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High-dimensional Data Discretization Method Based on Improved LLE

XU Tong-de
(Office of Academic Affairs, Guangdong Agriculture Industry Business Polytechnic College, Guangzhou 510507 ,China)

Abstract Discretization algorithms for continuous features play a very important role in data mining ., machine learning
and pattern recognition. Existing methods mainly concentrate on discretizing low-dimensional data, However, there are
high-dimensional nonlinear data in the real world, Based on this, this paper presented a high-dimensional data discretiza-
tion method based on improved locally linear embedding (LLE ), namely ILLE-HD3. First, LLE could be improved by
considering class information of the data to effectively reduce dimensions of highrdimensional data, This facilitates the
discretization method to be implemented in a low-dimensional space, Second,with the dimensionality reduction.we pro-
posed a discretization algorithm for continuous features based on difference-similitude set(DSS), It uses class-feature in-
terdependency to determine the selection of cut points in continuous value domain, Meanwhile, it defines a classification
error criterion to control information loss generated by partition of continuous domain, Finally. by using the decision tree
classification tools,C4. 5 and C5, 0 ,the proposed ILLE-HD3 algorithm achieves a better result on high-dimensional non-
linear data and higher classification accuracy than the existing algorithms,

Keywords High-dimensional data. Locally linear embedding ( LLE) ., Discretization. Classfeature interdependency.
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