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Vision: Detection and Filtering of Fake News during Their Dissemination

Challenges:

» Retrospective (forensic) studies of fake news are old news. Each new wave of fake news is different by construction of “breaking news”.
 Authoritative sources of ground truth are domain-specific (e.g., CDC for the COVID-19 pandemic).

* New software tools for automating continuous data collection, teamed classifier updates, and their evaluation.
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Tidal Learning (training cycle): Scientific Impact:
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2L CIPLI ), training and test data news in real-time, in daily cycles as
e Continual evolution of live soon as they are created
m Qmﬁtinqal teamed classifier (from new « Study of live fake new waves through
w w e"a'“at training data) evolution of authoritative and test data
Comtimuoue Daily or ore « Continual evaluation of live * Moving beyond the (past) gold
Daily or more teamed classifier (by new standard of retrospective/forensic
test data) studies based on manual labeling
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Tidal Learning live classifiers: created and evaluated in daily cycles Forensic classifiers approach in timeliness and
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