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Dependent variable: PLAY

Play 9

Don't Play 5

OUTLOOK ?

sunny overcast rain

Play 2 Play 4 Play 3
Don't Play 3 Don't Play 0 Don't Play 2
HUMIDITY ? WINDY ?

<= 70 \ > 70 TRUE FALSE

Play 2 Play 0 Play 0 Play 3
Don't Play 0 Don't Play 3 Don't Play 2 Don't Play O
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CART

e Classification and Regression Tree
e Developed by Breiman, Friedman, Olshen, Stone in

ca B84

e The extension of the basic ID3 algorithm
e Developed by Quinlan in 1993
e Last research version: C4.8, implemented in Weka as J4.
8 (Java)
m_mBmercial successor: C5.0 (available from Rulequest)

e Chi-squared Automatic Interaction
Detection
e Developed by Kass in 1980
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e Classification and Regression Tree 43255013
5%
e Developed by Breiman, Friedman, Olshen,
Stone |n 1984.
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o lD3

algorithmAyek B ik

e ix 3T C4.8, implemented in Weka as J4.8
(Java)

o iZ7)

'Hﬁ C5.0 (avallable from Rulequest)
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e Chi-squared Automatic Interaction Detection
e Developed by Kass in 1980
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Top 10 algorithms in data
mining

C4.5, K-Means. SVM. Apriori. EM., PageRank

AdaBoost. kNN. Naive Bayes, CART

Xindong Wu, Vipin Kumar, et al. (2008). Top 10 algorithms
in data mining, Knowledge Information System 14: 1-37

IEEE International Conference on Data Mining in December
2006
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1. rpart package
1&®Y3 578 5 B3R

(Recursive partitioning and regression
trees)

rpart.pdf
>library(rpart)

>?rpart
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2. REMHVIESL rpart( ) B

rpart(formula, data, weights, subset, na.action = na.rpart,
method, model = FALSE, x = FALSE, y = TRUE, parms,

Corltr(o)lrmcuogﬁﬁl)fl)ﬁlem( YN : v x1+x2+x3+x4

o data Gl ZHIE A I IEIE

e na.action TREIFHIIENZE. BOIADERMIBRE T EHHRK
FIME, REBETEREKINE.

e method RIEH RinE T =M HERBIRFDEIFE:

anova(iELZERY) « poisson (TTHA) | class (BHAE) | exp (ETF
7).

o parms XEINEH: KW, MKREME. TEAE

o control EHIENT TR LHH/IEARE, RZXXIGUEAIRE T 2
Fh v
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3AEBIEK£X prune ( )EKIZN

prune(tree, ...)

o tree: RIRMIXITHR
e cp: complexity parameter, £ Z*4$ S #,
AR EEZHANESE, —HEE1-SERN.
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= B {E 84 (Pre—Pruning)

o ERAZITIREMEEZ, kA EEZ2IHKE
EZE, TMNEdzMHaEnEFEALIT _JZ_L?AJ

1._.
o FFF{EBY(Post—Pruning)
o BRI IEP RIFNBEM TR, SBTEREW
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o Decision treesn] FHfEtime series prediction.
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S5l 1 - How to construct the
" B

The data iris in rpart package

e Iris dataset relates species to petal and sepal
dimensions reported in centimeters.

e Originally used by R.A. Fisher and E. Anderson for
a discriminant analysis example.

e Data is pre-packaged in R dataset library.
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SEf5 1 — What species are these
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n ,
Petal
Length \ Setos
__Petal Width a
tree Versicolo
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Virginic
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>library(rpart)

>data(iris) # this command is not necessary.
>head(iris)

Sepal.Length Sepal.Width Petal.Length Petal.Width Species
15.13.51.40.2 setosa

24.93.01.40.2 setosa

34.73.21.30.2 setosa

446 3.11.50.2 setosa

55.03.6 1.4 0.2 setosa
654391.7 0.4 setosa

> names(iris)
[1] "Sepal.Length" "Sepal Width" "Petal.Length" "Petal. Width" "Species"
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# Let iris.rp = tree object fitting Species vs. all other
iris.rp = rpart(Species~., iris, method="class”)

# Plot tree diagram with uniform spacing,

# diagonal branches, a 10% margin, and a title
plot(iris.rp, uniform=T, branch=0, margin=0.1, main="
Classification Tree\nlris Species by Petal and Sepal
Length")

# Add labels to tree with final counts,
# fancy shapes, and blue text color
text(iris.rp, use.n=T, fancy=T, col="blue")
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Classification Tree
Iris Species by Petal and Sepal
gth

Petal.LenqtF

setosa
50/0/0

virginica
0/1/45

versicolor
0/49/5

Rule 1: if Petal.Length>=2.45&Petal.Width<1.75, then it is versicolor
(0/49/5)

Rule2: if Petal.Length>=2.45&Petal.Width>=1.75, then it is virginica (0/1/45)
Rule 3: if Petal.Length<2.45, then it is setosa (50/0/0) ) K F
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> table(irisdSpecies)
setosa versicolor virginica
50 50 50

setosa(50/0/0): 50 setosatf IEFAHFIA
versicolor (0/49/5): 492kversicolor IEFA#HHIA,
Sa=virginicati 5 #¥IA Aversicolor

virginica (0/1/435): 45%cvirginicalEffi#iA,
1%5versicolor#E5##IA Avirginica
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Predicting

> even.n=2*(1:75)-1 #EBIFH

> jris.train=iris[even.n,] #4 fltraining data (& & H)
> iris.test=iris[-even.n,] #4 fltest data

> ris.rp2=rpart(Species~., iris.train, method="class”)

> iris.rp3=predict(iris.rp2, iris.test[,-5], type="class")
> table(iris.test[,5],iris.rp3)

Iris.rp3

setosa versicolor virginica
setosa 2500

versicolor 0 24 1

virginica 0 3 22

e ¥k “ﬁ
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> print(iris.rp,digit=3)
n= 150

node), split, n, loss, yval, (yprob)

* denotes terminal node

1) root 150 100 setosa (0.3333 0.3333 0.3333)

2) Petal.Length< 2.45 50 0 setosa (1.0000 0.0000 0.000p}) *

3) Petal.Length>=2.45 100 50 versicolor (0.0000 0.5000 0.5000)
6) Petal.Width< 1. 75 54 5 versicolor (0.0000 0.9074 0. 0926) *

spllt \\ﬁoss proportions

node number
condltlonTralnlng events Of these most are

virginica

entering the node

Y ’l ‘a, l ;"»T” “sg
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PetaI.Le(ngth<2.45 . Petal.Length>=2.45

m
botto tonode2 1 tonode
\4 >
L ef ‘ah Petal.Width<1.75 | Petal.Width>=1.75
eft to rg t setosa 50/0/0 3
2*
Versicolor 0/49/5 vinginica 0/1/45
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rpart

Qgég&gs(iris.rp)

$names

[1] "frame" "where" "call" "terms" "cptable" "splits" "method"
"parms" "control" "functions” "y" "ordered"

$ylevels
[1] "setosa

versicolor" "virginica"

$class
[1 ] "rpartll

& i ' ;’{T', \Lsg
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[0 CP: complexity parameter

>.p!'int(iris.rp$Cptab|e, 1 nsplitthe number of splits

digits=2) 0 relerror the relative error rate for predic
CP nsplit rel error xerror xstd for the data that generated the
10.5001.001.19 0.050 (] xerror crossvalidatearror.)n xerrois

20.44 1 0.50 0.64 0.061

30.0120.06 0.09 0.029 an abbreviation for creslddated

1 xstd the standard derivation of eradsdatec

> printcp(iris.rp,digits=2)

Classification tree:

rpart(formula = Species ~ ., data = iris, method =
"class")

Variables actually used in tree construction:

[1] Petal.Length Petal.Width

Root node error: 100/150 = 0.67

n= 150

CP nsplit rel error xerror xstd

10.500 1.00 1.19 0.050

20.44 1 0.50 0.64 0.061
2001 200R 000N NDOQ

) £ kY
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e CP: complexity parameter
e nsplit: the number of splits
e rel error: the relative error rate for
predictions
for the data that generated the tree
e Xerror: cross-validated error.x in xerror Is
an abbreviation for cross-validated
e xstd: the standard derivation of cross-
validated

) ¥ kY




SC452 - How to
" A
The data cpus in package
MASS

Performanc

SSypSetg'lYlemO"y gdbhe Channels e
(mhz) (kb) Benchmark

— a N - 8 ~

name syct mmin mmax cach chmin chmax perf estperf

1 ADVISOR 32/60 1
2 AMDAHL 470V/7 29 8000 32000 32 8 32 269 253
3 AMDAHL 470/7A 29 8000 32000 32 8 32 220 253

4 AMDAHL 470V/7B|29 8000 32000 32 8 32 172 253
5 AMDAHL 470V/7C|29 8000 16000 32 8 16 132 132
6 AMDAHL 470V/8 2|6 8000 32000 64 8 32 318 290
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> library(MASS)

> library(rpart)

> data(cpus)

> attach(cpus)

# construct the tree, complexity parameter is set as 0.001

> cpus.rp=rpart(log(perf)~.,cpus|,2:8],cp=0.001,method="anova”)

# print and plot the complex parameter
> printcp(cpus.rp,digit=2)
> plotcp(cpus.rp,lty=1,col=2)

# plot the tree
> plot(cpus.rp,uniform=T,margin=0.1,main="Test of regression tree for
cpus”)

> text(cpus.rp,digits=2) 31 i+ ug
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CP nsplit rel error xerror xstd

1 0.5493 0 1.00 1.01 0.097

20.089310.450.47 0.048

30.0876 2 0.36 0.44 0.043

4 0.0328 3 0.27 0.32 0.031

5 0.0269 4 0.24 0.33 0.032

6 0.0186 5 0.21 0.30 0.030

7 0.0168 6 0.20 0.27 0.027

8 0.0158 7 0.18 0.27 0.027

9 0.009590.150.26 0.026

10 0.0055 10 0.14 0.25 0.025

11 0.0052 11 0.13 0.24 0.025

12 0.0044 12 0.13 0.23 0.025 __

13 0.0023 13 0.12 0.23 0.025 RSN e o =
14 0.0023 14 0.12 0.23 0.025
15 0.0014 15 0.12 0.22 0.025
16 0.0010 16 0.12 0.22 0.025
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# prune the tree
# the complexity parameter is set as 0.0055
> cpus.rp2=prune(cpus.rp, cp=0.0055)

# plot the new tree

> plot(cpus.rp2,uniform=T,margin=0.1,main="
Regression Tree of cpus after pruning”)

> text(cpus.rp2,digits=2)

&
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mmax §

Test of regression tree for cpus

cachg 27

6100

1750

syct{=360

mmax 4

2500

8.1

<4.5

110

syt

chmiJ< 5.5 mmax< 1

1240404 ‘ ‘

cacht 0.5

LR R J
« chmin

b=1.5

wa
w

Before
pruning

mmax< |l 4e+

.
>~
(& )

4.5

g

mmax+

Regression Tree of cpus after pruning

2.5

After pruning

cachi< 27
mmax< 6100 mmax<[2.8e+04
1750 syct>j=360 96.5 cachlc 56
chmin< 5.5 mmax<1]|124e+0
3.3 29 5.4 5.2 6.1
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