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Label prediction based on user’s attention behaviors
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Abstract: In order to extract more effective user tags from the attention behaviors of Internet users,
attention characteristics of user behaviors were explored, and tags were predicted to improve the
user portrait system. By constructing the adjacency matrix of the user and the attention behavior
object, singular value decomposition was then performed to obtain the behavior feature matrix, and
the logistic regression model was finally used to train the feature matrix and to predict the user's
industry label. Experiments with 673 144 user behavior data on Weibo were carried out. The
results show that the maximum prediction accuracy of 15 industry labels can reach 0.657 by using
feature matrix of the user attention behavior to predict industry labels. The innovation is to
alleviate the sparseness of user attention behaviors and improve the prediction effect of industry
labels. The defects of users’ important labels can not be well reflected by improving user attention
behaviors. The research provides a reference for the portrait labeling system of Internet users.

Keywords: user portrait; attention behavior; feature decomposition; label prediction

%5 H #3: 2020—-09-08

E4TH: HEARPEESEIE (71771152, 617773248) ; EF PRI H (18ZDA08S, 20ZDA060 )
FE—1EF: XBEM (1997-), &, WA, HFRm.: HRiZH. E-mail: dey02130213@163.com

BEEE: NERE (1979-), B, B2, BRF I BARREIREE S48 MRER. E-mail: liujg004@ustc.edu.cn


http://dx.doi.org/10.13255/j.cnki.jusst.20200908002
mailto:dcy02130213@163.com
mailto:liujg004@ustc.edu.cn

314 o B TR 2 2 R

2021 4F 5 43 4%

XTI AT it AT BB A AT, AT B RS v %
HECR AR, Tr AR P g LSSt R
2R 7 A 7 21, Quintana 455 IA K JH P W
BR—MHPIELRES, W LA R Eds
HIERES, FTLURRSIH S Tk
KEAEMAT Ao HIE, P RS T 51 Be AE
HIRMIEMH P A TRKOE B, miE s P27
RTINS i) - 2 ok & Ay B e S g ]
PP IS . R T B A B 4 b 2 ok 1 R e
.4 Adomavicius 2 FIHEE T 11 14 Pro 48, F
FHAFARLPE RO XS P A7 A i A or 3T A Y
22 Mueller 25" 41 % Twitter F 2 (19 W FR SCAS Fil ]
WEH, Gt B P AT R RRE o B T B I )
B H P LEBAWT AR, F P AT N RRIE . INARAE
Il 2k b kAR ks Iglesias 5 HE— B R4
M P& G R, Wb 417 o 25
A W 2P B T S R,
PR K R AH P B ah A SRR . Xk
A58 EB AT A AEACL A 71 8K B 3K 0 %) FH P 2R A7 )
g%, FEARRLA XS N 25 P WG EAR s, F st P
WL HR P B0 sS4 B T AR JE S, R
TE 77 AT R 1) [R] I 38 B A AN (W) G 2 B ) O 1)
38 o B AT R B A T 1) AR, AT A S B
TR H P bR

B s 21 S i B G A P R B AT R R
e, P AT R S R R AE, AN A B
g EPEA Oy TR PR B, A
Hadoop K& - 5 &3 H 1 D7 247 R 89 X 51 94
PrRLEE . A S AT P R R R 2%
TEFH P G g Sy CHE R R BT 40T . 3 S )
X Lo Eat I, &2 m AR AR P17 R
FER AR S SR sh A AR, %5 AT I RRAE A1 3)
BRI, Cho Y @I T P AT I R S
FENAE EBUE, ot 777 5 50 0 HE
e, W RIZRH P AT 8 T RS EOIE LURRE BUE
KeFon, T LUEE & P bR A O A AE A . A
W, EEAT RS N RRIE R R, URRIE R 45
P bR . F P g R (A el

EHH PTG R IR R T, AT
S PR L ELIRE A RS T B O R 2 R
SRRt ok T RIME . dn ] gk G A 32 1 P g
AR, F2 88 O P RN R N 2 B O 1) B
M AT R A A SO BB, R i FH P AT M 1)
g, X T EH PRSI R, AR
MBI P 0 S8 AT oM s, M P RGN
BXFGI 0-1 K5 R, A H A5 A8 53¢ J7 % 0-1 46

MEEAT IR M, MR P AT ORI M, TR
PP ORTEAT 0 i 1) 1 o RS A FH 32 387 45 [l 1
RIS AT 9 R MR R AT N S, S0 ™ %o
BEAT VAR SE o G P S TEAT D Hh R i A
K, FHBRIBCAAT R RRAEAE . FOINA R P AR
%, I HLAE v TN AR 2 R (A, DA T LR
PRI bR AR Bt —E S K

1 RE57HE

11 HMBAPITAHER

R P AR BN OE & XN A B
HRMHEMELTENELE, ASRkESETR,
WL, 17 EA AR, AT, RSP S
NN ARNZ B RRE LRHREIT R RETH
H— AN PRI 2N N XS R RS R, — I
BEXE WA Z R ZDH P S B ERW=
Wi, wa,wa, - wHRRATER W LTIT XS, iR
AT AX 8 RE, AU ={u,uz,u3, uj TR A
\EEHP, jRAHPEGE. DT IR ES T
FUEEA N P ST AR B AT AR bR S 50 Ak b, ) A
FH P RIS SCAR N 0T G 4042 0-1 J e, 556
J AP SRR KT, WGy =1,
BN R 0o HEdt, S H P OCHEST I C )
m= (1) R,

Wi W2 W3 wi

/5] 1 0 0 -1

u, | 0 1 1 -0
Cpg= 3 |1 00 -0 (1)

u; o1 0 - 1

1.2 JEPEFFIES 7
S ESCR PO T AL, A 0-1 JERE,
RIEAT N C AP AP R EUE B . Bl T
VB OCTEAT A I AR, WA BB B 1 R
INITERAARKYLERE . P 0-1 55 AT
O3, HI2R R MR Y 0 A 1 B4k AR TR R/
AVRFIEAE, 38 i R AR AP 51 B e P 54T R DA
LA R B I o FE o it R rp, AR SO IROL
#2722 b FHBY SVD (singular value decomposition )
A SE T, BRAC O-1 JEPELERE, ARG PR FE i
RAFAEAE , 45 TCREH AT R F AR B AR Y 5 i
FEAE . Mk, ASCNH P OCELT N HFEC i
30 (2) 47 SVD sl ab 3
Cixi = UjjA jxiV" ixi (2)



% 3 1

M, S5 —RhEET H P OGTEAT B bR S50 7 B 5T 315

K. URRER R, ARA 5 AR
VRN AT H SRR

SVD 53 M S ABE B AR WO SRR B 1B, eIk
At FErR T B R L B R T A R e R
FEFRE R AR SCGHE 15 B 1 (R o >fe AT T 48 44
WEUEMARGER, {582 BEo AR T XK
Wb RS A S S A S A . ok
AP RIS ZF SRR AEAE AR, o WA BT A 27 S 4%
TEAE SR, BHEA N (3) s,

ogs

o< = (3)
0

R T WS AR S IR AE A, i 7S Y 4 U
04, LhAsuc(area under curve ) {8 148 S~ K 25
i, BAsucHIER R E R, o IBUE RIME A2 57
FREEHC R S R BUEA A o SRR (3) B ih
ARBISIE, MATHURFTS a1 S8, X A4 #F
SRR ETSANAT S B, AR B R A R e KOG
FAT R MR C s, HP B ZR R, 2%
TR FREYE S P X, i (4) iR .

Z, Z, Zz - Zs
ui(zi1 z12 z13 ccc S
u|z21 22 23 -t 228 (4)
Cixs =UjxsAsxs = 3|31 232 33 - s
ui\zjl1 zjp zj3 s

1.3 ETHIESHRBRAPRZERN

0 e A Sl P P K R A R R A 1 i R
FP B AT M A St R 4R BEAR /N ORI
FRAEfE BASBIHOR . o TOR TP AT D R R B Rk
EHACHATRUNAT AR R, B R B FH P A
ARSCREPEEE TR BT [ AR | BERLAR MR T |
SFE B AL HLAS 2 2 07k LR A R
A X R Y 2R AT AR I R A 28 B
1.3.1 T [

T2 B30T (] VAR TR R SR A [ DR TR o
— il PRI A {5 R R R,
AU A SR AS AR AR R(E, 3T S AR I ek
WMEEAR SR, B iz is A oy 2 vh, il

R A B 5 AR R AR B R 2 Y 2 SRR AR
fe U 3 BT % ] A A S o o X B L% R B
ALl B 2P 1A 5 A, DA T R 28 1 iy s 4 A
0Fm 1z, Wm=X(5)imxm.

eGﬂZjl +0jpzjp++0js2js

yj= (5)

1+e€jlzj1+9j22j2+'~~+9/'52j5

K, W6 = (01,052, .0;s) AR AL Hu; = (21,
Zj2, 25 ) A T R AL

T B FH AT A REAE R A A 22 R A (e
AR, TR REAR P AR E, DABI{E 0.5
FINEA H P ihn s mtE . R TS F 0.5 MIE
%, WE TR, N1 05873, HIAE
FH—AArs, BRI AR EWE 1R,
1.3.2 BHHLARARAEAY

Bl HLARARIE Breiman FIH F B FCRFEFR, B
PLA PSRBT, PRI R R SR AR 15 0 28 & SR i 4
BT, BEALYE A 5 | A 1208 R A T % 45 4l
R A Rl v T P AT A T e TE
YRR IEAF AT, e, 32 H R HLAR AR
BERU FP OGRS AT W, B — s .
FEREHLAR AN L rfr, X C js T VBB FEA VAT
) SRR AT R, ARG KT C s A P RE A AR 25
HATFRIE S RAE , H4) BLF FEAS B0 a0 4 0 57 -2k
Rt HE LR RRIE R RE AL AR AR, AR T
SN T ORI R A R AR, D BUIR
MZHL, Fe AT BBk BN P bR 52
1.3.3 SCHfm ALY

S I AL JE TR MR A ) e B iR AT
G2 g S BT e R e e ) — A
[ g 1 I o g | D sl e M T 5 T N OB
BT T IE 20 TF, DA B0 45 3R . S HF
] R ML Bl G012 24 >0 B T 3R A5 A0 58 27 2] g
FZALRE S, W23 18 e RO R B 42 4 0y T
FE WG AR BRI Ghad A b, 38 SR LR
fE Al AN 2 pa g, s (6) froR, TR 2
WEEE, WX (7R, WARNK(4)ME
HIBRZS,  DAITAS 2 T 25 5

JH R SFE0- 1 Ff FH P R FLHR S 8] T AR
Wy W, Wy - W; Z1 Zz Z3 ZS @O Opint+ 05
uw(l 00 - 1 U\(Zyy Zp 213 Zis y:#
w0 1 1 - 0 Uy 2y 2y Zyy - Zog T Tttt s
G741 00 -0 G5 UpsAss™H) 20 232 233+ 23 205, BFEX | cr0
IR : R : T, vEl,
w010 1 u\zy zp 25 - Zs L@iﬁ$ﬁ§ '

B 1 iliREREREE
Fig.1 Predictive label model flowchart
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