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1. Overview

This work is part of the JST-CREST project,
titled "Anonymous Healthcare Cohort with the
Guarantee of Data Privacy and Utility." It aims
to develop next-generation anonymous data pro-
cessing that is secure against re-identification
threats and incorporates a statistical evaluation
of errors.

2. Local Ditferential Privacy
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3. Anonymization Algorithm
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even if the response is disclosed, it’s uncertain
whether it is the true preference or a randomized
one, thereby safeguarding the patient’s privacy.

Estimating Joint Probability Distributions (JPD) by Castell[4] 5. Model Evaluation

To analyze performance when estimating joint
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6. Results
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