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ABSTRACT

The traditional personal information life cycle model, primarily tailored to conventional systems, is inherently unsuitable
for comprehending the nuances of personal information flow within artificial intelligence frameworks and for formulating ef
fective protective measures. Therefore, this study endeavors to introduce a personal information life cycle model specificall
v designed for artificial intelligence (AI). This paper presents a personal information life cycle model suitable for artificial
intelligence, which includes the stages of collection, retention, learning, use, and destruction/suspension, along with the re-1
earning process for destruction/suspension. Subsequently, we compare the performance of these existing models (such as
personal information impact assessment and the ISMS-P model) with the newly proposed model. This underscores the sup
eriority of our proposed model in comprehensively understanding the personal information flow in Al and establishing robu

st protective measures.
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