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Outliers Mining via Weighted Multidimensionality Scaling
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Abstract Mining outliers from the data set which is distributed on a low dimensional manifold is a hard task. The ex-

isting algorithm may not be effective for the situation. So a novel approach called weighted multidimensionality scaling

is proposed for outliers mining. It is based on multidimensionality scaling, MDS, Every data point will get a reliability

score by the algorithm, then it can be determined whether it is a outlier through the value of its reliability score. The

experiments show the efficiency of the algorithm,
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