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Measurement and Analysis of Online Social Networks
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Abstract Social network sites, like Facebook, Twitter, Renren and Sina Weibo, are now becoming increasingly
popular on the Internet. For the past few years, numerous research have been made to investigate the topological
structure and user behaviors of online social networks, which is quite important for the understanding of human
social behaviors, the improvement of current Website systems and the design of online social networks’ new
applications. This paper provides an overview of online social networks’ topology, user behaviors and network
evolution. It also summarizes several common measuring methods and typical topological features; highlights
user behavior characteristics and their impacts on network topology, and the network evolution. The conclusion
can been drawn that as research progresses, the new characteristics of online social networks are gradually
recognized and understood: users with a smaller number of correspondents tend to interact more with a subset of
correspondents, while users with a very large number of correspondents actually spread their activity evenly
across all of the correspondents; users’ interactions decrease the clustering coefficient and loose the connections
between neighbors; edge creation is influenced by both preferential attachment and proximity bias; small
communities tend to merge with large ones which tend to split into two comparable size communities.
Key words online social networks; measurement; network structure; user behavior; evolution
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4 LiveJournal[EB/OL]. http://www.livejournal.com/
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ANEN
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fil &

B (diameter)

D= II:?;Xd;_.;

iy T )R g 18] () B R e A2 E 3 4K

AN R W 2 ) KA

1

T I Caverage path length) L= TR D dij N S 2 8 T A BB O
FRARS i
oF, bes O BRI AL, B, A RS 2 ] A
WS IEI R H (clustering coefficient) Oy = ——— Z YT TR0 S 1 IR
ki(ky — 1) HISzBRIA%: 0 < ¢y <1

AR (clustering coefficient)

1
C:W; o

NP AL 0< ¢ <1

PR BRI R B P, 20 9 45 P 2R 2
Fitks € = 024 BACH TR S H#O8 IZT
R O = T HACA S 4 HIER)

J¥ 4345 (degree distribution)

szzp(k’)

k'=hk

2B > A 6 % (cumulative  degree  distribution
function), P{k")RI/R—BENLIEE T SER LM k!
HIREE

BRBEANT R f BRI AT iR
P(k) oo k=7, WIRFERIRECy — TINRR:

Pooo > K Yok (0D
h'=k

[FIfic # %k Cassortativity coefficient)

MU ik — [MTYS, L0+ kD)

e ,
MOVYL AGE k) - (MUY A+ kD]

Ak 3500 A 51 AL PIAS S s R RE M A I 4308
-1 <r<1

ol 3 19 246 e (Y R g PR AR I ()19
M s e >0, Mg [
(assortative), 78 kA i) -5 H AR
M R <0, MEEREM
(disassortative), 711 sifi 1a] T-H1 5 3L REAH
S0 R

P4 B2 EL (average neighbor connectivity)

kmax

Fun(k) = > K P(K'|k)

=1

P (k| R) 8B ke BT RSB RE D B (55 R A

S0 ETVT SRR SRS RS B

k-#% (k-core)

SR FPPENTHEE TR R, PRI TR

% (coreness)

BN R T M ME(R — D-h 3, 8
AT T ECA &

BRBCRWINT AL IR, B8 5T
FEAR S, ERIZE rT LR, B VAT R
IR 2%
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xg 100 \\-—4
10 bbb bbb bbbt .
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Social Degree
B3 AARBK,,, 5 F

(5) k-tZ5ZE

[FBECPEAE OSN JEI T A “Hs”: B AEM
SIETREZEN, B, MESBEE
W O EARIR N fid iz OB Bk, H
5 X 3. Mislove 25 NPT Web 18 i 1
K143 W77 B2 OSN iy, 45 S ILIET 4, H:
1 SCC FRM &b i f K il 116 N 4 B i, 4
2 10% RN miiy, Mg 240 B i A
AEH /N SCCo Pt ELEEAN [ 45 5 X 10% 1 A% 01
ROEFRM R BEE0 1) o — AR R E RS £ R

KI5 15, A (0P A REE M
E @ !
SO 08 e o] b e -
'—23 Large SCC—
2o [0 )Y SN N SR ) TIITII I SR -
s .E
g% 04 8:63 Nudc:::r-..‘ ................................................ -
gé oo b.27Nodes—"l . . W W J. i
2 . 1 Node

0.01% 0.1% 1%
Fraction of Network Removed

4 BEERANTHSEMEHSBEERLD

42 AP ZEB#HSREX AN RN

BAHE 4.1 WU “ERSIRAN XA
JEPA —AN R R 2 SRR G,
ERAHBCARNE? Z AT OSN i &k
RITEIE, T2 T HSE LN P 2 TR A
WA AL B @I ARR LA DER, HC
D HARA R K ENE T AT i AT £ 5
FRIAZ AT g 5 P9 25 30 40 25 04 B 52 0

A BT H AN R 8 P A2 AT A T A4 J 1 D
WM T 2RI, taniEsh M4 Cactivity
network) B4, yEZ)& (activity graph) 4, paztae
T[] (latent interaction graph) 8% . % T Zi— k4,
WA T X Z BTG RO R M, AT 2T H
JAE FAT T AR G R % B A R 1) M 48 SRR N
TEEhNE, LRI OIS EhIRIN G .

Fen R 7 o SRS M BN P o — AT
s AR I A LG — RN

10%

AT BR8Nl — G EHwWwR
TN AT R R BE o XA SUIRIE B M 45 AN &
UFRRARMIM A, BERARLE AR 2Z A m] BA
EH o PRI BN 48 42— AN Bl A0 22 I B TL 8111
W2%, STFFTME EAE OSN R AL R A 4 B 2 o
4.2.1 TENHHL vs BRI

Chun £ \BALUH /2 I B 35 SEBIRT S0
I, AR BARTES ML
) BRI 4, AR5 40 AR 28 WY IR 4 16 R Al AH
BL, Py 20 9 26 H T a5 RN BE AT HE R 0 A 1 St
e, H_#F o AmdRs ALl X5 Mislove 55 A
Oy 2 A ]

AN R FRIAT, 15 sl E LT A O R M
HRIRCME o Dhkey,, i B[RO, SCHR[26]42 £ T 77 AL
W28 b RIS A 50, BACyworld 1, BIFST R B
B, U5 58k > 500, ko SR EGES, HIFK
KRAME R Yk < 300, ML ESRPE; Y
30 < k < 5000, W% 2 EECPE. XU B R4 B2
BN 5 RO i AR AR I, KT
R “ANT AL PRAERTBRR A NN
(celebrity effect) *. ¢, 5 unfid 45 LAgs ¢
FoA LA ML, HA NN T ) RS,

53 7 8305 5)) W 28 R ROR ZR M 1 k-1, AT LA
W W HW A 3 20 . anlEl 5 B, 1S3 S A
U R R I b, BHEZRAER < 34 ARG REFAA ], 2
Jo W Bl W 28 P -1 BT BRAS LU ARG AR AR
X 5 5 Leskovec 25 NP ZE S ARIR], Ui WA
AW S HANER CREBRRD) i4, X Leitx
A% R OR

bidirection &~
friend --&-

10" 888 5By T

number of nodes

5 k-AZ 5B
USRI ACZ TR AR L B ol e s 5L
By 200 58 T 2 KX A .75 5K Jiang S5 A

1 Cyworld[EB/OL]. http://www.nate.com/cymain/

2 Special: Micro blog's macro impact[EB/OL].
http://www.chinadaily.com.cn/china/2011-03/02/content_12099500.htm/
3 Microblogging in China[EB/OL].
http://en.wikipedia.org/wiki/Microblogging_in_China/
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TR M5 RS RIE S 0 b 9

Wk 8 NN P U5 R e Sk R 52 T I —
i R, S SO 7 i At N 3 R vk %
P ge, W) 1% EmAT I 5 1%0 9 i 2 (1
J %M ES, UAEANM P — R R
TSR . — M REENILS S, AR
Bt KA NETRE L CRBD KBEL X
YL TR AS BT, DR S SR U R e R
SEAEI, BEA ] SR OSN fRIRE bt AR 8,

CUFH P A1 05, P Z A0 B DG 3R oA A 1)
[FIRE AT LIS B 4% (B B D . R IR &
TXANE B W 28 505 G R I e [R]
(1) B

Wa A & il % (240,408) KT B As T A
(27,347) (LLH P ZIRIPF8 A i), B
WA BB R B N TR OR R
(753,297) IZ B AN AT KR IATE R S,
AOATIAS S Al N LR, B SMARSE . R
IR, B BB R A TR 2 o A
(NJAy = 3.5, iy =3.39).
(2) RERH

[FAE D o NN TR A7 1R 2 R A7 A, Bk
(0.03) FoiExX (0.05) = H EMERLREH N T
IR RFRM (0.18), B LI L8153 3040 15 pZ ]
(RE R sth . DR AR 22 B 25 F P B ) A e e B
BT INAAHL, HERE RE R/
(3) [FIMCE

TR Z P Ui AT P, B AR A B
ARFIM G = —0.06), MIFAKRRMN (r=10.23)
MERZHE (r=0.05) #BEA R, XRE
T H O T 0E Bl W 4% LT A O R I B L (R CE 1
PR,
(4) PR

Kalas B T s K (4.02) AT ER
L H B (5.43) FUFRRERM (3.64) ZIF. HT
SPEAI AUBERR BE ORI R kS, AN I 2% 11
HEEREA 22, X P ERR R xR B )T 1 i
AN
4.2.2 5B FMREE

OSN H F* 2 1) {9 A2 H.nl LA S 45 ok A B4R H
(reciprocal interaction). AHHAEH &M EER e
(¥ EFEHLHI, Zim 7 3¢ R sl EARER
SR AR A SO ZE S 4 B AT T (1 5% 3 Uk
(39, A LR 3 S A i PO R A 4 R G
AN KR FETHEAEMH, BATAT AP 52

LIS B ML o
(1) AHEME Creciprocity)

TG 2 A Y AT
F AR AS B R ORI . B 6(a) ik T
Cyworld FH 7 22 18] A& B S5 Bl B s &k, B
EAN 2 JE 1] 6(b)o AT LU H B S [0k
PRk, P 6(b)l LUREFH I 2 =yl . Hemelrijk™ 2
ORI E MRSy =28 MR Crelative), 4% )
(absolute) AEMER (qualitative). [RIIEZ)RI2%
eH A BLPE R T4 TR AR BLE, Hemelrijketfin 4
X B AR B PEYR T AN 2 R G 22 M A ey, e
Cyworld 430 2 HI ) BLIG B A5 1 3] B At A 02

Ifil o
10000 . . . . — q:m=‘
[ y=x = Ao .
« 8000 | e o 10° | J
A gooo | g | 5 107 |
@ i L x| =
T w00} L T -
* 2000 [ S ol -
S 8 | _

0 VL
0 2000 4000 6000 BOOD 10000
i of A->B

‘O\'l ‘nl 1°H ‘n'.! 104 10.‘; ‘Dli
# of A->B

(a) no. of received messages (h) median no.

vs. no. of written messages be- ecenoes vs.

tween a pair of users

of received
no.of wrilten
message in log scale
E6 APRZERHER vs HHHER
AT LA B 5 240 Creciprocity coefficient)
B AR T SR T T 5, Wy = 1,
W = 0 FMTENH T RZEph

izl —v) (v —v) 1
o Yyl —wr @

Hopo = S

NN-T)’ ]Vj\j—'ﬁ‘/ﬁi&o \E’Kﬁk, —-1<p<1,

PAEBOR s B . B U e & S AN
(15 240 02310, G AUIFie R Rl 0.491,
111 Cyworld% 5 4 4% 11 1. 5 # %k 0.78B4, www
Sy 05165, 1 s 2% 4 0.2314%, Slashdot?
0.28"4, Twitterly 0.58"%), Wikipedia®}j 0.321°1,
(2) ZERE (disparity)

H a0 A E B AT R A & P 2 TR A2 Hosi R
AR FE A A8 BN R AR BRIy
i EM ESE, AP KO, AR R
RBEAPAE s R HAE T IR, A IG5 1 5 P
HU KA H e — N ERE . NER ki (P19 056 2
st (disparity) Y (k, )T M ilfiG e i &

1 XHFAEL 41 FHFRIEX TT, SRR AR R, R
1, HIEPESRIE I Z M RASE., SEE)ES .

2 Slashdot[EB/OL]. http://www.slashdot.org/

3 Wikipedia[EB/OL]. http://en.wikipedia.org/
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Ly oA, SO
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HKQZE:{Z;;w}’ e

=1

b, Y (k) AT BRI SURY (K, ) 1P
B o SR AN AR a2 R ASUAR 5 N ) 2 PRI AR
ERATTHR, WEY (B) ~ 15 WER—A AU
A B A AT — S W s N m i B, W
EY (k) ~ k. 7 B8 T Cyworld iE5 M EY (k)5
kISR FR: Mk < 5000, kY (k) ~ k3 24k > 5000,
kY (BYTFURRBG R, kil F] 1000 I, kY (k)
B 1, KULHEY (k) ~ 1. B 7 98, — N A
gl ) S S R 5 S G N R 1 S % 4 &8
% (KT 1000 ff H 2 156 R IR e A 22 1 HLEE 355
K SEATENAE: A2 0 PP 5%
52K 3 T BRI AT 22 99 b 47 A

10° -

<Y(k)

degree k
7 ERBRY
(3) Mk (network motifs)

AT TR FRAT T 0] LAAE H A B A FH A 9 28
AN EXFRYE, ARAS HAT AL P EIAS R I 0
Ao 2 (A AR RS B AT Wi 2 ) 2 45544
(network motifs) fIE="N N[0 13 FHal AEMIAT
A, BRR A = o H P 1 (tiad significance
profile, TSP), Milo 4 AMOH T — Pk 1 o 44 i
PRI 255y KT FEARTBMUE, THE M 13
Tl £ AR LA, I HO6T B R BB 9 25 AH L
B RS LA g R M g AT s . BRI Z -4y
0 (Z-score) TR EAEMBT BTG, &N

7, = JV‘I’&ﬁl,i - WE(Nrandom,i) , ®)
Trandom,i

Hor, reai,?i%%iﬁiwéﬁtp$ﬁﬂggE@;&%,
11 Nrandom.i) PO ardom,s 4 3 475 %8 15 B HLAL B 45
B TR . bR Z 50 5

Zi) (> z2)8. )
Chun %5 A\ B F R A #I T H. FANMODPY

X} Cyworld B A Kk R FATHAE AT, K 8 on T
BRI HT A R AREBE (Bifk 9. 10, 12, 13)
P IARCR, MiHE A (AR 4. 5. 6)
IR HBILLE Cyworld H1o X 64k JEE H A4 25 P 4%
[k 525 500, ik 1 R 2 I A Z -0 B0 TR,
D042 W 2 R EE AN [R] s 54k 102 #E AL (RA%
B, K NEIRAE SRR (spammer), —ANH T
P E AR N R &A1 2R Bk
2 SRR IR, W NAUEA N, IS EA
FHRI T P 45 TR — AN P ki i A 15 31 [m] 52
AT LUARYE TSP XF 483047502, HATAHI
TSP (1)1 £% 20 Bl — AN I 45388 X 0% (superfamily) .
Milo %5 AP 19 ANAFIZRA K R 250 20k T 4 A
MR IXLCF TR, AR R0 W 2 AR A
AR £ B, 1 H A AN BT 99 265 vh s 2 A7 A1
LA EEE s 4N, — AR Al fE
TRBERARR. DIRER AR IR 9 2%

1—
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]

| July 2003

-0.5 [ anuary 2004 |
I April 2004

I Jun 2004
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Motifs

Vaadvantvie

[ 8 5 NAR[E) B 18]35 & W 45 B9 IE $L4K 7 - 45 B4

4.3 ING§

AATEF L OSN [ b s MR IR AT
Shy K 19X 4 A PR R T <

(1) OSN J&/httFtme%, HA RN T
ASEZILIPNIE S F L

(2) OSN JETCHREM LS, [ A 2w,

(3) Kifh4r OSN 2 [RIBC M L%, JE BRI pei it
1) T 5 B R T A A . OSN HR AT — S 5 2
PIBERERI AL EEEA MGk, i
NPT RO AT R P 2430 %

(4) OSN HIJ BIUf KR R IR AMATTZ )3
BRIIAS T, I KR R W A AE K B BRI AT s
KR R AT WAT A Camin SE o T sk 17
W2 SRR AL, AT L8 AR ARG RA T, G n 1
BB, ML R 2= .

(5) OSN H P HIAE HAT A HAME M. I b
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IR RS LA MRS 2 Hr 11

I P st A p A e DI 0 R TidF /2 1
P IR G RO 2 B4

(6) OSN HH [P BEAR AR L], T 4R AN
H{BECIth R LN SN R

5 AL SMEZBIAFITAS

A TA OSN R EERIHIAIR, AMTiE A St
— S P AT A, BRI 46 SNS At 4 2
ALt 2 FHE? X AT A R AE A ST RT LA B
SR B R AL, o) S BB, WY
TREAf RN AU (R AN PR ER 35, AR5 A2 0T T o ) )4
RGN H A EEZE L, HTFHPITINE K
PE, X7 TH PRI FUAEAE S B — ) R T T

FEARTT P IRAT R SE R 4E OSN HIFEAH P47 M
T8, ARG 5309 AL A I sl 37 FE R S A% 4
PHAN A BEVR NN TR 2 AT R RRAE
5.1 A& ESMENERAFITA

OSN [RI3E B4 &0 FH AT R It e, 47
NEAET OSN (Wi, Jaa IR T R R
fiE. B9 ST Cyworld F /4T & %5 P R
[R5 P 5 R B Y8 A 80N T 200, —
R IEAHOC, Pearson #H2C R ECA 0.6235; Uf AL
KT 200 mf BB IT UG AL, Pearson AHOCREH
0.00913, X UiHi, 200 Mif A& OSN I/ HIASH.
FBR, X AMRA LR, AR RE
(1) F-BE, Dunbar 5 H (MR 2 150, EP3ET AR
o BT B AR, — AN N AT 4ERE N B 6 R A2
15009, Bialik®Hgth, BRI A2 20044
PR Bk L. & 9 HURERATT OSN FH P iz ]
PAYERF 200 N2 K FR, KT Dunbar 14516 .
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4000

median node strength
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number of friends

9 Cyworld A A& B &t H EREY
5.1.1 &if
— AR W RN AT, HiEL A
Wh NS, FATTE 26 IV I A P L 6) R it AN [
DIRemAd G AT ARl — G OL T, T 5%

MBI AT R, FRAT T 8 YRR A b
HTTP & KA1 N2 AR AT s o Cclickstream) {5
Ko X7 AR AR 2 [19]F1[20]

PAF R TR 2 A A AR E X
1% (session) o AJ DARR P sk —M4xif: (1) H
FUORH T NS AR B E VA S ok (2) H PR 20 434
WA AR DS 2. P S RFSEI ) () SRR
A% (cumulative distribution function, CDF)
2 (heavy-tailed distribution) .

XTGP BRI AR, Benevenut 45
NV B, AR P R B AR (diurnal
pattern) , N/ 3 pACATIEBNEAE; BRI R EL,
2047 50 AN AEAE AR A B, WA R 7005
RKIOH P HENT TER. ABBAd kIR T
Facebook!, Facebook ¥ 1112 VR H A ] ) A 1 g
7% (user-generated content, UGC) [ jri6 571,
5.1.2 & iE MG THRHIE

T RGN S Bk — A 2 BA R
FIBIASFHAE, FATT LUNAS R T % 52 P 45 il
HHTTPIE K ISR IE . B 56 E SC— AN R 7 1)
t(i),i =1,2,3,- - t(i) RIS RIS ],
a(i) 58 XN AN G 4+ 1A 1 Ta) B s ), BJ)
a(i) = t(i +1) — t(i). LlOrkut™ 4™, & 10(a)
Wor T ali) M LA BRS04 iR £ (Complementary
Cumulative Distribution Function, CCDF) ,'&i@ilr T
LUINNSEA®

1

flz) = =
Hr, p=2.245, ¢ =1.133,
X (E) AN iE ] HTTP iR I £,
Kl 10(b) s T () ARG AT o XS — P
RO, BPRZHIM G R T HTTP ik, 1
B DA AT KR HTTP i3k . X Fh oA 1
WA Br—, Hha =1.765, 3 = 4.888,
SR UL T OSSN H P Il &s s i Tl AT 1RO 1) 22 57
PE, X5 Huberman 25 A4 Web - [19 R IR 2540158,
B 10(c) a1 AN2x ik i =K 10 Ta] g I 1) )
G RE, ERFEFEAG) M REOEA, Hh
iw=1.789, o = 2.366, Benevenut S5 N &K I, 4
PR IN 1] (0K 5 238 (0 IR ) TE A e M), a4
B 25 U ()P 52 N TR) AN 7 BB, e ot OSN
AT A — A FEANE . Xl R Bl A 10 A ]
DU SRS P ) S5 vE ek R o an SR 40 43 2 1 (1

6—(]03(53)—.“)2/20'2, (5)

1 Orkut[EB/OL]. http://www.orkut.com
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5.1.3 sl

A DA g vy e A Cclickstream model)
OO vk i SNS Hf /7 g S RAT g o 7 il
PR F o W5 . = M I i P X 4
4T . Benevenut 25 AR S N HTTP sk
X 41 R P g, JFEIX SR W BT
JLZE: R, BINNGEE, R AR WAL B
F PR RIAE A AL PR A

VA T RN R 7B U < VAR S U1
Markov %, IREREAFRRIITH, HBEMEND

11 AT AR 245 L, Bt —N 7 RIPE % Orkut
AT, A EA 2 — ISR T RE (64%1) AT REMED
SRR A BRI A AR o M SR IX AR
Al DA B, Orkut R 474
5.1.4 M7 5 M

M 4.2 FWRATCLENIE, AT R4 50 2%
(PSR . [FIREH, P48 S5 Rt 2 S Fl P AT
K12 WoR 7 Orkut AN FH AT A S5 P RS 2
W, etk Bk A 5 E AT A

0 . 5 0
10 e 10 o =1.765, R2 = 0.96 10 Orkut requests  *
-1 _1 LogNormal fit -
10 4 10
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210 w
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=]
** 1
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Orkut sessions N,
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Inter-session time (sec.)

(a) Inter-session time

Session Length (# of Requests)
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Inter-request time (sec.)

(c) Inter-request time

& 10 Orkut £1E 45 & H & £ IU R iR 50
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~— [CommunitiesT/
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B 11 Orkut FA 1720 A s i pg B )
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L5 Jiang 25 NIOR AR AR E: AR, A
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FHUNT 100 IR L R U o B A
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ell
I
Scrap Testimanial Video Photo Profile

User activity (%)
=

B 12 1TAHZERE 5wzl

i GETE AN P o) Y — i H P A
&E, CIRYE 3 G RS S (AN A ]
mh%%ﬁﬂ%Iﬁ%ﬁTn@ﬂ%FM%ﬁE%
YA A UL, X5 Orkut M AE T FREH
PR AR R G A 0% KRERV AT A 53
B AR GUIAT 9%, X Ud B P A 1) B %
1T LR A RS,
5.1.5 FaPEAT AL E
7 Jiang &5 \DSV TR —HE, SRR E TR
IAET e ] DU HE M 00 AR ILEAT A, B Y
THh e WrXLEAT] WAT N 2 K E W ?
Benevenut % AUt X 43 o] AR o AT A, 45
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IR RS LA MRS 2 Hr 13

P17 Orkut 7 12 K54t AAS I N B CRLdS
WU, AT (1) 12 RNH P HECR
T 32AH 7 i B AT A 0.2, Wilson
2t \B292 3 Facebook 1 60%[H1FH J*—4F 4 JL T %
HRHADNER, FHEIAXE LT 12 KIE
P, 1SRN B A . (2) AT S
AT WAT A GE vt 2 22 AR, BEH P 0 = 24T
RN, AT P AT N T 92%.
52 #XZX Myt A ERARPITA

M Capplication) 4442 # k ) 5 B 21 Bl 58
95 ERET HRK:, R T R 2 MRS,
Wb T F P &6k . Facebook. A R4% SNS #i4
TR IF RV, K& =7 N B T M
vkt . Facebook M i mAE LI BUT RV 6 5
19— J& PO s I T 30%122), Twitter [#)3t f 75 HL T
APl Z JEH8 0T 20 £54, 3o 2 LIS SNS
I FH BIATRE RS o SNS Rt 3488 T AR A2 2 TR 1)
AP, R HEAIT 5 AR SE (T P AT AR 7 X
FRIE BT VAR, JEF 0 FH P AT A (A 5T 22
ok F T Atif Nazir 26 NP5 80 1 4=,
5.2.1 Facebook ¥ JH f) 48 v AiF

€ XHVE Rl B (daily active usage, DAU)
KRN A — RV R HE— N 4. Nazir
i NP2 3, Facebook 3 FH F 4 FH 175 i A2 Pareto
JE )5k, 80-20 MEM: 20%F N H 5 T £ 69%11) H
iR

Kl 13 S HDAUSE A B ST R iE:  an L
DAUM & — N H AT IE, BATEIL, N AT
FETF o S e A, LA¥R o A )2 (truncated
tail), ChaZt A*%5 i YouTube il Daum 45 ) 3 1)
UGCHEAIALAT FE SEATBAIR 434 o

© Dev. Analytics Data Set
1 02 10 @ —Power Law
o - |- Exponential

Number of Applications
with = x DAU

4 5 5

DailQ cActiwe Users ?DAU) 10
[ 13 DAU £ 7?2

T HAAT BEAE L B DL R L SE A e M g
T DAL 0T 33 H AT A A S

1 Daum[EB/OL]. http://www.daum.net/

B — N EENER S &S R (preferential
attachment process) A=t/ Ai. LA SNS W HIUiR
AT EEREAE A A, AR SEIE RN — A
Al FH 3 — N FH R RE 2 15 3K AN I FH AT 10 P 0k
et 4N, Facebook 4Ed T — AN/ 45 A2 S I B
WA, XIS AN M ek & AT
B T RH B, A BREA SR B, XA
N B AT, XA S B IE T (A
FETHRR. IR — A (e, Gjoka
i N TSI T AN iy B F 4 BUBE TR SRR /22
SEN IR, AR R S N Z 8 a1, i
T g N o 2B RN N AR B
AN P 22 ORI FH P G s o — a1

TR A AR B A A e 2 — AN
51, P13 HL i LUfRE . SCRR[67, 68]3EH] T &
1k Caging) sRAEH F1 (fertility) FIAR G R Wifa
SRR E MR R E I IRHERR L
SEEREI M, N TR ) dse D BTG T T 2
(subscriber). 7E Facebook o', A f 1 544 M4k
HEA%, A TSN P g ), s
K—merikE NEC CBIfED . 20 TR N AEHE—
B 0] 2 5 25 AR A I i, 6 P R S 1 R B
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5.2.2 N HIURAT BEARAL

SNS 3 FH R AT I sy PRT AW A8 A A T 5 1 A
&, IR LAE ST FE AR A L. SNS WY
8 X RIHESEFR Cranking drift) @ Xk
| RankonDay0) — (RankonDayX )|.Nazir 25 \#2
HOCIN IR RATEE > 4 A, RJG ml ERER
R IERB M, FARIE 14, FATATLUE H,
AT (top 5%) N AR ES I, AT
ARG, BRI N BE AT FE I B i HoA 44
BT rE



14 5Pl 2 R

2013 4F

---Average

- Rank:0%-5%
-Rank:5%-20%
+Rank:20%-50%

-=Rank:50%-100%

40

= 30

Average Ranking Drift
ra
o

20 40 60 80
No. of Days Elapsed

14 Facebook [z F 893717 B T {422

WA /NS T RORE, L% %245 5 438 (1)
WATEEARA, W B nT e JCiE R B B RS 40 (1) AR
b, X AT AT LA A Spearman &5 4% AH ¢ 1
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TS RRIERE . Woep e AL AT Y s S A 4] 5
WL, Za; =3 ey MERIRE5H) 25 (structure
coefficient) & N> (ei; — af). +EEILHIFR N o
ff) (strong) HHR &K ZHORT 0.37,
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72.6%, i GL Fil Hugged 1% /7 A #] 10%. 734k, FC
R () 73 A1 5 GL 1 Hugged 2 55 K.
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1 Leskovec’ publications[EB/OL]. http://cs.stanford.edu/people/jure/pubs/



WIAEL RiAI S No.9

IR RS LA MRS 2 Hr 15

N KA A A GRS . Watts 5 5% T 76 FH P U
PR 4] IE A BT X P A 4k b R R A 1K 4
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IS TR, R BB EE -0 A DS RIS AR 5K B A
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Diggs F ({5 B 15, & BLDiggs M 4% (1 e B S 45 4
BT T 15 B AR

bt OSNE I FIge i -, AMTITT IR T Zdhi 9K
AT, DAL ML IER: LA BRI
Gruhl N ML T il 2 56 s WFT T 124 1A v
FEYHG AATTIE R T ARG AT AR )
12 B AL 3% . AdarFlAdamicl®dut 54 @ T
FATIRERIAE 2R 1A% EALAR N H] . BakshyZ \ [
5% T Second Life® (— N AN #145M4%
BN BALRE, RIAL 2 P40 R e i A T
TEVER . Suni AP 1 5T 57 Facebook T i [ 4% %
R FREAMRAE, HMETHSYZWHP . 0
Rodrigues® N\ V5% BLZE A5 4 10 LR AN % Al 2 15
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BB IRZ AN, TR, AR TR
% . Gomez-RodriguezZ A\ 22 T 4 i 42 (1) 1)
B, BT ANEE R R R A 1 LA K
L5 GhoshHlLerman® L4 T — & 5%} 54 1)
(O RE B, AR AN O B A A ) 5 7 1)
TR AR T - Scellato N BHFSY T i ) AL 25 2%
I (social cascade) HEHUH ¥y HEERAE SoRHE BN 2
A 0 2% P 2 WK ST IR 2847 - Wang 5 A B9V B4
3 FATLAA P 28555 AAT A% 7 455 JE 1 T 3 A 6 5 52
SR K. Galubadi AP T —AMERR R H] ok
TR Twitter B84~ H P T RESE 2IMEANURL. 1845 —
Be T AR > T R B (spam) B 92501 g 2 44 11
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X OSN 5 S A% 7 10 A fe SI2 I (14 B FH A Tl
SR Ha . Chal®4: AR L YouTube RLAHIK)
LS W S 1 ) B B AR AR R PR AR O DG R
0.84). Szabo % NP & L T HAUIBATE, FEfl
ST 3 FIMBIAR AR N A AT R o IR SERIAYAK
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SRR T A, Li 25 A9 SR Gt 1AM
FASy =Mk (video sharing sites, VSSes) M4
OSN " [FIAL ARG OL, AbATTRIN:

1 Diggs[EB/OL]. http://www.digg.com/
2 Second Life[EB/OL]. http://secondlife.com/
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AT LU H 5 SoVP I il 2 5K B 2. 47T ANN A1 MLR

R4 FABTEY TN L5 RO

day 2 day 3 day 4 day 5 day 6
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5.4 INGS

ARATEFEANHT SNS [IIEARH 47 R N E
I AT A OSN Hh ()M AR HE, g -

(1) SNS I 47 0 B BB

(2) SNS /o ifif [l AR Kz ik, H
AN AR, e SE OSN A7k A .

(3) SNS FH P HFRIBER NI, A AT — %
HE B OML AR, ANANM LA SN T 100 1)
MR A .

(4) WY UTHEE SNS (EEHH 4T, Orkut
T AT A AT N 92%

(5) MIAATIY SNS MW H HAHEZER N, HE4
BESE o TN H B33 M 25 P 4R IES OSN 4R
FMRFAEARAL

(6) OSN JEUK T MAMAT FE I F,  FAIRAT
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SR IEARS I SEN AL, A A SO0
AT RRAIMNAT AT 2R 2 3Kk I 2% A
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6.1 EARINSHTK
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s ot TR . 0T R, WICEIHME%. |

7.
i
I8 »» attribute e
TAar | % 030
!

=
| Fom
= Y — €
— .
0 _ Ve LR \\
P @0l |
- 2
7 e 035
- .. .. |
F T B 81100 0.24 i P IR T
Time (day) Time (day)
() Diameter (d) Social clustering coefficient

17 Google+ IR $1 S # #2544 104

W g R0 F O 8 I 2% T, Flickr 1 Yahoo!
360, Cyworld™ ) 142 B I Al o %) T2
BB, T I £ I AN T 0 ey S o B K
TRE . R RIECE, FAT1HTE 4 S OSNAE [F]
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1 Yahoo! 360[EB/OL]. http://360.yahoo.com/
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1 Dlicious[EB/OL]. http://del.icio.us/
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Fz, IR I T O — PR R G Dl o I 30 e (35 A1 1
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(1) 1 2 1R AS 70 350 BH T 11 30 i £ %o 000 56 3% 2 A b
76. Mahanti® NI ; 1 — A7 8 032 1 4
ARG I e 7 OAVE T s 1 SE AR Stk S i ek
FEHPR B, SRIGTERE N AT s e Pl
P SAE D HART £l B 20 AT LLE HX AN
SRR RO M 26 5 S G DR T . DR e BT Y
ST, IR R R BRI 25 RE A S i e NI T
e o

1 b W
0.9 4
< o08{"
\I}
= 0.7 -
o
0.6 { ¢ Simulation With Closest Node =——
Actual Data s
05 PA Simulation ssss [
2 3 4 5 6
Number of Hops (x)
20 ImiEfm s 5 s ikEEl
6.5 X H

Y H P2 AR IE R AT HAE SN, AT A
] e I R O IR A LR A AR T
W IE—A4L (group) 1. Kossinets F1 Wattst™
RIAE— A Ho A 200 MR TR e ) 25 9 2%
t, JIBEE SN (A PR ) 2 AR AT R LR R .

1 FriendFeed[EB/OL]. http://www.friendfeed.com/
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