3 Dimension Reduction Methods

So far we have controlled variance in two ways:
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We now explore a class of approaches that
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We refer to these techniques as dimension reduction methods.
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The term dimension reduction comes from the fact that this approach reduces the problem
of estimating p 4+ 1 coefficients to the problem of estimating M + 1 coefficients where

M < p. * 88,
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Dimension reduction serves to constrain 3;, since now they must take a particular form.
M
]g\) h 29m ¢6v\
m=1

.rﬂmi ﬂ""lﬁcr "f—‘j("'-ﬁh:-n ff"uf"" ({’V’:’LLI A CO/\S‘I’rau"cb{)

”‘> |:F (an L;ﬁ; Laeﬂ—';?;-'uf LS‘*”)‘MJ&
L of p=on (fon) sbtig M

Cen reduce. venone.

= Qreo.'a,{ case of on'j

All dimension reduction methods work in two steps.
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12 3 Dimension Reduction Methods

3.1 Principle Component Regression

Principal Components Analysis (PCA) is a popular approach for deriving a low-dimen-
sional set of features from a large set of variables.
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The Principal Components Regression approach (PCR) involves
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The PCR approach involved identifying W@ﬁm that best represent the predic-
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4 Considerations in High Dimensions

Most traditional statistical techniques for regression and classification are intendend for
the low-dimensional setting. n >> P
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In the past 25 years, new technologies have changed the way that data are collected in
many fields. It is no# commonplace to collect an almost unlimited number of feature
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What can go wrong in high dimensions? Jorey

4 Considerations in High Dimen...
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Many of the methds that we’ve seen for fitting less flexible models work well in the high-
dimension setting.
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When we perform the lasso, ridge regression, or other regression procedures in the high-
dimensional setting, we must be careful how we report our results.
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