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Abstract

Web crawler technology is used to obtain online comments of tourists from tourist websites as
data sources. Data cleaning, Chinese word segmentation and text vectorization are carried out on
the data by Python language, and descriptive statistical analysis is made on the preprocessed data.
Two traditional machine learning text classification models, Naive Bayes (NB) and Logistic Re-
gression (LR), and Long-term and Short-term Memory Network (LSTM) deep learning model are
established. The classification accuracy rate of LSTM is 92.15%, which is about 2.6 percentage
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points higher than LR, the highest accuracy rate in traditional machine learning model. The LSTM
model is used to classify the comment text, and LDA topic clustering model is constructed for the
classified data to mine potential topics, and the feature words corresponding to different topics
are extracted for comparative analysis. The conclusion is that negative comments are not satisfied
with the infrastructure and charge management of Shanhaiguan scenic spot; the positive com-
ments are very satisfied with the historical and cultural heritage, experience, scenic service and
interest of Shanhaiguan scenic spot. Based on the information mined from the comment text, it
aims to extract the concerns and needs of tourists, provide potential consumers with consumption
choices and provide scenic spot management departments with marketing decisions.
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Table 2. Comparison of effects before and after data cleaning
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Table 3. Partitioning to stop words
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Figure 1. The overall word cloud map of Shanhaiguan scenic area
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Figure 2. Semantic network diagram of Shanhaiguan scenic area
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Figure 3. Naive Bayes confusion matrix
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Table 4. Naive Bayes confusion matrix
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Figure 4. Naive Bayes ROC curve
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Figure 5. Logistic regression confusion matrix
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Table 5. Logistic regression confusion matrix
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Figure 6. ROC curve of logistic regression
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Table 6. Model parameter training table
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Figure 7. Changes of training loss of LSTM model
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Figure 8. Changes of accuracy of LSTM model
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Figure 9. LSTM confusion matrix
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Figure 10. LDA topic probability model diagram
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Figure 11. Topic number-confusion line chart
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Table 7. Potential topics of negative comments
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Table 8. Positive comments on potential topics
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