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Simple example: Ridge and lasso
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Figure 6.10 from An Introduction to Statistical Learning (2013)




for mer cumvfln-x Sthvatione ¢

¥ R shanks (onon oanM} even dimention wit the

% Lasso —————+v— ok wedll cenly fowerds Zwo
with sini b amonnty and %\«Hﬁc\u\.‘hﬁ Sonall
watficants ol o waw) Jo zers.



3@!9.6“-’*5 4ing Tuningy parmmeker X

“‘%:tl'wd: eress validzbon T Mo O “trAYZ 05 Come St
end diS of 1SR 7]

TN’> . P((CL) RIC, Cp A& Kigut\'s il e baored on d.= #MQWD andl
Con COF 0 waed\ |

’\) Divde the dets sk D Km‘u& ek (K<T;10)
AR A
e |

2) Pk 213 )T 18 wad o fit e ««ooul (RR & lanss )

Lo agpidh of N-valiws —> qves % for 2adn A

Part A (s woed to cdalate Sse% e=dn C@,Q\\?«lr
= Gk $8T ot N-grroh 1 Sse,(0)




3) Now foct (43,4 &) 1 used %o fr e s gor
the N ﬂ""d - (é)’}\\ e
Prart 2 s wed 4o cdcdake SSE : SSE, O\

) Lo paok" dnﬂ\n_aetw—?«r fock BN, .y € Lok ok
2L (A, ... ) SSEL ()

S) Sumn the T -@readn f’c.r(- /\),., ' Lg_ﬂ.-é,,\b’_gw
eady Valu of A Plot.

<
O\OON_ 'H/‘Q />\ witb t(,\o_ MU MG 8 SSELCO\\) .
L=\ <




Credit: choose ) ridge
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Figure 6.12 from An Introduction to Statistical Learning (2013)
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Simulated data (B): choose ) lasso
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Figure 6.13 from An Introduction to Statistical Learning (2013)
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Acid rain

ds=read.table("http://www.math.ntnu.no/ mettela/TMA4267/
Data/acidrain.txt",header=TRUE)

# 2. Shrinkage with Ridge and lasso

#First we will fit a ridge-regression model.

This is achieved by calling ‘glmnet® with ‘alpha=0°¢
There is also a ‘cv.glmnet‘ function which will do
the cross-validation for us.

library(glmnet)
x=model.matrix(y~.-1,data=ds)
y=ds$y




Acid rain: ridge

fit.ridge=glmnet (x,y,alpha=0)
plot(fit.ridge,xvar="lambda",label=TRUE)

cv.ridge=cv.glmnet (x,y,alpha=0)
cv.ridge$lambda.min
[1] 0.02976545
which.min(cv.ridge$cvm) #length 100, range: 297-0.0297
[1] 100
cv.ridge$lambda.ise
# use 1sd error rule default, unless foldid=FALSE
[1] 0.06265342
plot(cv.ridge)
coef (cv.ridge)
8 x 1 sparse Matrix of class "dgCMatrix"
1
(Intercept) 5.590860491

x1 -0.125713299
x2 -0.002482710
x3 0.476292879
x4 -0.002107013
x5 -0.002678078
x6 0.092472787
x7 0.042759054
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Acid: choose ) ridge

Coefficients
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Acid: choose ) ridge
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Acid rain: lasso

#Now we fit a lasso model; for this we use the default ‘alpha=1°¢
fit.lasso=glmnet (x,y)

plot(fit.lasso,xvar="lambda",label=TRUE)

# lambda from 0.297 to 0.0005843, 68 values
cv.lasso=cv.glmnet (x,y)

which.min(cv.lasso$cvm) #50

plot(cv.lasso)

coef (cv.lasso)

8 x 1 sparse Matrix of class "dgCMatrix"

1
(Intercept) 5.653750217
x1 -0.204444353
x2 -0.001333015
x3 0.651533857
x4 -0.001845269
x5
x6
x7
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Acid: choose )\ lasso

Coefficients
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Acid: choose )\ lasso
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