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Abstract

In recent years, digital media and instant
messaging platforms have accelerated the spread of
fake news and misinformation. Traditional fact-
checking is often delayed and requires users to leave
the browsing page, limiting its immediacy. Therefore,
this study implements a Chrome Extension for low-
latency fake news detection during web browsing.

gy

The system collects webpage URLs through the
extension, while the backend integrates Firecrawl,
MongoDB, text processing, and a hierarchical mBERT
model for URL querying, unknown URL crawling, and
classification. It also highlights key sentences and
suspicious terms to support explainable results. The
system embeds fake news detection into daily browsing,
reduces the barrier to fact-checking, and improves user
awareness of suspicious information.
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