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Multi-feature Fusion Based New Personalized Sentiment Classification Method for
Comment Texts

WANG Youwei' , LIU Ao' and FENG Lizhou®
1 School of Information, Central University of Finance and Economics,Beijing 100081, China

2 School of Science and Engineering, Tianjin University of Finance and Economics, Tianjin 300222 ,China

Abstract Existing research on sentiment classification fails to fully consider the influence of personality characteristics contained
in user’s personal historical comments on the results of sentiment classification,and fails to comprehensively consider the com-
bined effects of many factors such as user’s social relations, personal attributes, historical comments and current comments. To
this end,a new personalized method for sentiment classification of comment texts based on multi-feature fusion is proposed. First,
the user’s personality expressions is mined by using a great number of unlabeled user’s historical comments,and the user’s fea-
ture vector is extracted by combining user’s historical comments and attribute information. Then,the advantages of the node2vec
algorithm in obtaining the node representation of the graph are used to learn users’ social relationship networks,so as to obtain
the users”’ social relationship vectors,and the pre-trained word2vec model is used to obtain the user’s current comment vector. Fi-
nally, the user’s feature vector,social relationship vector and labeled current comment vector are entered into the fully connected
classifier for training to obtain the final classification model. Experimental results on the real data set crawled from the Chinese
stock page show that compared with typical methods such as support vector machine, naive Bayes, TextCNN, Bert, the proposed
method can effectively improve the accuracy and F; value of sentiment classification, which verifies its effectiveness in improving
sentiment classification performance.

Keywords Sentiment classification, Stock comments, Social relations, Historical comments, Full connect neural network

B & 15 BAL R R R, MORB 2 i B E AR IA Mol Bl JF L3R DL — @ AR b O AR S A S 2 S BT 5 i sl L T
WRFITILRFIE A CHVA . B #8835 0 A SRR Bl £ A O X LA AR XU . TR B T T SOA
WL B 32 B A £ 58 2 R R o, T A8 B BE 52 5 AT R B 1 SRR TR ST 35 20 A v BT R BRI T T
18 3 R S PRI B0 A S AT, T LA B £ B E S T R 19 SR 20 2 D7 v T g T I DR L) ) 26 5 v L 2
SRTT G AL 5 40 BE 3 £ 1R I A 45 A S D 5 B XU TR AN RITEME T IREZ TN KTTE., £T

HATH . FRHRBHF A (61906220) ; #F FA SCHEAHI H (19YJCZH178) 5 [ 5 4L FE 5 45 (18CTJ008) 5 i st Iof 2 K 2 37 2% A8 X2 B3l ikt
miH

This work was supported by the National Natural Science Foundation of China(61906220), Ministry of Education of Humanities and Social
Science Project(19YJCZH178) , National Social Science Foundation of China(18CTJ008) and Emerging Interdisciplinary Project of CUFE.

A AE#H XA (livaohit@163. com)

221000217-1



Com puter Science THEHLES Vol. 50,No. 11A,Nov. 2023

i R LI 43 28 T T R A B A% I 4 AT 04 U )
B, BEAS TN AT AH L 04 B A 17 SR AT ) L 3T 98 SCAS 38 3 ) 9 DT
Fic 75 2 5 B 26 51 . Magsood 45 | F 5 J8% i) #t SentiWord-
Net X A tweet {93 SR SR IEIE d 3£ BUL 19 5000 A1) 4T
3 AR T LA A5 B 3 S B TR 9 15 Bk A B . Chen 485
JH W E AR U0 R TR v X 17 TR S 0 R 3 O R AT DAk E i
iR DR ARG Al TR) e 2 A7 SR ) L 1 6 L {EATS A7 A ) L 155 U A
ANV TR B AL R T R 0 IR R, BE A LA 2 S RIS
R AR G Y R vl as B B T Is M E IR A 2K
Alkubaisi 5 ) IR A A 2 00391 (9 Jr 1 %4 SR 138 #E 47
T B2 TR tweet (R EEPFISBOEEE 13X F] 90. 38 X6 1 1 i
R, Liu 0 T 3T Bert WY 2B AL 19 FinBert, 45 7 58
T R FASE B SC 4 A TE R I 2545 B, A DR T 4wl R T I 5
BEHL A [A) 8, Cheng S50 $2 Y 1 56 F 1 2 L 19 2 3
CNN 1 BIGRU ({1 B 73 ZE B 50 586 CNN Al BIGRU £
RUIAT 456 1 22 WU LR B 48 A % 22 1A 1 JR R AE
BB SCA R EF SCE R B w1 AR SOACREAE /Y $2 I AR
3o AR BL R TJ7 B A0H B A B 28 2 ) sl BE 2 > 7 vk v
T4z Bl B HC Al 457 38 50 SCAS , R BB A 92 4 P A R AE A A
SR RN SCANG AT HT 0 . S, Hu 455 ) A R —
BRI 28 R 1 AR S 2 B8 L 3R HH T SANT J5 i (Socio-
logical Approach to handling Noisy and short Texts) , ¥ ff /
I f9 23 5C 28 Rl A X 22 MR VL SCAS ) 155 I o 2 v, S 3R
FEUEM T Rl AL 22 06 R X A 2 AT AT PE R Bt . Liu
ST S P R R A — SO AN A8 G R A TN AT B
U ) oA TS O SCAS 22 TR) A JRROG 3R L A 1 2 B i A
Ry A A IR /D T X I 2R B S AR . Yang 0
FMMAMFP 5P 5 WSz E Rl E, I F i
LINE $:45 2 & A #E 22 6 A5 B 8035 5w &, 08 i & A7 i
BT B o 2 I 4R T ) R PRI () R LA IO TR
b 1Y S5 4 2

W9 R I I 0419 08 43 288 5 v AT TR I AR IR (1) 2
W7 FH P sk A O v 2 A TR R R X R 28 5 R 1
Wil 2 58 43 ) 1 R 38 JCAm v I3 58 VF 38 A X 1 P A PR A1 R
FRIESEAT A . (2) B Z 25525 B0 P B AR R AR L P T s 3T
T HRAE P A 28 G R R AR AL 24 15 3T 18 SCAS 9 2 RRAIE B9 15 1%
Gy AR BRI TS SOARE B R R HER M . St A SO ER
H— Bh T 2R AR AL G 19 PP R SOAR AP A A A S T i
FEE SRS - (D P K JOAR TR 9 13 52 PP S HUH P
ASPERRAE L 456 T P &8 MR AR A g2 ] P R AE e L [
node2vec 5% A % 7 1 I8 5 B ML Ui 06 6 1) B L5 AR R ELR
F 2% 2R fF SRR AEE M e X RmmE. (D55
FHHT P @ VERRAE P B s VRIS RRAE T 4R 52 5C R R AE F 24
B PP I8 SO N 28 R AE 78 DR AR B 43 28 25 2R A LAk 14 [a] i 2%
B T 2 18] B AR EL R I 4R v R A0 2R A A

1 8 FE R

B VCHP YT M R0idbtr 6 8o 2609 P ris
AR, FRA UGS AN REAF (56§ 4 470TE .

EX 204 P —BrENAEYGLEEE
BT P, & XA UP={U Q<i<N), H i UF =
(UDYAQA<j<<C,CCHHP i BAEMIFREO U RRE

AP &R

EX3GEEXFR) HP R SXRZRTRR N G=(V,A),
H V="{uv) O<i<N.|[VI=N)FH £ 5. ACR VN
F P RSB RE e R kA m B G M Z5 M 15 B A, 8 X
= D IR

:{1, FAP A v RER P v, .

0, Hfl

EX ACH/ BERRE)  H B F Hd,
Fo={fun; y AQ<j<n.n HAPBENEO , fun; FRHF
PSR 5 A B ME(E 38 % 8 F T ok 22 80 56 T A8 S (e
B

TE IR [ AR SSRGS R RRAE 5 IR R IR 43 2 R B
ESXH Flhy Q). # FChy Q) =1, 0 US 091 82 51 1
e o 5 ) HAF B R R M . o, hy O UG %R Y 22 FRAE Al
Gl m i, Q AR S48, N T IAR , AR SO G 5
RSN 1 A,

#1 ARLEEFT RGN

i

Table 1 Main symbols and their meanings
ik & X
Ul ={ut) iR PO BT A
UP={ut) R PR B %
wordji HUGAA L ERASRERNE AR
R, € R" word ;, Xt B #3717 &
i €R" Up ey &
B € R FAP W R R
hf € Rmtn RP i WA
F; P E &
eR" AP i EERE
U GNSRE R B R
K €R" RP B UG e E
\% GHHn ks
A Gy 48 #4815
G=(V,A) P AR X R
BR € Rt AP itk ANE
N Jilal=% ¢
M FP AR R R W 4 o b &K
m 7 1y 3
n JE Vv B

2 ETSHUEMENITFREXAITEHBERSTEHN
Tk
ARICT7 R EE S N 4 AT AR R WA 1 FR .

*
(w1 W ] w5 )
hu
" (@@@0J000) ©eee
T i ' "
Em\l})‘]e(iirginﬁ Node2vec
v/ (098]
v @08
v; (008

1 ARSCr A RS
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Fig.5 Validity verification of user personality characteristics based

on historical reviews
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Fig. 6 Validity verification of user social relationship features based

on node2vec algorithm
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] SVM.RF,LR.FC fE #4324 880 , UC_UR_UAH #H#E T
UC_UAH 7 Accuracy f I 4> 5l #& % T 0. 18%,0. 06%,
0.24%,0. 12%, 76 F fH LA 548 & T 0. 12%, 0. 02%,
0.15% ,0. 01 % » 1t W il & FH ™ 4 2 56 22 RRAE 1955 J 43 2 1k i
ELAT B 0 vy B2 T R [ R 36 5IE T 7R 4 52 4 o A
AT R 5y 5% B0 73 R IS,

#E—H &, % RF 4+, UC_UR_UAH B XY T
UC_DUR_UAH, % 1{fi I SVM, LR, FC £ Jy 4> 2 8% i},
UC_UR_UAH ## T UC_DUR_UAH 7 Accuracy {4 I
SHIRE T 0.24%,0.09%,0. 21 %, 1E Fi {6 E4r 4RSS
T 0.16%,0.07%,0.14% ., X 3840 [t DeepWalk 59,
fifi i node2vec 53515 B 19 FH P 4t 45 6 & 1) i X 42 T 1
A3 M RE T A AL, BABH T 8 A node2vec B LTI LI A B
TIMAE A R P AL S 6 R4 T LR SR R Y A )
*ik,

3.5 HERIRES

R B UE AR SCT7 1 A A TR AE 1] 2 36 PP 1 I S R B
e, 7EE 5 18 6 SERl L, L4 i B W 45 Sk oy e de il ad i —
3 BUAE B A RRAIE 1) T 3R ATAS TR A 9 I 2 ik

(DO UC Hy AR RRAE 1) 3R P24 /7 B 17 3

(2)UC_UA Hi A FRAE 1) 54 B 24 005 P38 1 i P 2

PR
(3)UC_UH. - Hai A B4 AiE 15 18 O JH P 24 {998 1] & BF 1%
F P 3 SR8 ] A

(DOUC_UR_UH: it A B9 REAE 1] & R F P 24 57 97 348 1]
PrE P At S R m P T TS

3. A I T R 7 k%R Accuracy AT F,
(ERN GBI ey R e g LRI O B L % 187N 1 DR - O
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ey fEA FEA SR TE . HTEL LS AT BE I 1A 08 RRAE A 4
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A 8%, HAE Accuracy Al FyfEH B4y T T 0.6%.0. 3%,
#— % M, UC_UR_UA,UC_UR_UH,UC_UR_UAH 1&
Accuracy M Fy {8 135 b 78 2 5517 48 7] & Fin AAH I 814 R
HER A2 A BT T RIE T S A P dL Sk R
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HFAELGE T R PSR m i ST 07 S T8 A
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RO b H U Y IS A R A 4 26 07 i (UC) 78 Accuracy
M EFEES AT T 1.2%5 0. 6% . 71 WL . 3 T Z451F Gl &
PR AP 9 B 40 28 1k BB K B RS TR A B RRAE 1 B i, 42
fe VTR SCAR T3 % 4325 11 A

# 3 ARFEIFEXBH Accuracy

Table 3 Accuracy values of different methods

Vi Ace

uc 0. 835

UC_UR 0. 837

UC_UA 0.838

UC_UH 0. 842

UC_UR_UA 0.842
UC_UR_UH 0.815

UC_ UAH 0. 846

UC_UR_UAH 0.847

R4 RFTFEX R FE
Table 4 F; values of different methods

VS Fy
ucC 0.891
UC_UR 0.891
UC_UA 0.892
UC_UH 0.894
UC_UR_UA 0.895
UC_UR_UH 0. 896
UC_ UAH 0. 897
UC_UR_UAH 0.897

3.6 ZHILE
F 5 K 6 3 HIF T ARSI R SAE GG ) TR e
Accuracy {H . F {H Hl Pre {5 _F #)XF 1 4%
#5  HEGHF T ITEN Accuracy JFi{f Pre {8 5
Table 5 Comparison of accuracy,F; values and Pre values

of traditional machine learning

%07 % Acc Fy Pre
SVM 0.818 0. 881 0. 838
RF 0.791 0.870 0.791
LR 0.819 0.882 0. 840
NB 0.763 0. 836 0.843
Our algorithm 0.847 0.898 0.898

6 5B ) ) Accuracy  Fi {8 . Pre B L
Table 6 Comparison of accuracy,F; values and Pre values

of typical deep learning

oKk Acc F Pre
MC-CNN-AttBiGRU 0. 810 0.876 0.834
TextRCNNE 0.823 0.879 0. 866
Bert 2! 0.824 0.882 0.853
Bi-LSTM!!8 0.827 0.883 0.857
Att-CNN-BiGRU2 0. 829 0. 885 0. 859
BiGRU-CNN!?2 0.835 0.890 0. 862
FC 0. 835 0.891 0.864
TextCNN 0. 840 0. 894 0. 859

Our algorithm 0.847 0.898 0.898

M2 5 TN, AR SO ¥ A R TAE bl 28 2 > J7 ik
(SVM.RF.LR #il NB) . A& 575 i v R B4 19 SVM J7 i
T Accuracy {H Fy B Al Pre {8 4 03T T 2.9%,1. 7% F1
6.0% XK AL G4 2528 UK B P Y W PP IR A I ARl
FRAE T 20 T P AR IE AL S O R E B L RIET S 7 kK
A BRI A B2 T SR, AR 6 T TextC-
NN A A A SCRCHE 48 b 00 36 SR T LAt B3 vk, AR SO 5 A
tt TextCNN #£ Accuracy {H . F, {8 #1 Pre {5 L4 312 T+ T
0.7%,0. 4% 3.9 % UL B T 76 H P 2 A7 ¥ 18 SCA FEAE Y ik
fill B2 2% B P Dy 3B F s PR 28 OC FR O 4R THIE R 4
KRR AR, 455K 5 FHL% 6 DI TIRE S
BRI B LML T RS GRS rk. A
A T AT M F A RA —E F#, XUl IR = > I ik
AR REE B B AR AR 2 S RE T R R R S R R H RN
H g T R AR AR DL R 2 S R AR B HAE R IR 26
5T 0 2 B 32 BB A .

HERIE AR T —Fh T 2 HE RS YT SO A
PRI B 253 7 s R E TR (D AR HH PR
HEICRR I D s S R P AR B O A P A g
A8 A T R AR AR R AR B P R AE ) &, 3 R
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