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Abstract. In this paperwe developanalgorithmto mine messag boardse.g.,
Yahoo Clubs.Eachmessageis evaluatedoy threeindices:(i) thedegreeof inclu-
sionof giveninformation,(ii) thedegreeof inclusionof new information,and(ii i)
thedegreeof effectfor thesucessve messges.We shav thesendicesareuseful
for charaterizingamessge.We alsoshow a prototypesystenmof summarization
appliedto amessagboard,asanexampleof applicationof theindices

1 Intr oduction

Recently Web communitesarereceving muchattentionsin the businesavorld. Espe-
cially, messagdoarddor bulletin boardsystemsysuchasYahoo!Clubsaregold mines
of information for businesgpeopleto makenew stratgic plans,because largeamount
of textual dataof chattingby businessustomersanbeobtainedreely.

Let ustake Japanes&ahoo!BBS site(htt p: / / nessages. yahoo. co. j p/)
for example.In January2001 therearemorethan7000messagdoardcateories,such
aspreggnang (in Women,Health& Wellnesddirectory),anlItalianfootballleagueSeria
A (in Soccer Sports,Recreation®& Sportsdirectory),employmenbf the disabled(in
EmploymentBusiness% Financedirectory), andso on. For eat cateory, thereare
up to onehundredtopics, suchas“Let’ s try fertility treatment” (394 messages);The
analysisof HidetoshiNakatas performanc®(12644 messags), and*“l will makeyou
shine!”(228 messages)n Stockcateyory in BusinessX Financedirectory thereare
morethan3700messageboardsead for alistedcompaly from hospiality industsy to
manufacturig industy to financialindustry For example, a messagéoardfor one of
chainrestauranttcludesopinionsaboutasteof dishesthecompan’smeasuragainst
BSE, andthe stockprice. Suchmessgesarevery interestingsourcesof informatian.
Thereis alreadyan attemptto predictstockpricesfrom abuzz on messgeboardq1].

However, dueto alargenumberof messges,it is oftenvery difficult toreadthrough
the messages. Furthermore thesemessage are a differenttype of textual datathan

* HidetoshiNakaa is afamous)apaeseootball playerwho is currentlyplayingin Italy.
5 Bovine spongform encepalopathy(or madcow diseasg which becane anobjectof public
concen in Japa in 2001.



commondocumentsEspecially a messae is postedto reply the previously posted
messageThusa messageboardusuallyformsareply-repliedstructure.

In this paper we develop a nev approacho charaderize eadh messagaisingthe
reply-repliedstructurelt is basedn Halliday’s given-nav dichotomywheregiven/nav
informationis presentedy the speakelasrecoserable/norecoverableinformationto
thelistener We takeavery simplecriteriato judgewhetherinformatian is givenor new;
If awordin amessagalreadyappearedn themessageeplied,thewordis considered
given, otherwisenew. By consideringvhethera word is givenor new, we canassign
threeindicesto eachmessae; (i) the degreeof inclusionof giveninformation, (ii) the
degreeof inclusion of new informatian, and(iii) the degreeof effect for the successie
messaged/Ne shawv thesendicesareusefulfor characterizinga messageOurapproach
is simple,andcanbe generallyappliedto messagein a messagéoard.

The rest of the paperis organizedas follows: In the following section,we first
describegivenandnew information andthreeindicesto featurea messge. Then,we
shav therelationbetweenthe indicesandthe classificationof message. A prototype
of a summarizatiorsystemfor a messagdoardis developedin Sectiond. Section5 is
devotedto discussiongindrelatedworks, andfinally we concludethis paper

2 Indices of Messagdnformation Structure

2.1 Givenand Newinformation

Michael Halliday is one of the mostfamouslinguistsin the world, and his systemic
functional model of grammaris recognizedas one of the most powerful explanatory
modelsof language Accordingto Halliday[Z, the informationunit in discourses a
structue madeup two functions,thegivenandnew.

Given informationwhich the speakerassums that the addresseean derive from a
previouspartof thetext or the physicalsetting.

New informationwhich thespeakepresentsn suchaway thatit is notderivablefrom
the previousco-text or the phystal setting.

He saysasfollows:

Information... is a processof interactionbetweenwhatis alreadyknown or
predictableandwhatis new or unpredictal®. This is differentfrom the math-
ematicalconcepf informatian, whichis themeasureof unpredictabity. It is
the interplay of new andnot new that generatesnformatian in the linguistic
senseHencetheinformatian unitis a structuremadeup of two functiors, the
new andthegiven.

A partof giveninformationappearsn mary forms,suchasreferencesubstitdion,
ellipsis, lexical cohesionandrepetition. For example, in thefollowing dialogue,

“Y esterdayl attendeda linguistic conferenceat Universityof Tokyo.” “Well, |
have notbeento Universityof Tokyo. Whereis it?”

“Universityof Tokyo” is repeatedandthusis a partof giveninformation.



replying t

replying to

Name: Andy
| have a problem

Name: Brown
| also have the
problem

Name: Dick
Do you know?

Name: Ellen
| saw on TV

Name: Chalie
Do you know?

Name: Fred
It's too hot!

Fig. 1. A structureof messags.

2.2 Threecharacteristic indices

In a messge board,a messge is postedreplyingto a messge previously posted.(A
messagean also be postedindependenl) As a whole, a messge boardconsistsa
reply-repliedstructureasshavn in Fig. 1. In this sensea messagés consideredo be
anutteranceo themessgereplied.

In orderto applythe concepbf givenandnew information, we regardeachmessage
asaninformationunit. A partof the messageonveys given informatian andthe rest
conveys new information. In the simplestway, we can classify wordsin a message
into two groups givenandnew. Admitting thatgiveninformationmay appeain mary
forms, we employthe simplestcriteriain orderto enableautomaticcomputationIf a
word in a messagealreadyappeaed in the messageeplied, the word is consideed
given,otherwisenew.

Couning thenumber(or addingweights)of thewordsin given/nev groupswe can
calculatethe degreeof given/nav informationthata messageonveys. The degreeof
given/rew informatim is definedasfollows.

Definition 1. Thedgyreeof giveninformationG in message is definedasfollows.

G(d) >

weW (d)nW (R(d))

weight(w, d),

whee W (d) is a setof wordsin messagel, R(d) is a messagehatmessagel replies
to 8, andweight(w, d) is a weightof word w in messagé.

Definition 2. Thedeggreeof new informaton N in message is definedasfollows.

>

weW (d)NW (R(d))
® In the experimentbelow, we usethe expardeddefinitionof R(d); R(d) is themessgethatd

repliesto (denotedhasd), andthemessagthatd repliesto.

N(d) weight(w, d),



whee A is thecomplemenof a setA.

Furthermorea partof new informationis moreimportantthanotherpart, because
it is usedas giveninformationin the subsequentnessagesin otherwords, a part of
informationhaslarge effect on the subsequenmessagesiVe definethe degreeof the
effect of new informationasfollows.

Definition 3. Thedggreeof effect £ in message is definedasfollows.

E(d) = Z Z weight(w, d"),

weW (d)NW (R(d)) {d'| R(d")=d}

ThoughN andG depencbn whetheraword in the message appeargpreviously or not,
E depend®nwhethertheword appearsfterwardor not.

Thesedefinitionsareeasilyexpandedo measurghedegreeof given,new informa-
tion andeffect for eachsentenceinsteadof eachmessge. For example,the degreeof
giveninformationin sentence in document! is definedas

G(d,s) = Z weight(w, d),
weW ()W (R(d))

whereW (s) is asetof wordsincludedin sentences.

3 Featuring Messages

3.1 Classification and its Feature

In thissedion, wetry to characterizea messgeby theindices.We takeasanexamplea
messagdoardtalking aboutoneof chainrestaurantin Japarin Yahoo!BBSJapanese
site/. The messae boardconsistsof 262 messagesandwe manuallyclassifyall the
messageto thefollowing 17 cateyories.

Question
Q1: Question E.g.Is thereary new menuin therestaurantPleaseell me...
Q2: Question E.g.Whatdo youthink thenew menuWhatis your opinon?
Answer
Al: Answer E.g.ltis...
A2: Agreement E.g.Yes.You areright
A3: Disagreement E.g.| don't think so.
A4: Thanks E.g.Thankyoufor youranswer
Opinion
O1: Positive evaluation E.g.Thenew menuis good.
02: Negativeevaluation E.g.l don'tlike themenu.
0O3: Intention, action E.g.l will buy thestock.
04: Wish E.g.l hopethecompary will dothis.

" BecaseJapaesds a agglutinatingangu@e, we usea morphologichanalyze to sepaatea
senteneinto words.



Information
I1: General information E.g.| sav thisonTV.
12: Experience E.g.It wasvery crowded.
13: Article or URL Pastedarticles,or URLS.
Exceptions
El: Greding, E2: Corredion, E3: Abuse,E4: Deleted,E5: Others

Eachmessageis classifiednto oneof thesecateyories,but is permittedto classified
into two categoriesif necessyy, e.g.12 and O2. Theseannotationsare madeby two
personsandif two annotatnsaredifferent,theconsensuis madethraughdiscussion.

The resultof classificatiorandthe averagesof G, N and E areshavn in Table1.
We setweight(w, d) = tf(w,d), wheret f(w, d) is afrequeng of wordw in message
d. On average2.82wordswhich are usedin the messageepliedare used,and24.77
words are usednenly. Messagedelongng to Answer catggory hasas high as 6.28
words recognizedas given information which is 2.23 times larger thanthe average.
New information N is highin messagesin Informatian category. This matcheswell
with ourintuition. Messagesn AnswercatejoriesandQuestionl cateyory don't con-
vey much new informatin. Lastly, messagei Questioncateyory have high effects.
Interestigly, messgesin Disagreementateyory alsohave high effects.(Peoplemight
heatup by objection.)Messags in Thanksand Article or URL have extremely low
effects.

3.2 Weight of Words

Thoughwe don't includefunctionwordsfor counting,suchas“and” and“do,” words
with specificity suchaspropemouns have moreinformationthangeneralwords.Thus,
we assigna weightto eachword by utilizing the index ¢ fidf[ 3], which is commonly
usedin the context of informationretrieval. This measireis definedasfollows.

tfidf (w,d) = tf(w,d) x (logn/df (w) + 1),

wheret f(w, d) is the frequeng of word w in messagel, n is the numberof all the
messagesgnddf (w) is the numberof messagewhichinclude w.

By usingt fidf (w, d) asweight(w, d), theindicesG, N and E for eachmessage
is now refined.The average of eachcateyory of messageareshowvn in Table3, where
thevaluesarenormalizedsothatthe total averageis to be 1.0. (We alsoshov Table2,
whichis the normalizedversionof Table1.) Thoughthis weighingis importantin that
it takesinto considerationshe quantiy of informatian, the averagesare not changed
dramaticallyasawhole.

4 Summarization of a MessageBoard

We shaw a protdype systemof summarizatiorappliedto a messagdoard,as an ex-
ampleof applicationof given,new informaton andeffectindices.It is very essatial to
shaw giveninformation besidesew informatian to makeunderstandliscoursesasily
And a messaewith large effectincludessometimeshetrigger of discussion.

Firstly, we decidewhich messgesto summarizeamonga large numberof mes-
sagesEffect ' is usedto determinea messagéo beincludedin the summary



Table 1. ClassificatiorandG, N andE.

Num. of MesJAve. GivenG|Ave.New N |Ave. Effect E
Quesion 32 1.54 23.66 6.19
Question(Ell me...) 16 1.98 19.90 7.42
Question(Ha doyouthink ..) 17 1.03 26.93 5.32
Answe 56 6.28 20.06 2.68
Answer(ltis ...) 20 7.86 20.49 1.85
Agreement(¥s.) 20 5.71 19.41 2.67
Negation(No.) 12 4.63 22.63 4.77
Thanls 4 6.17 13.47 0.56
Opinion 126 2.39 24.73 2.35
Positive evaluation 61 3.35 27.10 2.58
Negative evaluation 41 1.64 25.76 2.17
Intention,Action 20 1.89 19.02 1.90
Wish 11 2.44 27.47 2.32
Information 91 2.27 31.88 2.18
Generainformation 19 3.15 32.38 3.03
Experiene 50 2.08 27.16 2.39
Article or URL 25 1.71 40.42 0.99
Average (total 262) 2.82 24.77 2.70
Table 2. Classifiction andG, N andE (normalized).
Num. of MesJAve. GivenG|Ave.New N |Ave. Effect
Quesion 32 0.54 0.96 2.29
Question(Ell me...) 16 0.70 0.80 2.75
Question(Hw doyouthink ..) 17 0.37 1.09 1.97
Answe 56 2.22 0.81 0.99
Answer(ltis ...) 20 2.78 0.83 0.69
Agreement(¥s.) 20 2.02 0.78 0.99
Negation(No.) 12 1.64 0.91 1.77
Thanls 4 2.18 0.54 0.21
Opinion 126 0.85 1.00 0.87
Positive evaluation 61 1.19 1.09 0.96
Negative evaluation 41 0.58 1.04 0.81
Intention,Action 20 0.67 0.77 0.70
Wish 11 0.86 1.11 0.86
Information 91 0.80 1.29 0.81
Generainformation 19 111 1.31 1.12
Experiene 50 0.74 1.10 0.88
Article or URL 25 0.60 1.63 0.37
Average (total 262) 1.0 1.0 1.0




Table 3. Classifiction andG, N andE by tfidf measurg¢normalized).

Num. of MesJAve. GivenG|Ave.New N |Ave. Effect
Quesion 32 0.55 0.94 2.38
Question(Ell me...) 16 0.80 0.80 2.99
Question(Ha doyouthink ..) 17 0.28 1.07 1.91
Answe 56 2.33 0.82 1.04
Answer(ltis ...) 20 3.05 0.82 0.66
Agreement(¥s.) 20 1.93 0.79 0.89
Negation(No.) 12 1.80 0.97 2.20
Thanls 4 2.34 0.56 0.13
Opinion 126 0.80 0.99 0.81
Positive evaluation 61 1.13 1.07 0.85
Negative evaluation 41 0.57 1.07 0.82
Intention,Action 20 0.54 0.76 0.59
Wish 11 0.78 1.08 0.78
Information 91 0.78 1.30 0.81
Generainformation 19 1.21 1.29 1.12
Experiene 50 0.68 111 0.88
Article or URL 25 0.55 1.69 0.37
Average (total 262) 1.0 1.0 1.0

— Selecta givennumberof messgeswith the highesteffect E. Thesemessgesare
calledrootmessages

— For eachroot message, pick up the subsequeniessagesecursvely, whereasa
messgewhered is lessthana giventhreshall® areexcluded,anda messagevhich
alreadypickedup arealsoexcluded.

Then,we makea summarizatiorof aroot messge andits subsequenmnessageas
follows?;

— Fromtherootmessagepick up 4 sentencewvith the highesteffect £.

— Fromeachsubsequennessae, pick up onesentencavith the highest&, onesen-
tencewith the highestF, and one sentencewith the highestNV. If ho message
repliesto themessae, (which meanst = 0,) thenpick up onesentencewvith the
highestN insteadof the highestE.

A sentencewith giveninformationhelpsunderstandew information.A sentence
with high effect is alsonecessaryo shav giveninformatian of subsequentessages.
Themostimportantpartof a messagés extractedbasedon theindex of new informa-
tion.

Furthermorejf the value G of a root messagés high enough®, we include the
messagavhich therootmessageepliesto, andpick up two sentencesvith high effect.

8 We use5.0.

9 Notethatthenumberof sentenesto pick updep@dsonthenumberof sentacesin amessage.
We showv anordinaryconfigurationfor amessagwith morethan4 sentenes.

10 We use10.0asathreshold.



Eachrootmessagandits subsequennessageareentitledby 4 wordswhich have the
highesteffectin totalthroughat themessages.

Figure2 showvs a screershotof our system.This example is a partof asummariza
tion resultof a messagdoardabouta clothing compary in Japanwhich containsl235
messagesThe topic hereis aboutthe compan’s new product,AIRTECH jacketand
its size. We caneasilygrabthe contentsof the discoursealthoudn more thanhalf the
sentencesreeliminated.The valuesG, N and E are alsoshavn at theright of eath
sentenc¥.

Thoughourapproactseenstowork verywell, further researclis neededo evaluate
summarizatiomesultsandto derive someconclusions.

5 Discussionand Futur e work

In this paper we show the applicabilty of Halliday’s given-nev dichotomyto mine a
messag®oard.Messagesremanuallyclassified andeachcateyory hasdifferentchar
acteristicof theindices.We don't shov how we canautomaticallyclassifya message
into thesecategory, becausén thisexperimentwe classifyeachmessagénto upto two
cateyories.To learnthe classification we have to annotateall the catgjorieswhich a
messagahoutl beclassifiedinto.

Besidegjiven-nav structureHallidayrelatesanothetypeof structuretheme-rheme.
Thethemeis the startingpointof the communicatiorchoserby the speakerwhile the
rhemeis the remainingpart which developsthe theme.In English,the theme-rheme
structue is corveyed by word order andin Japaneseit is cornveyed alsoby postpo-
sitional particles.The theme-rhemetructureandthe given-nav structureare semanti-
cally interconnected.

Thereis a closesemanticrelationshp betweeninformation structureandthe-
matic structure.Other things being equal,a speakewill choosethe Theme
from within whatis givenandlocatethe focus, the climax of the new, some-
wherewithin the Rheme ([2])

In otherwords, themeandrhemeare determinedoy the speakerwhile givenandnew
informationaredeterminedy thehearer

Onequestioris “Who isahearelin amessag®oard?’A messagés postedoreply
to the previousmessae. In this sensethe heareiis the persorwhowrotethemessae.
However, amessageis oftenpostedwith consciousof beingobsered by mary others.
In this sense the hearersare readersof the messageboard.Thereis a gap between
thecommunicatiormodelof given-nev structureandthe communicatiorin amessage
board.

Therehasbeena large amountof researb relatedto summarizatiorj4]. Recently
multidocumentsummarization(for example[5]) is recaving much attention In our
summarizatiorsystemwe aretargetingat messagéoardswhichis a new attemptas
far aswe know.

™ Our sygem cansummarizea mesageboardwith about1000mesagesn lessthan5 minutes
exceptthe time to downloadall the messags. However, this systemis for JapaeseYahoo!
BBS site,andthe screershd is thetranslated/ersionof theoriginal one.



Previous topic

Mext topic
I’m going to buy a AIRTECH jacket Message 7481235
WMame: sakanaturis143 Full text Reply

I also tried AIRTECH jacket, but it was comy..lq 5 - NP8 oo

[ am & man but 165cm high, so I tried swomen’s, which fits very well, and the outline was very cool, and
2 N 2527

[like the brown one. “q g gg E 888

Given: 6.83. Wewn 3847, Effect: 3508 Sentence 3, Replies 2
Let’s buy. Only 3 days left! Message 75371235
Marne: yonsoma Full text Reply
[ bought the black one, and it was so cool that [ also want the white one. SG 2 50 N 075 E000

But [ am looking for a beige duffel coat, so I will not buy a second AIRTECH. GG 673 N6.78 E000
i 7 WET4
Is there a duffel that is above—the—knee? " 4 gp E 000

Given: 807, MNewn 872, Effect: 0.00 Sentences 7, Replies 0
Exactly!! Message 7551235
Plame: haz-d Full text Reply

1 am 179cm high, but very thin, and I also felt AIRTECH was comy. %g 12421 089 £ o4
So... ] bought women's AIRTECH! 35 g7 M2 £ o o0

Itis Large size and just fit, ‘SG 204 M 4.45 E0.00

Given: 21.2a. Newr 12,51, Effect; 7.35 Sentences 7, Replies 1
I “.rent again_ Massage. 7581235
Warne: sakanatuns143 Full text Reply
Cn my way home, [ wwent to the UNIQLO at the Meiji street.lG 000 N7.33 E0.00
[ wanted but didn’t buy a AIRTECH jacket, a crew—neck sweater, and a Henly neck fleece,
just used the toilet, 3G 1062 N1524 EQQ9
Given: 2047, New: 3312, Effect: 0.19 Senfences 4, Replies 1

Fig. 2. A sampe screa shot.




Ourresearchs relatedalsoto text miningandWebcontentmining[6]. For example,
Lazarinisproposeshe useof informationextractiontechnigesfor thedomainof calls
for paperd7]. Kameyamaetal. attemptedo extractinformation from Japanesspoken
dialogiesandmakea summaryinformation[8]. Matsumuraet al. analyzesa message
boardsandtry to find influentialwords,interestingnessges,andopinion leaderdq9].
A commercialsoftwaredevelopedby Opionis to explore how chat-roombanteraf-
fect stockprices[1]. It calculateghe numberand order of citationsto determinethe
importance(or rank)of a person.

6 Conclusion

Electronicmessagédoardshave an alundanceof usefulinformation.In this paper we
have presente@napproacto characterize messagén amessagéoardby given,nev
informationandeffect. Theseindicesareusefulfor featuringa messageWe have also
shaveda prototype of a summarizatiorsystemusingtheseindices.

We show here the possibiity of applyingthe linguistic theoryto mine message
boards by focusingonly on the repetitbn of words.We will next take consideratios
into othertypesof giveninformatian, suchasreferencesndlexical cohesionjf ames-
sagehasa referencemarkeror lexically relatedwords,the messageanbe considered
to presupposgiveninformation
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