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Short Text Sentiment Classification of High Dimensional
Hybrid Feature Based on SVM

WANG Yi-zhen ZHENG Xiao HOU Dun HU Hao
( School of Computer Science and Technology Anhui University of Technology Ma’ anshan 243032 China)

Abstract: Aiming at the characteristics of short texts which are sparse unnormative and ambiguous in subject we present a hybrid feature
model with high dimension based on SVM.Firstly we introduce six types of feature about both semantics and emotion involving expression
symbols word clustering symbols part—of—speech tagging n—gram negation and the sentiment dictionary which are mainly introduced in
their concept extraction and output form.Then a five—fold crossover method is used to verify the validity of the model according to the data
of COAE2014.The average accuracy rate is 84.69% the average recall rate is 83.13% and the average F| value is 83.90%.Thirdly we dis—
cuss the influence of SVM regularization parameter on experiment.Finally the proposed model is compared and analyzed with Recursive Au-
to Encoder Doc2vec and so on which show that it is more effective for short text emotion classification.

Key words: sentiment classification; hybrid feature; SVM; emotion dictionary

1
° 2
:2017-03-04 :2017-07-11 12017-11-15
( 61402008 61402009) ; ( 16030901060) ;
( KJ2014ZDO0S) ;
(1992-) ; . .

< http: //kns.cnki.net/kems/detail /61.1450.TP.20171115.1436.044. html



2 : SVM * 89

12
o : HowNet
o 3 o
(SVM) (1G) TF-IDF
o 4 ( term frequency—inverse document frequency)
13
o Pang N N SVM
;Kang ¢ SVM
: Liu ’ Tweet o
( 2
) 2.1
o o 1
SVM o o
1
1 . . . . .
8 . . . good . N TTT_T
( sentiment analysis) o )
"o 1> <
( opinion extraction) ( opinion
mining) ( sentiment mining) ( sub-
jectivity analysis)
’ ’ ’ [Xl X, - Xu]
2002 Bo Pang
DiOClD Fu %X %1,
0 0
. Eflocz 0 %21 Xy X2 E
o: 0Qg: 0
O dn g
R Ooc, O o % %,
1
. Xj = 0 X '
Flekova ° doc,, .., m o
twitter ~n—gram o
o Kokciyan "
N N twitter
WordNet  HowNet good o
0 " HowNet o

NTUSD



90 . 28
o o n—gram
2.2 o
n—gram 1—gram
N 2 -gram
4—gram o
o« word2vec Mikolov 2.5
o word2vec cbow skip —gram “ v«
o skip —gram .
. “ / :
w c plel w) / S’
Text 0
arg mf;axwl:TI“| (El(_:(["v)p( cl w6
C(w) w ’
100 2.6
1533 o
2.3 °
N N o ICT- A °
CLAS 7 °
. . HowNet.NTUSD.
R . R , . CHI AHUT
1.0
-1.0.
o o /d /m /q /b /n °
Juzhi /ng Ivd v e v v L \
v Iv /m/d Jvshi /v /n /d v ?
/d /v Iwj  Ip /mq /n /v /uguo 2 >
/d /m /qv /d /v /a la /d ;
/vyou /n /wj le Jrzv  /m  /qv /d 3 >
v v Is o [wj ;
2.4 n-gram 4
o N n-—
gram n-—gram N 3 SVM
N 3.1
gram . n—gram
o SVM
« ” o {x, v}y i=12 - 1lx, R
“ / /7 / / "

y e{-1 +1} SVM



2 : SVM *+ 0l -
min inw + Czl‘f( w;x, v,) (1) 4
v 2 =1 e 4.1
§(w;x; ) ; C 1
C-SVM(L1-SVM)  COAE2014 .
. L1-SVM .
L2-SVM DataSet 5 200 5 600
Hessian o 5 430,
o LI-SVM L2-SVM
. url N N o
max( 1 - yiwvlvxi 0) (2) 4.2
max (1 - y'x, 0)° (3) P ( precision) . R (recall) F,
SVM b ( F = Score)
b .
X xl[ B TP
' () T (6)
w +— w b +
TP
B o R=——"—— ( 7)
(1) SVM TP + FN
2PR 2TP
F, = = (8)
P+R 2TP + FP + FN
minf{ a) = iaTQa -e'a TP
. 2 (5)
st. 0sa,<U Vi  FN
, ; FP
e 1 1 Q0=0Q0+DD
Qi] = yiijiTx] ° 4.3
L1-SVM U=C D;=0; L2-SVM U=
o D, =172C Yi. (5)
16 SVM LIB-
LINEAR L1-SVM.L2-SVM o (1) 5
SVM L1-SVM.PEGASOS.SVMperf. ) 5
L2-SVM SVM Naive Bayes baseline
° 5 ( 1) o
3.2 1
Naive Bayes 84.69%
A A ° 83.13% F, 83.90% -
(2) o
’ ’ 5 C
ICTCLAS 2
. 2
2 75
N (3) o
1 k Ll
( . . ) AHUT base feature

AHUT N



e 0D

28

/

“n—gram

3
3 base feature
AHUT
(4) o
13 .
-~ Recursive
AutoEncoder 7 .Doc2vec 2
2 %
1%
84.69
79.33
Recursive AutoEncoder 78.83
Doc2vec 76.76

Doc2vec

N
; Recursive AutoEncoder.

o

SVM



2 : SVM

« 03 .

AHUT ;

1.4% o

WU H WU W ZHOU M et al.Improving search relevance
for short queries in community question answering C //
Proceedings of the 7th ACM international conference on web
search and data mining. New York NY USA: ACM 2014:
43-52.
TEEVAN J] RAMAGE D MORRIS M R.#TwitterSearch: a
comparison of microblog search and web search C //Pro-
ceedings of the fourth ACM international conference on web
search and data mining. New York NY USA: ACM 2011:
35-44.
TABOADA M BROOKE J TOFILOSKI M et al.Lexicon—
based methods for sentiment analysis J .Computational Lin—
guistics 2011 37(2) : 267-307.
YUAN D ZHOU Y LI R et al.Sentiment analysis of mi-
croblog combining dictionary and rules C //IEEE/ACM
international conference on advances in social networks anal—
ysis and mining. s.l. :IEEE 2014:785-789.
PANG B LEE L VAITHYANATHAN S.Thumbs up?: sen—
timent classification using machine learning techniques
C //Proceedings of the ACL-02 conference on empirical
methods in natural language processing—Volume 10. s.l. :
Association for Computational Linguistics 2002: 79-86.
KANG H YOO S J HAN D.Senti-lexicon and improved
Naive Bayes algorithms for sentiment analysis of restaurant

reviews J .Expert Systems with Applications 2012 39( 5) :

14

17

6000-6010.

LIUS LI F LIF et al. Adaptive co—training SVM for senti—

ment classification on tweets C //Proceedings of the 22nd

ACM international conference on information & knowledge

management.New York NY USA: ACM 2013:2079-2088.
J .

2010 21( 8) : 1834-1848.

FLEKOVA L FERSCHK O GUREVYCH L. UKPDIPF: a

lexical semantic approach to sentiment polarity prediction in

twitter data C //Proceedings of the 8th international work-

shop on semantic evaluation. Dublin Ireland s.n. 2014:

704-1710.

KOKCIYAN N ARDA C OZGUR A et al. BOUNCE: senti—

ment classification in twitter using rich feature sets C //

Proceedings of the 7th international workshop on semantic e-

valuation.Atlanta Georgia: ACL 2013: 554-561.

J . 2010 31
(4) 1 691-695.

2011 31( 8):2130-2133.

J. 2012 26( 1) : 73—
83.
MIKOLOV T SUTSKEVER I CHEN K et al. Distributed
representations of words and phrases and their compositional—-
ity C //Advances in neural information processing systems.

s.l.t san. 2013:3111-3119.

ZHANG HP YU H K XIONG D Y et al. HHMM —based
Chinese lexical analyzer ICTCLAS C //Proceedings of the
second SIGHAN workshop on Chinese language processing—
Volume 17. s.l. @ Association for Computational Linguis—
tics 2003.
FAN R E CHANG K W HSIEH C J et al. LIBLINEAR: a
library for large linear classification J .Journal of Machine

Learning Research 2008 9:1871-1874.

J. 2014 28(5) : 155-161.



