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Abstract

The emergence of social media creates opportunities for users to share
their thoughts. Billions of short texts are produced on social media daily,
and their analysis in text mining and content analysis is essential.
Detecting topics from short texts on a large scale is an important and
challenging task. Few studies have been conducted on topic detection in
Persian short texts, and the existing algorithms are not remarkable.
Therefore, we decided to study the topic detection in Persian. Topic
modeling is a topic detection technique that extracts groups of words as
topics from documents. Recently, neural topic models have shown
improvements in increasing the coherence of topic modeling. Also, text
embeddings have enhanced neural models. For this reason, in this study,
two combined topic models and the ZeroShot topic model are presented
for topic detection in Persian social media short texts. These two models
incorporate pre-trained BERT text representation into neural topic
models. The experimental results show that these two methods outperform
the comparison methods with the highest F1-measure, topic diversity, and
coherence score. Also, the ZeroShot topic model has better results in terms
of evaluation metrics than the combined topic model.
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