E-Commerce Letters HL-T 55k, 2025, 14(6), 2242-2254 Hans X
Published Online June 2025 in Hans. https://www.hanspub.org/journal/ecl
https://doi.org/10.12677/ecl.2025.1461984

g
Y
=

ETEFMEFRARNEEFEEHAPEREm
RIB R

#H4e
LA TR, L

Wk H 3 20254E5 H5H; s E . 20254E5H19H; KA HM: 20254F6 H23H

=

BEE LEKMBORK CER R, BREFEINERS ERNNMIE BEFPATERRK—ES, APXTE
R E AR S ERSENRE AT U A MMAN . £CETREMELER, MEEFER BB
W F7 A B REAT T RABE AL . BB IS M B MIGM ™ 5% W /7 WP AN B 2 3% £ Y L S 088 & R 5 48 UK
(Kendall) 2% RECEATIPAE, JCEUH FEEKR . 1R 3% 5 SR /I MIGMAE SR B A E PP 845
KB R A ML - K812 12 M % (Convolutional Neural Networks-Long Short Term Memory,
CNN-LSTM)X 5 sl BORZSHEAT R 4, AT TR B R 2R W48 AR LA AT A P I IERAE B 2R R 4% o i 1 4%
B, SRR BEMAAPNEBRRREEE kL, BWREEEMED, BUE
NEERIEE “RER” &1, FRMAMAFNLTREMELS, FET REMESHRHEN K.
5, BESHARBEER P RERRE, RIFTHE{ERME DN EE SRR NSESERS
Tk, P ZRETXREIMO BRRFAKES, URFRFREMVRRBIEENE B ATTHES
.

KA
HEMBEAR, BETE, H/oEMA, CNN-LSTMER

Research on the Dissemination of User
Emotional Influence on E-Commerce
Platforms Based on Complex Network
Technology

Danni Cao

School of Management, Shanghai University of Engineering Science, Shanghai

Received: May 5%, 2025; accepted: May 19%, 2025; published: Jun. 23", 2025

XES|IF: EIR. T E MR RN T G F P S R SR D). TR SRS, 2025, 14(6): 2242-2254.
DOI: 10.12677/ecl.2025.1461984


https://www.hanspub.org/journal/ecl
https://doi.org/10.12677/ecl.2025.1461984
https://doi.org/10.12677/ecl.2025.1461984
https://www.hanspub.org/

HHE

Abstract

With the rapid development of Internet technology, the food delivery service on e-commerce plat-
forms has become an indispensable part of People’s Daily lives. Users’ emotional attitudes towards
the food delivery service on e-commerce platforms can reflect their cognition and judgment. Based
on complex network technology, this paper conducts an in-depth study on the dissemination of
emotional influence of users on e-commerce platforms. That is, by constructing the MIGM node in-
fluence evaluation model and using the real data set and the Kendall correlation coefficient for as-
sessment, the weight evaluation indicators are constructed by crawling the data of user forwarding,
comments, likes, and node influence MIGM values. The Convolutional Neural Networks-Long Short
Term Memory (CNN-LSTM) is adopted to divide the emotional states of nodes. Thus, it is used to
construct complex network models to analyze the propagation paths and patterns of user emotions
in complex networks. The research finds that the emotional viewpoints of highly influential users
have wider spreadability, and the node density is more concentrated, presenting a more significant
emotional “cluster-like” structure. In contrast, moderately influential users are at the edge of com-
plex networks, and the network distribution of emotional nodes is relatively divergent. Further-
more, by analyzing the emotional states of users in different circles, it is found that in the constructed
complex network, users’ attitudes towards the practices of e-commerce platform merchants are di-
versified. Users mostly focus on measures to support merchants in reducing resource waste, as well
as positive response measures and an attitude of information disclosure that pay attention to en-
terprises.
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1. 5|15

TERECT e AR EE A TR, R AEIR S5 BRI AE I T 55 AR I HR Bk e 7t Bl
CUAR [ o 4 T o B VR B B AL P o BRSO ZE T, [RIHB O ARAT bat oR T
HITARA R RNLBLL] [2]. SRT, PEBEHE SNSLAR ST K, — e S 045 B AL R B H 2 %, ik
FRKAEMIIP LW EAFHFE B, X HME RS KA BT & RS B, 51k 1) 2 B OR-EA
ig. EXE R T, IR e 1 E R ERENEM[E]. Hx T HERTL.
AFLLLRAG R, OGS B A RRE RG], IR IR 2SN HAb o Tz AR A
r[4] [5]-

RIS IEE M ) AL R — N Hah SR iE, W R BIE BAER M iy i, ) Z R E
BV GIES ERALSE 2 AT HI[6] . AERTTUH P S G ) L, RIS BORVE R — Rt SN,
Rt T —MARME TR, AT TR BRF AR B R R G [7]. AT G2k H
(5 BARSE L, P AT DA 8 i (75 5, P Z ISR AR (SR« ek w5 ) M mT AR 9
R B I8 o AL AR AT A N % AR, AT DL N B M 2 P A B e D AR SR AR IR,
) 52 A R A5 S AR H SRR SR AL FR SCRR[9] [10]. BRI, R I S ) 5 2R MR BRI G, IR

DOI: 10.12677/ecl.2025.1461984 2243 CIREE RN


https://doi.org/10.12677/ecl.2025.1461984
http://creativecommons.org/licenses/by/4.0/

P

NWFFE LR T & A8 ik 55 A5 EAE R P ) B AR

BET I, ACEETERMEEAR, X1 & H s ) &R AT TR . DL—igsh
SEEEA NG, RAGRMEMZ - K52 M 2% (Convolutional Neural Networks-Long Short Term
Memory, CNN-LSTM) #4715 &1 43, IR T2 M R B m . PR 2%, M els B G 1
PR I AE AR 2 R B e AR AS o ARSCHI STRR AR BIHT 5 32 BARELAE DL R JUAN T : B, Ascilid
SE ST RUEEIE S VEAR FE AR MIGM BLRL,  JEEER PPN A EAT = Fh AN [R1 404 S A0 H 48 7R (Kendall) FH ¢ R 450
(ISGAIE, DARARIEE XL R . PR, A EA MIGM E 10 2500 BHEHTRE, & UEDREERR,
NI HE) 32 FEL P~ 5 A S IR 55 (1 S 2 I 4 A5 Y, g P P A7 SRR M0 ) A AR R I U3 A T8 A R v 3L
K, ASCRFH CNN-LSTM BB AT AR IR 5, A R P e (S BAR IR R R IS S B s, T8
X AN [F R J3 2 G P AT R 53 53 AT 0 A, o T P IS e (S B AR R M E A
AL RERFE . B FCRCR AE SR i H SR VR N B AR F RS 1 65 P S2 R S5 Hh 15 BARFRMLHI R4 03+,
WA S AT 1 1 — 20 0t 9 B9 5 BRI B kAl

2. EFRMBERIMNEEIR
2.1. EZRMET REXEEMNER

(1) Btk

TR EE TG DC R T A A 2% ey R S HRE T RS AR, BE O R, R
XM FRR, TEALAS % PR BB . 5 DL di BRSNS G = {V, E,M | T R vi (MR
)

DC =—i_ (1)

(2) K-shell 5%

K-shell 5322 —Fh FH TR0 52 2% X 286 o= s B 0tk () 30025, LR AR JELARL R I8 0 1 A e VSR VA
FAEM R P 520 /) o K-shell FUEHIZOAET KERE L, KRR — DT AEMS P T ER . B
Skul, EETREI RN AR, B 5% AUE R R . K 2 T B S EC BN A Y K-
shell Z2% . KBBR8 3 B DA R 7E X 24 B E 22

(3) 1T AR r) B O

RRAE 1) O MR T B A R T AR T R B AL S R 2 S fe bR . EC BLILRAE DC
SEER A b, P R AR AU E R AT AL, 10 i T A v MR A, 0.

EC(i)=x =cX | ab, )
o, o RHEL HTFEA n AR, DX =X X, X X || AT X BN, a2

WEHEFE A Fc R, 2IEREBIFEE W LAE A:
X = CAX ?3)

@) H x AIEFE A FIRFIEE ¢t BT N AL &, AEXT AR RS R 2% A 4 s 3T SRR x B DUAERE A
FRAEAE A, BIATDAR R x=A"Ax, TiEc=1".
2.2. BANZTIEFREX IS HiESR

U RS, BEE S kA OB AL A B O PR O AT /G2 T 5K Ak, 3% AR T
RBJE T R S R HEE, R R AR kR AVRAAE ) B rp o PR (L AR s B, R A
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T R B B R BT R IR, B KA OB RVRFARE 17 PO PR R IR 19 RS 343531
A k(i) ks(i)A x(i) o DUIFT 8 FI5EME J7T BAREAS 1A
(k (i) + ke (D) +x (D) (k (3) + k. (1) + (1))
d* (i, J)
PRI T 5] AR R[11], BRI ML 4T /2 JTRF L, BLR RS R R 2 A Ak gL
RONL, RSB AL, PRIERRON 22 702 5| FTE R (MIGM) . IR DY AN RbR A — RS,
BATH—k, WHEA:

MIGM(i):Zd(i,j)sR,jii (4)

k X k k X

kmax Smax max max Smax max
d* (i, j)
G Knax~ Ksmax~ Xmax 70 9 7R FE IR AR K-AZ IR AR S AR AL 1) 8 o O P i KA o
BT k-ZZEERBESE D, A1 k-AZEHREEE R R KT B4 RS Kk, A 0EE
K k-ZIRBUNEI . 45— AN abR, BT M TAREERE, REHCT SIRE AR LN TEAR SRR
A, B AR RVREAE ) O OB 2 AT B B KT K-RZ AR50 STk, T DL PR K-A% 5 s«
maX[kmid,Xmidj
kmax Xmax
o = —~ max Tmax ) (6)

[k<i>+ks<i>+x<i>][k<n+ks(i>+x<1>j

MIGM(i):Zd(i,j)sR,j;éi ®)

O T Kpig ~ Kamig ~ Xig 7P ANEREAE . KAZAE - RFHAE R ORI A S H, (::m—"’x’“—'“JEXE’J%

KAESEN T B 1k k-2 Aa B4 IO B 55 .

TES M, FHIRITE S TS AR TR UG BN IR, ASIE] Y 555799 5 SN [F) R A 5 T A 1
AT X AEG” R

BV AN RO 53— AN RIS RE ) 5 AL B A G, A T W2 bl (R4 s 2 i T T MR I 5
FEGWA o T RIE SR AL GLRE IR, TE AL PR RO, T R Rk, AR A Y R A
MER S 5om b . BTk, AT DO AT T s G| Rm e SOR Cij:

ks (1)—Ks (

C. =eﬁ @)

]

Ja, MIGM(G)M 5 A :

ks (1)=ks (

o
MIGM (l) — ek max —Ksmin Zd(ivj)gR'jﬂ max smax max

®)

2.3. ERMEDNERNR

5T 9% ) 28 1) B 4 5 R X AL ] (Weighted Graph) #F AT 2 45E . Z AR DLR POA T RE A
Vo={u, Uy, U, BB R HNNES B, HAP g il eg AT st ui B, RAE uif ug K52 JJ4E
FIEgAE. AESES Wl U E wy e W B H IR, HEUE R BT ni (8] (5 B AL HE RE o blos .

B R 23 2 B P 8] (0 22 A58 AT JREAE: S ui e P u P AR A5 S AT N (B AR E AR
TH TR R, 25 SCRR[L2D0 T B AT R 3G BUE wy AR AL AR ER IR (128 TR F5
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HFkE. BAmE, & XWF:
R MIGM, C; L

W. = +& + + 9
TR *euem, e L ®)

Horb Ry Rom ui X uy WA IR &, Ci AR R, Ly MR, MIGMONTI AT M IME, a By s e
HABAT NRBIRE R a+ f+y+e=1). [FR, HTHERENZER, KA Min-Max H—4,
Rmaxr Crmaxs Lmax REIRE TR Vit mBREIN &R B Z3RR BRI AR BT IR
Wi FJZE 5 R (Ry) RENS ELAEY MG BARIRVE L, H A B RAT MR 250 VP8, RIS REUS R 175 45 1%
2|8 O A8 P eele, METIFRMGAT NS, RS B AL, BT & R o,
H a=0.35; MIGM YT M A, FIF RN Rl B EE, PPy sl m b B2, ik
TKT IR R E e, HH =030, PFIR(Cy) RBAEE), WM PR &AL S i =021 S%(L)IFENE
FENTTAT O, TRy, Hb =014, EEXFZAELZENTTA, i@ EES W R R
HBERAL SR 2R N 2% AR B A A2 TS P 5 AR H 3 e

3. BTFHES % MIGM HESEM 947
3.1. SEIEBUEE S S IHHE

SEAGIR I T 3 AN [F) AU I B S AR S FH T VA BT A I MIGM 8 (3R I, 31X 3 AN A 7 i) 2
p2p_Gnutella. GrQc 1 Sex, Hi4fi#& BLR U5 T STk AR IR 4 [13] . Forh P2P_Gnutella A& —Fh1E
P2P( X s MZE BT TR i B8, Gnutella 52 —FP SO IL S22, P2P_Gnutella #E 4R 7EH 7T P2P
R 2% B R AN S5 0 . PR RS20 W25 7 TR A B 321 S« GrQc il 42 (General Relativity and Quantum Cosmology)
e AN HBTRUE « BTRGE(AKIV)ERBE T BORIGEHR S, AR FE A & s LR R, X 5HAW
28 v FH P 2R 0 AR SR AL (045 B B P B i BT AT I BN iR 32 Ao Sex BR S /7 —
AN DS TE R LB A FETE 2818 T b DAl S5 P 70 5 M (1 3 5R) 5 2 P (A 52 %) T 1 2 fl O % T BT R A5 1 250 4
[14].

AR M AERIFRE @R 1L R, Hodh N RORE M4 T 1530 M SRR AN RHERE, dk
KRR <k>7E 45 V155 (Average Degree) H TR & 4 N 2% tp =1 f B 0, Ron W2 b BT A 1 s
(IR, AT DU SRVl 0 28 (1) 3% 38 1 RS B B I R0 . P B i 5 A UN:

T ZT"" (10)

B KT X2 P R R PR 2% v T RO R R, RIS ARG, AT ) B P40
5 TR T BRI AZ ] o <d>FRoR AR M S SRR B, AR S PR RPN Y R A B R R AR K
FERIF S8 o P2 E B AT DU X 2% B SZEE k o 0L F)~F- 350 B S R A IO % o 4 e 2 ) PR e B O R
5 B AE Y PR AE W 2% AL HE . C 2RI M2 i) T8 3R R 8, T 4R 5 .8 (Average Clustering Co-
efficient) & —I™ FH R AT 5 W 2% vh 5 URER TR L BB bR, S 1 I 2 AR QIS5 A TRV AH LRI T RE I .
R HRBJE ST RN ki T T AIRRJE A SRR AR AE RIL O My, IS R AR SR AR AR Ci T BAH]
) /A Ve

2F,

“ D)

Forrkg (ki —1) /25 810 AOARJE Z AT REAALE R R . BOITA 19 s R AR R R B P, 13 3)°F
YRR AL

(11
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1
C :WZizlci (12)

r 7RIk R 8 (Assortativity Coefficient), & FH A & /0 2% 47 U P 2 (B AR LIt () — Rl An, B
TP AT R BRI, SO T AR s TR 1S T BEAH ELIE R, SRR RF0E W H LA AR

po o O (13)
e, T8, —2€,
Horb, ey FRERPAN RIS Z AL L], ey RN ERE — RIS AT R — MIGER Y i 2 1]
IR, e RN MRS 1Y i 2 I LBl ORI AR UEVE B AE -1 20 1 22 1), 1A
R T A AR LR AT ROERAE R (FIZOER), 0 R Bim R MM IEEY, ERG2REILE, 6
A W X AT 1) TR AN [RI AR 19 8 AE — e
H RS VR ROE S 7 R 2% b i (R R R (B AN sl A AT f ) 2 1B (i 22 54k, AT DI
R IR AE 2 S IME R ARRERIR . A BIE B T 1R (5 B 8T NTE RS h e 1 I 7251, T8 E)
FEANGFHESE, 5 BBATRIFEY . ERTHIEE K MIGM W Z5 50 ey, I — B (E I T 2% (R A R R 1
B R B P BRI A A o TS A% 3 BRAEL S 200 P X 2% v R BT A 9 e, SR FE S (B 592745 AR
MR EE), SRR FRCATT AN B

k :%ziG.degree(i) (14)
SRIGTHEBE R T IME Koy [FEIRESS TGS AL, SR SR T7, THE M.
k, = %ZiG.degree(i)2 (15)

BRI AL RRBIE B A
ok
k,—k

e, IS 21T Python AU, 1HA5 2 = MR M SETHRHMIE IR 1 s

B

(16)

Table 1. Statistical characteristics of the network

1 MG

Networks N M <k> <d> C r H p
p2p_Gnutella 6299 20776 6.5967 4.6430 0.0109 0.0355 0.5240 0.0600
GrQc 4158 13422 4.4560 6.0493 0.5568 0.6392 0.5430 0.0589
Sex 15810 38540 4.8754 5.7846 0.0000 -0.1145 5.8276 0.0365

3.2. MIGM 1=EIFEAN 43 4

TP G 1B MIGM X T 52 2% 0 466 o AS [F) DB YT o B L VT AG 1R B8, A ST A Bh 2 B 1) A% L
SIR HEAI 151555 fUHIAE RS BOMAT 07 BLSEES, KT SRE0H 100 IRSF-35 45 FAE N1 i B sLiem 7). I
i H 5 87K (Kendall) A 5¢ R BN MIGM BRI P15 H U HE P 45 R 5 SIR BERYHEF 45 RMAH G, i1
Kendall #H2¢ 250 t. b, MK, MIGM BRI EAL Y &S 5200 7 HER o .

Bt 5 GC[16]. DC. KS. EC. MCGM [13]. KSGC [17]i#4T b X HIFERF 45 5, S RFEA FMERER
N5 B S S HE R 45 2 ) Kendall AH S R0 S S5 B 1 FrR .
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Hr, MCGM BERITHHE AR

k X

(K0, 0, 30 01, ), 30

kmax smax max

MCGM(i):Zd(i,j)sR,M dz(i Jm;x smax max (17)
KSGC Y (1) 1+ B A X F
. k -k
KSGC(I) = Zdij <05Ci d—zl (18)
i

K1 A RARARIUE O FR BB . SERBER R, MIGM 7Y Kendall REE & T HAhT%E, =
FERRBREER/N, MIGM BRI RN T Hfh 755 . RS, ALRRRBUNT, (5 BAR R MR
JRR, R E B AR RE, AR, (5 BRI BRI, MIGM [ DUBE P I A H R .
FERRMERMAET, BT E SRR AR, S E AR AR AT A S HLH LA
AP, R R KN A RSN R MBI

1.0 1.0
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e
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Figure 1. Results of Kendall coefficient of MIGM model on three data sets
1. MIGM 2 iY Kendall REE=FMEIEE LINER
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4. BFERMERARGA PR 5H
4.1. BHENEEL

RS AR P A 2 A E REREER NS, T REFE SRS B Eh T %M
PRI, AR B R . ARYEHTIR BT ARG 7 HARE 75 K 5 BB T8 DL 2 e
BB RER, LSO EFNHKGEE SR, SIREZXEHEPME, —EEME, b &%
FRFEBY, MR B R ERE R T, R, A Sl ek a8 R A S iSRS BAE
AR, FETH AWM EHARIR TR T & FA5 BRI R A P 15 8w ) R B

ERARICH I, 148, RN SRR P s MR It, 1 — e /S22 (0 SR o e,
i)\ T SR AL AR AT B 18] 58 67 AR A SR 35— AT [R], SR 50K ) \UTCE SRR 38 i 2k 28 P (1 B[] 3
VR — AT R HR R 0 SRR fE e — N H IR R 1 SE AR R A, DUMERS PGSO
URL. RS54 0% G4 BvIas URL SN Python o, @4 5005, AR CARE/ NI N 1 2500 2%
URL, SRH\RECREEZIEIANCHL, RHICHCE A A AT (1 5 G e £ s 2549 5%, TRHUEME N A AR K
B FBRAT AP ISCRN R RS ER R SRS 18I ik A RO T 0 BT SC, BEER L) URL
#E e # URL. @I T4k #% URL HEATICHL, TCHLN A& KA id. R id. gt ke, flid
VEIR BRI IR AU A N 28 Bt 3567 2% .

4.2. CNN-LSTM #EBIERE %K

FEGIERAENS IR 28 PARAE— MR IRTE, JCHRAEAC B 4 5 AN S RS 0L R Ef R AN .
1, kb DU (Naive Bayes model) 5 TR 4e i, RBCRHEMAL, FEFBMEBE R, CHALHESE
P4 SUARIHRZ R K[18]0 IR FHZE 45 (RNN)RETS AL 51 508, (HAZAERE LT 1), s DA 41 K
AR A, LA 7 (i Bk W] g eV A &3 [19] . LSTM (Long Short Term Memory)fE >4 RNN
B ESEE, E 1R ML AR DR BE 1) A, B RE Y AR, (R R OB (0 AT L 1B IR LA U
FERAR, FIREE KRR ERHE (N7 2 ia + JEAWIALE) [20]. 1 CNN-LSTM (Convolutional Neural
Networks-Long Short Term Memory) #8517 =3 #H Lk, CNN @i 2 ]~ S RAZ IR BUR30E SO, TR#b
LSTM XHAURLEERFAE R 240, o, CNN $2EUH R E L Ak E N LSTM, TERUN R R4 = 1 2
WRFIERIRN, RS S PR T 2B SR BE J[21] o DUSSABERY o A% 0 JRU B L REAESR I 20 KSCA AR 2
AT SCERE. PR AN S i gk 2 R

BHET I, ACER CNN-LSTM BOBAE A 210757, 8/ Python3.11 fRAE NS4S T
Ho fEHEEHALEE |, SE30RHICHU e R SR AR vEdE S, i@id Unicode Jmhd e bt g E
WFERE, iEH jieba 70 TEATSCARYIY, FE5E H e UE T RRE R ES R T, CAHERS
Tokenizer THFEW N RLIFH)E, i BBHIEABRES — K EE 100 PR ANFERE, FR2EME S
i I g 5 one-hot iS58 ) B AL R AL .

PEARIBA BT T, MR T RN ZE - BRIE M4 - JEIR M 45 11 22 b AR B, iR N 20
BHUA R G MU 128 gL E s, WUZ 4R Z 8 iR A B AR SRR S SCARKRE, 128 H
JG LSTM ZE i — 0 K B BB UK BIC R, 4 4822 0 Softmax BR 25 28 i 2R 70 A5 o

FERRLNZRR B, K H Adam LGRS IC & 28 OB % R E0EAT 8088, fLE ISR E o 128,
T RS AL B A SIS UE AR B e DA RN ZR A VRAS AT I8 I M AT e 2 . A FL (H(E WP
B FEFR LSS AL T AT o e A3 B AIUERA 2 90%, F1{HM 0.88, KiF4s REMBM RIS, W
DK FAR IR 7 2R 285 S AR R~ & - I IR s2 e g 0
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Table 2. Comparison framework table of four groups of models
= 2. MARBIFTELAESR R

R Naive Bayes model [22] RNN [23] LSTM [24] CNN-LSTM [25]
TSRS, B ETRAANEE  SINTRARIGERA  CNN JRBUR M +
BOLEE T, B UUHNGE  BORA, RF IR LSTM BN X R,
B R R Bl &, CRBEEEARE RS R r
A 484 7 (Bag-of-- . e . CNN BFZHEL n-
RAERIOYA Words), mgiant ORI I HELVRIEIERS o o +
T R = R LSTM #45 f FR AR
TS
oo ETKICRGSER BEkKmR axaeig, @ o EALRER ¢
25 M § FEF Vil K. N oy 2L ’
Bt e ) (FERET %) KSR RRERIE SN
e - N N o CNN i3/ 3E SO
e BRI, BT XA RCE B TR R
AR g ninyma me)dmiehs gaiEym o TLSIMEARR
i
N e A A BRI BE(CNN R
oy TOCRRARES SIS KOS SRR
- 5 HIS 21 1) PR ) JUEEL)

4.3. TRIEMWMARLR S

Tl 65 B0 F P AR T2 1 2 00 5 2 Y i 2 (R B SO R 2B I, R 2 R B SRR
FEBMTA, KA S A SR ERTE, AN R RO SR I A, WO 6 i “=
AT o BRI, AR R AT E AN R RN DR AR, 0T (K P I G R ) MIGM (BT 55 4%

X7y, X7y e AT AN TR RN 71 )2 % AF 2R v

SN T JE R AT Bl 0 B 45 R AR LT 7 1D

FkE. VPgE. RUBE. MIGM 1R PPUME. IBUBL T 545 SRANRS BLK JZ RN IR 3 e i
R RAE 103 2%, T HEE R 2, FUILOUBBGE B R IR L2 B T RA AR,

ZHONEER P, HILFR . RATAT N EERZ B H

Table 3. User influence level classification and feature analysis

3. APEWABRRK NG REFHES

SN 7 )2 P B 1 ek A

I
Yer

Wi, FT LAANHEAT 7R o

. . MIGM ¥ &iF  iiuEitE B4R
R P &% BERE IRE RER o g S
Sk Bk R BT 1613 1194 40,279 0.016518 8.57 =]
LA 610 1385 53,742 0.014952 7.12 =
M — 4l 3 SR AT )L 469 1554 30,446 0.013841 6.11 =
TR/ 323 25 1208 0.012124 1.82 =)
e 287 385 787 0.011332 2.29 =)
BriR T E 263 632 5739 0.009937 2.75 =
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Figure 2. Distribution of emotional tendency of “supporters” and “opponents” of high influence level
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Figure 3. Distribution of emotional tendency of “supporters” and “opponents” of medium influence level
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