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Abstract: With the development of artificial int ’nce and big data technology, the global data industry is experiencing explo-

sive growth in scale and data reserves. surigle data security while mining its value has become a critical issue that urgently

needs to be solved. Data desensitizat ology transforms sensitive data with pre-set rules and algorithms, removing sensitive

information from the data, preve gal access and acquisition of sensitive data, and reducing the impact on the overall data
set mining and utilization, achi privacy protection while maintaining data availability. This article addresses the issue of data
privacy protection in neural network prediction models. The Laplace mechanism in differential privacy technology is used to
desensitize the Adult data set and validated in the neural network prediction model. Comparing the predictive performance of the
original data, differential privacy-sanitized data, and models generated from other desensitization techniques data, the results show
that the data processed by differential privacy technology not only ensures data privacy but also achieves effective utilization of the

data.
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