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Abstract

Promotinginteractionamongparticipantsn anonline-
community is catchingattention of web sites’ man-
agers. In this paper we first introducelnfluene Dif-

fusionModel (IDM), amethodfor discovering influen
tial commets, participantandtermsfrom threadd on-
line discusions,andevalude the performancedy pre-
cision and recall measrement. Thenwe propog a
new methodfor profiling of participantsin an online-
communityby expandingthe idea of IDM. The posi-
tioning mapsderived from the profiles shawv the rela-
tionsamongparticipantsaswell astheir charateristics.

Intr oduction

Communicatiorplaceson the Internet,suchas BBS, chat
room etc. are designedto gatherpeopleinto web sites
by promotingthe interactionsamongparticipants(lshikava
2001). Previously we had proposedinfluence Diffusion
Model (IDM) (Matsumura, Ohsava, & Ishizuka 2002)
which candiscover influential participants,commentsand
termsfrom threadedonline discussions.In this paper we
proposea methodfor profiling of participantsn anonline-
communityby expandingheideaof IDM. Here,weregarda
setof influentialtermsof aparticipantshis/herprofile. The
profileshelpusunderstandheircharaceristics by whichwe
can managethe participantsfor aiding their interactionin
thecommunity

Influence Diffusion Model

Firstly, we introdwce IDM whichis designedo measirethe

influenceof comments participantsand terms by the de-
greeof text-basedelevanceof commentainderthesituatbn

thatinteractiols amongparticipans aredoneby exchanging
comments,i.e., postingnen comments or replying to the

comments.The threadeccommentsgalledcomment-bain,

shaw the flow of influence. For example, if a commentC,,

repliesto acommentC,,, it is consideredhatC), is affected
by C,. Similarly, if a participantP, repliesto a comment
of a participantP,, P, is consideredo be affectedby P,.

In thesecasestheinfluencediffusesfrom C; to C,, / from

P, to P,. Here, IDM definesthe processof diffusion of

influenceasfollows.

Copyright © 2002, American Assogation for Artificial Intelli-
gencgwww.aaai.og). All rightsresered.

Yukio Ohsawa
PRES™, JST
Universityof Tsukuba
Tokyo, 112-002 Japan
osava@gssm.otsuka.tsukuba.jac

Mitsuru Ishizuka
The Universityof Tokyo
Tokyo, 113-865 Japan

ishizuka@mv.t.u-tokyo.acjp

Definition 1 In text-basedcommunicatn, influence dif-
fusesalong the comment-bain by mediumof terms, i.e.,
wordsor phrases.

Onthebasisof Definition 1, theinfluences definedby the
degreeof termspropagatig throughait the comment-chain.
For example, If C,, repliesto C, theinfluenceof C;, onto
Cy, iz, is definedas

boy = — 1)

wherew, andw, arethesetof termsin C, andC, respec-
tively, and|w| denoteghe countof w.

In addition if C, repliesto C, theinfluenceof C, onto
C, throughCy, i, ., is definedas
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wherew, arethetermsin C,.

It is considerecthat the more a commentaffects other
commentsthe moretheinfluenceincreases And the same
canbe appliedto the influenceof participanttlerm. Thein-
fluenceof asubjec{including commentparticipantor term)
thencomesto be measurable.

Definition 2 Theinfluenceof a subject(commentpartici-
pantor term) to the communif is measued by the sumof
influencediffusedfrom the subjectto all other membersof
thecommunity

Applying Definiton2 to C ,,, theinfluence(notethatiDM
ignores‘to othermembersof the community”)is measured
by the sumof influencediffusedfrom Cy, i.e., iz y + iz,»
if the communityhasthreememberst, y andz. Likewise,
theinfluenceof a participantP, is measuredy the sumof
influenceof P,’s commets. The influenceof atermt is
alsomeasuredy the sumof influencemediatedby ¢.

In thefollowings,we shov someexamplesof measuring
influencesof commentsparticipantsandterms.

Measuring the Influence of Comments

For example,we considera samplecomment-chaindl us-
tratedin Fig. 1 whereC, isrepliedto by C> andCj3, andCs
is repliedto by Cy. In thiscase term A, C are propagatig
from C; to Cs, term B is propagatingrom C; to C3, and
termCis propagatindgrom C, to C,. Here,theinfluenceof
C1 is calculatedasfollows.
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Figurel: An example of comment-chains.

The influenceof Cy onto C>: The count of propagated
termsfrom C to C5 istwo (A, C), andthecountof terms
in Cy isthree(A, C, D). Then,theinfluencefrom C; to Cs
becomeg/3.

The influenceof Cy onto C3: The count of propagated
termsfrom C; to Cj3 is one (B), andthe countof terms
in Cs is two (B, F). Then, the influencefrom C; to Cj3
becomed /2.

The influenceof Cy onto C, through Cs: The count of
propagatedermsfrom C; to C, via C5 is one(C), and
the countof termsin C5 is two (C, F). Considenig that
the influenceof C; onto Cs is 2/3, the influenceof C;
ontoC} viaC> become®/3 x 1/2 =1/3.

Accordingto Definition 2, theinfluenceof C; in Fig. 1is
calculatedas(theinfluencefrom C, to Cs) + (theinfluence
fromC; to C3) + (theinfluencefromCy to Cy) = 2/3 +
1/2+1/3 = 3/2. Similarly, theinfluenceof C, Cs andC}
arecalculatedas1/2, 0 and0 respectiely. Therefore,Cy is
selectedasthe mostinfluentialcommentn Fig. 1.

Measuring the Influence of Participants

Next, let usmeasureheinfluenceof participantshy assum-
ing thatC4, Cy, C3 andCy in Fig. 1 are postedby Py, Ps,

Ps and P; respectiely. Therelationsof participantscalled
humannetwork is illustratedn Fig. 2.

Here, the influenceof P, onto P is equalto the influ-
enceof Cy ontoC,, andtheinfluenceof P; onto P; is the
sumof theinfluenceof C; ontoC, via Cy andof C; onto
Cjs. Referringto theabove results theinfluenceof P; onto
P, becomeg/3, andtheinfluencefrom P, to P; becomes
2/3 x1/241/2 =5/6. Then,theinfluenceof P; is calcu-
latedas(theinfluencefrom P; to P,) + (theinfluencefrom
Py to P3) = 2/3+5/6 = 3/2. Likewise, theinfluenceof
P, and P; arecalculatedas1/2 and0 respectrely. From
thesecalculations,we can understandhat P; is the most
influentil participantin Fig. 2.

Measuring the Influence of Terms

IDM assumeghatall termsequally mediatethe influence,
andtheinfluenceof atermis calculatedoy the sumof influ-
encemediatedy thetermthrowghoutcomment-chains Re-
ferringto Fig. 1, theinluenceof Abecome®/3x1/2 =1/3
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Figure2: Humannetworkin Fig. 1.

becauseA mediates2/3 influencetogetherwith C. In the
sameway, the influenceof B becomesl /2, andthe influ-
enceof Cbecomeg2/3x1/2)+(2/3x1/2)+1/2 =7/6.
Theinfluenceof otherterms(D, E, F) becomes). Then,the
mostinfluentialtermin Fig. 1 become<C.

Evaluation of IDM

The notion of IDM wasproposedn (MatsumuraOhsava,

& Ishizuka 2002), however, the experimentalevaluations
were someavhat immature. Here, we evaluatethe perfor

manceof IDM by usingpredsion (theratio of the correctly
extractedtamgetsto the extractedtargets)andrecall (thera-

tio of correctlyextractedtamgetsto thetargetsthatshouldbe

extracted)which arethe standardneasurerantfor informa-
tion retrieval. The precisionandrecall resultsarealsoplot

tedasprecisionfecall (P/R)curves(Buckland& Gey 1994)
in orderto analyzetheretrieval performancsThe betterthe
retrieval performancethe moreconvex thecune.

We analyzeda Bulletin Board Service(BBS) * in which
participantswere exchanginglocal information such as
abouta goodcoffee shop,a cherryblossom-vigving picnic
etc. The numberof commentswas 250, andthe numberof
participantsvas47. Notethatthecommentaverewrittenin
Japaneségherewasno spacebetweenvords.Wein advance
corvertedall the comments into morphemesand remained
only noungby usingMorphobgical AnalyzerChaSer(Mat-
sumotoet al. 1999). Then,we appliedIDM. In the follow-
ing, experimentalresultsare translatedrom Japanesnto
Englishasthe casemay be.

Beforeexperimentsye readall thecommentof theBBS
thoroudnly. Then,basedon our intuition, we pickedup 28
influentialcomments9 influental participans and56influ-
entialtermsthatshouldbe extracted.

hitp:/Mmww.machibls.com/



Evaluation of Influential Comments

We extracted20 comments by IDM, andasa comparison,
we alsoextracted20 commentdy Reply-hdex (RI) thatex-
tractscomments having muchreplies. Rl is a widely used
approachor rankingpopulr commentsin BBS. The preci-
sion andrecall valueswere shavn in Table 1, andthe P/R
curveswereshavn in Fig. 3. The top curve correspondso
theretrieval performancef IDM, andthe botbm curve cor-
respondso theretrieval performancef RI. FromFig. 3, we
canclearlyunderstandhatlDM wassuperiorto RI.
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Figure3: Precision/Rcdl curvesfor extractedcomments.

Evaluation of Influential Participants

Next, we extracted 10 participas by IDM. As a compari-
son,we alsoextracted10 participantsy Rl and 10 partici-
pantsby Post-Inde& (PI) thatextractsfrequentlypostng par

ticipants. Pl is a corventionalapproachto extract talkative
participants.The precisionandrecall valueswereshown in

Table2 andthe P/R curvesareshowvn in Fig. 4. The curves
werewavy, however, thecurve of IDM werekeepinghetop.
ThismeanthatIDM is betterthanRI andPlI.
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Figure4: Precision/Recalkurvesfor extractedparticipants.

Evaluation of Influential Terms

Finally, we extracted 100 termsby IDM, TF (Term Fre-
queng) (Luhn 1957)and TFIDF (Term Frequeng Inverse
DocumentFrequeng) (Salton& McGill 1983). TF and
TFIDF are the widely usedapproachegor informatian re-
trieval. The corpususedby TFIDF wasmadefrom theelec-
tronic articlesof Mainichi nevspapersn 1998and1999.A
total 236600articlescomposedof 164790kinds of words
were collected. The resultsof precisionandrecall values
wereshovn in Table3, andP/Rcurveswereshavnin Fig. 5.
As you canseefrom the Fig. 5, the curve of IDM is obvi-
ously upperthanthe curves of TF and TFIDF. This means
the superioriy of IDM.
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Figure5: Precision/Recalturvesfor extractedterms.

Profiling of Participants

IDM measiresthe influenceof comments, participantsand
terms.By expandingtheideaof IDM, we proposea method
for profiling of participans in anonline-communit. Here,
we regard a setof influentialtermspostedby a participant
ashis/ter profile. Referringto the examplesof Fig. 1 and
Fig. 2, term A of participantP; affectedthe participant Ps,
whereagerm A of participantP, did not affect anyone. In
this case,A could be an elementof P;’s profile. We can
makethe profileslike this.

In thefollowings, let us show threeexamplesof profiling
Ofpl, P andpg.

The profile of P;: Thetermsusedby P, wereA, B andC.
The influenceof A of P, was2/3 x 1/2 = 1/3. The
influenceof B of P, was1/2. Theinfluenceof C of P,
was2/3 x 1/2 +2/3 x 1/2 = 2/3. Then,theprofile of
P, becoms (A,B,C.D,E,F) =(1/3,1/2,2/3,0,0,0).

The profile of P,: Thetermsusedby P, wereA, CandD.
Theinfluenceof Cwasl1/2. Theinfluenceof AandDwas
0. Then,the profile of P, becomes(A,B,C,D,E,F) =
(0,0,1/2,0,0,0).

The profile of P;: Thetermsusedby P; wereB, F (in com-
mentC3) andC, F (in commentC,). However, thein-
fluenceof thesetermswere 0. Then, the profile of P,
becomegA,B,C,D,E F) = (0,0,0,0,0,0).



Tablel: Precisionandrecall valuesfor extractedcomments.

Num. of RI (Reply-Inde)

comments| Predsion Recall | Precision Recall
5 1.0 0.18 0.80 0.14
10 0.90 0.32 0.70 0.25
15 0.73 0.39 0.60 0.32
20 0.70 0.50 0.50 0.36
25 0.60 0.54 0.44 0.39
30 0.53 0.57 0.40 0.43

Table2: Precisionandrecallvaluesfor extractedparticipants.

Num. of IDM PI (Post-Irdex) RI (Reply-Inde)
participants | Predsion Recall | Precision Recall | Precision Reall
1 1.0 0.11 0.0 0.00 0.00 0.00
2 1.0 0.22 0.50 0.11 0.50 0.11
3 1.0 0.33 0.67 0.22 0.33 0.11
4 0.75 0.33 0.50 0.22 0.50 0.22
5 0.80 0.44 0.60 0.33 0.60 0.33
6 0.67 0.44 0.67 0.44 0.50 0.33
7 0.71 0.56 0.71 0.56 0.57 0.44
8 0.75 0.67 0.75 0.67 0.63 0.56
9 0.78 0.78 0.67 0.67 0.56 0.56
10 0.7 0.78 0.60 0.67 0.50 0.56
Table3: Precisionandrecall valuesfor extractedterms.
Num.of IDM TF TFIDF
terms Precision Recall | Precision Reall Precsion Recall
10 0.80 0.14 0.40 0.07 0.80 0.14
20 0.75 0.27 0.40 0.14 0.70 0.25
30 0.67 0.36 0.37 0.20 0.57 0.30
40 0.60 0.43 0.35 0.25 0.50 0.36
50 0.56 0.50 0.32 0.29 0.46 0.41
60 0.58 0.63 0.30 0.32 0.42 0.44
70 0.57 0.71 0.30 0.38 0.41 0.52
80 0.54 0.77 0.29 0.41 0.39 0.55
90 0.49 0.79 0.28 0.45 0.36 0.57
100 0.45 0.80 0.27 0.48 0.34 0.61

Algorithm countof propagatedermsfrom C; to C, in the countof
termsin C,.

Thealgoritim of profiling of participantsareasfollows. IDM assumeshatall termsequallymediatetheinfluence

The influence of comment C; diffuses along the
comment-chaindy the medium of terms (Definition 1),
and the influence is measired by the sum of influ-
ence diffused from C; (Definition 2). Here, let &; . be
the comment-chain which starts from C;, ie., &, =
{C’L",ijok'"Cq-,CT‘"'Cy-,CZ} {Z < .7 < kq <
r---y < z}, andtheinfluenceof C; ontoC,. bei, .. Then,
i;,r is describedhs

- ii,qa (3)

where|w,| denoteghecountof termsin C'., and|w; Nw; N
---Nw,| denoteghe countof propagatedermsfrom C; to
Cy. EQ.(3) meansthati; , affectsi; , in proporion to the

of commentslIn caseof i; ., theinfluenceis propagatedby
themediumof |w; Nw; N --- Nw,|. Here,thesendewof C;
be P,, theinfluenceof t € {w; Nw; N---Nw,}, Jire,p,»
is describedas

1
CJwiNw; NNy

Jiyrt, Py g 4)

Jirt,p, Meanstheinfluenceof ¢ of P, from C; to C, in
. Here,let J¢ ;. p, betheinfluenceof ¢ of P, in . Then,
Je .p,, Which is measiredby the sumof j; .+ p, in &, is
describedas

Jet,P, = Jijt,Po + Jiskt,Pe + + Jigt,P + Jiszt, P (5)
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Figure 6: Positiming map of top 5 influential participants
andtheir profiles (For easeof understandingonly limited
numberof termswereploted).

Theinfluenceof ¢ of P, is definedasthe sumof J¢ ; p,
for all the comment-chaingcluding ¢. Let the influenceof
t of P, be D, p,, andall thecomment-chairincludng ¢ be
&. Then,D, p, is definedas

Dtyp;r = Z Jgatapw‘ (6)
§€&s

The profile of P, canbe madeby extractinga setof terms
of high D p, values.

CaseStudy
Profiles

We appliedtheprofiling algorthmto thesameBBS usedfor

the evaluationof IDM. Herewe extracted20 termsof high

D p, valuesfor eadh participans. In casethatthe number
of extractedtermswaslessthan?20, i.e., only no morethan
20 termswere propagatedywe madeup the deficientterms
by TFIDF. The extractedprofiles were shavn in Table 4.

Note that we extractedthe profilesof only 24 participants
becausehecommentof otherparticipantaveretoo poorto

beanalyzed.

Positioning Map of Top 5 Influential Participants

For understandig the relatiors of influential participants
andtheir characteristicsywe employ correspondencanal-
ysis (Miyagava 1997)to visualize the relatiors as a two-
dimentioral posifoning map. We skip the detailsof cor
respondencanalysisbecaiseit is beyond the scopeof the
paper Fig. 6 shawvs the positoning map of top 5 influen-
tial participantsandtheir profiles. By seeingFig. 6, we can
clearlyunderstandherelationsof influential participans as
well astheircharaceristics.

For example,p007 isin thecentralpositon amongthem.
This meanthat p007 can follow various topics such as
Chi nese noodl e, Hakusan etc. effectively in thecom-
munity. On the otherhand, eachof p004 andp006 has
specificcharaderistics like Hakusan shri ne, Yanaka
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p007, p018
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—015—

Figure7: Positioring mapof all theparticipans.

etc. Also, p018 andp027 have the similar characteristics
but thier charateristics arespecificcomparedo others.

Positioning Map of All the Participants

Next, we analyzedall the participans andtheir profilesin
Table4 by correspondencanalysisto understandhe roles
of top 5 influential participantsin the community The po-
sitioning map of participants,shovn in Fig. 7, revealedthe
relationgthatparticipantp004, p006, p007 andp018 had
similar characteristics.Whereasthe characeristics of par
ticipantp027 wasratherdifferentfrom above participans.
While, we canunderstandhelack of influentialparticipants
aroundmostof the participants.

As a plan for promotng the interactims amongpartic-
ipants,we canrealizethat the managerof the community
shouldhunt someinfluential peoplewho are familiar with
the topic aroundparticipantsp014, p022, p026, p034
and p039 becausethere were no influental participants
aroundthem.

Conclusion

In this paper we have first confirmedthe goodperformance
of IDM by precisionandrecallmeasuremet. Then,we have
proposeda nev methodfor profiling of participans in an
online-communit by expandingtheideaof IDM. The per
formanceof profileshasbeenevaluatedby interpretng the
positianing mapsderived from the profiles. The positoning
mapshave clearly shoved the relatiors amongpatrticipants
aswell astheir characteristics We are currentlyconsider
ing an application for promotng interactionin an online-
communityby managinginfluental participans acording
to comingtopics.

Understandig the mechanisnof humanbehaiorsin the
communityis one of the main topics of ChanceDiscov-
ery(Ohava 2002). We believe that profiling of participants
in anonline-communit will have agreatimpactonthefield
of ChanceDiscovery.



Table4: Profilesof all the participantg24 participans).

Ranking | Participant IDM Profile

1 p006 1.722 | Chinesenoodle breezevay, Hakusarshrine,. - -

2 p007 1.689 | dentistry Chinesenoodk, buckwheatnoodk, - - -
3 p004 1.647 | Hakusanbike, YanakaSendagislope liquor, - - -
4 p018 0.731 | Hakusanbar, liquor, shop,slope,checkpoint; - -
5 p027 0.607 | Odawaraya,checkpointHakusantime, Taxi - - -
2.4 pOéQ O.bO hobby SendaiMiyagi, Kanagava, Yokohama; - -
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