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A Study of Indices for the Difference in Distribution of Datasets
and Relationship Analysis of Prediction

Yuka Higasui! Yu Tsupa?

Abstract: In supervised machine learning, researchers conduct machine learning studies based on the as-
sumption that the target data has the same distribution between learning and evaluation. However, in the
real world, it may not meet the premise. For example, Dataset Shift is known to occur in the case of malware
datasets. In such the environment, even a state-of-the-art algorithm does not always exhibit the expected
performance. In order to solve these problems, the importance of evaluation on the assumption that the dis-
tribution of the target data is different is increased, and at the same time, an index that expresses a dataset
having a different distribution is required. In this paper, we use statistical testing to compare distributions
and validate an index that represents the difference in the distribution of datasets. And we show the merit
of the evaluation with datasets of different distribution by using EMBER dataset.

Keywords: Dataset, Malware, Machine learning
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