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Abstract

On online platforms, user reviews and votes are key indicators for assessing merchants’ service
quality and users’ credibility. However, fake reviews and anomalous voting behaviors can seri-
ously undermine the authenticity and fairness of information. This paper focuses on consistency
auditing based on structured data, proposing rating-consistency and review-vote consistency de-
tection methods for large-scale review data, and conducts an empirical study using Yelp's official
open dataset as a case. For rating detection, by comparing the average rating displayed on mer-
chant pages with the mean recalculated from the underlying review records, we identify about
0.97% of merchants with significant discrepancies (differences above the 99th percentile), sug-
gesting potential rating manipulation or update lag. For review-vote detection, by comparing the
“useful” votes recorded on user profiles with the sum of “useful” votes received by all of their
reviews, we find that only 17.56% of users are perfectly consistent, while 7.54% exhibit low dis-
crepancies and 50.18% exhibit medium discrepancies; for some anomalous accounts, the discrep-
ancy exceeds 200,000 votes, indicating severe data anomalies or possible ballot-stuffing behavior.
The experimental results demonstrate that consistency checks on ratings and votes can effec-
tively reveal abnormal patterns in platform data and provide a low-cost, high-coverage prescreen-
ing mechanism for identifying fake reviews and vote-manipulation behavior. This study not only
verifies the feasibility and efficiency of structured consistency auditing in big-data settings, but
also offers practical guidance for review-ecosystem governance and risk control on online plat-
forms.
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Figure 1. Score distribution comparison chart
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Figure 2. Exemplary diagram of merchants with maximum rating discrepancies
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Figure 3. Logarithmic scatter plot
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