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Abstract

With the continuous advancement of technology, people’s lives are getting better and better, the
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popularity of vehicles is gradually increasing, and people are paying more and more attention to
the experience that vehicles bring to them. For auto companies, car safety is directly related to the
lives of customers. People are more concerned about and sensitive to the positive and negative
public opinions of auto companies, making it more difficult to deal with public opinions. If the
negative public opinion cannot be dealt with in a timely manner, car companies will face signifi-
cant public opinion pressure, and it will also consume a lot of resources and financial resources
when dealing with it afterwards. Since most of the products are produced on a large scale and
multi-party interests are entangled, the public opinion systems of auto companies often have
higher public opinion requirements than other companies. Therefore, for auto companies, the
identification and prediction of public opinion plays a very important role. The paper establishes
a Naive Bayes Model to identify and predict the positive and negative public opinion of car compa-
nies. On the basis of effective data processing, this paper uses the given training set data to build
the model, and uses the test set data to evaluate the rationality and scientificity of the model. Stu-
dies have shown that the accuracy and reliability of the public opinion recognition and prediction
model for car companies adopted in this article is relatively satisfactory, but after redefining pub-
lic opinion tendencies, the accuracy of the model has been greatly improved, and the accuracy of
identifying negative public opinions has been greatly improved. This model can be used to judge
the public opinion of car companies in real life. Finally, this article puts forward a prospect that
when selecting data when training the model, we should try to balance the proportion of data of
various samples to avoid over-identification problems.
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Figure 1. Flow chart of text orientation analysis
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Figure 3. The distribution of public opinion tendency of car companies in the
training set data
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Figure 4. The distribution of public opinion tendencies of auto
companies on the “Qianlima” website
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Figure 6. The distribution of public opinion tendencies of auto companies on the “Qianlima” website
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Table 1. Variance analysis results of the distribution of public opinion tendencies of various websites
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df sum_sq mean_sq F PR (>F)
group 1.0 23.3449 23.34489 67.9009 248 x 107"
Residual 3207.0 1102.5928 0.3438
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Figure 7. Word cloud diagram of positive public opinion tendencies
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Table 2. Test set accuracy

2. MAEHBE

Values Precision Recall F1-Score Support
-1 0.45 0.68 0.54 8992
0 0.86 0.68 0.76 49850
1 0.37 0.58 0.45 9818
Accuracy 0.67 68660
Macro Avg 0.56 0.65 0.59 68660
Weighted Avg 0.73 0.67 0.69 68660

MAZgE R ] LR B, A i 8 (U 28 0.45, TEIZ0N 0.68, F1 #3904 0.54; FArhik
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Table 3. Test set accuracy (0 VS —1)
3. MAEREEO VS -1)

Values Precision Recall F1-Score Support
-1 0.42 0.70 0.53 8992
0 0.95 0.86 0.90 59668
Accuracy 0.84 68660
Macro avg 0.69 0.78 0.71 68660
Weighted avg 0.88 0.84 0.85 68660
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Table 4. Test set accuracy (0 VS 1)
Fa. MAEHEOVS D

Values Precision Recall F1-Score Support
0 0.92 0.83 0.87 58842
1 0.36 0.59 0.45 9818
Accuracy 0.79 68660
Macro avg 0.64 0.71 0.66 68660
Weighted avg 0.84 0.79 0.81 68660

MIZgE Rl LE R, ZEAIEHEE RSN 0.36, HRIFEN 0.59, F1 154K 0.45; FAIEIE
THI B AR RS B4 0.92, A IR 0.83, F1 15504 0.87 W45 K, T A B TR I s A RS FE R 0.79,
Fo FRAE BB S S IR ARE N 0.84, SARE R X260, MEA TIRKWIERT. H2, 55—/
€ X7 AREL, AEEEA AT N, o AU T EPIE 1 7 BT B I T B B B R I
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