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Abstract

Aiming at the problem of PR value loss caused by the classic and improved PageRank algorithm in
the calculation of microblog forwarding and comments, a parameter-adjustable Weibo user influ-
ence evaluation method RCRank is proposed. Based on the existing PageRank algorithm, RCRank
adds microblog forwarding and comments to adjust the parameters that affect the influence cal-
culation of Weibo users. The experimental results on the actual data set show that the RCRank
method is closer to the real situation than the traditional PageRank and TunkRank algorithms
when calculating user influence.
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1852, MO AN BT i (P E KNS R RIRGLG TS ) BoR: #uk 201846 H,
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3) ETHFATAMVER 7% IS AT AR R VEIRR RS, BERMIE A AT, E
BURNFERR AR Ry 7T, @ S S I P AT N TR S ), BE AT A BRSSO 10] [11] [12] [13].
XEETk T, G RERH PR A F P REVGE. PO RS SR bR, ARG T <18
Fokr” FARIE O (B 120 T RIS P ARG AR, BRI AT IR R, 2T
AR GAEAE G SRR A SO, BT UGB 7 3T F P AT BUE PN T772:

4) T PageRank HMH AT ABUE PN 51k 14] [15] [16]. T JLEE, B 2EEIRE T 451 PageRank
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based on behavior weight) 5%, 25%F & 7 7 HCR—28 PRAE, (HZE M EEEE AR, ART KHEEL
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FIHAL AR 12 B A 23 I, B SR AGE F TR € UL SCRR[ 1618 A EAZ IEA% 4511 PageRank
BRI ML A0 I, R BT I RCR, (B3 5 R P I e R AP S R AL
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Figure 1. Schematic diagram of Weibo comment relationship between users
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Figure 2. Traditional PageRank algorithm PR value distribution map
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Figure 3. Improved PageRank algorithm comment assignment PR value directed graph
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Table 1. Weibo forwarding relationship
=1 WERAPELXRR

HREAP i 3 id i id [EREE 8
164**6540 263**6803 M_F9VI1vkIOL 1.000
164**6540 263**6803 M_F9VI1vkIOL 1.000
164**6540 263**6803 M_F9VIvkIOL 1.000
164**6540 263**%6803 M_FyifsbegN 1.000
597**1984 194**8655 M_F85qx42sC 1.000
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1. #8418 & Graph f=(VE). Graph_r=(VE)f1 Graph_c=(VE).

2. PR_f€Graph_f .PageRank (0.01)f {8 F )7 ¥ 22 A8 H1 4% 4t PageRank $i%

3. PR_r€runUntilConvergenceWithOptions (Graph_r, 0.0 1) {4 & {8 FH ek (1) vk

4. PR_c€¢runUntilConvergenceWithOptions (Graph_c, 0.01)fi #1845 F ek i 5k

5.Rank= o *Rank f+ f *Rank r+ y *Rank c

6. I I E S5 R Rank, W45 25M0E H P i 452 m ) HE44

Skt R R A0 A AU R e DB

runUntilConvergence WithOptions()  //BR FUE AR SLEUACHS U1 R

valpagerankGraph: Graph[(Double, Double), Double] = graph.outerJoinVertices(graph.outDegrees) {

(vid, vdata, deg) => deg.getOrElse(0)}.mapTriplets {e=>(1.0/e.srcAttr)*e.attr.toString.toDouble} /&5
PR RS T SEOMAN HBE 6 = 0.01. P sgma it EodfE, FEE P oGER 2. i K
MR IMBCREEEH Y, 15 8RA&H 4.
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Figure 4. Distributed crawler data acquisition principle framework
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32. EWERESH
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Influence (v) = ()

ueFollowers(v) ”Following (”)"
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M 22 5% R U BT v SR IR 2 ) p*Inﬂuence(u)/Following(u) FHEE A IXFE AT DA S0 o “AB 817 )it

N 7B AUE RCRank SVEASZI A RS20y SEHGE J LM 7, 51 NFTIRIE & 7 5Emi 3 vr 0 J7 1.
IR IR e PRy 22 08, AU AT AR A E, ek, VRE, BRI WRBE, 4TH,
WH, BOLRE S, HRARIMAKO)FIR.

W) = axiGERIE +bx Ha) )]+ ex B JE ©)

W 100 70, HTEEREE, HBNJ), EEE =R, Bl anlh: 25%, 55%, 20%. JEER
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PR URA T R EAE TR AR R 28, B, ATHL B, RS
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o, =— L _*]00 10
Sscore Xmax —Xmm ( )

Horp: XZORTHE M ST R E, X, FoR T RS B IME, X, s L R
Val:ut= SN

Horb e 2 NP BT PR JEAR B R e, 4 3 9 RCRank AR R AT
N . NS R BRI iR TS B iR e P e D HEA A — € 220, 1248 PageRank 5Ei%A1
RCRank SETHE GBI i G HEA L%, {H RCRank B /E4L 4t PageRank HEIEA - 45 &l 56 Kk
AP BARIEOL I AT S5, WAL SEH) PageRank SEik#EAT 1 otk {8 AR (E 70 PR AE B ABAUE f%
4t PageRank 57i% ) PR {ELAY A MEL 7> L B AH

N T EIEREE ST EEEE R, SIS TT R ZE(RMSE) R HERf [Z & = Fh ok it A2 45 R 5 1
SKHEA R EE . BRI AR A XA DR

n

RMSE = \/Z(Xmodel,i - XMZU )2 (1 1)

i=1

Table 2. Ranking of influences based on official formulas

2. RBEAARNBENZWAHE

H44 W 4 k23 (L PR R SEL He4a 135
1 coser HikJ&\ 1166 190 282 8.0222
2 LURERSESES 1197 110 131 5.3211
3 T NRF 1163 56 100 4.4510
4 LGN 1128 85 88 4.4510
5 PRICRAT 5% i- 1427 70 37 4.1916
6 M A& 1346 12 67 4.1188
7 [N [A-Marbury 897 109 96 4.0765
8 FEE 1514 790 88 120 4.0683
9 PrpE R 1714 5 8 4.0413
10 Cogitoergo 1270 34 55 3.8863

Table 3. RCRank algorithm calculation results
7 3. RCRank EAMTEE

Hi4 W P 4 A R BA I aTdsEd He& 135y
1 coser JikJil 1166 117 165 2448 42
2 LURERESES 1197 100 31 335.78
3 ZARFE N 1128 30 58 258.75
4 PRI 4 1- 1427 0 37 169.33
5 [N IA-Marbury 897 28 68 158.62
6 FBNRT 1163 0 100 155.17
7 BET 15 790 67 55 137.51
8 PR IR 1714 1 7 134.64
9 Cogitoergo 1270 7 48 134.50
10 M A 1346 34 33 120.38
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Figure 5. Weibo user ranking order calculated by different methods
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8 I 5 S B 6T LIl 4, RCRank 32375 H [ RMSE = 5.83095189485, AN ARAE, FHIMH S &
R S B 45 R HE 4 F B S HE 4 IR, 4% 4 TR .

Table 4. RMSE values calculated by the three algorithms
*® 4. ZMEEITEMER RMSE B

Hik4 W PageRank 5.7 TunkRank 5.3 RCRank #.y2:
RMSE 6.48074069841 6.0 5.83095189485

Rt DAL T Sk S, N & SR L. £ EATIA, RCRank 532 T DL BRI B frlc i
FUP A3 5 O R PRAE, ARG BT/ i PRESE A2

ML 6 Los T “ NN -Marbury” SRR K RIPHE RIS L, TS HCRT 1 FRoRIXEH PR
IR T 2RI, W SEUNT 1 NIRRT 2R S Al T, P “ A ) -marbury
RORAB/R I R P — IR, AR YE RCRank 50928 AR, XU R A6 552 PRAA, BrLATY
SHUNT 1, RENEALIER] “ N N-marbury” [ PR EARXT D XF1& 6, T SHEET 1 AMAEL:
H—, R RER TIPS T “NN-marbury” 0. 5=, RORIXESH PO H P
R TR B R, P AR 2 42 JEOR i) 7 BB AT 0 S, AR

A FIANA SR ERPFTSHKR, BT BRI LR, MR AR AR,

1

Pz =1_e_x (12)

Horh x NN SHUE, JEH x e[0,40), Zx=0 Xz A E, Bz RS HE RN
0, LB EHRAMPFRTEN, WIRNZH P R S 2N 0%, 4 x (R, R ZH xS
FH P RAT IR BT b, I A F(12) AT S A R S R SR 22 AT 100%
gia LR AKBRIILE 7.

it BIRXTE 6 ke, A MEE 7 TLUE— SR B2 A N N -marbury” RS0k 22 A R
s, B “5848468419” , WHE EFE ST S HUEE R 1.50, SN EHP, BEHRETF
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Figure 6. Forwarding and commenting on the distribution of adjustment parameters generated by the user’s “Spar-
kle-Marbury” microblog
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Figure 7. Comment on the distribution of adjustment parameters generated by the user “Sparkle-Marbury” microblog
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