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Abstract

With the rapid development of data analytics, data preparation has become a major bottleneck. The two essential challenges
for data preparation on cost and time were analyzed. To address the challenges, the research progress on human-in-the-
loop data preparation was reviewed. Firstly, interactive data preparation was reviewed, which aimed to reduce the time
for data preparation by predictively interacting with the end users. Then, crowdsourced data preparation was introduced,
which utilize human’s computational power from the crowd to support foundamental data preparation tasks, and
developed algorithms for controlling result quality and reducing crowdsourcing cost. Finally, future research directions

were summarized and discussed.
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