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DATA PREPROCESSING RECOMMENDATIONS FOR TREES 

a. Make sure that all the factors are declared as factors.
Some times factor variables are read into R as numeric or as character variables. 
Suppose that a variable RACE on a SAS dataset is coded as 1, 2, 3, 4 representing
4 race groups. We need to be sure that it was not read as a numeric variable,
therefore we will first check the types of the variables. We may use the functions
“class” and “ is.factor” combined with “sapply” in the following way.

sapply(w,is.factor) or sapply(w,class)

Suppose that the variable “x” is numeric when it is supposed to be a factor. Then
we convert it into factor:

w$x = factor(w$x)

b. Recode factors: 
Sometimes the codes assigned to factor levels are very long phrases and when those codes are 
inserted into the tree the resulting graph can be very messy. We prefer to use short words to 
represent the codes. To recode the factor levels you may use the function “ f.recode” : 

> levels(w$Muscle)
[1] ""                    "Mild Weakness"
[3] "Moderate Weakness"   "Normal" 
> musc =f.recode(w$Muscle,c("","Mild","Mod","Norm"))
> w$Musclenew = musc



hospital = read.table("project2/hospital.txt",sep=",")
colnames(hospital) <-

c("ZIP","HID","CITY","STATE","BEDS","RBEDS","OUTV","ADM", "SIR",
"SALESY","SALES12","HIP95","KNEE95","TH","TRAUMA","REHAB","HIP96",
"KNEE96","FEMUR96")

hosp = hospital[,-c(1:4,10)]
hosp$TH = factor(hosp$TH)     
hosp$TRAUMA = factor(hosp$TRAUMA)     
hosp$REHAB = factor(hosp$REHAB)     

u<-rpart(log(1+SALES12)~.,data=hosp,control=rpart.control(cp=.01))
plot(u)
text(u)
u<-rpart(log(1+SALES12)~.,data=hosp,control=rpart.control(cp=.001))
plot(u,uniform=T)
text(u)
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HIP95  < 40.5 [Ave: 1.074, Effect: -0.76 ]
HIP96  < 16.5 [Ave: 0.775, Effect: -0.298 ]

RBEDS  < 59 [Ave: 0.659, Effect: -0.117 ]

HIP95  < 0.5 [Ave: 1.09, Effect: +0.431 ] -> 1.09
HIP95 >= 0.5 [Ave: 0.551, Effect: -0.108 ]

KNEE96  < 3.5 [Ave: 0.375, Effect: -0.175 ] -> 0.375
KNEE96 >= 3.5 [Ave: 0.99, Effect: +0.439 ] -> 0.99

RBEDS >= 59 [Ave: 1.948, Effect: +1.173 ] -> 1.948
HIP96 >= 16.5 [Ave: 1.569, Effect: +0.495 ]

FEMUR96  < 27.5 [Ave: 1.201, Effect: -0.368 ] -> 1.201

FEMUR96 >= 27.5 [Ave: 1.784, Effect: +0.215 ] -> 1.784
HIP95 >= 40.5 [Ave: 2.969, Effect: +1.136 ]

KNEE95  < 77.5 [Ave: 2.493, Effect: -0.475 ]
BEDS  < 217.5 [Ave: 2.128, Effect: -0.365 ] -> 2.128

BEDS >= 217.5 [Ave: 2.841, Effect: +0.348 ]
OUTV  < 53937.5 [Ave: 3.108, Effect: +0.267 ] -> 3.108
OUTV >= 53937.5 [Ave: 2.438, Effect: -0.404 ] -> 2.438

KNEE95 >= 77.5 [Ave: 3.625, Effect: +0.656 ]
SIR  < 9451 [Ave: 3.213, Effect: -0.412 ] -> 3.213
SIR >= 9451 [Ave: 3.979, Effect: +0.354 ] -> 3.979
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|HIP95<2.52265

HIP96<2.01527

RBEDS<2.77141

HIP95<0.5

KNEE96<1.36514

ADM<4.87542

FEMUR96<2.28992

KNEE95<2.96704

BEDS<3.8403

OUTV<15.2396

SIR<9.85983

1.0900

0.3752 0.9898

0.8984 2.3880

1.2010 1.7840 2.1280

3.1080 2.4380

3.2130 3.9790
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Classification tree:
� data(tissue)
� gr = rep(1:3, c( 11,11,19))
> x <- f.pca(f.toarray(tissue))$scores[,1:4]
> x= data.frame(x,gr=gr)
> library(rpart)
> tr =rpart(factor(gr)~., data=x)
n= 41 

node), split, n, loss, yval, (yprob)
* denotes terminal node

1) root 41 22 3 (0.26829268 0.26829268 0.46341463)  
2) PC3< -0.9359889 23 12 1 (0.47826087 0.47826087 0.04347826)  
4) PC2< -1.154355 12  1 1 (0.91666667 0.00000000 0.08333333) *
5) PC2>=-1.154355 11  0 2 (0.00000000 1.00000000 0.00000000) *

3) PC3>=-0.9359889 18  0 3 (0.00000000 0.00000000 1.00000000) *
> plot(tr)
> text(tr)
>

|PC3< -0.936

PC2< -1.154

1 2

3



Random forest Algorithm (A variant of bagging)

1. Select ntree, the number of trees to grow, and mtry, a number no larger than 
number of variables.

2. For i = 1 to ntree:  
3. Draw a bootstrap sample from the data.  Call those not in the bootstrap 

sample the "out-of-bag" data.
4. Grow a "random" tree, where at each node, the best split is chosen among

mtry randomly selected variables.  The tree is grown to maximum size and not 
pruned back.

5. Use the tree to predict out-of-bag data.

6. In the end, use the predictions on out-of-bag data to form majority votes.

7. Prediction of test data is done by majority votes from predictions from the 
ensemble of trees.

R-package: randomForest with function called also randomForest 

Boosting (Ada boosting) 

Input:
Data (xi,yi) i=1,…,n   ; wi =1/n
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R-package: bagboost with function called also bagboost and also adaboost

Boosting (Ada boosting) 

i=sample(nrow(hosp),1000,rep=F)

xlearn = f.toarray((hospital[-c(1:4,10:11),]))

ylearn = 1*( hospital$SALES12 > 50)

xtest = xlearn[i,]

xlearn = xlearn[-i,]

ytest = ylearn[i]

ylearn = ylearn[-i]

## BOOSTING EXAMPLE

u = bagboost(xlearn[1:100,], ylearn[1:100],
xtest,presel=0,mfinal=20)

summarize(u,ytest)

## RANDOM FOREST EXAMPLE

u = randomForest(xlearn[1:100,], ylearn[1:100],
xtest,ytest) 

round(importance(u),2)

Paradigm for data mining: Paradigm for data mining: Paradigm for data mining: Paradigm for data mining: 
Selection of interesting subsetsSelection of interesting subsetsSelection of interesting subsetsSelection of interesting subsets
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Example from a pain studyExample from a pain studyExample from a pain studyExample from a pain study
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Data mining tree(ARF)Data mining tree(ARF)Data mining tree(ARF)Data mining tree(ARF) Case Study: Pima Indians DiabetesCase Study: Pima Indians DiabetesCase Study: Pima Indians DiabetesCase Study: Pima Indians Diabetes
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|PLASMA<127.5

AGE<28.5

BODY<30.95 BODY<26.35

PLASMA<99.5

PEDIGREE<0.561

BODY<29.95

PLASMA<145.5 PLASMA<157.5

AGE<30.5

BP<61

0.01325 0.17500 0.04878

0.18180

0.40480 0.73530

0.14630 0.51430

1.00000 0.32500

0.72310

0.86960
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CART TreeCART TreeCART TreeCART Tree

DATASET
n=768;p=35%

PLASMA
[155,199]

n=122;p=80%

PLASMA
[128,152]

n=153;p=49%

BODY
[29.9,45.7]

n=92;p=88%

AGE
[29,56]

n=199;p=35%

BODY
[30.3,67.1]

n=99;p=64%

PEDIGREE
[0.344,1.394]
n=55;p=96%

PEDIGREE
[0.439,1.057]
n=38;p=82%

Data mining treeData mining treeData mining treeData mining tree

Subset %Success   n

1 PLASMA in [155,199] & BODY in [29.9,45.7] & PEDIGREE in [0.344,1.394]   96.364  55

2 PLASMA in [128,152] & BODY in [30.3,67.1] & PEDIGREE in [0.439,1.057]   81.579  38

3                                    PLASMA in [0,127] & AGE in [29,56]   35.176 199
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Data VisualizationData VisualizationData VisualizationData Visualization

How to Use itHow to Use itHow to Use itHow to Use it

�# :� �	����!
�������
�	���
l i br ar y( f or ei gn)
w <- r ead. xpor t ( " C: / cr f 155. xpt " )

=# ( �;
����
��!��������!
�����	�����
��
����
���������	��#
sappl y( w, i s. f act or )
w$x = f act or ( w$x)

A# �
�	�
�����	������	� 
��� 
��/�
> l evel s( w$MusAnkR)

[ 1]  " "                     " Mi l d Weakness"
[ 3]  " Moder at e Weakness"    " Nor mal "  

> musc =f . r ecode( w$MusAnkR, c( " " , " Mi l d" , " Mod" , " Nor m" ) )
> w$musc = musc

B# ��
�9 � �
mod = f . ar f ( RSP30 ~ pai n0+CSI TE+RXGP,  dat a=w,  

hi ghr esp=c( " 0" , " 1" ) )
f . r epor t ( mod, f i l e=” c: / r epor t . pdf ” )

How to Use itHow to Use itHow to Use itHow to Use it

B#�(	�
�	���	
�
mod1 = f.arf(RSP30 ~ pain0+Wk1chng+RXGP, data=w,

highresp="1",
varlist= c("RXGP","Wk1chng","RXGP"))

f.report(mod1,file=”c:/rep1rstmeasure.pdf”) 
See file

<#�(	�
�	���	
�
mod2 = f.arf(RESPONSE ~ SEX + BBPRS + ANERGIA + SMOKEYN +        

BCGIS + MNBARNES + MNAIMS + dose , data = all, 
highresp = c("YES","NON","ICR")) 

f.report(mod2,file=”c:/rep2Bprs.pdf”) 
See file


