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Abstract

Online reviews on tourism platforms are important references for consumers’ decision-making in
travelling. However, the inconsistent ratings and invalid reviews may lead to distortion of the
evaluation on travel destinations and interfere with consumers’ travel decisions. For the compre-
hensive evaluation of tourist destinations, invalid comments are firstly cleaned up by using a
BERT binary classification model based on negative samples generation. And then a comprehen-
sive evaluation model of tourist destinations is constructed based on the score calculated by the
BERT coarse-grained sentiment level and the fine-grained multi-dimensional feature matching
score. The results show that the model has achieved extremely low errors on the experimental
data set, and it can fit well the platform score data under the premise of the data validity and indi-
cator diversity. Therefore, when the training data are sufficiently objective and accurate, this me-
thod has significant practicability and generalization.
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Figure 1. BERT classification model based on negative sample generation
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Figure 2. Comprehensive evaluation technology roadmap
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Figure 3. Improved BERT scoring model
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Figure 4. Coarse-grained F1 values for each score under dif-
ferent loss functions
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Table 3. Adjustment parameters of various indicators of tourist destination and regression coefficient of total score
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P EE 0.981 0.853 0.15 0.158
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Figure 5. Average loss change graph of BERT model on validation set
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Table 4. Hotel index score and total score
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Figure 6. Variance comparison chart of tourist destination data with or without invalid comments
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