Didacticiel - Etudes de cas R.R.

1 Theme

Comparison of the implementation of the CART algorithm under Tanagra and R (rpart
package).

CART (Breiman and al., 1984) is a very popular classification tree (says also decision tree) learning
algorithm. Rightly. CART incorporates all the ingredients of a good learning control: the post-
pruning process enables to make the trade-off between the bias and the variance; the cost
complexity mechanism enables to "smooth" the exploration of the space of solutions; we can
control the preference for simplicity with the standard error rule (SE-rule); etc. Thus, the data miner
can adjust the settings according to the goal of the study and the data characteristics.

The Breiman's algorithm is provided under different designations in the free data mining tools.
Tanagra uses the “C-RT” name. R, through a specific package?, provides the “rpart” function.

In this tutorial, we describe these implementations of the CART approach according to the original
book (Breiman and al., 1984; chapters 3, 10 and 11). The main difference between them is the
implementation of the post-pruning process. Tanagra uses a specific sample says "pruning set"
(section 11.4); when rpart is based on the cross-validation principle (section 11.5)2.

2 Dataset

We use the WAVEFORM dataset (section 2.6.2). The target attribute (CLASS) has 3 values. There
are 21 continuous predictors (V1 to V21). We want to reproduce the experiment described into the
Breiman's book (pages 49 and 50). We have 300 instances into the learning sample, and 5000
instances into the test sample. Thus the data file wave5300.xls® includes 5300 rows and 23
columns. The last column is a variable which specifies the membership of each instance to the train
or the test samples (Figure 1).

CLASS W1 W2OOW3 W4 WS WE VT WE VS WID W W12 W13 W14 WIS VI WIT O W1 W18 R0 W SAMPLE

A 075 005 | 260 223 207 | 342 366 265 230 254 182 169 082 159 102 058 037 276 0482 083 <143 | learning
185 -066 070 | 368 | 150 242 257 482 207 176 143 312 201 143 200 | 306 133 279 034 034 064 | learning
S5 <045 135 212 045 136 | 027 026 119 133 046 141 263 ) 340 449 396 363 226 181 104 | -0.41 | learning
-029 ) -028 124 165 084 175 458 029 333 1073 283 229 232 182 071 27 2B 243 058 166 | -0.28 | learning
A6 0141 139 3098 183 476 | 301 383 287 156 ) 357 189 121 | 339 164 284 003 241 211 | 037 102 | learning
S22 266 128 077 258 486 342 425 282 207 282 203 112 050 040 199 116 153 100 151 | 083 | learning
-029 135 | -089% 263 162 135 (160 159 097 132 216 304 396 376 5489 134 380 395 085 146 | 114 | learning
058 028 147 009 077 -0 032 0B4 136 -010 052 338 443 452 603 | 584 4268 432 137 089 -033  learning
078 (0412 078 320 3684 218 504 518 429 406 322 143 301 -0 083 043 121 158 049 005 | -0.36  learning
171 077 286 203 | 333 B33  BAE 452 283 384 120 141 055 055 123 -0468 033 098 051 200 089 learning
S026 ) 104 252 ) 365 381 470 BF4 497 30 165 1890 023 -046 059 059 161 082 002 040 133 041 | learning
054 057 136 188 108 378 24 287 37 125 33 072 181 021 144 251 028 048 130 180 023 learning
-002 | -02F 008 194 081 020 0 -083 083 033 124 164 200 280 280 677 304 430 092 323 228 | 013 | learning
197 0158 122 016 0 0B3 029 008 135 158 071 458 442 585 742 543 353 ) 211 164 001 083 | learning
S107 048 180 421 306 ) 432 552 400 428  ZV0 245 179 303 023 249 063 114 142 046 043 -1.23 | learning
1483 084 000 102 170 225 039 128 137 180 233 238 316 332 424 279 318 315 241 094 080 | learning
S124 060 159 154 2584 454 450 S84 246 180 272 041 186 308 152 341 020 057 071 .07 0069 ) learning
080 086 224 255 507 581 444 384 426 18 22 176 053 006 157 063 023 435 184 071 -0.35  learning
045 1 222 219 (145 | 242 289 440 3 259 255 139 148 063 187 178 | 300 099 087 161 016 131 learning
172 7154 041 | 253 | 336 480 427 540 287 347 174 126 57 13 140 (126 044 140 -0 477001 learning

b o o S S S S S S S S R

Figure 1 - The 20 first instances of the data file - wave5300.xls

! http://cran.r-project.org/web/packages/rpart/index.html

2 We can use a pruning sample with “rpart” but it is not really easy to use. See http://www.math.univ-
toulouse.fr/~besse/pub/TP/appr_se/tp7_cancer_tree_R.pdf; section 2.1.

3 http://eric.univ-lyon2.fr/~ricco/tanagra/fichiers/wave5300.xls
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3 The C-RT component — TANAGRA

3.1 Creating a diagram and importing the data file

After we launch Tanagra, we want to create a diagram and import the data file.

For that, we activate the FILE / NEW menu. We choose the XLS file format and we select
wave5300.xIs4.

{2 TANAGRA 1.4.28beta

Help
Choose your .'ai 1set and start download
= Open. .. Data mining diag =
Diagram title :
Defautttile |
[Drata mining diagram file name :
Exik |D:1DataMiningIDatabases_for_mining‘tdataset_for_sof't_dev_and_compaH
Drataset (*.t<t.* arff,*xls)
|b:1DataMininngatabases_for_miningldataset_for_soﬂ_dev_and_compaﬂ =
(]9 ” Cancel H Help ]
Fegarder dans : |@ cart_like_algorithms v| €] ? % [~
Y
d ©
e X | Mes documents
| Data wisualization Statistics Monparametric statid 1écants
Feature selection Regression Factoral analysis F‘[‘
Spw learning fieta-spy learning Spw learning assessm| Bureau
‘@'Correlation scatterplot ]&;Scatterplot with label
Export dataset View dataset
IL. Scatterplot E,_Z,‘u’iew multiple scatterplot Mes documents
Foste de travail ¢
-
- Wam du fichier |wava53DU.kIs V| [ Oluerir 1
Favoris réseau | Fichiers de type : | Excel Fie (37 & 2000) v| [ Aoue |

The diagram is created. Into the first node, TANAGRA shows that the file contains 5300 instances
and 23 variables.

4 There are various ways to import a XLS data file. We can use the add-on for Excel (http://data-mining-
tutorials.blogspot.com/2010/08/sipina-add-in-for-excel.html, http://data-mining-
tutorials.blogspot.com/2010/08/tanagra-add-in-for-office-2007-and.html) or, as we do in this tutorial, directly
import the dataset (http://data-mining-tutorials.blogspot.com/2008/10/excel-file-format-direct-importation.html).
In this last case, the dataset must not be opened in the spreadsheet application. The values must be in the first
sheet. The first row corresponds to the name of the variables.

The direct importation is faster than the use of the “tanagra.xla add-on. But, on the other hand, Tanagra can
handle only the XLS format here (up to Excel 2003).
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i TAMAGRA 1.4.28beta - [Dataset (wave5300.xls)]

E File Diagram Component ‘Window Help -8 x
=
Default title Dat td inti A
atase escription =
Dataset [wave5300,xls)
23 attribute(s)
5300 example(s)
Attribute Category Informations
CLASS Discrete Jvalues __
Wl Continue
W2 Continue
W3 Continue
e Continue v
< | &
Components
Data visualization Statistics Monparametrc statistics Instance selection Feature construction
Feature selection Regression Factonal analysis PLS Clustering
Spy learning Mieta-zpy learning Spy learning assessment Scoring fzzociation
@'Correlation scatterplot EScatterplot with label
Expor‘t dataset \ﬁ'ew dataset
EScatterplot E,_'-‘\u"iew multiple scatterplot

3.2 Partitioning the dataset into train and test samples

We must define the training sample i.e. the instances used for the construction of the decision tree.
We add the DISCRETE SELECT EXAMPLES (INSTANCE SELECTION tab) into the diagram. We click on
the PARAMETERS contextual menu. We use the SAMPLE column for the splitting. The learning set
corresponds to the instances labeled LEARNING.

" TANAGRA 1.4.28beta - [Dataset (wave5300.xls)] M{=1(E3]
EFiIe Diagram Component  Window  Help

EH %

Default title

Dataset description

= Dataset (wawei300,xk)
 E 23 attribute(s)
L= ete ZeleCt exa |T|F| lex L] Pvample{s)

Farameters...

Execute B Attribute-value examples selection
Vigw Discrg
Parameters |
Attribute | SahPLE v |

Data visualization Statistics Monpsy

Feature construction Feature selection

PLS Clustering
Spw learning asseszment Scorn:
E 3 8 I Q ’ Cancel ” Help
,g?tContinuous select example; &Reco\rer examples T
,g?t Dizcrete select examples ;%: Rule-based zelection f Stratified sampling

We click on the VIEW menu: 300 instances (from 5300) are now used for the construction of the
decision tree.
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RA 1.4.28beta - [Discrete select examples 1] Il
m File Diagram Component Window Help - O x
EH %%
—— O bwtesckctemmplest
R v - parametes
Attribute selection @ SAMPLE
Parameters. .. Walue selection ! learning
Execute
" 300 selected examples from 5300 |
Comoutation time : 0 ms. b
Components
Data wisualization Statistics Monparametric statistics Instance selection
Feature construction Feature selection Regression Factoral analysis
PLS Clustering Spw learning Meta-spy learning
Spw learning asseszment Scoring hzzociation
,g?fContinuous select examples %\Recover examples f Sampling
& Discrete select examples A Rule-based selaction & Stratified sampling
3.3 Decision tree induction
Before the strictly speaking learning process, we must specify the variable types. We add the

DEFINE STATUS component using the shortcut into the toolbar. We set CLASS as TARGET, the

continuous variables (V1 to V21) as INPUT.

Define attribute statuses

(I TANAGRA 1.4.28beta - [Discrete selec

P it
E File Diagram Component ‘Window Help arametars |
Aributes Target Input INlustrative
: Ir cLASS
Default title [ely
o [o¥p]
=4 Dataset [waweh300.xls) C va
, 4 C w4
=& [.)lvscrete select examples 1 ? C s —
%% Define status 1 Cuvg — J‘
Cwy
Cwvs
C vy
C wip
C i1
C wiz b
B| B i Clear seledion ]
[ QK. “ Cancel H Help ]

Data wisualization
Feature construction
PLS

Spv learning assessment

Statiztic
Feature seld
Clusterin

Scoring

,g?f [izcrete select examples

& Continuous select examples %\Recover

A Rule-bas

D te statuses.

Parameters |

Atributes :

nn

ci
cCp
cH
ci
cCp
cH

D saMPLE

Target |

Input | Nlustrative

Wl

w10
w11
W12
W13
W14
W15
Kl
W17
W18
Lak]
w20
w21

A

3]

Al

\%I(\

Clear selection |

QK

“ Cancel H

Help

I
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We insert the C-RT component which implements the CART approach. Let us describe some of the
method settings (SUPERVISED PARAMETERS menu).

MIN SIZE OF NODE TO SPLIT means the minimum number of instances needed for performing a
splitting of a node. For our dataset, we do not perform a split if there are less than 10 instances.

PRUNING SET SIZE means the part of the learning set used for the post pruning process. The
default value is 33% i.e. 67% of the learning set is used for the growing phase (67% of 300 = 201
instances), 33% for the pruning phase (33% of 300 = 99 instances).

SE RULE allows to select the right tree in the post-pruning process. The default value is 6=1 i.e. we
select the smallest tree for which the error rate is lower than the "error rate + 1 standard error (of
the error rate)" of the optimal tree. If 6=0, we select the optimal tree, the one which minimizes the
pruning error rate (the error rate computed on the pruning sample).

RANDOM NUMBER GENERATOR allows to initialize the random number generator.

Last, SHOW ALL TREE SEQUENCE, when it is checked off, allows to show all the sequences of
trees analyzed during the post-pruning process. It is not necessary to activate this setting here.

7 TANAGRA 1.4.28beta - [Discrete select examples 1]

E File Diagram Component Window Help
EH %%
Drefault title
= Datazet (wave5300.xl)
=4 Diserate select examples 1 Attribute selection : saMP RSN EICINTE G
=-%% Define status 1 Walue selection : learning
pervised Learning 1 (C-RT) Pararneters
Parameters...
Min size of node to split: |10 IZ]
Execute
Views Pruning zet size (%): |33 IZ]
LFEATET U T/ 097 2005 10 «SE Rule - ,17
Random number generatar
O Random
(® Standard
Components
Data pizualization Statistics Monparametrc statid [J Show all tree sequence {even if > 15)
Feature\construction Feature zelection Regreszsion
Clustering Spv learning
Spy learning asseszment Scorng Aszociation ’ OK{@ Cancel ” Help
= Binary logistic regr%}\ [EC-pLs [# c-awe £.l03
£ C4.s £ C-RT B Decisian List 1% K-NN
< | L)

We validate our settings by clicking on the OK button. Then, we click on the contextual VIEW menu.

We obtain first the resubstitution confusion matrix, computed on the learning set (300 instances,
the growing and the pruning samples are merged). The error rate is 19.67%.
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o Resws
Classifier performances

Error rate 0. 1947
Values prediction Confusion matrix
Value Recall 1-Precision A B C Sum
A 05727 0.2195 A 6 g G 110
B 0.7451 0.1915 B 18 T g 102
¢ 0.73N1 0. 1687 C Q 10 69 a8
Sum 123 94 a3 300

Below, we have the sequences of trees table, with the number of leaves, the error rate calculated
on the growing set and pruning set.

The error rate computed on the growing set decreases as the number of leaves increases. We
cannot use this information to select the right model.

We use the pruning sample to select the "best" model. The tree which minimizes the error rate on
the pruning set is highlighted in green. It has 14 leaves. Its error rate is 28.28%.

Data partition

Growing set 201
Fruning set 99

Trees sequence (# 10)

H° # Leaves Err {growing set) Err (pruning set)

10 1 06169 0. 6667
9 z 0.4129 0. 4646
g 3 0.3035 0.3656
7 6 0. 1591 0.5454
& 7 0.1692 0,3333
b 9 0,133 0.3232
4 11 0.1045 0.3232
3 14 00748 0.2828
2 21 0.0398 0.3333
1 23 0,038 0.3333

Figure 2 - Sequences of trees for the model selection

With the 06 = 1 SE-rule, we select the smallest tree (with the smallest number of leaves) for which
the pruning error rate is lower than

& =0.2828+1x =(.3281

seuil

\/ 0.2828 x (1—0.2828)
99

This is the tree n°® 5, with 9 leaves. The pruning error rate is 32.32% (highlighted in red). The
growing error rate is 13.43%.

The chart depicting the change of the error rate computed on the growing and the pruning samples
is available in the CHART tab of the visualization window. We can visually detect the interesting
trees.

6 ao(it 2011 Page 6 sur 15



Didacticiel - Etudes de cas R.R.

Error rate according to the tree complexity

+ + + + t + + + + + T
2 4 B 8 10 12 14 18 18 20 22
Humber of terminal nodes

= Growing set = Pruning set__|

Figure 3 - The error rate according the number of leaves

We note that the trees with 7 or 6 leaves are equivalent in terms of prediction performance. The
way to modify the setting 0 to obtain one of these trees is described in another tutorial®.

In the lower part of the report (HTML tab), we have a description of the selected tree.

Tree description

Mumber of nodes 17

Mumber of leaves 9

Decision tree

® 11 < 53,7060
® WE < 1,6950
® W10 < 2,2160
# W3 < -1,4000 then CLASS = € (100,00 % of 4 examples)
® W3 »=-1,4000 then CLASS = A (80,77 % of 26 examples)
® W10 == 2, 2150 then CLASS = € (92,86 % of 14 examples)
® Y6 == 1, 5380
® Y16 = 0,3460 then CLASS = B (76,19 % of 21 examples)
® W16 == 00,3480 then CLASS = A (33,05 % of 59 examples)
® Y11 == 33,7050
& %7 21,5800 then CLASS = € (36,67 % of 30 examples)
# Y7 == 11,5800
e W15 = 26300 then CLASS = B [(97.14 % of 35 examples)
& W15 == 2,6300
# WG < 53,0780 then CLASS = € (100,00 % of 7 examples)
® W3 == 3,0750 then CLASS = B (80.00 % of & examples)

3.4 Assessment on the test set

To obtain a good estimation of the generalization error rate, we use a separated sample, the test
set, unused during the learning phase. On our dataset, the test set is the rest of our data file i.e.
5000 instances set aside in the previous part of the diagram (DISCRETE SELECT EXAMPLES node).

Tanagra generates automatically a new column which contains the prediction of the model. The
trick is that the prediction is computed both on the selected instances (the learning sample) and
the unselected ones (the test sample).

5 http://data-mining-tutorials.blogspot.com/2010/01/cart-determining-right-size-of-tree.html
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We add the DEFINE STATUS into the diagram. We set CLASS as TARGET and PRED_SPVINSTANCE_1,
the new column generated by the supervised learning algorithm, as INPUT.

i TANAGRA 1.4.28beta - [Supervised Learning 1
E File Diagram Component Window Help

Default title

Define attribute statuses

Pararmeters |

Attributes iTarge

Input Ilustrative

CLASS

Clear selection )

Help

]

[ cancel ||

Jefine attribute statuses

Parameters

Attributes ©

Input

lllustrative

Target

C iz

pred_Spvinstance_1

Data wisualization Statistics

Feature selection Regression

| Spv learning Meta-zpy learning

[ c-pLs
& CRT

1 . aar .
.e= Binary logistic regression
EsRo N

<

C i3
C vig
C 15
C vig
C 17
Cvis
C vig
C van
C v21
D SAMPLE
]

N

Clear selection ]

>

hstruction
ring

ation

T Lir

1
weeloy

[ ok

J[ cancel [ Help

J

We add the TEST component (SPV LEARNING ASSESSMENT tab). We click on the VIEW menu.
observe that, by default, the confusion matrix is computed on the unselected instances i.e. the test
sample (Note: The confusion matrix can be computed on the selected instances i.e. the learning
sample. In this case, we must obtain the same confusion matrix as the one showed into the model

visualization window.).

GRA 1.4.28beta - [Supervised Learning 1 (C-RT)]

We

E File Diagram Component ‘Window Help

H %

Default title

HTrL

= Datazet (wave5300.xl)
= ¢ Discrete select examples 1
= %% Define status 1
=-[#] Superdsed Learning 1 (C-RT)
= %% Define status 2

Tree deg

Mumber of nod

Mumber of lea

Parameters |

Llzed examples

O Selected

; - Define evaluation set ~

DECHION=>  © Unselected 1
Execute
View * 11 <3 =
Co
Data vizualization Statistics Monparam [ 0] Cancel ” Help struction
Feature selection Factonal analysis PLS Clustering
Spw learning Meta-spw learnin Spv learning assessment Scoring fszociation

BrfBoctstrap

E?ﬂ Biaz-wariance decomposition E?ECross-\taHdation
BrfLeave-One-Out

- Bl Test
Qof Train-test
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We click on the VIEW menu. The test error rate is 28.44%. When we use the tree for the prediction
on an unseen instance, the probability of misclassification is 28.44%.

i TANAGRA 1.4.28beta - [Test 1]
E File Diagram Component “Window Help

H %

= Dataset (waweh300.xls)
= ,?i Discrete select exampleas 1

Evaluation zet : unselected examples
=¥ Define status 1

=[] Supervised Learning 1 {C-RTi

=¥ Define status 2
H?H Test 1
Error rate 0.2544

Values prediction Confusion matrix
Vawe Recall 1Precsion A B sum
A 07695 03521 [A] 1292 194 193 1679
B 07212 02419 B 329 1213 140 1662
¢ o657 02368 € 373 193 1073 1639
Sum 1994 1600 1406 B0 =
hd
Components
Data visualization Statistics Monparametrc statistics Instance selection Feature construction
Feature selection Regression Factorial analysiz PLS Clustering
Spv learming Meta-zpy learning Spv learning assessment Scoring fzzociation
E?EBias-var‘iance decomposition E?ECross-vah’dation H?HTest
E?EBootstrap I?ELeave—One-Out H?HTrain—test

4 The CART approach using the RPART package of R

We suppose that the reader is familiar with the R software. If don't, we can found many tutorials on
line, on the official R website for instance: http://cran.r-project.org/manuals.html and http://cran.r-
project.org/other-docs.html; see also http://www.r-tutor.com/, etc... The documents are very
numerous on the internet.

4.1 Importing the data file using the xIsReadWrite package
To import the XLS file format, the easiest way is to use the xIsReadWrite package.

We load it using the library(.) instruction.

Then, we can import the dataset using the read.xls(.) command. We obtain a short description of
the data frame (the structure which manages the dataset into memory) with summary(.)®.

6 The full results of the command summary (.) are not shown in our screenshots. It would take too much space.
It is nevertheless essential at every stage to check the data integrity.
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| R Console

> librarvyixlsReadiWrite)
®x1sBeadllrite wversion 1.3.2Z [(Build 1683)
Copyright (C) zZ007, Hans-Peter Suter, Treetron, Switzerland.

This package cahn be freely distributed and used for any
purpose. It comwes with ABSOLUTELY WO GUARANTEE at all.
®x1sFeadllrite has been written with Delphi and contalins

code from a 3rd party library. Our own code 1s free [GPLwvZ).

Please refer to http://trestron.googlepages.com for feedback,
bugreports, donations, updates and the x1sReadWritePro wersion.

> setwd ("D:/Datalining/Databases for wining/dataset_for soft dev and compaf
> donnees <- read.xlsi(file="wavei300.x1ls")
> summary (donnees)

CLAZS Vi Va2 Vi
h:1789 Min. 1=3.310000 Min. 1=3.7200 Min. 1=3.4000
B:1784 1=t Qu.:-0.650000 1=t Qu.:-0.3600 1=t Qu.:-0.1500
cil7a7 Median : 0.000000 Median : 0.3400 Median : 0.6500

Hean =0.00187:2 Hean : 0.3554 Hean o 0.6627

Jrd Qu.: 0O.670000 Frd Cu.: 1.0500 Jrd Cu.: 1.4900

Hax. : 3.570000 Max. S5.2000 Max. : 5.4700

w
< >

4.2 Partitioning the data file into train and test samples

We use the SAMPLE column to partition the dataset (“learning” and “test”). The SAMPLE column is
then removed.

= R Console

> fzubdivizion apprentissage-test sur la colonne SAMPLE

> learning «<- donnees[donneezs$3AMPLE=="learning™,1:22]

> test <- donnees[donneesiIAMPLE=="test",1:22]

> summary ([ learning)

CLASE Vi vz w3

A:110 Min. 1-2.4z000 Min. 1=3.7900 Min. 1=3.4000

B:102 1=t Qu.:-0.57000 1=t Qu.:-0,3500 st Qu.:-0,1925
C: &8 Median : 0.03500 Median : 0O.5250 Median : 0O.6350
Mean : 0.03363 Mean : 0.4493 Mean : D.6678
Jrd Qu.: 0.67000 Jrd Qu.: 1.2750 Jrd Qu.: 1.5900

4.3 Creating the maximal tree

First, we must develop the maximal tree on the learning set i.e. the tree with the maximum number
of leaves. It will be pruned in a second phase.

We use the following settings”: MINSPLIT = 10, it means that the process does not split a node with
less than 10 instances; MINBUCKET = 1, the process does not validate a split where one the leaves
contains less than 1 instance. The maximal tree obtained should be similar to the one of Tanagra.
One of the main differences is that RPART uses all the instances of the learning set (Tanagra uses
only the growing sample, a part of the learning set).

7 About the other settings: METHOD = "CLASS" indicates that we are dealing with a classification problem
(instead of a regression); SPLIT = GINI indicates the measure used for the selection of splitting variables.
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= R Console

#oharogement de la libraire RPALRT

libraryirpart)

Happrentissage

parametres <- rpart.control (minsplit=10,minkbucket=1

modele <- rpart(CLAS3 ~ ., data = learning, mwethod="class", parms=listd
print (modele)

n= 300

node), =plitc, n, loss, vwal, (yvprob)
* denotes terminal node

1) root 300 190 A (0.36666667 0.34000000 0,29333333)
Z) W1ll< 3.685 176 65 A (0.61363636 0.22159091 0.16477273)
4) W9« 3.14 111 29 A (0.73873874 0.03603604 0.22522523)
g) W7»=1.39 a7 6 4L (0.91044776 0.05370149 0.02985075)
16) Vi4x=0.445 61 2 L [(0.96721311 0.00000000 O.03278689)
32) V10< 4.61 39 0 A (1.00000000 0.00000000 O,00000000) *
33) Viox=4.61 2 0 C (0.00000000 0.00000000 1.00000000) *
17) Vi4< 0.445 & 2 B (0.33333333 0D.66666667 0.00000000) *
9) WP 1.39 44 21 C (0.47727273 0.00000000 0,52272727)
18) Vi7>=3.09 Z& S 4 (0.692307652 0.00000000 O.30769231)
36) VZ»=-0.8545 22 4 A (0.81818152 0.00000000 0.13181818)
T2) V1< 4.57 18 1 4 (0.94444444 0.00000000 O.05555556) *
73] V13x=4.57 4 1 C (0.25000000 0O.00000000 O.75000000) *
37 VZ< -0.545 4 0 < (0.00000000 0.00000000 1,00000000) *
19) viv< 3.09 18 3 C (0.16666667 D0.00000000 O0.83333333) *
5) Wox=3.14 65 30 B (0.40000000 0O.535846154 0.06153546)
10) vio< 2.03 12 0O A (1.00000000 0.00000000 O.00000000) *
11) Vi0x=2.03 53 18 B (0.26415094 0.66037736 0.07547170)
2a) Ver=1.595 42 14 B (D.28571422 0.71428571 0.00000000)
44) Vigx=1.31 13 4 L (0.69230762 0.30763231 0.00000000)
83) V19x=-0.14 10 1 L (0.20000000 0O.10000000 0.00000000) *
g9) Vi< -0.14 3 0 B (0.00000000 1.00000000 O0,00000000) *
45) Wig< 1.31 36 5 B (0.1388858585 0.56111111 0.00000000) *
23) Vo< 1.595 4 0O < (0.00000000 0,00000000 1000000007 *
3) W11-=3.685 124 61 B (0.01612903 0.50806452 0.47580645)
6) Wid4< 2.725 57 7 B (0.01754356 0.87719293 0.10526316)
12) Ve»=-0.185 54 4 B (0.01851852 0.922592593 0.05555556) *
13) Vé< -0.185 3 0 < (0.00000000 0.00000000 1.00000000) *
7)oWl4r=2.725 67 14 C (D0.01492537 0.19402235 0.79104478)
14) V5»=1.975 7 1 B (0.14285714 0.85714256 0.00000000) *
15) V5« 1.975 &0 7 C (0.00000000 O.11666667 0.88333333)
300 VEk=3.125 13 6 C (0.00000000 0.461533846 0.53546154)
60) Wi1i< 3.395 4 0 B (0.00000000 1.00000000 O.00000000)
61) V1i2x=3.395 9 2 C (0.00000000 0.22222222 0.77777778) *
I 31) Vi< 3.125 47 1 C (0.00000000 0.02127660 0,97372340) %
=

< ?

We obtain a tree with 18 leaves. This is less than those of Tanagra. One of reason is the CP
parameter of which the default value (cp=0.01) introduces a pre-pruning during the growing phase.
We see below that the same CP parameter is used for the post-pruning procedure.

4.4 Selecting the right tree — Post-pruning process with RPART

One of the main drawbacks of the rpart is that we must perform ourselves the post-pruning
procedure®. For that, we use the results showed into the CPTABLE obtained with the printcp(.)
command? (Figure 4).

8 We see below that this can be an advantage in another point of view.

% Because rpart partitions randomly the dataset during the cross-validation process, it may be that we do not
have exactly the same results. To obtain the same results at each session, we can define the seed of the
random number generator using the set.seed(.) command.
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I R Console g@g|

> Hvisualiser les sous-arbres vs. taux d'erreur
> printcp(modele)

Classification tree:
rpartiformula = CLASS ~ ., data = learning, method = "class",

parms = listi(split = Mgini"), control = parametres)

Variabhles actually used in tree construction:
[1] Vio Wil Wiz Vi3 Vid4 wi7 vis vio vz Vs Ve V7 W§ Vo

Foot node error: 190/300 = 0.63333

n= 300

CP nsplit rel error Herror xstd
1 0.321053 u] 1.00000 1.00000 0.043930
2 0.2105:2¢ 1 0.57895 0.81579 0.045555
3 0.055263 2 0.46842 0.55263 0.043481
4 0.031572 4 0.35752 0.54211 0.043285
5 0.0236549 7 0.28316 0.50000 0.042406
& 0.021053 9 0.21579 0.50526 0.042524
7 0.015789 10 0.19474 0.50526 0.042524
g 0.0105:28 1z 0.18316 0.51579 0.042754
9 0.010000 17 0.11053 0.51053 0.04Z640
> |

w

< >

Figure 4 - The CPTABLE generated by RPART

It describes the sequence of trees by associating the complexity parameter (CP) with: the number
of splitting (equal to the number of leaves - 1 since we have a binary tree), the error calculated on
the training sample (normalized so that the error on the root is equal to 1), the error calculated by
cross-validation (also normalized), the standard error of the error rate.

This table is very similar to the one generated by Tanagra (Figure 2). But instead of using a
separated part of the learning set (the pruning sample), rpart is based on the cross-validation
principle.

On the one hand, it is advantageous when we handle a small learning sample, it is not necessary to
partition this last one. But, on the other hand, the computation time is dramatically increased when
we handle a large dataset.

Selection of the final tree. We want to use the values provided by the CPTABLE to select the
"optimal" tree. The tree n°5 with 7 splitting (8 leaves) is the one which minimizes the cross-
validation error rate (¢ = 0.50000). To obtain this tree, we must specify a CP value included
between (>) 0.023684 and (<) 0.031579.

But this tree is not the best one. Breiman claims that it is more interesting to introduce a
preference to simplicity by selecting the tree according to the 1-SE rule. (Breiman and al., 1984;
section 3.4.3, pages 78 to 81). The threshold error rate is computed as follows from the values
provided by the CPTABLE

&y =0.5+1x0.042406 = 0.542406

seuil

The smallest tree of which the cross-validation error rate is lower than this threshold is the n°4 with
4 splitting (5 leaves). To obtain this tree, we set CP between the range (0.031579 < cp < 0.055263).
Let's say cp = 0.04 for instance. We use the prunecp(.) command
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I R Console

> H&laguer manuesllement 1'arhre =
> modele.elague <— prune (wodele, cp=0.04)

> print (modele.elague)

n= 300

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

1) root 300 190 A (0.36666667 0.34000000 0.29333333)
Z) Wll< 3.685 176 68 A (0.61363636 0.221559091 0.16477273)
4) V9< 3.14 111 29 A (0.73873874 0.03603604 0.22522523) %
5) V9x=3.14 &5 30 B (0.40000000 0.53546154 0.06153546)
10) Wi0< 2.03 12 O L (1.00000000 0,00000000 O0.00000000) *
11) Vi0x=2.03 53 18 B (0.26415094 0.66037736 0.07547170) *
3) Wilx=3.685 124 61 B (0.01612503 0.50806452 0.47550645)
6) VWl4< 2.725 37 7B (0.01754386 0.3877192598 0.10526316)
T)OW14x=2.725 67 14 C (0.01492537 0.1940Z985 0.731044758) *
> |

<]

Now, we must evaluate this tree (5 leaves) on the test sample.

4.5 Assessment on the test sample

We create the prediction column using the predict(.) command. Of course, the prediction is
computed on the "test" sample. Then, we compute the confusion matrix and the error rate.

I R Console |_| |E| E|
.

> Happlicquer le modéle sur la partie test -
» pred <- predictimodele.elague, newdaca=test,type="class™)
> summary [pred)

i B C
Z2Z09 1896 1095
-
> #oonfronter wvaleurs chsServées et prédites - watrice de confusion
= ome <— table(testiCLA3S, pred)
> print (mc)

pred

A B [

A 13383 296 45

B ZZ8 1171 283

C 643 229 787

-
> #oalouler le taux d'erreur

= err <— 1.0 - (me[l,1]+mc[2,2]+mc[3,3] )/ sum(me)

> print (err)

[1] 0O.5445

kS

- | E
< | >

In this case, the error rate test is 34.48%. This is significantly worse than that created by Tanagra.
Perhaps, we have too pruned the tree.

We can try another solution by specifying another value of CP. This is a very attractive
functionality of rpart. For instance, if we set cp = 0.025, we obtain a tree with 8 leaves?®.

10 Not showed in this tutorial, the plotcp(.) command allows to generate a chart showing the cross-validation
error rate according to the number of splitting.
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I R Console

> mwodele.elague <- prune (modele,cp=0.025) ==
> print (modele.elague)
n= 300

node) , split, n, loss, wwal, [(ypraob)
* denotes terminal node

1) root 300 190 A (0.36666667 0.34000000 0.29333333)
21 V1l< 3.685 176 65 A [(0.61363636 0.22159091 0.16477273)
4] VO« 3.14 111 29 & (0.73873874 0.03603604 O0.22522523)
g1 Vix=1.39 67 & A (0.591044776 0.05970149 0O.0zZ9585075) *
Q) V7« 1.39 44 21 C [(0.47727273 0.00000000 0052272727
15) Wi17==3.09 26 G A (0.6923076%9 0.00000000 O.30769231) *
19y W17< 3.09 18 3 C (0.1g6666667 0.00000000 0O.83333333) *
5] VW9r=3.14 &5 30 B (0.40000000 0.53546154 0.0615384a8)
10) wio< 2.03 1z 0 4L (1.00000000 O.00000000 O.00000000) *
11) Wi0=>=2.03 &3 18 B (0.26415094 0.66037736 0.07547170) *
31 V1l-=3.685 124 61 B (0.01612903 0.50806452 0.47550645)
8] Wi4< 2.725 57 7 B (0.0175438¢ 0.87715298 0.10526316) *
7l V1l4x=2.725 687 14 C [(0.01492537 0.19402955 0.79104475)
14) WE5>=1.975 7 1 B (0.14285714 0.557142586 0.00000000) *
15) ¥5< 1.975 60 T C (0.00000000 O0.11666667 0.58333333) *
-
oy

=]

And the test error rate becomes 31.82%.

I~ R Console
* fappliguer le modéle sur la partie test 0
> pred <- predict(modele.elague, nevdata=test, type="class”
> swmmary (pred)
i B c
1780 1767 1453
>
» ficonfronter waleurs cobserwvées et prédites — matrice de confusion
= me <- table (testiCLAZS, pred)
> print (me)
pred
s B C
L 1174 309 1596
B 2Zzg 1217 239
C 380 241 1018
>
+ fioalouler le taux d'erreur
= err <- 1.0 - (me[l,1]+wc[2,2] +mo[3,3]) Fsum (e
> print{err)
[1] 0O.318z2
= | E
w

4.6 Graphical representation of the tree

RPART provides some command to generate a graphical representation of the decision tree.

|- R Console

#dessin graphigque de 1'arbre
plot (modele.elague)
cext (modele.elague)

WO

3]
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We obtain:

|2 R Graphics: Device 2 (ACTIVE)

%11 <I3.685

YWa=13.14 WAL=]2.725

WO 2 03

5 Conclusion

CART has undeniable qualities compared to other techniques for inducing classification trees. It is
able to produce models "turnkey", with performances at least as good as the others.

But in addition, it can provide various scenarios of solutions. The tools such as the (Figure 3) or
(Figure 4) allow to the user to select the best model according to their problem and dataset
characteristics. This is an essential advantage in the practice of Data Mining.
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About the RPART package

o http://cran.cict.fr/web/packaqges/rpart/rpart.pdf for the technical description of the
package;

o « An introduction to Recursive Partitioning — Using the RPART Routines » (short version)
- http://eric.univ-lyon2.fr/~ricco/cours/didacticiels/r/short_doc_rpart.pdf

o « An introduction to Recursive Partitioning - Using the RPART Routines » (long version)
http://eric.univ-lyon2.fr/~ricco/cours/didacticiels/r/long_doc_rpart.pdf
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