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Abstract Identifying deceptive reviews has important theoretical meaning and practical value. While
previous works focus on some heuristic rules or traditional supervised methods. Recent research has
shown that humans cannot directly identify deceptive reviews by their prior knowledge. Human-
annotated dataset must contain some mislabeled examples. Due to the difficulty of human labeling
needed for supervised learning, the problem remains to be highly challenging. There are some
ambiguous reviews (we call them spy examples), which are easily mislabeled. The key of identifying
deceptive review is how to deal with these spy reviews. Based on some truthful reviews and a large
amount of unlabeled reviews, a novel approach, called mixing population and individual nature PU
learning, is proposed. Firstly, some reliable negative examples are identified from the unlabeled
dataset. Secondly, some representative positive examples and negative examples are generated by
integrating latent dirichlet allocation and K-means. Thirdly. all spy examples are clustered into many
groups based on dirichlet process mixture model, and two schemes (population nature and individual
nature) are mixed to determine the category label of spy examples. Finally, multiple kernel learning is
presented to build the final classifier. Experimental results demonstrate that our proposed methods

can effectively identify deceptive reviews, and outperform the current baselines.

Key words deceptive reviews; supervised learning; positive and unlabeled (PU) learning; Dirichlet

process mixture model (DPMM) ; multiple kernel learning (MKL)
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Table 1 Human Performance

Fz1 AItEse %
Methods Accurancy Recall F
JUDGE1 56. 8 54.9 55.8
JUDGE2 53.2 52.2 52.7
JUDGE3 59.2 59.1 59.1
MAJORITY 58.1 49. 6 57.6
SKEPTIC 60. 2 59.8 60. 1
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Table 2 Overall Accuracy on Different PU Learning

®2 BHEPUHKEMLLE %
Methods Accuracy

LELC 81.12
SPUL 81. 89
MPINPUL-1+SILP 82. 84
MPINPUL-2+SILP 82.96
MPINPUL-1+SimpleMKL 82.85
MPINPUL-2+ SimpleMKL 83.21
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Table 3 Performance on Different Algorithms

x3 5E/RIFERIRANEENILE %
Methods Accuracy

MPINPUL-1+0tt et al. 80.13
MPINPUL-2+Ott et al. 80.72
MPINPUL-1-+Fen et al. 80. 43
MPINPUL-2+Feng et al. 80. 95
MPINPUL-2+ SILP 82.96
MPINPUL-2+ SimpleMKL 83.21
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