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A sentiment classification algorithm of Chinese
comments based on multi features fusion

CHEN Yun, Bl Haiyan
(Chengdong Electric Power Supply Company,State Grid Tianjin Electric Power Company,
Tianjin 300010, China)

Abstract: To solve the problem that semantic relationships between words can not be well analyzed in
sentiment classification, a method for sentiment classification based on word2vec and SVM is proposed to
carry out the study of sentiment classification of E-commerce online reviews. First of all, we use wordZvec
to cluster the similar features. And then, we train and classify the comment texts using word2vec again
and SVM. In the process, the lexicon-based and part-of-speech based feature selection methods are respec-
tively adopted to generate the training file. We conduct the experiments on the data set of Chinese com-
ments of jingdong. The experimental result indicates that the precision and recall of sentiment classifica-
tion of using word2vec again and SVM are superior to those of using the traditional optimalization method.
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MR SET EEMSERR GEEXRIFHTRID BB KR T UG SEITRE RS RIER
MG R HBENEF AR TFRBEFREEAGE R TREATHS A ANEENREH
RERKIE.

RO REBIRKRE N 2 2K, 40 BURH T 15 BRI ga R ML 89 77 v I F Wl ok B i pL a8 2% )
%. Turney FVH M ERFRARR, M/ PMI F R EEFRBFT T R 2H LSV ARSEEE
EHBEGSEERMN P XERRARA T XAERSN EEE SO A AR E RS RAS 2/
WEIHRRIEHE B XKL B2 B SRBUMTE BRI M A0 SR 1E . 8 AT SYM X4 4] T A7 1 R
FBAFERBETHMEBEISENOAE, HIERBERATREFBELE T L UBENERIAE
%R R R AR R F ARG E B, B L b, 3 CRE T LUE 7= 7 8] 8 3 2 KRB & 18 UK
F 5 TR 15 By KR

1 Ax It

L1 HUSERE

FRAE R B 8R4 1R 7 & AR 1E 89 ) SGAE 1 4> B Rl — A 9, Zhai %50 38 33 8 I 3 F 17 2L B0 3 ) 41
IR J5 B (E T B 9 EM Bk MR Pk o) B B R AR B AR R AN T R R B SRR R, ER
EREEXRBLARESEN BH. BF —H I SO PR B4R, A UF e fT R 2, B P
SO RS B X TR .

1.2 ETHEANRFINWBS %

BEANSEINHERILEBEES BEIFEENRMNE B FERS LA Pang FVE 1 KEXFF
LR F A AT KGR, T 223/ A n-grams #ERUA SVM 43 8B 3F 2% #% unigrams 1E R 47 1 R K BUE
ERRER. FEFRETEHSHEEREFEMSLERE, Yao FO AL L% T FE#THELRR
R 2 3K 52 R SO TS R B TE LR 15 SR 4 25 s Moraes %0V 7 1) 49 R R oh SR FAR METEAS | T SCR B =R,
AT RHE S B 4 BOAR B s Wang FU S A AU SR 5 RIS . R 2 i AU E 15 BOR BT 4 1E %
B, I 0 R AR ZR AL 5 B o 43 B A M T oy s 1) B 4 ) A Y.

1.3 word2vec 1 SVM*™

word2vec BRAHF 203 EHANEEXITHG . ZTHEGTERA 2 MR 2, continuous bag-
of-words (CBOW) #l continuous skip-gram model 322 > #4878 fa] &. CBOW & of b F 30k M X4 87 im0 ,
skip-gram JUJ i 3 *4 Aij 18) Y5k 500 JA Rl im0

SVM B Fe i BN TRMALHEA, SVM LT SVM ZEH 4 KR REMEREHLLAR,
EREENRE SVMPH A cutting-plane subspace pursuit (CPSPYE ¥R T B SVM, \TTE & A
) T R M R :

2 ZRERSNTXIRFERSXE R

Wordvec ER X FMEXXARE L XRAH TR AR, HEBAE KA PR EH Wordvec 7
XA K ERIFERA RIFA R, Bt , A BT R & 55 Wordvec 76 A — R 1E 4 Xt [/ iR #4726, R
JGB A A Wordvec fl SVMP X8 XA HITEX AL B 1 BRTARRH EERLE.

2.1 FAEUSAERR

PP AT B4 FAAR 2 A 18] i 1 I AR [ — AN B @ A, 0 T AE A M TE IS T B, X BIE AT ER

BIFE—MHFAEH A wordZvec KX HBUFEH#HITRE, A AN TN R.
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Fig.1 Framework of sentiment classification

DBLL B 5E a6 A BB 5T A9 ICTCLAS M4Ha RE0x o S0 SUA#E AT i sk pR i, X 0%
EREARE AR S G £ BT AISIF;

BRI GR i ] word2vec YIGRERISH, R 1 PH M THEEIGFFASHMENARE. wordZvec
DAYIGRSCEEFE A H 80 A 1 BN SO, 1 S8 VI 25 3 A AR BRI 3 7 3L, R U 2F ) A2 3D B /e 4 1) 1)
R

DEAK G E BT EA A 0 B EAFHEEE X, word2vec R4E T 1 fif“ distance” ) fr &, K
fr 4@t 2 4NV iR 1) B JR) A9 A% R 0L BE X 171 1R) 935 SCRE B AT I 80, DA T o B0 3 SR AT SR 2K A9 H
9, RZAMRUE SRR, W 2 MAICAEE U2 B E . B S RETRFHY . R RBRAHR
LA R I 51 3. '

x1 MBNEKHEESH
Tab.1 Main parameters of model training

2% 3 RikE
— Train BMAXHNER Train. txt
—Otput BUYXHHER Vectors. bin
—cbow YNGR AY AR . 0. Skip— gram model;1:CBOW model 0
— Size 1] B 4 B /b 200
~Window B FXBAA 5

. P4 K AR .0, Hierarchical Softmax method;

— Negative 0

1: Negative Sampling method
2 AP K . 0: Negative Sampling method;

—hs 1
1: Hierarchical Softmax method
—Sample RHEHE le—3
— Threads SBENE 12
— Binary FHEA0 BN 1 R K 1

2.2 MBS

S5£EGHEBRYEFTERR, TER A word2vec Fl SVMPfE K432 T H. 8 %6, i F§ word2vec BRIl 45
ERPEAGET 5 BRNL, AR ERICUE R EEFEE S, & word2vec Yl 4k 6 % 57 &R0 KX
BRI R SO R TR A E B R E TR I B 7 R R R BRI E R
fE£.
2.2.1 EFRLHBEREF %

BHFESE | MERFEALAR, IRCQSBREAL(EEANBTE) REMMMARE, 2 THEEEN
HowNet ZE48 BIRFE P BA A B E N ERIHAN. AN AR PEFENEERHRNERIFACIAE DTSR
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A8 word2vec #y distance 74K K18 5 £ M) BGANL @8 1 5 ¥, M R0 8RR M AT Y 5E.

1 5 [F) B 3 DL R A A SR A0 70 A1 S of A AR AE AR N B A VIR AE AR EE RS B N T, fea—
ture_set RN RA YN GRIFIEL

@Dword_set«{requent words

@dic_set=—opinion words in lexicon

®for each w in dic_set do

@if w is in word_set then

®add w to feature_set

®else

@ continue

©@end if

@end for
2.2.2 ETHBRINBELET &

BT AR R AR T AT AR A R B, A AR A S B S H R S IE 45 R B, FEBUE &
P R BT 9 45 BN 10 R B e B B3R S A AR A A AR E M S R X R i T 2 R HAR i B9 I IC 2 AL
H 1 AR A

R B, S ARG . I A BIHA L 3iA A& M N FIE P ENZ MM R RA A ER
Y GREFAE.
2.2.3 NHfupk

TE A TR, 6 R 4 £ 1 223 R SR V) 4 20 26 88 A T T 0 90 3% S 1 1 IR AR M (B R RO B RED . i
MBS EY, SRS KREHL,SVM ENREEMRG A BRI TRROME, HT I,
A TE®EE SVM ERAXT A,

SVM=" 2 SVM™ i A ik , B KBRS R T SVMI (BTt T B0k LR T BB
W B IS B, B, R A SVM™™ 4 Il g Fn il ik T AL 4R,

3 XBAERE QA

3.1 SLBRHENR

KBMEAR LRERT 110 000 XK YH GFiLE R, 23 £BREEMES LBEERE . A BRBE L
96 548%%. ABFFTH, B TF word2vec HIARBUISAE TR H R H B0 E CABM  IBREBR K WGBTS, RE
MR WBEF. BT LR BB WS 15 B F R AT AR IE R 2.

AJH 3 E TAER#FTETF word2vee Ml SVM I IS B R IEBA XK, RENIFRIENRERELES
SR BEENEERENES, — BITEMeERENRA. R THTZR. BREES N 2 6, EBR
2 S00TE B2 5005 Bl/E N GREE , AR ME R B4R,

3.2 XEER

R FA#E B 3 (precision) . B Bl 8. (recal) #l F1 (B FE 385 45 B M9 E A A5 7 , 3 2 S5 38 %o A8 {01 4% i R 28
5 RS2 2 AT 55 4T PRAS.

3.2.1 HMMHERXER

St T o SO IR, B BRAE B SCR EIE o BUSR R B AR CTERE” RS R 3R AR O S R
$1E , R BUR AP R G, RAR B HEF BEEATH 5 /AT, it 3 AN 6] 4k B 16 B R YIl 4k word2vec.

# 2 BR T HIAUSFE RENE R, S L RERE , & K4 CUFIE B A ME A SR &+ 30E G A
AA%ENBELERFRERREN, REERKFLBERR, BERBHAT word2vec FEH 3 KM H XX
ARAEPRBEZRIELHIRES.
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%2 HBBMERELR
Tab.2 Main parameters of model training

WRRE FARBREE LR
200 o H#reg #reg & xH
#ris 500 e & s #ri 31
1000 B b ik #rig #ril x4
200 BT ik T 3 B H
g2 500 BT Lk ) #E I;:8.1] MR
1000 HF¥ L SR 3y 2 KN
200 Rt 51 ME Bs BT
R© 500 R+t 585 |F B nE
1000 Rt S Bg nBs Br
200 R g SR ¥F 5
6= 500 B Eog ¥ S ShI
1000 B %] L) BT 5B

322 HRAXER
AR KAETF word2vec M1 SVMH BB R B KPR AT 2 MAFERE T &%, 2 5 R E TiafF
fEFE FiafERiE. & 3 5 T 2 TR FRAE A BRAE B B 7 B R 8K , s B HowNet 45 Jy 45 4F 17 #9 3 3, 3 x¢

Kb g ORI R #A T KM, &R mE 3 FiR.
B3 ETHARENMBSLXER

Tab.3 Sentiment classification results based on lexicon
B BE

ERE/% HEIE/% F1/% HHE/%  AEE/% F1/%
HowNet 83.29 84.57 83.92 84. 62 83.98 84.29

4 PUH T 2T MEAR O K 26 R 07 0 GO M B, ol BB T LU o, T 2 L B A R st i A
TR R BT A A, R A A MBS R R S WA R A E IS T RS
B 6 0 2 T S5 o 0 DS R A 0 T 09078 S0 S U 0 R M T M FL AL S04 2 S
348 T HIE B4 2.

1F1E

24 ETRAGEEINMEIHLER
Tab.4 Sentiment classification results based on part-of-speech
BE BE
HHE/% BEK/% F1/% HHRE/% BEE/% F1/%
¥+ &l 86.19 82.78 84. 45 82. 89 86. 54 84, 68
®+8l+3 91.23 88.87 90. 03 88.43 91.51 89. 94
¥+El+4 90. 63 84.64 87.53 86. 28 91.53 88. 82
¥+B8l+ah+ 4 91.12 83.73 87.17 85. 69 91, 42 88. 46
£33 92.32 83.73 8782 84,32 92.57 88. 25

M ERLIEE RO LA ), B T R0 A0 B T 37 A 1 A 1 R 4 28 O R 40 FT LABUIS P B P R
XEEZET T RE H 5, word2vec K1 [ B R Jr Bk 7 LA > B 151 8] (988 215 X, W1 LA4R 4 263K
R HKLET SVM i) SUMF A R MBRIBE ORI TEFOEBERMEROGABER, T,
FiRIEBRAIRT BB TREFHNLRER.

KL

4 £ FiE

S5EGHEBRAI X T ERTERRBEMNTERERR, AR FEREE M MELKRE, TEFEAT
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wordZvec fl SVM™"2 $p T E KX A SUF R XA #AT 22, B 5B M word2vee XA U EHATRE, R E
¥ word2vec [AI#E A T SURFE S , A B R AR TR REAE 09 O Bk 10 2 2 TRl A T 08 O ¥, BT IR 6 46
BB THRIEFHERER.

BIEAB ARG T REFNLBER BEERFNEREARRKMEE, A TIEELTHTF SVM™#
XA T word2vee B B4R INAIKE F 46 B word2vee U Rk SVM R BRI B 1T Y 4R, B F Fr
BE5E. 73 50 3CA B (8 R BG 2 Fiim AP AE 2698 07 B8 A JE AR 1 B) 7 oF B BT 1% SRR AIE , RV AIE B 0 B L 2
T—#HARNEIT .
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