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Identifying of Word Sentiment Orientation of Transductive
Learning and Semantic Comprehension
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Abstract : At present, the research on word sentiment orientation identification is mainly divided into machine learning and semantic com-
prehension , but machine learning cannot handle general field words effectively, semantic comprehension also cannot get high scores at pre-
cision and recall , therefore,a new fusion method between transductive learning and semantic comprehension for judging word polarity was
put forward in this paper. Firstly the HowNet knowledge base system is improved, on the basis of four primitive, the fifth primitive—senti-
mental primitive was proposed, which was integrated into HowNet manually,on the basis of this,then a new word sentimental similarity
calculation method was proposed to compute word’ s sentimental value. At last, combine this way with transductive learning for identif-
ying word’ s sentimental orientation. The performance of experiment shows that compared with SVM or traditional semantic comprehen-
sion, it can get better results.

Key words: word sentiment orientation ; machine learning ; semantic comprehension ; opinion mining ; sentimental primitive ; HowNet

1 B BLER2EST00 ., He I THLAR S 55 10 7 ik M 1 47 -

iR 8IS D R AN 7 M s e = DU
VRS DL | (7 K 10 sk S A B U I K | (e 1L 5t
YN 7 12 0E LA R4 8 I b SR A it {5 8 B
MELASE AR 1) o3 A RN AL B R 38 DI R5 2R 21 [
IRIE F AL PR AORAL B SO A G HOIT R B . BIAZ
PEBARTEIL T 5T Lz AR JF LR 7z e,

ROLAZ IR H AR R SO VR T R B R0
A N A B W A OO A A A R S
AT 0 T WAZ B T2 207 g T 1 SCHRg 0 e T

¥ #5 B H#3.2015-04-20 i&[E H#.2015-07-22

F DUt 17 ( Naive Bayes, NB) | 32 [1] #& L ( Support
Vector Machine, SVM) | B K {5 B 4% ( Maximum Entro-
py,ME) %%,

BLAR2F 21 T B A 3R e U R A 25 =
HERfR A (HJR A B8R I 2% IRl B bR 1 TAE
B, A, 2590 K 2058 5 R, FLAS 2 2 FE A A RE 1S
BB AF AR, o TS T8 SCRR A %) 7 vk D) AT DA D3
IR, o SRR 00 5 vk IR I8 ] 1 A, ) 8 SCAR Y
5 ALY | DT S T SCAS 1 1 JR it g 4 P10, o e

) 4% H AR B [ : 2016 -01-04

HEUTH . BE A4 FI0H (61373108) ; Wldb & #F T RHIFIT H Q20112809 , B20082803 ) ; Wit & # & T AL &Rl 24 WF 58 0 H

(13389)

EE®IA I W (1982-) 53 PRI, A1 W5 5 100 S SR 1 5 A0 3 ML
I £& AR L « http ; //www. enki. net/kems/detail /61. 1450. TP. 20160104. 1453.016. html



513

U R T SCBRAR R

SRS AR R e R (IR & < e s s o ]
Ph—3E TG0 R A5 T SO ik, BT
GeiteE i ik R FALAR 2 2 R AR IR] 1 1) 475 [
o ] 7

TES 7 1 , Hatzivassiloglou F1 McKeown'" fii Jij
WeABr = 2 1 1 X ) 1 AT A SR SO ) 4 40 51
Turney % F FHAGH A5 B (PMI-IR ) J7 548 2R 51 85 11
“NEAR” #AE 115570 1 1] 5 5 A 5 B0 1) 14 0
AR B SRR BT s Yu 25 Bkt Hh 27 T MR (G 1
510 (1 1) ) #ay g — N Fh iRl 4R A 38 2 R TR R
o= %) SHe BRUARE 3 A S W 1) B o SOl M SO
IR 2877 T, Pang 5 A AN T AR 115, 43591 4
RN DL B e RO RN S 1) £ WL = 4 B U %
S CAS AT 432, Sinno Jialin Pan™!  Xavier Glorot!®
1 Blitzer' " 45 Ak 22 2 2 1| FH AU 1o 53035 40 Hr SCAR 1Y
155 B 1) % s Wan ™ I B A 5998 SO B RHEE 5E i
HRSCSCAR I IR 2, 0 SCRRAR Y 7 vk B2 A 3
TIAE A A AR FTZE 51 40 v SC A9 HowNet H19E ST
Wordnet,, 7E3 AN 75 1 |, Jaap %5 F] ) WordNet fY
lii] i) e 2 7 JE 25 1) 119 B8 17 ; Baccianella 251" 3
WordNet #4 % T 1A AJ B 5% 5 1) SentiWordNet ; Maks 1
Vossen " 3 T ] SLAR Y 3 47155 843 BT A0 5 DL 42 i 1
HRSCAR PR I, ELA A B A AR 0 B S R T
HowNet 15 SCARALBE FNiE SCAH 5C37 WFD J5 v 31 53 10)
TEAGE P, A AR 22 M B 5 A ST A T
i) LR b UL A5 425 4 S5 ) A (HR 31 H ATy 1k A
— A gk 1 S ] AT AR S

[ SCH 1 S 7E HowNet F1REE 2 SR DA™ SR
By JEAE b N T %0 HowNet 55 1 X5/ gt |
SR Je A Y HowNet 2R T30 30] 18 22 [i] 114 17 J%
AEARLURE | -l B > e A Jam i

2 MAEERFIMIEXIERBARIEGRE

ELE ]|
2.1 E-T HowNet R RIAHI A %

HowNet 15 AL BE (9 J5 ¥ S i dm) i 38 SC i A 181
FREE L BRI AN TR AE AN [A) LT SRR 7 1) 1 B 4
B O T AN AR SCAR ) il USRI R AL IE, )
FHIRIE B8 SO EE B350 TR) 38 i 1 8

HowNet 14718 1A Z R0 Rk & X, MiaiEf 24
S A LI 2 SR, AR A0 T S
ML T 92 PR R SO A AL 5

XHF WA TEIE Word, Fl Word, , 85 171E Word,
Bn XY, ,Y,,-, Y, il Word, A [ 4~ X Z,,
Zy e Zy, WA T A AL BE THE = (1) s

[ AEAE . Rl A ST RN SCHRAR B TR) 16 e R ) 75 -
Sim( Word, ,Word,) = o, max lSim( Y.,Z,)

(1)

R T TR AL EE A SR T 4o FIUARE A& =2 1] 4 R AL E

T,
2.2 HowNet X FHEMEITHE

TE HowNet H I R R RANEME &, B LA SRR
TSR SORA U ST

BT SURA BT — S RPIR SRR R AR &
BT AR A2 (2) THE A U p,,p, Z BN TE L
FHE B

(63
“d+a 2)

Hrr, d & p, Al p, FERPIR SR Z RAR & 1 B 42
FEES; a B — AT SEL,
2.3 WMEEEECUETE

1E HowNet HIHE HHE & 43 Bl PO A~ SR, « 55 — 3
J”, {HJE HowNet H A9 3 DU S5 A AH AL BE 31 53 0%
A2 RIS ) EGE X, EREE S, LS, Z E A
FE A (3) s,

Sim(S,,S,) = iﬁll—l[ Simj(Sl,Sz) (3)

SRR U I A TR LS
WA B 5 R, N T4k BE HowNet A% 17 Jk3] i
AT . “desired/ R “undesired/35”

WSS, BIE A BLE Sem(S,,S,) & X an=
(4) iR,

Sim(p] :pz)

S; 5L
FoAth

SIAIE R X R, 1718 S, S, BIARLEE Sim(S,,
S, HWHEWM(5) Fis,

sim(S;,5) = 3 81 (6, Sim (S.,5) +

BZSemJ(S; ,S))) (5)

Hrp ) Sim (S,,S,) R s, 5, B85
A R BRI ; Sim, (S, ,S,) FARMEE S, 5 S, 1Y
“HABIEA S AL ; Simy(S,,S,) RAE S,
58, 19 O F SE” AR 5 Sim,(S,,S,) FRE
S, 5 S, M55 R M ARLE ; Sem(S,,S,) Tk
&S, 5 S, W ESUR” AU ; B, J& T IH T S4L,
Hi=1,2,3,4,8 +B, +B, +B, =1, Sim, #| Sim,
Xof T S AR ARL RS i A R FH AR Y38 U, PR IH 52 1 2
BB, =B, =B, = B,; 0,,0, AKRBE RN L5
TR REIAE, 6, +6, =1,
2.4 EFHXERBUERNRIEEBRIEE

THAA R TR AR A N AL 2 5, 45 6 U R A X

L 1 S P
Sem(S,,S,) = { 2 R (4)
0



- 76 - HRHLE AR S LR

26 &

M h A IR TR AL, THR k(e .

Sentiment( word) = L z Sim( word,Set_P,) -
n -y

iz Sim(word,Set_N,) (6)
m = :

Horp Sentiment( word) 7R M 4 1 1A 15 word
P17 R A Sim( word,Set_P,) FRTAE word 51 |
2 AE Set_P, 1 # G Sim(word,Set_Nj) 2% 7N 1R 15
word S SLUIZRAE Set_N, AL
2.5 EBEHEXFS

AL 1T AT HowNet 115 BRI T3 5%, AT LA
3B A RE R TS RE . SCHR[ 15 ] RS2 s e %07
T T AR 00 52 B R0OCR, , TR G 7 b T 125 /) B il
BEATHE— BT 4 AR R R b R g kA
S LR B IE AR I A BN 2R A v G SR i e 1 R
A SCAR ER] , I A 380 G SCMCEE rb s A SR S iz SC
55 1R, A B I 288 v s 25 T T v P 3] D i
MIRF AR SR 5 P I 2R AR R AE 55 2 %
AR, BB AR A AN B RS S ok BN 5 UL i
AR IRIE S, FAE A TR R AT R

Stepl : G I 2 A A 34K

Step2 : X P33R HE 1 T SC i B Y 5 v A
8 B, I 5 ) P 155 SRt )

Step3 : 4 157 FI A 1) 1 4 R Ay 1 T A7 S as] ) DA
A P RS Bl ) L I R b o O G 1 ], UL
AR B B G I GRd b 5 o ) IUDRE 2% 3 i [
IRAE TP AR T — AN E

Step4 : B4 Step2 -3 F ML 4 FO I 2R 5 v (14 17)
HAHBUE,

3 ZRERKSH

B BRI RN . S TR R E AT
SRR, | R e P M A i A o SR A SR DI 2
£ BRI GRAE s n e 1 fros , Hop 4 Oz SU4%- 05
20 ME IR,

(1 WNEE
Bk i
B B (0T T, 36 B B0 2, A A, DO,

s i B URGHR SROUL S DR SESE FAEE IRZE

SR BB SR REVE, 5 4, TN, B IR, 0, R EL

KB B, B, FERR 0 B e, e G 38
h T RE IR B A R SO TR LS
HE = K6 T 00 miER 12 854 4, 4% J5 A H h R
B¢ 4337 T B ICTCLAS X SCAS #4757 43-1m) Ak B ; FEAR 452
FHIR)Z MM B8 452 3] 5 i Tia) i b B &40 JE 24518 i gh
TR A AFAEAR S DRI A BUCHS I AT B4 4% 1) JE 25 3] R 3

i), feJe AT N TR AT 2 AR 1Rl i 3L 6 961 A, L
Hp g IR 1989, Iz S IERIA] 2 056 , HriE] 2 916,
Xt 0 R FR P IRl N T AR “ desired/ K7
F1“undesired/ 75", bRk E W13 2 Fr
A2 REAFEHR

il B
et — : — H
TEZ5 1] i Zhin
desired/ K 845 225 192 1262
undesired/ 35 635 341 365 1 341

XF 2.3 a8, SCEk[ 15 ] Xt 6, ,6, &I
F7 07 5286 IR S 4 R R B 0.7 A1 0. 3
B AT L 3K 3 d5 B 1) 52 30 2 R . 7E HowNet H1 4 24K
B, .8, B, .8, 73 I 4:0.5,0.3,0.15,0.05, % 2.4
TSR] O A R B, SCHER [ 15 ] Wk AT T Uk
fift , FER L B I (7) BR
=4.1 Y
Hofth rhp (7)
<-4.1z %

S P = J7 125 E AT 8 E « SCHF 1] B AL ( Sup-
port Vector Machine , SVM) | Ji 1 L H#f J7 7 ( Semantic
Comprehension , SC) DA K fill A B #E 2 2% ) FE B fig
( Transductive Learning & Semantic Comprehension,
TL&SC) . F) FH HE#M 2 ( Precision) .3 13 ( Recall ) Fl
F ( F —measure ) fH A Jy 3 € #EN] . Fo SVM 75 i v
V22 SR Wz SCR) AT MR P 28 3 =R 03 SR DL
H— R N ZRER |, 53 SN PTRR A D aER  UORs
e =R, FETRIIRBR ], 2 3 R SVM 45
JEEER =5 FTIRAS Y24 {E . SC M TL&SC Jr ki)
LHEE R 4 K S,

%3 SVM %45 R

Sentiment ( word ) =

etk Precision Recall F —measure
38 0.668 0.650 0.659
iz X 0.690 0.710 0.700
Erel 0.612 0.677 0.643
&4 SCEBLER
etk Precision Recall F —measure
38 0.829 0.742 0.783
iz & 0.876 0.632 0.739
&gt 0.853 0.680 0.757
k5 TL&SC %¥s5 R
Bk Precision Recall F —measure
38 0.910 0.880 0.895
iz X 0.944 0.831 0.884
e 0.927 0.854 0.889




513

[ WA Rl B 5T R S ) ) 1 ) R =77 -

=SSR ST LA E 1 TR,

1
0.9
0.8
0.7
0.6
0.5

SVM SC
——F-measure  —s—Recall

B =Z#FEsRki
AT IR ZE 5t FE AL 358 ] SCAS I, SVM
TIEAR IS AR s I SO 4R Y SC 5
WERH A B AR T (R R 2 1Y 2 A RN BE G5 34K
Ak R B S T TL&SC 1), 7] DL B, A4 2 e
R R RIS F A, AR T H ARy #ak5] T
BN BRR A ROR

TL&SC

—— Precision

4 LERIE

SCHR TR T A T HowNet J03H B T340 18] 1 7Y
T AR ARLE | SR 5 AR g 115345 380 (%) 1) 15 17 B A 45 5 1
(BRI W T 5 A 155 At o) 2 0 0% T VA A L 5K
) rh SO S AL SR kR
Bl SO A B S 2 =R O v AT TSR,
SE LRI X TE AU R I TR A = A O R AN
TEHERG A A I RGE B AE F A FFA W AP RE#E 7).

MR SO RAAEAEAS B 22 Ak ¢ T X B 1]
A I S ) P SR R W TR E T UAEE R
AT A I SR ] 2, iy R B Gk e 155 S ] 2 A R i BF
FE 7 0] 22— ; 6] Ik 3C op F ] ICTCLAS BE4T 43 1) | i)
FriF a3 R 25 2 da 0 2 4 (AR H ) T,
XN 2% F B H 3R T M 5 A B, T SR BE A A 4%
FRBE 2 1 330 S 1) 1, 2 A R ) EE ZEIF 5 5 1)

B2k

[1] Hatzivassiloglou V,McKeown K R. Predicting the semantic o-
rientation of adjectives [ C]//Proceedings of the 35th annual
meeting of association for computational linguistics and the 8th
conference of the European chapter of the ACL. [s.1. ]:[s.
n. ],1997.174-181.

[2] Peter T, Michael L. Measuring praise and criticism; inference
of semantic orientation from association[ J ]. ACM Transactions
on Information Systems,2003,21(4) :315-346.

[3] Yu Hong,Hatzivassiloglou V. Towards answering opinion qu-—

estions ; separating facts from opinions and identifying the po—

(6]

[7]

[9]

[10]

[11]

(12]

[13]

[14]

larity of opinion sentences[ C]//Proc of EMNLP-03. Sappo-
ro,Japan: [ s. n. |,2003:129-136.

Pang Bo, Lee L, Vaithyanathan S. Thumbs up? Sentiment clas-
sification using machine learning techniques [ C ]//Proceed-
ings of the 2002 conference on empirical methods in natural
language processing. Philadelphia: Association for Computation
Linguistics,2002 ;79-86.

Pan S J,Ni Xiaochuan,Sun Jiantao,et al. Cross—domain senti-
ment classification via spectral feature alignment [ C ]//Pro-
ceedings of the 19th international conference on World Wide
Web. [s.1. ]:[s.n. ],2010.:751-760.

Glorot X, Bordes A, Bengio Y. Domain adaptation for large —
scale sentiment classification:a deep learning approach[ C]//
Proc of 28th international conference on machine learning.
Bellevue, WA ,USA ;[ s. n. |,2011.

Blitzer J, Dredze M, Pereira F. Biographies, bollywood , boom-
boxes and blenders ; domain adaptation for sentiment classifica-
tion[ C]//Proc of ACL. [s.1. ]:[s.n. ],2007:187-205.
Wan Xiaojun. Co—training for cross—lingual sentiment classifi-
cation[ C ]//Proceedings of the 47th annual meeting of the
ACL and the 4th TJCNLP of the AFNLP. [s. . J:[s. n. ],
2009 :235-243.

Kamps J,Marx M,Mokken R J, et al. Using WordNet to meas-
ure semantic orientation of adjectives[ C]//Proceedings of the
4th international conference on language resources and evalua-
tion. Lisbon , Portugal ; [ s. n. ],2004,1115-1118.

Baccianella S, Esuli A,Sebastiani F. SentiWordNet 3. 0;an en-
hanced lexical resource for sentiment analysis and opinion
mining [ C]//Proceedings of the 7th conference on internation-
al language resources and evaluation. Valletta, Malta: [ s. n. ],
2010.:2200-2204.

Maks I, Vossen P. A lexicon model for deep sentiment analysis
and opinion mining applications [ J]. Decision Support Sys-
tems,2012,53(4) :680-688.

R, #8 R . 35T HowNet (Y 3a)IL 55 SUHE R
HRELT]. A 305 B2, 2006 ,20 (1) :14-20.
PRI AR T Bl gt TR SO 1) SCAR (e 1 TR
BLIL D], SO 244 ,2007 ,21 (1) :96-100.

Wen Bin, Dai Wenhua, Zhao Junzhe. Sentence sentimental
classification based on semantic comprehension| C]//Proc of
fifth international symposium on computational intelligence and
design. [s.1. ] :[s.n. ],2012.458-461.

M TR B AR AR BT SO Y SO I A
HITEBGEL )] I FEALRE,2010,37(6) :261-264.
XORE, R ST CRIR) BRI SO BE Y 315
[Cl//788 =R B NCE SO 25 B AL BRE A IE,
2002.



2 52 S I S AR B R [HBRhSE ...

{E#: A,  ete,  BUEEE,  fERRES,  #OCE,  WEN Bin, RAO Bin, ZHAO Jun-zhe,
JIAO Cui-zhen, DAI Wen-hua

EA e WAERHE 20 THEHUREE SR AR B, Widb T, 437100

W bR 5 R RlsTIC]

HCH 4

o, B0 2016 (1)

SIRASOR R M. Beb. R &L, FE3 55, #3046, WEN Bin. RAO Bin. ZHAO Jun-zhe. JTAO Cui-zhen. DAT Wen-hua

b £ B S0 R SCRE A 14 3] T 00 71 00 3938 ST = SEHLEOR L g 2016 (1)



http://d.wanfangdata.com.cn/Periodical_wjfz201601016.aspx
http://www.wanfangdata.com.cn/
http://s.wanfangdata.com.cn/Paper.aspx?q=Creator%3a%22%e9%97%bb%e5%bd%ac%22+DBID%3aWF_QK
http://s.wanfangdata.com.cn/Paper.aspx?q=Creator%3a%22%e9%a5%b6%e5%bd%ac%22+DBID%3aWF_QK
http://s.wanfangdata.com.cn/Paper.aspx?q=Creator%3a%22%e8%b5%b5%e5%90%9b%e5%96%86%22+DBID%3aWF_QK
http://s.wanfangdata.com.cn/Paper.aspx?q=Creator%3a%22%e7%84%a6%e7%bf%a0%e7%8f%8d%22+DBID%3aWF_QK
http://s.wanfangdata.com.cn/Paper.aspx?q=Creator%3a%22%e6%88%b4%e6%96%87%e5%8d%8e%22+DBID%3aWF_QK
http://s.wanfangdata.com.cn/Paper.aspx?q=Creator%3a%22WEN+Bin%22+DBID%3aWF_QK
http://s.wanfangdata.com.cn/Paper.aspx?q=Creator%3a%22RAO+Bin%22+DBID%3aWF_QK
http://s.wanfangdata.com.cn/Paper.aspx?q=Creator%3a%22ZHAO+Jun-zhe%22+DBID%3aWF_QK
http://s.wanfangdata.com.cn/Paper.aspx?q=Creator%3a%22JIAO+Cui-zhen%22+DBID%3aWF_QK
http://s.wanfangdata.com.cn/Paper.aspx?q=Creator%3a%22DAI+Wen-hua%22+DBID%3aWF_QK
http://s.wanfangdata.com.cn/Paper.aspx?q=Organization%3a%22%e6%b9%96%e5%8c%97%e7%a7%91%e6%8a%80%e5%ad%a6%e9%99%a2+%e8%ae%a1%e7%ae%97%e6%9c%ba%e7%a7%91%e5%ad%a6%e4%b8%8e%e6%8a%80%e6%9c%af%e5%ad%a6%e9%99%a2%2c%e6%b9%96%e5%8c%97+%e5%92%b8%e5%ae%81%2c437100%22+DBID%3aWF_QK
http://c.wanfangdata.com.cn/periodical-wjfz.aspx
http://s.wanfangdata.com.cn/Paper.aspx?q=Creator%3a%22%e9%97%bb%e5%bd%ac%22+DBID%3aWF_QK
http://s.wanfangdata.com.cn/Paper.aspx?q=Creator%3a%22%e9%a5%b6%e5%bd%ac%22+DBID%3aWF_QK
http://s.wanfangdata.com.cn/Paper.aspx?q=Creator%3a%22%e8%b5%b5%e5%90%9b%e5%96%86%22+DBID%3aWF_QK
http://s.wanfangdata.com.cn/Paper.aspx?q=Creator%3a%22%e7%84%a6%e7%bf%a0%e7%8f%8d%22+DBID%3aWF_QK
http://s.wanfangdata.com.cn/Paper.aspx?q=Creator%3a%22%e6%88%b4%e6%96%87%e5%8d%8e%22+DBID%3aWF_QK
http://s.wanfangdata.com.cn/Paper.aspx?q=Creator%3a%22WEN+Bin%22+DBID%3aWF_QK
http://s.wanfangdata.com.cn/Paper.aspx?q=Creator%3a%22RAO+Bin%22+DBID%3aWF_QK
http://s.wanfangdata.com.cn/Paper.aspx?q=Creator%3a%22ZHAO+Jun-zhe%22+DBID%3aWF_QK
http://s.wanfangdata.com.cn/Paper.aspx?q=Creator%3a%22JIAO+Cui-zhen%22+DBID%3aWF_QK
http://s.wanfangdata.com.cn/Paper.aspx?q=Creator%3a%22DAI+Wen-hua%22+DBID%3aWF_QK
http://d.wanfangdata.com.cn/Periodical_wjfz201601016.aspx
http://c.wanfangdata.com.cn/periodical-wjfz.aspx

