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Abstract

Promotinginteractionsamongparticipantsin anonline-
community is catchingattention of web sites’ man-
agers. In this paper, we first introduceInfluence Dif-
fusionModel (IDM ), amethodfor discovering influen-
tial comments,participantsandtermsfrom threaded on-
line discussions,andevaluate the performanceby pre-
cision and recall measurement. Then we propose a
new methodfor profiling of participantsin an online-
communityby expandingthe ideaof IDM. The posi-
tioning mapsderived from the profilesshow the rela-
tionsamongparticipantsaswell astheir characteristics.

Intr oduction
Communicationplaceson the Internet,suchas BBS, chat
room etc. are designedto gatherpeople into web sites
by promotingtheinteractionsamongparticipants(Ishikawa
2001). Previously we had proposedInfluence Diffusion
Model (IDM) (Matsumura, Ohsawa, & Ishizuka 2002)
which candiscover influential participants,commentsand
termsfrom threadedonline discussions.In this paper, we
proposea methodfor profiling of participantsin anonline-
communitybyexpandingtheideaof IDM. Here,weregarda
setof influentialtermsof aparticipantashis/herprofile. The
profileshelpusunderstandtheircharacteristicsby whichwe
can managethe participantsfor aiding their interactionin
thecommunity.

InfluenceDiffusion Model
Firstly, we introduceIDM which is designedto measurethe
influenceof comments,participantsand termsby the de-
greeof text-basedrelevanceof commentsunderthesituation
thatinteractionsamongparticipantsaredoneby exchanging
comments,i.e., postingnew comments or replying to the
comments.Thethreadedcomments,calledcomment-chain,
show theflow of influence.For example, if a comment

���
repliesto a comment

���
, it is consideredthat

� �
is affected

by
� �

. Similarly, if a participant� � repliesto a comment
of a participant� � , � � is consideredto be affectedby � � .
In thesecases,the influencediffusesfrom

� �
to
���

/ from� � to � � . Here, IDM definesthe processof diffusion of
influenceasfollows.
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Definition 1 In text-basedcommunication, influencedif-
fusesalong the comment-chain by mediumof terms, i.e.,
wordsor phrases.

Onthebasisof Definition1, theinfluenceisdefinedbythe
degreeof termspropagatingthroughout thecomment-chain.
For example,If

���
repliesto

� �
, the influenceof

� �
onto� �

, � �
	 � , is definedas

� �
	 ����
 � ��� � � 


 � � 
 � (1)

where� � and � � arethesetof termsin
� �

and
���

respec-
tively, and 
 ��
 denotesthecountof � .

In addition, if
���

repliesto
� �

, the influenceof
���

onto� �
through

���
, � ��	 � , is definedas

� ��	 � ��
 � ��� � � � � � 


 � � 
 � �

��	 �
� (2)

where� � arethetermsin
���

.
It is consideredthat the more a commentaffects other

comments,themorethe influenceincreases. And thesame
canbe appliedto the influenceof participant/term. The in-
fluenceof asubject(includingcomment,participantor term)
thencomesto bemeasurable.

Definition 2 The influenceof a subject(comment,partici-
pant or term) to the community is measured by the sumof
influencediffusedfrom the subjectto all other membersof
thecommunity.

ApplyingDefinition2 to
� �

, theinfluence(notethatIDM
ignores“to othermembersof thecommunity”) is measured
by the sumof influencediffusedfrom

� �
, i.e., � ��	 ��� � ��	 �

if thecommunityhasthreemembers� , � and  . Likewise,
the influenceof a participant� � is measuredby thesumof
influenceof � � ’s comments. The influenceof a term ! is
alsomeasuredby thesumof influencemediatedby ! .

In thefollowings,we show someexamplesof measuring
influencesof comments,participants,andterms.

Measuring the Influence of Comments
For example,we considera samplecomment-chainsillus-
tratedin Fig. 1 where

��"
is repliedto by

�$#
and

�&%
, and

�'#
is repliedto by

�$(
. In this case, termA, C arepropagating

from
��"

to
��#

, termB is propagatingfrom
�)"

to
��%

, and
termC is propagatingfrom

�$#
to
� (

. Here,theinfluenceof��"
is calculatedasfollows.
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Figure1: An exampleof comment-chains.

The influenceof
��"

onto
��#

: The count of propagated
termsfrom

��"
to
��#

is two (A, C), andthecountof terms
in
��#

is three(A, C, D). Then,theinfluencefrom
�+"

to
��#

becomes,.-0/ .
The influenceof

��"
onto

��%
: The count of propagated

termsfrom
��"

to
��%

is one(B), andthe countof terms
in
��#

is two (B, F). Then, the influencefrom
��"

to
��%

becomes12-0, .
The influenceof

� "
onto

��(
thr ough

� #
: The count of

propagatedtermsfrom
��"

to
� (

via
�&#

is one (C), and
the countof termsin

��#
is two (C, F). Considering that

the influenceof
��"

onto
��#

is ,.-3/ , the influenceof
��"

onto
��(

via
� #

becomes,.-3/�4512-3, � 12-0/ .
Accordingto Definition 2, theinfluenceof

� "
in Fig. 1 is

calculatedas(theinfluencefrom
� "

to
� #

)
�

(theinfluence
from

��"
to
��%

)
�

(the influencefrom
�6"

to
� (

)
� ,.-3/ �12-3, � 17-3/ � /.-0, . Similarly, theinfluenceof

�+#
,
�'%

and
� (

arecalculatedas 12-0, , 8 and 8 respectively. Therefore,
��"

is
selectedasthemostinfluentialcommentin Fig. 1.

Measuring the Influence of Participants
Next, let usmeasuretheinfluenceof participants,by assum-
ing that

� "
,
� #

,
� %

and
�&(

in Fig. 1 arepostedby � " , � # ,� % and � % respectively. Therelationsof participants,called
humannetwork, is illustratedin Fig. 2.

Here, the influenceof � " onto � # is equalto the influ-
enceof

� "
onto

� #
, andthe influenceof � " onto � % is the

sumof the influenceof
� "

onto
��(

via
� #

andof
� "

onto�&%
. Referringto theabove results,theinfluenceof � " onto� # becomes,9-3/ , andtheinfluencefrom � " to � % becomes,.-3/�4:12-3, � 17-3, �<; -0= . Then,theinfluenceof � " is calcu-

latedas(the influencefrom � " to � # ) � (theinfluencefrom� " to � % ) � ,.-3/ � ; -0= � /.-3, . Likewise, the influenceof� # and � % arecalculatedas 12-3, and 8 respectively. From
thesecalculations,we can understandthat � " is the most
influential participantin Fig. 2.

Measuring the Influence of Terms
IDM assumesthat all termsequallymediatethe influence,
andtheinfluenceof a termis calculatedby thesumof influ-
encemediatedby thetermthroughoutcomment-chains.Re-
ferringtoFig.1, theinluenceof A becomes,.-0/�4�12-3, � 12-3/

Figure2: Humannetworkin Fig. 1.

becauseA mediates,.-3/ influencetogetherwith C. In the
sameway, the influenceof B becomes12-3, , andthe influ-
enceof C becomes>?,9-3/�4�17-3,A@ � >?,.-3/64�12-3,B@ � 17-3, �DC -3= .
Theinfluenceof otherterms(D, E, F) becomes8 . Then,the
mostinfluentialtermin Fig. 1 becomesC.

Evaluation of IDM

The notion of IDM wasproposedin (Matsumura,Ohsawa,
& Ishizuka 2002), however, the experimentalevaluations
were somewhat immature. Here, we evaluatethe perfor-
manceof IDM by usingprecision (theratio of thecorrectly
extractedtargetsto theextractedtargets)andrecall (thera-
tio of correctlyextractedtargetsto thetargetsthatshouldbe
extracted)whicharethestandardmeasurementfor informa-
tion retrieval. Theprecisionandrecall resultsarealsoplot-
tedasprecision/recall (P/R)curves(Buckland& Gey 1994)
in orderto analyzetheretrieval performancs.Thebetterthe
retrieval performance,themoreconvex thecurve.

We analyzeda Bulletin BoardService(BBS) 1 in which
participantswere exchanging local information such as
abouta goodcoffee shop,a cherryblossom-viewing picnic
etc. Thenumberof commentswas250,andthenumberof
participantswas47. Notethatthecommentswerewrittenin
Japanese, therewasnospacebetweenwords.Wein advance
convertedall the comments into morphemesandremained
only nounsby usingMorphologicalAnalyzerChaSen(Mat-
sumotoet al. 1999). Then,we appliedIDM. In the follow-
ing, experimentalresultsare translatedfrom Japaneseinto
Englishasthecasemaybe.

Beforeexperiments,wereadall thecommentsof theBBS
thoroughly. Then,basedon our intuition, we pickedup 28
influentialcomments,9 influential participants and56influ-
entialtermsthatshouldbeextracted.

1http://www.machibbs.com/



Evaluation of Influential Comments

We extracted20 comments by IDM, andasa comparison,
wealsoextracted20commentsby Reply-Index (RI) thatex-
tractscomments having muchreplies. RI is a widely used
approachfor rankingpopular commentsin BBS.Thepreci-
sion andrecall valueswereshown in Table1, andthe P/R
curveswereshown in Fig. 3. The top curve correspondsto
theretrieval performanceof IDM, andthebottomcurvecor-
respondsto theretrieval performanceof RI. FromFig. 3,we
canclearlyunderstandthatIDM wassuperiorto RI.

Figure3: Precision/Recall curvesfor extractedcomments.

Evaluation of Influential Participants

Next, we extracted10 participats by IDM. As a compari-
son,we alsoextracted10 participantsby RI and10 partici-
pantsbyPost-Index (PI) thatextractsfrequentlypostingpar-
ticipants. PI is a conventionalapproachto extract talkative
participants.Theprecisionandrecallvalueswereshown in
Table2 andtheP/Rcurvesareshown in Fig. 4. Thecurves
werewavy, however, thecurveof IDM werekeepingthetop.
ThismeanthatIDM is betterthanRI andPI.

Figure4: Precision/Recallcurvesfor extractedparticipants.

Evaluation of Influential Terms
Finally, we extracted100 terms by IDM, TF (Term Fre-
quency) (Luhn 1957)andTFIDF (Term Frequency Inverse
DocumentFrequency) (Salton& McGill 1983). TF and
TFIDF are the widely usedapproachesfor information re-
trieval. Thecorpususedby TFIDF wasmadefrom theelec-
tronicarticlesof Mainichi newspapersin 1998and1999.A
total 236600articlescomposedof 164790kinds of words
were collected. The resultsof precisionand recall values
wereshown in Table3,andP/Rcurveswereshown in Fig.5.
As you canseefrom the Fig. 5, the curve of IDM is obvi-
ously upperthanthe curvesof TF andTFIDF. This means
thesuperiority of IDM.

Figure5: Precision/Recallcurvesfor extractedterms.

Profiling of Participants
IDM measuresthe influenceof comments,participantsand
terms.By expandingtheideaof IDM, we proposeamethod
for profiling of participants in an online-community. Here,
we regarda setof influential termspostedby a participant
ashis/her profile. Referringto the examplesof Fig. 1 and
Fig. 2, termA of participant� " affectedtheparticipant � # ,
whereastermA of participant� # did not affect anyone. In
this case,A could be an elementof � " ’s profile. We can
maketheprofileslike this.

In thefollowings,let usshow threeexamplesof profiling
of � " , � # and � % .
The profile of � " : Thetermsusedby � " wereA, B andC.

The influenceof A of � " was ,.-3/E4D12-3, � 12-0/ . The
influenceof B of � " was 17-3, . The influenceof C of � "
was ,9-3/F4G12-3, � ,.-3/H4I12-3, � ,.-3/ . Then,theprofileof� " becomes > A � B � C � D � E � F @

� >J12-3/ � 12-3, � ,.-3/ � 8 � 8 � 8A@ .
The profile of � # : Thetermsusedby � # wereA, C andD.

Theinfluenceof C was 12-3, . Theinfluenceof A andD was8 . Then, the profile of � " becomes> A � B � C � D � E � F @
�

>?8 � 8 � 17-3, � 8 � 8 � 8A@ .
The profile of � % : Thetermsusedby � % wereB, F (in com-

ment
� %

) andC, F (in comment
��(

). However, the in-
fluenceof thesetermswere 8 . Then, the profile of � "
becomes> A � B � C � D � E � F @

� >K8 � 8 � 8 � 8 � 8 � 8A@ .



Table1: Precisionandrecallvaluesfor extractedcomments.
Num.of IDM RI (Reply-Index)

comments Precision 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-Index) RI (Reply-Index)

participants Precision Recall Precision Recall Precision Recall
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: Precisionandrecallvaluesfor extractedterms.
Num.of IDM TF TFIDF
terms Precision Recall Precision Recall Precision 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

Thealgorithm of profilingof participantsareasfollows.
The influence of comment

�&L
diffuses along the

comment-chainsby the medium of terms (Definition 1),
and the influence is measured by the sum of influ-
ence diffused from

� L
(Definition 2). Here, let M LN	 � be

the comment-chain which starts from
�$L

, i.e., M LN	 � �O � L
�
��P
�
��Q
�3�R�
�$S
�
��T
�3�R�
���
�
� �VU O �XWZY[W]\ �R�3�_^ W` �R�3� �EWa 

U
, andtheinfluenceof

� L
onto

�$T
be � LN	 T . Then,� LN	 T is describedas

� LN	 T)��
 � LA� � P � �3�R�
� � T 



 � T 
 � �
Lb	 S
� (3)

where 
 � T 
 denotesthecountof termsin
��T

, and 
 � L � � Pc�
�3�R�
� � T 
 denotesthecountof propagatedtermsfrom

� L
to��T

. Eq. (3) meansthat � LN	 S affects � LN	 T in proportion to the

countof propagatedterms from
��L

to
� T

in the countof
termsin

��T
.

IDM assumesthatall termsequallymediatetheinfluence
of comments.In caseof � LN	 T , theinfluenceis propagatedby
themediumof 
 � L � � P�� �R�3�

� � T 
 . Here,thesenderof
� L

be � � , theinfluenceof !ed O � L � � P�� �R�3�
� � T U , Y LN	 T 	 fJ	 gAh ,

is describedas

Y LN	 T 	 fJ	 g h � 1

 � LA� � P � �R�3�

� � T 
 � �
LN	 Tji

(4)

Y LN	 T 	 fJ	 gBh meansthe influenceof ! of � � from
� L

to
��T

inM . Here, let kVl 	 fJ	 gBh be the influenceof ! of � � in M . Then,kml 	 fJ	 gBh , which is measuredby the sum of Y LN	 T 	 fJ	 gBh in M , is
describedas

kml 	 fJ	 gBh � Y LN	 P 	 fJ	 gnh � Y LN	 Q 	 fJ	 gnh � �3�R�
� Y LN	 � 	 fJ	 gnh � Y Lb	 �V	 fJ	 gnh i (5)



Figure6: Positioning mapof top 5 influential participants
and their profiles(For easeof understanding, only limited
numberof termswereplotted).

The influenceof ! of � � is definedasthe sumof kml 	 fJ	 gBh
for all thecomment-chainsincluding ! . Let theinfluenceof! of � � be o fJ	 gBh , andall thecomment-chainincluding ! beM f . Then, o fJ	 g h is definedas

o fJ	 gBh � lRp2lJq kjl
	 fJ	 gBh i

(6)

The profile of � � canbe madeby extractinga setof terms
of high o fJ	 g h values.

CaseStudy
Profiles
Weappliedtheprofilingalgorithmto thesameBBSusedfor
theevaluationof IDM. Herewe extracted20 termsof higho fJ	 gBh valuesfor each participants. In casethatthenumber
of extractedtermswaslessthan20, i.e., only no morethan
20 termswerepropagated,we madeup thedeficientterms
by TFIDF. The extractedprofiles were shown in Table 4.
Note that we extractedthe profilesof only 24 participants
becausethecommentsof otherparticipantsweretoopoorto
beanalyzed.

Positioning Map of Top 5 Influential Participants
For understanding the relations of influential participants
and their characteristics,we employcorrespondenceanal-
ysis (Miyagawa 1997) to visualize the relations as a two-
dimentional positioning map. We skip the detailsof cor-
respondenceanalysisbecauseit is beyond the scopeof the
paper. Fig. 6 shows the positioning mapof top 5 influen-
tial participantsandtheirprofiles.By seeingFig. 6, we can
clearlyunderstandtherelationsof influential participants as
well astheircharacteristics.

For example,p007 is in thecentralpositionamongthem.
This mean that p007 can follow various topics such as
Chinese noodle, Hakusan etc.effectively in thecom-
munity. On the otherhand,eachof p004 andp006 has
specificcharacteristics like Hakusan shrine, Yanaka

Figure7: Positioning mapof all theparticipants.

etc. Also, p018 andp027 have thesimilar characteristics
but thiercharacteristicsarespecificcomparedto others.

Positioning Map of All the Participants

Next, we analyzedall the participants andtheir profiles in
Table4 by correspondenceanalysisto understandtheroles
of top 5 influentialparticipantsin the community. The po-
sitioning mapof participants,shown in Fig. 7, revealedthe
relationsthatparticipantp004, p006, p007 andp018 had
similar characteristics.Whereasthe characteristics of par-
ticipantp027 wasratherdifferentfrom above participants.
While, wecanunderstandthelackof influentialparticipants
aroundmostof theparticipants.

As a plan for promoting the interactions amongpartic-
ipants,we can realizethat the managerof the community
shouldhunt someinfluential peoplewho are familiar with
the topic aroundparticipantsp014, p022, p026, p034
and p039 becausethere were no influential participants
aroundthem.

Conclusion

In this paper, we have first confirmedthegoodperformance
of IDM byprecisionandrecallmeasurement. Then,wehave
proposeda new methodfor profiling of participants in an
online-community by expandingthe ideaof IDM. The per-
formanceof profileshasbeenevaluatedby interpreting the
positioningmapsderivedfrom theprofiles.Thepositioning
mapshave clearlyshowed the relations amongparticipants
aswell as their characteristics.We arecurrentlyconsider-
ing an application for promoting interactionin an online-
communityby managinginfluential participants according
to comingtopics.

Understanding themechanismof humanbehaviors in the
community is one of the main topics of ChanceDiscov-
ery(Ohawa 2002). We believe thatprofiling of participants
in anonline-community will have agreatimpactonthefield
of ChanceDiscovery.



Table4: Profilesof all theparticipants(24participants).
Ranking Participant IDM Profile

1 p006 1.722 Chinesenoodle,breezeway, Hakusanshrine,�3�R�2 p007 1.689 dentistry, Chinesenoodle,buckwheatnoodle, �R�3�3 p004 1.647 Hakusan,bike,Yanaka,Sendagi,slope,liquor, �R�3�4 p018 0.731 Hakusan,bar, liquor, shop,slope,checkpoint,�3�R�5 p027 0.607 Odawaraya,checkpoint,Hakusan,time,Taxi �3�R�...
...

...
...

24 p039 0.00 hobby, Sendai,Miyagi, Kanagawa, Yokohama,�R�3�
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