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Abstract The application of systems supported by machine learning is becoming more and more common. However, because the
requirements of such systems are often difficult to express completely and there may be some conflicts which are hard to detect,
these systems usually cannot efficiently meet the comprehensive needs of users in a real application environment. In addition, for
Machine Learning Systems (MLS) used in actual scenarios,user trust usually depends on the satisfaction of comprehensive re-
quirements including non-functional requirements such as interpretability and fairness,and application of machine learning in dif-
ferent fields usually has specific needs,which brings challenges to ensure the quality of requirement description and decision-mak-
ing for implementation process. To solve above-mentioned problems,this paper presents a machine learning system requirements
and decision-making framework which includes a concept MLS requirements model and a Meta-Model of MLS pipeline process,as
well as decision making method for training datasets and algorithms selection. The purpose is to standardize the design,develop-
ment and evaluation of requirements for machine learning used in actual scenarios. The case study shows that the proposed MLS
requirement description and implementation method is feasible and effective.
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) Table 6 Overall score of some supervised learning algorithms
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