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Lecture — 45
Regression Trees

Welcome to the course business analytics and data mining modelling using R. So, in the
previous few lectures we have completed our discussion on classification trees. So, in
this particular we will move on to regression trees. So, before that let us discuss few
more points about classification trees. So, out of classification trees we get some
simplified classification rules. So, each terminal node or leaf node that, we get in our

final tree model that is equivalent to a classification rules.
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So, for any particular tree we can always we can always formulate based on the final tree
model right based on the final tree model we can always formulate the classification
rules for example, let us say this is income less than something 10, then this is let us say

age less than 35 then in this fashion.

So, classification rule is going to be like if income less than 10 and age less than 35 then
you know age less than 35, then let us say this is re if it is you know let us say greater if
less than goes this side and greater than all the points greater than this go this side then it

will come here and then age less than 35 will come here. So, observation will fall here let



us say this is class 1 so you can say and class 1 so these kind of simplified classification
rules we can get out of a tree model so that that gives us the ease of implementation
where these rules are very easy to understand these classification rules very easy to

understand and easy to implement.

Now when we have build a you know when we finally, build you know select a build and
select a final tree model then all the terminal nodes as we taught what they will represent
some classification rules. Now these classification rules can be simplified further as you
might have as we have seen in previous lectures in different exercise that we have done

the same variable may might re occur again at some level.

So, let us say income comes here again right. So, therefore, there are going to be two
conditions on income, two conditions based on income variable in your classification
rule right. So, in those situations we might look at those values and we can simplify the
rules further right similarly some rules you know out of all the rules that we might have
based on you know number of leaf nodes we can further identify the redundant rules. So,
if one rule is applied the second rule which might be kind of you know sub rule of a
particular rule so those rules can be identified so those redundant rules can be identified

and removed from the list
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* Regression Trees
— Outcome variable should be numerical
— Steps to build tree model are similar to that of classification trees
- Prediction step, impurity measures and performance metrics are
different
* Prediction step

— Value of a leaf node is predicted value for a new observation that fell
in that leaf node

— Value of a leaf node is computed by taking average of training
partition records constituting that leaf node
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Now, let us just start our discussion on regression trees. So, regression trees outcome

variables should be numerical. So, classification trees because that was for the



classification task so typically we were looking to classify looking to predict the class of
a new observation. Now in this case regression trees the outcome variables would be

numerical so we would look to predict the value of a new observations.

So, as far as steps to build tree models tree model are concerned they are quite similar to
that of classification trees few differences are there for example, prediction step so that is
of course, going to be different from the classification step right and the impurity
measures they are going to be certainly different in the prediction task and the

performance metrics are also different.

So, let us discuss these differences one by one so, first one prediction steps. So, a value
of a leaf node is a predicted value for a new observation that fell in that leaf node. So, in
a regression tree once when we want to predict the value of a new observation so again
just like the classification trees that particular observation will also be dropped down
from the root of root node of the tree and it will keep following a particular sequence and

finally, it will reach to a terminal node.

So, the value of that terminal or leaf node is going to be the predicted value of that
particular new observation. Now how the value of a leaf node is decided in a regression
tree as we know that in case of classification tree that is the majority voting that is taken
and based on that class assigned. In case of regression tree we compute average of all

training partition records which fall in that particular same you know terminal node.

So, value of a leaf node is computed by taking average of training partition records
constituting that leaf node. So, when we build that tree using the training partition points
so the training partition record which are going to be part of that particular leaf node

right which will you know fell to drop down to that particular leaf node.

So, average of you know those training partition observation would actually be the
predicted value for that leaf node and any new observation that falls that when dropped
down from the tree if it is falls down to that particular leaf node the predicted value for
that observation is going to be the value of that leaf node. So, this is difference in the
prediction steps otherwise in terms of building the tree the steps are very much similar to

what we have discussed for classification trees.



(Refer Slide Time: 06:43)

.
CLASSIFICATION & REGRESSION TREES

¢ Impurity Measures

— Sum of squared deviations from mean of leaf node
¢ Equivalentto squared errors since mean value of leaf node is predicted value

— Lowest impurity is zero when all the observations that fell in a leaf
node have same actual value of outcome variable
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Now let us discuss impurity measures so impurity measures that we have used for
classification tree were gini and entropy. Now we are in regression trees the impurity
measure is different here we use sum of a square deviations from mean of a leaf node.
So, once we reach to a leaf node right for all the observations that are there all the
observations the of training partition record training partition that are part of that

particular leaf node right during the rebuilding process.

So, me so their deviation from the mean value so their deviations from the mean value
that actually becomes the metric impurity measure. So, sum of a square deviation from
mean of leaf node. So, this is quite equivalent to squared errors since mean value of leaf
node right the training partition records and their mean value is also taken as the
predicted value right. So, therefore, the deviations are from the actual value deviation are
between actual and predicted values so therefore, this is cannot this is also equivalent to

squared errors

Now, lowest impurity is 0 and this will occur when all the observations that fell in a leaf
node have same actual value of outcome variable. So, all the observations that fell in a
particular leaf node right. Let us say there are 10 observation 1, 2, 3 up to 10 and if they
have same value let us say 0.5 then mean will also be 0.5 and therefore the deviation

would become 0.



So, lowest impurity would be recorded when all the observations in a particular leaf node
in a particular leaf node they have you know they have same actual value right. Now
before discussing further on (Refer Time: 08:54). So, let us do a regression tree exercise
using R. So, let us go back to our R studio environment now this is the code for

regression tree the script for regression trees let us load this.
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o View [t Secoon Wald Dxb Iroie ook Mep

[2RIR= 24 = el nddine ¢ B project hone) *

0 9ress 2% =[] ftnvironment History =0
M osouconsoe Q Zv L] v Brun | % | [Bsouce + T Fmportianaset » | f st »

Tibrary(x1sx) “ 1 lobal 1 vironment +

il
)
3 # REGRESSION TREES

4 # Usedcars.x1sx

5 df-read.x1sx(File.choose(), 1, header = T)
6 df=df[, 'apply(is.na(df), 2, all)]

7 head(df)

8

9

Age=2017-df Smfg_vear
10 df=cbind(df, Age)

12 dfb=df Files Plots Packages Help Viewer =0
13 df=df(,-c(1,2,3,11)]
B bl v

15 str(df)
16  dfStransmission-as.factor (df STransmission)
17 str(df)

511 (iop evel) £ Rseript ¢

Console /sesslon 9/ e
R is a collaborative project with many contributors. B
Type 'contributors()’ for more information and

‘citation()’ on how to cite R or R packages in publications.

Type 'demo()' for some demos, 'help()' for on-line help, or
‘help.start()' for an HTML browser interface to help.
Type 'q0)" to quit R.

> Tibrary(x1sx)

Loading required package: rlava
Loading required package: xlsxjars
»

So, for regression trees we are going to use the chars data set that we have used in
previous technique some of devious techniques as well. So, let us import this particular

data set you can see 79 observations of 11 variables. Let us to move any columns and let

us look at first 6 observations.
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M soueonsave  Q £ o L1 - “HRun | 0% | #Soune + T H Poportianaet | f list=1\§

Tibrary (x1sx) “ 1 ) clobal I nvironment =

il
7)
3 # REGRESSION TREES pata

4 # usedcars.xlsx 0df 79 obs. of 11 variables [
5 df=read x1sx(file.choose(), 1, header = T)
6 df=df[, lapply(is.na(df), 2, all)]

7 head(df)

8

9

0

il

Age=2017-df Smfg_vear
10 df=cbind(df, Age)
1

12 dfb=df Files  Plots  Packages Help  Viewer =0
13 df=df[,-c(1,2,3,11)] =
14 & Bxpurl +
15 str(df)
16 dfSTransmission=as.factor(df STransmission)
17 ste(df)
91 (opleve) ¢ Weript ¢
Console G:/Sesslon 9/ B0
» df=read.x1sx(file.choose(), 1, header = T) il
» df=df[, lapply(is.na(df), 2, all)]
> head(df)
Brand Model Mfg_vear Fuel_type SR_Price KM Price Transmission Owners
1 Hyundai verna 2013 petrol 8.88 75.000 5.60 0
2 Mahindra Quanto 2012 Diesel 6.99 49.292 3.95 0 1
3 maruti suzuki  sx4 2011 retrol 7.18 48.000 2.99 0 1
4 chevrolet  Beat 2013 Ppetrol 4.92 41.000 2.35 0 n
5 Honda Civic 2008 petrol  13.50 110.000 3.65 il 2
6 Honda  erio 2012 retrol 5.74 60.000 2.99 0 1

Airbag C_Price
0 1

2 n n

So, you are already familiar with this particular data set you can see brand model
manufacturing year, fuel type S R price that is showroom price, K M price, transmissions

owners air bags and ¢ price.

So, as we have been doing for this particular data set and for previous techniques as well
let us compute this age variable out of manufacturing here. So, this is age variable let us
add this to the data frame. Now let us take up backup of the data frame and which since
we are not interested in first few columns and also see underscore price. So, we will get

rid of them.
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# Usedcars . x1sx 1
df-read.x1sx(file.choose(), 1, header = T)

df=df(, !apply(is.na(df), 2, all)]

head (df)

Age=2017-df Smfg_vear
df=cbind(df, Age)

dfb=df

df=df[,-c(1,2,3,11)]

str(df)

df$Transmission=as.factor (df STransmission)
str(df)

# partitioning (60%:40%)
(10p 1 evel) 2

GfSesslon 9/

> df=df(,-c(1,2,3,11)]

> str(df)

‘data.frame’: 79 obs. of 8 variables:

§ Fuel_type : Factor w/ 3 levels "CNG", "Diesel",..: 3233332222

§ sR_Price . num 8.88 6.99 7.18
4 4

492813 SRR
1

$ kM tnum 75 49.3 48 41 110 ...

§ Price :onum 5.6 3.95 2.99 2.35 3.65 2.99 3.87 5.8 5.5 3.1 ...
§ Transmission: num 0000101001 ...

§ owners SAnUNERIRISIRIRO RN RN

$ Airbag thum 0000001111

§ age cnum 45649563104

>

K project (None)

Environment  Histary =

?H Fmportiaet | f 5

"1 @ cilobal i nvironment =

~ Data

0df 79 obs. of 8 variables 8
0 dfb 79 obs. of 12 variables [
values

Age num [1:79) 4 5649563

Files Plots Packages Help Viewer =

& Expurl ~

So now, what we will have is these many variables so just 8 variables, 79 observation,
so0, you can see fuel type is appropriately specified as factor variable 3 levels rightcn g
diesel and petrol. The others S R price, K M price then we have transmission this should

actually be a factor variable because in, but since it is a numeric code format.

So, therefore, we will have to change it to a factor variable as we know that any variable
and if categorical variable if it is having values in text format like ¢ n g, diesel, petrol.
So, it will automatically be stored as factor variable in R environment now for

transmission we will have to do it and other variables are fine owners airway airbag and

age they are numeric variable.

So, let us just change this one transmission as dot factor and you would see in the new

output our structure function transmission is also changed a factor with two levels. Now

let us perform the partitioning.
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12 dfb=df ol
13 df=df[,-c(1,2,3,11)] posts
14 0df 79 obs. of 8 variables (]
15 str(df) 0 dfb 79 obs. of 12 variables [
16 dfSTransmission=as.factor(df$Transmission)
7 serdf) 1 LS
18 Age num [1:79) 4 5649563

19 # partitioning (60%:40%)
20 partidx=sampfle(1:nrow(df), 0.6*nrow(df), replace = F)

21 dftrain=df [partidx,]
22 dftest=df [-partidx,] Files Plots Packages Help Viewer =0
2 B Expuil *

24 library(rpart)

25 mod=rpart(Price ~ ., method = "anova”, data = dftrain,

26 control = rpart.control(cp=0, minsplit = 2, minbucket = 1,
maveomnara - A mavsurranara - 0

27 g
A3 (lop 1 evel) £ Weript ¢
Console G:/Sesslon 9/ B0
> df$Transmission=as.factor(df$Transmission) i
> str(df)

‘data.frame': 79 obs. of 8 variables

§ Fuel_type : Factor w/ 3 levels " il BRE8383222R

§ SR_Price :nun 8.88 6.99 7.18 4.92 13.5 ...

$ kM :num 75 49.3 48 41 110 ...

§ Price :num 5.6 3.95 2.99 2.35 3.65 2.99 3.87 5.8 5.5 3.1 ...

§ Transmission: Factor w/ 2 levels "0","1": 1111212112 ...

§ owners SRnONIRIRIRTRIR) RIS

$ Airbag thum 0000001111

§ age cnum 45649563104

> J

So, we will go for 60 percent, 40 percent, 60 percent for training partition and 40 percent

for test partition. So, let us create these two partitions here once this is done we can go

ahead and build our model.
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a M souconsae Q /v L1 - “HRun 5% [#souce - P E ot iwe @&
16 dfS$Transmission=as.factor(df$Transmission) 2 clohal | nvironment =
i; str(df) . Data
19 # partitioning (60%:40%) 0df 79 obs. of 8 variables [
20 partidx=sample(1:.nrow(df), 0.6%nrow(df), replace = F) 0 dfb 79 obs. of 12 variables [ .
21 dftrain=df [partidx, ] 5 ;
2 dftes(:df[—partidxj] udfresvl: 32 obs. of 8 var\labhs ]
23 Odftrain 47 obs. of 8 variables (]
24 library(rpart) values
25 mod=rpart(Price ~ ., method = "anova”, data = dftrain, ane num [1:701 4 § A 405423
26 control = rpart.control(cp=0, minsplit = 2, minbucket = 1, =g
2 maxcompete = 0, maxsurrogate = 0, Files  Plots Packages Help Viewer =0

30 # No. of Decision Nodes
31 nrow(modSsplits)

# Mo af Tarminal Madac -
M1 (loplevel) ¢ wseript &
Console G/Sesslon 9/ 1 m
§ Fuel_type : Factor w/ 3 levels "CNG","Diesel”,..: 3233332222 ... :

$ SR_Price tnum B8.88 6.99 7.18 4.92 13.5

S KM conum 75 49.3 48 41 110 ...

§ Price tnum 5.6 3.952.99 2.353.652.99 3.87 5.85.53.1
§ Transmission: Factor w/ 2 levels "0","1": 1111212112 ...
$ Owners RN T T 2 T T 1 T

§ Airbag cmnum 0000001111 ...

$ Age tnum 45649563104 ...

> partidx=sample(1:nrow(df), 0.6*nrow(df), replace = F)

» dftrain=df [partidx,]
> dftest=df [-partidx,]
>

So, again the same package same function that we are going to use r part. So, let us load
this particular library this particular package. Now, if we look at the r part function the
arguments are quite similar to what we have used in classification tree exercises, but one

difference now method has changed. So, method has changed to ANOVA.



So, for regression trees we have to specify method as ANOVA and for classification trees
the method was class now other things are quite similar right. So, other things do not
change you can see x well value is specified as 0, by default is it is 10; 10 as we have
talked about in previous lectures. Because we want to first develop the will the full
grown tree and therefore, we would like to have x well value as 0, and also ¢ p value at 0

because we would like to for the same region we would like to build the full grown tree.
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30 # No. of Decision Nodes 1 clobal 1 nwironment =
g% :ruw(mu;ﬂsphts)1 : Qdt 79 obs. ot 8 variables 7]
No. of Terminal Nodes :
33 nrow(mod$frame)-nrow(modSsplits) F 0dfb 79 obs. of 12 varfables (]
34 0 dftest 32 obs. of 8 variables a
35 # Pruning Process Odftrain 47 obs. of 8 variables [
36 tossl-as.integer(row.names(modsframe)); tossl R Tiae
37 DFp=data.frame("toss"=tossl, "svar"=mod$frameSvar,
38 "¢p"=modSframeScomplexity): OFP Age num [1:79] 45649563
39 DFP1=DFP[DFPSSvar!="<leaf>",];DFP1 1 O mod List of 15
40
41 # Nested sequence of splits based on complexity Files Plots Packages Help Viewer =0
42 oFP2=0FP1[order (OFP1SCP, -DFP1Stoss, decreasing = T),]; DFP2 e
43 | Expurl »
44 rownames (DFP2)=1:nrow(DFP2); DFP2
45

4R tnce)-NEDIStnce
W1 (lop level) Rcript &

Console G/5esslon 9/
> dftrain=df (partidx,]
> dftest=df [-partidx,]
> Tibrary(rpart)

> mod=rpart(Price ~ ., method = "anova", data = dftrain,

+ control = rpart.control(cp=0, minsplit = 2, minbucket = 1,

+ maxcompete = 0, maxsurrogate = 0,
xval = 0))

+
> nrow(mod$splits)
1] 46

> nrow(modSframe)-nrow(mod$splits)
] 47
>

So, let us run this and the model is built now let us look at the number of decision nodes
46 in this case number of terminal nodes 47 and so these are the number of nodes in the
full grown tree model. Now what we will do we will straight away we will move to the a
pruning process the pruning process as we talked outward is of course, similar to what

we did in classification trees.

So, first we will record the node numbering so as we have talked about that node
numbering is in a particular order in r and that you can understand from the frame

attribute of r part object so, let us compute this.
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;% ::rw(mogiswws)1 ] 0dt 79 obs. of 8 variables ]
No. of Terminal Nodes o
33 nrow(modsframe)-nrow(modSsplits) F oGl 7 dhe. o o vaniilibs |
34 0 dftest 32 obs. of 8 variables ]
35 # pruning Process Odftrain 47 obs. of 8 variables (]
36 tossl=as.integer(row.names(modsframe)); tossl valves
37 prp=data.frame("toss"=tossl, "Svar"=modSframesvar,
38 "cp"=modSframeScomplexity); DFP Age num [1:79] 45649563
39 prpl=0Fp[DFPSSvar!="<leaf>",];0FP1 O mod List of 15
40
4] # Nested sequence of splits based on complexity Files Plots Packages Help Viewer =0
42 DFP2=DFP1[order (DFP1SCP, -DFPlitoss, decreasing = T),]; DFP2 Meorl »
43 =
44 rownames (DFP2)=1:nrow(DFP2); DFP2
45
4R rasc?-nFD2iracc -
V1 (lopevel) & Weript ¢

Console G:/Sesslon 9/
+ xval = 0))
> nrow(mod$splits)
[1] 46

> nrow(mod$frame)-nrow(mod$splits)
1 4

» tossl=as.integer (row.names(mod$frame)); tossl

(1] 1 2 4 8 16 32 64 65 130 260 520 521 261 131 262 263 33 17 34 68
(21] 136 137 €9 35 70 71 9 18 36 72 144 145 73 146 292 293 147 294 588 589
[41] 295 37 19 38 76 152 153 306 307 77 154 155 310 311 622 623 39 78 156 312
[61] 313 157 314 315 630 631 79 5 10 20 21 42 84 85170 171 43 86 87 174
[81] 175 350 351 702 703 11 22 44 45 90 91 23 3

>

So, these are the node number as you can see in as we have explained in previous
lectures as well. So, node numbering in R environment typically happens in this fashion
let us this is let suppose this is our tree. So, node numbering typically happens in this
fashion 1 and it will go like this 2 and this fashion and then again it will move back once
that tree full level is achieved it will move back and move back in this fashion the node

numbering is recorded for a particular tree. So, as you can see 1, 2, 4, 8.

So, row numbers 1, 2, 4 it will be in the left part of the tree. So, 1, 2, 4, 8, 16, 32, 64 will
keep on going there, but 64 it ends there then we will have to go back to 65 the nearest
you know node and then 65 then we again go down 130 and in that fashion then we go to
260 to 520, 521 then again we will have to go back so in this fashion the node numbering

happens as we saw in the here in the board.

So, as we have as we have done in classification trees we will create this data frame. So,
first column would record these node numbers then we will record the variables that

have been used for a split and then we will record the complexity for all those all these

nodes.



(Refer Slide Time: 15:00)

s =8 X
Ve KON (o0 Vew Dot Secoon B Dk Mone look Heip
Q- 2l(» S vl addins ¢ K poject None)
07 9meesone (]| Environment  History =0
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30 # No. of Decision Nodes 1 @ cilohal I nvironment =
g% :row(mogSsphtst ; 0dt 79 obs. of 8 variables [ -
No. of Terminal Nodes o
33 nrow(modSframe)-nrow(modSsplits) o| 0dfb 7 dlie. o B vaiilibs |
34 QoFp 93 obs. of 3 variables @
35 # pruning V"MPSZ et ) 0 dftest 32 obs. of 8 variables ]
36 tossl-as.integer(row.names(modSframe)); tossl ¢ ; =
37 DFp=data.frame("toss"=tossl, "Svar'=modSframesvar, Odftrain 47 obs. of § varisbles @
38 "cp"=modsframeScomplexity); OFP values
39 prpl=pFp(DFPSSvar!="<leaf>",];0FPL Age num (1:79] 45649563, -
40
41 # Nested sequence of splits based on complexity Files Plots Packages Help Viewer =0
42 DFP2=DFP1[order (DFP1SCP, -DFPlitoss, decreasing = T),]; DFP2 e

44 rownames (DFP2)=1:nrow(DFP2); DFP2

4R rasc?-nFD2iracc
W1 (op level) &

Console G:/Sesslon 9/
83 351 sr_Price 2.657334e-07

84 702 <leaf> 0.000000e+00

85 703 <leaf> 0.000000e+00

86 11 SR_Price 5.308222e-03

87 22 sR_price 1.250138e-03

88 44 <leaf> 0.000000e+00 L
89 45 SR_Price 6.122498e-06

90 90  <leaf> 0.000000e+00

91 91  <leaf> 0.000000e+00

92 23 <leaf> 0.000000e+00

93 3 <leaf> 0.000000e+00

So, you can see 93 total number of nodes in the tree are 93 and the same number of node
rows are present in this particular data frame. So, as we have done in case of

classification trees we will first get rid of the leaf nodes. So, the code is quite similar

actually same.

So, let us get rid of these nodes and you would see in the D F P 1 we have just 46
observations which are nothing which are same as the number of decision nodes that we
had that we have in the tree you can see 46 were the number of decision nodes and the

same number of observation you can see here in D F P 1.

So, now in D F P 1 we have just the decision nodes leave leaf nodes have been those
rows have been removed. Now next nested sequence office splits based on complexity so
as we did finally, for the classification trees and that first ordering would be based on
complexity values and then we will like to further order the node numbers. If a particular
number of nodes are having same value same complexity value than for those group of

you know those group of rows we would like to order them based on their node

numbering.

So, let us execute this and we will get the sequence let us also change the row names you
can see 46 are the total number of rows now as you can see so 46 decision nodes. Now

these if you look at the complexity value this has been sorted so, this is decreasing order.
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) 00FP2 46 obs. of 3 variables [
41 # Nested sequence of splits based on complexity 0 dftest 32 obs. of 8 variables [
2 g § ing = .
:g DFP2=DFPL[order (DFPLSCP, -DFP1Stoss, decreasing = T),]; DFP2 Qi v e
44 rownames (DFP2)=1:nrow(DFP2); DFP2 Fies Plots  Pickages Help  Viewsr o
45 -
46 toss2=DFP2Stoss & bxporl ©
47 # counter for nodes to be snipped off
48 =1
49 modsplitv=1ist(); modstrainv=list(); modstestv=list() 8
161 (opleve) ¢ eript ¢
Console G/Sesslon 9/ e
1V UWIErS 3.137008-Ud

v
7 22 SR_price 1.250138e-03
Gl KM 1.003480e-03
9 9 SR_Price 6.091810e-04

08 age 4.195370e-04

(12030 KM 2,385663e-04
13 38 KM 1.389611e-04
14 18 KM 1.135855e-04
iy il KM 9.234839-05

16 78 SR_Price 8.239933e-05
17 157 sR_Price 7.760833e-05
18 77 Fuel_type 7.590941e-05

So, higher complexity value first in the root node then root node number 2, and number
5, 11 and then four so you would see in this fashion then as we move down we can again
even for regression tree we can see that some of the rows are having the same
complexity values you can see here this is same complexity value for 19 and 39 right.
So, there again as we have done for classification trees we would first like to remove 39
and then 19. So, therefore, it is at it was sorted same for classification trees, same for

regression trees

Now, we can find out similar types of groups of rows here which have the same
complexity where here once again you can see same complexity value. So, the sequence
has to be based on node numbers because we would like to have a smaller sub tree. So,

the nodes with higher number would be should be pruned first.

Similarly as we go down we can find many more nodes having same complexity value.
So, therefore ordering has to be accordingly pruning has to be accordingly here also you
can find that so everything seems to be appropriately ordered here now once this is done.
Now we can record another task to argument which will have the desired sequence of
nodes to be pruned off so we can have a look at the toss two again. So, this is probably

the this is this the desired sequence of nodes to be pruned off.
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= addins + &) project (Nore) =
0 ytrees 21t x =] Environment History =0
M osouceonsae | Q /o £ - “HRun | % B Soune - P E ot list*
34 3
35 # pruning Process % clobal{ vironment =
36 tossl-as.integer (row.names(modsframe)); tossl 0dt 79 obs. of 8§ variables (] -
37 oFp=data.frame("toss"=toss1, "svar"=modSframesvar, 0dfb 79 obs. of 12 variables [
38 "cp"=modSframeScomplexity); OFP 2 QoFp 93 obs. of 3 variables [
= I="<leafs"
zg DFP1=DFP[DFPSSvar!="<leafs", ];DFP1 rE TR PO (P a
41 # Nested sequence of splits based on complexity 0 0FP2 46 obs. of 3 variables ]
42 DFP2=DFPl[order (DFP1SCP, -DFP1Stoss, decreasing = T),]; DFP2 0 dftest 32 obs. of § variables (]
3 ; ] 2
44 rownames(DFP2)=1:nrow(DFP2); DFP2 Qdftrain 47 obs. of 8 variables [}
45 Fles  Plots Packages Help  Viewsr 0
46 toss2=DFP25toss ==
47 ¥ counter for nodes to be snipped off & Exporl
48 =

1
49 modsplitv=1ist(); modstrainv=list(); modstestv=Tist()
50 ErrTrainvNULL; ErrTestv=NULL
111 | (loplevel) & wseript ¢

Console G/Sesslon 9/
41 130 KM 7.972003e-07
42 175 SR_Price 7.972003e-07
43 311 sr_price 5.208375e-07
44 260 Fuel_type 2.657334e-07
45 351 SsR_Price 2.657334e-07
46 131 SR_Price 9.566404e-08
> t0ss2=DFP2§toss
> t0ss2
2 5 11 S L O 2 21 R O T S B O 3 9 3 S S S 77 S B S 7 /7483 13 )
(21] 73 35155 76 315 16 147 32 153 294 43 45 42 87 65146 72 156 85 68
[41] 130 175 311 260 351 131

> 1

So, you can see the pruning will start from the last node that is this one 131 this would be
pruned first then 351 260 and then 311. So, in this fashion pruning good pruning or full
grown tree would have. However, in the code that we are going to run we will build all

such models.

So, all models with you know no decision nodes with one node that is this one first one
then 2 nodes that is first and second with 3 node there is 1, 2 and 5 then 4 node that is 1
and 1 22, 5, 11. So, in this fashion we will keep one building our model. So, let us start

executing our code for this for the same.

So, let scene is like 1 then you can see these 3 variables which are being used to either
store the record the different models or to record the scoring of what is scoring for
different partitions. So, let us initialize them and because this is our regression tree. So,
the metric that we are going to use so earlier in the classification trees we were
computing the misclassification error and we looked at the misclassification error to

identify to find out the minimum error tree and also best prune tree.

In this case we will look at we will use the r m s e value. So, we are going to use this

particular package R minor. So, let us load this.
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Q- Q|4 El e ndding » K project (None) »
O 9rrees 2itx =1 Environment History =0

a M osoucconsoe | Q Zel £ . “HRun % [ #Soune v 2 H | mportiaaer | f st ~
04 modspl1ticptable max(keep),1]=DFP25CPL1)

B Global | avironment
65 # Reset the variable importance 3

66 modsplitSvariable. importance=importance (modsplit) values
67 5
S q Age num [1:79] 4 5649563
680 modsp)ity[i1=)ist(modsplit) o uuu[(empay)
69 v
70 modstrain=predict(modsplit, dftrain[,-c(4)], type = “vector") ofl ErrTrainy. NULL (enpty)
n modstrainv[i]=list (nodstrain) [y cctorture FALSE
n modstest=predict (modsplit, dftest[,-c(4)], type = "vector") i 1
3 nodstestv[i]=1ist (modstest) O mod List of 15
74 1
75 errTrain=mmetric(dftrainiprice, modstrain, c("RMSE")) Files Plots Packages Help Viewer =0
76 ErrTrainv=c (ErrTrainv, ErrTrain)
7 errTest=mmetric(dftestsPrice, modstest, c("RMpE")) & Brporl v
78 ErrTestv=c(ErrTestv, ErrTest)
79
80 =i+l -
1150 (iop evel) & eript ¢
Cansole G:/sesslon 5/ B0
> 10sS2=DFP2StosS
> 1082

L 2 11 N 082 2/ 21 O & 0/ O 3 5 1 L 707 S5 7 742 1 6
(21] 73 35155 76 315 16 147 32 153 294 43 45 42 87 65 146 72 156 85 68
[41] 130 175 311 260 351 131
> izl
> modsplitv=list(); modstrainv=list(); modstestv=list()
> EPrTrainv=NULL; ErrTestvzNULL
> Nibrary(rminer)
warning message:
package ‘rminer’ was built under R version 3.4.1
>

So, that will be computing the r m s e value within the loop for each model and then that
is going to be used for finding the minimum and best prune tree the code is quite similar
to what we had for the classification tree with one change. Let us so, you can see a
predict function now you would see type is vector because we would like to predict the
values right instead of plus and in computing the error for different partition and for
different models can see r m s e value is being computed right. So, these are few
noticeable changes in regression trees in comparison to what we did in classification

trees.

So, let us run this loop, but before running this let us load the importance function and
that is part of this code this function let us so once this is loaded we can go back to the

loop and run it.
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v MOGSTralN=prealct(moaspilt, artrain(,-c(4)j, type = vector ) 5
7L modstrainv(i)=list(nodstrain) ekl v =
72 modstest=predict(modsplit, dftest[,-c(4)], type = "vector") O mod List of 15
i m v(i]=N : .
73 odstesty[1]=11st(modstest) Onodsplit  List of 15
75 errTrain=mmetric (dftrainSprice, modstrain, c("RMSE")) Onmodsplity Large list (46 elements, L
76 ErrTrainv=c(EFrTrainv, ErrTrain) modstest  Named num [1:32] 2 2.35 §
7 ErrTest=mmetric(dftestSPrice, modstest, c("RMSE")) Omodstesty, List of 46
;g AR GICERY, EAAI) modstrain  Named num [1:47] 3.1 6.7 6.
80 =i+l Dmodstraing 1ict of 46 A
g; 4 fles Plots  Packages Help  Viewer =0
83 ¥ Error rate vs. no. of splits & Bxporl
84 DF=data.frame("#Decision Nodes"=0: (nrow(modSsplits)-1),
85 "error Training"=ErrTrainv,
86 “Error Testing"=ErrTestv, check.names = F);
K11 (lopleve) ¢ Weript ¢

Console G:/Sesslon 9/

modstrainv(i]=11st(modstrain)

modstest=predict(modsplit, dftest[,-c(4)], type = "vector")
modstestv[i]=1ist(modstest)

ErrTrain=mmetric(dftrain$Price, modstrain, c("RMSE"))
ErrTrainv=c(ErrTrainv, ErrTrain)
ErrTest=mmetric(dftest$Price, modstest, c("RMSE"))
ErrTestv=c(ErrTesty, ErrTest)

=i+l

}

TEE S S e

So, you can see here in the environment section you can see model split v large list for 3
6 elements, we had 46 decision nodes. So, the same number of models have been
developed right and scoring also test partition and training partition also. So, depending
on the number of observations so you can see list of a 46 here and list of 46 up all 46

models we have the scoring right.

So, once this is done as we did from the classification trees in the last you know model
that we developed in classification trees will get this data frame having a number of
decision nodes in the same fashion as we did last time for the classification trees and

trees and then the error train v and a error test v. So, let us say create this data frame

Now, this will have the all rows starting from 0 decision node to the last one decision
node and for that we will have to for to include all model with all decision nodes will

have to bring the full grown tree information details. So, that we are doing now.

So, last row we are getting manually you can see here that we are scoring off the training
partition using the full grown tree model and then that is added to the data frame and
then we are scoring the test partition and we are adding this information to the data
frame. Now we have the data frame now you can see we had 46 decision tree, and we

have 47 models and their performance.
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;; ; 1 @ cilobal  nvironment =
83 # Error rate vs. no. of splits Data
84 Dr=data.frame("#Decision Nodes"=0: (nrow(modSsplits)-1), O0oF 46 obs. of 3 variables B8
85 "Error Training"=EFrTrainv, 0df ) e, o
86 “Error Testing"=ErrTestv, check.names = F); - Copsaraninlhy ol
87 oF[nrow(modSsplits),1]=nrow(modSsplits) 0 dfb 79 obs. of 12 variables [
88 mut[itrair(upazdiﬁt(Ml;d.]dftrain[.;(m.Stype = "vz(tor”) ) O0oFp 93 obs. of 3 variables i)
89 DF[nrow(modSsplits),2])-=mmetric(dftrainsPrice, modtrain, c("RMSE") E !
90 modtest=predict(mod, dftest[,-c(4)], type = "vector") 2 Oorel 46 obs o: 3 van.ab:es B
91 OF[nrow(modSsplits),3]=mmetric(dftestsPrice, modtest, c("RUSE")) Anee2 AB-ohs—af Lvarisblas L
gg OF Fles Plots  Packsges Help  Viewsr =0
94 ¥ Plot of error rate vs. no. of splits & Expoil ¥
95 range(100*0F(,2])
96 range(1007DF[,3])
97 plot(smooth.spline(dF[,1], 100°0F[,2]), type = "1", ylim = ¢(0,1300), 4
91 (lopleve) ¢ Weript ¢
Console G/Sesslon 9/ B0

» modtrain=predict(mod, dftrain[,-c(4)], type = "vector")
> OF[nrow(mod$splits),2]=mmetric(dftrain$price, modtrain, c("RMSE"))
> modtest=predict(mod, dftest[,-c(4)], type = "vector")
> DF[nrow(mod$splits),3]=mmetric(dftestSprice, modtest, c("RMSE"))
> OF
#Decision Nodes Error Training Error Testing
0 10.004214123 2.5645418
1 2.170191165 1.6753038
2 1.574051473 1.3869512
3 1.309167499 1.1685520
4 1.087497062 1.1685520 u
5 0.892093829 0.9531551 7

1 Or o

So, first model is model with 0 decision nodes that is just rude node acting as a terminal
node and the corresponding error values also you can we can see then as we move down
we can see that models with different number of decision nodes. Now for the training
partitioned you can see training error it is highest when we have 0 decision node and it

keeps on decreasing and till when we have the 46 decision nodes it reaches 0 right.

So, this are finally, decreases to 0 for the testing partition you can see that it starts from
this particular value 2.56, that keeps on decreasing and it decreases I think to this value
this seems to be the minimum value in this particular row and then again it starts

increasing right.
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Ol - = L v nddins v & Project (None) =
07 9tmeesonx =] Environment  History =0
g M osuceosawe | Q Ze 1 . “HRun | % [ #Soune - P E mportiaaet list+
88 MOATrain=preaictimoa, artraini,-c(4)), type = vector ) . ] ohal
89 OF[nrow(modSsplits),2)zmmetric (dftrainsprice, modtrain, c("RMSE")) AN G
90 modtest-predict(mod, dftest[,-c(4)], type = "vector") pata
g% OF [nrow(modSsplits),3]=mmetric(dftestSprice, modtest, c("RMSE")) 00F 46 obs. of 3 variables [
93 0F 0df 79 obs. of 8 variables (]
94 # Plot of error rate vs. no. of splits 0 dfb 79 obs. of 12 variables [
95 range(luo-bF{.Z%) QoFp 93 obs. of 3 variables ]
96 range(100°0F[,3]) P i
97 plot(smooth.spline(0F[,1], 100°0F[,2]), type = "1", ylim = ¢(0,1300), | Q0FpL i dhe. 5 9 "”‘_‘m“ -
98 Xlab = "Nunber of splits”, ylab = "Error Rate™) 0.0FD2 4R ohs __of 3 variahlac
133 Tines (smooth.splne (0F[,1], 100*0F(,3])) Files  Plots  Packages Help  Viewer =0
101 F mininum error tree & Best pruned tree Py Bepor Q) %
102 min(oF[,31)
103 MET=min(OF [which(oF[,3]==min(oF[,3])),1]); MET
104 # std. err
1011 (lop level) & seript &
Cansole G:/Sesslon 5/ =0 ad
4 42 0.010718844 1.1508265 ‘He 8 4
4 43 0.007922497  1.1489217 & =
45 44 0.006014168 1.1495709 = -
46 46 0.000000000 1.1495709 g 8 N
> range(100*0F([,2]) (m S A
[1]  0.000 1000.421 o 4
» range(100*oF([,3]) T T T T T
[1] 95.31551 256.45418
> plot(smooth.spline(oF(,1], 100%0F[,2]), type = "1", ylim = c(0,1300), OO0 00
+ xlab = "Number of splits”, ylab = "Error Rate")
> Tines(smooth.spline(oF([,1], 100*0F[,31)) Number of splits

>

So, once we have this particular table this particular data frame now let us go ahead and
plot the curve for error rate for these two partition training and the test 1000 and here 256

so within 0 to one thousand we will have these two plots.

Now, we would see some differences with respect to regression tree so you can see that
training partition it starts with a quite high error then it keeps on decreasing until it

becomes 0 for the validation partition again it comes down to a minimum level and then

it starts increasing right.

So, so from this we need to find out the point where the error on r m s e value is
minimum for the validation partition. So, so this can be done using this particular code I
which be used for class field entry as well let us find out the minimum error on
validation partition using this column third column. So, this is the value the same that we

identified in the label in the table right.
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93 pata
94 # Plot of error rate vs. no. of splits 00oF 46 obs. of 3 variables [
95 range(100*0F[,2]) 0
9% range(wO"DF[:Sl) 0df 79 obs. of 8§ vam.\b'les ]
97 plot(smooth.spline(oF(,1], 100°0F[,2]), type = "1", ylim = ¢(0,1300), 0dfb 79 obs. of 12 variables (]
98 xlab = "Number of splits", ylab = "Error Rate") O 0oFp 93 obs. of 3 variables [
99 Tlines(smooth.spline(oF[,1), 100°0F([,3))) | gorp1 46 obs. of 3 variables [
100 5
101 # minimum error tree & Best pruned tree =| fneR2 46 shs__of 3 variahlas 1
102 mn(oF(,31) Fies Plots Packages Help Viewer =0

]
103 MeT=min(oF [which(DF[,3]==min(DF[,31)),1]); MET z
104 # std. err. Bz | Hepts 0 f % -
105 sqre(var(0F[,3])/1ength(0F(,31))
106
107 # Best pruned tree near first minima: within 1 std. err

@

R seript &

1011 (lop evel) &
Console G/Sesslon 9/ =0 i
e T T TR X Y TSP T MO T =TS 4, 3
> modtest=predict(mod, dftest[,-c(4)], type = “"vector") o ©7
> DF[nrow(mod$splits),3]=mmetric(dftest$Price, modtest, c("RMSE")) (‘g8
> OF 5 o 7

#Decision Nodes Error Training Error Testing E 3 b
il 0 10.004214123 2.5645418 b
2 1 2.170191165 1.6753038 © 5 T T T T
3 2 1.574051473 1.3869512
4 3 1309167499  1.1685520 0 0 A £ &
5 4 1.087497062 1.1685520

©

3 0.892093829 _ 0.9531551
7 - Number of splits

6 0.694101597 1.2231170
8 7 0.597208404 1.2231170 -

So, this is the value you can see number of decision or corresponding no originals are 5.
So, with 5 decision node we get this minimum value right same thing would, should
come in this code 5 you can see that has been recorded. Look at the let us look at the

standard error. So, this is the standard error to find out the best prune tree within this

within one standard
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99 lines(smooth.spline(DF[,1], 100°DF[,3])) “| @ clobal 1 vironment « Q
100 ST =

ErrTesty  num [1:46] 2.56 1.68 1.39 ..

101 # minimum error tree & Best pruned tree
102 min(oF[,3)) ErrTrain  0.00309426373877636
103  MeT=min(OF [which(DF(,3]==min(0F[,3])),1]); MET ErrTrainv num [1:46] 10 2.17 1.57 1.
104 # std. err £
105 sqrt(var(oF[,3])/length(oF[,3])) ?cwrw" 4;LSE
106
107 | sest pruned tree near first minina: within 1 std err keep int [1:43] 12345678
ll)g met1std=nin(oF[,3])+sqrt(var(0F[,3])/1ength(0F[,3])); metlstd ml MET St
10
110 8pT=0F [which(oF[,3)>min(0F[,3]) & Fils Plots Packages Help  Viewer =0
111 OF[,3)<metlstd & 7
112 oF[,1]<MeT), ] [1,1]; O Begols 8 f %
113 if (is.na(BPT)) BPT=MET; BPT

4

@

115 racc3-race2((R0Ta1) lanarh(tace2)]

A0 (op level) & Rseript &

=0

console G/sesslon 9/

> range(100*0F([,3])

[1] 95.31551 256.45418

> plot(smooth.spline(0F(,1], 100%0F(,2]), type = "1", ylim = c(0,1300),
+ xlab = "Number of splits", ylab = "Error Rate")

> lines(smooth.spline(oF(,1], 100%*0F(,3]))

> min(oF(,3])

[1] 0.9531551 T T T T T
h;]aa; min(OF (which(0F[,3]==min(0F[,3])),1]); MET 0 om oM D @
> sqrt(var(oF[,3])/1ength(oF[,3]))
(1] 0.03332213

>

1000

PRy Sy

Error Rate

0 400

Number of splits

So, we will let us compute this particular value. So, the error should be less than point

nine eight, but as we have seen in the table let us look at the go back to the table you can



see my 0.95 and as we go upwards in the table we do not see any any row where the

value is within that 0.98 you know that less than that so within one standard deviation of

this particular value 0.9531.

So, therefore, it seems so that best prune tree would also be same as minimum error tree.
Let us find out by this code using this code let us run this you can see its 5. So, the best
prune tree is also the same as minimum error tree. So, what we will do create the toss
argument again so in this case we will like to remove we like to give just the five
decision trees in the model that is prune tree model and snip of all the remaining nodes.
So, let us create this we will get this particular and let us load this library r part dot plot.

So, now we can plot this tree.
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1UG MELLSLASMINLUF [, 3] )+5QF VAl \F (,3] )/ 1ENgUILUF(,3])); MELISLO e
100 ) clbal | nvironment «
110 8pT=0F [which(DF[,3]>min(0F[,3]) & O modbest List of 14
111 OF[,3)<metlstd & dsplit (List of 15
12 oF [} 1]<HeT), ) (1, 1]; Quedip s e En
113 1f (35.na(BPT)) BPT=MET; BPT Omodsplity Large list (46 elements, 1.
114 modstest  Named num [1:32] 2 2.35 5.
115 toss3=toss2[(8pT+1):length(toss2)] Onmodstesty  List of 46
ﬁg nodbest=snip.rpart(mod, toss = toss3) modstrain Named num [1:47] 3.1 6.7 6..
118% i brary (rpart.plot) | Onodstrainv List of 46 -
119 prp(modbest, type & 1, extra = 1, under = T, varlen = 0, cex = 0.7, 3 Files | Plots | Pac Help Vi Im)
120 compress = T, Margin = 0, digits = 0, : A i i Mt 2=
121 split.cex = 0.8, under.cex = 0.8) B Hegue 0] f 4 -
122
123 # pruning using rpart's prune
124 mod2-rpart(price ~ ., method = “anova", data = dftrain,
1191 (Ioplevel) & I cript &
Console G /Sesslon 9/ =0 o
(1] 0.9864772 ‘He 3 4
> BPT=DF [which(0F[,3]>min(oF[,3]) & g -
+ OF[,3]<metlstd & pol 4
' oF [, 1]<4ET) 1 [1,1]; g 8
> if (is.na(BPT)) BPT=MET; BPT m <]
(s o 4
> t0ss3=toss2[(BPT+1):length(toss2)] T T T T T
» modbest=snip. rpart(mod, toss = toss3)
> library(rpart.plot) O 02030 10
warning message:
package ‘rpart.plot’ was built under R version 3.4.1 Number of splits

>

So, this is the tree that we have out of this regression tree exercise.
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So, if we look at this tree the first root node there the first spilt predictor and split value
combination is comes from K M so K M greater than 23.5 right. So, if yes then this side
so all the observation with that a greater than this value they will come this side and then
we get immediately we get the terminal node on the right side right child and fill then in

this side and we have S R price and within S R price.

So, this should be less than 10.475 then of course, we go this side again we have S R
price. So, S R price kilometre is seems to be the important topmost you know most
important variable and then followed by S R price which comes at second level then
again we see kilometre. So, then again we see S R price so you can see that we have 5
decision nodes and out of these five decision nodes S R price is occurring thrice and the

K M is occurring twice.

So, K M and S R price out of all the variables that we had K M and S R price are
eventually determining the this particular tree model. So, K M and S R price seems to be
the most important variables for this prediction task as you can see at each terminal node
as well and we have some value right. So, this value once for a new observation if you
would like to classify it the observation has to be drop down from this particular tree and
once it reaches to a particular leaf node these nodes last in our nodes leaf nodes so that

the value of these leaf nodes is going to be the predicted value.



So, let us come back now the same exercise that we followed through you know by
minimizing error on validation partition and for different more models with different

number of decision nodes you know we can have alternative mechanism which is quite

similar using R part prune function.

So, what we will do x value is now 10 as you can see and we will build this model once
this is done. Let us look at the ¢ p table. So, this is the t ¢ p level that is part of this

output. So, here we need to identify the row where x error is minimum right so that we

can do using this particular code.
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So, corresponding ¢ p value would be recorded 0.01250 we look at the table we look at
the table so I think this is the error that is being minimum value you can see from the
value itself (Refer Time: 30:17) minimum value is 0.7478825 and then corresponding ¢ p
value we can also see. Now this value can be used to prune the tree. So, you can see
number of splits 6 right so this can be used now we can also plot ¢ p for this model and

based on this as we did for classification tree.
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As we talked about that a similar approach wherein the first tree which is below this
vertical line you know that can be used as the best prune tree; however, all the points are
below this particular line. So, the model is not performing as well on the validation
partition. One specific reason for the same is that we have just seventy nine observations
in the full in the total full data set and out of that few are being used for the training
partition and remaining what test partition. So, because of this smaller sample size this

kind of result we are getting there.

Now, even within this as we can see you know probably this particular point which is
corresponding to 6 nodes can be the can be the prune tree as per this particular plot. So,
we will use the value recorded in ¢ p 1 and that is corresponding the minimum x error

value to build a model and this is the model that we get.
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If we look at the this particular model you would see that this is there is one more node
in comparison to what we saw in our exercise owners is also there, but otherwise we can
see that K M S R price this seem to be two important variables and then one extra node
owners is also there. So, this is from the, this is this particular model is from using the by
using be r parts prune. Now we can look at the number of node is a node 6 and 7. So,

with this we completed our exercise in r for this.
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Now let us discuss a few more comments a few more important things related to cart
algorithm. So, some of the advantages of cart algorithm are that can be used as a variable
selection approach no variable transformation is required you do not need to transform
your variable and key derive new variables. Because the way tree is build using
partitioning approach that recursive partitioning approach eliminates any requirement for
variable transformation because the tree is essentially going to be the same because it is
the midpoints values and the that are used or subsets in case of categorical variables that

are used to create partition.

So, therefore, variable transformation in r require robust to outliers. So, because again
recursive partitioning approach that does not rely on the specific values of outliers
therefore, the model is going to remain too robust to outliers non-linear and
nonparametric techniques. So, we did not make any assumption about the relationship

between outcome variable and set of predictors right.

So, this is non-linear no parameter that we have used handle missing values. So, again
for the same region because of the recursive partitioning approach and because we look
to use mid values to find out the possible split points so, missing values can also be very

well handled using this worker technique.

Now let us look at some of the problems of cart some of the disadvantages or issues with
cart algorithm sensitive to sample data changes as we have seen in our classification tree
exercises and regression tree exercise if the in the regression tree we had very small
sample very small sample and we saw that the performance on validation partition was
not good and in case of a classification trees we had large enough sample size; however,
every time we use to run because of the different observation that become part of the

training partition.

The tree model used to change full grown tree model used to change not even best prune
tree a full grown full grown tree model used to change right and therefore, this particular
technique is sensitive to sample data changes. Now if we look at the approach of cart you
would see that this main approaches recursive partitioning and then pruning. So, a
recursive partitioning approach in a way it captures the predictors strength as a single

variable and that is actually model and not as part of a group of predictors.



So, modelling is does not consider the strength of a group of a set operators rather it
relies on the predictor strength as a single variable right so that is that could be one
drawback right. So, there could be some set of predictors which put together might give

better performance using other techniques right so relies on strength of single variable.
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Other comments on cart might not fit linear structures or relationships between
predictors right so that is a one problem. So, if the typically it is understood that cart
procedures if the partition because the recursive partitioning approach is used if the
vertical and horizontal separation kind of scenario exists in a particular data set then the

cart algorithm is to perform well.

However, if the partitioning is you know some diagonal line kind of a partition would be
more suitable for the data then probably this technique is not going to give better results.
So, in that case solution could be we can derive new predictors which actually you know
which are actually based on the hypothesize relationship. If some diagonal line is better
separator for observation then probably new variable can we derived to you know to

express the same and that can be used when the cart models.

So, another problem another problem with cart algorithm is it requires large data set ah.
So, robustness depends a lot on large data set and even then every run the changes could
be there high computation time. So, because we are using high large data set recursive

partitioning is there and pruning is there so much of sorting related exercises are to be a



part of this process. So, because of this it requires high computation time. So, with this
we conclude our discussion on classification and regression trees in the next lecture we

will start our discussion on logistic regression.

Thank you.



