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Abstract

With the rapid development of e-commerce, online reviews have become a key basis for consumers’

XEGIF: BRoR, TAEE. TSI TR S RIS BRI T ERE R D). BT R S5 1EE, 2026, 15(4): 650-657.
DOI: 10.12677/ecl.2026.154441


https://www.hanspub.org/journal/ecl
https://doi.org/10.12677/ecl.2026.154441
https://doi.org/10.12677/ecl.2026.154441
https://www.hanspub.org/

Wik, THE

purchasing decisions and the accumulation of merchants’ reputation. However, driven by profit, the
phenomenon of fake reviews (online water armies) is becoming increasingly rampant, severely dis-
rupting market order. Existing detection methods mostly focus on the textual content of reviews or
single behavioral features of users, neglecting the higher-order group collaboration patterns among
fake reviewers, especially organized fraudulent groups. This paper introduces the hypernetwork
modeling concept from scientific collaboration networks into e-commerce fake review detection
and proposes a fake reviewer detection model based on hypernetwork (HBCD, Hypernetwork-
Based Fake Comment Detector). The model first constructs the “product-user” review relationship
as a hypernetwork, where each product and its reviewers form a hyperedge; subsequently, the
model deeply integrates the textual anomaly of reviews, users’ historical credibility, and the crucial
hypernetwork collaboration factor (i.e., the co-occurrence intensity of a user with the same suspi-
cious group across multiple products). Experiments on real e-commerce datasets demonstrate that
this method can effectively characterize the covert collaborative structure of fraudulent groups, sig-
nificantly improving the accuracy and robustness of identifying fake reviewers, particularly group-
based fraudulent reviewers, thereby providing a new technical perspective for credit governance
on e-commerce platforms.
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Table 2. Performance comparison of different fake review detection methods
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