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Abstract: Existing measures to detect spam reviews mainly focus on designing fez%ures from the perspective of linguistic

and psychological clues, which hardly reveal the latent semantic information
Neural Network ( HANN) model was proposed to mine latent semantic info
two layers: the Word2Sent layer, which used a Convolutional Ne
representations on the basis of word embedding, and the Sen
network to generate document representations on the basis of senten

were directly employed as features to identify spam reviewsq The

to preserve position and intensity information complet:
context of any position in a document can be extr
accuracy, compared with neural network-base

classification effect is improved significantly.

%eviews. A Hierarchical Attention-based
ation™The model mainly consisted of the following
rk ( CNN) to produce continuous sentence

which utilized an attention pooling-based neural

resentations. The generated document representations

yoposed hierarchical attention mechanism enables our model
, the comprehensive information, history, future, and local
e experimental results show that our method can achieve higher

s only, the accuracy is increased by 5% on average, and the
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Bidirectional Long-short Term Memory ( BLSTM)
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Fig. 1 Hierarchical attention-based neural network for spam review detection
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Fig. 2 Word2Sent model
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