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Visual Analytics Research for Improving Training Data Quality
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Abstract: The success of machine learning relies on high-quality training data. However, it is difficult to
ensure the quality of training data in practical applications due to the various sources of training data and the
inexperience of some annotators. By tightly integrating machine learning and visualization, visual analytics
techniques involve humans in the loop of data quality analysis and improvement, thereby enhancing the
quality of training data and improving model performance. In this survey, we first summarize the main types
of training data quality issues. Based on the identified problem types, we categorize and summarize relevant
visual analytics approaches. Finally, we delve into the opportunities and challenges faced in research on

training data quality improvement using visual analytics.
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