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Abstract In the cross-domain sentiment classification, the labeled data in the target domain is often
scarce and precious. To solve this problem, this paper proposes a grouping-AdaBoost ensemble
classifier method by comprehensively using the strategies and techniques of semi-supervised learning,
Bootstrapping, data grouping, AdaBoost, ensemble learning. Firstly, we adopt a small amount of
labeled data in the target domain to generate a number of virtual data by using synthetic minority over-
sampling technique. On this basis, we can obtain more data with high credibility label in the target
domain by using Bootstrapping method. In the aspect of classifier construction, we firstly make an
equivalent quantity partition to the labeled data in the source domain, and combine each part with the
labeled data in the target domain to form the corresponding combined data sets. Corresponding to each
combined data set, a classifier is trained, and it is then promoted by AdaBoost method. At last, these
classifiers corresponding to the combined data sets are linearly integrated into an ensemble classifier.
The experimental results on four data sets from Amazon online shopping reviews corpora indicate that

the proposed method can improve the accuracy of cross-domain sentiment transformation effectively.

Key words  sentiment classification; cross-domain; synthetic minority over-sampling technique;

grouping-AdaBoost; ensemble classifier
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W 2k 4R O 1E T SCAS R A7 TE SCAR 45 800 L 3k
1600 i » I 304 g 1E 1 SCAS Rl A7 1T SCA 45 200 F
I 400 f. AR UNFK 1 PR .
Table 1 Accuracy of Source Domain Transferring to Target

Domains Directly

®1 FHEIBIBRAENSEBE

Target Domain

Source Domain

DVD Book  Electronics Kitchen
DVD 0. 835 0. 766 0. 734 0.746
Book 0.791 0. 818 0.738 0. 745
Electronics 0. 740 0. 730 0. 846 0. 749
Kitchen 0.704 0.707 0. 804 0. 881

M T AT LU

D *F DVD, Book, Electronics, Kitchen P4~ 4ii
Sl AR TR 23 28 45 B W O T U A R A L AT
4 AR S35 3 2 K5 B 43 531 mT 3k 1) 0. 835, 0. 818, 0. 846,
0. 881. X R W] SUAAR B3 28 o — A AU AR O 1] L.

@ 75 85 45080 32 L Book—DVD 1y 45 34 T
Book—Electronics il Book—Kitchen; DVD—Book
2k Bt T DVD—Electronics #1 DVD—Kitchen;
Electronics — Kitchen [ 45 5 i T+ Electronics —
Book #1 Electronics— DVD; Kitchen— Electronics
M 45 24 T Kitchen— Book il Kitchen—>DVD.
X Book 5 DVD, Electronics 5 Kitchen [ #H
PRI
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PRAEAS 1 B L R FE SMOTE g J2 — A~ B L
B ARA SR P A I o= {0.1,0. 2,++,0. 9} JuA
ANE A LA S H 2. 280k Fl o X T IDLA 5
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ARG L BEHCT 2 000 R H ARG E AR g
A, Herb i) T T BT SCAR 45 50 AR O ) B N
TARICHY D SCAR T R A 1900 5 SCA Hh il B
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BREARICSCA 2000 B 5 450 Y B 43 1 8 4
B m=8. 7 IDLA Bk, S 4 e=0.72, p=150.
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Fig. 3 Average accuracy of transferring to DVD in

different values of £ and .
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0.84 T SCAAS 800 J » 2 1600 F o B Ai S5 3 I 3 i 4l 42
o sl SRy T TH] SCAS FIAR T SCAS 4% 200 F 3 400 F. 7298 K
' D IDLA 535 (8 5 325 o 7E 400 55 H A% 490 480000 18 80 0
o} N LASN B T I I 9 T8 SCA 4 50 B4 9 ki A
S ol TARFERAE B IDLA 83k D'
§ ’ ——k=1
—o—k=2 Table 2 Best Combined Values of k and ¢ for 4 Target
0.76 _ _A_]]:Zi Domains
ol M %2 4AERAEBNER K EN o B
—o—k=6
6,72 | | ) | | ) | ) ) Target Domain k c Accuracy
’ 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 DVD 4 0.4 0.799
c
Book 3 0.5 0.766
Fig. 6 Average accuracy of transferring to Kitchen in
. Electronics 4 0.6 0.783
different value of £ and o.
Kitchen 3 0.5 0.823
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1) LibSVM™*, ¥ 5 45 38 %5 95 45 Il % SVM
OyAS . HARAE H AR 45 kAT I

2) LP-based™'. i i 3 T & HE ¥ ) 7 3% (LP-
based) S I 5 3k s A 28 B 1 H bk 40 38 G b 25 %K
It 1) 15 B S AL 4

3) IDLA. ¥ IDLA 5 % i H 5 45038 4 b 25 %
e DY 55 U8 S AR 25 B0 A O 9F R Il 2R
SVM 4325 2% . SR 5 16 B AR 0k B 4 45 b 3847 I 3L

4) GAdaBEL (—D%). 7 GAdaBEL & ¥ v 4
DY = D" B¢ 5 45 57 bR 2 B0ds v 4. OF BB S B AR
AU/ B N TARIC B 41 A . BN AE B A S b
17 IDLA 5k,
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Table 3 Accuracy of Cross-domain Classification of 5 Transferring Algorithms

R3 SHMIBFEBERHSLERE

Task LibSVM LP-based IDLA GAdaBEL(—D%) GAdaBEL
Book—DVD 0.791 0.798 0. 809 0.788 0.832
Book—Electronics 0.738 0.720 0.731 0. 724 0.737
Book—Kitchen 0.745 0.770 0.727 0.744 0.779
DVD—Book 0.766 0. 780 0. 780 0.770 0.792
DVD—Electronics 0.734 0.768 0.790 0.731 0.785
DVD—Kitchen 0.746 0.743 0. 755 0.762 0.813
Electronics—Book 0. 740 0.715 0.748 0. 737 0.771
Electronics>DVD 0. 730 0. 740 0.769 0.729 0.784
Electronics—Kitchen 0. 749 0. 835 0.770 0.833 0.877
Kitchen—>Book 0.704 0.735 0.714 0.709 0.734
Kitchen>DVD 0.707 0.733 0.772 0.783 0.781
Kitchen—Electronics 0. 804 0.815 0. 820 0.811 0. 826
Average 0.746 0.763 0.765 0. 760 0.793
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