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[ Abstract]  Purpose/Significance To construct a prediction model for answer quality in online mental health Q&A communities, so
as to improve the efficiency of quality assessment, achieve real — time monitoring and feedback of answer quality, and assist mental health
counselors in continuously improving service quality. Method/Process Based on the 7 110 pieces of Q&A data from the “Yixinli” Q&A
platform from January to June 2023, the BERT pre — trained model is fine — tuned to extract deep semantic features of the Q&A texts,
thereby predicting the answer quality in online mental health Q&A communities. Result/Conclusion The fine — tuned BERT model a-
chieves an accuracy rate and F1 — score of 0. 889, outperforming four classical models in predictive performance. It demonstrates excel-
lent predictive capability for answer quality in online mental health Q&A communities and shows potential to replace manual annotation,
content review, and real — time service quality monitoring.
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