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Abstract

This paper focuses on whether the FastText model is a better solution to the text classification
problem compared to other machine learning models in the case of data anonymization. In this
paper, 200,000 Chinese text data from public news datasets are anonymized, and then logistic re-
gression, LGBM, random forest and FastText models are used for classification, and two improve-
ments to FastText are proposed for the results. The FastText model is better than other models in
terms of both accuracy and efficiency.
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Table 1. Anonymous processing of Chinese text data
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Figure 1. Training set data category distribution
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Figure 2. The accuracy of four classification models
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Table 2. The results of different models under four evaluation indicators
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peEAEIE| 0.8836 0.9068 0.8849 0.8841
LGBM 0.9384 0.9442 0.9232 0.9306
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FastTest 0.9153 0.9362 0.9136 0.9144
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Figure 3. Compared with TT-FastText and FastText accuracy after improvement
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Table 3. TT-FastText and FastText various indicators
3= 3. TT-FastText 5 FastText & WEHR

e G ES HIFTES H[ml FI1{f
TT-FastTest 0.9416 0.9543 0.9394 0.9401
FastTest 0.9153 0.9362 0.9136 0.9144
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