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library(tree)

library (ISLR)

attach (Hitters)
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plot (tree model)

text (tree model, pretty = 0, cex = 0.4a)
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Lab

Arefeh Nayebi

2025-02-24
library(tree)
library(ISLR)
attach(Carseats)
High = ifelse ( Sales <=8 ," No " ," Yes ")

High <- as.factor(High)

Carseats = data.frame ( Carseats , High )
tree.carseats <- tree(High ~ . - Sales, Carseats)
summary (tree.carseats)

#it

## Classification tree:

## tree(formula = High ~ . - Sales, data = Carseats)

## Variables actually used in tree construction:

## [1] "ShelveLoc"  "Price" "Income" "CompPrice"
## [6] "Advertising" "Age" "us"

## Number of terminal nodes: 27
## Residual mean deviance: 0.4575 = 170.7 / 373
## Misclassification error rate: 0.09 = 36 / 400

plot(tree.carseats)
text (tree.carseats, cex = 0.6)

"Population"



ShelvelLoc:ac
I

Price g 92.5 Price < 135

U$:a Incomk <46
Income < 57 Advertisipg < 13.5 Price < IUg-l

CompPri <2075 veg NO Yes

CompPride < 124.5 Age 4 54.5 Yes No

Price 4 106.5 Price 4 1225 CompPriqeCon#RsIqe < 152@-,5

Populatipn <_17}7
Incom T o ShelvéLoca CompPride < 147.5 No Yes Yes No
No Prlce 109.5 |_” Price 147 Yes No

No Yes No Agei49CEP pPri
Yes

No Yes Yes Yes

No

Yes No Yes No
tree.carseats
## node), split, n, deviance, yval, (yprob)
## * denotes terminal node
##
## 1) root 400 541.500 No ( 0.59000 0.41000 )
#it 2) ShelvelLoc: Bad,Medium 315 390.600 No ( 0.68889 0.31111 )
## 4) Price < 92.5 46 56.530 Yes ( 0.30435 0.69565 )
## 8) Income < 57 10 12.220 No ( 0.70000 0.30000 )
## 16) CompPrice < 110.5 5 0.000 No ( 1.00000 0.00000 ) =*
#i#t 17) CompPrice > 110.5 5 6.730 Yes ( 0.40000 0.60000 ) =*
## 9) Income > 57 36 35.470 Yes ( 0.19444 0.80556 )
#it 18) Population < 207.5 16 21.170 Yes ( 0.37500 0.62500 ) *
## 19) Population > 207.5 20 7.941 Yes ( 0.05000 0.95000 ) *
## 5) Price > 92.5 269 299.800 No ( 0.75465 0.24535 )
#it 10) Advertising < 13.5 224 213.200 No ( 0.81696 0.18304 )
#H# 20) CompPrice < 124.5 96 44.890 No ( 0.93750 0.06250 )
## 40) Price < 106.5 38 33.150 No ( 0.84211 0.15789 )
## 80) Population < 177 12 16.300 No ( 0.58333 0.41667 )
## 160) Income < 60.5 6 0.000 No ( 1.00000 0.00000 ) *
## 161) Income > 60.5 6 5.407 Yes ( 0.16667 0.83333 ) *
## 81) Population > 177 26 8.477 No ( 0.96154 0.03846 ) *
#it 41) Price > 106.5 58 0.000 No ( 1.00000 0.00000 ) *
## 21) CompPrice > 124.5 128 150.200 No ( 0.72656 0.27344 )
## 42) Price < 122.5 51 70.680 Yes ( 0.49020 0.50980 )
## 84) ShelvelLoc: Bad 11 6.702 No ( 0.90909 0.09091 ) *
#i#t 85) ShelveLoc: Medium 40 52.930 Yes ( 0.37500 0.62500 )



## 170) Price < 109.5 16 7.481 Yes ( 0.06250 0.93750 ) =*
#it 171) Price > 109.5 24 32.600 No ( 0.58333 0.41667 )

#it 342) Age < 49.5 13 16.050 Yes ( 0.30769 0.69231 ) *
#it 343) Age > 49.5 11  6.702 No ( 0.90909 0.09091 ) *
#i# 43) Price > 122.5 77 55.540 No ( 0.88312 0.11688 )

#i# 86) CompPrice < 147.5 58 17.400 No ( 0.96552 0.03448 ) =*
#it 87) CompPrice > 147.5 19 25.010 No ( 0.63158 0.36842 )
#i# 174) Price < 147 12 16.300 Yes ( 0.41667 0.58333 )

i 348) CompPrice < 152.5 7 5.742 Yes ( 0.14286 0.85714 ) *
#i# 349) CompPrice > 1562.5 5 5.004 No ( 0.80000 0.20000 ) *
## 175) Price > 147 7 0.000 No ( 1.00000 0.00000 ) x*

#it 11) Advertising > 13.5 45 61.830 Yes ( 0.44444 0.55556 )

## 22) Age < 54.5 25 25.020 Yes ( 0.20000 0.80000 )

#it 44) CompPrice < 130.5 14 18.250 Yes ( 0.35714 0.64286 )
#it 88) Income < 100 9 12.370 No ( 0.55556 0.44444 ) *

#i# 89) Income > 100 5 0.000 Yes ( 0.00000 1.00000 ) *

## 45) CompPrice > 130.5 11  0.000 Yes ( 0.00000 1.00000 ) *
## 23) Age > 54.5 20 22.490 No ( 0.75000 0.25000 )

#i# 46) CompPrice < 122.5 10 0.000 No ( 1.00000 0.00000 ) *
#it 47) CompPrice > 122.5 10 13.860 No ( 0.50000 0.50000 )

#i# 94) Price < 1255 0.000 Yes ( 0.00000 1.00000 ) *

#i# 95) Price > 1255 0.000 No ( 1.00000 0.00000 ) *

#it 3) Shelveloc: Good 85 90.330 Yes ( 0.22353 0.77647 )

#i# 6) Price < 135 68 49.260 Yes ( 0.11765 0.88235 )

#it 12) US: No 17 22.070 Yes ( 0.35294 0.64706 )

#i# 24) Price < 109 8 0.000 Yes ( 0.00000 1.00000 ) *

#i# 25) Price > 109 9 11.460 No ( 0.66667 0.33333 ) *

#Hit 13) US: Yes 51 16.880 Yes ( 0.03922 0.96078 ) *

## 7) Price > 135 17 22.070 No ( 0.64706 0.35294 )

#it 14) Income < 46 6 0.000 No ( 1.00000 0.00000 ) *

#it 15) Income > 46 11 15.160 Yes ( 0.45455 0.54545 ) *

set.seed(2)

train <- sample(l:nrow(Carseats), 200)

Carseats.test <- Carseats[-train, ]

High.test <- High[-train]

tree.carseats <- tree(High ~ . - Sales, Carseats, subset = train)
tree.pred <- predict(tree.carseats, Carseats.test, type = "class")
table(tree.pred, High.test)

## High.test

## tree.pred No Yes
#i# No 104 33
#it Yes 13 50

(104 + 50)/200

## [1]1 0.77

set.seed(3)
cv.carseats <- cv.tree(tree.carseats, FUN = prune.misclass)
names (cv.carseats)

## [1] "size" "dev" "k "method"

par (mfrow = c(1, 2))
plot(cv.carseats$size, cv.carseats$dev, type = "b")



plot(cv.carseats$k, cv.carseats$dev, type = "b")
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library(tree)

prune.carseats <- prune.misclass(tree.carseats, best = 9)
plot(prune.carseats)
text (prune.carseats, cex = 0.6)



Price I< 96.5

ShelveglLoc:ac

Yes
Price 4 124.5 Income < 43
Age § 49.5 No Yes
No
CompPride < 130.5
Populatioh < 134.5 No
Populati]?n <343 Yes
No
Yes No
tree.pred <- predict(prune.carseats, Carseats.test, type = "class")

table(tree.pred, High.test)

## High.test

## tree.pred No Yes
#i# No 97 25
#it Yes 20 58

(97 + 58)/200

## [1] 0.775

prune.carseats <- prune.misclass(tree.carseats, best = 15)
plot(prune.carseats)
text (prune.carseats, cex = 0.6)



Price I< 96.5

Populatipn < 414 ShelvglLoc:ac
ShelvglLoc:ac
Age 104 Yes Price 4 124.5 | <43
Educatiqn < 13. rice : ncomg
Yes
Educatign < 16.5\o |_—|
Yes Age 4 49.5 Population <393.5 No Yes
No Yes
ompPride < 143.5
CompPride < 130.5 CompPride < 124.5 No |_—|

. | Price|< 119
Populatioh < 134.5 »
Nédvertising < 10.5

i es
Populatipn < 343 No
No Yes
No

Yes No

No Yes

tree.pred <- predict(prune.carseats, Carseats.test, type = "class")
table(tree.pred, High.test)

## High.test

## tree.pred No Yes
#i# No 102 30
#it Yes 15 53

(102 + 53)/200

## [1] 0.775

library(MASS)

library(tree)

library(ISLR)

set.seed (1)

train <- sample(l:nrow(Boston), nrow(Boston)/2)
tree.boston <- tree(medv ~ ., Boston, subset = train)
summary (tree.boston)

##

## Regression tree:

## tree(formula = medv ~ ., data = Boston, subset = train)
## Variables actually used in tree construction:

## [1] "rm" "lstat" "crim" '"age"

## Number of terminal nodes: 7
## Residual mean deviance: 10.38 = 2555 / 246
## Distribution of residuals:



## Min. 1st Qu. Median Mean 3rd Qu. Max.
## -10.1800 -1.7770 -0.1775 0.0000 1.9230 16.5800

plot(tree.boston)
text (tree.boston, cex = 0.8)

rm< §.9595
|
Istat < [14.405 rm < [7.553
33.42 45.38
rm < 6.543 o.M < 11.4863
I——l age < TT T T |
21.38 27.73 18.09 14.43 10.32

cv.boston <- cv.tree(tree.boston)
plot(cv.boston$size, cv.boston$dev, type = "b")
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cv.boston$size

prune.boston <- prune.tree(tree.boston, best = 5)
plot (prune.boston)
text (prune.boston, cex = 0.8)



rm < §.9595
|

Istat < [14.405 rm <

7.553

33.42

rm < p.543

I | 14.46
21.38 27.73

yhat <- predict(tree.boston, newdata = Boston[-train, 1)
boston.test <- Boston[-train, "medv']

plot(yhat, boston.test)

abline(0, 1)

45.38



boston.test

10 15 20 25 30 35 40 45

yhat

mean((yhat - boston.test) 2)

## [1] 35.28688

library(randomForest)

## randomForest 4.7-1.2

## Type rfNews() to see new features/changes/bug fixes.

library (MASS)

set.seed(1)
train <- sample(1l:nrow(Boston), nrow(Boston)/2)

bag.boston <- randomForest (medv ~ ., data = Boston, subset = train, mtry = 13, importance = TRUE)
bag.boston

##

## Call:

## randomForest(formula = medv ~ ., data = Boston, mtry = 13, importance = TRUE, subset = train)
## Type of random forest: regression

## Number of trees: 500

## No. of variables tried at each split: 13

##

## Mean of squared residuals: 11.33119

#it % Var explained: 85.26

yhat.bag <- predict(bag.boston, newdata = Boston[-train, ])
boston.test <- Boston[-train, "medv']

10



plot(yhat.bag, boston.test)
abline(0, 1)

boston.test

10 20 30 40

yhat.bag

mean((yhat.bag - boston.test) "2)

## [1] 23.4579

bag.boston <- randomForest(medv ~ ., data = Boston, subset = train, mtry = 13, ntree = 25)
yhat.bag <- predict(bag.boston, newdata = Boston[-train, ])
mean((yhat.bag - boston.test)"2)

## [1] 22.99145

set.seed (1)

rf.boston <- randomForest(medv ~ ., data = Boston, subset = train, mtry = 6, importance = TRUE)
yhat.rf <- predict(rf.boston, newdata = Boston[-train, ])

mean((yhat.rf - boston.test) 2)

## [1] 19.62021

importance (rf.boston)

#i# »IncMSE IncNodePurity
## crim 16.697017 1076.08786
## zn 3.625784 88.35342
## indus 4.968621 609.53356
## chas 1.061432 52.21793
## nox 13.518179 709.87339

11



## rm 32.343305 7857.65451

## age 13.272498 612.21424
## dis 9.032477 714.94674
## rad 2.878434 95.80598
## tax 9.118801 364.92479
## ptratio 8.467062 823.93341
## black 7.579482 275.62272

## lstat  27.129817 6027.63740

importance(rf.boston)

#it %IncMSE IncNodePurity
## crim 16.697017 1076.08786
## zn 3.625784 88.35342
## indus 4.968621 609.53356
## chas 1.061432 52.21793
## nox 13.518179 709.87339
## r™m 32.343305 7857 .65451
## age 13.272498 612.21424
## dis 9.032477 714.94674
## rad 2.878434 95.80598
## tax 9.118801 364.92479
## ptratio 8.467062 823.93341
## black 7.579482 275.62272

## lstat  27.129817 6027.63740
library(gbm)
## Loaded gbm 2.2.2

## This version of gbm is no longer under development. Consider transitioning to gbm3, https://github.c

library(MASS)
library(randomForest)

set.seed(1)

data(Boston)
train <- sample(l:nrow(Boston), nrow(Boston)/2)
boost.boston <- gbm(medv ~ ., data = Boston[train, ], distribution = "gaussian", n.trees = 5000, intera

summary (boost.boston)

12



##
##
##
##
##
##
##
##
##
##
##
##
##
##

rm
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Relative influence
var rel.inf
rm rm 48.13967682
1lstat lstat 28.93851185
crim crim 4.49413146
dis dis 4.23182696
age age 3.14221169
nox nox 2.88094283
black black 2.83238772
ptratio ptratio 1.93050932
tax tax 1.80427054
rad rad 0.77569461
indus indus 0.73110525
zZn zn 0.07442923
chas chas 0.02430170
par (mfrow = c(1, 2))
plot(boost.boston, i "rm")
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rm
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yhat.boost <- predict(boost.boston, newdata = Boston[-train, ], n.trees = 5000)
boston.test <- Boston[-train, "medv']
mean((yhat.boost - boston.test) "2)

## [1] 19.37033

boost.boston <- gbm(medv ~ ., data = Boston[train, ], distribution = "gaussian", n.trees = 5000, intera

yhat.boost <- predict(boost.boston, newdata = Boston[-train, ], n.trees = 5000)
boston.test <- Boston[-train, "medv']
mean( (yhat.boost - boston.test) 2)

## [1] 18.68911
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Arefeh Nayebi
2025-02-18

Question 8

In the lab, a classification tree was applied to the Carseats data set after converting Sales into
a qualitative response variable. Now we will seek to predict Sales using regression trees and
related approaches, treating the response as a quantitative variable.

a. Split the data set into a training set and a test set.
library(ggplot2)
library(ISLR2)
library(randomForest)
## randomForest 4.7-1.2
## Type rfNews() to see new features/changes/bug fixes.

##
## Attaching package: 'randomForest'

## The following object is masked from 'package:ggplot2':

##

## margin

library(tidyverse)

## -- Attaching core tidyverse packages --———----——————————-———- tidyverse 2.0.0 --
## v dplyr 1.1.4 v readr 2.1.5

## v forcats 1.0.0 v stringr 1.5.1

## v lubridate 1.9.4 v tibble 3.2.1

## v purrr 1.0.4 v tidyr 1.3.1

## -- Conflicts ——————————————————————————— tidyverse_conflicts() --
## x dplyr::combine() masks randomForest::combine()

## x dplyr::filter() masks stats::filter()

## x dplyr::lag() masks stats::lag()

## x randomForest::margin() masks ggplot2::margin()
## i Use the conflicted package (<http://conflicted.r-lib.org/>) to force all conflicts to become error

set.seed(42)
train <- sample(c(TRUE, FALSE), nrow(Boston), replace = TRUE)

rf_err <- function(mtry) {
randomForest (
Boston[train, -13],
y = Boston[train, 13],
xtest Boston[!train, -13],
ytest = Boston[!train, 13],



mtry = mtry,
ntree = 500
)$testPmse
}
res <- lapply(c(l, 2, 3, 5, 7, 10, 12), rf_err)
names(res) <- c¢c(1, 2, 3, 5, 7, 10, 12)
data.frame(res, check.names = FALSE) |>
mutate(n = 1:500) |>
pivot_longer(!n) [>
ggplot(aes(x = n, y = value, color = name)) +
geom_line(na.rm = TRUE) +
xlab("Number of trees") +
ylab("Error") +
scale_y_logl0() +

scale_color_discrete(name = "No. variables at\neach split")
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b. Fit a regression tree to the training set. Plot the tree, and interpret the results. What test
error rate do you obtain?

set.seed(42)
train <- sample(c(TRUE, FALSE), nrow(Carseats), replace = TRUE)

library(tree)
tr <- tree(Sales ~ ., data = Carseats[train, ])
summary (tr)

##



## Regression tree:

## tree(formula = Sales ~ ., data = Carseats[train, ])

## Variables actually used in tree construction:

## [1] "ShelveLoc"  "Price" "Income" "Advertising" "CompPrice"
## [6] "Age"

## Number of terminal nodes: 16
## Residual mean deviance: 2.356 = 424.1 / 180
## Distribution of residuals:

## Min. 1st Qu. Median Mean 3rd Qu. Max.
## -4.54900 -0.82980 0.03075 0.00000 0.89250 4.83100
plot (tr)

text (tr, pretty = 0, digits = 2, cex = 0.6)

Shelveloc: Pad,Medium
I

Price 4 124.5 Price < 113

Age §44.5 Price 4 142.5

Price k 90.5 Agel< 60 140 11.0 o7 s
Shelvelfoc: Bai ' ’
Incomg < 72.5 Advertising < 10.5 g <105 a0
1 P 12 Agel 70 46 58 7.3 l
80 100 CompPrice < 126 ge : .

Price E:TE R?f i 385 1
9.1 6.7

67 53 94 69

carseats_mse <- function(model) {
p <- predict(model, newdata = Carseats[!train, ])
mean((p - Carseats[!train, "Sales"])"2)

}

carseats_mse(tr)

## [1] 4.559764

c. Use cross-validation in order to determine the optimal level of tree complexity. Does pruning
the tree improve the test error rate?

res <- cv.tree(tr)
plot(res$size, res$dev, type = "b", xlab = "Tree size", ylab = "Deviance")
min <- which.min(res$dev)



abline(v = res$size[min], 1ty = 2, col = "red")

o
(L(D) ] |
— o :
O 1
o _| \
< '
— |
v 3 |
O M ] \
g - X |
2 g ;
o g 4 .
— :
o O—o !
o - \
g ° \ |
\ o—O o
O—o0—p ~o0—07 TO—p—o0
I ' I I
5 10 15
Tree size

ptr <- prune.tree(tr, best = 11)
plot(ptr)
text(ptr, pretty = 0, digits = 2, cex = 0.6)




Shelveloc: Fad,Medium
I

Price 4 124.5 Price|< 113
Price 4 142.5
Price k 90.5 Agelc 60 12.0
9.7 7.2
Shelvelfoc: Bad —|
Incomg < 72.5 Advertisihg < 10.5 30
46 6.4 '
8.0 10.0 CompPrice < 126
8.6
5.8 7.4

carseats_mse(ptr)

## [1] 4.625875

d. Use the bagging approach in order to analyze this data. What test error rate do you obtain?
Use the importance() function to determine which variables are most important.

# Here we can use random Forest with mtry = 10 = p (the number of predictor
# variables) to perform bagging
bagged <- randomForest(Sales ~ .,
data = Carseats[train, ], mtry = 10,
ntree = 200, importance = TRUE
)

carseats_mse(bagged)

## [1] 2.762861

importance (bagged)

#i#t »IncMSE IncNodePurity
## CompPrice 11.2608998 104.474222
## Income 5.0953983 73.275066
## Advertising 12.9011190 125.886762
## Population  3.4071044 60.095200
## Price 34.6904380 450.952728
## Shelveloc  33.7059874 374.808575
## Age 7.9101141 143.652934
## Education  -2.1154997 32.712444



## Urban 0.9604097 7.029648
## US 3.1336559 6.287048

e. Use random forests to analyze this data. What test error rate do you obtain? Use the
importance () function to determine which variables are most important. Describe the effect
of m, the number of variables considered at each split, on the error rate obtained.

rf <- randomForest(Sales ~ .,
data = Carseats[train, ], mtry = 3,
ntree = 500, importance = TRUE

)

carseats_mse(rf)

## [1] 3.439357

importance (rf)

## %IncMSE IncNodePurity
## CompPrice 8.5717587 122.75189
## Income 2.8955756 116.33951
## Advertising 13.0681194 128.13563
## Population  2.0475415 104.03803
## Price 34.7934136 342.84663
## ShelveLoc  39.0704834 292.56638
## Age 7.7941744 135.69061
## Education 0.8770806 64.67614
## Urban -0.3301478 13.83594
## US 6.2716539 22.07306

f. Now analyze the data using BART, and report your results.
library (BART)

## Loading required package: nlme

##
## Attaching package: 'nlme'’

## The following object is masked from 'package:dplyr':
#i#
## collapse

## Loading required package: survival

# For ease, we'll create a fake "predict" method that just returns
# yhat.test.mean regardless of provided "newdata"
predict.wbart <- function(model, ...) model$yhat.test.mean

bartfit <- gbart(Carseats[train, 2:11], Carseats[train, 1],
x.test = Carseats[!train, 2:11]

)

## xxx*x*Calling gbart: type=1

## *x*xx*kxData:

## data:n,p,np: 196, 14, 204

## yl,yn: 2.070867, 2.280867

## x1,x[n*p]: 138.000000, 1.000000

## xpl,xpl[np*p]l: 141.000000, 1.000000
## x*xx*xxNumber of Trees: 200

## x*xx*xxNumber of Cut Points: 58 ... 1



##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##

**xxx*purn,nd,thin: 100,1000,1

**xxxPrior:beta,alpha,tau,nu,lambda,offset: 2,0.95,0.287616,3,0.21118,7.42913
*xkkksigma: 1.041218

*x*kxxy (weights): 1.000000 ... 1.000000
**k*x*xkDirichlet:sparse,theta,omega,a,b,rho,augment: 0,0,1,0.5,1,14,0
*kkxkprintevery: 100

MCMC
done
done
done
done
done
done
done
done
done
done
done

time:

0 (out of 1100)

100 (out of 1100)
200 (out of 1100)
300 (out of 1100)
400 (out of 1100)
500 (out of 1100)
600 (out of 1100)
700 (out of 1100)
800 (out of 1100)
900 (out of 1100)
1000 (out of 1100)

11s

trcnt,tecnt: 1000,1000

carseats_mse(bartfit)

## [1] 1.631285

Question 9

This problem involves the 0J data set which is part of the ISLR2 package.

a. Create a training set containing a random sample of 800 observations, and a test set containing

the remaining observations.

set.seed(42)
train <- sample(1l:nrow(0J), 800)
test <- setdiff(1:nrow(0J), train)

b. Fit a tree to the training data, with Purchase as the response and the other variables except

for Buy as predictors. Use the summary () function to produce summary statistics about the
tree, and describe the results obtained. What is the training error rate? How many terminal
nodes does the tree have?

tr <- tree(Purchase ~ ., data = 0J[train, ])
summary (tr)

##

## Classification tree:

## tree(formula = Purchase ~ ., data = 0J[train, 1)
## Variables actually used in tree construction:

## [1] "LoyalCH" "SalePriceMM" "PriceDiff"

## Number of terminal nodes: 8

##
##

tr

Residual mean deviance: 0.7392 = 585.5 / 792
Misclassification error rate: 0.1638 = 131 / 800

c. Type in the name of the tree object in order to get a detailed text output. Pick one of the

terminal nodes, and interpret the information displayed.



## node), split, n, deviance, yval, (yprob)

## * denotes terminal node

##

## 1) root 800 1066.00 CH ( 0.61500 0.38500 )

## 2) LoyalCH < 0.48285 285 296.00 MM ( 0.21404 0.78596 )

## 4) LoyalCH < 0.064156 64 0.00 MM ( 0.00000 1.00000 ) =*

# 5) LoyalCH > 0.064156 221 260.40 MM ( 0.27602 0.72398 )

## 10) SalePriceMM < 2.04 128 123.50 MM ( 0.18750 0.81250 ) *

## 11) SalePriceMM > 2.04 93 125.00 MM ( 0.39785 0.60215 ) *

## 3) LoyalCH > 0.48285 515 458.10 CH ( 0.83689 0.16311 )

## 6) LoyalCH < 0.753545 230 282.70 CH ( 0.69565 0.30435 )

# 12) PriceDiff < 0.265 149 203.00 CH ( 0.57718 0.42282 )

#i# 24) PriceDiff < -0.165 32 38.02 MM ( 0.28125 0.71875 ) *
## 25) PriceDiff > -0.165 117 150.30 CH ( 0.65812 0.34188 )

## 50) LoyalCH < 0.703993 105 139.60 CH ( 0.61905 0.38095 ) *
## 51) LoyalCH > 0.703993 12 0.00 CH ( 1.00000 0.00000 ) =*
#i# 13) PriceDiff > 0.265 81 47.66 CH ( 0.91358 0.08642 ) *

#i 7) LoyalCH > 0.753545 285 111.70 CH ( 0.95088 0.04912 ) *

d. Create a plot of the tree, and interpret the results.

plot(tr)
text(tr, pretty = 0, digits = 2, cex = 0.6)

LoyalCH I< 0.48285

LoyalCH 4 0.064156

LoyalCH 4 0.753545

SalePricehM <2.04
MM PriceDiff

<0.265

MM MM ) .
Pr|ceD|ff|< —0.16!

[
MM

| n\ml(5H 0.703993

CH

CH

CH
CH

> e. Predict the response on the test data, and produce a confusion matrix > comparing the test labels to

the predicted test labels. What is the test > error rate?



table(predict(tr, 0J[test, ], type = "class"), 0J[test, "Purchase"])

#

## CH MM
## CH 1256 15
## MM 36 94

f. Apply the cv.tree() function to the training set in order to determine the optimal tree size.

set.seed(42)
res <- cv.tree(tr)

g. Produce a plot with tree size on the x-axis and cross-validated classification error rate on

the y-axis.
plot(res$size, res$dev, type = "b", xlab = "Tree size", ylab = "Deviance")
min <- which.min(res$dev)
abline(v = res$size[min], 1ty = 2, col = "red")
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f. Apply the cv.tree() function to the training set in order to determine the optimal tree size.

set.seed(42)
res <- cv.tree(tr)

g. Produce a plot with tree size on the z-axis and cross-validated classification error rate on
the y-axis.

plot(res$size, res$dev, type = "b", xlab = "Tree size", ylab = "Deviance")
min <- which.min(res$dev)



abline(v = res$size[min], 1ty = 2, col = "red")
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h. Which tree size corresponds to the lowest cross-validated classification error rate?

res$size[min]

## [1] 6

i. Produce a pruned tree corresponding to the optimal tree size obtained using cross-validation.
If cross-validation does not lead to selection of a pruned tree, then create a pruned tree with
five terminal nodes.

ptr <- prune.tree(tr, best = res$size[min])
plot(ptr)
text(ptr, pretty = 0, digits = 2, cex = 0.6)

10



LoyalCH I< 0.48285
I

LoyalCH 4 0.064156 LoyalCH 4 0.753545
MM MM PriceDiff < 0.265
PriceDiff[< -0.165 CH
CH
MM CH

j- Compare the training error rates between the pruned and unpruned trees. Which is higher?

oj_misclass <- function(model) {
summary (model) $misclass[1] / summary(model)$misclass[2]

}

oj_misclass(tr)

## [1] 0.16375

oj_misclass(ptr)

## [1] 0.16375

k. Compare the test error rates between the pruned and unpruned trees. Which is higher?

oj_err <- function(model) {
p <- predict(model, newdata = 0J[test, ], type = "class")
mean(p != 0J[test, "Purchase"])

}

oj_err(tr)

## [1] 0.1888889
oj_err(ptr)

## [1] 0.1888889
Question 10

We now use boosting to predict Salary in the Hitters data set.

11



a. Remove the observations for whom the salary information is unknown, and then log-transform
the salaries.
dat <- Hitters
dat <- dat[!is.na(dat$Salary), ]
dat$Salary <- log(dat$Salary)

b. Create a training set consisting of the first 200 observations, and a test set consisting of the
remaining observations.

train <- 1:200
test <- setdiff(l:nrow(dat), train)

c. Perform boosting on the training set with 1,000 trees for a range of values of the shrink-
age parameter A. Produce a plot with different shrinkage values on the z-axis and the
corresponding training set MSE on the y-axis.

library (gbm)

## Loaded gbm 2.2.2

## This version of gbm is no longer under development. Consider transitioning to gbm3, https://github.

set.seed(42)
lambdas <- 10°seq(-3, 0, by = 0.1)
fits <- lapply(lambdas, function(lam) {

gbm(Salary ~ .,
data = dat[train, ], distribution = "gaussian",
n.trees = 1000, shrinkage = lam
)
1))

errs <- sapply(fits, function(fit) {
p <- predict(fit, dat[train, ], n.trees = 1000)
mean((p - dat[train, ]$Salary) "2)
b
plot(lambdas, errs,
type = "b", xlab = "Shrinkage values",
ylab = "Training MSE", log = "xy"
)
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d. Produce a plot with different shrinkage values on the xz-axis and the corresponding test set

MSE on the y-axi

errs <- sapply(fits, function(fit) {
p <- predict(fit, dat[test, ], n.trees
mean((p - dat[test, ]$Salary) "2)

b

plot(lambdas, errs,
type = "b", xlab = "Shrinkage values",
ylab = "Training MSE", log = "xy"

)

min(errs)

## [1] 0.249881

abline(v =

= 1000)

lambdas [which.min(errs)], 1ty = 2, col = "red")
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e. Compare the test MSE of boosting to the test MSE that results from applying two of the
regression approaches seen in Chapters 3 and 6.
fitl <- 1m(Salary ~ ., data = dat[train, ])

mean((predict(fitl, dat[test, ]) - dat[test, "Salary"])"2)

## [1] 0.4917959
library(glmnet)

## Loading required package: Matrix

##
## Attaching package: 'Matrix'

## The following objects are masked from 'package:tidyr':
##

## expand, pack, unpack

## Loaded glmnet 4.1-8

x <- model.matrix(Salary ~ ., data = dat[train, ])

x.test <- model.matrix(Salary ~ ., data = dat[test, ])

y <- dat[train, "Salary"]

fit2 <- glmnet(x, y, alpha = 1)

mean((predict(fit2, s = 0.1, newx = x.test) - dat[test, "Salary"])"2)

## [1] 0.4389054

f. Which variables appear to be the most important predictors in the boosted model?
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summary (fits[[which.min(errs)]])
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## var rel.inf
## CAtBat CAtBat 16.4755242
## CRBI CRBI 9.0670759
## CHits CHits 8.9307168
## CRuns CRuns 7.6839786
## CWalks CWalks 7.1014886
## PutOuts PutOuts 6.7869382
## AtBat AtBat b5.8567916
## Walks Walks 5.8479836
## Years Years 5.3349489
## Assists Assists 5.0076392
## CHmRun CHmRun 4.6606919
## RBI RBI 3.9255396
## Hits Hits 3.8123124
## HmRun HmRun 3.4462640
## Runs Runs 2.4779866
## Errors Errors 2.2341326
## NewLeague NewLeague 0.5788283
## Division Division 0.4880237
## League League 0.2831352

g. Now apply bagging to the training set. What is the test set MSE for this approach?

set.seed(42)
bagged <- randomForest(Salary ~ ., data = dat[train, ], mtry = 19, ntree = 1000)
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mean((predict(bagged, newdata = dat[test, ]) - dat[test, "Salary"]l)"2)

## [1] 0.2278813
Question 11
This question uses the Caravan data set.
a. Create a training set consisting of the first 1,000 observations, and a test set consisting of

the remaining observations.

train <- 1:1000
test <- setdiff(1:nrow(Caravan), train)

b. Fit a boosting model to the training set with Purchase as the response and the other
variables as predictors. Use 1,000 trees, and a shrinkage value of 0.01. Which predictors
appear to be the most important?

set.seed(42)

fit <- gbm(as.numeric(Purchase == "Yes") ~ ., data = Caravan[train, ], n.trees = 1000, shrinkage

## Distribution not specified, assuming bernoulli ...

## Warning in gbm.fit(x = x, y = y, offset = offset, distribution = distribution,
## : variable 50: PVRAAUT has no variation.

## Warning in gbm.fit(x = x, y =y, offset = offset, distribution = distribution,
## : variable 71: AVRAAUT has no variation.

head (summary(fit))

I I I I I I I I
0 2 4 6 8 10 12 14

ABYSTAND MRELSA MSKB1

Relative influence
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## var rel.inf
## PPERSAUT PPERSAUT 15.243041
## MKOOPKLA MKOOPKLA 10.220498

## MOPLHOOG MOPLHOOG 7.584734
## MBERMIDD MBERMIDD 5.983650
## PBRAND PBRAND 4.557491
## ABRAND ABRAND 4.076017

c. Use the boosting model to predict the response on the test data. Predict that a person
will make a purchase if the estimated probability of purchase is greater than 20%. Form
a confusion matrix. What fraction of the people predicted to make a purchase do in fact
make one? How does this compare with the results obtained from applying KNN or logistic

regression to this data set?

p <- predict(fit, Caravan[test, ], n.trees = 1000, type = "response")

table(p > 0.2, Caravan[test, "Purchase"] == "Yes")
##
## FALSE TRUE

##  FALSE 4415 257
##  TRUE 118 32

sum(p > 0.2 & Caravan[test, "Purchase"] == "Yes") / sum(p > 0.2)

## [1] 0.2133333

# Logistic regression
fit <- glm(Purchase == "Yes" ~ ., data = Caravan[train, ], family = "binomial")

## Warning: glm.fit: fitted probabilities numerically O or 1 occurred

p <- predict(fit, Caravan[test, ], type = "response")

## Warning in predict.lm(object, newdata, se.fit, scale = 1, type = if (type == :
## prediction from rank-deficient fit; attr(*, "non-estim") has doubtful cases

table(p > 0.2, Caravan[test, "Purchase"] == "Yes")
##
## FALSE TRUE

## FALSE 4183 231
##  TRUE 350 58

sum(p > 0.2 & Caravan[test, "Purchase"] == "Yes") / sum(p > 0.2)

## [1] 0.1421569

library(class)

# KNN

fit <- knn(Caravan([train, -86], Caravan[test, -86], Caravan$Purchase[train])
table(fit, Caravan[test, "Purchase"] == "Yes")

##

## fit FALSE TRUE
## No 4260 263
#i Yes 273 26

sum(fit == "Yes" & Caravan[test, "Purchase"] == "Yes") / sum(fit == "Yes")

## [1] 0.08695652
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Question 12

Apply boosting, bagging, random forests and BART to a data set of your choice. Be sure to fit
the models on a training set and to evaluate their performance on a test set. How accurate are the
results compared to simple methods like linear or logistic regression? Which of these approaches
yields the best performance?

library(gam)

## Loading required package: splines
## Loading required package: foreach

##
## Attaching package: 'foreach'

## The following objects are masked from 'package:purrr':
##
## accumulate, when

## Loaded gam 1.22-5

set.seed(42)
train <- sample(l:nrow(College), 400)
test <- setdiff(1:nrow(College), train)

# Linear regression
lr <- gam(Outstate ~ ., data = Collegel[train, ])

# GAM from chapter 7
gam <- gam(Outstate ~ Private + s(Room.Board, 2) + s(PhD, 2) +
s(perc.alumni, 2) + s(Expend, 2) + s(Grad.Rate, 2), data = Collegel[train, 1)

# Boosting
boosted <- gbm(Outstate ~ ., data = Collegeltrain, ], n.trees = 1000, shrinkage = 0.01)

## Distribution not specified, assuming gaussian ...

# Bagging (random forest with mtry = no. predictors)
bagged <- randomForest(Qutstate ~ ., data = College[train, ], mtry = 17, ntree = 1000)

# Random forest with mtry = sqrt(no. predictors)
rf <- randomForest(Outstate ~ ., data = College[train, ], mtry = 4, ntree = 1000)

# BART

pred <- setdiff (colnames(College), "Outstate")

bart <- gbart(Collegel[train, pred], Collegel[train, "Outstate"],
x.test = Collegel[test, pred]

)

## xxxx*Calling gbart: type=1

## **xx*x*xData:

## data:n,p,np: 400, 18, 377

## y1l,yn: -4030.802500, 77.197500

## x1,x[n*p]: 1.000000, 71.000000

## xpl,xp[np*pl: 0.000000, 99.000000
## x*xx*xxNumber of Trees: 200

## *xxx*kNumber of Cut Points: 1 ... 75
## *k**x*kxburn,nd,thin: 100,1000,1
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## **x*x*x*Prior:beta,alpha,tau,nu,lambda,offset: 2,0.95,301.581,3,715815,10580.8
## xxkkksigma: 1916.969943

## xxkxky (weights): 1.000000 ... 1.000000

## *****Dirichlet:sparse,theta,omega,a,b,rho,augment: 0,0,1,0.5,1,18,0
## xkkk*kprintevery: 100

#t

## MCMC

## done 0 (out of 1100)

## done 100 (out of 1100)

## done 200 (out of 1100)

## done 300 (out of 1100)

## done 400 (out of 1100)

## done 500 (out of 1100)

## done 600 (out of 1100)

## done 700 (out of 1100)

## done 800 (out of 1100)

## done 900 (out of 1100)

## done 1000 (out of 1100)

## time: 15s

## trcnt,tecnt: 1000,1000

mse <- function(model, ...) {
pred <- predict(model, Collegel[test, 1, ...)
mean((College$Outstate[test] - pred) "2)

}

res <- c(
"Linear regression" = mse(lr),

"GAM" = mse(gam),
"Boosting" = mse(boosted, n.trees = 1000),
"Bagging" = mse(bagged),
"Random forest" = mse(rf),
"BART" = mse(bart)
)
res <- data.frame("MSE" = res)
res$Model <- factor(row.names(res), levels = rev(row.names(res)))
ggplot(res, aes(Model, MSE)) +
coord_flip() +
geom_bar(stat = "identity", fill = "steelblue")
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