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(2)BERISREI BRI R BB R 455 N A
JBRRER AL S M A B, FATTAR S ) P )
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BN TARTE R 54 31 i BRI I 2R 5 S
MR , 73 iz ] SCA ) i ML BY ((support vector ma-
chinese, SVM) . f#p 2 D1 M- ( Naive Bayes, NB) . 2%
1} (decision tree, DT) K 4F #1588 ¥ (K nearest neigh-
bours, KNN) | A T £ ¥ 2% ( artificial neural network,
ANN) DA K 32 %5 [8] ] (logistic regression, LR)6 it B4k
JIEEEXS 8 MAT R E A A —or 28R A B AR 1
ZNRN(E

®1 6 THELFENFLEERRET

Tk p R F1 F,
NB 3.75% 27.27% 6.59% 12.10%
DT 77.78% 42.42% 54.90% 46.66%
SVM 83.33% 30.30% 44.44% 34.72%

KNN 100. 00% 9.09% 16.67% 11.11%

ANN 66.67% 36.36% 47.06% 40.00%
LR 46.00% 51.00% 49.00% 49.91%

M2 1 AT LUE 78 6 PSR 7 vk v, st vl f B2
5, KNN BRI T 5 i OR (100% ) |, HEFEEL S 1Y
YR SVM (83.33% ) 1 DT(77.78% ) ; 5 3 0] &1
&, LR U T RRCR (51% ), HE7E HR AR I h
DT (42.42% ) #1 ANN(36.36% ) ; 5t F1 {E3kFE , M
UG T R4 2R (54.90% ) , HETE H 5 KK LR
(49.00% ) F1 SVM (47.06% ) . 75 J& 3| 43 ] 5 1 Xk
TR R, X F2 (AT T A, K2 LA
LR BUS T e i F2 ), 1550 49.91% , & F DT (45
5$53.25% ) . ANN (45595 9. 91% ) D} SVM ( 4% %%
15.19% ) o WA SEBG 45 3 0] LUK I, 263 F47 W RRAE 1Y
M P BERE IR B, LR DT F0 KNN 3% 3 Fh L2k )7 vk B
FRAHXT AL LR

YT DT R Ty ik rh HUAG 1 A B B 252 45
B, ARG AL 5, B R I A R M, A S0k
I DT e ik — 25 20 1) e 75 4 58 35 (0 47 0, L4 21
k2 PR

R2 BERABTHUER

C

Cl: #2245 <20 Y N
C2:7Fight > =72 - Y
C3: B2tk <700 - Y
C4.qH%kk > =13 - Y

-z < =< 2
Z z =< =< Z
z
|

C5: F M > =580 - -

A
AL HIPEREYE v VvV Vv
A2 TSR Y vV

v

HIZE 2 AT LU M A B8 4T O 2l i A 3% 5
IR LY R28 D on N E R e i e B A
S 4 BTG bl TAESC I R B P AN B35, R
VEIZIMAERR) o XF T M s B8 M0 7, AT Ay 45 4t
6T LAT 3 A ol : % 22 B/ T 205 Qb 22 B T
(20,700) X fa] HLiFig AN T 72, [A] iF 3 2 i A A
N 135k 22 AT 20,700) X (] HIFE AN T
72, [Al i A S BRI /N T 13, H RN /N T 580, Xt
TS T, HAT AW G LT 3 Bl -

59



Atk

®ook EI3H 2018478

O¥p 22157 F[20,700) X 0] HIFg A /N T 72, [W B
B B /N T 13, B R0 /N T 580 @ 2 KT
700 HiFesEA/NT 72; QM 228 KT 20 HiFig &/
T 72,
5.3 EFBCCM WIEEHRAERANER

T P A R A R S Bl tB R P A A S, T
AT BB 2 FLRRE AR E , s IR BE FH P 3R 2 2 O ik
RECT AP FRoR &, F K-means 538550 F P 9 &
W KPR SCAR N AT RIS B SCAR RS A I A
FIFELAAI A BIBEH 9 NMRRIE (A BE A O
Kozt FEMR D) MBS ST R R PFIR AR
Ko 's ) Xf FIRFRL Iy VA FH A A 4 24 (B NB +
C.DT + C.SVM + C . KNN + C ANN + C), ¥ 5 BCCM
BEARIHATRE LG, A3 B AR 3 s 1Y S e 4

#3 EZFAEMANIEFERMF EILR

AR P R Fl F2
NB +C 1.35% 10.71% 2.39% 4.48%
DT +C 60.00% 32.14% 41.86% 35.43%

SVM +C 83.33% 17.86% 29.41% 21.19%
KNN +C 50.00% 7.14% 12.50% 8.62%
ANN +C 60. 00% 42.86% 50. 00% 45.45%
BCCM 71.00% 74.00% 72.47% 73.38%

M2 3 ATLUE 76 A Bl 2207 1, BCCM #5230 B i
Her fH (74, 00% ), 7t @& T ANN + C J5 3k (455
31.14% ) DT + C J7 3 (405G 41.86% ) DL}z SVM + C
J5 1 (40155 56. 14% ) ;75 F1 {H J5 T, BCCM A A5
i (72, 47% ), J& & T ANN + C J5 i (9 5%
22.47% ) DT + C J5 (45 30.61% ) L 2 SVM + C
T (9156 43.06% ) s 7 44 |81 2 J7 0], BCCM #5254 B 1%
B {E (74, 00% ), i & T ANN + C J5 2 (%05
31.14% ) DT + C J5 1 (445 41. 86% ) DL 2 SVM + C
Tiik (Ye17.86% ) 5 TEMER 7 1T, BCCM A5 74 L fE
K% AT SVM + C 7k HEFESE 0 2745 4 T8 R
KF ARSI BCCM BRI T 5 b 25 5 3L
Ro XRU, @S REFRRZTIMAR P WA RHE, 78
FEAAR B i MR G oy, GRS A S804 T M P 00 3
(LA RHPER ) IR BRI
5.4 FRIWLE

TE 5.3 45, Bl bR i S SR A E R AR AR Yy
M IGO0 (M B A B IR B 1 92.51% 2 £, T 3
PR EAA 7.49% ) o A T 6 — 20 B Uk 7E ) i B4l
Aerp, BCCM BERUAR XS T H At LR LAY By 34 R 55, 3
TR AR RAE (RCRFE) Tridse BARE IRy, K 2 109

60

FREH IR 31 0 ) A I R AR S KA E R 43
TN SR R BEALTL B AL 1 500 20884 5 i |
SR TR, ZE R A P B AL Tl AR 500 A5 5041
IR AL , TS B T — AN R ¥ M 1 Bt 4 . 7E
SRR RE AR B I 2 S A A Hp i B vl RE R
HBEL

I B R A 1 5 1 bR i B A, R AT
T 5.2 RRmA R (WK 4), R4, T
0 3 oversampling, R ReAf . Xt b3 1 F13k 4 T LA
KB, R U R AR it 2 )5, #5 RS Tk FL (8
BN T 3R B BT JRARCR S 25 R 2 DL 3
(9 F1E A F2 {5 M 10% 2247 42 73 30% LA 5 g
BRI AL K AR F N T AR R 45 4 Bl 5 ) F1
HHTH 2 80% 2475 & Fh 7 L 1 F1 S5z i (M DR 1Y)
54.9% (W 1) 3T+ 82.09% (WK 4) ., XEH],
T SRAE T R TR TS R LR 5 i R B B A
Mo 52,34 il & Fh L4y ik 16 35 i Budis 48
LA A A SUISR

F4 SZRAIREFEENELZFEER

ok P R Fl 2
NB +0 26.63% 42.61% 32.78% 38.04%
DT +0 89.56% 70.87% 79.13% 73.96%
SVM +0 87.94% 76.09% 81.59% 78.20%
KNN +0 85.29% 75.65% 80.18% 77.40%

ANN + O 85.78% 78.70% 82.09% 80.02%
LR +0 74.00% 77.00% 76.00% 76.38%

I E B R A 5 B Y bR R A, TR T A
153 WS AR B SLER AE R (WK S) . RS L FRE
0 {3 oversampling, Bl % 4% ; 7 £ C {83 content, R
WAFRHIE, 2S5 ATLUE I 7ER B R I LA S
TEA 1815 )5 T, BCCM + O # R A5 A% 5 {E (81. 00% )
o F KNN + C +0 73 (4546 9.70% ) ANN +C + 0
J7ik (%5 10.57% ) LA Je SVM + C + O J5 % (%56
13.61% ) ;7 F1 {8 J5 Ifi, BCCM #% & U 1% f% & (A
(79.47% ) ,& F SVM + C + O J5 ¥k (45 % 3. 86% ) .
ANN +C +0 Fi: (4% 4.64% ) LS KNN +C +0 )5
12 (805G 6. 26% ) s 75 43 18] 32 5 Ti7 , BCCM A5 R 45 #
1 (80.38% ), i T ANN + C + O J5 ¥ (&%
8.25% ) KNN + C + O Jyik (45 8.32% ) LA}t SVM +
C+0 Jyi (4055 9.93% ) s TEHER 2 J5 T, BCCM A7l
BB N 78% & T NB+C+0 LS KNN +C+0 Fk,
XFHE 3 ML S AT LUE AR O R LS R
5 At FE LB (1) RO SR B A T AR A, AR SO



AR, WA, T, FETAY - ARG A SEAE[]]. 85 HRTE,2018,62(13) :54 - 63.

fe i) BCCM B BUATISR AT T e ir ER A 8oR . X3k
W, 38 i TR BE 2 ST I P NS AIE , TR A X 1l
ISR £ rp B AT AU TH IR P 05T (LA S B4

T PR
x5 SHAUTREREENERITLL
Bk P R F1 F2

NB+C+0 27.78% 32.61% 30.00% 31.51%
DT+C+0 84.57% 59.57% 69.90% 63.31%
SVM+C+0 86.11% 67.39% 75.61% 70.45%
KNN+C+0 75.23% 71.30% 73.21% 72.06%
ANN+C+0O 79.80% 70.43% 74.83% 72.13%
BCCM +0O 78.00% 81.00% 79.47% 80.38%
5.5 itig

ARSI () AR S B 25 R R F L 1E 5.2 &
5.4 sy rf, BOCM B i R T 485w 1 e M At
T RS iy S B 75 45 0 o (MR ) U, LSk
WL RN TFAEGNN AL T o AR A4 A — e 7
FE MR T MR B Y A s A RBOR ] e X A
W i 5 T 5 PR 0 I S o e M P 0 3 1 R
R LR R g | S 0, B — i B R AR
PSS HE M. (UL, BCCM KR FI| H R br
JCHHE (unlabeled data) AT HLAF 2% >, AHX FAE S
W sCHLER A 2T 7 ids  RBIE 19 8 B W N TARTEAE 55,
PRI S P 7 080 R S AR T s i AT 550 D3 8, 78
BCCM 51 [y FH P 327 2 2 B e v P o A o
BT /NEBE 0 BRI, 3K S n-gram By
AR (n-gram FERILL A T BEE I K (5 B, 45 5 in)
) o ARXS TAEGERY n-gram FERIA AL R Z A1 — 4
B 4R R, F P R R BB %A1 2 — AN AH XTI
ey FR (1IN SCAS A 100 4 PR ELAG 56 47 i 4
PERE . BUAR AR S ik RO > 221 ) e P 5 9% 35 A7, D
AT R FRAEAE Ay W 2 2T W i A DAV 503 A0 4y
48 F S WA G AR TR 2878, f S5 AR 4 43 2SR
JI 2 20 3] B4R ) e 22 i Mg P R

PASIZ B0 48 5 55 S B s 50 1) L BEOR &, BCCM A5 7Y
FEA I PEAN T b5 T #BAS B0 B 15Uk, 76 Z 505
T RERS R AT M PN R A 1 R SRR A AR AE RS S
PRIGOUA — S 25 R BIAN, ID S B s 077 )
FHP RN AR B3 B8, I 52 06 25 SRk LA
MR BGEHE  JEEX R AR TE R AT X
J W ST A A 23 AT 1 B A3, AR H TR S ik
ZH M, HiE 5 b e s, g R 50
ME RSP o PR, ID A% mk s 7777 (1) P BN
AR I Ay W S R T S 0 2 R R S B AR

B o X R TR T HOE, IR BT A
AR Z ) AR AT Ll M, HLp 22 4 26
A7 O A5 BB A AT, DM R ) oy B
PR BE# .

MR ) TR A SO i) BCCM SR SE T
AR5V O g e 7 45 B R B PR 8 B 0 R T £
o BRI Jay R MG 75 5 58 3 UM X — 4, A 3L
JIT 4R H AT 0 55 AR A A 0SB, TR B AR AT O
AEA B P AR U BN, R AT O 5 N A
BRI R 7 dl AN SCAR T IR P on 22
ST G5 AW e R A IR IR ] [ B AR AT 4
i, BERE 21 im0 % )7 R T HSGIE B0 I BT IE
5 R I SR b JE BRI SCAR T IR P 2R
SRR 25 G P A B KA PR IR
fhn SO AR/ FL 8, BB S 220 I HH % P s T
PR TH B i S AR BRI 2% 5 F Bl P i SO
TUREEF P 3 o AR, 455 1 P B 22 5 O
i H SRR AT O AR b, 5 P AT P R
AEAS 2 R 5 48 Mo BEAh, AR ST 58 R X
TR B 75 RER WA BN BRI SCBT I H A — 2 9 B
SR Biln, mT LR A SO Se g 45 2R FE PR IO T
PG A A BT S W A SRR AR I, 25 o R 7 1 B8 O 1
I, B LA BIVE BT B, AR IR TP LE R AR B A
AT REXT LA LR R o

ARSI AFAELL T R BRYE : Ol TARE A ST R,
ASCNTARE MBI 2 100 24, HiR i A E 7T
Or, JE SR bR B 2 BB LA e SC ) B ; @7
NTHREE R o A7 — AT E PR IR 22, A e
B SEXE LUAIRE S 15 O BRSO, BT LUV IR 2 A48
— AR IR PTREAFAE BRI I DL

ARSC LA < Rl 5058 14 W 7 3 9 o (BELPE L) iR
B3 — R 14 R B SR 55, TETREE P 2R
2] L B AR GE R PG~ > B ARGl B B2 T — B Y
L5 G WA S AT RS Y e A B 5 UM R AL, )Y BC-
CM 8, O T BBz B ) A R , A SCTE R a6 1
Wrbs TE R ARAE T BT ARTE £ b HEAT T 2 400 b5
Koo X HLICHRERRM, £ AE M K 4 b, BCCM £
RUJT I FTGG R ROFL A F2 (E 30T & TAL SRy ok
B RN R DTSy G A (0] 0T S R R BL AR RE A O T
S TEX BB E |, BCCM A5 7 B 1 15 58 i k2%
rRTiE . ERA ALY 45 AR W, 7R 1558 iR
B — 45 F P AR B TEAT 55 i A R TR EE R

61



AR R R Y

®ook EI3H 2018478

FORF A GIASCAR N ASFHE , B W3 52T P 4
&R R bR
TEJG SRR TE A B AKESE R 28 H 9 15 i 5 15 R
T b B RHAE 9 4 B 2Z 18] Y BAHPE I8 HAH DG T
S R E— LA AL, DAAS B S A Y P IR SCR
I AR , I 2 W 7 5 3 RN PR 0 3 0 0 S 4 2R
FH 3 B S T v, DA SE — 20 06 Gk W 75 5098 5 % T e A
BB
SE 3k
[ 1] FERWERDA B, SCHEDL M. Personality-based user modeling for
music recommender systems [ C]// Joint European conference on
machine learning and knowledge discovery in databases. Berlin,
Heidelberg : Springer, Cham, 2016 :254 —257.
[ 2] YAN M, SANG J, XU C, et al. A unified video recommendation
by cross-network user modeling[ J]. ACM transactions on multime-
dia computing communications & applications, 2016,12(4) ;1 -
24.
FRELE FETH P AR BT S BRI TR ID]. 6
- LT RHOR 2, 2016.
RUAL, B TR SRR R 1 P A R BORBIF S 5 M
LY. AR SRR, 2017, 27(9) :155 - 160.
BB, AL SR P 4 BE T 500 H P iy
WHIELT]. BURAEHE - RGBS E4, 2014, 36(6) : 115 -
120.
YU S, GUPTA A. Identifying decision makers from professional so-
cial networks [ C]// ACM SIGKDD international conference on
knowledge discovery and data mining. New York; ACM, 2016;
333 -342.
TRUSOV M, MA L, JAMAL Z. Crumbs of the cookie: user profi-
Mar-

—
~
[

ling in customer-base analysis and behavioral targeting[ J].
keting science, 2016, 35(3) : 405 —426.
[8 ] HATI, OHKJ, JO G S. Personalized advertisement system using
social relationship based user modeling[ J]. Multimedia tools & ap-

plications, 2015, 74(20) :8801 —8819.
ELKAHKY A M, SONG Y, HE X. A multi-view deep learning ap-

—
=)
[

proach for cross domain user modeling in recommendation systems
[ C]// International conference on world wide Web. Florence,
Tuscany, Italy: International world wide Web conferences steering
committee, 2015.278 —288.
[10] CODINA V, MENA J, OLIVA L. Context-aware user modeling
strategies for journey plan recommendation [ M] // User modeling,
adaptation and personalization. Berlin, Heidelberg: Springer inter-
national publishing, 2015 .68 —79.
[11] BANSAL T, DAS M, BHATTACHARYYA C. Content driven user
profiling for comment-worthy recommendations of news and blog ar-
ticles[ C]// ACM conference on recommender systems. New
York: ACM, 2015.195 -202.
PIAO G, BRESLIN J G. User modeling on Twitter with word net

synsets and DBpedia concepts for personalized recommendations

62

[13

[14

[15

[16

[17

[18

[19

[20

[21

(22

[23

[24

[25

[26

[27

[28

[

[

]

—

]

]

[

[

]

[

]

]

[

[

]

[l

[ C]// ACM international on conference on information and knowl-
edge management. New York: ACM, 2016:2057 —-2060.

PIAO G, BRESLIN J G. Exploring dynamics and semantics of user
interests for user modeling on Twitter for link recommendations
[ C]// International conference on semantic systems. New York:
ACM, 201681 -88.

EIRE, FRE. G NA S TP FRIT AN P B E R
GEii BT ]. BT SRR Z B, 2017, 1(2):80 -
86.

OO, WU, 2508, %, B P mERaEurEi]. B
RAFH, 2016, 36(10) :54 -61.

DONG Y X, CHAWLA N V, TANG J,et al. User modeling on de-
mographic attributes in big mobile social networks[ J]. Acm trans-
actions on information systems, 2017, 35(4) :1 —34.

TANG D, QIN B, YANG Y, et al. User modeling with neural net-
work for review rating prediction[ C]// International conference on
artificial intelligence. Palo Alto, CA, USA. AAAI Press, 2015
1340 - 1346.

PENG J, CHOO K K R, ASHMAN H. User profiling in intrusion
detection: a review[ J].
tions, 2016, 72(1) .14 -27.

FARSEEV A, NIE L, AKBARIk M, et al. Harvesting multiple

Journal of network & computer applica-

sources for user profile learning: a big data study[ C]// ACM on
international conference on multimedia retrieval. New York: ACM,
2015235 -242.

KYLE A S. Market structure, information, futures markets, and
price formation[ M ]//. International ag-ricultural trade advanced
reading in price formation market structure & price instability.
Boulder, Colorado, USA: Westview Press, 1984 :45 - 64.

LONG J B D, SHLEIFER A, SUMMERS L H, et al. Noise trader
risk in financial markets[ J]. Journal of political economy, 1990,
98(4):703 -738.

LEE C M C, SHLEIFER A, THALER R H. Investor sentiment
and the closed - end fund puzzle[ J]. Journal of finance, 1991,
46(1): 75 -109.

Wkg. BBTE 14 5 BT R B 3 9 6 R P ——x 2015 4
HERTTESRLI]. Ak S5KRE, 2016, 40(10) :62 -67.
SILVA E M, TAKIMOTO L. How to model noise traders investors

using prospect theory [ J]. Open access library journal, 2017, 4
(4).1-7.

FLARES. AP BT 4 M A SRR I 36T — AN e 5 52 B R
[J]. &34k, 2008, 5(4) :542 —548.

RECHENTHIN M, STREET W N, SRINIVASAN P. Stock chat-
ter: using stock sentiment to predict price direction[ J]. Algorith-
mic finance, 2014, 2(3) :169 - 196.

ACKERT L F, JIANG L, LEE H S, et al. Influential investors in
online stock forums [ J].
2016, 45(1) :39 - 46.
NGUYEN T H, SHIRAI K, VELCIN J. Sentiment analysis on so-

International review of financial analysis,

cial media for stock movement prediction[ J]. Expert systems with



AT, WA, HEH, FATAA - NERSER A F SEHE[]]. B4 HILTA,2018,62(13) 54 - 63.

applications, 2015, 42(24) :9603 -9611.

[29] FEUERRIEGEL S, NEUMANN D. Evaluation of news -based
trading strategies[ C]// International workshop on enterprise appli-
cations and services in the finance industry. Berlin, Heidelberg:
Springer, Cham, 201413 —28.

[(30] vumifil, 577/, FEBH, & SRF S REW

Y— TV RR/R IR T BT [T]. M TR,

2012, 26(3) :122 - 128.

A, BRIRFS. BCAi B sl Bt s S E e (1]

EHR, 2015(5) 106 - 115.

[32] KHOLDY S, SOHRABIAN A. Noise traders and the rational inves-

[31

[

tors: a comparison of the 1990s and the 2000s [ J]. Journal of eco-
nomic studies, 2015, 41(6) :849 - 862.

[33] ZHANG X, ZHANG L. How does the internet affect the financial
market? an equilibrium model of in -ternet -facilitated feedback
trading[ J]. MIS Quarterly, 2015, 39(1) ;17 -38.

[34] ok, sk, PR, WACHHHE FRARS TS L2 E
BRI T]. RETHRR, 2016(4) :9 - 17.

[35] EHIE, EMNG. BYTHFELENPREIIRI].
IS, 2014, 26(6) 42 -55.

[36] sk, LR, dME. A RICH: MRS 525 5 3 B ot 7 i
L] EBRAR, 2015, 18(9) :86 -94.

[37] XU, 4254, W 7s 22 b 2 16 4 Al 3 i I T A e L BT 0
[J]. &HHTE, 2012, 24(7) 36 -41.

[38] RAMIAH V, XU X, MOOSA I A. Neoclassical finance, behavior-
al finance and noise traders: a review and assessment of the litera-
ture [J]. International review of financial analysis, 2015, 41(1)
89 -100.

[39] SHIN J K, SUBRAMANIAN C. Monetary policy and noise traders ;
a welfare analysis[ J]. Journal of macroeconomics, 2016, 49(C) :

33 -45.

[40] EWH, Phal, . Hho b &k X AP mgmaT].
RIS S5, 2018, 41(1) 129 —134.

[41] MRIEET , BHNIA: . 3 TAE 2A R B0E A s R R R i [ ]
THIRFEIE 552, 2018, 41(3) .142 - 148.

[42] TONG S, KOLLER D. Support vector machine active learning with
applications to text classification[ J]. Journal of machine learning
research, 2001, 2(1) :45 - 66.

[43] MCCALLUM A, NIGAM K. A comparison of event models for Na-

[

ive Bayes text classification [ C]//AAAI-98 workshop on learning
for text categorization. Palo Alto, CA, USA; AAAI Press, 1998,
62(2) :41 —48.
[44] LANDGREBE D. A survey of decision tree classifier methodology
[J]. IEEE transactions on systems, man, and cybernetics, 2002,
21(3) :660 —674.
ZHANG M L, ZHOU Z H. ML-KNN:; a lazy learning approach to
multi-label learning[ J]. Pattern recognition, 2007, 40(7) ;2038
—-2048.

[45

[

[46] ZHANG G, PATUWO B E, HU M Y. Forecasting with artificial
neural networks: the state of the art[ J]. International journal of
forecasting, 1998, 14(1) :35 - 62.

[47] FRIEDMAN J, HASTIE T, TIBSHIRANI R. Additive logistic re-
gression; a statistical view of boosting [ J]. Annals of statistics,
2000, 28(2) :337 -374.

1E& STk i AR -

AR XS BRI RER P AT F IR

I e XATGEE 558

WA MEF T ALK R X AARIRSE

IR ALE T ALK I eSS

F T XM GG,

User Profiling Based on the Behaviour and Content Combined Model
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Abstract . [ Purpose/significance ] To identify and remove online reviews from irrational investors, enhance the pro-

fessional degree and quality of comments, and to promote rational investment, this article takes identifying whether the us-

ers on the Guba website belong to the noise investors as an example, and carries out a user profiling study. [ Method/

process | Deep user representation learning method was used to learn text information such as users’ posts, then a behavior

and content combined model was proposed with respect to behavior characteristics such as fans number, influence, bar

age, post number and so on, and an empirical and comparative study was done on the annotated data set. [ Result/con-

clusion ] Experiment result showed that the BCCM model got the F1 score of 79.47% , which is superior to Decision Tree
model (69.90% ), SVM model (75.61% ) , KNN model (73.21% ) and ANN model (74.83% ). In the specific user pro-

filing task of identifying noise traders, by using deep user representation learning method to obtain text content characteris-

tics, the various evaluation metrics of use profiling can be remarkably improved.
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user representation learning

characteristic fusion
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