


Table 6: Accuracy wins and losses for all 8 methods (row wins/column wins).

DL/O DL/OP DL/OL DL/OLP DL/U DL/UP RS RS/P
DL/O - 5/11 18/10 14/17 12/21 13/19 13/21 14/20
DL/OP 11/5 - 19/11 14/15 12/21 13/19 13/21 13/20
DL/OL 10/18 11/19 - 10/16 11/21 12/19 13/20 13/17
DL/OLP 17/14 15/14 16/10 - 14/19 13/20 14/19 14/18
DL/U 21/12 21/12 21/11 19/14 - 20/11 13/19 12/16
DL/UP 19/13 19/13 19/12 20/13 11/20 - 12/19 13/20
RS 21/13 21/13 20/13 19/14 19/13 19/12 - 16/13
RS/P 20/14 20/13 17/13 18/14 16/12 20/13 13/16 -

scale. This expectation was confirmed by the empirical
evaluation that showed a significantly higher AUC for
using all applicable rules compared to using the first
rule in the ordered set.

In summary, the attractive properties of decision
lists compared to rule sets, i.e., to require only a simple
inference mechanism and to allow for a more compact
representation, actually have a negative effect on the
AUC.
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