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
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Dimension reduction serves to constrain 3;, since now they must take a particular form.
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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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tors X1,...,X,.

' /
We (deptthed he dicectirme g4 m,fl//)#wif—v/ wa) (kesfm\so / t; net wred ﬁéc/o i
detecmre M deechs~s).
Consequently, PCR suffers from a drawback .
Ther (4 no 9""""‘#5 POV (o of¢ < chon et Lesf ,z_rfla,'as ﬁ*ﬁrto[/‘(/lor/ v /)

best Aot s fo explan e refupm st brv phetavs oA regpon -
Alternatively, partial least squares (PLS) is a supervised version. of cr prasiion

@ l.”((/‘*"% nevJ &,m+‘0‘€5 Z[)—‘-}_an (lnf\w tovaloy bt on ff or,"ﬁ,ﬁ,e f’to{ﬂ‘aﬁ/;
@ AF inew pode! (Jeast siww) us:'né dvon stoe pned fAJa‘a‘vr;,

zlio Le he

raAMO/'I(H

"'e’ yses 7 fx ’}O 'KM Mf,\,_-;M‘
%(M; ¢2Wl/ o O

FLS dso gty fo vbe { lust st %) o fod Biaor Gombistions o X, Xo
Roughly speaking, the PLS approach attempts to find directions that help explain both the
reponse and the predictors. Qintsr Combirahons

The first PLS direction is computed,
(D) standedize e p fredichrs (all hore st den =2),

@ et each ¢J" e.qw«l do Do Coelhe'eT fom a 5l‘mF[€, L ":ljf‘m‘l’/‘ 7N

gtlu{, de (oeFretat Lo SLR “{- 7NXJ‘ K Cor Cyj XJ) LY Fla-cﬁf h/“lj(,,e;f’ "mblf
bn Vhl\cslf/s HT cre J"WMDLO rclated (:l.l‘l‘\'.w('a) 4"’1@ NS{)O/\%.

To identify the second PLS direction, %~ Z, _
- - - N =N )
@ regess ered, Vorable Kires e wn Z, o~d gel residuds [rw = X T % d=h.f

L resdnds

@ [/0/’(,;\/5!& z.l L‘U P‘*'H”a aﬁ’-’L ¢\)2 PJ\WJ. 7tLT‘ coe-pp\'rl"tﬁ From SLR 7/\!6’- 'ﬂmw:'-[T@

T\'\e rest ANW“ iy Y Y‘F ~ Y\&Mll/\l‘/“"l P"‘F'\W’"d""‘ hel f-’?‘pld-'ﬁ&t/t L“a is‘r ‘PL S dr}\wfw; .
As with PCR, the number of partial least squares directions is chosen as a tuning

parameter. = cv!

C)t/\em[[»y Stenderd (‘ZU 1 E)(Lo{[b{olf ﬂ respon e before Pdfvrlwl‘ra. f[,é_

I peochice , PLS useeally perbers o btlle fer Moe o PLR,

L.> Su‘wrv@ul Mj'e_wu@f{aﬂm does H.oblwf,j L‘Jf' ofden increases vornznte, => nof alwep® et



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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Data sets containing more features than observations are often referred to as high-dimen-
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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.

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.



