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Abstract

With the development of the Internet and the rise of e-commerce, people express their views and
opinions through various social and e-commerce platforms. It is a challenging issue to accurately
mine useful information from user comment data. For all kinds of text comment data in the net-
work, sentiment of the comment data is analyzed in this paper through deep learning. The Long
Short-Term Memory (LSTM) neural network model is used to construct a sentiment classifier to
predict and classify the sentiment tendency of the text. The experimental results show that the
sentiment analysis method based on LSTM can solve the problem of long-distance dependence and
has a good classification effect.
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Figure 1. LSTM network structure
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Figure 2. Flow chart of text sentiment classification method based on LSTM
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Table 1. Experimental environment
1 XWIE

TA ZH
BIERS Windows10
CPU Intel(R) Core (TM) i7-7700HQ
&+ NVIDIA GTX 1050ti
W17 DDR4 16GB
RE ) T AA TensorFlow/Keras

ASSCHIE RS SRk 5 3 S 3 ) o A B 4, L RS BNk 2 PR 28R 436 A 10,000 S6REAS,
Frp BRI A 5097 2%, THMAE A 4903 2%, Hirf 7T0%HISTAREANE RN R dE 5, 30% I 3CA

FEAAE A E PR 4
Table 2. Dataset
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Figure 3. Flow chart of text sentiment analysis
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Table 3. Parameter setting
#3 BHRE

TR ZH i
BIREERIZ RN 5
BRI 128
BN EWE AL relu B %7
EeuE =N v 10
CNN AR R WOE R AL relu
i R R A binary_crossentropy
EFMETC B TTH EL I dropout 0.5
& UREL epoch 10
— ISR LRI FE A 4L batch_size 10
EFMETT A RAAZ T LB dropout = 0.5
RNN TE PR 4N activation tanh pF %
EACIREL epoch 10
— RN GRITT i BRI FE A 4L batch_size 64
EFMEICH BME IR L] dropout 0.5
W% A4 activation tanh BR %
LI EL epoch 4
LSTM
i HH4EFE units
— RN IE BURIRE A Y batch_size 32
LSTM 2157644 output_dim 50
43. IWERE S
Table 4. Classification results
T4 PRER
TN IT + CNN 73.81 72.63 72.59
TFIZR 7% + RNN 83.76 82.92 82.05
TINZITiE + LSTM 85.30 84.91 84.47
Word2Vec + CNN 79.26 78.92 78.31
Word2Vec + RNN 89.42 88.74 87.21
Word2Vec + LSTM 93.86 92.53 93.04
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