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Text sentiment classification approach with integrated
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Abstract; The model combining convolutional neural network (CNN) with Bi-directional long short-
term memory (BiLSTM) feature (CNN_BiLLSTM) is popular for sentiment analysis. It takes into account
the local and global features to realize sentiment classification of the text. However, it ignores the importance of
the features for the classification results, and does not make full use of features between words, which result in
low classification efficiency and accuracy. Thus, a model based on a CNN that integrates multiple convolution

kernels and a bidirectional long-term and short-term memory network of attention (MCNN_Att-BiLSTM) for
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text sentiment classification is proposed. It integrates local and global prominent features as semantic
features of the text, which are used as inputs to train a XGBoost (eXtreme gradient Boosting) classifier to
realize text sentiment classification. It utilizes the attention mechanism based on the BiLSTM to fully
captain the global prominent features that affect the classification results largely. In addition, it utilizes the
CNN with multi-convolution kernel to obtain more comprehensive inter-word features. Experimental
results show that the model is better compared to the CNN_BiLLSTM model, which improves the accuracy
rate by 1.75% on the IMDB dataset, and 1.67% on the txt-sentoken dataset, and 3.81% on the Tan
Songbo-hotel review dataset.
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Fig.7 Accuracy of each model
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Tab.3 Accuracy of each model on test set

R/ %
[
IMDB txt-sentoken )5 TS
CNN_BILSTM 81.34 76.45 84.89
CNN_Att-BiLSTM 82.04 77.11 87.78

MCNN_Att-BiLSTM 83.09 78.12 88.70
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Tab.4 Recall rate of each model on test set

B/ %
i
IMDB txt-sentoken )5S
CNN_BILSTM 77.0 76.5 83.5
CNN_Att-BiLSTM 80.1 78.1 86.7
MCNN_Att-BiLSTM 80.9 79.6 87.5
x5 BENMERBEMNKELNF E
Tab.5 F value of each model on the test set
: FE/%
H5 #1
IMDB txt-sentoken W K PE i
CNN_BILSTM 76.8 76.4 84.0
CNN_Att-BiLSTM 78.6 78.0 86.9
MCNN_Att-BiLSTM 79.8 78.7 87.0

A A F (H 71 , @A CNN Al BILSTM $RE AR 7E IMDB 388 4 L3 BRIk 5] 77.0%, F {Hik
F 76.8% . 7F txt-sentoken $HE4E I I HRKF| 76.5% , F (HikF] 76.4% . 766 5 PF 8 B dl 4 L 4 IRk 5|
83.5% F {Hik | 84.0 Y. i B v 2 S WL CNN_Att-BiLSTM # 5 3% f& 1 HRAE %o 43 25 45 5 14 A ) 5%
ffif5 H PR F A2 T4 T, 76 IMDB £ 42 L H IR IKF] 80.1% , F {HikF] 78.6 %, 7 txt-sentoken
BntE LA IR F] 78.1% , F AL H] 78.0 % . 7R )5 VRIS B4l 45 A M3k 5 86.7 % . F {Hik#] 86.9 %0 4
A MCNN_Att-BiLSTM 3 2 3 00465 FRAZ A 22 HL] AN A8 B 1 3 1 B) 42 T 09 15 I AR 8., T BLid 2%
JE T RRIEXS 2 R A RN R B2 L A B AR B 13— 0 8 L AE IMDB BE 4 F 3583 80.9% . F B
KF] 79.8% JAE txt-sentoken IR F A MFEH] 79.6 %, F {HiA ] 78.7% AW M5 PP IS SR 4 A ] 33k
# 87.5% ,F {HikH] 87.0%.
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