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Big Data Quality Management: Problems and Progress

WANG Hongzhi

Department of Computer Science and Technology, Harbin Institute of Technology, Harbin 150001, China

Abstract Big data have wide applications. Since the quality of big data plays a crucial role in these data—centric applications, data

quality management techniques for big data are in demand. Although some theories and techniques for data quality management have

been proposed, due to the volume, variety and velocity of big data, current methods could hardly be applied to data management for

big data. This paper discusses the problems and challenges for error detection, error repair and query processing of dirty data in big

data management, and identifies intractability, mixed errors and the lack of knowledge as three new challenges to data quality

management. The progress of big data quality management in these three aspects is reviewed and open problems for future research

are proposed.
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