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Investigating user tagging behaviors in social boakk system

Student: Jui-Ching Teng Advidor. Chuen-Tsai Sun

Degree Program of Computer science
National Chiao Tung University

ABSTRACT

Folksonomy is a popular application of web2.0. infation consumers label resources
with arbitrary words, so-calletdgs Social tagging systems not only help people share
resources but also share knowledge. Tag recommensdatan help user in Knowledge
Management by providing candidate tags, in InforomaRetrieval by discovering relations of
tags, and in Search by providing personalized kegws/ceminding.

After observing social tagging system;,we focughmntripartite network that formed by
users, tags, and items in the system. Ailgood.re@rdraystem should present the co-active
intelligence. In the past, tag recommendation algar is difficult to find similar people and
similar tags. In order to improve tag reecommendgtwe propose a modified tag
recommendation approach Clique-Filtering that-basedocial network theory. We evaluate
and compare it with collaborative filtering on réig¢ dataset. We show the performance of
modified approach is better than collaborativesfilig in the sparse dataset. We can apply the
result to other personalized recommendation sysidi@r. analyzing one of popular

bibliography site CiteULike, we discover the peralaiag clustering in the real-life system.

Keywords: folksonomy, social tagging, social bookkirag, tagging system,
recommendation system, clique filtering
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2.1 At g fhehig —'F,k & % % ¥ Social sharing system

Ak g hehié * ik 3k s(Social sharing system) ¥ 2L <03 CiteULike
(http://www.citeulike.org) Flickr (http://www.flickr.com)-~ del.icio.us (http://del.icio.us)

CiteULike ¥ '/‘E%?—‘*‘?iﬂ’ ~ A% R iEcd 2 o Flickr 7 uﬁié’*ﬁ%‘@l‘é\%ﬁé%"

del.icio.us®_:¥ i * —“Ff I AR R BRRGERLETLI DT IRAR 0 A

s
¥
yie
b

B S SR Y K R 2

Ao 4 s TR OM S - it FR LT LR R - L3
e

FhF R G 58 pE ARG o &

HH B AN - W

1\

PRAORET o EREEE B TR 2 iRRE T RN

PR P R P T o

Bd ks s et o PR T 1—?, > Rashmi Sinha [9](200%} TR eh
R ERR U ELAUGES S0 5 Ta s AR S R e
A2y Te BT kR Y K AR ey 0 R

Cognitive process behind tagging

® 9
nAbibyg
| p—

Stage [ === Stage 1 =9 Tag il
Chiject morth Muttiple concepts ae Witite dowh

rermbering farticls, activated activated concepts
image, book...)

Bl 1 RRAR&EF {2 annir@E42[9]

! & < : "tagging eliminates the decision - (choosing tlyhricategory), and takes away the

analysis-paralysis stage for most people.”



C ognitive process behind categorization

22
S

Stage 0 ™= Stage | == Siage 2 =P Cagtegorize i
Ohbject worth Muliple concepts sre Choose OMNE of the Mote the chosen
emembering (article, activated activated concepts. concept
image, hoak...)

AnabysisParalysis!
Bl 2 A %% (4 inie i 42[9)]

Hsieh et al {Hsieh, 2008 #48}(2008) = ™ 7| & 7 Ak & & 48 & 2(1)2> F £
o GldcE 5o (2)& 7 PEMA TGRS > bldrihv 0 ()F B LV HF T?f’“’?mp‘} |
ol FH TR @) EER A X B LG EMLIRET T RAF I AENT IR &
3

rgd R e 0 F (searchyie * o "E X ETIT 21 3 20 3k B (retrievaly F #t

PRARE T A % 2 - BEAGRE T flenEd o v 43 8 LI 2 2§ TR
BER » Vg He @ jﬁﬁé?‘ta‘%gzﬁﬂ%i}ﬁﬁ B F re e blde e CiteULike g2k + o

LAF By 0wt % LF

%
I
é
:

F P BABOE R T G ooRe R 55
PR - fReniR g HRRAE S ARE BB o O F LT A g Y F TR
AR kK EEEFERA E s FIR AT 4 485% $ (Uuncover the unknown interesting

thing) » T H4EF sk 2 v erbiad Fleho

2.2 /4 ¥ 4. 3 Folksonomy

4tk 58 T 2Lpk & (non-hierarchical) * T 243 % (non-exclusive) ¢7[6] > d 3t T4+
¢ 14 & ¥i(social tagging systemyii& & 7 # (taxonomy)z 8.« (folk) & F & iFeng,
o Flpt T Boa g | [10]eh L R s FE2 T B R e enfh gL o

Thomas Vander Wak_#t 2 2 £ 7 4 %4 %7 | Folksonomy:s B 5 g ]4e% » fis B

K E Y 0 B3 7 0T e % [11](2004):

TP RS, B AT EABY hE R i REFNE F (2R 7 URL
For R G )RR RN LA R g % o PERR R (TR A - BALE TR Y TR S D

=

(social environment H s 4 @ 2 B A% ¢ Bocaduki) T e R dg 84 TR F H (&



=R )RR s (T Ll 2 R enA g 2

Thomas Vander Wak £ 12 5 $ T2 Bon g | 5 44> k- ey s TA

Foo s ) L5 ™ BpaFE[6] > (1) "2 &  (non-hierarchicaly (2) ™23 5 |

(non-exclusivey (3) i * —"F‘ £1:¢ | (user-created) (4) " p 4 B4tF | (free-keywords)

Lambiotte and Ausloos [6](2005)F= 3 u s T4 ®a g | VAR5 £ - B = ~ B

oo BB Y 2B T ¥ J user M & tagy T4 2 | item eff (2 & 4o

ul ")

11 2 t3 4

il i2 13

B 3 & AR, g * 4 (usen) #it(tag) - 4 & (item)

u:user titag i:item

v

0 A 0 o W ¥ T 2 4 M E e (tripartite network), #82= T o A BB
i (bipartite network), & " H — B 55 % g (unipartite network) - G4 > £ 5 pe & T(4 -3)
S AR o TEHEA G DR R R D2 2R PR R R R

£3 -

2m =+ :“Folksonomy is the result of personal free taggihinformation and objects (anything with a URL)

for one's own retrieval. The tagging is done imeia environment (usually shared and open to s)her

Folksonomy is created from the act of tagging eyglrson consuming the information.”
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TR R R AT D 2 AW > AN > H - B

7F%ﬁizkﬁéﬁ$ﬁbﬁo

b T A Boa | hiE % SLeiw B 2 0 Hotho, Jaschke, Schmitzfg] J1 <
Folksonomy-Adapted PageRan¥ ;< é ¥ 'PageRanki = ;= » >t @75 5 & #(graph-based

approachy 3%/ & i o4 > Jigfhgis

TR A L B Rl R R EREDN P EE & iR TR S R R E
% o R BEA B RN L L8 g e

Folksonomy-Adapted PageRafk> s crfi iy » e P15 T4 Boa o | ehiepe 8.7
# (undirected) » E4 305 & FlF i & T (7 (ranking), eh% % 43T & ghen T B S #c
(degree count) 3+ et (7 (ranking)& % - >4 > F B #%H~ Hotho ¥ *H 3% ' — B F 4k {2
A7 - freni Bz o v FolkRanks &7 & s 4 - % > & £ FolkRankv {1* i
¥ £ (preference vector) < & 1 4Z(topic) > &k ¥ & * & i 42 T (Topic-specified)rp
B el A e o X2 1% 2 4 BT RR G 2R 2T I ER T F
g R

Jaschke et al [1] (200 %] » & "4 B % | Aadn i 5 S0 7 103k B S0 JRF% -

® & < :"The basic notion is that a resource which is taiggith important tags by important users

becomes important itself. The same holds, symnadlyjdor tags and users.”



Bct BAGI A ¢ CRPER Y FH PR A RR Y FE Y T RS M- 4
% & Herlocker et al [4] (2004)*+ 42 & % st % - T g1ATIE(Novelty), 2 2 T EE 12
(Serendipityi 42 & s St G &Y 4 o 2 oA PRF I AR AT L g BT L oh

o AU~ Jﬁé__fg-r > B2zl Foo gpu;g_[fg ;‘{Ei“]}}&ﬁér’g 0

2.3 ¥ FiEg Collaborative filtering

¥4 IF 38 g Collaborative filtering, (CR s di i S 8 A ¥4 * (o H L K eh
THEACEF R FEONS R AR o MRS - BRY FRFED TaciE = 4 B
i (weighted bipartite network)> # ¢ g & & i * - $f 4 2 dn:H o Mo 4 B TR
B2 A B2 i (user-user networkd 3+ i 4§ (item-item network) i stigd 4p i B gt
B BB R K o F R ik Az (scenariok (1)@ * - E & b (item)is
SRR AR g 0 &k Saadedi - w A 00 R Y K 8 E R E S 2 o (2)

SR A B R R AR i ch e e Fent 2 o

Bl 5 -~ MBERILE- MR

* & < :’Increasing the chances of getting a resource atetreminding a user what a resource is about

and consolidating the vocabulary across the users.”

10



T EFiEg 724 f e s &7 5 - B (X -F) gL (user-item
matrix) - Jaschke et al[1§ * ™ gze 5L ;¢ (notation)e ¥+t — B k 5d > 5 m i *

- T X T
¥ (useng n i 1 i (item) » £ 288 * ;e dk(user profilefret 5 XeR o

o T zs g (row vectors), & % 7w
S [T = 1T with & — [ . >y e .
Rs—pL”HMJ WMLW.—LanmeJJmu.—l ..... .,

Tu,o € R o Tu0 dp user uftt item o RE o iofd A f2(decomposition 1
g T F 5 A #H I i g (user-based collaborative filtering) 4™ & * 421 X %

Bt o AR Bk kB A R RE BB G1e0R P K o NE o v R T A8

E (neighbors) > =& B & & » v ri*wiu AP g user ubdRiTenk B usere N¥ s 4

k
# 5% % NS :=arg_maxsim(X,,%,)) » # ¢ arg_max£_i# [ 3 ;% (function) > 5%+ ¢ &t
vOu

7=k ri&{a‘;] T @ Kk BAp AR BB couser: sim F_4p i & 3 5% (function) s — Sk %
cosine similarity measures T 3k - g AT - @0 HE N PE ATk SLode i E

CEYSUTRES & L B VS T S e L RO e

Gt TH R B BT A SRR TS Z A MR B TR

Jaschkes A 1] & a8+ &% = F ¢ — 4270 o

e

2.4 & R e L B oe 5 Small world and Folksonomy

% Golder¥ Huberman[8](2005)#= 3 424 3. > > #reen X i * e i » < %
Been A iR s o AR S Rt R (power law)e i BT BAR FR e B AT & 2
& 4 B (scale-free networkjp# ¢ — i 2 5 4piT o Cattuto® 4 [12](2007F~ 3 " » Fo& 3
STAL A ez A BB R T 3% T3 sk el 3 ik & £ B (characteristic path lengthk T 3
R % #(clustering coefficient) » i@ e gFm 2 Foadg | 5 & B R ok

i 4 1% & (low characteristic path length)% ¥ % & (high clustering coefficient) & ¥ » %

FRBOSE 0 SRR RARRME FRAERRRS -

Cattuto® 4 [12](2007)- &3 T » R g | o0 T3 L 1% (semantic property) # 7

& T e e #it i T E R 2R i (tag co-occurrence network) v 7

11



S A E - BRY Y FHRRESES B - dok tagls tag2 ¥ & iteml
7Moo fiﬁi&tagl_%i’ tag2iE > i > R 2Z B R BOEET ¥ I E 2 hi o Bfd
SeIBRRLT ARG ORI Y A EON e Eamiaeil R oo 1 5N TR E P IR | E

AT
W(t,t2) ={(u,r) OUxR | (u,r)0Y C (t2,u,r) 0 Y}
BREELw(t2) AW (1t2)]
mE o - A T &R T %A (strength), 5 o

s = Y w(t,t2)
t1£t2
Cattuto® « [12]&= 3 # > d THR{ X DR | o " R 5% &~ 7 (cumulative
strength distribution) T P spammingsE o @ P F IR e ek D RN R A
o RE AR o HN A 5 T4 A0 £ AT (Novelty)2 B £ 12 (Serendipity)fida & & st o
R R A A R R SG B A B AIATE i Bk LT AT 2 g R R - Aeh
B ofARICE S X T spamintig o dok BB A SF L HS P S R RERAsK T

Tl M EER A S LB 2R spam Cattuto F A [12]s0 iR & kA - B2

e i\lﬁé’u A é%&%&o

2.5 % ,%i®g# Cliqgue percolation method

fdf e it T A #(clustering), s G o Palla® A [8]# v B F £ 4
(overlapping}s tch= 2 5 M= % i k% (Cligue percolation method) (CP) & & # %2 4
it ¥ - BRI E R BN BN A Ut - BRE S SR AT 2D
Fhod g3 A REOER KK A7 B A iRz ¢ £ kg i&:{%—%ﬁ.&f&&f;
PR iR o PR AR N A R PR YR iR AR B EFEAERT

A E B R o
Tk 1B R IE %’QPT :

1. 3 & clique

12



(1) Let MAX_DEGREE = maximum degree of network.

(2) Let CLIQUE_MAX_SIZE= possible maximum size amplete subgraph in the
network. This size can be guessed from MAX_DEGREE.

(3) Let s = MAX_DEGREE, do following:
(4) Select a node in the network do following

(5) Find all cliques of size s include the node yast selected. Remember the cliques
found.

(6) Remove the node you just selected from the oxdtand remove all links link the

node from the network.
(7) Return to (4) there is a node in the network.

(8) if s > 1, restore the original network,-thehde= s-1> go back to (4) If s<= 1" all

cliques are found
2. #5 & k-cliqgue-communities

g Tk & dpserd (clique-Cliqgue overlap matrix): = #|(row)it & — % & » & {7
(column): & % — ik i > 970w BB A REHLGEE A AR A F o £

B k2 Meny ® S8 A¥ &R chaE > BIE » 277 % th ) (size)e

$F Tk ki3 (k-clique-communities) P » #-4t & s | > ke £% 5 00 22

$EM P klhaE® s 00 FFH I E kit (kclique)o

13



3.1

i

- ey

BT kAP * Hothoetall2k &1 M4 Foa g | anit S ena & ¢
Definition 1. A folksonomy is a tupleF:= (U, T,R,Y,< )here
® U,T, and R are finite sets, whose elements aredal$er, tags and resources, resp.,

® Y is aternary relation between them, i.&/,0 Y xT xR, called tag assignments
(TAS for short), and

® <is a user-specific subtag/supertag-relation, id] UXTXT called

subtag/supertag relation:

A2 T AFY @ —*‘Ff shsuper-tag/sub-tagiif i o Fpt <=q o Tz A BOA5E

A)¥F i F=(U,T,RY)
T A BRI A
® usersnd It B4 useri TAS HV IR en=t #icde B o

o

® usersngdi: |U|=fudU |(utnOY}

® tag:d I He B2 tag i TAS J IR en=t Biede B, o

o

® tagiipde: |T[=ftOT [(utr)OY}

® itemediI=tHe K2 item A& TAS J IR =t #icde B o

® item: ik |RI=[{rOR |t DY}

o

14



3.2 :ﬁ‘ FL KR
F L 8 (Dataset) CiteULike 4 =k =73k i enF AL B°» £0 2 3 457558 » & 5] (row)#
w e i article id> user(MD5 hashed) TAS s > R4t & o & - BRA* & Jp ¢

AR TR B G 2008-02-12 04:44:18.648815+60

42|61baaeba8de136d9claa9c18ec3860e8|2004-11-GA0ER237 3798+00|networks
42|61baaeba8del136d9claa9c18ec3860e8|2004-11-GA0ER237 3798+00|metabolism
42|61baaeba8de136d9claa9c18ec3860e8|2004-11-BGA0ER37 3798+00|barabasi
42|61baaeba8del136d9claa9c18ec3860e8|2004-11-GA0m37 3798+00|ecoli

2364841]|469b74cc00a337639d76ch96aec58bdal2008-02:42.23.635387+00|buy
2364841|469b74cc00a337639d76¢ch96aec58bdal2008-02:42.23.635387+00|apple
2364841]|469b74cc00a337639d76ch96aec58bdal2008-02:42-23.635387+00|macbook
2364841|469b74cc00a337639d76¢ch96aec58bdal2008-02:42-23.635387+00|ukbuy
2364845|c42f76025ff94b72c082195¢7c79d65d|2008-024144:18.648815+00|teacher
2364845|c42f76025ff94b72c082195¢7c79d65d|2008-024144:18.648815+00|education

151142

He o, Tihk (B X R b cnEdd b = 0367 > Lok - ik * X
A Lis e errre A

ip Wi PG —721253061’6: 3684 - AP ER KL NS € TR DAL TR o £

Fo LfH 2 9 TAS U~ | T VIRLE LM P T S e ] 2 Bl o

# ¥ 1 CiteULike 7 42 # 125

TAS [U| |T| IR |

Fiiore 2,369,141 22,363 151,142 715,016

3.3 A R tag network 135 X B g e R B
i DA BT A BRI AT L F 25 AW S B A D e

;o - B EEd E - 2 (tag-item), - B E_Ed R 44- 4 (tag-usery

AP E A g AR A AHA 4 ERERHE - BT R (tag-tag

® http://www.citeulike.org/fag/data.adp
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unipartite network}) £ Cattuto[12}% s 4 & F ) 3L % & (tag co-occurrence network)ie

flm

 BipA2 o userlip T tagli iteml- user2dy T tag2 4 iteml- tagler tag22 i i

ER

AR

B
i

3P e AR A& R R B (4 (tag network (itempr i 3
TNr ={ (1,t2) |1, 20T x T, (11, r) D Etr, (t2,r) O Etr}
A9 Etr={{t,r}|(ut,)0Y}

| TNr |

L& ik (3 eh 2 & (Density)i
T8 r'(* ):—n ( y) |T|X(|T|—1)/2

¥ o RS R s SRR S AHA IR RARRE - MR .
48 g (4 )(tag network (userfjrz_& 3

TNu ={ (t1,t2) | 0, t2 0T x Ty (1, u) Eut; (t2,u) 0 Eut}

A9 Eut={{u,t}|(utr) 0¥} -

| TNu |

L ek (2 ) & (Density)i
i r'( ) ( y) |T|X(|T|—1)/2

v A R R R T ROA A e e o

ba e PR Y e LTAS s 4 AT R 5 - FI(ow) R A e
PE ML EG 4% TAS

155|cb2e1f0222¢c692723674c4e679020f0b|2004-11-1BBN.487332+00|networks
155|ch2e1f0222¢c692723674c4e679020f0b|2004-11-1B1B0.487332+00|graphs

155[a47d7aa28bdc3bef2ed4dcbcb2a8b5f2|2005-01-50:29:619901+00|networks
155|a47d7aa28bdc3bef2ed4dcbcb2a8b5f2|2005-01-59:29:619901+00|algorithm

7RE-Etr - B & & > p % Z(networks,155) (graphs,155) (algorithm,155) % 4t 4

B(#)TNr» £- B8 & > & i i ? 5 @ % ik (tag pair) p % 2 (networks,

graphs)- (networks, algorithm} (graphs, algorithm) & & % gt (3 )50 )i:i‘ci »

16




3

3x(3-1)<2
4 ™ 4 ™
(networks,155) (networks,graphs)
Etr= <« (graphs,155) » TNr= <(networks, algorithm) >
(algorithm,155) (graphs,algorithm)
- o~ . ~

nepworks gﬁ&s algorithm

155

Eut shp 3 4 (cb2e1f0222c692723674c4e679020f0b,networks)
(cb2e1f0222c692723674c4e679020f0b, graph{a}t/d7aa28bdc3bef2ed4dcbcb2a8b5f2,
networks): (a47d7aa28bdc3bef2ed4dcbcb2a8b5f2, algorithig)t 4 52 (4 )TNu “p 3§ F_

- 2 _2
(networks, graphs) (networks, algorithm) & st g (£ ) & TIx@-D2 G-D-2 3
((ch... networks)) ( h
(cb.., graphs) networks,graphs
Eut= < > TNu = < ( graphs) >
(a4.., networks) (networks, algorithm)
£a4.., algonthm_)} . y

7/
7/

.
ne&ks s al @m ;_@;_ al\&nm

BTk APREBA DRARR > TELT



TNr(u,) ={ (t,t2) | 1,207 x T,(t,r) DEtr(u,), (2,r) D Etr(u;)}
A9 Etr(u) ={{tr}|(u, ) 0Y}

B A hde i ep > TEAT

RNt(u,) ={ (1.r2) | ,r20R % R, (i, t) D Etr(u, ), (r2,t) DEtr(u, )}

He TNr(u) » 7 ARG B A aidiripis > » ffuir B A #3040 & gLk | "personal
point of view for items™ RNt(u;) » R & 2 7 &P L REE > 4 )‘i*u{ TR Ay @

A& e 2| "personal interesting on items”

AP RTS8 B TASEHF » @ * "ﬁ B A B e Rk anp F 2 (networks,
barabasi) (networks, randomy (networks, generating-functions)random,
generating-functions) (neural, networks) (neural, barabase) H i % e i+ e g ] §_

(42,48)~ (42,61)- (48,61)

42|61baaeba8de136d9claa9c18ec3860e8|2004-11-GA0HR237 3798+00|networks
42|61baaeba8de136d9claa9c18ec3860e8|2004-11-GA0ER37 3798+00|barabasi
48|61baaeba8de136d9claa9c18ec3860e8]2004=11-@44m42 3118+00|networks
48|61baaeba8de136d9claa9c18ec3860e8]2004-11-@4452423118+00|random
48|61baaeba8de136d9claa9c18ec3860e8|2004-11-®4m4243118+00|generating-functions
61|61baaeba8del36d9claa9c18ec3860e8|2004-11-®42Z145403+00|neural
61|61baaeba8del36d9claa9c18ec3860e8|2004-11-@42Z7145403+00|networks
61|61baaeba8del136d9claa9c18ec3860e8|2004-11-2Z145403+00|barabasi

48

batabasi generatiﬁﬁmctions 42 61

18



3.4 & &k Clique Filtering ik & it & 5 H

AT A BRI R Y FF o g R BRI ARSAT S KRS
jo g E o AP LR P g (collaborative filteringdk 3 7 % & & # (clique filtering)iz

BB R AR EFE A2 F LD L AUSEF SRR Y K
s g R B B - B RR G - B P2 e ded g BE G RIT B IF AR
AR L Aok S de 20 RIS PG AR AR GER A o Fpt 0 MSA A S 2 G A

o

Neighbor_R(u;) ={u, OU |Or: (u;,r)(u;,r) OEuri #j} » & ¢

Eur={{u,r}|(u,t,r)0Y} o 2 & = RNt(u,) & fficd % 3 M35 o

Neighbor_T(u;) ={u;, OU [Ot: (u;, t)(u,;, ) DEULi #j} - # 5 & TNr(u;) € frdicd 3

A kT 19 B TAS #6]+ 2 Neighbor R(cb¥_ad, 80% Neighbor_T(cb..¥_6e,
ad,80-

155|ch2e1f0222c692723674c4e679020f0b |2004-11-1BBP.487332+00|networks
155|ch2e1f0222c692723674c4e679020f0b |2004-11-1BBD.487332+00|graphs
456|ch2e1f0222c692723674c4e679020f0b [2004-11-18 11.245268+00|attacks
988480|ch2e1f0222c692723674c4e679020f0b|2007-AB2B:33.943496+00|digg
155]|ad6241687c8722ee0bafac52747ff8cf |2004-12-02BM2.564785+00|networks
456]ad6241687c8722ee0bafac52747ff8cf |2005-02-UBBE.568529+00|trust
484851|6edad60e9851a33cf5280cd2a4f5276b|2007-02:38:00.842007+00|graphs
600573|6edad60e9851a33cf5280cd2a4f5276b|2007-Q2:@9:12.306949+00|attacks
988480|808eb76a3ebcbefe03feac67607af389|2006-12:22:41.529916+00|networks

19




155 456 988480 484851 600573

LA ] TUN Z 3 2 48 Lip ini ot #r (cliqgue overlapping) ==t #icft
7)o A g fE Tk £ A (Clique Sorting),.

(1) & * 4 u; <2 Neighbor "R(u;) 2-Neighbor_T(u;) # - 45 1 a8 2 i #3245 & 91
&% e e

Neighbor_Recommendgu;, r, ) ={tOT|(tu;;r,) U Y,u; O Neighbor_R(u;)}

(2)+ #-Neighbor_Recommendgu,,r, ) & TNr(u,) p e dix s 2 2 0T = B & &
Clas4 = Neighbor_Recommendg&;,r,) n TNr(u;) -
Clasg = Neighbor_Recommendgu;,r, )\ TNr(u;) ~

Clas8 =TNr(u,) \ Neighbor_Recommendgu,,r,) °

RN S R * L TR Sy SUE R

Candidaté’(u, r) :={Clasq, Clas,Clas8}

(3) T(ur):=arg maxCandidatd (u,r))

tar

12 c5846a653b59b10a9a9fd77c8e950H0@ 77¢4 ~ 320258% & » v i g & & b
$5 & s ek B Neighbor_R(u;) 7 = # £ a92cfl4d4e8997caed4ac64d49f0c6d6e,

20



b5936fd11f395abfe96b780bcalel27d i 4 w|i# * 12 T & & ['usability’, 'mentalhealth’],
['user', ‘communities’, 'sociology’, ‘'motivaticohline’]> & f& & Seiéigut L 55 @ % L
FEFTNr(U,) gk g et B 2 18 a0 % ¥ (‘user', 1)('usability’, 1)('motivation’,
7)('sociology’, 7)('mentalhealth’, 7)('online’,'@Mmmunities’, 7)(‘'user’, 6)('usability’,
6)('medical’, 6y 2 H-& Hig gtk {8 B {8 5% % Z user', 'usability', 'motivation’,

'sociology’, 'mentalhealth’, 'online’, ‘communitiéaedical’

3.5 # I &g Collaborative Filtering i& & i ¥ chaj & & 2

F
Ji
2

BB e i AT 0 B R FL P 1B g 0 Jaschke[1¥ 4 :xih 1 @ iten E g g T oA
Foodg o 57 BRPFRA —"Ff;‘v’ﬂ;irs%,fr“ A ST —*‘ﬁﬁ“ﬁﬂ#pw}i o1l T R BT A
Ao sg B2 2DEL e P UG A 0 — Fd A -fr(user-itemyff ik o ¥ - Ed

A B4 (user-tagynhid % o
AP kR 1—?—1— ]

Lt 0T, (u,t,n)OY

X =11, Y 001 R 0 gy =
UR { ’1} ( UR )u,r 0 e|Se

DR T S

1 rOR,(utr)OY

X =1, Y D{O,].}‘U‘X‘T‘ 2o (T[UTY)th = {0 else

fEFE TUD dg 0 R gpa- Brr %2 - By e P DEpiter §hk

BAS R P BB ARE P chde ¢ o B B £ P BARA

TUr) = arg_nma{ > sim(X,,%,)3(u,t, r)]

tar VDNIL(I

1 (utrady
0 else

o(u,t, r){

arg_maxi_— 3 3% 0 3 it B % B S 3¢ (max function) PR dp & v B B R o
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sim(X,,X,) %3 B * Fehfpiv Rk > RigL i * cosine similarity measure

3.6 i*iz Evaluation

w0 RPIEAEE T HE 4 > A g Jaschked[1] 7 * 7 2 LeavePostOut #
- A TA RSN i ¥ o Rk F (AL post ¢ v R T )Y
ERME- RN RFTHEE o A 4R E D 2 TR ﬁf‘u{«"l BITHH O bk (POStEFE R
FRITEN 2 PIELR * 40T 07 4250 > H R & 2 T B~ (information

KplE - E

A
F
retrievaly# > 5 (recall) ~ & % Z (precision), F-measure #: -

1 Z|tags(u,r)m ?(u,r)|
Ul [tags(u,n) |

recal(T(u,r)) =

precisior(T(u,)) = — zltags(u,r)n Tl

U | |7’(u,r)|
F—measureT(u,r)) & * &% FyeFae

E (Tl'(u ) = 1 Z 2xrecall(u,r) X precision(u,r)
! ’ |U &g recall(u,r) + precision(u,r)

= 1 (1+B?) x recallu, r) x precision(u, r) B
T = |U |% recall(u, r) + B2 x precision(u, r) P=

22



4.1 H# 8 tag network engk &

K _CiteULike 27 v enFAL B » B FAF N 52 34 S LFHRZF LY A

FREA AR FLFHRN Fe R ARBRL RALHY AR R H N
Bl SRREREE R ook - BRI - B Y FRAD A RERE S THEMEF S

Al b drdh ¥ 1554 18 * —"F‘ cb2e1f0222c692723674c4e679020fp networksZ? graphs
R4 > F] 5 5k pEapE F’“’K %_2004-11-10 17:13:30.487332+060

155|cb2e1f0222c692723674c4e679020f0b]2004-11-1B1N.487332+00|networks
155|cb2e1f0222c692723674c4e679020f0b|2004-11-1B10.487332+00|graphs

155|a47d7aa28bdc3bef2ed4dcbcb2a8b5f2|2005-01-50:29:619901+00|networks
155|a47d7aa28bdc3bef2ed4dcbcb2a8b5§2|2005-01459:29:619901+00|algorithm

FEROFHEY - AP FE R B R e o R (2 )i

G del 33845 g AFH KRB F] L %2 15500 % > networks: graphs
% algorithm = 2 B 3 § i oo @ fFdiceie( ) > networks? graphs?] 5 i * 4
cb2e1f0222¢692723674c4e679020fPht &5 e e £ Tkl ¢ > networksg? algorithm

FlLiG H R —-F%n'ﬁru Lk e AL R P*;}—'E: oo e g5 151,142 %

fooh gt o AR (2 2)Y Sl 2R 54,756,376 @ ARAURE(L)Y Sl L h}
100,279,514
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B AR LA B S 0 B R (Density) # RR UL R o SR

e
R e {?%ﬁgi PP R R ) R RS IEEE Dk At je
sl
B R B ok (151143";151142_1) =1142187651 « F]p+ » L4t s (2 4)ehe
4756376 ) 100279514
Bowm g g 10900 500041, fE g (L ) et 2T 000877, - 1 ¥ e
F T 1142187651 e ()X 4o 1a7651 p

ﬁ%q@,}ifﬁ]{ﬁ—’ﬁéﬁZOf%r’g CHREBR BAFERR Y DR AET ARG T AR R
G A BIRAL Y 6 ERABOABF T ARRRE( 2)E5 8] 1 RE Y
i 5 £ 0.041% BfRi R (1) 5 BT R B0 F L 0.8%: T - SF bl

&t & (degree) ¥ % & (clustering coefficienty & ;2 -

ag e LFHLL b AR (2 )Y o graphsias A R 5 20 Fli v e H
A 134 networks® algorithm i & o @ fiE (1) graphsga L B R 5 1o #
FRERER( )5 - BRAOALRFE T k> Tiadas L R 62.93 8 R E (1)
STy 4 R B 1326.950 A sk fi - R A ] 1R B s (1) 0 E R s

B BSEHS RER 0 T A @;q\%{ 668.478..0 @ hiR (2 *)FHF

B35 oo networksis B2 S B Apad R ] 52 BERATA S h > Bland B
B3 a g Sy §.30 TR EBERE T 3/3=1; HARR(R)PING 0 F g
BHT G 2o ERR L 2/308F BERHERER T2 (5@ PR R (2 2)nT

B R T 038+ a il (L)F 095+ o« B X6 - BREOERER NI
Tl BHER 0 bAoA R (2 )R R ¥ 0.38 32 38%: i HH e n R
H0.041%: 7 4p - g™ M A 0 g e YR AL A REFERAGE
T 38%- 7R gt e i (F )R R R (L )THERR FRALHITE o

2R 252 A AR R R el T OAR VR o

it 2R R

Tag network (doc) Tag network (user)
Tag count 151,142 151,142
Link count 4,756,376 100,279,514
Density 0.000416426845048 0.00877960061146
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Average degree 62.9391697874 1326.95761602
Average clustering coefficient 0.383398450884 0.904892656084

BTOA O APBHY Y F R I i 5 RE N ke 60 S Hies i

FeEFAE MRS DS DRI DS cARE R Y B4R L g AR
AR s
[
10 E T LA L L R L | T LA L B R L LS | T LA R R L R | T LA LR | T L B L R | T Ty
; o ouser
3 . .doc
s| + tag
10 .
. .
10 F :
8 -
< 3
m I
>0
§103§-
e
=
o }
[=]
Y 2
10°F
10"}
o
10 o :
10° 10" 10° 10° 10" 10’ 10°
count

Bl 6 @ ¥ & =cdie ~ it =cdie s e i

25



. tag network (doc)
10_ E N LR | i T i LA

107 F

3
10 ¢

P(degree)

107

-6
10 : : ' -
10° 10" 10° 10° 10° 10°

degree

B 7 (e E)vss L BB S

Fp R AU B (2 1) (tag network(dock s X R S A T Bl W AR 7 ARG &
2t(node)( rikf’njf—r@k) » B L R (degree)k At (1) kit UL > (2F -
2iEF e g0 f;é_—’g,- & o A LR K £ 1000~20002 F § LA E E A oo AL R e

# fie(degree distribution) # & % = > 4 e L fdi e is( )T~ B & © A (scale-free)

>

SN
b iy

=

PR o BRI PR B AR A A R SRR R ERER S R LT

3R BRI i 0 A s AR R LS R e T A

%

+ e LR E 7 bibtex-import|[43807 no-tag|18999 review|11182 evolution|10072
research|14837support|15341 learning|7636 govt|14063 network|7604 .= 2 B &_%

SRpE A LTS IER S SR ﬁ §_#& % & 1> review~ research support

E%ﬁ%@’“ﬁfﬁ"i‘~ i e
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B tag network (user)
10 F i L i T i LA T UL

107 F

-3
10 ¢

P(degree) (logl0)

6

10 '

10° 10" 10° 10° 10 10°
degree (logl0)

B SiEHpp(L)vss 2 B E

Bk e E (4 )(tag network(userjpa=t g 8 » % BI(B 8) & e L B Rk p (1)
et 5 RN (R Y FEp s AR Y o s LR 200F] 100060

2

4

%

= »

AR AR VIR 23 SR N ek i

AR (4) 242 2o 10 & ¥_: no-tag|78575 analysis|68677 review|67544
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2 372510 7742 21790 54957

3 161762 3961 7432 15659

4 80593 2181 3115 5886

5 37644 1085 1319 2237

6 15095 487 500 743

7 5225 192 169 209

8 862 45 27 39

;}:%_’L‘ j{ ’ J'/, pf"%;\,ZS :‘; f}]] ’ \?:ﬁ_‘ﬂg ;}’é’_g/—’?—ﬁ L_"f‘]lsl‘ ﬁ{@iﬁ}_o é p‘f"?:\,zsfﬁ ’ "F‘f;}.,'%]]\
P L E R FI R RS RGY T A BRY FRALE F BiRR

IORREEIZ B o

APTIURREFIEAATHIOLGA BAHI - AFHBLEP - AR AEER -

A2 ME PG NERS M - R F R (CRE LY 5 T Y » £ 2 cosine similarity

¥ - ¥ * Neighbor_ltem(u,) > Neighbor_Tag(u,) - fiz42B~a8 A #c i 100 48 F#ic s

1510 B F b3 o>t Brg i o 5 B R R e

FAME - AR &R

LR AR PR > F - LR iR ARk e R AR iR A e

PINE o TR E SRR G e bnm s o AP A AL 4o

ER A RRER

WEERBE BB %’r%"}él%%lﬁfﬁj * REPHRE
1 CF neighbor, Clique sorting Cosine similaritydofc and tag |Overlapping of clique of tg
between user and neighbo
2 Clique neighbor, Clique sortingOverlapping of cliques of dqOverlapping of clique of tg
and tag between user and neighbo
3 Clique neighbor, CF sorting  |Overlapping of cliques of d{Most popular

and tag
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Avg. precision 0.023/0.028 0.014/0.022
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# ¥ 7“CF neighbor and Clique sorting” and “CF neighbad CF sortings & 3=+

R 14 Doc based Tag based
Avg. recall 0.176/0.140 0.099/0.095
Avg. precision 0.023/0.052 0.014/0.044

# ¥ 8 “Clique neighbor and Clique sorting” and “Cligoneighbor and CF sortingf & ="

2/ 3 Doc based Tag based
Avg. recall 0.218/0.178 0.171/0.157
Avg. precision 0.028/0.060 0.022/0.052

A R T 2 4 1 8 chdicdy 0 Clique sortingi e > 5 2 g vt dF o @ CF sorting e
iR T S8

#\ i - Clique sortingZ CF softing:e = 8.7 j2 en-T 354 g #c7| 0 k> dde B #ic'l 2

10 @ p= -

iH 9 EAME ST ol

Doc based Tag based
@7k 1(CF neighbor and Clique sorting) 2.509 1.324
& 2(Clique neighbor and Clique sorting) |3.411 2.589
‘#1E& 3(Cligue neighbor and CF sorting) 2.232 1.551
#1F& 4(CF neighbor and CF sorting) 1.552 0.597

d AR OAPT i > RS L) o TR ad B RS K5 10
B o d ** Clique neighbor® Clique sortings-T 54 & #ict i 5 o #717 Btk B 5 precision
Do R T IR fEe F] 5 Al s A 30 g F AR A #H o 4ok Sean,
John, and Josep# * [5](2006):%= 7 » 335 Bdg i 4 su® o S iE# R g (accuracyy @
ERP P EEICTE AP T RS F e ik § 20t Al 5 LR $AE 2
AAmAR S A A RS R R R IR A AR R T

LR A A e RS R R AT 0 G R B T A
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P-core 3 recall and precision (doc based)
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c —13_CF_CF(doc)(precision)
Z% 027 13 _CF_CL(doc)(precision)
3 015 | mmm 3_CL_CL(doc)(precision)
% 0.1 —=3_CL_CF(doc)(precision)

é 0.05 —e— 3_CF_CF(doc)(recall)
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1 2 3 4 5 6 7 8 9 10
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Recommendations

B 11 42 ¥ V.S, % 2 5 ~ #& % 5 (p-+% ~ =3) (doc based)

d R 1L kg HBEHARRALG O iE o e FAXRAEF o R AR RARL o 1
i 1#/1 % 0¥ Cligue-Cliques CE-Clique:n > % + 2 #§ & 4p i1 » Clique-CF¥* CF-CF
otk 25 A RARLT o AR BESINGO® B AT g R R E 40T 0 CF-CRenjg
FLg o AP RE P g ~FERe 0 CLLCF¥ CL_CL#2 = 811 % CF_CF#
CFCLR R B¥ g 3> le— #A0RY L g = 2072 FATA L 07 o KA MR
#7172 o CFsorting®_i¢ * T & # &40 , (most popular tag) Clique sorting_ix f& €
g iT 2 el RPEF| o AP T g 3] CiteULike ehiesp @ o A6 E RF 3R F (£ F°)
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P-core 3 recall and precision (tag based)
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0.16 | %
014 L —13_CF_CF(tag)(precision)
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P-core level V.S. Precision
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0.2 —1CF_CF(tag)
] ——1CF_CL(tag)
mm CL CL(t
S 0.15 é _CL(tag)
B — CL_CF(tag)
§ o —e— CF_CF(doc)
o A b
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005 | # ¢ |_|
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0 | |
3 4 5 6 7 8
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A 172 B 18 v p| B F-measure® chFy B3I %0 v £ > F i %
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B 19 8 ] 20 5425 7 ] A F-measuire’ s Fp & IR Kk o 4ol 2 H i o d 3

PPt R R R I
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Py - BERFIREFERAG AT LSRR L ApI B

0.5
0.45
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P-core 3 Precision
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