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Some characteristics of different learning methods.

Key: ®= good, © =fair, and @=poor.
Characteristic Neural SWVM CART GAM KN, MART
MNets kernels
Natural handling
L - L L] e [ L ®
of data of “mixed”
type
Handling of miss-
. = ° ° ° ° ° °
ing values
Robustness to
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outliers in 1nput
space
Insensitive to
L 3 o [ L L ®
monotone  trans-
formations of
inputs
Computational
b . ° ° ° ° o °
scalability  (large
N
Ability to deal
. R L L] ® L ] ®
with irrelevant
inputs
Ability to extract
. ' i L L] [ »
linear combina-
tions of features
Interpretability
P : ° ° ° ™ °
Predictive power
P ° ™ ° ° ™ °




