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3. 48 oA

o] HojlME shte] AA| AR (real data)} shite] o] PAE AR (simulated data)oll oA A
¢Het LassoE o8¢ {Hdt FAREAE Agatt. A5EAME RS AE3oH Lasso 3AE
930 R 971212 larst} elasticnetS AREE 4= 9l o1} Bl YukA 2l elasticnet 02319t}

3.1. 10 #7] A&

AA AL o2 AFRE 28 R 97]% ¢ FactoMinerRel] 9= decathlon A& olt}. o] A=
20043 & 23} 2004 Decastar®] 419 A4=9] 7|Fo|t}. Qe 137 ¥E7F o A7) 7154 8%
HE o2 A= 7T AREH AT

Table 3.1 Variables used in decathlon data

Variable name Explanation Unit
100m 100 meters seconds
Long.jump Long jump meters
Shot.put Shot put meters
High.jump High jump meters
400m 400 meters seconds
110m.hurdle 110 meters hurdles  seconds
Discus Discus throw meters
Pole.vault Pole vault meters
Javeline Javelin throw meters
1500m 1500 meters seconds

1070 71 7150]7] wiEol Ys thale] £E3E H4E AMSshe Zlo] AAsitial dnts o 3
319 A4S ARRSHg e a8l 2] 3 7])9 100m, 400m, 110m.hurdle, 1500m= o2 7 7)<}

o

9] gho] AL Zlo] 71Ze] F& olet BEF Aol -1 Fo BE WSS o] AW 7 Ze] FL
Ao w2 Wgsigint
WA 147k (eigenvalue) S 731 Y 0.327, 0.174, 0.140, 0.106, 0.068, 0.060, 0.045, 0.040, 0.021,

0.0180] Vigith. B BAbel 1HrTh 2 B2 APsH T4 Re] 47l ] whe] o] 7zl o3 47
o FART IS 7T AARES St
=

Yl 7Rl 2 5-3%k<l 0.327, 0.174, 0.140, 0.1069] 3 F= = 27 E (eigenvector)= Table 3.29} 2+
}.
Table 3.2 Eigenvectors corresponding to four largest eigenvalues
Variable name PC1 PC2 PC3 PC4
100m -0.4283 -0.1420 0.1556 -0.0368
Long.jump -0.4102 -0.2621 0.1537 -0.0990
Shot.put -0.3441 0.4539 -0.0197 -0.1854
High.jump -0.3162 0.2658 -0.2189 0.1319
400m -0.3757 -0.4320 -0.1109 0.0285
110m.hurdle -0.4126 -0.1736 0.0782 0.2829
Discus -0.3054 0.4600 0.0362 0.2526
Pole.vault -0.0278 -0.1368 0.5836 -0.5365
Javeline -0.1532 0.2405 -0.3287 -0.6929

1500m -0.0321 -0.3598 -0.6599 -0.1567
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Figure 3.1 CPEV versus sparsity for the four principal components
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Table 3.3 Coefficients vectors for the new principal components with sparsity 2, 0, 2, 1

Variable name él ﬁZ és §4
100m -0.4190 -0.1420 0.1298 -0.0240
Long.jump -0.4170 -0.2621 0.1320 -0.0803
Shot.put -0.3593 0.4539 0.0000 -0.1699
High.jump -0.3091 0.2658 -0.2051 0.1203
400m -0.3926 -0.4320 -0.0510 0.0000
110m.hurdle -0.4127 -0.1736 0.0653 0.2789
Discus -0.2819 0.4600 0.0000 0.2498
Pole.vault 0.0000 -0.1368 0.5723 -0.5389
Javeline -0.1485 0.2405 -0.3141 -0.7072
1500m 0.0000 -0.3598 -0.7005 -0.1374

2o34dE As

o] oAl Zou 5 (2006)°] AHSE BAAH AR FEE AHSIATE TAH WA 3
ok 2k

ol

2

(e
rlr

X;, = W + €, = 1,2,3,4
Vo+e€, i =5,6,7,8
Vs+e€, 1=9,10

o
I

X

4714
Vi ~ N(0,290), V2 ~ N(0,300), V3 =—0.3V1 +0.925V; + ¢,
ol e, 6 (1=1,2,...,10)2 EFEFFEZANAY FEZE T
HEI7)E 500002 o] R A2E W AWso i3t FAREMS AAEh 1 2
I} T2 1804.49, 1187.74, 2.34, 1.06, 1.05, 1.03, 0.99, 0.99, 0.97, 0.947} vke} 27)] & o™
S ot BER A3 Uitk A F 70 afgkell tles e Al e Table 3.49F 2}

Table 3.4 Eigenvectors corresponding to two largest eigenvalues

Variable name PC1 PC2
X, 0.1049 -0.4808
X 0.1045 -0.4810
X3 0.1044 -0.4808
X4 0.1050 -0.4816
X5 -0.3987 -0.1357
X6 -0.3989 -0.1356
X7 -0.3986 -0.1358
Xs -0.3984 -0.1358
X -0.4002 0.0188
X10 -0.4003 0.0187

AA AREAIAS B E T FRel oA A% e gaske 19 agHy

Figure 3.29} 2+ttt
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Figure 3.2 CPEV versus sparsity for the two principal components
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2 3] Wl ik At 002 WEoE A2 U Y WS X, (@ = 1,2,3,4)°0 tis At 5
A0 090 A 13 2 3 ohel o A2 WS X, (= 5,6,7,8)90 T2 ASE 0.1 A} 51o]
Uz £ A9 W5 Xg, Xjp 29 AWE 7] o2l WAt T AR AR tsiA= 36k
2712 CPEV 7L A€] W0l glo] 5ubg 271 AE= et o]gA A8d suge tf-g5 & AsHE
B, i=1,2% Table 3.59 2tk

Table 3.5 Coefficients vectors for the new principal components with sparsity 0, 2

Variable name él éz
X1 0.1049 -0.4824
X2 0.1045 -0.4842
X3 0.1044 -0.4832
X4 0.1050 -0.4846
X5 -0.3987 -0.1271
X6 -0.3989 -0.1268
X7 -0.3986 -0.1271
X3 -0.3984 -0.1270
Xo -0.4002 0.0000
X0 -0.4003 0.0000

Table 3.59] A4dEd] st CPEVE 0.6012, 0.99657F e} el T 7 AR ot
CPEV ¢ 0.6012, 0.99692} A2} x}o]7} 91ict.

o] Ao+ LassoE o]g3t 7HHSH FAEEA (principal component analysis)S A8}
He F AR 7A4H ot WA 24 g8l =442 (principal component)< T3k

-
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ot 2oz 7} FA4ES WS HS (response variable) 2 313 YA E AE W4 (explanatory vari-
able) £ dh= Lasso 3]7] ) &3t 3] AAG 43S Foth o FAAGT FAZl 7wt M2 F4
B2 M2 FHYRCE ARSI olgA & = Sl A7 HE AL FAEE WSS E st
HAEE AYHTE Y2 o IJAAT FAZ “ﬂ”ﬂ— IFHE (eigenvector) 7} = 7] wfZ o]t}

R 37|21 elastic netol] Y& enet TE o]&ste] 105 A7 A=} 284 Aol sl A&
sto] H gt} enet Tl A AT 091 F7AASE] 24 FUH (sparsity) ol TS5 E FAASS
o] 83} Shen¥ Huang (2008)9] CPEV (F32 AWEA H&)S AAsle] 7 FAAEEZ A E3t g
wbg g AEsiglth. 7 A% fd) FAERA0) theE s CPEVS) A9 Aol7} fedAs sk 9
\:ﬂ—/ﬁ o] ﬁ-ﬂﬂ}; 71_‘2. @-0]?‘5‘]— 2~ 0] Sdp].

o) ATe) 23 A7EA TheS A7 B 5 AL Holth 4 (23)004 FolA £4 oo

o

B, = argming{\gi — XBl3+ A18l + A;@%}

PAE AR Aotk A (2.3)0 A3(B57F F7FE Z SR elastic net T 7] A)9] enet FE o]-§3}
W EHHS 7T 5 Ak A3 > 08 AT uY] FHOZE p > ned ARoE AL =S A
Fo] B2 W7ot B AEE = 237} gl Aoz 4EA Ut (Zou &, 2006). weEkA o] g &
A S 58l Lassog o83k 7Hs AR EA 0] 482 4 & HAE AT £ ez A4
c}.
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Abstract

In this study, a simple principal component analysis using Lasso is proposed. This
method consists of two steps. The first step is to compute principal components by
the principal component analysis. The second step is to regress each principal compo-
nent on the original data matrix by Lasso regression method. Each of new principal
components is computed as the linear combination of original data matrix using the
scaled estimated Lasso regression coefficient as the coefficients of the combination. This
method leads to easily interpretable principal components with more 0 coefficients by
the properties of Lasso regression models. This is because the estimator of the re-
gression of each principal component on the original data matrix is the corresponding
eigenvector. This method is applied to real and simulated data sets with the help of

an R package for Lasso regression and its usefulness is demonstrated.

Keywords: Lasso, principal component analysis, regression model.
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