Tanagra R.R.

1. Subject
Resampling approaches for prediction error estimation.

The ability to predict correctly is one of the most important criteria to evaluate classifiers in
supervised learning. The preferred indicator is the error rate (1 - accuracy rate). It states the
probability of misclassification of a classifier. In most cases we do not know the true error rate
because we do not have the whole population and we do not know the probability distribution of the

data. So we need to compute estimation from the available dataset.

The first estimator, the simplest, is the resubstitution error rate. We calculate the percentage of
misclassified on the training set that we were used to learn the classifier. Most of the tools supply
this indicator. A contingency table, called confusion matrix, is also displayed. It compares, for all
individuals in the sample, the true value of the class attribute and the predicted value of the
classifier. We know the resubstitution error rate is highly optimistic. It underestimates the true error
rate because we use the same dataset for training and testing the classifier. The optimism will be all
the more high that an observation determines the prediction of its value in the final model. A 1-NN
for example states an error rate equal to zero because its closest neighbor is itself. In general,

classifiers that tend to overfit the dataset provide an optimistic resubstitution error rate.

The hold out error estimation is a method which allows to alleviate this drawback. The principle is
that we splitting the data into 2 parts: the first called training (or learning) set (e.g. 2 / 3) is used to
create the classifier; the second, called the test set (e.g. 1/ 3), is used to estimate the error rate. It is
unbiased. It would be ideal if we were not faced with another problem: when we deal with a small
sample size, dedicating a part of the dataset to the test phase penalizes the learning phase, and

moreover the error estimation is unreliable because the test sample size is also small.

Thus, in the small sample context, it is preferable to implement the resampling approaches for error
rate estimation®. In this tutorial, we study the behavior of the cross validation (cv), leave one out
(Ilvo) and bootstrap (boot). All of them are based on the repeated train-test process, but in different
configurations. We keep in mind that the aim is to evaluate the error rate of the classifier created on
the whole sample. Thus, the intermediate classifiers computed on each learning session are not

really interesting. This is the reason for which they are rarely provided by the data mining tools.

The main supervised learning method used is the linear discriminant analysis (LDA). We will see at
the end of this tutorial that the behavior observed for this learning approach is not the same if we

use another approach such as a decision tree learner (C4.5).

2. Dataset

We use a variant’ of the Breiman’s WAVEFORM dataset® (Breiman et al., 1984).

* http://www.fags.org/fags/ai-fag/neural-nets/part3/section-12.html
? http://eric.univ-lyon2.fr/~ricco/tanagra/fichiers/wave ab_err_rate.zip

3 http://mlr.cs.umass.edu/ml/datasets/Waveform+Database+Generator+%28Version+1%29
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The aim is to predict a binary class attribute from 21 continuous predictors. Compared with the

original version, we removed one category (the third) of the class attribute.

Because it is an artificial dataset, we can generate as much as instances that we want. Particularly,
we can generate an "infinite" size test set in order to obtain an estimation of the "true" error rate as

accurate as possible. Thus we use the following experimentation scheme:

e A sample with 500 observations is the available dataset. It corresponds to the learning set for the
elaboration of the classifier LDA. We compute the resubstitution error rate on this sample (e-
resub).

e A sample with 42500 instances is the test set. The size of the sample is sufficiently high in order
to obtain a reliable estimation of the true error rate of the classifier (e-test).

e In real study, this “infinite” size test sample is not available. We must use the available dataset
(500 instances) in order to learn the classifier and assess it. If we use the hold out process, we
must subdivide the 500 instances in two sub samples. It is not really efficient. There will be
insufficient instances for the learning process (e.g. 350), and the limited size of the test set (e.g.
150) does not allow to obtain a reliable estimation of the error rate. Thus, It is certainly more
appropriate to perform resampling approaches to obtain an honest estimate of the error rate of
LDA classifier. In this tutorial,

1. We will compare the estimated error rate by the cross validation, the leave one out and the
bootstrap (e-cv, e-Ivo, e-boot).
2. We will see if these estimations are close to the test error rate which represents the true

generalization error rate in our context.

The EXCEL workbook (wave_ab_err_rate.xls) contains 2 worksheets:

E3 Microsoft Excel - wave_ab_err_rate.xls

Fichier ~ Edition  Affichage  Insertion Format Outls Données  Fepftre ¥ Tanagra T = o & X
Ll =1 Fhi % [ﬂ @ ? GBitstreamYeraSans -8 ~ G J § = = = EH € % oo i &= it By é e
J20 x A 1.919999957 08465
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-0.60(-1.12| 0.38| 0.96) 0.75| 3.59| 5.46| 4.64| 3.03 2.88| 6.23| 3.13| 0.79 2.02| 0.83 0.32| 0.26-0.22| 0.87| 0.12] -0.36 learning
0.31 0.04 3.46 3.12 048 516 440 356 341 410 0.74 1.27 1.43 026 -0.24 2.61 -0.72 0.52 -1.37 0.37 0.04 learning
0.42 -2.04 -0.11 -1.39 1.35 1.04 1.10 2.39 292 1.27 0.77 0.77 310 051 3.71 343 2.22 069 1.39 045 -0.08 learning
-0.14 0.41 -0.77 0.25 042 238 3.86 269 216 0.81 2.21 219 332 274 215 392 116 140 1.67 -0.16 -1.52 learning
0.06 0.39 1.51 1.79 4.38 452 529 533 146 003 -0.07 0.85 0.87 -0.80 -0.95 2.05 0.19 0.30 -1.32 -1.08 -0.75 learning
-1.70) 1.59 0.84 1.24 -0.98 0.74 0.55 -0.19 -1.35 1.17 1.00 4.52 240 4.86 5.68 4.99 2.68 298 -0.28 0.70 -0.19 learning
0.40 0.65 -1.29 1.01 -0.76 1.67 2.07 0.67 251 142 364 1.89 1.92 282 279 2.06 4.28 1.80 1.97 041 0.22 learning
-0.66 0.74 1.51 1.99 2.45 2.47 3.51 3.98 1.59 2.86 2.46 2.45 2.27 3.99 349 1.85 2.18 0.14 0.61 1.60 -0.95 learning
-0.98 -1.41 3.03 0.69 2.18 342 414 277 369 181 259 0.71 115 348 1.19 1.84 1.16 041 0.08 -0.39 -0.45 learning
0.06 1.05 0.22 2.29 1.22 549 £.34 343 440 300 1.41 3.26 -0.70 0.00 1.51 1.26 1.29 -1.20 -0.39 0.45 -1.07 learning
-0.83 0.30 -0.60 -0.36 0.91 158 441 325 379 392 4.14 3.34 248 036 2.25 2.68 012 -1.41|-1.00 -0.55 -0.48 learning
0.71 1.34 0.40 1.26 2.63 295 4.71 4.35 241 458 281 049 1.12 1.78 -0.74 0.51 0.36 0.98 0.60 -2.20 -0.19 learning
-1.17 0.83 2.42 3.22 4.17 2.63 6.36 3.17 3.60 3.64 2.36 2.80 0.24 033 0.78 012 1.41 -0.59) 0.05 -0.16 -2.57 learning
0.90 -0.84 -0.91 2.24 2.29 332 4.39 319 308 349 414 285 2.07 -0.76 0.13 -0.36 1.36 -1.07 -0.05 1.48 -1.88 learning
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1.09 0.32 2.28 248 2.88 356 5.23 4.02 558 2.11 1.71 1.81 1.92 -0.31 -0.74 1.85 0.50 0.22 0.32 1.05 1.36 learning
-0.84 -0.25 0.69 2.66 1.77 1.93 3.62 4.54 089 177 2.21 296 079 296 275 310 2.21 140 -1.11 -0.73 -1.55 learning
-0.16 -0.09 0.82 0.54 3.01 272 1.78 019 0.08 2.01 1.03 0.24 2.29 4.92 4.99 3.08 148 014 2.36 1.62 -2.53 learning
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e «all dataset » contains 43000 instances, an additional column states the type of the instances
(status = learning or status = test);
e «only learning set » contains 500 instances, they corresponds to the “status = learning” of the

previous worksheet.

Fichier ~ Edtion  Affichage Insertion Format  ©utls  Données  Fepétre ¢ Tanagra T o8 X
DeHd & = -8 W @ 7 cisreamveraZans -3 - & I S %6 mo 4 R R O
1501 . # 2.440000057 22046
A | B|C DI E|F| G H | J | K L{M|N|O P | Q R| S Tl U |V Wy Sl
481 A -0.77| 0.51 1.32 -0.53 0.86 0.39 -1.69 -3.97 0.36 3.02 1.99 2.83 4.06 4.80 6.29 5.46 1.87 2.89 1.52 0.79 0.41 learning —
482_ B 0.97 023 114 1.51 1.76 1.268 4.39 4.96 4.34 517 4.65 543 384 202 1.26 -0.14 0.76 0.55 0.29 1.09 0.45 learning
483 B -0.85 -0.07 0.56 -0.14 2.35 2.60 3.50 3.01 5.06 433 568 2.82 2.05 3.02 132 1.05 -0.88 2.52 -0.23 0.65 0.77 learning
484 B 1.23 -0.97 0.53 3.64 1.36 3.69 517 3.90 4.92 5.81 3.20 0.09 1.35 242 1.21| 0.67 -1.24| 0.46 -1.34 -1.06 -0.43 learning
485 B -0.73/-0.25 0.33 0.11 312 1.06 222 319 535 461 488 488 249 155 0.75 0.70 070 075 154 0.76 1.67 learning
485 B 0.37 044 069 1.58 0.63 2.90 355 5.06 3.59 4.03 4.24 3.28 291 1.28 253 0.52 -1.35 047 039 1.21 -0.98 lzarning
AB?A 0.61 040 0.24 1.86 1.57| 1.37 1.98 -0.76 1.45 2.25 3.04 2.42 235 452 6.32| 3.24| 4.81| 2.93 2.29 -0.65 2.35 learning
488 B 1.69 -0.39 1.89 2.60 265 2.89 550 617 4.01 346 347 4.66 -1.09 1.36 1.49 -1.58 096 -0.18 0.97 2.23 0.90 learning
489 A -0.85 1.00 0.68 2.85 5.17 3.85 3.98 3.92 545 426 015 1.28 -0.16 1.66 099 1.81 0.88 0.03 0.32 -0.13 -0.63 learning
490 a -1.50 0.63 2.38 1.79 2.68 2.91 544 3.88 4.97 3.19 329 2.63 3.63 1.53 4.00 4.41 1.12 0.17 -0.56 0.01 1.12 learning
491 B -0.30-1.10 0.94 1.51 4.22 4.90 544 5.26 3.03 311 147 1.45 2.02 1.49 -0.02 1.67 -0.03 -1.87 0.44 0.87 -0.86 learning
492 A -2.63) 0.57 0.21 3.73 3.14 4.89 319 2.70 1.78 1.95 1.34 1.86 3.87/ 2.08 271 0.52 -0.31 0.79 0.61 0.54 -0.13 learning
493 A -1.65 -0.59 0.34 0.11 1.56 1.49 -1.15 2.25 1.50 0.81 2.09 3.86 344 375 7.26 5.33 4.46 2.94 1.19 -1.07 -1.25 learning
{1911 A -0.54| 2.76 0.83 1.30 1.12 -1.76 1.11| 1.57 0.90) 0.21 3.07| 3.23| 2.35| 546 5.03 2.27 1.74 2.84 1.04| 1.79 0.64 learning
495 A 1.30 -0.49 1.29 0.57 4.07 4.30 338 4.18 4.01 478 174 -0.42 -0.57 3.01 1.96 2.98 021 1.00 088 0.31 0.92learning
495 B 0.79 1.42 1.07 -0.37 -1.12 0.48 3.58 4.06 3.81 515 3.81 5.02 404 3.74 164 3.93 1.30 0.37 0.71 0.68 0.83 learning
1‘19_? A -0.38| 1.65 3.49 1.72 4.66 3.88 3.73 3.60 2.30 4.27 176 0.58 -0.12 1.26 1.25 1.05 0.90 -1.26 1.20 -0.51 0.33 learning
498 B 146 -0.90 -1.30 -0.38 0.73 2.08 273 2.94 568 512 565 510 339 191 1.70 1.84 -1.69 201 -0.42 1.09 -0.27 learning
499 5 0.02 1.47 015 2.33 3.50 4.27 611 3.39 273 348 391 0.70 092 323 005 1.57 -0.60 0.09 -0.33 0.24 0.50 learning
500 A 1.68 0.25 040 1.74 1.43 1.97 053 1.87 1.04 0.82 0.22 2.02 256 489 214 1.28 542 1.86 1.34 1.19 -0.75 learning
@A -1.08 -1.93 242 2.90 -0.27 193 146f 2 44. 0.15 -0.28 210 2.08 343 315 351 543 242 243 1.06 -1.08 -0.25 learning
502
503
404
505 Y =
P b, all dataset !unly Iearmng setf ' | [
Desgsin ~ k Formes autumathues 4 \ a [
Prét MUM

3. Resubstitution error rate and test error rate

First, we work with the “all dataset” worksheet. We select the range of cells and we click on the
TANAGRA / EXECUTE TANAGRA menu*

@ Eichier ~ Edition  Affichage Insertion Format ©Outils  Données  Fepétre 7 Tanagra .8 X

A

A,
1 [ClassV X 7 i i % ¥
2B |-0.60/-1.12| 0.38| 0.96 0.75 3.59| 5.46 4.64
3 0.31 0.04 3.46 312 0.48 516 4.40 3.56
4 1A 0.42 -2.04/-0.11 -1.39 1.35 1.04 1.10 2.39
5 1A |-0.14 041 -0.77 0.25 0.42 2.38 3.86 2.69 215 5.92) 116 140 1.67 -0.16 -1.52 learning}
6 A 0.06 0.39 1.51 1.79 4.38 4.52 5.29 5.33 95 2.05 0.19 0.30 -1.32 -1.08 -0.75|l=arnings
7 A -1.70) 1.59) 0.84 1.24 -0@T > == — T mome—— -0.28 0.70 -0.19 Iearning:
g A 0.40 0.65 -1.29 1.01 -0 ° ara 197 041 0.22 learningy
9 iA -0.66 0.74 151 199 0.61 1.60
10)a |-0.98/-1.41 3.03 0.69 0.08 -0.39 -0.45 learning}
11 1a 0.06) 1.05 0.22) 2.29 -0.39 0.45 -1.07 learning}

Vv 15 VlGVl]‘V BVIQVZDVEI
0.83 0.32 0.26 -0.22 0.87 0.12 -0.36 learning}
-0.24| 2.61 -0.72 0.52 -1.37 0.37 0.04 learning)
3.71 3.43 2.22 0.69 1.39 0.45 -0.08 lzarnin

Dataset range (including the name of the attribukes -- First row):

1218 | -0.83 0.30 -0.60 -0.36 $AFLFWE43001 El -1.00/-0.55 -0.45 learning !
1318 0.71 1.34 0.40 1.26 0.60/-2.20 -0.19 learning !
1418 117 0.83 242 3.22 oK | Cancel | 0.05-0.16 -2.57 learning

-0.05 1.48 -1.88 Iearnlng-
-0.24 144 0.79 Iearnlng.

1518 0.90 -0.84 -0.91 2.24
16 1B -1.40) 1.23 1.34 1.35

17 1B 109 032 278 248 28B 356 523 402 558 211 171 181 182 031 -0.74 185 050 022 032 105 136 learning}
18]a | -0.84 -0.25 0.69 2066 177 193 362 454 089 177 221 296 0.79 2,96 275 3.10 2.21 1.40 -111 -0.73 -1.55 learning}
19|A | -0.16/-0.09) 0.82| 0.54 3.01 272 178 0.19) 0.08 2.01) 1.03 0.24 229 492 4.99 3.08) 148 014 236 162 -2.53 learning!
200 116 0.69 0.09 046 0.61 2.96 2.64 3.55 1.92 2.25 183 3.44 315 348 3.71 143 310 1.28 175 0.97 1.40 learning!
2B 0.24 0.44 0.65 0.85 195 222 3.77 4.55 4.46 3.96 3.86 160 275 0.96 0.33 0.03 0.57 1.91/-106 -1.15 0.99 learning}
2218 |-1.47| 2.25-0.64| 1.61 0.35 1.58| 2.90 4.20| 3.11| 6.01) 4.70| 3.98 2.97 2.15| 1.87| 1.53/-1.02 0.43-0.75 -1.37 -0.54 Iearnmg-
PERTY 0.08 -0.03 2.00 0.88 2.89 252 3,38 3.43 140 2987 132 290 251 265 378 283 222 303 0.73 0.27 0.07 Iearnmg.
24 ‘E -0.03 0.08 1.42 226 4.07 3.66 5.64 2.73 4.54 448 336 038 152 -0.592 040 -0.75 0.11 0.02 -0.1% 0.51 0.43 Iearnlng.
25 \E 0.78 -0.43 0.01 2.97 272 620 3.95 6.79 4.47 264 243 211 182 058 -0.44 197 -0.39 0.14 043 201 -0.94 learning}

LN Lo B T R LT M P T My T Y P8 I M T Y G BT M) B0 o MW o) 70 85 (e
W m " all dataset / ol lzarning set / [4] | r
Dessin = k Formes automatiques * ™. “a I:l (i E & i

Pointer Somme=1548583.57 LM

4 See http://data-mining-tutorials.blogspot.com/2008/10/excel-file-handling-using-add-in.htm| about the installation of
the TANAGRA.XLA add-in into EXCEL.

9 juillet 2009 Page 3 sur 12



Tanagra

R.R.

We check the cells range coordinates. Then we click on the OK button. Tanagra is automatically

launched and the dataset is imported.

" TANAGRA 1.4.20 - [Dataset (fan24. txt)]

=1

m File Diagram Component Window Help - x
I
—_ S mmetgenty "
Bt e [
Database : C\DOCUME~1'Waison\LOCALS~ T\Tempitanzd, txt
Download information
Datasource processing
Computation time 1157 ms
Allocated memary 3637 KB
Dataset description
23 attribute(s) ’
43000 example(s) 1
Attribute Category Informations 3
| Companents
Data visualization Statistics Monparametric statistics Instance selection Feature construction
Feature selection Regression Factorial analysis PLS Clustering
Spw learning. Metaspy learning Spy learning assessment Scoring hssociation
E%Currelatiun scatterplot ES:atteruLut with label
IExport dataset \f'iaw dataset
iEScatterplut E_';\f'iew multiple scatterplot

We have 23 columns i.e. 21 continuous descriptors, the class attribute, the column which states the

instances membership (learning or test sample). There are 43000 instances.

Subdivision into training and test sets

We want to subdivide the dataset into train and test sets. We use the STATUS column for that. We
insert the DISCRETE SELECT EXAMPLES component (INSTANCE SELECTION tab) into the diagram. We
activate the PARAMETERS menu. The active examples corresponds to STATUS = LEARNING.

' TANAGRA 1.4.20 - [Dataset (tan24.txt)]
H File Diagram Component  Window Help

o Bl

Analysis

EEX)

=[] X

= Dataset [tan24 txt)
P i &

Exgcute \
Vi ™

Pararmeters ‘

Attribute : ‘ status

Yalue

earning v

[ ok

[ cancel [

Help

Attribute Category Informations

COmponenie e e

——
Data visuglization Statistics Nonparametric stat\‘sticl Instance selection I Feature construction
Feature sejection Regression Factorial analysis PLS Clustering

Spy learking Meta-spy learning Spw learning assessment Scoring Association

# Cantinuaus \ELEct examples 4 Rule-based selection
& Discrete sel # Sampling
“4 Recover examples A Stratified sampling

ect examples
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We validate and we click on the VIEW menu. We see that the learning set size is 500.

Attribute selection : status
Walue selection : learning

500 zelected examples fram 43000

Computation time : 0 ms.
Created at 15,/1072007 09:53:12

Class attribute and predictive attributes

By the shortcut into the tool bar, we add the DEFINE STATUS component into the diagram. We set
CLASS as TARGET attribute; the continuous variables (V1 to 21) as INPUT one. We do not use the
STATUS column at this step.

EBX

" TANAGRA 1.4.20 - [Discrete select example=*"

Define allribule sialuses

EFils Diagram Component  ‘Window Help

Analysis Amribate s Targel [lrewn | iustestios
- -‘
= [ Dataset (tan2d.txt] [D T Clasz
p cv

Parameters

§ Discrete select examples 1

ot Define status 1

_B | : R_] f_g_l C Clearglechion ]

ak Caneel Help |

Define allribule sialuses
Parameters
e Targst | o g..mm
-
[ - v F
C VR
c w1
B S c URE .
Data visuslization Statistics C 3_:: ure construction
c L
Feature zelection Regression c .:J 3_:: Clustering
c L
Spv learning fieta-spy learning| C 3_:: Association
(= =
ngnntinuﬂus select examples )ﬁRutarhasad sel 3—;:
& Discrete select examples # Sampling D stz - ] -
5‘\ Recover examples fStratiﬁad sam B | B ] W | — T T e—|
ok Cancel Help |

Linear discriminant analysis and the resubstitution error rate

We want now to learn the classifier. We add the LINEAR DISCRIMINANT ANALYSIS (SPV LEARNING
tab) into the diagram. We activate the VIEW menu.

The coefficients of the model are not really essential in our context. We analyze mainly the accuracy
of the classifier. Thus, we inspect the confusion matrix and the resubstitution error rate in the first

part of the report.
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i TANAGRA 1.4.20 - [Supervised Learning 1 (Linear discriminant analysis)]
F Fils  Diagrsm  Component  Window  Help

[

Analysis

= Dataset (tan24.txt)
= ¢ Discrete select examples 1
= %% Define status 1

[*] Supenvised Learning 1 (Linear discHminant an:

Data wisualization

Feature selection

=—
Spv learning I

Regressian

fheta-spy learning

[ supervised Learning 1 (Linear discriminant anatysisy ||
Parameters
Matrix inversion exact
Classifier performances
Error rate 0,020 .g
Values prediction Confusion matrix
B 0.9091 o.oqss [
A 09628 oorso A7
Sum zz0 z80 500
&
EIIIES >
Cormponsnts

Monparametric statistics
Factoral analysis PLS

Spv learning assessment Scoring

Instance selection

Feature construction
Clustering

Association

= Binary logistic regression &£ C-RT £2.10 mr=Log-Reg TRIRLSE

£ CAE T cosue T K-Mm STe fhultilayer perceptron

5 c-pLs 5, Decision List [ Linear discriminant analysis wesfhultinomial Logistic Regression
S

>

The resubstitution error rate is e-resub = 6.2% i.e. the probability of misclassifying an unseen instance

with the classifier is 6.2%. When we compute the test error rate below, we will relativize this result.

Test error rate

In order to compute the test error rate, we must apply the classifier on the unselected examples and

compare the observed values with the predicted values of the class attribute. Tanagra generates

automatically a new column after a supervised learning component. It contains the predicted values

of the classifier, on the learning set, but also on the unselected examples. We go to create the
confusion matrix on this second sample which contains 42500 instances.

We add the DEFINE STATUS component. We set CLASS as TARGET and the generated column,

PRED_SPV_INSTANCE_1, as INPUT.

" TAMAGRA 1.4.20 - [Supervised Learning 1 [Lil‘l&ﬂ-“'“"" attribute stauses

I Fie  Dia Component  Window  Help
: Analysis

f== Dataset (tan2dtxt)
- & Discrete select examples 1
=% Define status 1

=-[*] Supervised Learning 1 (Linear discrimi
4 Define status 2

Amnbanes

Target | [t | muswatve
T =

Clars

i
»

nnananAanonnn
keceesece e
Slollele ke b

8| conwes )

[ ok Il conce J[ wee ]

TiTat

Targst | Input '!"“m

pred_Spvinstance_1

: =
.

C 18

Data visualization

Feature selection

Spw learning.

Statistics
Regression

Meta-spy learning

e=Binary logistic regression

£1.C4.5
[ c-pLs

<

& C-RT
T c-sve

&, Decision List

(=LA
Cwv.s
C v 19
C v
Cwvn
I sths

D T
8|l e8] B | [

Cizaraslusn

[_ocl_ouen [[_pe ]

construction
ustering

ociation

B o Natve bayes
rceptron ]ZJPrototype—l
ogistic Regression 58+ Radial basis

>
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Then we add the TEST component (SPV LEARNING ASSESSMENT tab). We click on the VIEW menu.

The component provides the confusion matrix and computes the error rate.

" TANAGRA 1.4.20 - [Test 1]
E File Diagram Component “Window Help

B %
—__ [ T R |
B o eaetes ]
El ;-9‘: Dizcrete select examples 1 Ewaluation set : unselected examples
=% Define status 1
5 B Soperseed Lennivg 1 inor orniont o || |
=% Define status 2 e =
4 , pred_Spvinstance_1.
H?H Test 1 l'
Error rate 0.0539 5
Values prediction Confusion matrix
aloe Recal ivveemon. R TETY sum
B 000 00%0 [B 19437 90 21127
A 09123 0.0798 | 1878 19495 21373
21312 21188 42500
Computation time : 0 ms,
£ ¥ Created at 18/10/2007 10:29:53 v
Components
Data wizualization Statistics Monparametric statistics Instance selection Feature construction
Feature selection Regression Factorial analysis PLS Clustering
I -— e e e . .y
Spv learning Mveta-spy learning Spy learning assessment Scoring Association
- -

EE?EBias-uan‘anna decomposition \J?H Leave-One-Out
EE?EBnﬂtstrap il Test
Bricross-vatidation ol Tratn-test

Remark 1: We can set many columns as INPUT. It allows for instance to compare the accuracies of

various supervised learning algorithms.

Remark 2: By default, the component creates the confusion matrix on the unselected examples i.e.
the test set. But we can also compute this one on the active examples i.e. the learning set. In this
case, we must find the same confusion matrix as above (the one of the supervised learning

component).

The test error rate is 8.39%. In our context, because we had been able to generate an "infinite" size
test set, we can consider that this value is near to the true generalization error rate. Again, we note
that this kind of test set is not available in real applications. The test set is often a sample extracted

from the dataset. Its size is restricted.

Remark 3: The true error rate is worse than the resubstitution error rate. The model is not as good
we thought, even if the deviation from the two measures is not spectacular for LDA. We will see later

that the deviation can be higher for some learning methods.
4. Resampling approaches for error rate estimation

We can close Tanagra at this step of our analysis.

In the EXCEL workbook, we select now the second worksheet "ONLY LEARNING SET". In real
applications, the only available dataset is this sample with 500 instances. We must use it both the
learning and the evaluation of the classifier. Clearly, the hold out approach is not adapted here. It is

more appropriate to implement the resampling methods for the error rate estimation.
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As above, we select the range of cells. Here, it is not useful to select the STATUS column; all rows
have the same value "LEARNING". The range selection is $A$1:8V$501 (L1C1:L501C22)

Fichier ~ Edtion  Affichage Insertion Format  ©utis  Données  Fepftre ' Tanagra ne question -8 X
o) &) » [Bitstream Vera Sans 5 7 5 = e an i A7
A1 b e -0.25
A0 3 . ) e 0 2 e s T T R
|1 [Cass VITV2 VT VA VST Ve VT VWE V8 V0 VT VA2 VIS VA4 VIS W1 V17 V1§ V.19 V20 V21 \status 4
2B |-0.60 -1.12| 0.38| 0.96  0.75 3.59| 5.46| 4.64| 3.03| 2.88| 6.23 3.13| 0.79 2.02| 0.83 0.32| 0.26 -0.22| 0.87| 0.12|-0.36|learning [ —
3:A 0.31 0.04] 3.46| 3.12| 0.48 5.16| 4.40| 3.56| 3.41 4.10| 0.74| 1.27| 1.43 0.26/-0.24| 2.61|-0.72 0.52|-1.37| 0.37| 0.04}learning
fi_:A 042 -2.04 -0.11/-1.39 1.35 1.04 110 2.39 292 1.27 0.77 0.77/ 310 0.51 3.71 3.43 2.22 0,69 1.39 0.45 -0.08|learning
75 A -0.14 041077/ 0.25 042 238 386 269 216 081 221 219 332 274 215 392 116 140 167 -0.16)-1.52}learning
B A | 0.06 039 151 1.79 4.38 4.52 529 533 146 0.03 -0.07 0.85 0.87 -0.80 -0.95 2.05 0.19 0.30 -1.32 -1.08 -0.75!learning
1A | -1.70 b - — - m 2.98)-0.28) 0.70 -0.191learning

| 0.40 1.80/ 1.97) 0.41 U.ZEE\earmng_

| -0.66 | 0.14] 0.61) 1.860 -0.95:\earmng

s -0.98 -1.41]| 3.03| 0.69 Dataset range (including the name of the attributes - First row): 041 0.08 -0.39 -0.45learning
111a 0.06 1.05 0.22 2.29 -1.20 -0.39 0.45 -1.07)l2arning
120E 0.83 0.30 -0.50 -0.36 | sas1igugenn = -1.41/-1.00 -0.55 -0.48!learning
1318 | 071 1.34 040 1.26 0.98 0.60) -2.20 -0.19}learning
1418 |-1.17] 0.83] 2.42] 3.22 ok l Cancel ‘ -0.59) 0.05 -0.16 -2.57!earning
1518 0.90 -0.84 091 2.24 -1.07 0.05 148 -1.86!learning
1618 [-1.40 1.23) 134] 1.35 -0.85-0.24| 1.44| 0.79}lzarning
178 1.09 0.32 2,28 2.48 2,88 3.56 523 4.02 556 211 171 1.81 1.92 -0.31 -0.74 1.85 0.50 0.22] 0.32 1.05 L.36ilearning
18:A | -0.84 0.25 069 2.66 1.77 1.93 3.62 4.54 0.89 1.77 2.21) 2.95 0.79 2.96 2,75 3.10) 2.21 1.40 -1.11 -0.73 -L.55ilearning
EERE -0.16 -0.05 0.82) 0.54 3.01 272 1.78 0.19 0.08 201 1.03 0.24 2.29 4.92 499 3.08 148 014 2.36 1.62 -2.53|learning
20 A 1.16 0.69 009 046 061 296 264 355 192 225 183 344 315 348 371 143 310 128 175 0.97 L.40}learning
(2108 | 0.24 0.44 065 0.85 1.95 2.22 3.77) 4.55 4.46 3.96 3.86 1.60 2.75 0.96 0.33 0.03 0.57 1,91 -1.06 -1.15 0.99}learning
2218 -1.47 2.25/-0.64| 1.61 0.35 1.58| 2.90| 4.20 3.11 6.01| 4.70 3.98 2.97 2.15 187 1.53|-1.02 043/ -0.75 -1.37|-0.54!learning
23! 008 -0.09 200 088 283 252 3.38 343 140 297 132 290 251 2.65 378 283 222 3.03 0.73 0.27| 0.07}learning
248 |-0.03 0.08 142 2.26 4.07 3.66 564 2.73 4.54 4.48 3.36 0.38 152 -0.92| 0.40 -0.75 0.11 0.02 -0.18| 0.51 0.43ilearning
2508 078 -043 001 297 272 620 395 679 447 264 243 211 192 058 -044 197 -0.39 014 043 201 -094ilearning

Fanl aan aan aac ansnlaan aar

Dof- A ERW.

FPainter Somme=17851.33 UM

e A B T R T R B
i« v W[y aldataset Y only learning set /

Tanagra is automatically launched. With the DEFINE STATUS component, we set CLASS as TARGET,
the others (V1 to V21) as INPUT. Then we add the LINEAR DISCRIMINANT ANALYSIS component. The
resubstitution error rate is 6.2%, exactly the same as above. This is obvious. We use the same dataset
for the learning process.

i TANAGRA 1.4.20 - [Supervised Learning 1 (Linear discriminant analysis)]

mFiIe Diagram Component  Window  Help - 8 X
H
| supervisedLeamningd (inear discriminantanalysis)
B e S veametes

=¥ Define status 1
. X . . ) Parameters
II‘ Supervized Learning 1 (Linear discriminant anakysi
Matrix inversion exact

T Res
Classifier performances

Error rate 0.0620
Values prediction Confusion matrix
Vo wecan arecsn B A sm
B 0.9091 0.0458 - 10 1 231
A 09528 0.0750 - 10 259 269
Sum 0 ZE0 500
A4
< | 3]l | S
Caormponents
Data wisualization Statistics Nonparametrc statistics Instance selection Feature construction
Feature selection Regression Factorial analysis PLS Clustering.
IW Meta-spy learning Spw learning assessment Scoring Association
‘,‘?Binary logistic regression EC-PLS EC-S\;’C A’E;\DG L;"{{Linear dis
£cas £ CRT ', Decision List [ k-Hn melog-Reg T
< \ >

In the following, we use various resampling error rate measures components to estimate the
generalization error rate. The better will be the nearest to the true error rate 8.39% computed on the

"infinite sample size" test sample above (42500 instances).
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Leave one out

The idea underlying the "leave one out" is to remove one instance for the dataset, creating the
classifier on the remaining instance, checking the correctness of the prediction on the removed
instance. We repeat this process for all the instances. If we set (d; = 1 if the instance is misclassified,

d; = 0 otherwise), the leave one out error rate is

e—Ivo :%2di

With TANAGRA, we add the LEAVE ONE OUT component (SPV LEARNING ASSESSMENT tab) into the
diagram. We click on the VIEW menu. Tanagra repeats 500 times the process "learning on 499
instances and classifying 1 test instance". And yet, the computation time remains reasonable (~8

seconds on my computer).

" TANAGRA 1.4.20 - [Leave-One-Out 1] |
EFiIe Diagram Component  Window  Help =1 4

CIE

.;ﬂnalysis

S et S pametes

= %% Define status 1

= Iz‘ Supervized Learning 1 (Linear discriminant analysi

l?E Leave-One-Out 1
\ Overall cross-validation error rate
- e/

: I
Confusion matrix

¥alues prediction

- [ A s
B 0.591 norz 181 207 24 231
A 0.9405 noses RN 16 253 269

Sum 223 277 500

Computation time : 8547 ms,
Created at 20/10/2007 06:45:20

= #
Cormponents
Data wisualizjion Statistics Monparametric statistics Instance selection Feature construction
Feature selecti Regression Factorial analysiz PLS Clustering
I —
Spv learning Meta-spy learning Spv learning assessment Scorng Aszociation
e Em mem s mes s s I =k
iE?EBias-var‘iance decompaosi E?ECross-\taHdation H?HTest
!E?EBootstrap ?ELea\te-One-Out H?HTrain-test

The leave one out error rate is 8%. Usually, this approach has a low bias but a higher variance than

the other approaches. It is not adapted if the classifiers highly overfit the dataset.

Cross validation

The cross validation is a variant of the leave one out where we subdivide the dataset into K folds. We
repeat the following process: learning on the instances of (K-1) fold, testing on the instances of the

K™ fold. The cross validation error rate is

1
e—cv=EZk:ek
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The main advantage is to reduce the amount of calculations by preserving the reliability of the
estimation. In general, K= 10 seems to be a good compromise.

We add the CROSS VALIDATION component into the diagram. We click on the PARAMETERS menu,
we set the following settings.

i TANAGRA 1.4.20 - [Leave-One-Out 1] FEX
I File Diagram Component  ‘Window  Help = |
“ @ %
Ana‘\ys‘is T —
Cross-validation parameters
= Dataset (tan.txt]
E S (1o
=% Define status 1 Parameters
=] IZ‘ Supervised Learning 1 [Linear discriminant analysi
Leave-One-Out 1
i Mumber of repetitions : 1
Number of folds 10
Execute
view
Save results
[ 5ave error rate to file
Ok ” Cancel ” Help ]
2 | 3
Compaonents
Data wisualization Statistics Monparametrc statistics Instance selection Feature construction
Feature selection Regression Factorial anakysis PLS Clustering
I —
Spv learning Meta-spy learning, Spv learning assessment I Scoring Association
;E;EEias-uariance decomposition ﬁ?ECrnss-vaHdatinn H?HTest
EE?EBuutstrap IFELeave-One-Out H?HTraw‘n-tEst

We set K=10 (NUMBER OF FOLDS). It is possible to repeat the process. In our experiment we set
NUMBER OF REPETITIONS = 1. We validate and we click on the VIEW menu.

i TANAGRA 1.4.20 - [Cross-validation 1] g@@
mFile Diagram Component  ‘Window  Help = |

wHE %
.;hna.\_l,ls.is ~

51 [ Datset (tand.tt) L Ress

R .
=% Define status 1

4 CV error rate
= IE‘ Supenvised Learning 1 (Linear discriminant analysi

I?E Leave-One-Cut 1 Range
87l crossvalidation 1 WIN 0,0800
WA 0.0800

Trial Err rate
1 0.0800

Overall cross-validation error rate

Error rate U g
Values prediction Confusion mat.
B nsds  oores B 309 22 231
A 0933 oosoe AN 18 251 269
|2 | Sum 227 273 500 G
Compaonents
Data wisualization Statistics MNonparametric statistics Instance selection Feature construction
Feature selection Regression Factorial anabysis PLS Clustering
Spv learning Meta-spw learning Spv learning assessment Scoring Association
;E?EBiastariance decomposition E?ECrDss—vah’datiDn H?HTest
EE?EEnntstrap l?ELea\re-One-Out H?HTrain-tEst
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The cross validation error rate is 8 %, the same as the one of the leave one out. It is a coincidence.

We note however that in the majority of cases, they provide similar estimations.

Bootstrap

Unlike the other resampling methods, bootstrap approach does not provide a direct estimation of

the error rate but rather an estimation of the bias of the resubstitution error rate. There a 2 variants
of the bootstrap: the standard 0.632 bootstrap and the 0.632+ bootstrap which intends to take into

account the behavior of the classier that we want to evaluate. The only parameter is the number of

replication. In the majority of cases, 25 replications supply a satisfactory result.

We add the BOOTSTRAP component into the diagram. We click on the VIEW menu.

I3 3| 10.0M3 00805 0.0810 3
Cnmpomenis
Data wisualization Statistics MNonparametric statistics Instance selection Feature construction
Feature selection Regression Factorial anabysis PLS Clustering.
Spv learning Meta-spy learning, Spv learning assessment Scoring Association
‘.E-;EEias-uaHance decomposition E‘?‘E‘Crnss-vaﬁdatinn -H-?H-Test
‘E“EBuutstrap !?ELeave-One-Out H?HTraw‘n-tEst
The 0.632+ bootstrap error rate is e-boot+ = 8.1%.
We summarize the various results in the following table:
Method LDA Deviation
Resubstitution 6.2% -2.19
« True » (test) 8.39% X
LvO 8 % -0.39
CV (10) 8% -0.39
Bootstrap+ (25) 8.1% -0.29

I TANAGRA 1.4.20 - [Bootstrap 1]
m File Diagram Component ‘Window Help
=
Ana\ys‘is
i = Dataset (tan?. txt)
=%l Define status 1

= IE‘ Supenvised Learning 1 (Linear discriminant analysi

!?E Leawve-One-Out 1
E?E Cross-validation 1
E?E Bootstrap 1

3
-8 x

Replications : 25

Error rate
632+ bootstrap
632 bootstrap
Resubstitution

hug test set

Details

0.0810
0.0805
0.0620
0.0913

Boostrap error estimation

L/

Repetition Test err. Bootstrap Bootstrap+

We recall that the true error rate is in fact estimated on a separate test set in this tutorial. Because,

the size of this test set is enough large, we can consider that it is a reliable estimation of the true

generalization error rate.
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About the resampling methods, we observe that they provide similar estimations. The best one
seems the bootstrap approach. But we must not conclude hasty conclusion. The accuracy of the

estimation depends on the characteristics of the dataset and of the learning method.

All the resampling approaches underestimate the true error rate in our experiment. It is a

coincidence. Sometimes, they can provide an estimation which is higher than the true error rate.

5. Conclusion

In this tutorial, we use various resampling estimation scheme for estimating the true generalization
error rate of a classifier. The reference is the error rate estimated on an "infinite sample size" test
set. We outline the main results from an experiment based on the LDA classifier. Here, we have lead
the same experiment with another learning method, C4.5 induction tree algorithm, which has
different characteristics (especially, it can overfit highly the learning set when the tree size is

excessive) in comparison to the LDA. We obtain the following results.

Method Cc4.5 Deviation
Resubstitution 2.2% -11.34
« True » (test) 13.54% X
LvO 16% +2.46
CV (10) 16.2% +2.66
Bootstrap+ (25) 12.24% -1.3

First, we note that C4.5 is not efficient in our prediction problem, compared with the LDA. The true

generalization error rate is much higher.

About the resubstitution error rate, it is very optimistic here. In general, we must not ever consider

the resubstitution error rate when we deal with a decision tree.

About the resampling approach, the accuracy of the estimation is lesser. "Leave one out" and "cross

validation" overestimate the error rate, "bootstrap" underestimates it.
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