Didacticiel - Etudes de cas R.R.

Subject
TANAGRA, ORANGE and WEKA: Comparison of learning algorithms using a predefined

learning and test set.

Very often, we use the accuracy to compare the performances of the algorithms. We then
select the method that is the most accurate. So that the comparison is rigorous, it is necessary

that we use the same dataset in training and test phase.

We show in this tutorial, how to implement this process in three data mining software:
TANAGRA, ORANGE and WEKA. We chose to compare the performances of a SVM (linear

kernel), a logistic regression and a decision tree.

Dataset
We use the BREAST dataset (UCI IRVINE). We have a binary class attribute (benign or

malignant tumor), 9 continuous descriptors, and 699 examples.

We have selected 499 examples for the training phase, 200 examples for the test. We use the

same subdivision for our three packages.
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Algorithms comparison with ORANGE

When we execute ORANGE, we have the following interface.

Tool palettes
Y=Y ]
Data | Class

Data preparation
We divide the whole dataset into two files: BREAST_TRAIN.TXT for training,
BREAST_TEST.TXT for testing. We set two data access components in the diagram; we

parameterize them by activating the OPEN menu.
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Learning components

We want to compare three learning methods from the CLASSIFY tab, we set them in the
diagram.

oo Qt Orange Canvas

File Options Window Help

0 &g,

B S5chemai

File 12)

Evaluation component

The comparison can be gathered in only one component, the TEST LEARNERS component
from the EVALUATE tab. We connect the three learning method to this new component.

Z Qt Orange Canvas - [Schema 1]

[] File Options Window Help =& x|
D& @

Data | Classity | Evaluste | Visuglize | Associde | Other |

Logistic Regression

] s

Classification Tree

FElg
o7 L

Test Learners

| | 2
v

We must now specify which are the data to be used for the training. We connect the first data
source [FILE] to the TEST LEARNERS. A dialog box appears, it is of primary importance
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because it enables us to check that we transmit the training set (DATA). The training phase is

automatically started.

"2 Qi Orange Canvas - [Schema 1] ‘ZHE”Zl
[ Ele Options \indow  Help == =
D& & @

Dats | Classity | Evaluate |v|suanza | &ssociete | Other |

|| ===

M Qi Connect Signals

File Test Leamers
Help Clear all | 0K I LCancel

= Test Leamers
File

=
File [2) -
d | _r'

V)

In the next step, we connect the second data source [FILE (2)] to the TEST LEARNERS
component. ORANGE considers that this second data source is the test set (SEPARATE TEST
DATA). We can modify this type of the connection when we double-click on the link; it is not

necessary here.

"z Qt Drange Canvas - [Schema 1]
D Ele Cptions Window Help ;Iilll
D& & %

Data | Classify | Evaluate IV\suahze |Assuclats | Other I

s ElElE]

File (2] Test Leamers
Help Clear All | 0K I Cancel

Test Leamners

&I_h
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Seeing the results

To display the results, we select the OPEN menu of the TEST LEARNERS component.

'Z . Qt Orange Canvas - [Schema 1]
D File  Options Window  Help ;Iilil

D& & %

Data | Classify | Evaluate IVisuaIize IAssociate | Other I

W EE=
T

Logiztic Regress

i
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~

—Samplng——— [ Evaluation Results
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]

]
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o o o o o o o e

— Statistics

‘<

¥ Classification Accuracy
¥ Sensitivity
v Specifizity
v #rea Under ROC Curve

-

Test Learrers

¥ Information Score

File [2] ¥ Brier Score

‘ i

-

We check the “Test on test data” option. Various statistics are available; we are interested

primarily in the accuracy in our tutorial:

e (lassification tree: 93.5% (error rate 6.5%);
* Logistic regression: 95.5%
e Linear SVM!: 94.5%.

1 Check that you use really a linear kernel in your diagram (KERNEL - LINEAR).
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Algorithms comparison with WEKA
A dialog box appears when we execute WEKA; we choose the KNOWLEDGE FLOW

paradigm. We have used the 3.5.1 version.

£ Weka KnowledgeFlow Environment

= Weka GUI Cho...
k
Waikato Environment for DataSours
knowledge Analysis E = = L = = =
Arff 45 oEY Database Sez
Loadex Loadex Loader Loader InstancesLoade
(c) 1999 - 2005 < >
University of Waikata ~Knowledge Flow Layalt
Mewe Zealand =
L
Explorer / o
T < S
Expetimerter HnowyledgeFlow
- e — - —— Statu
Log |7Welcumetu the Wieka Knowledge Flow ‘ Log

Data preparation

We have to use two separate dataset with WEKA. We use the ARFF file format; we check

carefully that the description of the attributes is the same one.

@relation breast_train.arff @relation breast_test.arff
@attribute clump REAL @attribute clump REAL
@attribute ucellsize REAL @attribute ucellsize REAL
@attribute ucellshape REAL @attribute ucellshape REAL
Qattribute mgadhesion REAL @attribute mgadhesion REAL
@attribute sepics REAL @attribute sepics REAL
@attribute bnuclei REAL @attribute bnuclei REAL
@attribute bchromatin REAL @attribute bchromatin REAL
@attribute normnucl REAL @attribute normnucl REAL
@attribute mitoses REAL @attribute mitoses REAL
@attribute class {begnin,malignant} @attribute class {begnin,malignant}

We set two ARFF LOADER components in the diagram; we select the datasets.
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< Weka KnowledgeFlow Environment
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We must now specify the role of these data in the diagram. We use the TRAINING SET
MAKER and TEST SET MAKER components (EVALUATE tab). We set the adequate

connections.

= Weka KnowledgeF low Environment
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Learning methods

We set three learning algorithms components (CLASSIFIERS tab) in the diagram. About

SMO, we check that we really use a linear kernel (exponent = 1, not RBF kernel). We connect

the three TRAINING SET MAKER, ...

L
@dato
RFF
Training
ArfflLoader SetMakar
.ﬁ:;:,-::l.‘-::

datalet

ﬁF_r-' 4

-
Arffloadec
TestSet
Maker

.. and the three TEST SET MAKER.

.-ﬂ- ;
cafc _____di‘ii* ‘
RFF
.\.
Training
ArffLoader SetMaker

'E;I:‘\'.'I'(:I

RFF
Arffloader
TestSet
Maker

Evaluation components

To compute the accuracy of the classifiers, we

Lagi=tic

toh

trainingdet

4

trainingSet

SM0

set CLASSIFIER PERFORMANCE

EVALUATOR component (EVALUATION), one for each learning method. The type of the

connection must be BATCH CLASSIFIER.
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Weka KnowledgeFlow Environment
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Visualization component

We set the TEXT VIEWER (VISUALIZATION) component in order to display the results.
Only one component is necessary, it makes it possible to join together the results in the same

window. We use the TEXT connection.
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Diagram execution

The execution of the diagram is done into two steps: [1] we select the START LOADING
menu of the first data source (learning set), the prediction models are computed; [2] we select

the START LOADING menu of the second data source, the test set, the accuracy of the

models is computed.
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When we select the SHOW RESULTS menu of the TEXT VIEWER component, we can see the

detailed results for each learning algorithm.
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£ Text Viewer

~Resuft list ~Text
Scheme: Logistic L
: Felation: breast test.arff
17:54:07 - J45
Correctly Classified Instances 191 95.5 %
Incorrectly Classified Instances 9 4.5 %
Fappa LaLlsolic .oz
Mean absolute error 0.0569
Foot mean sdquared error 0.1595
Felative absolute error 13,1678 %
M Rop Cedl edm t e "STOMTE T dTL0T™ == == = -40.368\6 %
| Jotal Nuwmber of Instances 200 =
e e e e e o o o e =
=== Detailed Accuracy By Class ===
TF Rate FP Rate Precision Recall F-Measure ROC Area Class
0.956 0.045 0.978 0.956 0.967 0.994 begnin
0.952 0.044 0.909 0.952 0.93 0.994 malignant
=== Confusion Matrix ===
T T mm o Em omm o=y
a b «£-- classified as I '
list 61 a- begnin - )
| 3 601 b = malignant | v

We obtain the following accuracy rate:

e Decision tree: 93.5% (error rate 6.5%);
¢ Logistic regression: 95.5%
e Linear SVM: 95.5%.

We note that SVM and Logistic regression have the same accuracy rate but not the same

confusion matrix; the structure of the error is not the same one.
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Algorithms comparison with TANAGRA

Compared to the two other packages, TANAGRA uses a tree to represent the treatments.
That simplifies its structure, but induced a strong constraint; it is not possible to specify two

data sources. It is consequently necessary to prepare the data differently.

Data preparation

We use BREAST_ALL.XLS2. All the examples are gathered in the same sheet; we add a new
column, which enables us to distinguish training set and test set (STATUS).

E3 Microsoft Excel - breast_all.xls

Fichier Edition Affichage Insertion Format Qubils Données Fepétre 7 ;Iil X
DEHS ERY e - (€A B B - @2
Avial -0 - 6 73 EEEEPFE€U, BN ED LE 2
1501 | =9
A E F €] H | J K -

1 | stat mgadhesionsepics bnuclei bchromatin normnucl  mitoses class

489 train 1 2 1 3 1 1 begnin

490 train 1 2 1 1 1 1 begnin

491 \train 1 2 1 3 1 1 begnin

492 train 1 2 3 1 1 begnin

493 train begnin

494 train begnin

495 train 1 rnalignant

496 train begnin

497 \train 1 2 1 { 1 1 begnin

493 train 1 2 1 1 1 begnin

499 train 1 2 1 2 1 1 begnin

500 train 3 1 1 3 1 1 begnin

1501 |test 4 3 10 7l | 1 malignant

502 test 4 2 4 3 4 1 malignant

503 test g 4 10 3 4 1 rnalignant

504 test 2 2 1 3 1 1 begnin

505 test 3 g 1 1 begnin

506 test 1 malignant

507 test 1 1 begnin

503 test 1 1 begnin

509 test 10 g 10 10 7 3 malignant

510 test 1 2 1 2 1 1 begnin

511 test 1 2 1 3 1 1 begnin

512 test 2 2 1 3 1 1 begnin

513 test 2 2 1 3 1 1 begnin

514 test 1 2 1 2 1 1 begnin

44| » [ pi}\ Breast cancer / B ’ 4 o o[
Dessin = % Formes automatiques « ™. “w I:| (@] 4‘ @ B i hr = g E . e -

Prét TN

Data importation

We close EXCEL3 and execute TANAGRA. We create a new diagram and import
BREAT_ALL.XLS.

2TANAGRA can read XLS format. The dataset must be in the first sheet of the workbook.
3 EXCEL locks the file that it is handling; we must close the file before executing TANAGRA.
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_ TANAGRA 1.4.4
File Diagram ‘Window Help

Diagram title :

Choose your dataset and start download

[Detault e

Data mining diagram file name

|DiTempiExeldetauttbdm

Dratasst (* td* arff. " xls)

( Tanagra
Fiegarder dans ‘ ﬁ&:v_melhod_predehne?_ml_sel v‘ 02 E
a
[ Hbreast_all.xis N R
\
Mes documents \
récents
\
1
Bureau 1
I
. \r I
L I
es documents 1
Data visualizstion | Statistics | ko ]
Feature selection ‘ Regression | gi ]
Spw learning ‘ Meta-spw learning | SPY  Poste de travail U
“rCorrelation scatterplot  ERExport dataset L4
Mom du fichier breast_all. xks 1 hd Ouwrir
|
Favoris réseau | Fichiers de ype I Excel File (37 & 2000) v Annuler

Training and test subdivision

We use the SELECT EXAMPLES component (INSTANCE SELECTION) in order to select the

active (training) examples.

1 TANAGRA 1.4.4 - [Dataset {breast_all.xIs)]

EFiIe Diagram | Component  Window  Help

0w B3 %

Default title -
= - Dataset [breast_all.xls) Parameters
o Select examples 1 =
. | TS
4 Attribute |Status v | -
/ Execute
’ Wigw -
Walue : |train V|
|
\
\
\ |
Ok C. | Hel ]
\ e |
——
\ Components f_ —-— s — == [I

Data \risualiz‘tion |

Feature constrL‘tion |

CEE

Spv learning asseszmént

Statistics

| Monparametrc statistics
Feature selection | Regression
Clustering | Spw learning

Scaoring | hssociation |

Instance selectmn
Factonal analys1s

Meta-zpy learning |

% Recover examples
fSampling T

& Select examples

ampling

When we execute the component (VIEW menu), we see that we have 499 selected examples

for the following computations.

Select attributes

We add a DEFINE STATUS component in order to select the TARGET attribute (CLASS); the
continuous attributes are INPUT. We do not need use STATUS attribute here.
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. TAMAGRA 1.4.4 - [Select examples 1]
E File Diayw\CumpDnent Window  Help

Diefault litle

Define attribute statuses

Parameters

Atributes :

= Dataset (breast_all.xls)
E;j‘t Select examples 1
%3 Define status 1

Target Input llustrative

D st clurmp
ucellsize
ucellshape
mgadhesion
sepics
bruclei
bechromatin
niorrnnucl
mitoses

Il

Data wisualization |

Feature construction | F
PLS |

Spw learning assessment |

Clear selection ]

T’ﬁ;\Recover examples f:Select [ oK

# Sampling £ Stratifi J[_cancet ][ hew |

Learning method

We must insert the three learning methods in the diagram. We present the detailed operation
for the logistic regression. There are two steps when we want to add a supervised algorithm
in the diagram: first, we insert a meta-supervised component that defines the aggregation
strategy (SUPERVISED LEARNING - META SPV LEARNING tab)

' TANAGRA 1.4.4, - [Select examples 1] M(=1E3
EFiIe Diagram Component  ‘Window Help -8 x
e %

Drefault fitle:

=2 Dataset [breast_all.xls)
EI;_?f Select examples 1
—-#% Define status 1

Attribute selection @ status
Walue selection @ train

Supervised Learning 1

l 499 zelected examples from 699 .
|L_Computation time : 0 m b
' Components I
Data \risualizatior\ | Statistics | Monparametrc statistics | Instance zelection |
Feature constructi‘n | Feature selection | Regression Factoral analysis |
— e e
PLS ‘ | Clustering | Spw learning I Meta-spy learning 1
- . . -
Spv learning assessmer‘ | Scorng | fssociation r
L

[#] drcing [ire-xd]
IE Bagging

Second, we embed in this component the learning strategy BINARY LOGISTIC
REGRESSION (SPV LEARNING tab). This implementation of logistic regression is slightly

slower than the others, but it has the advantage of providing a series of additional statistics.
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{ TANAGRA 1.4.4 - [Select examples 1]
E File Diagram Component Window Help

e

0w B %

Default title

= Datazet [breazt_allxls)
B/_?;: Select examples 1
=-%% Define status 1

d Learning 1 (Bi

Attribute selection @ status
Walue zelection : train

499 zelected examples from 699

Computation time : 0 ms,
Created at 23/02/2006 19:45:44

Components

Data wisualization Aratistics

Feature construction /Feature selection

| |
| |
|/ Clustering |
| |

Monparametric statistics |

Regrezzion

Instance selection |

| Factoral analysis |

PLS ' Spw learning ! Meta-spv learning |
/ —— — — — —
Spw learning assessmeft Scorng tssociation
< ‘,‘!-innary logistic regresszion > AIE,C-RT E,!Decision List I‘-_'-,K-NN
—— . .
BN lgzc-ave £ 14 Linear discrmin
< | >

We insert the other learning methods in the diagram: SVM (C-SVC) and the decision tree (C-

RT). We obtain the following diagram.
~ N\

i TANAGRA 1.4.4 - [Define staius 1]
E File Diag;am Component  Windaw

=9

L 4
Uw B % N
/ et N o vemestaws
Potaset (bress_sflcs) N o rerameters
B/?f Select examples \ Target : 1
X 5 1 Input : 9
AN E||1| Superised Learning 1 (Binary logistic regressi,n] ustrative : 0 =
\ - i upervised Learning 2 [C-54C) /
Supervised Learning 3 (C-RT) o Rests
Attribute Target Input Iustrative
status =
clump wes - v
L Components I
“
Data vizualization | Sﬂstﬁ | Monparametric statistics | Instance selection | Feature construction |
Feature zelection | Regression | Factorial analysis | PLS | Clustering |
Spv learning | Meta-spv learning | Spw learning assessment | Scoring | hssociation |
‘f?Binary logistic regression ]_Z‘,CS\}'C I‘-_'-,K—NN Bz".fl.ﬂ.ultilayer perceptron
.ﬁ;sc:4.5 'ﬁﬁDecision List E_@?‘gLinear discriminant analysis Eiultinomial Logistic Regressiar
& CRT & 10a ie=Log-Reg TRIRLS ffma Maive bayes
< I >

We start the execution

of the whole diagram by selecting the VIEW menu of the last

component. The models are built using only the selected examples.
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Comparison of performances

To compare the performances, we must insert again the DEFINE STATUS component in the
diagram by clicking on the short cut into the toolbar. We set the CLASS attribute as
TARGET; the predictions of each method are the INPUT attributes. We note that these

predictions are computed for the whole dataset, including the unselected examples.

' TANAGRA 1.4.4 - [Supervised Learning 3 (C-RT)]
E File Diagram = Component  ‘window Help

Do B 5%)

Default title

=] Dataset [breast_allxls)
Bﬁ Select examples 1
=K Define status 1

E]IE Supervised Learning 1 (Binary logistic reg
Bm Supervised Learning 2 [C-54C)
E]|I| Supervised Learning 3 (C-RT)

- g:g &eﬁEsta_tus2_

Data visualization

Feature selection

| Statistics

| Regression

Spw learning

| Meta-spy learning

Parameters

Attributes : 7/

/ |

n

ucellzize

c ucellshape

C mgadhegion

C :sepics /

C bruclel

C behrothatin

c norm}wucl

Cmilgyes

D classd
;a‘?_SpmstaEa_ﬂ

D pred_Spvinstance_2 -

D pred_Spvinstance_3

L] L | L | L]

Al 8|

N\

|

|

Target Input strative

pred_Spvinstance_1
pred_Spyinstance_2
pred_Spyinstance_3

(

Clear zelection ]

”_ Cancel _” Help J

J?Binary logiztic regreszion EA{S;C—SVC

£ 045 B Decision List

& CRT 108

i| i

We add the TEST (SPV LEARNING ASSESMENT tab) in the diagram. We do not forget to

specify that the confusion matrix computation must be done on the unselected examples,

which represents the test set.
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i TANAGRA 1.4.4 - [Supervised Learning 3 (C-RT)]
! File Diagram Component Window Help

Il

Defaulk title: -~
=] Dataset [breast_all.xls)
=" Select examples 1 =
e . Classification tree (C-RT) parameters
= 4 Define status 1 -
H . . " e . Size bef: lit 10
= m Supervized Learning 1 (Binary logistic regression) D RS &7l
=[] Superdsed Learning 2 [C-54C) Pruning set size i) e
i N . Defi [uatis t
E--Iz‘ Supervised Learning 3 (C-RT) £ine sve talon ==
=% Define status 2 Parameters
. g § est Used exarmples |
,W Oselected ’
’
7’ Execute Gnselected gy
7 Wiew
4
ances
oK Cancel Help | -
|3 ] 1 3
\ Components |
A
Data visualization | ‘ Statistics ‘ Monparametric statistics ‘ Instance selection ‘ Feature construction ‘
Feature selection \l Regression Factorial analysis PLS ‘ Clustering ‘
Spw learning ‘ N fketa-sp learning I Spv learning assessment Scoring ‘ Association ‘
N — — o e o =
I?IEias-n’ariance decompositi I?ITest
!?IEootstrap 7 Train-test
Bfcross-vatidation

The view menu displays the following results:

Evaluation set | unselected examples

Values prediction Confusion matrix

begnin 0,955 0.0zz4
malignant 0.9524 0.0909

a0 a3

134 -1} 200

Values prediction Confusion matrix

begnin 0,318 00227
malignant 0.9524 01178

a0 a3

132 63 200

Values prediction Confusion matrix

begnin 0.%051 0.015%

0.1757 a1 a3

malignant 09653

126 74 200

The classification accuracy rates are:
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e Decision tree: 92.5% (error rate 7.5%);

¢ Logistic regression: 95.5%
e Linear SVM: 94.5%.

Conclusion

We see in this tutorial that it is easy to perform a comparison of algorithms using a
predefined test set with ORANGE, WEKA and TANAGRA.

The results can be slightly different between the packages. This is not surprising because of
the heuristic nature of learning algorithms. The effect of the implementation choices also is

not negligible. Nevertheless, very large differences would have been alarming.
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