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substitutes for Cl users?
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Audio User Study

Audio 1 of 20

Please listen to the audio file below

> I
Is this audio file spoken by a real human (Real), or is it not real (Fake)?
‘ Real ‘ ‘ Fake

On a scale of 1-5, how certain are you of your decision?

Low Confidence 1 ‘ 2 3 4 5 High Confidence

In few words, please describe what influenced your decision
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Human vs. Model Evaluation — RQ3 UF
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Cl users are disproportionally vulnerable to
VC deepfakes

Improving the proxy will allow the enhancement
of assistive deepfake detectors

Awareness & Education Programs

Need for effective real-time assistive
deepfake detection tools
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