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ods based on the plackett-luce model. In Proceedings of the 27th In-
ternational Conference on Machine Learning (ICML-10), June 21-24,
2010, Haifa, Israel, pages 215–222, 2010.

[25] W. Cheng, S. Henzgen, and E. Hüllermeier. Labelwise versus pair-
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tilabel classification via calibrated label ranking. Machine Learning,
73(2):133–153, 2008.
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