EasyChair Preprint
Ne 10467

j‘" 220

A Sentiment Classification Model Based on
Deep Learning and Two Level Stacking SVM

Fei He, Baozhong He, Can Wu and Maobao Yang

EasyChair preprints are intended for rapid
dissemination of research results and are
integrated with the rest of EasyChair.

June 28, 2023



AL

SaREFI SV E SVM RS EGE

OB ATRCACEER. MEN L FUEE, SRANE S BEOER SRR B U A BB BHE S
TR, BT A AR B SCAFAE I 51T 3 SR B U (153 28 38 AR i 1 IR o) RN i 28 B R AL S ARk NT |
Wi, FEHESAIRIE S S SR B SVM IS 2077k, TEZIET, B SR TR I ML 0 45 A 22 I 4 S B SC
AR [ B (1 SR AFAE , R F B R AL B A JE BT AZ AP 48 W 8 SR S SR R SO & R RRAE, HR, BRI
FRHEHEAT RS, S AA RRAEAE 9 28 005N s S5, itk — D Egm 2 Ui 2R, 7E 15 IR 8 BOAS PR £ 4811 softmax
%, TSR F W B stacking SCRFIRIEML A KA. SLIRAE R, ARSI A G IRE S S S50 B SVM (11 1oy 2%
THEAN FAE GBS BB RITE b . JESCEHRE R IHERG R 0 RS T 13.19%F01 7.9%, AHXTF-4% G2 (30 A K il
17N g R AE b S BR 2 EIUER R4 IR T 12.55%H0 7.68%, FLr 5| AvER Sy B RS R b, 35S0 Bl
RS R FIER R T 5.05%H1 2.83% I3 &, 5l AXUY B stacking SVM FUBEAI ST f . S8 S E0 i SR 15 I R
7.82%F0 4.96% 48 =, H HA EIZA F E BT HARE.

KR HEAY BREMEMLS; W KEHNAIZME M EE VLN EREEX] SVM

hESES: TP391

A sentiment classification model based on deep learning and two level

stacking SVM

Abstract: Short text contains limited context information, which is too sparse to extract useful features using machine learning
algorithm, and short text does not always follow the grammar of written language. Therefore, how to extract short text features
effectively and design a better classifier to improve the accuracy of sentiment classification is of great significance. In order to solve
above problems, in this paper we proposed sentiment classification method based on deep Learning and two-level stacking SVM
( two-level stacking support vector machine, TS-SVM). In this method, first, CNN (convolutional neural network) based on attention
mechanism (CNN-ATT) is used to extract the local features, the Bi-LSTM (Bi-directional Long Short-Term Memory model) based on
attention mechanism (Bi-LSTM-ATT) is used to extract the global features, and the fusion features are used as input of the classifier;
secondly, in order to further improve the classification accuracy, softmax algorithm is no longer used in this paper, but the TS-SVM
classification algorithm is used. The results show that the accuracy of CNN/Bi-LSTM-ATT-TS-SVM is 13.19% and 7.9% higher than
that of traditional CNN model on Chinese and English datasets, and 12.55% and 7.68% higher than that of traditional Bi-LSTM
model on Chinese and English datasets, respectively. By introducing attention mechanism model the average accuracy of sentiment
classification of Chinese and English datasets is improved by 5.05% and 2.83%, and the accuracy of sentiment classification of
Chinese and English datasets by introducing two-stage stacking SVM is improved by 7.82% and 4.96%, and the recall rate and F
value are also better than other models.
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Fig.1 A sentiment classification model based on deep

learning and two level stacking SVM
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