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Abstract

With the rapid development of e-commerce platforms and the explosion of user-generated content
(UGC), online reviews have become critical information sources for consumer decision-making.
However, the complexity of massive comment data poses challenges for users to identify valuable
information and for platforms to efficiently filter high-quality reviews for analysis, highlighting the
growing importance of developing review helpfulness prediction (RHP) models. Existing studies
primarily rely on traditional variables (e.g., review length, ratings, and reviewer characteristics)
and regression-based methods, yet face limitations in model interpretability and the application of
deep learning techniques. To address these gaps, this study introduces sentiment deviation—a
novel metric quantifying the inconsistency between textual sentiment polarity and user ratings—
grounded in cognitive dissonance theory, and constructs an LSTM prediction model integrated with
an attention mechanism. Using Amazon food review data for empirical validation, our results
demonstrate that the proposed model significantly outperforms baseline methods in prediction ac-
curacy and stability, while the inclusion of sentiment deviation significantly reduces prediction er-
rors. Theoretically, this research expands the application of cognitive dissonance theory in RHP and
provides new insights into consumer decision-making mechanisms. Practically, the model empow-
ers e-commerce platforms to optimize review filtering and content recommendation, thereby en-
hancing consumer experience and platform competitiveness.
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Figure 1. Framework of the review helpfulness prediction model
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