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TextCNN-ALt 87.32 86.32 88.61 87.45
Fasttext 87.42 85.88 89.22 87.52
MWCNN 88.20 87.26 88.94 88.09
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A Multi-channel MOOC Review Sentiment Analysis Model based on
Mixed Word Embeddings
WANG Nu-jian,JIA Can,SHEN Hong-xu, AIZIERGULI- Yusufu*
(College of Computer Science and Technology , Xinjiang Normal University , Urumgqi , Xinjiang , 830054 , China )

Abstract: Multi-channel word embedding models demonstrate excellent performance in sentiment analysis,
but they often fail to fully exploit the graph structure in text, they simply combine various word embedding
techniques. To address this issue, the method proposed in this paper first calculates and normalizes the TFIDF
weights of the text vocabulary, then uses these weights to construct a weighted graph. Node2vec is used to train and
obtain node embedding vectors. Meanwhile, Word2vec and Bert word vectors are merged and combined with weights
to achieve multi—channel feature learning. Finally, Rdrop structure is utilized to enhance generalization ability.
Experimental results show that, compared to traditional convolutional models, the proposed method achieves 3.35%
improvement in accuracy and 3.80% enhancement in F1 score. Additionally, it also exhibits superior performance
compared to other multi—channel models.

Keywords : Multi-channel ; Word embedding; MOOC ; R—drop ; Node word vector



