Didacticiel - Etudes de cas R.R.

Subject
Comparison of TANAGRA, ORANGE and WEKA when we build ROC curve on a dataset.

TANAGRA, ORANGE and WEKA are free data mining softwares. They represent the
succession of treatments as a stream diagram or a knowledge flow. Sometimes, there is a
little difference between these softwares. Nevertheless, we show that in spite of these
differences, these softwares often handle the same problems and give a very similar

presentation of results. In this tutorial, we try to build a roc curve from a logistic regression.

Regardless the software we used, even for commercial software, we have to prepare the

following steps when we want build a ROC curve.

e Import the dataset in the soft;

e Compute descriptive statistics;

e Select target and input attributes;

e Select the “positive” value of the target attribute;

e Split the dataset into learning (e.g. 70%) and test set (30%);

e Choose the learning algorithm. Be careful, the softwares can have different
implementation and present a slightly different results;

e Build the prediction model on the learning set and visualize the results;

e Build the ROC curve on the test set.

According the softwares, the progression can be different but it is clear that we must,

explicitly or not, process these steps.

Dataset

We use the dataset from the Komarek’s website which implement the LR-TRIRLS logistic

regression library (http://komarix.org/ac/Ir). The DS1-10 dataset contains 26733 examples,
10 continuous descriptors; the frequency of the positive value of the target attribute is 5%.
We use ARFF file format for WEKA and TANAGRA, TXT for ORANGE (TANAGRA can
also handle TXT file format).

Building a ROC curve with WEKA

The number of methods is impressive in WEKA, but it is also the main weakness of this
software, a through initiation is necessary. The needed components for the construction of a

roc curve are not obvious.
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Execution of WEKA

When we execute WEKA, a dialog box enables to choose the execution mode. We select the

KNOWLEDGE FLOW option. We have used the 3.4.7 version in this tutorial; the results can

be slightly different on the others versions. The organization of the software is classic. In the

top of the window, we find the tools, machine learning components, in some palettes. The

KNOWLEDGE FLOW layout allows us to define the succession of data treatments.

Components :

Tool palettes
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Load the dataset

The ARFF LOADER component (DATASOURCES palette) enables to load a dataset. We add
it in the workspace, we can select the file with the CONFIGURE menu of the component.
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Descriptive statistics

The ATTRIBUT SUMMARIZER component (VISUALIZATION) shows the data distribution;
we can quickly detect abnormalities in the dataset. We add this component and we to

connect ARFF LOADER to this new component (DATASET connection).
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£ Weka KnowladpeFlow Enviranment
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The treatment will be executed when we select the START LOADING menu of the ARFF

LOADER component. To see the results, we select the SHOW SUMMARIES option of
ATTRIBUTES SUMMARIZER.
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Show summaries

Actions
Start loading

We see that there are not abnormalities on the descriptors; we see also that we have
imbalanced dataset (804 “positive” vs. 25929 “negative”).
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Define target and input attributes

The last column is the default class attribute for WEKA, but we can also explicitly select the
column of the class attribute. In this case, we use the CLASS ASSIGNER component
(EVALUATION palette). We add this component in our diagram; we connect ARFF
LOADER to this new component (DATASET connection). We select the CONFIGURE menu

in order to select the right class attribute.

[Mom) CLASS

4 %,L ClazsAssignerCustomizer
- /)m?ﬁ [c] Choose class attribute
Fy P —
nd

d=1 10.a
datalet

Artribute
Surmarizer

In the following step, we must specify the “positive” value of the class attribute. We use the
CLASSVALUE PICKER (EVALUATION palette) component and select the “TRUE” value in

the parameter dialog box.
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2. Weka KnowledgeFlow Environment
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Subdivision of the dataset into “learning” and “test” set

We want to build our prediction model on the 70% of the whole dataset, and compute the
ROC curve on the remaining. So, we set the TRAINTEST SPLIT MAKER (EVALUATION) in

the diagram and configure its parameters.
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Logistic regression

The logistic regression component is in the CLASSIFIERS palette. We set it in the diagram,
we connect twice the TRAIN TEST SPLIT MAKER to this new component: twice because we

must use together the training and the test set which are produced by the same component.
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The results

To see the results of the regression, we connect the LOGISTIC component to TEXT VIEWER

(VISUALIZATION palette) that we set in the diagram.
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We execute again the diagram (START LOADING of ARFF LOADER component). The
SHOW RESULTS of TEXT VIEWER opens a new window with the results of the learning

process.
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Connections Clear results
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Actions

Skart loading

We obtain the regression coefficients.

£ Text Viewer |'._| |'E| [‘S__(I
Reszutt list Text
16:01:40 - Model: Logistic === Classifier model === A
Schene: Logistic
Relation: dsl_l0.arff
Logistic Regression with ridge parameter of 1.0E-5
Coefficients...
Variahle Coeff.
1 0.1294
Z 0.3301
3 0.7174
4 0.3972 B
5 0.164
[ -0.0313
7 -0.0689
i 0.7603
9 -0.2524
1o 0.0663
Intercept -4, 2745
v
< >

ROC curve

In order to evaluate the learning process, we add the CLASSIFIER PERFORMANCE
EVALUATOR component (EVALUATION). We connect the BATCH CLASSIFIER output of
LOGISTIC to this new component.
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We set MODEL PERFORMANCE CHART (VISUALIZATION) in the diagram; we use the
THRESOLD DATA (!) output of the CLASSIFIER PERFORMANCE EVALUATOR when we

connect the two components.
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We run again the diagram with the START LOADING menu of ARFF LOADER. We select

the SHOW PLOT menu of the last component (MODEL PERFORMANCE CHART). We
obtain the ROC curve.
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< Model Performance Cha
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WEKA is a very powerful tool, but knowing all its features is not obvious.

ROC curve with TANAGRA

There are three parts in the main window of TANAGRA. A the left, we have the stream

diagram where we define our treatments; at the bottom, the data mining tools in various

palettes; at the center, the window for displaying the results.

Load the dataset

We select the FILE / NEW menu in order to create a new diagram.
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Choose your dataset and. start.duwnlnad

Diagram fitle :
|Default fitle |

\) Data mining diagram file name :
|DiTempiExeidefault bdm

[=]

Drataset (™t ™ arff *xls) : o,
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Descriptive statistics

We add a DEFINE STATUS in the diagram (click on the toolbar icon); we set as INPUT all

continuous attributes.

 TANAGRA 1.4.4 - [Dataset (ds1_10.arff)]
e npanet
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L
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tvibutes I —

Target Input | lllustrative |
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%
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We set the MORE UNIVARIATE CONT STAT (STATISTICS) in the diagram, we execute the

component (VIEW menu), detailed results are displayed.

" TANAGRA 1.4.4 - [More Univariate cont stat 1]
I File Diagram Component ‘Window Help - 8 x

=
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Subdivision of the dataset into “learning” and “test” set

We select again the root of the diagram and insert the SAMPLING component (INSTANCE
SELECTION); we set the right parameters (PARAMETERS menu).

| Default title
= Dataset (ds1_10.arff)
=¥ Define status 1
8 g o Pararneters
LA More Univariate cont stat 1
<" Sampling 1 Sarnple size definition
/1 @ propartion size % '
, N
/7 O absolute size 200 @
/
/
p [ ok [ cancel |[ Hew |FT
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I 27453 =< % < ¥
1 | >
\ Components g = o = -
\ Data wvisualization | Statistics | Monparametric statistics | | :_ Instance selection | ‘
\ Feature construction | Feature selection | Regression | Factorial analysis ‘
PLS Clustering Spw learning Meta-spy learning
\
Spw learning assessment | Scoring | #zzociation |

% Recover examples

2 SelEnt examples
fStratiﬁEd sampling

20/02/2006 Page 11 sur 21



Didacticiel - Etudes de cas R.R.

Target and input attributes

With a new DEFINE STATUS component, we set CLASS as TARGET attribute, the
continuous attributes as INPUT. We obtain the following result when we select the VIEW

mendu.
% TANAGRA 1.4.4 - [Define status 2] fEX
E File Diagram Component Window Help - 8 x
EH %
— T ¢
=2 Datazet (ds1_10.arff) Target : 1
= f:i Define status 1 Input : 10
L£2 Mhare Univariate cont stat 1 Wustrative : 0
=] /‘ Sampling 1
4 Define status 2 S Resas
EEEEREEE 'r - r Attribute Target Input IWustrative
1 W1 = =
1 W2 - yes
V3 o 3
1 i
e ° Wes
\
WE ° Wes
\
-~ —7 e - yes
W7 ° WEsS
WE ° VEs
W9 ° VEs
W10 ° VES
k CLASS  yes
Computation time : 0 ms.
Created at 197022006 17:06:25 "
Camponents
Data visualization Statistics Nonparametric statistics Instance selection
Feature construction Feature selection Regression Factorial analysis
PLS Clustering Spy learning, Meta-zpw learning
Spw learning assessment Scorng Aszociation
RReco\ter examples & Sampling & Select examples & Stratified sampling

Supervised learning

We want to add the logistic regression component in the diagram. There are two steps: first,
we add a “meta-supervised” component (SUPERVISED LEARNING from META-SPV
LEARNING palette); second, we embed the LOG-REG TRIRLS component (palette SPV
LEARNING). This component comes from the Komarek’s library
(http:/ /komarix.org/ac/lIr). Its implementation seems very fast and robust. The results are

displayed in a new window.
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i TANAGRA 1.4.4 - [Supervised Learning 1 (Log-Reg TRIRLS)]

Spw learning |
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N
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\ false 10000 00301 false 18149 0 18149
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T svin

The confusion matrix is not relevant in our context because our dataset is unbalanced. The

most important is that our classifier can set the “positive” examples before the “negative”

ones according a computed “score” which is proportional to the “positive” conditional

probabilities.

Computing the “score”

We set the SCORING component (SCORING) in the diagram; we select the PARAMETERS

menu in order to define the “TRUE” value of the class attribute as “positive”.
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“ TANAGRA 1.4.4 - [Superlrlsed Learmrlg1 {Log-Reg TRIRLS)]

Default fitle I A
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= 1% Define status 1
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=[] Supenised Learning 1 {Log-Reg TRIRLS) Parameters 3
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Association |
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( I Il Scorng )

ROC curve

We add a new DEFINE COMPONENT in the diagram; we set as TARGET the class attribute,
and the generated attribute SCORE_1 as INPUT. We can select several INPUT attributes here

and compare the performances of various learning algorithms.

i TAMAGRA 1.4.4 - [Define status 3]
E File Diagram Component Window Help

Ow B %

Default title J
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1 3 =

W
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Target Input Iustrative
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Regression
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|
|
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|
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|V Lift curve & Roc curve ll Scoring

Last, we add a ROC CURVE component in the diagram. We select “TRUE” as the “positive”

label; the computation must be realized on unselected examples (test set).
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ANAGRA 1.4.4 - [Define status 3]

R.R.
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-
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We obtain the results (VIEW menu). We do not build the curve but a table with all necessary
values (TRUE POSITIVE rate, FALSE POSITIVE rate). Several indicators are available.

RA 1.4.4 - [Roc curve 1]
f File Diagram Component Window Help

Ow B %
Default e |
=] Dataset {ds1_10.arff) Positive class value : trug
- '*:i Define status 1 Used examples : Unselected
-4t fhore Univariate cont stat 1
= # Sampling 1
B--?‘ Define status 2 ROC Curve
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-~ Roc curve 1
ore Altribute Score_1
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5 04175 0.,0408 0.3512

10 0.0779 0.086% 0.5207

15 0.0579 0.1349 0.6364

20 0.0444 0.1835 0.7314

25 0.0352 0.2339 0.768¢

30 0.0285 0.2545 0.7975

35 0.0237  0,3354 0.8182

< o 'S 40 0.0197 | 0,382  0,8430

Compaonents
Data vizualization ‘ Statistics | Monparametrc statistics | Instance selection | Feature construction ‘
Feature selection ‘ Regression | Factorial anabysis | PLS | Clustering ‘
Spy learning ‘ fhetaz-spy learning | Spw learning assessment | IT | fssociation ‘
£ Lift curve Il Scorng

&7 Roc curve
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TANAGRA enables to compute quickly the ROC curve. We note the importance of
DEFINE STATUS before the ROC component. It enables to compare various input

columns for the examples ranking: they can be computed by supervised learning

algorithm, but they can be also supplied by another process.

ROC curve with ORANGE

The utilization of ORANGE is very simple. It is particularly well suited for our subject. But,

sometimes, some default options are not clear; we must study carefully the parameters of the

software.

Orange

The main window of ORANGE is similar to WEKA interface: tools are in the top of the

window; there is a workspace where we can define the stream diagram.

<« Workspace

o o Components : [E[i=led
Tool palettes Data Mining tools
0w
Dala ICIaslsilmdize | Asso
B Schemai .E X I

Load the dataset

ORANGE can handle TXT (tab separator) file format. We select the FILE tool, it is
automatically added in the workspace. We can select the dataset with the OPEN menu.
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& Ot Orange Canvas

File

Options  Window

Heln

Y

Fil 2 Clagsification: Discrete class with 2 valuss.
ile
Rename F2 — Reload
Remave Del Reload File T Reset domain at nest reload

i Data File

[[ds7_Toa = J

~ Info
26733 examples. 10 attributes, 0 meta attibutes. J

. |
W |

Descriptive statistics

ORANGE offers nice graphical tools for descriptive statistics. We select the ATTRIBUTE

STATISTICS component. We connect FILE to this new component; the execution is

automatically started. We can see the result with the OPEN menu.

.._ Q1 Drange Canvas

N&& @
P T
e

LS 0t Attribute Statistics

w3
[C Wahas

[Erass 143
0z
- 2:0-\

26773 totsl wahses
24122 distinct valuey

S Graph |

Target and input attributes

By default, the last column is the class attribute. We can modify the selection with the
SELECT ATTRIBUTES component (DATA). We see that the default selection is right.
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. Qt Orange Canvas

Elle Options Window Help
- TM

'cwassny | Evaluate

gz | Associate | Other |

&5 Qt Select Attributes

~ Awvailable Attributes

powr || |BVE =

|
|
Do |
N
|
[
oo |

- Meta attibutes
B -

| | _Down =

rost |

Apply

Attribute Statistics

Logistic regression and learning evaluation

First, we add the LOGISTIC REGRESSION from the CLASSIFY palette; second, we add the
TEST LEARNER component (EVALUATE). We set as “train - test” the evaluation process in

this last component, the learning set size is 70% (OPEN menu).

‘2 Qt Orange Canvas

File Options Window Help

|oe&ls

Data I Classify | Evaluate |Visua\ize IAssDcwate I Other I

£¥ Qt Test Learners

— Sampling i Evaluation Results

 Cross Validation
Murnber of Folds:
3 b=

* Random Sampling

Repeat Train/Test
1 =

Relative Training Set Size

Test Learners

>

" Teston Test Data

Apply |

i~ Statistics

File Select Attributes

W Classifization Accuracy
W Sensitivity

W Specificity

W Area Under ROC Curve
W Information Scors

W Brier Score

Attribute Statistics

ez
14 | »

20/02/2006

Page 18 sur 21



Didacticiel - Etudes de cas R.R.
We connect the LOGISTIC component to TEST LEARNERS, and SELECT ATTRIBUTES to
TEST LEARNERS. In this last connection, a dialog box appears, it enables us to select the

right dataset.

‘2 Qt Orange Canvas

Filz Options ‘Window Help

0E& & s

Data I Classify | Evaluate IVlsuahze IAssoc\ate | Other |

cChEIElE]

I
Logistic Rearession =
I
i

o’ 'l Test Leamers
.

M (t Connect Signals

Attribute Statistics

Select Attributes Test Learners

Help Clear All | oK I LCancel

1L | = |

4

When we confirm this connection, the computation is automatically started. We can display
the results with the OPEN menu of TEST LEARNERS.

" Ot Orange Canvas |;||§”E‘

File Options ‘Window Help

D&«

Data | Classify | Evaluate |V|sua|\zs |Assuc|als | Other |

oW B= =

i Schema 1

—Sampling————————— [~ Evaluation Results

© Cross Validation Classifier [ca  [Sens [Spec [auc [is

- Number of Foids 1 [Logistic regression | 05704 1.0000] 00166 0.8424]H8
I 5 -
i _ Y,

Leave-One-Out

Logistic Regression & Random Sampiing

Repeat Train/Test
—

Relative Training Set Size:

——

Select Attibutes " Test on Train Data

] " Teston TestData
B

File: Apply

| Statistics

Test Learners

—~

v Classification Accuracy
v Sensitivity
Altibute Statistics ¥ Spediicity

IV Area Under ROC Curve

¥ Information Score

[V Brier Geore 1 | —’I

Z]
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Various indicators are computed, including the AUC ratio. But we do not find which value

of the class attribute defines these results.

ROC curve
ORANGE has an interactive graphical tool for ROC curve computation. We set this
component (ROC ANALYSIS from EVALUATE) in the diagram. We connect the TEST

LEARNERS to this new component.

Logistic Regression

Test Learners ROC Anaylsis
earml
&

oo B

Select Attributes

1~

Attribute Statistics

When we activate the OPEN menu of ROC ANALYSIS, we obtain the following chart. We

can interactively select the “positive” class.

Predicted Class: true

General i Etings }

‘ Target Class

true be

09—
Classifiers ,
W ogistic regression
N os-

TP Rate (Sensitivity)
o
|

0.320 Logistic itression

[Un}select all ]
01
I~ Show Convex ROC Rurves -
v Show ROC Corwvex Hull 0
T T T T T T T T T T T T T T T T T T T 1
Save Graph 1} 0.1 0z 03 0.4 05 0.6 o7 08 08 1
= B FP Rate (1-Specificity)
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ORANGE is very easy to use. If we want to compare the performances of various learning
algorithm, we add the learning components in the diagram and connect them to TEST
LEARNERS: the new ROC curves are automatically included in the ROC ANALYSIS tool.

Impressive!

Conclusion

So that the results are really comparable, it would have been necessary to subdivide the file

in training set and test set, then launching the softwares on the same datasets.

ORANGE and WEKA use the same strategy. The dataset is subdivided into two files.

Because they use graph, their diagram can handle several data sources.

TANAGRA adopts another strategy. We must add a new column in the dataset; it defines
the role of each example. Then we replace the SAMPLING component with the SELECT
EXAMPLES component in the previous diagram, the other components of the diagram are

the same one.
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