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Abstract: In many real-world scenarios, data is continuously generated in the form of streams. Due to the dynamic
nature of streaming data, new categories may emerge during the generation process, which is known as concept evolution.
Concept evolution is one of the primary challenges leading to the degradation or even failure of predictive performance in
stream mining models. Therefore, concept evolution detection methods capable of promptly identifying changes in the class
space and alerting models to perform adaptive adjustments have attracted widespread attention. However, most of the
current concept evolution detection methods construct algorithms based on the assumption that the feature space is static
and unchanging. In real scenarios, the feature space is also dynamic and belongs to the open space. Specifically, over time,
some features may disappear and new features may emerge, thus violating the above assumption and causing existing
algorithms to fail. To address this problem, this paper proposes a concept evolution detection method for open feature space
(CD_OF). The method constructs a micro-cluster ensemble model to classify incoming instances. For the problem of
disappearing old features in the open feature space, the information contained in the old features is converted to the shared
features through the transfer matrix; for the newly emerged features, the shared feature space is expanded and the
integration model is reconstructed. On this basis, the inter-sample similarity is defined based on the shared neighborhood
information of the samples to detect concept evolution, and the dynamic decay model is established to solve the class

vanishing and classifications cycling problems under the open feature space. The experimental results show that the method
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proposed in this paper is able to respond to the changes of features in the open feature space in a timely manner and enhance

the ability of concept evolution detection. The error rate is reduced by 1.7% to 11.4% compared to existing methods on real

streaming data with feature space variations.
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