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Linear-regression Model of CBR Retrieve and Implementation
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[Abstract] After studying the traditional CBR model, according to the deficiency that the feature weights are subjectively defined, this paper
proposes a linear-regression model for CBR retrieval, which will improve the effectiveness of CBR retrieval model. The key idea is to decide the
weight of each feature by the method of least square. And its property for linear regression helps to make the weights more exact. Thus in the model

the similarity degree between cases is more precise than the traditional one, which facilitates the reuse of the existing cases greatly. It also gives one

method to implement the model and describes the parameters.
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