,
andonly the terms” °^± (Lower House)”and” ²^³
(by-election)”appearedin sequencein two sentences
of the30%,50%summaries.

The threesentencesof the 10% answersummary
mean almost the sameas the one expressed in the
headlines,however the wordsusedarenot the same.
When we determinethe key sentencesof the article
basedon the headline,we needto analyzethe mean-
ing of each wordand”read betweenthelines”. These
arethedifficultieswhich we encounterwhensumma-
rizing editorial articles.

4 Conclusion

In this paper, we describeda hybrid text sum-
marizationmethodbasedon the TF methodand the
LEAD method,and we conductedopentest evalua-
tion usingtheformal run testdataof sentenceextrac-
tion sub-taskin NTCIR-2 Workshoptext summariza-
tion taskTSC (30 newspaperarticles). The proposed
methodwastestedby theaveragevaluesof F-measure
for 10%,30%,and50%summaries,andproved34.1%
for the TF method, 39.1% for LEAD method, and
42.4%for theproposedmethod.

On theotherhand,extractionusingtheTF method,
the LEAD methodandthe hybrid method,all which
applysurfaceinformationarenotsoeffectivefor some
typesof input article text, asdiscussedin the evalua-
tion section. Onesolution to increasethe strengthof
summaryextraction is not to fix the combinationof
thesemethodsasstatedin thispaper, but ratherto dy-
namicallyselecttheoptimumcombinationof method
according to context andtypesof target text that are
automaticallydetermined.

In extracting sentencesout of topical documents
suchasnews articles,the 5W1H Information[3] can
be combinedwith surfaceinformationwhich wasex-
clusively utilizedby the methodsstatedin this paper.
For instance,we feedtheheadlineto extractits 5W1H
informationandmeasure its correlationwith 5W1Hs
within the article’s body andanalyzetheir similarity.



The resultcanhelptheextractionof key sentenceac-
cordingto themeaningsof each text line. In calculat-
ing the relations to matchthe factorsof 5W1Hs, se-
mantic concordanceand distancebetweensynonym
groupsalso becomeimportant. It’ s also critical to
build lexicon that covers synonymouswords in spe-
cific domain.

Automatic assessment of input text type, dynamic
switchingof sentenceextractionmethodsandpractical
applicationof 5W1H information all remainto beour
futuretopics.
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