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Abstract

Online social network(OSN) is a social relationship structure which is formed by
multi-agent interactions. As spontaneously formed social structure, OSN contains
ample patterns, rules and mechanisms of human behaviors. To discover network
structures and explore hidden principles can help us understand human behaviors
which will bring potentially commercial values. Thus, studies on OSN have a greater
theoretical and practical significance.

Using the theories and methods of complex network, we study the evolution and
prediction mechanisms of OSN structures. This paper mainly includes two parts: the
first part is the studies on the properties and evolution rule of the group structure in
QQ group networks and the second part focuses on twitter social network to design a
new link prediction algorithm for user following link.

The research on the QQ group networks offsets the deficiency of current studies
about OSN. So far researchers have generally paid their attentions on individual social
relationships, leaving participation in social groups less understood. It is because
effective and credible data of collective human behaviors as a group is hard to collect.
Through the analysis on the characteristics of QQ group structures, we find two
different types of online social groups’ growing rules. Further, on the basis of
empirical findings, we propose a percolation-like diffusion model to explain the social
groups’ evolution rule. The model results indicate that the proposed mechanism is an
important driven-factor for the growth of real social groups.

Moreover, the research work on the link prediction for user following
relationship in twitter social networks which covers the shortage of existing link
predictors in complex network. Social networks like twitter are interest-driven online
community and the posted tweets can explicitly reveal users’ personal tastes. While
existing link prediction methods in complex network are unable to use text
information. In order to make up the shortage, we propose a new local indice of link
prediction which can both utilize users’ interests and network topology. Experiment

results on twitter and sina weibo show that the new algorithm can outperform other

v



IRl T/ R VATE' Abstract

traditional link predictors in AUC, precision and reall.
Keywords: Online social network; Complex network; Group network;
Paticipation behavior; Interest diffution; Twitter social network; text

information; link prediction.
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(b) The group network G
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(c) The user network U
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Figure 2.1 Schematic diagram showing (a) the user-group hypergraph H, (b) the
group network G, and (c) the user network U. The data is composed of five groups
denoted by the colored ellipses in (a) and eleven users. The thickness of edges in (b)

and (c) is proportional to the weight on the edges.
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Figure 2.2 Statistics for the hypergraph H. (a) P(s”), the distribution of group size s",
with the distribution in semi-log scale shown in the inset. The two dashed lines in

show the range of the tail exponent of P(s), namely —3.5 (orange) and —5.0

(magenta). (b) The data collapse of the different broken parts on P(s”) after re-scaling,
in which s”c = s'/(s", here (s") is the average value of s/ in each section, and Pc(s")
is the corresponding re-scaled probability. (¢c) The average (pink) and the standard
deviation (grey) of group size given specific date of establishment, and the inset

shows the scaling relationship between total of groups and total of users at each date.

(d) The distribution P(k") of the number of joined group by individual users. P(k’) for
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male and female users are shown in the inset. The pink lines correspond to power-law

fits with exponent —3.82.
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Figure 2.3 The heat maps showing the correlation between group size and the
number of joined group of members. The color scale corresponds to the log-frequency
of occurrence between the size of a group and (a) the largest number of group joined
by an individual member in the group, and (b) the average number of group joined by
the members in the group. The pink lines show the curves on their means along

vertical values, and the blue dashed line in (a) shows the fitting power function with

slope 0.54.
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Figure 2.4 Properties of the group network G. The figures show (a) the distribution
P(k°) of group degree, (b) the distribution P(K®) of weighted group degree K¢ of G,
and (c) the distribution P(w®) of edge weight. The insets show the same curves in

semi-log scale.
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Figure 2.5 The heat maps which show the correlation (a) between £° and s, and (b)
between k¢ and k''max. The color scale corresponds to the log-frequency of
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occurrence. The pink lines show the curves on their means along vertical values, and

the blue dashed line in (a) shows the fitting power function with slope 1.14.
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Figure 2.6  The heat map which shows the correlation between local clustering
coefficient C® and the degree kS in group network G. The color scale corresponds to

the log-frequency of occurrence over 104 randomly sampled groups. The pink dashed

line shows the fitting curve with slope —0.62 on the means along vertical values.
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Figure 2.7 Degree distribution P(kY) in the user network U. The bottom inset shows
the same distribution over male and female users respectively. The top inset shows the

distribution P(wY) of edge weight wv.
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Figure 2.8  The relation between member age and group characteristics. (a) The
distribution of age over individual users and average member age over individual
groups. (b) The distribution of the number of joined groups by different age groups.
Inset: the average value of of joined group over users at different ages. (¢) The
distribution P(c,.) of the coefficient of variation ¢, for users’ age in each group, and
the average value {(c..> as the function of the average age of groups is shown in the
inset. (d) The dependence of average group size (s’’) on average group member age
{a). Inset: The dependence of average group degree (k) on average group member

age <a>.
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Figure 2.9  The paths of changes of two averaged variables along with age. (a)

X-axis: the averaged value kY) of the degree kY of user network U for users in each
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age, Y-axis: the coefficient of variation ¢, of kY for each age. (b) gender differences
on the age trail in panel (a). (c) Horizontal axis: the average number of joined groups
by individual users; Vertical axis: the average value size of the joined groups. (d) The
same path in (c) by averaging only male and female users respectively. (¢) Horizontal
axis: the average coefficient of variation (c../r among the degree of neighbors of a
user in the user network U, Vertical axis: the average coefficient of variation (cva /s
among the age of neighbors of a user in the user network U. (f) The same path in (e)
by averaging only male and female users respectively. The labels close to each data
point corresponds to the value of age, and the different colors in (a), (c¢) and (d)

respectively show the data points in three different age stages.
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Figure 2.10 The degree distribution of real QQ friend-network
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Figure 2.11 Illustration of group growing process based on friend-network with the

interest diffusion model.
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FR, AERFAN P wRARSERANTR, BLAXBANT AL L8
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k2 b, A Katz, Hitting time %% B {%& 2/ EaWHE, #h, x—4
FUHG SR IR A R 114 A twitter 3% 24 28 F 43 HHY, TR 4E 3t b iF Bk ¥ K
SR, EHE AR, Ao N & EERE N FRITHN, Eilk 8N A x £
AHFE R FEN LT, 2FELEERERA, ERRTHITZESF
B, G, FMEXBI6ITHARGFNE, RANEHIERNEERE, E4HX
FgmmAAXREAMAEENEL, EEMNERNERE T, TRAEY
HRAE XA B0 E ok R TIR twitter XX R P R RN EBEE#EE R
WRIE R P65 mmit. Bk, ROTKER S —HHFEE%, REETUEK
WHEARERRT, R SCR 2 SETrik 22 W 4 12 5 R B 2 00
3 X twitter 7 weibo B AR By SLIE AT K, FE X E X AW A P2 F &Y
BAARBEHMAE AR EBE M AR RER P B P8
WA K, F, RERey, RAVEF B AR PRI X BRAEE Y B A7
JEL P B T % SR A SRR B AT P . Wb, H A RUOE R R P iR
WEAMARFE EAAHA BT Bk WA, XEFRNA TN A L4 P

S

AT, ETUEWEIERA, URZEM KX TSIO8I &%, &A1
BT — A T E A A LM 89 R K b R 5 (Maximum Preference on
Interest Similarity(MPIS)) & #7 H i, BT A| F XA A0 B 4 24 15 B RH#ATE
AnvE R BT, KEH, RATEF AUC, precision, recall = # f# B 4547 %

BAEFEMA R, ERXVENNHEELTE TR N EER %,

31 %
311 ¥#%
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FEAREY, ROERFENHEERRBEE LN AR, 250 F R %HE A
twitter £ 4% . F IR HIH T o B AR K H P&k £ AR R KB &, R0
T twitter, A P TUAAKEN 140 9 XARGEE ., B EA%, R P T UH#
R TFISHENE, ZAR P TURERXANEMA P, YXEZE, BTKR
TR KR PR - N ERS SR EWA P REAURA P RE
WO 9 A, BRI Bl R AR A A R 6 KRR T kA
Wy 77 ANC AR 2 0y 33, RATHALEGIEANE PR T, BRI LA P iy
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B, BT EREE R, KL, HATEEE 20,000 A F At A7 [ B
2887761 S H EREH, MTHEMNFP, EHMEKELMATET 30 &, XHF
HRATRIEENA P AR EMHEARER, WERIZA P W E L,
ZHAEE A 7115502 &t AR &, FHENANBIE KA 356, Twitter 211
AT B, — 4 2 B Haewoon Kwak 2 fi 8 twitter #- % ¥ % 25 1 %
U0, Jg — ARy B 3B A W 26 400 T B4R B4y ewitter B P9 A BRI, At G
AR AL A T R, RATHRBE T 11,016 M P2 21,202,751 &KX EH, F
B, FEH 4415250 AMEBOKER, FHEALL 401 K, £XE, RINHE
BE AR, RRE T HEECR AT 100 WA P

Xt T HOR A twitter B3, F-MNREEBRXN 2N TR WEEET
FoliRE BP, WA EEAT 0% Bl , X ERMNHERT RELNT 5 &
WO P o XBRAL I J5 , AR AR B IR R 19,817 AN P AR 289,792 3, twitter
AT MR E A 10,604 N P A0 120,827 S3h o M THE AP w, MREF L

A4 —RBREWHKIEAE, WHEAERT
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31.2 HEFMAE

Twitter FH R 48 24 P &K % 140 F B UAR(E B, R tweets, K ATIA
AW AL, FERROIMN, TRNFRAEL TR, Bz T KEHNEAEE,
AR LA P AR, T BRI Ptk AR W A
AR, R EOE R id R A B R Pk, R R
ERAEF, — 7 WA T 6 RS MIRT LW RERE, B — 77 E BT AT B i X
BEAENEREFTAK, EELBFERS TAWELE hin “ER” Fr “FR
FETHREXANEM, EHRANFNEE, BT, REA— LR R AN KL
7%, 4m SVDUSIn PCAUTH DL g ] F 9% tf-idf >4 42 [ e 4, (Eix M E ST
AR ESXARE A K MFEL SR fE Ak, F—FBEEFRAREMER,
fn LDAMT, {2 2 3 F A X AF 58, KATK I LDA FE SN AEEKE HRF
KB, tn twitter 3X 2k o Bk, FATER 5 —Fb 7 KORIRAGH P oy 5 &
EXE, RAERET word2vee T B HATIH K K LIRIE MM R B, &
— AN REHT LLE R E AN EH, Word2vec & google /A 7 4 89 7T DL AL FE T
A E TN TR0, 45 R4 8545, word2vee T DA 4540 K B9 17 2 4 17 41
Re® -5, BAdBERAWT: ¥4, RAEA IKAnalyzer 4 5C AR K B
W A H#AT 297 o IKAnalyzer & — I IEH, 2T java B 5 TR R E L+
XA TR TEE M, &M Lucene K Bl £, 54 8 #L06 Fn Uk A 1Y o
SCIR 441, T DAAR AT Mo 0w o 36 SUIE A o BT o e 03 307 A Rt o o L ey
B, LHAFP4GER (0 “"@FEIFE”) %, 4K 1E A word2vec 2 Xt 238 J& Y
N EHATARE, XEREBATN 100, NER EEREBRUME LR
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TR AT ENAMRAGE, RATRT UREEANH P 8 100 2oy =400 = &,
KB T AE B 3K 3K o R TR AR A % 2R A B 2 B b AT wi, ATV — LA,
REHA P EAXBRAERNE, LAXEG-1), APEX 100 & ElEAN, &
MR A & R P o — A R 2R £ R B9 X RN

Freq..
:nl‘i ’ (3'1)

Z Freq”.
J

ij

Hp k7w AP wkj REAENRL, Freqi Xt TH A wER j W E, n

AERANH, WHFPREREER K, B —UREGF—EHRNEHE,

313 EEFTNE®
KEHEMBERTNE FAHRET NS, BET 8 5AEERITHEAX
GEE TN M, AR KA IATIT TN . SCRR[16]3F 403t ILA By 22 Ho 4k 3
MEFEHATT RO KM FHEFT BEEEN G EEHATHRGIE,
o A B T R AR L M A AR fn A R ML R AR . X B F k4 B E : Common
neighbor . Salton, Jaccard, Sorenson, Hub promoted index ( HPI ), Hub depressed
index(HDI) , Leicht-Holme-Newman Index(LHN1) . Adamic-Adar Index(AA) .
Resource Allocation Index(RA) A % Katz Index, T 7B # 8 fn twitter 5 2 & 1
P2, RATERONE . W RS04 2 TN Bk REM, RIEA B E
RIUTEREETNEENKA LTS, A AEFHAERBEETHERITE
#, t 4 Common neighbor k1T EW EHANA P ER X EM LM E, LME
%, 4 Jaccard, Sorenson 1= ETHER F K EN, EEAT T EEAE

WAL % . Adamic-Adar R = E/NAY B F A E E 4, Resource Allocation
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T 5% NP £ 7 5 o 0 B0 OR 2 B 3 A SR AT R o B T X S8 2 R AR L1 Y 0k
S, BRATERA T ETHEREEFET 2R MUEERN katz Hik, UERIL
REFEEEAVMR o

31.4 WEMERF

EAREF, RNEAZMEmRBEELEMAMME, 25 Area under
curve(AUC)!'201 | i 7 2 fu 7 o] 01210

AUC 872 B G845 R 3 X 2 B AR A PR % 0 oy ek e 7 R % s v 3k
WA o AT AR R MR 35— Bk, RS EG THALRE R T 7
EWHEE, BE n FW XL, WREFH n FANELETTASTHEN

W, Hn AR ELRET ARG A GEANBNIE, B2 AUC HHE AR T UE X

AW:M, (3_2)
n

I R AT — F A h B ki, ¥F2| AUCHE N 0.5, X B TAEMALLE,
H i, AICTEAT 0.0 W EZHE —MEx LML EFmAER,
EEBETONE EF, Qa6 XA TFEL A NES B il iz B AL
BHATIE P H 7] IR T AUC 3847, R ATIE X 7 HE 7 71 3k K30 44 09 UM v An
Bo BXE, RINRFARE 6%, RFRHARN top-L Mo LR,
T EARAF U, EREP()FE R (LT LA

P(L) = d(L) JR(L) = d(l) (3-3)
i L Z)I

Hob g )RHFIERA LBATR P UG RANBEEDRAF UK EF R
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BBk ok BE

315 AP EAX BN KR
fEARZEF, KATEA Kullback - Leibler divergence( 5 4 KL

divergence) sk fir & il P Z I8l £ X B AR E o KL JE 8 % — A 3F 3 AR I 46 47 R iy
EQMPMQXEWERE, EAFT D). AXE, & —AH F i a%H
HARAE R —/Nn e &, 2P a— 40 EA R A P AT AR KR E AL
i, HXAmERTTUEBEAZH P XBOA ., WRADXBEZ T LK,
Mo ZEBEMEA 0 WBAVMEBAD, KA P XBEAN, KN TETHF
THE N AR WAL H P A K B, HTFERE P U, AR
F 0PI RF A UM U Z B KLIER, P Rmu WEAXAI>A, Q)

KT UjIEA L E oA, AL H LR KLIEB AR N

N M
2> DAE11Q) 2 DAR1IQ)
< Dtk o IS < DY S J €S
! N ! M
/- < l)jlink > b < Q{\blink >
;o < Qlink > 4 < Qz\bzfnk S - < Djunk > 4 < DjAb]z’nk S
(3-4)

HF S KT AP FREEHWRFES, S, RKTNESERA P EAE
WP EE N MRl S, A0 S, K /No DF8 D 2Rl o A A P At

B KL fE Ak g oy f Pt KL BE &,

32 %
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& twitter 3X F A 25 26 7T LA B SRR m B 1 M 28 GUE), H4 U R
PREA, EXRAPZEABRERNES, TH W4T UER —NTEERE A
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3.2 F P A X mAGE
B4 W 4 25 B oy o B TN 0k — A B AR R R R AN R B, SRR
Xt AR B 6 FATI 4, 308 1 7 HE 5 5 4o He e S il m Ay 3 B 1R O B T B
FERRGEWESL, EEXBELRRAATENEL, GMENE. HFHA
BRI P28 By SRR AR A AR K, AT, RFTE %, twitter
Tl i ax KA R P8 RN B IR B B9 R T &, X Bk AR A £ B R P R
JRHG 12 BV 88 P DARR B A A R P A1 Ko BUAh, B X R A R F 5t
GiHg A M 4, 4 Facebook % /& R Fl #y, # Facebook M %4, & T XX
RITRWERERKN, AP —KEmTXERE. BA. BEIHEFA, £E
SN BT R FEEAT AR, MR AR, AP E
FEE), APEFEETUXRERANE, AFHE, HERXELSE, RE
RPREABEXENT, XERHPFWEFIORAEEASLR S, H—F,
H AT A KL JE 5 100k € & 0y & 2L K i 3t iy ) P a2 I8 A ik K O 3 69 R
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By o twitter 42X B & B4, AR LR P AT B B KL BB B (L
T /N T A e v e P A2 A B KL BB BB, AL 7.8% i P 3 i KL B 3
BHEA 0S5 Z b, XRAR P LRM i TREEHMOOSEE A P, EWHE R
bR A AR B I, AT B R T AR B M AR B A RBUR P %
HFFAE o

1.0 : ;

Existent links

. - Nonexistent links

0.6 4

0.4

02 .:, . ‘-:: 22 % .‘ ._ i
Twitter Weibo

0.0 i ; ;

3.1 twitterfn 37 R G018 B4 b Fr A R R By R P A ik A R AW R P A e

Normalized KL divergence

WEMKLES, e ik A A H P tZ Wi KLE S, &6 8%
TRAREDNR P Z B WAREMKLE S, e %20 F4%.

Figure 3.1 The Normalized KL divergence of user pairs having links and non-links
on twitter and weibo. Green dots represent the normalized KL divergence of user
pairs which have links between them. Yellow dots denote the normalized KL
divergence of user pairs which have no direct connection. Pink dash line is the

saparatrix.

22X BAEMERBE
FEHTABNEENS, o4, BNBE —FHFHNEEETHENZRRE
IR AI R P Oy TR EEH P B ENE R E R AR
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MERTRER R P REORE, RS RESF T, Bl ET
twitter At A B P BB A, BATRIRE A P48 TaT bt "R TR
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BRAE, WREBEEATENABHIERTE SR F ek, R
RWR T o b (s i R R AT R B P L e B UL, #

BRENFROM G, BATKI Pty & E xR 05 BT U AE N ZH F ot E 2
B, ZBRENAF BATE2ARKXT H EABYBG I, BEFH TSR —
e G R K AU 9 B AR BRCT DLUIRAD R BT IR B Bk e o Bk, AT
AR “BRAE” ZHONBHTZEEHA, ME@E R 2FE, XTH#E
—ABEE R PR AR IR RATIAN RA A ] B P A E(E A 4k
TG A PR B SE T AKX B vk, Sk Nk U AR X 2 ] By
KA, T RS, RATRE — R AR X E 15 E 7 A (Interest Vector
Rectifing, ® 5 % IVR) R WE E g s T B A P A X @ mE, B 3.2 fHE 3.3
e T AT EAR P w By IVR 1042, H P33 2 M 3.2 FARK L) — AL
BAwRERAF, SHEETNESRSEBRA P EAXEEE UK
BEAH P E s ok, NE32TUESR, AF w, us, us AR w
ERP wHREE, THF whwZHP wilxEH, NP RITHE
RESAE D —ANRG TR B EE, wE 330w, BLH B P R
KEMFTOABELIZRELEAEFHI G, 2MEEF - AP KA

ABAER, BMeEATBEERAFNERXBNE, ERATERFY, KH 4,
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F—AA PR KA EEAEAFZHATIH —ALE, w330 T, A4 H
PR P w BB IE 22 K A ) B R S A R R P RO AR B R AT R AR B,

w33, W ARG-5) T

(3-5)

Howy B P w5 AR KA E 0o BAR R P AR R R A

Uy

e

K32 BEmAFPUMERFALZTER, BEBELXTHF . BEe&k T REL,
SRTHPRETH, BEARTHUBITBEEAXBEOEGWHHELRT,

Figure 3.2 Network illustration of target user ui. Blue circles represent users. The
arrow lines mean following relationships. The direction of arrow line represents the

following direction. The dash arrow line represents rectifying the interest vector for

ui.
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Figure 3.3  Process of Interest Vector Rectifying for target user u1 based on social
graph of (Figure 3.2). Red tables represent target user ul, yellow ones for followees
of u1 and purple for others. (a)Original interest vectors of users. (b)Top K dimensions
of interest vectors for target user and its followees. (c)Normalization for the top K
dimensions of interest vectors in (b). (d)Rectified interest vector for target user u; by

sum the weights of corresponding dimensions in (c).
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3.2.3 M e M 1R A

o, BRNAAMETREGRELEFWEFFFEZNAEL, BEES
AP ui, REZEATH P BENREH v, HATE L wi B AT XEZ T
KEwWHT RN G X WFET R, wE34ir, ZHUEF wizEe
KERF w, HEEKTEAF wsftus BR S AMET R AT X e 8
TREEEM, RATETT — o BRI & LI R T (1A (5 B AL 4B AT
KAEWER. &%, ETNAREE, ROIMETERANE ., X —FKiEH
AP wRERF u, BaERRTT R EALE, AR F uim AP
uio FEALAM R P B — Sk kil, A By, XEEFHMAF wiy, EFu
RXNEER BT R, whELSRIWIET R, K EZERRS FE L
FALE A L. EEMETRBER T — ML E, HATREARE, BENY
HARTURHER N BRI RS EERE P, P TR Pimaik;, &= WZEHAL
AENTR GET— PRI TR u bl BE, a=] R57 w2 uWBRETE,
EMAO, k2wEREEENETHEE., At Rt X, RINER mi0)

RETHEZL tH P Y EHEES wRE, AKX (3-6) Fix:

T (1) = PTai(t — 1),
i) ik (3-6)

HPTORTHE-AMNX 1 FEAE, HEFHTEREYH t #HETE -4

&

TRIIRENEER. FH | R TWEMBRETAEZSE M TR, TRTHE,
SZELHESE, REAEERETOTEBLPRT -2, ERNW
Lhv, CE-ERFHAEFTRAF, B2ZEER2WERT RELTK,

AN EREEXREATHEZ LA RREEENY N, WREFT 2T #
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Wi E, BAELHEMT R EEER, cEREENELITE, FH, RIK

REBXANMETAEENLGEELRA, RLAR I AR GEREERD
(Effective Information Dissemination Capability, f#& EIDC), # /& 3.5 Ff =,
FORME A twitter 46K £ #w A By EIDC 8 KT 0.5, Bl 0 2 86.6%F0
85. 7% EF MMM L, NEFT R EAINETREEANER T RN FHEEEN
0.663, % twitter k% 0.668. XiE¥A T EMNEF A& B Birs ALY,

METANEEE,

3.2.4 H-T A BA P Mo R A w5 5%

ETULW R, AERE M HETZAXEBEMUEN &K URT
(Maximum Preference on Interest Similarity(MPIS)) # 3 & 3 5k 1| F 4 # py 2 Fn 4
115 B DL X 28 25 o oy gk B WU R R, 2 R — AN B TN 45 TN 34 By B
AARBEEME, STERAF w, ROTUAEL IVR EEFEEHRAFWEEE
FMAREE, HYZHNENG —ENEEERTNEM P wx A8 R £ 7 X% 0
W, ZEGTUHRERIA P 2N L AMEETZABEIREELMA P XEF
EERHBARKEE yWXBHEESFERBEY, REZRIE KA XA
B HATEN T B, XERA LA P FZ R ELMANTE, XS E
BEREAAMBMENE, TA2ERERE PRI NAE A E, A4 RATRT U
R R P ui B8 I8 B Y % 1 B A vy B AT K AN % 4 Y T R AR O T e 0%

MELWXEEmmE, B, ETRAZLHNERF u il B EXEEEM uH
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% ’ (3-7)
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Ug
Bridge Nodes

/ Us
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B 34 METATER, BEXRTHF, REELAXTHETNES, £XE

ETTMAFuRE2RER U FMRIE T A€ B R RN ETET R

Figure 3.4 Illustration of Bridge Nodes. Circles represent users and pink dash line is
a link to be predicted between user u; and us. Yellow circles in ellipse with yellow

dash line are bridge nodes and blue one are ordinary nodes.

T SR . U o4 Lt S
. 8 (] *

EIDC of Bridge Nodes

Twitter

B 35 METRANAEREEY N KERKTAWET REBLIFET RE

W EART RNEELSA ., B KT K
Figure 3.5 Effective Information Dissemination Capability of Bridge Nodes. Green

dots represent ratio of source node’s information spreading through bridge nodes and

other nodes. Pink dash line is the saparatrix.
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3.3 EEBRLK

BATBR T TR M H 5 BEF R A twitter M3 R AT 4038 L 45 R %
o FIIEATEHA T AUC, ‘B E M EE =M, 2 AUC #8472 # 1L 100 X
Jhor SEERPHJE R R 3 M 32 5 T BTk H By H kB9 AUC 4R A twitter
MHRBESE L, 2 RFNEREREAEGE 15%M 9.1%, #—F, &
MR T ENEEERTE LRI, Bt ELERUIFEEL, KIAREHE
BN EZERNTHRMGEE, EARMNGEE R LB A, £ 33735
BHE36 BT TEEEFETRNBEANRKE LR ERE, RINWHEEE
W THME L, BAREF AW ERE L, EHRME L, BEmhi
FRFWIELERAT 103.7%, 7 twitter FRFA T 12.4%, T F B E L%
H, MPIS b 2 i T R e B ik, (U twitter 298 b 7T 7 00 09 48 %5 4
B bAnKatz #—2, L&34Mm35UKE3T, RTEERE, ROWGHEEIT

FEREmm/NT katz £k, XERMNBEHNH T,

k31 FRMEHELEANEEZNAUCER R ERER

Table 3.1 AUC and Stability of all algorithms on weibo data

Algorithm Mean of AUC Standard deviation
MPIS 0.9207 0.000621
Common Neighbor(CN) 0.7923 0.000761
Jaccard(JAC) 0.7927 0.000735
Salton(SAL) 0.8010 0.000760
Sorenson(SRE) 0.7996 0.000758
HPI 0.7895 0.000770
HDI 0.7822 0.000709
LHN-I(LHN) 0.7552 0.000693
Adamic-Adar(AA) 0.7914 0.000769
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Resource Allocation(RA)

0.7694

0.000764

Katz(107?)

0.6789

0.002845

ZF 3.2 twitter X3 E & NE ) AUC & R 2 4 R

Table 3.2 AUC and Stability of all algorithms on twitter data

Algorithm Mean of AUC Standard deviation
MPIS 0.8991 0.000958
Common Neighbor(CN) 0.8240 0.001057
Jaccard(JAC) 0.7786 0.001137
Salton(SAL) 0.8066 0.001133
Sorenson(SRE) 0.8155 0.001090
HPI 0.8133 0.001162
HDI 0.7616 0.001128
LHN-I(LHN) 0.7142 0.001192
Adamic-Adar(AA) 0.8244 0.001064
Resource Allocation(RA) 0.7929 0.001094
Katz(102) 0.6747 0.001686

% 3.3 weibo #{E L ENFE R ERELER

Table 3.3 Precision of all algorithms on weibo data

Length | MPIS | AA CN HDI | HPI | JAC | LHN-I | RA SAL | SRE | Katz

1 0.203 | 0.071 | 0.072 | 0.086 | 0.023 | 0.104 | 0.012 | 0.058 | 0.109 | 0.104 | 0.046
2 0.179 | 0.062 | 0.063 | 0.074 | 0.026 | 0.089 | 0.013 | 0.050 | 0.094 | 0.089 | 0.041
5 0.142 | 0.048 | 0.049 | 0.057 | 0.027 | 0.069 | 0.015 | 0.039 | 0.073 | 0.068 | 0.032
10 0.114 | 0.039 | 0.040 | 0.045 | 0.025 | 0.054 | 0.014 | 0.032 | 0.058 | 0.054 | 0.026
15 0.099 | 0.034 | 0.035 | 0.039 | 0.024 | 0.046 | 0.014 | 0.027 | 0.049 | 0.046 | 0.023
20 0.089 | 0.031 | 0.031 | 0.035 | 0.022 | 0.041 | 0.013 | 0.025 | 0.044 | 0.041 | 0.021
30 0.075 | 0.026 | 0.027 | 0.029 | 0.020 | 0.035 | 0.012 | 0.021 | 0.037 | 0.034 | 0.019
40 0.066 | 0.023 | 0.024 | 0.026 | 0.018 | 0.030 | 0.011 | 0.019 | 0.033 | 0.030 | 0.017
50 0.060 | 0.021 | 0.022 | 0.023 | 0.017 | 0.028 | 0.011 | 0.017 | 0.029 | 0.027 | 0.016
60 0.055 | 0.020 | 0.020 | 0.022 | 0.016 | 0.025 | 0.010 | 0.016 | 0.027 | 0.025 | 0.015
70 0.051 | 0.019 | 0.019 | 0.020 | 0.015 | 0.024 | 0.010 | 0.015 | 0.025 | 0.023 | 0.014
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80 0.048 | 0.018 | 0.018 | 0.019 | 0.015 | 0.022 | 0.009 | 0.014 | 0.023 | 0.022 | 0.014
90 0.045 | 0.017 | 0.017 | 0.018 | 0.014 | 0.021 | 0.009 | 0.013 | 0.022 | 0.021 | 0.013
100 0.042 | 0.016 | 0.017 | 0.017 | 0.013 | 0.020 | 0.009 | 0.013 | 0.021 | 0.020 | 0.013

% 3.4 weibo 21 EANREEW A HEER

Table 3.4 Recall of all algorithms on weibo data

Length | MPIS | AA CN HDI | HPI JAC | LHN-I | RA SAL | SRE | Katz
1 0.020 | 0.009 | 0.009 | 0.009 | 0.005 | 0.011 | 0.002 | 0.008 | 0.012 | 0.012 | 0.004
2 0.034 | 0.015 | 0.015 | 0.015 | 0.010 | 0.018 | 0.005 | 0.013 | 0.019 | 0.020 | 0.006
5 0.064 | 0.027 | 0.027 | 0.027 | 0.021 | 0.033 | 0.010 | 0.023 | 0.036 | 0.037 | 0.012
10 0.100 | 0.041 | 0.041 | 0.041 | 0.035 | 0.049 | 0.018 | 0.035 | 0.054 | 0.055 | 0.019
15 0.127 | 0.052 | 0.052 | 0.051 | 0.045 | 0.061 | 0.024 | 0.044 | 0.068 | 0.068 | 0.025
20 0.150 | 0.061 | 0.060 | 0.060 | 0.054 | 0.071 | 0.030 | 0.051 | 0.079 | 0.079 | 0.031
30 0.187 | 0.075 | 0.075 | 0.074 | 0.068 | 0.087 | 0.039 | 0.063 | 0.097 | 0.096 | 0.042
40 0.217 | 0.087 | 0.087 | 0.085 | 0.080 | 0.100 | 0.047 | 0.072 | 0.111 | 0.110 | 0.052
50 0.243 | 0.097 | 0.097 | 0.095 | 0.090 | 0.112 | 0.054 | 0.080 | 0.123 | 0.122 | 0.060
60 0.265 | 0.106 | 0.106 | 0.103 | 0.099 | 0.121 | 0.061 | 0.088 | 0.134 | 0.132 | 0.068
70 0.284 | 0.114 | 0.114 | 0.111 | 0.107 | 0.130 | 0.066 | 0.094 | 0.143 | 0.141 | 0.077
80 0.302 | 0.121 | 0.122 | 0.118 | 0.115 | 0.137 | 0.072 | 0.100 | 0.151 | 0.149 | 0.084
90 0.318 | 0.128 | 0.129 | 0.124 | 0.122 | 0.145 | 0.077 | 0.106 | 0.159 | 0.156 | 0.092
100 0.333 | 0.135 | 0.135 | 0.130 | 0.128 | 0.151 | 0.082 | 0.111 | 0.166 | 0.163 | 0.098

% 3.5 twitter 248 £ &N F R B R LR

Table 3.5 Precision of all algorithms on twitter data
Length | MPIS | AA CN HDI | HPI JAC | LHN-I | RA SAL | SRE | Katz
1 0.200 | 0.114 | 0.134 | 0.112 | 0.018 | 0.129 | 0.008 | 0.100 | 0.133 | 0.152 | 0.178
2 0.173 | 0.100 | 0.116 | 0.095 | 0.021 | 0.110 | 0.009 | 0.087 | 0.115 | 0.129 | 0.150
5 0.135 | 0.078 | 0.089 | 0.070 | 0.026 | 0.083 | 0.010 | 0.067 | 0.089 | 0.097 | 0.109
10 0.105 | 0.062 | 0.070 | 0.054 | 0.026 | 0.064 | 0.010 | 0.052 | 0.069 | 0.074 | 0.081
15 0.089 | 0.053 | 0.060 | 0.046 | 0.025 | 0.054 | 0.010 | 0.045 | 0.058 | 0.062 | 0.066
20 0.079 | 0.048 | 0.054 | 0.040 | 0.024 | 0.047 | 0.010 | 0.039 | 0.051 | 0.055 | 0.058
30 0.065 | 0.040 | 0.045 | 0.033 | 0.022 | 0.039 | 0.009 | 0.033 | 0.042 | 0.045 | 0.046
40 0.057 | 0.035 | 0.039 | 0.029 | 0.021 | 0.034 | 0.009 | 0.028 | 0.037 | 0.039 | 0.040
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50 0.050 | 0.031 | 0.035 | 0.026 | 0.019 | 0.030 | 0.009 | 0.025 | 0.033 | 0.034 | 0.035
60 0.046 | 0.029 | 0.032 | 0.023 | 0.018 | 0.027 | 0.008 | 0.023 | 0.030 | 0.031 | 0.031
70 0.042 | 0.027 | 0.030 | 0.022 | 0.017 | 0.025 | 0.008 | 0.021 | 0.027 | 0.029 | 0.029
80 0.039 | 0.025 | 0.028 | 0.020 | 0.017 | 0.023 | 0.008 | 0.020 | 0.025 | 0.027 | 0.026
90 0.036 | 0.023 | 0.026 | 0.019 | 0.016 | 0.022 | 0.008 | 0.019 | 0.024 | 0.025 | 0.024
100 0.034 | 0.022 | 0.025 | 0.018 | 0.015 | 0.021 | 0.007 | 0.018 | 0.022 | 0.024 | 0.023
% 3.6 twitter A LA NF AW HERER
Table 3.6 Recall of all algorithms on twitter data

Length | MPIS | AA CN HDI | HPT | JAC | LHN-I | RA SAL | SRE | Katz

1 0.033 | 0.015 | 0.017 | 0.016 | 0.005 | 0.019 | 0.003 | 0.014 | 0.020 | 0.023 | 0.034
2 0.054 | 0.028 | 0.029 | 0.027 | 0.012 | 0.031 | 0.006 | 0.025 | 0.032 | 0.038 | 0.055
5 0.098 | 0.053 | 0.056 | 0.047 | 0.030 | 0.055 | 0.013 | 0.046 | 0.058 | 0.067 | 0.096
10 0.146 | 0.082 | 0.087 | 0.068 | 0.055 | 0.080 | 0.023 | 0.069 | 0.087 | 0.098 | 0.137
15 0.180 | 0.103 | 0.110 | 0.085 | 0.074 | 0.099 | 0.031 | 0.085 | 0.108 | 0.110 | 0.166
20 0.207 | 0.120 | 0.129 | 0.097 | 0.090 | 0.114 | 0.039 | 0.098 | 0.124 | 0.136 | 0.188
30 0.250 | 0.147 | 0.158 | 0.118 | 0.117 | 0.137 | 0.053 | 0.118 | 0.150 | 0.162 | 0.223
40 0.282 | 0.168 | 0.180 | 0.134 | 0.139 | 0.154 | 0.065 | 0.134 | 0.169 | 0.182 | 0.248
50 0.309 | 0.186 | 0.199 | 0.147 | 0.157 | 0.169 | 0.076 | 0.147 | 0.185 | 0.198 | 0.270
60 0.332 | 0.201 | 0.216 | 0.158 | 0.173 | 0.181 | 0.085 | 0.159 | 0.198 | 0.212 | 0.288
70 0.351 | 0.214 | 0.230 | 0.168 | 0.187 | 0.192 | 0.094 | 0.169 | 0.210 | 0.224 | 0.303
80 0.369 | 0.226 | 0.243 | 0.177 | 0.200 | 0.201 | 0.102 | 0.178 | 0.220 | 0.235 | 0.317
90 0.384 | 0.237 | 0.255 | 0.185 | 0.212 | 0.210 | 0.109 | 0.186 | 0.230 | 0.245 | 0.329
100 0.398 | 0.247 | 0.266 | 0.192 | 0.223 | 0.218 | 0.116 | 0.194 | 0.238 | 0.254 | 0.340
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Figure 3.6 Relation between precision and length of recommendation list. The red,
yellowish, aqua, pale blue, navy, pink, grey, golden, petrol, black, dark yellow
represent the cases of MPIS, AA, CN, HDI, HPI, Jaccard, LHN-I, Resource

Allocation, Salton, Sgrenson and Katz, respectively.
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Figure 3.7 Relation between recall and length of recommendation list. The
red,yellowish, aqua, pale blue, navy, pink, grey, golden, petrol, black,dark yellow
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represent the cases of TIS,AA, CN, HDI, HPI, Jaccard, LHN-I, Resource Allocation,

Salton, S¢grenson and Katz, respectively.
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Figure 3.8  Relation between IVR and evaluation metrics(AUC, Precision and
Recall). Different colors represent different types of IVR. Symbol *FS’(Red circle and
line) means we employ the way using target user and its followees to rectify the target
user’s interest vector. Symbol ’FO’(Blue circle and line) represents the way using
target user’s followees to rectify its own interest vector. And Symbol *SO’(Green
circle and line) means not to rectify target user’s interest vector, using its original one.
(a) and (d) are relations between IVR and AUC on weibo and twitter respectively. N

is the number of experiments. Insets are comparisons of FS and FO. (b) and (¢) are

relations between IVR and precision. (c) and (f) are relations between IVR and recall.
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Figure 3.9 Relation between top K and AUC on weibo and twitter
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