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Abstract: For the problem of clustering with high dimensional data, this paper presented a novel semi-supervised clustering
approach based marginal fisher analysis( MFASSC). All the data were first projected to a low-dimensional space using margin-
al Fisher analysis (MFA) and then clustered by PCSKM in the projected space. The algorithm effectively utilized supervised
information to integrate dimensionality reduction and semi-supervised clustering. According to the clustering results above, it
conducted dimensionality reduction operations and clustering analysis alternately until convergence. Experimental results show

MFASSC can effectively deal with the high-dimensional data and simultaneously improve the clustering performance.
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