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DISCUSSION CONCLUSION

| Does Every Component Actually Matter? TAED shows that building trustworthy Al means checking not just what
a model predicts, but why.

To test how well TAED holds up under pressure, we created a We tested what happens when we remove each part of the Trust
dataset of adversarial emails — messages that look normal to a Score one at a time. The results show that all three components
person but are designed to fool Al detectors. Each attack work together — removing any one of them makes the system
strategy subtly alters the email in a different way: significantly weaker:
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