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Dr. Gaurav Dixit
Department of Management Studies
Indian Institute of Technology, Roorkee

Lecture — 44
Pruning Process- Part I11

Welcome to the course business analytics and data mining modelling using R. So, in the
previous few lectures we have been discussing classification and regression trees. So, we
discussed different issues that we faced while building classification models and the

recursive partitioning step and the pruning.

So, specifically we have been discussing pruning steps and we talked about different
scenarios and how the pruning can be performed and the problems that can be faced

while pruning. So, in previous lecture we had talked about the pruning sequence.
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So, we will again focus a bit about this in this in this particular lecture. So, pruning
sequence till now we had performed two ways of pruning one was just for the illustration
purpose just for the demonstration purpose where we followed the node numbering
order, node numbering sequence to perform pruning so where in the unique node
numbers that are generally generated for a particular tree model that were used to

perform pruning.



So, as we talked about this was just for the illustration purpose and the tree that results
from this particular pruning process looks a quite balanced tree because the node
numbering sequence that is being followed; however, however this is; however, this is
not the; however, this is not the optimal the optimal tree that full you know that full

grown tree that we talked about.

And full grown tree that we talked about and pruning it back to pruning it back to a level
where it does not over fit the noise or a does not over fit the data or fit to the noise.
Therefore, we talked about creating a you know pruning sequence which is based on the
complexity value, creating a pruning sequence which is based on complexity value we

also talked about in this discussion that we have to follow the splitting order right.

So, if this is the root node so, first split operator and value combination that we talked
about has to be this then we have to see which one of the right or left child is going to
provide further impurity going to give us further impurity reduction and therefore, we

have to you know the split is going to be performed on that particular node.

And then for next split again we will have to compare within the remaining nodes right.
So, in this fashion the splitting order would be created and we talked about that we will

get a as pruning sequence which would be the desired sequence that we want right.

Now in this particular lecture what we are going to discuss is combining these two
approaches because we would still face some issues while we do our pruning based on
the complexity parameter values. We will understand this as we have understood in

previous lecture that the complexity values at C P values.
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So, for once the exercise in r that we had did that we actually did in previous lecture we
had sorted our we have sorted our decision nodes and the and the split based on the
complexity values so we had toss variable which was capturing the sequence of nodes as
per this splitting order right. So, let us say for example, this is highest value is 0.3 and
there are some nodes here in this particular column then we have again something like
this then some value and in and in this in this fashion the values are going to be there and
based on this sorted complex tree order we created our you know splitting sequence.

Now, we will cover the problems that we might encounter.

So, for many nodes this particular as we go down the tree many nodes we will have the
same complexity value. So, there might be many such decision nodes which will have
same complexity value and therefore, which particular node is true be pruned first is
going to be the you know question mark right how do we decide which particular node

should be pruned first right.

So, as the tree grows further some nodes that we would see they will have they will carry
same complexity value now how do we decide about pruning you know our pruning
sequence here right you know so we have sorted. So, this is the optimized pruning
sequence right. So, for root node one this is the highest. So, once the full grown tree is

developed.



So, we start splitting from the least important split so; that means, from here right so
corresponding node which is having the least complexity value that would be pruned first
and we will move in this fashion. However, when we come into these zones where the
nodes are having the same complexity values then what typically happens is in the prune
dot r plot function that we have in r that will actually that will actually prune the tree
from prune the tree from the node which is have which is which is which will give us the

smallest tree.

So, for example, if these were the nodes and you know this particular node also had let
us say this particular node also had the same value. So, out of all these nodes which have
the same complexity value the prune dot r function will prune from here it will prune all
the nodes it will prune all the nodes from here and the and will give us the tree with the

smallest number of node

So, a smallest sub tree would actually be written there using prune dot R part function
that we had used in previous few lectures. However, however the method that we are
following we would like to follow the sequence of course, but whenever we encounter
these groups these groups of node having same complexity values we would like to

prune the node with the higher node number.

Let us say this is 22, 44 then let us say this is you know 45, 90 and then here we have a
180, 181 in this fashion. So, the as per this particular sequence and you know we would
like to as we go about pruning different nodes we would like to prune those trees which
have higher node number. So, therefore, when 4 5 nodes are having same complexity

values.

We will like to prune with the know with we would like to prune the node which is
having the highest node number. So, probably this is the node being at the rightmost part
of the tree and having the same complexity value for you know some of these regions
right so that would be the node that we that we would like to prune first and then we will

move further.

So, now in the exercise that we had performed we will have to make certain changes in
the code that we did in previous lecture. So, let us reach to the same point and we will
discuss further. So, let us first load these packages x | s x and then r part and then r part

dot plot.



So, let us load these packages. So, once these packages are loaded let us import the data

set that we have been using in previous few lectures promotional offers data set.
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Q- Q[+ el Adding v & project (None) *
0 Ytreesviit x =1 Environment  History =0
g M osouconswe | Q Zel £l . “#run | ©% | (B souce v P H oot e f lige | @
114 SPINT.Cex = U.5, Under.cex = u.3) B
105 # First three splits B Gotaltmivnmen =
116 modsub2=snip.rpart(mod, toss = c(12:13, 24:25))
117 prp(modsub2, type = 1, extra = 1, under = T, varlen = 0, cex = 0.7,
118 compress = T, Margin = 0, digits = 0,
119 split.cex = 0.8, under.cex = 0.8)
120
121 attributes(mod)
122 summary(mod)
123
124 # promoffers.x1sx
125 dfl-read.x1sx(file.choose(), 1, header = T) Files Plots Packages Help Viewer at
126 df1=df1[, 'apply(is.na(dfl), 2, all)] =
127 B Expurl v
128 df1[(1:20,]
129 str(dfl)
130

V61 (Iop evel) Rcript &

Console G /Sesslon 9/ . )
‘help.start()' for an HTML browser interface to help E

Type 'q()’ to quit R.

> library(x1sx)

Loading required package: rlava

Loading required package: x1sxjars

> library(rpart)

> library(rpart.plot)

Warning message:

package ‘rpart.plot’ was built under R version 3.4.1
» dfl=read.x1sx(file.choose(), 1, header = T)

So, let it load and then we will look at the some of the some code that we will have to
change we I am also going to correct a few minor problem in the code that we had used

in previous lectures. So, some minor corrections in the code and also we would like to

accommodate what we have just discussed right.

So, if we again to come back to this point earlier you know we did an exercise where
node numbering sequence was followed then we did an exercise were splitting sequence
was followed, but splitting sequence also have run to this problem. Now a merging these
two approaches you would see that though we follow splitting sequence for pruning, but

for few groups having same values we follow the node number sequence right.

So, the nodes with higher value right they would be pruned first. So, the code is to be
changed for the same and we will just see so data is loaded already here. So, let us

perform some of these steps grouping categories that we have been doing in previous

lectures. So, let us create these pin code categories.
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13y} 3
140 range(c_PINcode) &) clobal  nvironment = y
141 barplot(c_PINcode, names.arg=PINnames, xlab = "PIN Code", las=3, Data
142 ylab = “#pormotional offers Accepted”, ylim = c(0,13), cex.names = 0.6) 0dfl 5000 obs. of 9 variables [
143
144 table(as. factor(c_pINcode)) alies ;
145 # Assign count of PIN Code as its Tabel "~ C_PINcode int [1:96) 54526361
146 # PIN Codes having same count will have same label and will be grouped index ant [1:52] 6 56 77 202 238
147+ for(: in :mmmes)h( e 5 PINnames chr [1:96] "110001" "11000.
148 indexzwhich(as.character (df 13PIN. Code)==x) TPIN ‘table’ int [1:96(1d)] 54 . -
149 dfl[index,]SPIN.Code=rep(C_PINcode[which(PINnames==x)],length(index)) e
ig? } fis Plots Packiges Help Viewsr =0

152  df1SPIN.Code=as.factor (df1SPIN.Code) & Expuil ¥

153 dflSpromoffer=as.factor (df1spromoffer)
154 dflSonline=as factor(df1Sonline)

155 str(dfl) 3
1571 (lop evel) & Weript ¢
Console G:/Sesslon 9/

> tPIN=table(as.factor (df1$PIN.Code))

> PINnames=dimnames (tPIN) [[1]]

> C_PINcOde=NULL

> for(x in PINnames) {

C_PINcode=c (C_PINcode, length(which(as.character(df1SPIN.Code)==x &

=

+
+ df13promoffer==1)))

)

> for(x in PINnames) {

+ index=which(as.character (df1$PIN.Code)==x)

+  df1[index,]$PIN.code=rep(c_PINcode [which(PINnames==x)],length(index))

+1

> L

So, now, let us convert these variables to appropriate data types variable types. Let us

look partitioning as well.
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144 Tabie(as.Tactor(C_viNCOe)) 1 P
145 # Assign count of PIN code as its label s
146 # PIN Codes having same count will have same label and will be grouped pata
147+ for(x in PINnames) { 0df1 5000 obs. of 9 variables (]
148 index=which(as.character (df15PIN.Code)==x) Valie

149 dfl[index,]SPIN.Code=rep(c_PINcode [which(PINnames==x)],length(index))
“|  C_PIncode int [1:96] 54526361

index int [1:52] 6 56 77 202 238

152 df1SPIN.Code=as. factor (df1SPIN.Code) PINnames chr (1:96] "110001" 11000
153  dflSpromoffer-as.factor(dflipromoffer) TPIN "table’ int [1:96(1d)] 54
154  df1Sonline=as.factor(df1Sonline)

155 str(dfl) Files Plots Packages Help Viewer =0

157 F partitioning: Tr:v:Te->2500:1500:1000 B Bl »
158 partidx=sample(1:nrow(df1), 2500, replace = F)

159 dfltrain=dfl[partidx,]

160 partidxl=sample((1:nrow(df1))[-partidx], 1500, replace = F)

181 (oplevel) ¢

Rcript &

Console G /sesslon 9/ =0
> str(df1) 3
‘data.frame’: 5000 obs. of 9 variables:

$ Income :num 49 35 10 101 45 31 71 23 80 182 ...

§ spending : num 1.6 2.201 0.495 vl o

§ promoffer : Factor w/ 2 levels " SR O e AT

$ Age : num 25 45 39 35 35 37 53 50 35 34 ..

§ PIN.Code : Factor w/ 13 levels "0","1","2","3",... 8455376853 ...

$ Experience : num 11915981327 24 109

$ Famly.Size: num 4311442131 ...

§ education : Factor w/ 3 levels “Grad","Hsc","postrad”: 2221111313 ...
§ online ENEAC oW/ e Vel sl R e B 1 T OO O e

>

Now, everything is in this structure function the promotional offer is factored pin code is
factor 13 levels online education everything appropriately mentioned here. Now let us do
the partitioning. So, we will just so now, this was the model that we have been using mod

one so this is done. Now let us move forward to the place where we were performing

pruning.
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4/ MeAN(MOOLTRST==0T LTeSTIPTOMOTTer) 3
& clobalt nvironment =

248 #misclassification error

249 mean(modltest!-dfltestSpromoffer) Qdfltest 1000 obs. of 9 variables [ *

250 Odfltrain 2500 obs. of 9 variables [
gz; summary (mod1) Odflvalid 1500 obs. of 9 variables [}
values

253 # pruning Process

254 # validation partition: misclassification error vs. no. of decision nodes C_PINcode int [1:96) 4526361

255 # Total no. of nodes in full grown tree index int [1:52] 6 56 77 202 238
256 hrow(mod15frame) I i

257 # No. of Decision Nodes R LS

258 nrow(mod1Ssplits) Files Plots  Packiges Help  Viewer =0

259 # No. of Terminal Nodes

260  nrow(mod1$frame)-nrow(mod1$splits)

261 # Node numbers

262 tossl=as.integer (row.names(modlSframe)); tossl

263 DFp=data.frame("toss"=tossl, "svar"=mod1$framesvar,
61 (lop ! evel) 2

& Expuil ¥

e ¢
Console G:/Sesslon 9/ =0
> dfltrain=dfllpartidx,] :
> partidxl=sample((1:nrow(df1)) [-partidx], 1500, replace = F)

> intersect(partidx,partidxl)

integer(0)

> dfivalid=df1(partidxl,]

» dfltest=df1[-c(partidxl, partidx),]

> modl=rpart(Promoffer ~ ., method = "class", data = dfltrain,

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

+ maxcompete = 0, maxsurrogate = 0,

+ xval = 0)

+ parms = list(split="gini"))

(X L

So, here we were performing pruning. So, this time in this particular run we have total

number of nodes 87, total number of decision nodes 43 and total long number of terminal

nodes for forty four.
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249 mean(modltest!=dfltestipromoffer) e -
250 Odfltest 1000 obs. of 9 variables (] -

gg% summary (mod1) Odfltrain 2500 obs. of 9 variables [
253 # pruning Process Odflvalid 1500 obs. of 9 variables [}
254 # validation partition: misclassification error vs. no. of decision nodes values

255 # Total no. of nodes in full grown tree C_PINcode int [1:96) 5452636 L
256 nrow(mod1Sframe) ~ index int [1:52] 6 56 77 202 238

257 # No. of Decision Nodes 0 nod n
: i List of 15

258 nrow(modlSsplits) O mo ist of

259 # No. of Terminal Nodes fies Plots  Packages Help  Viewer )

260 nrow(mod15frame)-nrow(mod1Ssplits)
261 # Node numbers
262 tossl=as.integer(row.names(mod1$frame)); tossl

# il *

263 DFP=data.frame(" 0ssl, "svar'=modl$framesvar,

264 "cp"=mod1$frameScomplexity); DFP 5
M1 (1o evel) £ Waeript 2
Console G/Sesslon 9/ =0
> modl=rpart(Promoffer ~ ., method = “class", data = dfltrain, i
+ control = rpart.control(cp=0, minsplit = 2, minbucket = 1,
+ maxcompete = 0, maxsurrogate = 0,
+ xval = 0),
o parms = list(split="gini"))
> nrow(mod1$frame)
> nrow(mod1$splits)

Ir
> nrow(mod1$frame)-nrow(mod1$splits) L]
1] 44
> 3

One thing why now you must have observed that every time we run this model the
number of nodes number of nodes that have been part of the tree and then within that
number of nodes in the decision tree and also number of terminal nodes. So, the total

number of nodes and also the number of decision nodes and number of terminal nodes



have been changing every time we run the model right though we have good amount of

observations.

So, we have 2500 observation in training partition even though this has been changing.
So, we will discuss this particular aspect that this is mainly because the classification and
regression tree model they are quite sensitive to sample changes in sample. So, because
of this every time when we construct a tree we get a slightly different result because
every time when we run randomly draw the observations they are going to change and

therefore, tree is also changing the model as is sensitive to sample changes. So, we will

discuss this further.

So, now, let us go back to the point we were we were trying to perform here merging

those two approaches is splitting sequence and node number as we have just discussed.
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;;Y summary(modl) i 1 @ cilobal i nvironment =
52 C_PINcode int [1:96) 54526361
it ) G GHeE index  int [1:52] 6 56 77 202 238
254 # validation partition: misclassification error vs. no. of decision nodes
255 # Total no. of nodes in full grown tree Omodl List of 15
256 nrow(mod1$frame) partidx  int [1:2500] 4426 2362 227.
257 # No. of Decision Nodes partidx] int [1:1500] 2760 3220 478
258 nrow(modlSsplits) -~ PINnames chr [1:96] “110001" “11000.
259 # No. of Terminal Nodes . tossl int [1:87) 12481617 3. -
260 nrow(mod15frame)-nrow(mod1Ssplits)
261 # Node numbers fles Plots Packages Help  Viewer =0

262 tossl-as.integer (row.names(mod1$frame)); tossl

263 prp=data.frame("toss"=toss1, "Svar"=modl$frameSvar, 3 bl

264 “cp"=mod1frameScomplexity); OFP

265 DFP1-DFP[DFPSSvar!="<leaf>",];DFPL

266 g
1 (lopevel) & seript ¢

Console G:/Sesslon 9/

> nrow(mod1$splits)

[ 43

> nrow(mod1$frame)-nrow(mod1$splits)

» tossl=as.integer(row.names(mod1$frame)); tossl
T 2 S & 1 6 R 7 S 68 N1 3 272273 B 5 4 65 4781 09 481 095821190
[17] 4380 4381 8762 8763 2191 4382 4383 137 274 275 69 35 9 18 19 38
76 1 52153 2 0. B 726 14 6 15 B 781 5 41 55 3 0 B B O B2 04 O R E ]
908 TR 67881 63 M3 2 /803 27T 2 85 B 1 S 1 70 A4 R 8 S I8 O 76 BR1 70
[65] 45 23 46 92 184 185 370 371 93 47 94 188 189 95 3 6
112 1 A 7 1 4 R M2 O

>

So, let us first create this toss argument which is the which will actually contain the

number of nodes which we would like to which will be used to determine about pruning

sequence.

So, as we have as we did in previous lecture let us create this data frame. So, this has toss
1 this program variables and the variable used for splitting and then complexity values

for the corresponding variables. So, once this data frame is created you can see 87 nodes

in all the nodes of the tree.
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253 # pruning Process % clobal 1 vironment =
254 # validation partition: misclassification error vs. no. of decision nodes Oorp 87 obs. of 3 variables
255 # Total no. of nodes in full grown tree values
256 nrow(mod1Sframe) ! C_PINcode int [1:96] 5452636 L
257 # No. of Decision Nodes i s s s
258 nrow(modlssplits) index |rA\[ [1:52) 6 56 77 202 238.
259 # No. of Terminal Nodes 0O modl List of 15
260 nrow(modl$frame)-nrow(modlSsplits) partidx  int [1:2500] 4426 2362 227
261 # Node numbers = partidx] int [1:1500] 2760 3220 478. .
262 tossl=as.integer(row.names(modl5frame)); tossl
263 DFP=data.frame("toss"=tossl, "svar"=modlSframesvar, B Piots [[Psoages | Lo | Eviews =0
264 "cp"=mod1$frameScomplexity); DFP -
265 DFP1=DFP[DFPSSvar!="<leaf:",];DFP1 & Eporl +

267 # Nested sequence of splits based on complexity
268 # DFP2=DFP1[order(DFP1SCP, decreasing = T),]; DFP2
251 (1op 1 evel) & Kseript

Console G/Sesslon 9/
77 189 <leaf> 0.000000000
78 95 <leaf> 0.000000000
79 3 Education 0.325000000
80 6 Family.Size 0.181818182
81 12 <leaf> 0.000000000
i <leaf> 0.000000000
(8 Income 0.004545455
84 14  PIN.code 0.004545455
8 28 <leaf> 0.000000000
86 29 <leaf> 0.000000000
87 15 <leaf> 0.000000000

Let us remove the terminal nodes using this particular code. So, you would see terminal
nodes are removed now. Now, let us look at this particular code so we wanted to create
nested sequence of splits based on complex tree now this was the this now commented

outline this was the one that we use in previous lecture.

Now improvement on this is that now the this particular data frame is being ordered or
being sorted first with complexity values and then with node numbers right you would
also see a minus sign before this particular variable for node number and this is because
you know we want to sort our data you know in the decreasing order for complexity

values.

But once the for the group having for the group of nodes having the same complexity
values we would like to order them in increasing sequence right right. So, first lower
node bit lower node number then followed by nodes with higher node number so that is
why minus sign is there. So, you can look for more to understand more about order
function you can look at help section and there you will get examples also how we can

manage this.

So, this starting is actually by the sorting that we are trying to perform here is actually by
multiple columns right. So, let us sort this data so this is done now let us also change the
row numbers. So, you can see 43 decision nodes and now they have been sorted if you

want we can confirm this through of 1 or 2 examples.



So, let us look at the unsorted you know let us look at the unsorted list and this one the
last one you would see that this one is the node numbers are also in the desired sequence
is also ok. Now let us move further to find out an example this is also this group you
would see that the complexity values are same for these many you know nodes and the
node numbering is also in the desired order, but there might be situations where the they
might not be in that increasing order or numbers might not be the increasing order for the

growth.

So, let us see this one this particular value this is quite large group, but this is also seems
to be in the desired order this seems to be in the desired order as well. Now let us look at
this particular this is also in the desired order. So, probably in this particular run that we
have done everything was well in place however, if we run again probably we might not
get the probably we might not get this particular data frame in the sorted order node

numbering orders.

Now once we run this parallel code we will get this in the so it will be decreasing
complexity values and within then and within this list within this particular list the rows
having the same complexity values they would be in increasing node number orders now
after having run this particular code. So, here we won’t have any problem if that was
there in the first place. Now once this is done now with this we would be able to use this

particular pruning sequence to perform pruning right.
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261 # Node numbers “ 1 @ clobal I nvironment ©

262 tossl-as.integer(row.names(modlSframe)); tossl Oorp 87 obs. of 3 variables

263 oFp=data.frame("toss"=tossl, “svar"=modlSframesvar, O 0Fpl 43 obs. of 3 variables

264 "cp"=mod1$frameScomplexity); DFP

265 OFP1=DFP[DFPSSvar!="<leaf:",];DFP1 OoFr2 43 obs. of 3 variables )
266 values

267 # Nested sequence of splits based on complexity C_PINcode int [1:96) 5452636 L
268 # DFP2-=DFPl[order(DFP1SCP, decreasing = T),]; DFP2 index int [1:52] 6 56 77 202 238..
igz DFP2=DFPL[order (DFPLSCP, -DFP1Stoss, decreasing = T),]; DFP2 Omodl 5 o 55

271 rownames (DFP2)=1:nrow(DFP2); DFP2 Files  Plots  Packages Help  Viewer i)
2 T
273 toss2=DFPPStoss & bl ~

274 # counter for nodes to be snipped off

oM 1=1

276 modlsplitv=1ist(); modlstrainv=list(); modlsvalidv=1ist() .
2130 (op eve) & seript ¢

Console G:/Sesslon 9/

iy Income 0.002272727
34 136 PIN.Code 0.001818182
35 23 online 0.001818182
36 547 Experience 0.001818182
37 1095 Age 0.001818182
38 2190  spending 0.001818182
39 2191 Income 0.001818182
40 4381 Income 0.001818182
41 40  PIN.Code 0.001515152
42 8l spending 0.001515152
43 163  spending 0.001515152
>




So, now, the pruning would happen with the least important split; that means, the nodes
having the least complexity values and within the nodes which are having the same with
within the group of nodes having the same complexity values notice with higher node
number would be pruned first right. So, with this we will repeat our exercise what we did
in previous lecture as well few minor connect corrections have been done for example,

earlier you know these different models for different number of decision tea trees that we

were building.
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281 i i
282 modlsplit=snip.rpart(modl, toss = toss3) index int [1:52] 6 56 77 202 238
gg: S 5 0 modl List of 15
## Now cut down the CP table 3 :
t 1 f
285 renp-puax(nodLicprablel, 1], oFp2sceli)) I e
286 keep=match(unique (temp), temp) - -
287 modlsplitscptable-modlScptable[keep, , drop = FALSE] -
288 modLsplitScptable[max(keep), 1]=DFP25¢P[i] .0 el (=m0 | G| Ve st
289 # Reset the variable importance g
290 modlsplitsvariable. importance=importance (modlsplit)
291
292 modlsplity[i]=1ist(modlsplit) A
21817 (lop 1evel) & Weript ¢

Console G:/Sesslon 9/

37 1095 Age 0.001818182
38 2190 spending 0.001818182
39 2191 Income 0.001818182
40 4381 Income 0.001818182
41 40  PIN.Code 0.001515152
42 81  spending 0.001515152
43 163 Spending 0.001515152
> 10§52=DFP2§T0SS

> 3=l

> modlsplitv=1ist(); modlstrainv=1ist(); modlsvalidv=1ist()
> EFFTrainv=NULL; Errvalidv=NuLL
>

Now we are going to record them in the list format. So, that we are able to easily access
them. So, earlier this part of the code was not functioning properly. So, we have made

certain minor changes in the code to be able to record this.

Now, these particular variables these three variables mod one is split v mod 1 as train v
and mod 1 as valid v they have been initialized as list. And therefore, in the loop itself
we will have more of a chance to be able to record all these models. So, the code for and

in this loop is same as we saw in the previous lecture.
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e KR GO Vew Dot Seoon Wed Deha e [0k HOp
& project (Nore) =

Ql-lc- &[4 e [l vl ndding +
07 9meesvinx =] Environment  History =0
AN sweonsie | Q el £ . gy 5% (B souee » @ E ot it
448 mean(pmodtest!=df 1test$promoffer) 2 clobal  nvironment = Q
449 WUUISPTIC CiSU UT

450 #cleanup modlsplitv List of 0

451 rm(list = 1s0) modlstrai.. List of 0

igg rm(list = grep("Adf", 1s(), value = TRUE, invert = TRUE)) modlsvali.. List of 0

B inportance <~ funetion(Fit) pnmldx 1.nt [1:2500] 4426 2362 227.

455+ { partidxl int [1:1500] 2760 3220 478
PINnames chr [1:96] "110001" "11000.

456 ff < fitSframe

457 fpri <- which(ffSvar != "<leaf>") # points to primary splits in ff temp Named num [1:9] 0.325 0.32. -

458 spri <= 1 + cumsum(c(0, 1 + ffSncompete(fpri] + ffSnsurrogate(fpril))
459  spri <- sprilseq_along(fpri)] # points to primaries in the splits matrix Files  Plots Packages Help Viewer =0
460 nsurr <- ffSnsurrogate(fpri] # number of surrogates each has Hegui v

462 sname <- vector("1ist", length(fpri)) r
463 sval <- sname

[ importance(fin & eript ¢
Console G:/Sesslon 9/ =0
modlsvalid=predict(modlsplit, dfivalid(,-c(3)], type = “"class") "
modlsvalidv[i]=11st(modlsvalid)

+
+

+

& ErrTrainzmean(modlstrain'=dfltrain$promoffer)
+ ErrTrainv=c(ErrTrainv, ErrTrain)

+ errvalid=mean(modlsvalid!=dflvalidspromoffer)
+ errvalidv=c(Errvalidv, Errvalid)
+

+

+

E

>

}

1=1+1

rror in importance(modlsplit) : could not find function "importance”

Let us run this we will have two you read since we are calling this function important.
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TRsuds R
Mo b (0% Viw forc \ceaon Kl Do o [0 Hop
Q- Slla B »| adding + & project (o) *
O] ytressvin e =[] Environment History =0
A M seonsae | Q Zel £ w Sorun | B | Cosouce » @ pmporomer s f lige (&)
4/4+ TOr (1 1N Seq_aiong(Tpri)) { £ %
475 ## points to surrogates = .,‘,..‘J:T:L’:w.’:m:.":;s Ui i k
476- i (nsurr[) > OU) { el
477 indx <- spri[i] + ffSncompete[fprili]] + seq_len(nsurr(i]) L m“dlsphfv ok G
478 sname[[i]] <- sdim{indx] mmﬂi"l\. List of 0
479 sval[[i]] <- scaled.imp[i] * fitSsplits[indx, “"adj"] modlsvali. List of 0
480 } partidx  int [1:2500] 4426 2362 227
481 } partidxl int [1:1500] 2760 3220 478
:g R DE A o PINnames chr [1:96] "110001" "11000.
mport <- tapply(c(scaled.imp, un val)), o 5
484 c(as.character(ffivar[fpri]), unlist(sname)), Ll R D [ 5 02
485 sum) Fies  Plots  Pac Holp Vi
486  sort(c(import), decreasing = TRUE) # a named vector - - = [ e =0
487 } B Exprl
488
489+ peas
490 3
91 @ (United) + Ricrpt +
Console G/Sesslon 9/ =0

indx <- spri[i] + ffSncompete(fpri(i]] + seq_len(nsurr(i])
sname[[i]] <- sdim[indx
sval[[i]] <- scaled.imp[i] * fit$splits(indx, “ad)"]

}

import <- tapply(c(scaled.imp, unlist(sval)),
c(as.character(ffsvar[fpri]), unlist(sname)),

sum)
sort(c(import), decreasing = TRUE) # a named vector

T o

So, we will have to load it once this is done. So, let us move forward just come back to

this same point. So, let us run this again now once the importance function is loaded into

memory this will done.
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i

=) v ndding K Project (None)
=[] Environment  History =0

g M soueonSae  Q /v L1 - “#Run % | #Soune v T H Pportvanaet | f list *
94 MOLSTraIN=preaICt (MOaLspIIT, ATATraIN(, -c(3)], type = class ) g
B ittt S
296 modlsvalid-predict(modlsplit, dflvalid[,-c(3)], type = "class") . ) R b
27 modlsvalidv(i)=Tist(nodlsvalid) PRI iy [ IO
298 temp Named num [1:9] 0.325 0.18
299 ErrTrain=mean(modlstrain!=df1trainipromoffer) tossl int [1:87) 12481617 3
300 ErrTrainv=c(EFrTrainv, ErrTrain) 10852 int [1:43) 136251123
301 Errvalid=mean(modlsvalid!=df lvalidspromoffer) toss3 163L
302 errvalidv=c(errvalidv, Errvalid) tPIN “table’ int [1:96(1d)] 54 . (&
303} T et
04 isisl )2 spending
;82 } fles Plots Packages Help Viewer =0

307 ¥ Error rate vs. no. of splits B Exporl v
308 or=data.frame("#oecision Nodes"=0:(nrow(mod1Ssplits)-1),
309 "error Training"=ErrTrainv,

310 "Error validation"=Errvalidv, check.names = F);

W01 (op tevel) &

Console G:/Sesslon 9/
modlstrainv[i]=1ist(modlstrain)

modlsvalid=predict(modlsplit, dflvalid[,-c(3)], type = "class")
modlsvalidv[i]=1ist(modlsvalid)

ErrTrain=nean(modlstrain!=dfltrain$promoffer)
ErrTrainv=c(ErrTrainv, ErrTrain)
Errvalid=mean(modlsvalid!=df1lvalidSpromoffer)
errvalidv=c(errvalidv, Errvalid)

=i+l
¥

TR T O S e T

So, you would see that now let us look at the environment section now you would see
that a mod 1 is split v it is a large list of having a 43 elements that; that means, all the
models all the successive models that have been built in this particular loop all of them
have been recorded the same is true for mod one has chained a scoring and mod one has

valid the scoring for validation partition for all the models.

So, once this is done so you would also see one slight changes that now this particular
toss 3 is running from I 2 length of toss 2; that means, the number of models that we are

running is from 0 decision nodes to 43 decision nodes. So, last one in within this loop

would have 42 decision nodes.

So this is appropriately mentioned here 0 this is a minor correction early it was 12 this
particular value. Now this is from 0 decision nodes to 1 less than the total number of

additional nodes. So, this data frame is very much similar to what we created in the last

lecture let us create this.
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e KR Co Vew Dot o W Ueha e look oD
& project (Nor) =

Q- =1 2 -1 adding +
0 ameesvinx ] Environment  History 0
a M osouceonswe | Q 2ol D1 . R 5% [ HSouce o P E mportiaaet it *
302 errvalidv=c(errvalidv, Errvalid) “ 1 @ clohal i nvironment =
038 )
04 asisl paty
305 } OoF 43 obs. of 3 variables ]
ig? T 0dfl 5000 obs. of 9 variables [
# Error rate vs. no. of splits o
308 OF=data.frame("#Decision Nodes"=0:(nrow(modl$splits)-1), odflmsvf 1000 cbs. of 9 vm,“ﬂ“ -
309 “Error Training"=ErrTrainv, Odfitrain 2500 obs. of 9 variables [
310 "Error validation"=Errvalidv, check.names = F); Odflvalid 1500 obs. of 9 variables |}
311 or[nrow(mod1splits),1]=nrow(mod1Ssplits) Aneo 87 nhs_of 3 variahloc L=

312 oflnrow(modlisplits),2]=mean(modltrain!=dfitrainsPromoffer)
313 oF[nrow(mod1$splits),3]=mean(modlvalid!=dflvalidSpromoffer) Files  Plots Packages Help  Viewer =0
314 oF & Expuil *

316 # Tree after Last snip

317 prp(modlsplit, varlen = 0, cex = 0.7, extra = 0, compress = T,
218 marnin = N dinite - 0 ¢
n | (ioplevel) ¢ Waeript ¢
Console G:/Sesslon 9/ e
ErrTrainzmean(modlstrain!=dfltrainspromoffer)

ErrTrainv=c(ErrTrainv, ErrTrain)

Errvalid=mean(modlsvalid!=df lvalid$promoffer)

Errvalidv=c(Errvalidv, Errvalid)

}

1=+l

DF=data. frame("#oecision Nodes"=0: (nrow(mod1$splits)-1),
"error Training"=ErrTrainv,
"grror validation"=Errvalidv, check.names = F);

T S R

Now the last node we know the model with all the decision nodes is the full grown
nothing, but full grown tree model. So, we will add a row for full grown tree model in
this particular data frame. So, you can see that here the last row is nothing, but mod 1
that is full grown tree model. So, we are adding the relevant details here the number of

nodes then performance on training partition then performance on validation partition.
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& project (None) +
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Q] umescvine =[] environment History =0
a M osomeonsae | Q Fv L] v hkun | | G source + T H oot f liwe (&
302 Errvalidv=c(Errvalidv, Errvalid) 1 8 Global 1 vironment
B3N
304 =il L .
305 } O0F 43 obs. of 3 variables a8
ggg A 0df1 5000 obs. of 9 variables (]
# Error rate vs. no. of splits 3
308 F-data.frame("#Decision Nodes"=0: (nrow(nod1$spits)-1), @ cfltest [100010bs. ofiivarisbles |
309 “Error Training”=ErrTrainv, Odfltrain 2500 obs. of 9 variables (]
310 "Error Validation"=Errvalidv, check names = F); Odflvalid 1500 obs. of 9 variables [
311 or[nrow(mod1Ssplits),1]=nrow(mod1Ssplits) Boco R S A S ) ~
312 oF[nrow(mod1$splits),2]=mean(modltrain!=dfltrainsPromoffer) L
313 of[nrow(modlSsplits),3]=mean(modlvalid!=dflvalidSpromoffer) Files Plots Packages Help Viewer =0
314 oF
& Expurl »

316 # Tree after Last snip
317 prp(modlsplit, varlen = 0, cex = 0.7, extra = 0, compress = T,
18 Marain - 0 disire - N

10 (op level) * Reript +

Console G/sesslon 9/ )
errvalidv=c(errvalidv, Errvalid) e

i=itl

+
+

+

1

> DF=data.frame("#Decision Nodes"=0:(nrow(mod1$splits)-1),
4+ "grror Training"=ErrTrainv,
+
>
>
El

"grror validation"=Errvalidv, check.names = F);
oF [nrow(mod1$splits),1)=nrow(mod1$splits)
DF[nrow(mod1$splits),2)=mean(modltrain!=df 1trainSPromoffer)
rror in mean(modltrain != dfltrain$promoffer)
object 'moditrain’ not found

So, we will have to first score these two variables. So, we will go back to the part here

and let us see score these two partitions using full grown model. And then we will come



back and create that row again. So, let us create this value now we will have the data

frame.
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@7 9treesviit =[] Environment  History =0
M osowicconsove  Q /v £ SR 9% [ Ssoune * 2 E Poporomers | ist ¥
;:; ;:7’- il =1 @) clobal 1 nvironment
305 } pata
ggg i e 00F 43 obs. of 3 variables [
rror rate vs. no. of spiits :
308 oF-data. frame("#oecision Nodes"=0: (nrow(nod1$splits)-1), 04f1 5000 obs. of 9 variables [
309 "Error Training"=ErrTrainv, Odfltest 1000 obs. of 9 variables [}
310 0 ( d"Err%r vah‘c]hn'en'(’:i;rva'l"dv, check.names = F); Odfltrain 2500 obs. of 9 variables ]
311 OF[nrow(modlSsplits),1]=nrow(modlSsplits) ; : :
312 oF[nrow(modlSsplits),2]=mean(modltrain!=dfltrainspromoffer) O dflvalid 1500 cbs. of 9 v?rlab'les -
313 OF [nrow(mod1Ssplits), 3]=mean(modlvalid!=df1validspronoffer) | 0ER R1_ohe_of 3_varisbles )
ﬂ; OF Fies Plots Packages Help Viewer e
B Exporl

316 F Tree after Last snip

317 prp(modlsplit, varlen = 0, cex = 0.7, extra = 0, compress = T,
318 margin = 0, digits = 0)

319 nrow(modlsplitsframe)

1161 (lop level) &
Console G:/Sesslon 9/ =0
33 32 0.0020 0.02533333 E
34 3 0.0016 0.02466667
35 34 0.0016 0.02466667
36 35 0.0016 0.02466667
37 36 0.0016 0.02466667
38 37 0.0012 0.02466667
39 38 0.0012 0.02466667
40 39 0.0008 0.02466667
41 40 0.0004 0.02466667
42 4l 0.0004 0.02466667
4 4 0.0000 0.02466667
b

So, you can see in this particular output that 0 decision modes number of design modes 0
to number of decision mode 43. So, 43 one is the full grown tree model and therefore, in
today’s output in this lectures output you would see that the training error in training

partition is 0; that means, tree completely fits the data right that that leads to over fitting.

And now we have the corresponding numbers for when we do not have any decision
nodes 0. So, that is just you know the root node that is what we have so, those numbers
are also here now this data frame now can be used to find out the best tree and best prune

tree I mean on tree which we will do in a while.

So, now since we have made some changes and now we are able to access all the models
that we have developed in this loop for different number of decision nodes. Now this one
is the last model the model having one less node than the full grown tree. So, this is in
mod one split we can also access this using the list notation. So, this is the full model if

you want we can you can see this is the full model.
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@ Income <1155 @
Spending < 3.395013 Education = HSC
Income <1065 Income <83 Family.Size <25 income <1185
Spending < 259734 Education = HSC Age>=29 Education = HSC n.cm - @

Age <625

@Ing >= 2597975 @mq >=08266217  Spending >= 3.4!@ Family.Size < 1
PiN.Code = 0,1.2.1,1,5.@| PiN.Code = 1,2,!.:@ =0,12345683,10,1R4 > 605 Pil.Code = 0.2,1,@ Income >= 915 Spending <3.496754
Age <645 @an Code = 1,234 Bpending >« z@ndmg > o.o jcome < 33.5 PIN.Code = 2,34, @u > 41_@
Pili.Code = nuasunutomuu@mngds|“ “ mcum(l
@wme -0 “ @lnq 5 2458616 “
@MM' > 185 “
@ Age <42

Spending >+ 263599  Income < 58

C=00

So you and this is the last you know model with just one pruning of one node right and if
you want to compare this with the original model that can also be done. So, here we can
create the tree diagram for the full grown tree model from this you would sometimes it

might be possible for us to visually find out which particular node has been removed so

least important node.
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Dsudd ey
Mo b (0% View e \cccon K Do om0 Mo
[I2E~ 23 =11 | nddine v & project (Nore) +
0] 9mmescviie (] tnvironment History =0
A0 Soueonswe | Q Fel Sorun | B Cosouce + X H P s f liwe (&
510 Error vaiigation :rrvanav cneck.names = F); 5 [
311 oF[nrow(nodLSsplits), 1]=nrow(mod1ssplits) -
312 oF[nrow(mod1$splits),2]=mean(modltrain!=dfltrainspromoffer) Data F
;ﬁ OF[nrow(mod1Ssplits),3]=mean(modlvalid!=dflvalidSpromoffer) 00F 43 obs. of 3 variables ]
315 0df1 5000 obs. of 9 variables []
316 # Tree after Last snip Odfltest 1000 obs. of 9 variables [
317 prp(modlsplit, v:r]en = O.Jcex = 0.7, extra = 0, compress = T, Odfltrain 2500 obs. of 9 variables [
318 Margin = 0, digits = 0 pF : B
319 nrow(modlsplit$frame) O dflvalid 1500 obs. of 9 v;?nalﬂes a |
320 nrow(nodlsplitssplits) fnre 87 nhe_af 3 variahlas |
gg nrow(modlsplitsframe)-nrow(modlsplitssplits) T Hles Plots Packages Help Viewer B
323 # Tree after First snip "] Bzoon Hegals 0§ % rbiish +
324 prp(modlsplitv([1]], varlen = 0, cex = 0.7, extra = 1, compress = T,
325 Margin = 0, digits = 0)
326 nrow(modlsplitv[[1]]S$frame) 5 Rone o1 B
091 | (lop level) + Wacript 2 Spending <3396013 Educetion = HSC
Income < 106.5 Income < BamilyiSezmield118.5
Console Gsesslon 9/ =] sommn mmu umn-m..cm.. @ pod ks
4 40 0.0004  0.02466667 )
42 41 0.0004 0.02466667 s!‘%?“
43 43 0.0000 0.02466667
> prp(modlsplit, varlen = 0, cex = 0.7, extra = 0, compress = T, ou qm eo
+ Margin = 0, digits = 0) Mﬂ M M
warning message: Expo oﬂ-!
labs do not fit even at cex 0.15, there may be some overplotting <
> prp(modl, varlen = 0, cex = 0.7, extra = 0, compress = T,
sunaummm

+ margin = 0, digits = 0)

warning message:

Tabs do not fit eyen at cex 0.15, there may be some overplotting
>

So, the same thing we can also cross check using the particular data frame that we had

created D F P 2 right. So, this one also can be used so this particular node should be



spending from this pruning sequence. So, let us look at this particular data frame this is
this is tree model for this is tree model for full grown tree so the last node should be
spending right. So, this is one terminal node this is seems to be one node right one

decision nodes and is related to spending.

Now let us look at whether this was the same one in the in the in the the last tree in the
loop the last model in the loop. So, it will take some time to load here node number is
163, so probably this one should be so there is one more spending node here. So, this
could be 1 163 and we will have to see it we have to compare this with the full tree

model. So, to visualize which one which particular node has been deleted.

So, I think 160 the node number 160 this could be the 1. So, we can see here that by
spending 2 point, it is visible there 3.6 this one is also present there. So, this we can so
right now we will not look to spot this particular node. So, one node there is one less
node. So, let us execute these three free lines so you would see that total 85 nodes are
there, 42 decision nodes, and 43 terminal nodes in the last tree which removed which

pruned just one least important node.

And if we look at the full grown tree a number of decision node in the full grown tree so
there that is 43. So, one node has been removed however, another way to spot this is
using this particular output mod 1 here you can see here, but; however, this is this is in

the node numbering sequence.

So, if we if we look at the earlier output that we had saw so where we expected that the
node that has been removed is the node number 163. Now we look at that particular node
here in the full grown in the full grown tree example that model results right so, a 163 is
somewhere here. So, this is where 163 is now the same thing we will look to find out in

the last output in the that we had in the loop.
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34 oF 2 clobal | nvironment = 4
315 pata
gi? 4 Tzeed;ﬂ?r Last ?"'”7 0 AP 0 g 0O0F 43 obs. of 3 variables ]
318 2 ﬂ:rgfz ltb v::g::;: 6)cex el S e 0df1 5000 obs. of 9 variables [
319 nrnw(mndlsp1it§frame) Odfltest 1000 obs. of 9 variables [
320 nrnw(mndlsp'litSsp'lits) sl Odfltrain 2500 obs. of 9 variables [
i%; nrow(modlsplitsframe)-nrow(modlsplitssplits) Odfilvalid 1500 obs. of 9 variables @
323 # Tree after First snip _| Aneo 87 nhe _of 2 variahloc 1
324 prp(modfisplitv[[1]], varlen = 0, cex = 0.7, extra = 1, compress = T, Fies | Plots | Packages  Help  Viewer o
325 margin = 0, digits = 0) ” o
326 nrow(modlsplitv[[1]]$frame) @ B Begatr 00 f % ruish ¢
327 nrow(modlsplitv[[1]]$splits) ) :
§§§ nrow(modlsplitv[[1]]$frame)-nrow(modlsplitv[[1]]$splits) Beome <i1s5 E
AK_ | (lopleve) ¢ Weript ¢ Spending S 013 sl
Income <1065 Income < BEMilYSEMEA118.5
Console G:/Sesslon 9/ =0 Sp-ndma mmu « His@ge >= 2ducation 00&0’
189) Age< 42.5' 101 (0,000000000 1,000000000) * | soonduprealomamss @""’“’“’”‘ 00;
95) spending>=3.496754 10 0 1 (0.000000000 1.000000000) * cm °v 13‘”7“

13) Family.Size»=2.5 40 0 1 (0.000000000 1.000000000)
7) education=Grad,PostGrad 147 2 1 (0.013605442 0.986394558)

3) Income>=115.5 460 185 0 (0.597826087 0.402173913
6) Education=sc 313 40 0 (0872204473 0.127795527) .0 «ms ao
12) Family.size< 2.5 273 0 0 (1.000000000 0.000000000) * ).“5.
£ Elpe u)ﬂ

14) Income< 118.5 7 2 1 (0.285714286 0.714285714) i8
28) PIN.Code=2,6 2 0 0 (1.000000000 0.000000000) * ”‘""""""‘“"
29) PIN.code=3,4,5,7,8 5 0 1 (0.000000000 1.000000000) * l"=

15) Income>=118.5 140 0 1 (0.000000000 1.000000000) * 00]

So, now instead of looking this one will look for the different models that we have stored
here. So, we can see that mod splittv. Now we did using the double bracket notation we

can access the first you know a tree after first snip so this we can again create.
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326 hrow(modlsplitv([1]]$frame) @ Pron Bepals O f T ruish ¢

327 nrow(modlsplitv[[1]]$splits)
328 nrow(modlsplitv[[1]]$frame)-nrow(modlsplitv[[1]]$splits)

329 .
V61 (lop level) ¢ wseript ¢
Console G:/Sesslon 9/ =0

3) Income>=115.5 460 185 0 (0.597826087 0.402173913)
6) Education=Hsc 313 40 0 (0.872204473 0.127795527)
12) Family.size< 2.5 273 0 0 (1.000000000 0.000000000) *
13) Family.Size»=2.5 40 0 1 (0.000000000 1.000000000) *
7) Education=Grad,PostGrad 147 2 1 (0.013605442 0.986394558)
14) Income< 118.5 7 2 1 (0.285714286 0.714285714)
28) PIN.Code=2,6 2 0 0 (1.000000000 0.000000000) *
29) PIN.Code=3,4,5,7,8 5 0 1 (0.000000000 1.000000000) *
15) Income>=118.5 140 0 1 (0.000000000 1.000000000) *
> prp(modlsplitv[[1]], varlen = 0, cex = 0.7, extra = 1, compress = T,
+ margin = 0, digits = 0)
> L

So, you would see this is just nothing, but root node and you can also look at that there is
just to one node and no decision node and just one terminal node. So, this is what

happens in the first after first snip similarly we can access other nodes right



Now, let us plot the let us clear the this particular plot between number of splits and error

rate so error rate going on the y axis let us look at the range so this is between 0 to 10

around 10.
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36> Margin = U, 1918 = U)
326 nrow(modlsplitv([[1]]$frame)
327 nrow(modlsplitv[[1]]$splits)

328 nrow(modlsplitv([1]]$frame)-nrow(modlsplitv([1]]$splits)

329
330
331 # Plot of error rate vs. no. of splits
332 range(100°DF[,2])
333 range(100°DF[,3])
334 plot(smooth.spline(dF(,1), 100°DF[,2]), type = "1",
335 xlab = "Number of splits”, ylab = "Error Rate")
336 lines(smooth.spline(pF(,1], 100%0F[,3]))
7

338 F Minimum error tree & Best pruned tree

339 min(or(,3])

340 MeT=min(oF [which(oF[,3]==min(oF[,3])),1]); MET
341 # std. err

V1 (lop leve) ¢

Console G:/Sesslon 9/
> nrow(mod1splitv[([1]]$splits)

> nrow(modlsplitv[[1]]$frame)-nrow(modlsplitv[[1]]1$splits)

> range(100*0F([,2])
[1) 0.0 8.8

> range(100%0F(,3])

(1] 1.733333 9.933333

> plot(smooth.spline(0F(,1], 100%0F[,2]), type = "1",
+ x1ab = "Number of splits", ylab = "Error Rate")
> lines(smooth.spline(oF(,1], 100%0F(,31))

>

e

Environment  Histary

K Project (None)

P E ot it *

1 @ cilobal  nvironment =

pata

O0oF 43 obs. of 3 variables
0dfl 5000 obs. of 9 variables

Odfitrain 2500 obs. of 9 variables

i)
a8
O dfltest 1000 obs. of 9 variables [
J
@

O dflvalid 1500 obs. of 9 variables
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© Files Plots Packages Help Viewer =0

R seript &

B zom Bt 0] f % rublih +

3

Error Rate

T T T

0 08207530 40

Number of splits

So, let us create this plot also at the validation now you would see the plot is quite

similar to what we have been creating in previous lectures as well. So, you can see that

training partition what any partition that keeps decreasing till it reaches 0, and for the

validation partition the error keeps decreasing and reaches a minimum point somewhere

here and then after that it starts increasing.

So, this minimum minima point is the one where we would like to prune the tree up to

that point we would like to prune the tree. So, let us find out this particular point. So, as

we have as we have done in previous lecture. So, this using this particular code and the

data frame that we have created we can find out this is the tree this is the error and the

corresponding number of nodes is 6 if you are interested to look at the data frame once

again we can do that. So, you can see 0.17 and node number of node 6.
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Console

(1)
> OF

1 Soucconsoe | Q /

NPOW\MOALSP 1 1TV] (L] |3Trame) -Nrow(moa1spIITV] (4] |38pITs)

# Plot of error rate vs. no. of splits
range (100*DF[,2])
range (100*0F[,3])

plot(smooth.spline(oF[,1], 100°DF[,2]), type =
xlab = "Number of splits”, ylab = "Error Rate")

Tines(smooth.spline(0F(,1], 100°0F[,3]))

# minimum error tree & Best pruned tree
min(DF[,3])

MET=min(DF [which(oF[,3]==min(oF[,31)),1]); MET

# std. err.
sqre(var(0F(,3])/Tength(oF[,3]))

# Best pruned tree near first minima: within 1 std. err

(op1eve) ¢

Gy/Sesslon 9/

> MET=min(DF [which(DF[,3]==min(OF[,3])),1]); MET
6

#Decision Nodes Error Training Error validation

SR

o oo

0 0.0880 0.09933333
1 0.0880 0.09933333
2 0.0308 0.02933333
3 0.0148 0.02066667
4 0.0148 0.02066667
5 0.0148 0.02066667
6

i 0.0112 0.01866667
R 00100 002000000

£ -1 adding +

e

=

“HRun | 5% | FSoune v

i

K ot o) +

Environment  Histary =0

ta

Pimport ataset e ©

1 @ cilobal  nvironment =

R seript &

=0

0.0136 0.01733333 =

ErrTrainv numv[1.43] 0.088 0.088 0.0.
errvalid  0.0246666666666667

errvalidv num [1:43] 0.0993 0.0993 0..

i 44

index int [1:52] 6 56 77 202 238
keep int (1:8] 12345678
MET 6L

Files Plots Packages Help Viewer =0

] B oo oot 0§ % rubish -

Error Rate

T e e
M 0 A & 4

Number of splits

So, this is the point this is the point where minimum is there and the minimum errors
where is 0.0173 number of decision nodes are six now this being the minimum error tree

let us fire try and find out the best prune tree. So, let us compute the standard error for

the error rate on validation partition.

Now, let us compute this particular value so that we are able to find out the best prune
tree now this code we have already discussed. So, best prune tree also comes out to be in
this particular case best prune tree also comes out to be the same as minimum error tree.
So, we look at the table we will get better idea that the value that that particular row that

we were looking for should have the error validation error less than this vertical value

0.0198.
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L fwd =IO X
)
Q.- =1 Lo nddins + & et o) +
0] 9meesvinx =] Environment History =0
i M osuceosawe | Q Zel D1 . R 5% #Soune P E ot lige
339 MINF(,3)) Il @ o
340 MET=min(OF [which(OF[,3]==min(OF[,3])),1]); MET Clohal | nvironment «
341 # std. err values
342 sqre(var(0F[,3])/1ength(0F(,31)) 8PT 6L
343 ;
344 # sest pruned tree near first minima: within 1 std. err. :;::::‘1’:' ;:‘051'96] 505e080L
345 metlstd=min(oF[,3 t 0F[,31)/Tength(0r[,31)); metlstd &
& metlstd=min(oF[,3])+sqrt(var(0F[,31)/Tength(oF[,3])); metls et e (AL OLE 01060 0L
347 gpT=0F [which(oF[,3]>min(0F[,3]) & Errvalid  0.0246666666666667
348 OF[,3]<metlstd & Errvalidv num [1:43] 0.0993 0.0993 0. _
349 oF[,1]<Mem), 1 [1,1]; -
;2? 1f (i5.na(BPT)) BPT=MET; BPT 1 Files Plots Packages Help Viewsr o
352 toss3=toss2[(BPT+1).length(toss2)] @ B oom oot 0§ % rubish -

353 modlbest=snip.rpart(modl, toss = toss3)
354 prp(modlbest, type = 1, extra = 1, under = T, varlen = 0, cex = 0.7,

355 compress = T, Margin = 0, digits = 0, i
171 (lopleve) 2 Waeript £
Consale G/Sesslon 9/ - ol
42 41 0.0004 0.02466667 ‘I o
43 43 0.0000 0.02466667 & © -
> sqre(var(oF[,3])/1ength(oF(,31)) R e
1] 0.00249642 g
> netlstd=nin(oF(,3])+sqrt(var (o[, 31)/Tength(oF[,31)); metlstd 5 oA
[1] 0.01982975 |
¥ BPT=DF[wh1(h(DF[,i]:mm(DF[‘3]) & T T T T T
DF[,3)<metlstd &
; 3l 0 10 N N @

+ oF[,1]<#em),1(1,1];
> if (is.na(BPT)) BPT=MET; BPT
e Number of splits

>

If we go back to the table at six decision nodes row and 0.0198 we go up and we do not
see any value. So, therefore, the minimum error tree itself becomes the best prune tree
because within one standard deviation there is no other options available. So, once this is

done we can create the toss three argument and create our best prune tree diagrams.

(Refer Slide Time: 31:13)
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So, if you look at best prune diagram now. So, this is the best prom tree that we have
right. So, we have income education family size and spending. So, these are the

important variables that we can see in best prune tree right. So, income being the most



important you know coming at the top of the tree and again early occurring and then
spending is also their education also seems to contributing to this tree model coming at

the top of the tree here second level and then here as well right so these are some of the

important trees that we can see.

Now, the same process we can look at what using the r parts prune so that is let us so for

that we will have to specify x value as 10 that is the default value so let us go through

one more time like we did in previous lecture.
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o,. M= & =LA vl Adding + k Project (Norc) =
0 9treesvin e =[] Environment  History =0
i M souconsae  Q 20 £ - “#Run 5% [ Hsoune v T H Pmportiaet | f it

402 # rel is the ratio of incorrectly classified training records “ 1 ) clobal I nvironment =

403 # after doing a split to incorrectly classified training records = o o .
Wil £ at root ,mgg U:M rule) y 9 Omodlstrai. Large 1ist (43 elements, 6
modlsvalid Factor w/ 2 levels “0","1"

405
406 # change xval (default value=10) Omodlsvali. Large list (43 elements, 3

407 # pruning using rpart’s prune modltest  Factor w/ 2 levels "0","1
408 mod2=rpart(Promoffer ~ ., method = "class", data = dfltrain, nodltrain Factor w/ 2 levels
409 control = rpart.control(cp=0, minsplit = 2, minbucket = 1, divaiid 2 levels "0
410 maxcompete = 0, maxsurrogate = 0, poclviceieccoy W/ 2 levels
411 xal = 10)) 0 mod2 List of 15
412 mod23cptable -
413 # xerror contains estimates of cross-validated prediction error Files | Plots | Packages | Help | Viewer 18]
414 # for different nunbers of splits (nsplit) P eGP e g
415 # Find cP value corresponding to minimum xerror value
416 mod2Scptable[which.min(mod2Scptablel, "xerror"]),]
ﬂz Fekwé??sgfah]e[wmchAmm(madZScptable[,"xerror”]),”(P"], cpl ¥ (o neome <1133 ()
A5 (ioplevel) Wweript ¢
Consale G/Seslon 9/ =0 Soending <2295013 bt Edueation = HSC
> mod2Scptable 8
cp nsplit  rel error  xerror xstd {m@}s 18
1 0.325000000 0 1.000000000 1.0000000 0.06438520 iR Fanil Site <25 D
2 0.181818182 2 0.350000000 0.3681818 0.04024091 o
3 0.010227273 3 0.168181818 0.1954545 0.02954909 1 0 o i
4 0.004545455 8 0.113636364 0.1772727 0.02816407 mar mae
5 0.003030303 21 0.050000000 0.1954545 0.02954909 0 Education = HSC 0
6 0.002272727 27 0.031818182 0.2000000 0.02988463 LE (0) 10 SO
7 0.001818182 33 0.018181818 0.2181818 0.03118805 amn
8 0.001515152 40 0.004545455 0.2318482 0.03212823 a n
9 0.000000000 43 0.000000000 0.2363636 0.03243506 U2 nmw
> i

So, let us clear this model let us look at the C P table and from here we will try and find
out the row for which x error is minimum. So, this x error is similar to what similar to
what we have done for validation partition that error that we had computed. So, this is
the value lowest x error value and the corresponding C P value also you can see. So, let

us record this and once this is done we can also plot we can also create this particular

plot plot plot C P function.



(Refer Slide Time: 32:51)

size of tree

1 3 4 9 22 28 34 4 44

o e 1 Il 1 1 1 | /| 1 |

X-val Relative Error
(o]

° ps s —— '

T T T T T T T T T
Inf 024 0043 % 00068 00037 0.0026 0.002 00017 0

P

So, it will actually give us a graphic for C P versus this relative error x value relative
error and size of trees also you can see here and the top axis and the bottom axis we have
C P value. So, generally it is considered that you know first tree which is below this

dotted line right in the left part of the plot that is the best prune tree right.

So, many points could be below this line as you can see in this particular run there are
very few ah, but you can see this particular range 9 to 22 and from 4 to 22 we can see
that all these points all these sub trees they are below this particular reference label. So,
generally best prune tree in minimum trees around seems to be around this particular
mark right now the typically best prune tree is the first point after you know which

comes below this line. So, this could be around after four this could be around five right

So, corresponding C P values then C P value can and then we used two pruned the tree to
back to that level. So, this is a quite similar approach to what we have done, but this is
based on complexity values and we have already discussed some of the problems that we
might encounter there. So, as per the process that we have adopted sorting by complexity
values and then further sorting by node numbers that will give us probably the best
models. So, we will we will stop here and in the next lecture we will start our discussion

on regression trees.

Thank you.



