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A Study on A Model of Convergence Security Compliance
Management for Business Security

Minsu Kims

ABSTRACT

Recently, increasing security threats are not only interfering with business continuity of companies but they are al
so causing serious problems on social and national levels. As violation of intellectual property rights increases due to
growing competition between different companies and countries, companies are now required to follow various IT co
mpliance regulations, under relevant legal obligations. This study proposed a model of convergence security complian

ce management by using machine learning, in order to help companies actively utilize IT compliance.
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2.3 Machine Learning Algorism
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