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A hybrid approach to sentiment classification

and feature expansion strategy

XTIA Rui, ZONG Chengging
(Institute of Automation, Chinese Academy of Sciences, Beijing 100190, China)

Abstract ; In this paper, focusing on sentiment text classification, the performance of generative and discriminative

models for sentiment classification was studied, and a hybrid approach to sentiment classification was proposed.

The individual generative classifier ( naive Bayes, (NB) and the discriminative classifier ( support vector machines,

SVM) were merged into a hybrid version in a two-stage process in order to overcome individual drawbacks and ben-

efit from the merits of both systems. On the basis of the hybrid classifier, an efficient strategy of incorporating de-

pendency features was also presented. The strategy not only increases the accuracy of the system, but also avoids

the defects of increased computing volume brought by the traditional feature expansion method. Experimental results

show the apparent advantages of this approach in both classification accuracy and efficiency.
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Fig.1 Distribution of log-likelihood by NB
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Fig.3 Structure of the hybrid model
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MALE, ERZHE T HZ B HEF R B MAEXR.
BB n JUiEE, I 615 (bigrams ) fl = JUiE
¥ (trigrams ) , g% T B — 1 — JT1E 5 (uni-
grams ) V£ BOW HyEEAHE , SATISCHR[ 3 ] R
HIEIE GURE B P, bigrams B9 RCRIE A U0 uni-
grams , F. )R I 7] BE 2 {440 HY bigrams Fl trigrams T
TEIRKEE B RBIC R , WHE B RIERA K.
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BN Mg — R TR Y SCAR G R I ik, 1R
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Fig.4 Example of dependency parsing tree
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XHE R B B9 R AE (40 i) 4] H B “ definitely recom-
mend” F1“film recommend” ) , 33X S ia] %f SR 1E BB 4% 16
RAFHRFEEMAZHKERSKELR, &
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Table 1 Examples of different feature representation

Tk BERTR

Text I definitely recommend this film.

Unigrams I, definitely, recommend, this, film
I _ definitely, definitely _ recommend, recom-

Bigrams . .
mend_this, this_film

Dependency I_ recommend, definitely _recommend, this _

Pairs film, film_recommend
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Fig.5 Structure of the hybrid model with feature ex-

pansion strategy
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LibSVM' 4% 2 #5325 2% 19SS BL TR Hv OpenPR-
NB B9 301 B O 2 T 28 20 A0 8 3 P98
LibSVM R FRZR A% R, HAESHOIIRAFERIA.
4.2 LWgE

1) XKL : B BB R4S 4, B
AHEWEERINET 5 B3 X HRAE. 38 X UE ) &
—KIEI 4 BYERIIGRE, TR 1 HEATIEE.

2) AESHII%: HERRAEEAN I EE
S8, AP LA SN SENGENMER 4 75

B3 LIRIE , B )5 4 IR I EE N R H
B, BB BETUERR N
. 1 .
0, = I;ol_‘"u"

A F FRYERE, F FRYEISE ./ £
YW EREPHTNESEHWARE, 67,1
(0, 0. 01 ] FEEIPILA 0. 005 Ny KRB
4.3 =RIg1

B, # NB Al SVM B R # 4% R4, 4 1 Hy-
brid BRI L LB 45 R, iR 2 fi. 3 S RGED
LA Unigrams {E>5 BOW B BEARHE , 43 HH U@
NB.,U@ SVM 71 U@ Hybrid /R , FESE R T7 5
B2 B 1 25 ¥ (information gain, IG) (6] =2 44
HT 2 RERGER. —REFHLMFIERNIHKIE
B, B Al =R 5 — KR AT 16 FHE %
BHRIRIE F RIS R, F Best@ IG 5.

2 {E R Unigrams $5AERT 09 RGTIEEELL B

Table 2 The system performance with Unigram features

¥iB&E $HE%#®E  U@NB U@SVM U@ Hybrid
Book All 0.776 0 0.747 5 0.787 0
%% Best@IG  0.7880 0.7520 0.7930
DVD All 0.796 0 0.771 0 0.8055
Best@ IG 0.8015 0.7760 0. 8055
. All 0.8175 0.84 5 0.8205

Electronics
Best@IG 0.818 5 0.84 5 0.8270
. All 0.8280 0.8280 0.8530
Kitchen

Best@IG 0.829 5 0.8280 0.8530

M2 HERTUEN, SRELRSE NB Al
SVM #H 1, Hybrid #5220 Joip 2 ff FI 2 R E SR8 2
AR T4, 78 4 MR R PRI T
BAIIEH-

BEAh, 45 H TR R R R TR T ,3 MR
BIRHIE B0 JRIERR R 2%, A 6 .
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Fig.6 The accuracy curve under IG feature selection
0. 847 _ & 6 i hha A 2 B E LR 3 2 ERHE
.81 F . . H5R,3 KA AMRR SR ERMFHETRER
i 0-80g/ L _ HR(BZNEK2). HE 6 W, Tt R—AEWANFHIE T
o % b RSN RS L.
& 0. 74} —— Unigrams@NB 4.4 XW2
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Table.3 The system performance with feature expansion strategy
U@NB &
B M Hybrid P@NB P M
IRk U@N v@sv U@ Hybri U+P@N U +P@SV U+ P@SVM
Book 0.776 0 0.747 5 0.787 0 0.796 0 0.772 5 0.8100
DVD 0.796 0 0.771 0 0.8055 0.8125 0.780 5 0.8230
Electronics 0.8175 0.804 5 0.8205 0.816 5 0.824 0 0.8420
Kitchen 0.8280 0.828 0 0.8530 0.861 0 0.8455 0.867 5
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