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Tree methods: Dependent variable is categorical

* Classification trees (e.g., CART, CB, Firm, Tree)
- Decision Trees
- Decision Rules

Tree methods: Dependent variable is numeric
*Regression Trees
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*Fit a tree model fo data.

*Recursive Partitioning Algorithm.

At each node we perform a split: we chose a variable X
and a value t that minimizes a criteria.

* Thesplit: L={X<1} ; R={ X2t}

*For regression trees two criteria functions are:

A2 ~2
N 0| +Ngoy
N, +Ng

Equal variances(CART):h =

A2 A2
N, logd; + N;logdp

N, +Ng

Non equal variances: h =

‘For classification trees: criteria functions

h=p_min(p., p.) + ps min(pg, Pr)

h=p,(-p’logp} - p; log p;) + px(~palog p% - pxlog pr) (C5)
h=p pP. *+ PrPRPr (CART)

DATA PREPROCESSING RECOMMENDATIONSFOR 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 iscoded 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 afactor. Then

we convert it into factor:
whx = factor (whx)

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”:
> | evel s(wsMuscl e)

[1 " "MId Weakness"
[3] "Moderate Wakness" "Nor mal "
> nmusc =f.recode(w$Muscle,c("","MI1d", " Mod", " Nornt))

> wdMuscl enew = nusc




Example Hospital data Regression Tree for log(1+Sales)

hospital = read.table("project?2/hospital.txt", sep=",") HI P95 < 40.5 [Ave: 1.074, Effect: -0.76 ]
col names(hospital ) <- H P96 < 16.5 [Ave: 0.775, Effect: -0.298 ]
c("zIP',"HD',"Cl TY", "STATE", "BEDS", "RBEDS", "OUTV', "ADM', "SIR', RBEDS < 59 [Ave: 0.659, Effect: -0.117 ]
" SALESY", "SALES12", " HI P95", " KNEE95", " TH", " TRAUMA", " REHAB", " HI P96", H P95 < 0.5 [Ave: 1.09, Effect: +0.431] -> 1.09
" KNEE96" , " FEMUR96") H P95 >= 0.5 [Ave: 0.551, Effect: -0.108 ]
KNEE96 < 3.5 [Ave: 0.375, Effect: -0.175] -> 0.375
hOSp = hOSpi t al [’ 'C(l: 4' 10)] KNEE96 >= 3.5 [Ave: 0.99, Effect: +0.439 ] ->0.99

RBEDS >= 59 [Ave: 1.948, Effect: +1.173 ] -> 1.948
H P96 >= 16.5 [Ave: 1.569, Effect: +0.495 ]
FEMJRO6 < 27.5 [Ave: 1.201, Effect: -0.368 ] -> 1.201

hosp$TH = fact or (hosp$TH)
hosp$TRAUMA = fact or (hosp$TRAUMA)

hosp$REHAB = fact or (hosp$REHAB) FEMURO6 >= 27.5 [Ave: 1.784, Effect: +0.215 ] -> 1.784
H P95 >= 40.5 [Ave: 2.969, Effect: +1.136 ]
u<-rpart (| og( 1+SALES12) ~. , dat a=hosp, control =rpart. control (cp=.01)) KNEE95 < 77.5 [Ave: 2.493, Effect: -0.475 ]
pl ot (u) BEDS < 217.5 [Ave: 2.128, Effect: -0.365] -> 2.128
text (u) BEDS >= 217.5 [Ave: 2.841, Effect: +0.348 ]
u<-rpart (| og( 1+SALES12) ~. , dat a=hosp, control =rpart. control (cp=.001)) QUTV < 53937.5 [Ave: 3.108, Effect: +0.267 ] -> 3.108
pl ot (u, uni f or meT) QUTV >= 53937.5 [Ave: 2.438, Effect: -0.404 ] -> 2.438
t ext (u) 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

PC3<.0936

Classification tree:
» data(tissue)

Regr‘eSSIOn HIP95<P 52265 > gr = rep(1:3, c( 11,11,19))
> x <- f.pca(f.toarray(tissue))$scores|[, 1:4]
Tr'ee > x= data.frane(x, gr=gr)
> |ibrary(rpart)
HIP96<P.01527 KNEE95¢2.96704 > tr =rpart(factor(gr)~., data=x)
n= 41
RBEDS<2.77141 FEM <2.28992 BEDS43.8403 SIR< 33 node), split, n, loss, yval, (yprob)

* denotes terninal node

A N R AU R 1) root 41 22 3 (0.26829268 0.26829268 0.46341463)
1.2010 1.7840 2.1280 3.2130 3.9790 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)
>

KNE| £1.36514
1.0900 0.8984 2.3880 3.1080 2.4380

0.3752 0.9898




Random forest Algorithm (A variant of bagging)

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

2. Fori=1tontree

3. Draw abootstrap sample from thedata. 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. Thetreeisgrown to maximum size and not

pruned back.
5. Usethetreeto predict out-of-bag data.

6. Intheend, usethe 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 randomFor est

Boosting (Ada boosting)

Input:

Data (x;,y) i=1,....,n ;  w=1ln

Fit tree or any other learning method. h,(x,)

Calculate misclassification error E,

IfE, > 0.5 stop and abort loop

b,=E,/(1-E)

fori=1,...n  ifh,(x) =y, w,=w, b, elsew, =w,
Normalize the w;’s to add up to 1.

Go back to 1. and repeat until no change in prediction error.

NSO ANWN~

R-package: bagboost with function called also bagboost and also adaboost

Boosting (Ada boosting)

i =sanpl e( nrow hosp), 1000, r ep=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]

## BOOSTI NG EXAMPLE

u = bagboost (xl earn[1:100,], ylearn[1:100],
xt est, presel =0, nfi nal =20)

sunmmari ze(u, yt est)

## RANDOM FOREST EXAMPLE

u = randonforest (x|l earn[1:100,], ylearn[1:100],
xt est, ytest)

round(i nportance(u), 2)

Paradigm for data mining:
Selection of interesting subsets

Recursive Partition:

- Find the partition that best approximates the response.
- For moderate/large datasets partition tree maybe too big

ﬂ Var 2

Data Mining Trees

Bump Hunting: i
Find subsets that optimize some criterion.
Subsets are more “robust”
Not all interesting subsets are found

Var 1




Data Mining Trees: ARF
SPLIT FOR CONTINUOUS DESCRIPIORS

Naive thought: For the jth descriptor variable x;, an
“ interesting” subset {a<xJ-,-<b} is one such that
p = Prob[ Z=1 | a<x;<b]
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T= (p-m)/0, measures how /nferesting a subset is.

Add a penalty term to prevent selection of
subsets that are too small or too large.

Example from a pain study
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Data mining tree(ARF)

Method: Select the variable and subset that maximizes
T = (p-1)/0, (+ A min {log(h),log(fN)}/log(fN) )

where A and f are a prespecified constants and h is the number of
observations within the interval.

Iteration: Iterate the process (like growing a classification tree)
a few times until no significant intervals are found.

Minimum bucket size: 15-20 cases
( 5 is recommended by CART but it is too small )

Continuous response: subsets with high mean or high median

Categorical Predictors: Split into groups

Case Study: Pima Indians Diabetes

+768 Pima Indian females, 21+ years old
268 tested positive to diabetes

Variables;

PRG: Number of times pregnant

PLASMA:  Plasma glucose concentration in saliva
BP: Diastolic Blood Preasure

THICK: Triceps skin foldthickness
INSULIN: Two hours serum insulin

BODY: Body mass index(Weight/Height)
PEDIGREE: Diabetes pedigree function
AGE: In years

RESPONSE: 1: Diabetes, O:Not




CMT Tfee C ﬂﬂ(‘f‘free 1) root 768 174.500 0.34900

2) PLASMA<127.5 485 75.780 0.19380

4) AGE<28.5 271 21.050 0.08487
PLASMA<127.5 8) BODY<30.95 151 1974 0.01325 *

9) BODY»30.95 120 17.320 0.17500 *
5) AGE>28.5 214 47.440 0.33180

10) BODY<26.35 41 1902 0.04878 *

11) BODY>26.35 173 41.480 0.39880

22) PLASMA<99.5 55 8.182 0.18180 *

23) PLASMA>99.5 118 29.500 0.50000
BQDYK30.95 BODY26.35 Bt <145.5 LASMA<157.5 46) PEDIGREE<0.561 84 20.240 0.40480 *

47) PEDIGREE>0.561 34 6.618 0.73530 *

3) PLASMA>127.5 283 67.020 0.61480
0.580960 6) BODY<29.95 76 16.420 0.31580

’ 12) PLASMA<1455 41 5.122 0.14630 *
13) PLASMA>1455 35 8.743 051430 *
PED|GREE<0.561 7) BODY>29.95 207 41.300 0.72460
018180 072310 14) PLASMA<157.5 115 27.390 0.60870
28) AGE<30.5 50 12.420 0.46000

56) BP<61 10 0.000 1.00000 *
0.404800.73530 1.000000.32500 57) BP>61 40 8775 032500 *

29) AGE>30.5 65 13.0200.72310 *
15) PLASMA>157.5 92 10.430 0.86960 *

AGE<28.5 BODYk29.95

PLASMA<99 AGE«30.5
0.146300.51430

0.013250.175000.04878

Data mining tree Methodolo 7y -

High|
DATASET . . —
h=768,p=35% 1. Methodology Objective: Resp
—
I PLASVA The Data Space is divided between 8 Cg;ef
[155,199] M a
he1205-80% High response subsets
- Low Response subsets Resp
PLASMA BODY -
I [128,152] [29.9,45.7] Other
SR TEREA 2. Categorical Responses:
AGE BODY PEDIGREE Subsets that have high response on one of several categories.
[29,56] [30.3,67.1] [0.344,1.394] . . . o
ne199035%) | ne9ome6% het 1 05% The categorical response is converted into several Binary
responses.
PEDIGREE . .
[0.439,1.057] Continuous Responses: High mean or low mean response
n=38;p=82%

Categorical Predictors: Two groups.

Data Visualization:
PDF report:

Subset %Buccess 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] & PEDI GREE in [0.439, 1. 057] 81.579 38
3 PLASMA in [0,127] & AGE in [29,56] 35.176 199

s> G oo &9




Report

Simple Tree: Only statistically significant nodes.
Full Tree: All nodes.
Table of Numerical Outputs: Detailed statistics of each node

List of Interesting Subsets: List of significant subsets

Conditional Scatter Plot (optional): Data Visualization.

Colle

Conditional Plot:

PLACEBO

Data Visualization

Condition on one or two variables.

TREATMENT 1

TRATMENT 2
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How to Use it

1. Import the data into R:
l'ibrary(foreign)
w <-read. xport("C:./crfl55. xpt")

2. Make sure that all the factors are declared as factors.
sapply(w, is.factor)

whx = factor (whx)

3. Recode factors: (sometimes),
> | evel s(WsMusAnkR)
[1] " "MIld Wakness"
[3] "Moderate Wakness" "Nor mal "
> nusc =f.recode(WSMusAnkR, c("","M [ d", " Modd", "Norni))
> whnusc = nusc

4. Run ARF
nod = f.arf(RSP30 ~ pai nO+CSI TE+RXGP, dat a=w,
hi ghresp=c("0","1"))
f.report(nod,file="c:/report.pdf”)

How to Use it

4. More options

nodl = f.arf(RSP30 ~ pai n0O+\Wk1chng+RXGP, data=w,

hi ghresp="1",

varlist= c("RXG", "Wklchng", "RXGP"))
f.report(nodl,file="c:/replrstmeasure. pdf”)

5. More options

nod2 = f.arf(RESPONSE ~ SEX + BBPRS + ANERG A + SMOKEYN +

BCG S + MNBARNES + MNAI M5 + dose ,

hi ghresp = c("YES", "NON', "I CR"))
f.report(mnmod2,file="c:/rep2Bprs. pdf”)

data = all,




