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6.2 BEBH

e, BAVERSE LTRSS ERE PR A FEEREEVIGEN 1 BT, B sEER%
EM 824 50 U5, FOTRIL N B(EZEAF] 0.2367438321583834 ., X455 5 F SCi5- 21 0.237 JE{LIAH
Fo RSB R, ATRM A =0.237 /8240 [, RATRE n(0?) P a=0,7=0, X5JH
SCIA R E A ]

6.3 FREAI

Table 1 Estimates of the linear regression parameters for the diabetes data.

Variable Bayesian Lasso Bayesian ¥{5[X[i] (95%) Lasso(n-fold c.v.) Lasso (L: ji##lilf]) Least Squares

(1) age -4.73 (-112.02, 103.62) 0.00 0.00 -10.01
(2) sex -213.57 (-334.42, -94.24) -193.11 -217.40 -239.82
(3) bmi 521.63 (393.07, 653.82) 521.71 525.44 519.85
(4) map 308.41 (180.26, 436.70) 294.73 309.07 324.38
(5) te -172.18 (-579.33, 128.54) -98.31 -166.72 -792.18
(6) 1d1 -1.98 (-274.62, 341.48) 0.00 0.00 476.74
(7) hdl -152.56 (-381.60, 69.75) -222.41 -174.87 101.04
(8) tch 92.97 (-129.48, 349.82) 0.00 73.19 177.06
(9) ltg 521.12 (332.11, 732.75) 511.37 525.20 751.27
(10) glu 63.08 (-51.22, 188.75) 52.46 61.50 67.63

Tablel &7 1B IR Bt i DUy Lasso A1 A b 5563011 B AP ALE0RT 95% RIMEIXTE]. T HO#R,
FABEMAT F/NFRFNPIF Lasso flivh (OFFHE 2 CEUEEEEA AT, DASCRA 5 DI 5 56 P 14
MR Ly JEROOAGTT) BISER. TENEF, FRATVRR 7K A5 B
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Diabetes Data Linear Regression Estimates
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B AL FFEMBIFRER p=1,n=10,X"X = 1, X'y =557y = 26 = 3 WFOL TR £ 5l
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Contour Plot of Example Posterior Density
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