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Abstract; With the more and more wide application of deep learning models, the accuracy of the models continues to
improve, providing feasibility for intelligent research and judgment systems. The psychological behavior of college students
have both explicitness and implicitness. At present,implicit information is often overlooked in the process of psychological
counseling. In order to extract implicit information more effectively,this paper uses the deep learning method to extract the
psychological characteristics of college students’ psychological interview data, and constructs an intelligent analysis
algorithm for college students’ psychological counseling data. In order to deepen the emotional orientation in the word
vector, this paper uses the BERT model to replace the traditional Word2vec model. And the BiLSTM algorithm is used to
strengthen the correlation between contexts. Experiments prove that the algorithm effectively obtains metaphorical and low-
frequency semantic information in the process of psychological counseling,classifies psychological counseling data( positive
emotion and negative emotion) ,and accurately warns the interview data of negative emotions.
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