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Abstract Explainability has gained attention to ensure fairness and transparency in machine learning models, providing
users with a sense of understanding. Many services such as Amazon Web Services, Google Cloud Platform, and Microsoft
Azure running Machine Learning as a Service (MLaaS) platforms, which provide several methods to explain model. However,
in 2022, Luo et al. demonstrated that Shapley value-based explanations could lead to inference of private attribute, posing
privacy risks of information leakage from models. Nevertheless, it remains unclear whether the attribute inference risk on the
alternative explainability exist or not. Therefore, this study evaluates the attribute inference risk on LIME and compare the
vulnerability with the explanability Shapley values.
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