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Abstract. In this paper, we developanalgorithmto minemessage boards, e.g.,
Yahoo! Clubs.Eachmessageis evaluatedby threeindices:(i) thedegreeof inclu-
sionof giveninformation,(ii) thedegreeof inclusionof new information,and(ii i)
thedegreeof effect for thesuccessivemessages.Weshow theseindicesareuseful
for characterizingamessage.Wealsoshow aprototypesystemof summarization
appliedto amessageboard,asanexampleof applicationof theindices.

1 Intr oduction

Recently, Webcommunitiesarereceiving muchattentionsin thebusinessworld. Espe-
cially, messageboards(or bulletinboardsystems)suchasYahoo!Clubsaregoldmines
of information for businesspeopleto makenew strategic plans,becausea largeamount
of textualdataof chattingby businesscustomerscanbeobtainedfreely.

Let us takeJapaneseYahoo!BBS site (http://messages.yahoo.co.jp/)
for example.In January2001,therearemorethan7000messageboardcategories,such
aspregnancy (in Women,Health& Wellnessdirectory),anItalianfootball leagueSeria
A (in Soccer, Sports,Recreation& Sportsdirectory),employmentof the disabled(in
Employment,Business& Financedirectory), andso on. For each category, thereare
up to onehundredtopics,suchas“Let’s try fertility treatment”(3947messages),“The
analysisof HidetoshiNakata’s performance4”(12644messages),and“I will makeyou
shine!”(2284 messages).In Stockcategory in Business& Financedirectory, thereare
morethan3700messageboards,each for a listedcompany from hospitality industry to
manufacturing industry to financialindustry. For example, a messageboardfor oneof
chainrestaurantsincludesopinionsabouttasteof dishes,thecompany’smeasureagainst
BSE5, andthestockprice.Suchmessagesarevery interestingsourcesof information.
Thereis alreadyanattemptto predictstockpricesfrom abuzzonmessageboards[1].

However, duetoalargenumberof messages,it is oftenverydifficult toreadthrough
the messages.Furthermore,thesemessages are a different type of textual datathan

4 HidetoshiNakata is a famousJapanesefootball playerwho is currentlyplayingin Italy.
5 Bovine spongiform encephalopathy(or madcow disease), which becameanobjectof public

concern in Japan in 2001.



commondocuments.Especially, a message is postedto reply the previously posted
message.Thusa messageboardusuallyformsareply-repliedstructure.

In this paper, we develop a new approachto characterizeeach messageusingthe
reply-repliedstructure.It isbasedonHalliday’sgiven-new dichotomy, wheregiven/new
informationis presentedby thespeakerasrecoverable/notrecoverableinformationto
thelistener. Wetakeaverysimplecriteriato judgewhetherinformation isgivenornew;
If a wordin a messagealreadyappearedin themessagereplied,thewordis considered
given,otherwisenew. By consideringwhethera word is givenor new, we canassign
threeindicesto eachmessage;(i) thedegreeof inclusionof giveninformation,(ii) the
degreeof inclusion of new information, and(iii) thedegreeof effect for thesuccessive
messages.Weshow theseindicesareusefulfor characterizingamessage.Ourapproach
is simple,andcanbegenerallyappliedto messages in a messageboard.

The rest of the paperis organizedas follows: In the following section,we first
describegivenandnew information, andthreeindicesto featurea message.Then,we
show therelationbetweenthe indicesandtheclassificationof messages. A prototype
of a summarizationsystemfor a messageboardis developedin Section4. Section5 is
devotedto discussionsandrelatedworks,andfinally we concludethispaper.

2 Indices of MessageInf ormation Structur e

2.1 Given and New information

Michael Halliday is oneof the most famouslinguistsin the world, andhis systemic
functional modelof grammaris recognizedasoneof the mostpowerful explanatory
modelsof language.Accordingto Halliday[2], the informationunit in discourseis a
structure madeup two functions,thegivenandnew.

Given informationwhich the speakerassumes that the addresseecan derive from a
previouspartof thetext or thephysicalsetting.

New informationwhich thespeakerpresentsin suchaway thatit is notderivablefrom
thepreviousco-text or thephysical setting.

Hesaysasfollows:

Information... is a processof interactionbetweenwhat is alreadyknown or
predictableandwhatis new or unpredictable. This is differentfrom themath-
ematicalconceptof information, whichis themeasureof unpredictability. It is
the interplayof new andnot new that generatesinformation in the linguistic
sense.Hencetheinformation unit is a structuremadeup of two functions, the
new andthegiven.

A partof giveninformationappearsin many forms,suchasreference,substitution,
ellipsis,lexical cohesion,andrepetition. For example, in thefollowing dialogue,

“Yesterday, I attendeda linguisticconferenceatUniversityof Tokyo.” “Well, I
have notbeento Universityof Tokyo. Whereis it?”

“Universityof Tokyo” is repeatedandthusis a partof giveninformation.



Name: Andy
I have a problem
......
.....

Name: Brown
I also have the
problem
......
.....

Name: Chalie
Do you know?
......
.....

Name: Dick
Do you know?
......
.....

replying to

Name: Ellen
I saw on TV
......
.....

Name: Fred
It’s too hot!
......
.....

replying to

Fig. 1. A structureof messages.

2.2 Thr eecharacteristic indices

In a message board,a message is postedreplying to a message previously posted.(A
messagecanalsobe postedindependently.) As a whole, a message boardconsistsa
reply-repliedstructureasshown in Fig. 1. In this sense,a messageis consideredto be
anutteranceto themessagereplied.

In ordertoapplytheconceptof givenandnew information,weregardeachmessage
asan informationunit. A part of the messageconveys given information andthe rest
conveys new information. In the simplestway, we can classify words in a message
into two groups,givenandnew. Admitting thatgiveninformationmayappearin many
forms,we employthe simplestcriteria in orderto enableautomaticcomputation; If a
word in a messagealreadyappeared in the messagereplied, the word is considered
given,otherwisenew.

Counting thenumber(or addingweights)of thewordsin given/new groups,wecan
calculatethe degreeof given/new informationthata messageconveys. The degreeof
given/new information is definedasfollows.

Definition 1. Thedegreeof giveninformation
�

in message	 is definedasfollows.��
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Definition 2. Thedegreeof new information / in message	 is definedasfollows.
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6 In theexperimentbelow, weusetheexpandeddefinitionof 2436587 ; 2436587 is themessagethat 5

repliesto (denotedas5 � ), andthemessage that 5 � repliesto.



where 9 is thecomplementof a setA.

Furthermore,a partof new informationis moreimportant thanotherpart,because
it is usedasgiven informationin the subsequentmessages.In otherwords, a part of
informationhaslarge effect on thesubsequentmessages. We definethedegreeof the
effectof new informationasfollows.

Definition 3. Thedegreeof effect : in message	 is definedasfollows.

: 
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dependon whethera word in themessageappearspreviously or not,: dependsonwhetherthewordappearsafterwardsor not.
Thesedefinitionsareeasilyexpandedto measurethedegreeof given,new informa-

tion andeffect for eachsentence,insteadof eachmessage.For example,thedegreeof
giveninformationin sentenceG in document	 is definedas

�.
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where+ 
 G(� is a setof wordsincludedin sentenceG .
3 Featuring Messages

3.1 Classification and its Feature

In thissection, wetry tocharacterizeamessageby theindices.Wetakeasanexamplea
messageboardtalkingaboutoneof chainrestaurantsin Japanin Yahoo!BBSJapanese
site7. The message boardconsistsof 262 messages,andwe manuallyclassifyall the
messagesinto thefollowing 17categories.

Question
Q1: Question E.g.Is thereany new menuin therestaurant?Pleasetell me...
Q2: Question E.g.Whatdoyouthink thenew menu?Whatis youropinion?

Answer
A1: Answer E.g.It is ...
A2: Agreement E.g.Yes.You areright.
A3: Disagreement E.g. I don’t think so.
A4: Thanks E.g.Thankyou for youranswer.

Opinion
O1: Positiveevaluation E.g.Thenew menuis good.
O2: Negativeevaluation E.g.I don’t like themenu.
O3: Intention, action E.g.I will buy thestock.
O4: Wish E.g.I hopethecompany will do this.

7 BecauseJapaneseis a agglutinatinglanguage,we usea morphological analyzer to separatea
sentenceinto words.



Inf ormation
I1: General information E.g. I saw thisonTV.
I2: Experience E.g.It wasverycrowded.
I3: Article or URL Pastedarticles,or URLs.

Exceptions
E1: Greeting, E2: Corr ection, E3: Abuse,E4: Deleted,E5: Others

Eachmessageis classifiedintooneof thesecategories,but is permittedto classified
into two categoriesif necessary, e.g. I2 andO2. Theseannotationsaremadeby two
persons,andif two annotationsaredifferent,theconsensusis madethroughdiscussion.

The resultof classificationandtheaveragesof
�

, / and : areshown in Table1.
Weset �! L"$#&%�' 
 �!)I	,���M'�N 
 �!)�	
� , where'�N 
 �!)�	
� is a frequency of word � in message	 . On average2.82wordswhich areusedin the messagerepliedareused,and24.77
words are usednewly. Messagesbelonging to Answer category hasas high as 6.28
words recognizedas given information, which is 2.23 times larger thanthe average.
New information / is high in messagesin Information category. This matcheswell
with our intuition. Messagesin AnswercategoriesandQuestion1 category don’t con-
vey muchnew information. Lastly, messagesin Questioncategory have high effects.
Interestingly, messagesin Disagreementcategoryalsohave higheffects.(Peoplemight
heatup by objection.)Messages in ThanksandArticle or URL have extremely low
effects.

3.2 Weight of Words

Thoughwe don’t includefunctionwordsfor counting,suchas“and” and“do,” words
with specificity, suchaspropernouns,havemoreinformationthangeneralwords.Thus,
we assigna weight to eachword by utilizing the index '�N�"O	EN [3], which is commonly
usedin thecontext of informationretrieval. Thismeasureis definedasfollows.

'�N�">	EN 
 �!)I	,�P�M'�N 
 �!)I	,�PQ 
SRUT�VJWPX 	EN 
 �Y�BZ\[��,)
where '�N 
 �!)�	
� is the frequency of word � in message	 , W is the numberof all the
messages,and 	EN 
 �]� is thenumberof messageswhich include � .

By using '�N�"O	EN 
 �!)�	
� as �! L"E#&%(' 
 �!)�	
� , the indices
�

, / and : for eachmessage
is now refined.Theaverageof eachcategory of messages areshown in Table3, where
thevaluesarenormalizedsothatthetotalaverageis to be1.0. (We alsoshow Table2,
which is thenormalizedversionof Table1.) Thoughthisweighingis importantin that
it takesinto considerationsthe quantity of information, the averagesarenot changed
dramaticallyasa whole.

4 Summarization of a MessageBoard

We show a prototype systemof summarizationappliedto a messageboard,asan ex-
ampleof applicationof given,new informationandeffect indices.It is veryessential to
show giveninformation besidesnew information to makeunderstanddiscourseeasily.
And a messagewith largeeffect includessometimesthetriggerof discussion.

Firstly, we decidewhich messagesto summarizeamonga large numberof mes-
sages.Effect : is usedto determinea messageto beincludedin thesummary.



Table1. Classificationand ^ , _ and̀ .

Num.of Mes.Ave.Given ^ Ave.New _ Ave.Effect `
Question 32 1.54 23.66 6.19

Question(Tell me...) 16 1.98 19.90 7.42
Question(How doyouthink ..) 17 1.03 26.93 5.32

Answer 56 6.28 20.06 2.68
Answer(It is ...) 20 7.86 20.49 1.85
Agreement(Yes.) 20 5.71 19.41 2.67
Negation(No.) 12 4.63 22.63 4.77
Thanks 4 6.17 13.47 0.56

Opinion 126 2.39 24.73 2.35
Positiveevaluation 61 3.35 27.10 2.58
Negativeevaluation 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
Generalinformation 19 3.15 32.38 3.03
Experience 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

Table2. Classification and ^ , _ and̀ (normalized).

Num.of Mes.Ave.Given ^ Ave.New _ Ave.Effect `
Question 32 0.54 0.96 2.29

Question(Tell me...) 16 0.70 0.80 2.75
Question(How doyouthink ..) 17 0.37 1.09 1.97

Answer 56 2.22 0.81 0.99
Answer(It is ...) 20 2.78 0.83 0.69
Agreement(Yes.) 20 2.02 0.78 0.99
Negation(No.) 12 1.64 0.91 1.77
Thanks 4 2.18 0.54 0.21

Opinion 126 0.85 1.00 0.87
Positiveevaluation 61 1.19 1.09 0.96
Negativeevaluation 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
Generalinformation 19 1.11 1.31 1.12
Experience 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



Table3. Classification and ^ , _ and̀ by tfidf measure(normalized).

Num.of Mes.Ave.Given ^ Ave.New _ Ave.Effect `
Question 32 0.55 0.94 2.38

Question(Tell me...) 16 0.80 0.80 2.99
Question(How doyouthink ..) 17 0.28 1.07 1.91

Answer 56 2.33 0.82 1.04
Answer(It is ...) 20 3.05 0.82 0.66
Agreement(Yes.) 20 1.93 0.79 0.89
Negation(No.) 12 1.80 0.97 2.20
Thanks 4 2.34 0.56 0.13

Opinion 126 0.80 0.99 0.81
Positiveevaluation 61 1.13 1.07 0.85
Negativeevaluation 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
Generalinformation 19 1.21 1.29 1.12
Experience 50 0.68 1.11 0.88
Article or URL 25 0.55 1.69 0.37

Average (total 262) 1.0 1.0 1.0

– Selecta givennumberof messageswith thehighesteffect : . Thesemessagesare
calledrootmessages.

– For eachroot message, pick up the subsequentmessagesrecursively, whereasa
messagewhere

�
is lessthanagiventhreshold8 areexcluded,andamessagewhich

alreadypickeduparealsoexcluded.

Then,we makea summarizationof a rootmessageandits subsequentmessages as
follows9;

– Fromtherootmessage,pick up4 sentenceswith thehighesteffect : .
– Fromeachsubsequentmessage,pick uponesentencewith thehighest

�
, onesen-

tencewith the highest : , and one sentencewith the highest / . If no message
repliesto themessage,(which means:a�cb ,) thenpick up onesentencewith the
highest/ insteadof thehighest : .

A sentencewith given informationhelpsunderstandnew information.A sentence
with high effect is alsonecessaryto show given information of subsequentmessages.
Themostimportantpartof a messageis extractedbasedon theindex of new informa-
tion.

Furthermore,if the value
�

of a root messageis high enough10, we include the
messagewhich therootmessagerepliesto, andpick up two sentenceswith higheffect.

8 Weuse5.0.
9 Notethatthenumberof sentencesto pickupdependsonthenumberof sentencesin amessage.

Weshow anordinaryconfigurationfor amessagewith morethan4 sentences.
10 Weuse10.0asathreshold.



Eachrootmessageandits subsequentmessagesareentitledby 4 wordswhichhave the
highesteffect in total throughout themessages.

Figure2 showsa screenshotof oursystem.Thisexample is a partof asummariza-
tion resultof a messageboardaboutaclothingcompany in Japan,whichcontains1235
messages.The topic hereis aboutthe company’s new product,AIRTECH jacketand
its size.We caneasilygrabthe contentsof the discoursealthough morethanhalf the
sentencesareeliminated.The values

�
, / and : arealsoshown at theright of each

sentence11.
Thoughourapproachseemstoworkverywell, furtherresearchisneededtoevaluate

summarizationresultsandto derive someconclusions.

5 Discussionand Futur ework

In this paper, we show theapplicability of Halliday’s given-new dichotomyto mine a
messageboard.Messagesaremanuallyclassified,andeachcategoryhasdifferentchar-
acteristicsof theindices.We don’t show how we canautomaticallyclassifya message
into thesecategory, becausein thisexperiment,weclassifyeachmessageinto upto two
categories.To learnthe classification,we have to annotateall the categorieswhich a
messageshould beclassifiedinto.

Besidesgiven-new structure,Hallidayrelatesanothertypeof structure;theme-rheme.
Thethemeis thestartingpointof thecommunicationchosenby thespeaker, while the
rhemeis the remainingpart which developsthe theme.In English,the theme-rheme
structure is conveyed by word order, andin Japanese, it is conveyed alsoby postpo-
sitionalparticles.Thetheme-rhemestructureandthegiven-new structurearesemanti-
cally interconnected.

Thereis a closesemanticrelationship betweeninformation structureandthe-
matic structure.Other things beingequal,a speakerwill choosethe Theme
from within what is givenandlocatethe focus,the climax of thenew, some-
wherewithin theRheme.([2])

In otherwords, themeandrhemearedeterminedby thespeaker, while givenandnew
informationaredeterminedby thehearer.

Onequestionis “Who isahearerin amessageboard?”A messageispostedto reply
to thepreviousmessage.In thissense,theheareris thepersonwhowrotethemessage.
However, a messageis oftenpostedwith consciousof beingobservedby many others.
In this sense,the hearersare readersof the messageboard.There is a gapbetween
thecommunicationmodelof given-new structureandthecommunicationin a message
board.

Therehasbeena largeamountof research relatedto summarization[4]. Recently,
multidocumentsummarization(for example [5]) is receiving much attention. In our
summarizationsystem,we aretargetingat messageboards,which is a new attemptas
far asweknow.
11 Our systemcansummarizeamessageboardwith about1000messagesin lessthan5 minutes

exceptthe time to downloadall themessages.However, this systemis for JapaneseYahoo!
BBSsite,andthescreenshot is thetranslatedversionof theoriginal one.



Fig. 2. A sample screen shot.



Ourresearchis relatedalsoto text miningandWebcontentmining[6]. Forexample,
Lazarinisproposestheuseof informationextractiontechniquesfor thedomainof calls
for papers[7]. Kameyamaetal. attemptedto extractinformation from Japanesespoken
dialoguesandmakea summaryinformation[8]. Matsumuraet al. analyzesa message
boards,andtry to find influentialwords,interestingmessages,andopinion leaders[9].
A commercialsoftwaredevelopedby Opion is to explore how chat-roombanteraf-
fect stockprices[1]. It calculatesthe numberandorderof citationsto determinethe
importance(or rank)of a person.

6 Conclusion

Electronicmessageboardshave anabundanceof usefulinformation.In thispaper, we
havepresentedanapproachtocharacterizeamessagein amessageboardbygiven,new
informationandeffect. Theseindicesareusefulfor featuringa message.We have also
showedaprototypeof a summarizationsystemusingtheseindices.

We show here the possibility of applying the linguistic theory to mine message
boards,by focusingonly on the repetition of words.We will next takeconsiderations
into othertypesof giveninformation, suchasreferencesandlexical cohesion;if ames-
sagehasa referencemarkeror lexically relatedwords,themessagecanbeconsidered
to presupposegiveninformation.
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