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Aspect-level Sentiment Classification Based on Imbalanced Data and Ensemble Learning

LIN Xi,CHEN Zi-zhuo and WANG Zhong-qing

School of Computer Science and Technology,Soochow University, Suzhou,Jiangsu 215006, China
Abstract Sentiment classification remains an important part of the field of natural language processing. The general task is to
classify the emotional data into two categories, which is positive and negative. In many models,it is assumed that the positive and
negative data are balanced. Contrarily, the two class of data are always imbalanced in reality. This paper proposes an ensemble
learning model based on aspect-level LSTM to process aspect-level problem. Firstly, the data sets are under-sampled and divided
into multiple groups. Secondly,a classification algorithm is assigned to each group of data for training. Finally,it yields the classi-

fication result through joining all models. The experimental results show that the ensemble learning model based on aspect-level

LSTM significantly improves the accuracy of classification,and its performance is better than the traditional LSTM model.
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85 = AL SRR A ROR e 4r 19 TD-LSTM B 43 K 3R 46 w5
3K E N (LSTM+ TD-LSTM+ AT-LSTM) 1 4 4325 2%
41 (LSTM + TD-LSTM + Change-Part + AT-LSTM) [ %
CFIH (D —F %9, A S B IEREEA R 4 1 10
A5 R AEA R 10 2R AR GTAR S0 I 28 5 11 28 10 R -
FLAB R 2% T 10 803 KT 10D . 4K J5 96 36 il 1 43 2638 3 98
10 MY a8, £ 4 h @R, 4 2S5 A B T AR 3
AL REHE T 4. A% A AT T L £ 4y A I B 2 ST vk
R AT LGB A58 KRB FEF LSTM 2843 28
A AR A 3T 5 1 S A A 3OS ST A R A ) R R R A AL, BR
WZAh .4 5y ZEERE AR LE 3 A3 2 AR 4 A 1 B Ay R R B A
INBEERR T, A RAA L 2 R RS R &
ATt

TA BORBERIP AL R

Table 4 Results of different ensemble classification algorithms

%4 TD-LSTM 3-classifiers 4-classifiers

xR 0.83 0. 84 0. 86
EES 0.83 0.87 0.87
& B 0.84 0.88 0.88
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