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Age > 20
Yes No
Gender=Male 2.8
Yes No
4.8 4.1

2. FRUABFXY TR

IF Age > 20:
|IF Gender == Male;:
return 4.8
ELSE:
return 4.1
ELSE:
return 2.8
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CARTHZ

Characteristic Neural SVM|] Trees | MARS  k-NN,
Nets Kernels

Natural handling of data v v A A v

of “mixed” type

Handling of missing values v v A A A

Robustness to outliers in v v A v A

input space

Insensitive to monotone v v A \4 v

transformations of inputs

Computational scalability v v A A v

(large N)

Ability to deal with irrel- v v A A v

evant inputs

Ability to extract linear A A v v

combinations of features

Interpretability v v A v

Predictive power A A v A

[Table 10.3 from Hastie et al. Elements of Statistical Learning, 2nd Edition]
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BH%¢ (Bootstrap)
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BH%¢ (Bootstrap)
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H—B#5% (Leave-One-Out Bootstrap)
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EZMTIES5 Sec 8.4 of Hastie et al. The elements of
statistical learning. 2008.
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Bagging: Bootstrap Aggregating
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At 4Bagging&KiZB?

lRE-FZEDHE (Bias-Variance Decomposition)
BRiRY = f(X) + e, HHFE[e] =0 Var[e] = o2
TERIN X AUHAEETRZE /Y

Err(xy) = E [(Y — f(xo))2 X = xol

= 02 + [E[f o)] — fGx)]” + E[f (xo) — E[f o]
= 02 + Bias? (f (o)) + Var (f(x,))
BaggingBMHERE R SRREEIEREERERE T HE
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