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Multi-granularity Sentiment Classification Method Based on Sequential Three-way Decisions

ZHANG Gang-qiang LIU Qun JI Liang-hao

(Chongqging Key Laboratory of Computational Intelligence,Chongqing University of Posts and Telecommunications,Chongqing 400065, China)

Abstract How to classify the review data correctly is important research content in sentiment analysis. From the per-
spective of granular computing and cognitive science, this paper proposed a multi-granularity sentiment classification
method for Chinese reviews based on sequential three-way decisions. Firstly,based on the characteristics of review data,
a coarse-to-fine multi-granularity sentiment information representation method is put forward according to the amounts
of sentiment information existing in the review. Then,by combining the principle of sequential three-way decisions, the
calculation is gradually executed in different sentiment information granularity and the sequenced three-way decision is
carried out for the boundary reviews. Lastly.according to the decision thresholds and costs in different granularities, the
final sentiment classification is provided for the review data. The experimental results show that the proposed method
achieves better performance,and performes higher classification accuracy and stronger robustness on three classic data-
sets.
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Fig.1 Flowchart of multi-granularity sentiment classification

method for Chinese reviews based on sequential three-way decisions
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oot Table 6 Comparison results of R
S P i HiF A JE 3T
. Positive 0.814 0.832 0. 8495
Lexicon
Negative 0.662 0.624 0.674
Positive 0.724 0. 855 0.79
NB
Negative 0.852 0.7775 0.786
Positive 0.85 0.8475 0. 868
0gs 090 SVM
. 070 0.75 080 Negative 0.916 0. 885 0.828
. y 0650
mEs 018) 10 ™ a0 055 °%° e o Positive 0.886 0.948 0.89
R X T ik )
Negative 0. 906 0.912 0.904
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Fig. 5

Comparison of recall of positive class for first granularity

under different thresholds
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Table 4 Comparison results of Acc

0k W i #i i JE %
Lexicon 0.738 0.728 0.762

NB 0.788 0.816 0.788
SVM 0. 883 0. 866 0.847
KX 0.896 0.930 0.897

HIZE 4 AT AL AH LT SVM I IR 43 26 7 1 L 78 B I 3T I8
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Table 5 Comparison results of P
RS A i HiF W JE AT i
Positive 0.7066 0.6688 0.7227
Lexicon
Negative 0.7807 0. 7879 0.8175
Positive 0.8303 0.7935 0. 7869
NB
Negative 0.7553 0.8428 0.7892
Positive 0.9101 0. 8805 0.8343
SVM
Negative 0.8593 0. 8530 0. 8607
. Positive 0.9041 0.9151 0.9026
kS &/ )
Negative 0.8882 0.9461 0.8915
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Table 7 Comparison results of F1
VRS o 3 i i i JE T i
Positive 0. 7565 0.7415 0.781
Lexicon .
Negative 0.7165 0.6964 0.7388
NB Positive 0.7735 0.8231 0.7884
’ Negative 0.8007 0. 8088 0.7876
Positive 0.879 0.8637 0. 8508
SVM
Negative 0. 8867 0.8687 0. 844
L Positive 0.895 0.9313 0.8963
B & .
Negative 0.897 0.9287 0.8977
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Table 8 Comparison of Acc of different classification methods

for interdisciplinary sentiment

EE:d SVM X #[22] Xk [23] KX %
B—~H 0.5488 0.790 0.8598 0.8613
B—~N 0.5625 0.776 0.8098 0.8448
H—B 0. 600 0.683 0.8095 0.8178
H—>N 0.7225 0.784 0. 8488 0.8548
N—>B 0.5488 0. 650 0.7418 0.7465
N—H 0.7250 0.791 0. 8643 0. 8520
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