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Abstract

Tourists’ catering experience directly affects the tourism competitiveness of the whole city, and its
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impact on tourism should not be underestimated. Tourists’ catering comments reflect tourists’
real feelings about the catering experience of their travel destinations, which has high research
value. This paper makes an emotional analysis of tourists’ catering comments in Qinhuangdao,
and explores the factors that affect tourists’ catering experience based on negative comments.
Word2vec and BERT-wwm-ext pre-training language models are used as word embedding layers
respectively, and the results of word vectorization are input into TextCNN, GRU and BiLSTM deep
learning models for comparative analysis. The training results show that the accuracy of BERT-
wwm-ext-BiLSTM model is 96.89%, and the effect of the model is better than other comparative
models. Finally, the negative evaluation of the classification results of this model is analyzed, and
it is determined that the negative evaluation mainly involves five aspects: service, price, environ-
ment, dishes and taste. Relevant departments should make timely rectification to improve the ca-
tering experience of tourists and enhance the core competitiveness of Qinhuangdao tourism.
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Table 2. Partial data segmentation and stop words removal results
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Figure 1. Attention mechanism flow chart
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Figure 3. Transformer encoder structure chart
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Figure 4. Flow chart of downstream task of BERT model emotion analysis
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Figure 5. BERT-wwm-ext-BiLSTM model structure
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Table 3. Contrast model parameter setting
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Figure 6. Word2vec experimental results of pre-training model
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Table 4. BERT-wwm-ext model experiment results
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Epoch Accuracy F1 Loss
1 90.38% 84.47% 0.6053
2 91.34% 85.73% 0.5862
3 91.35% 85.73% 0.5701
4 91.83% 47.86% 0.5565
5 91.83% 85.87% 0.5451
6 91.83% 85.87% 0.5354
7 91.83% 85.87% 0.5270
8 91.83% 85.87% 0.5199
9 91.83% 85.87% 0.5137
10 91.83% 85.87% 0.5083

A BERT-wwm-ext-BiLSTM #
P& 2 RS TR MATES Il s ST

A, BEGEHR 1 R3] A RS 2 BERT-wwm-ext #L7,

Table 5. BERT-wwm-ext-BiLSTM model experiment results
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9 96.75% 91.89% 0.3183
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