Didacticiel - Etudes de cas R.R.

1 Topic
Induction of fuzzy rules using Knime.

This tutorial is the continuation of the one devoted to the induction of decision rules (Supervised
rule induction — Software comparison). | have not included Knime in the comparison because it

implements a method which is different compared with the other tools. Knime computes fuzzy
rules. It wants that the target variable is continuous. That seems rather mysterious in the supervised
learning context where the class attribute is usually discrete. | thought it was more appropriate to
detail the implementation of the method in a tutorial that is exclusively devoted to the Knime rule
learner (version 2.1.1). Especially, it is important to detail the reason of the data preparation and the
reading of the results. To have a reference, we compare the results with those provided by the rule
induction tool proposed by Tanagra.

Scientific papers about the method are available on line™”.

2 Dataset

We use a version of the IRIS dataset with only two descriptors® (PET_LENGTH, PET_WIDTH). The
interest is that we can represent graphically the data and the rules characteristics.
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Figure 1 - Iris dataset - Positioning of the groups into a scatter plot (pet.length; pet.width)

*M.R. Berthold, « Mixed fuzzy rule formation », International Journal of Approximate Reasonning, 32, pp. 67-84, 2003.
http://www.inf.uni-konstanz.de/bioml2/publications/Papers2003/Berto3 mixedFR ijar.pdf

*T.R. Gabriel, M.R. Berthold, « Influence of fuzzy norms and other heuristics on mixed fuzzy rule formation », International
Journal of Approximate Reasoning, 35, pp.195-202, 2004.
http://www.inf.uni-konstanz.de/bioml2/publications/Papers2004/GaBeos mixedFRappendix_ijar.pdf

3 http://eric.univ-lyon2.fr/~ricco/tanagra/fichiers/iris2D.txt
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3 Induction of fuzzy rules using Knime

Roughly speaking, we say that the fuzzy rules incorporate a gradation in the definition of group
membership regions in the representation space.

Let us consider the "crisp" decision rule:
If(Xzo0.3)and (X<o0.5) ThenY =+

The (one-dimensional) region membership can be defined as follows

Crisp membership function for predictive rule
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For an instance w, if X (w) 0 [0.3; 0.5[, the membership degree is f(&) =1; if its value is outside of

this interval, the membership degree is null [ x(a) = 01.

Without going into complicated discussions, it is clear that the thresholds "0.3" and "0.5" seem a bit
arbitrary. They are going with some uncertainty because they have estimated using a sample. It is
more convenient to include a certain gradation in the definition of the regions. For instance, instead
a rectangle, we can use a trapezoid with the following coordinates <o0.1, 0.4, 0.6, 0.85>

Fuzzy membership for predictive rule
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Thus:

* Foranindividual with X = 0.5, it fully activates the rule with p = 1. The conclusion is “Y = +".
e Foranotherinstance with X = o, it is not covered by the rule i = 0. The conclusion is Y = -".
e For another instance X = 0.2, it partially activates the rule with i = 0.3. This reduces the

scope of the conclusion.

This gradation is certainly more interesting for the comprehension of the decision. It is less arbitrary.
But it is not without problems: (1) the integration of the decision rule into an information system for
the deployment is not very easy, the rule cannot be translated directly in a SQL query; (2) many rules
can be activated during the classification on an unseen instance, they have not the same weight,
sometimes with a contradictory decision, we must implement a strategy for the management of

incompatibilities.

Some authors think that fuzzy rules learners outperforms crisp decision rule learners because it

reduces the variance of the classifiers.
3.1 Creating a workflow and importing the dataset

We create a new project under Knime by clicking on the FILE /| NEW menu. We set « Fuzzy Rule
Induction - IRIS dataset » as project name.

i)

Mew

File | Edit View Search

Select a wizard —

This widgd creates a new KNIME workflow project.

Wizards:

type filter text

) i New KNIME Project
Print & New Workflow Group

5% Import KNIME worldlow.,
5 Export KNIME workflow..,

I+ = General
: (= KNIME

Switch Workspace

Preferences

=

Export Preferences...

= Import Preferences...

=AAE X
Update KNIME...

New KNIME Workflow Wizard

Exit e Bach [ hets ] Create a new KNIME workflow.

-

¥ Statistics L \

i Mining Name of the workflow to create: Fuzzy Rule Induction - Iris dataset

B® Meta
= Misc /
T,

P\ﬂ Time Series

El Console 52 |
|KNIME Console

O T T

|Log file is loc|

7l

Feature selection - Naive bayes

We obtain a new Workflow Projects.

22 avril 2010 Page 3 sur 1y



Didacticiel - Etudes de cas

R.R.

To import the IRIS2D.TXT data file, we use the FILE READER component. We select the data file
(CONFIGURE menu): the first row corresponds to the name of the variables; the column delimiter is

the “tab” character.

KNIME =R
File Edit View Mode Search Run Help
BR8P civ i gy YUl Y| BAwF-DO0BO0 &
e ] = 5| " o = = 5
A Workflow Projects 71 & "2 Fuzsy RuleInduction - I datase 17 | =
(&) Feature selection - Naive bayes B}
§ Fuzzy Rule Induction - Iris dataset =
[&] Test on RIS i Vi Configure sssess— |
@) Execute
Node 1 - = =
= : = O3} Execute and of] A Dialog - 2:1 - File Reader \ =,
A Node Repository| ~ | :
1 ) Cancel File
- | fE ¥ :r - v
s SRR B Reset BT
< =
=y = MNodename an Enter ASCII data file location: (press 'Enter’ to update preview)
b Read
L3 i Beoder i o vabdURL et st_cev_rocompertonjrleinfuctonfazyfrisod et
B3 ARFF Reader B Comy b i e it
=) - |
3 Table Reader o Basic Settings
g Paste
euii. PMML Reader £ el | || [7]read row 10s Column delimiter: |<tsb> = Advanced. ..
< Undo
#% Model Reader —
; ) [#] read column headers ] ignore spaces and tabs
4B Write = Redo 7
= Artificial Data | E! Console Doleta [ Java-style comments Single line comment: 1
= Cache KNIME Consol
| Datzbase —||Log file @, 0File Table )
L= ; WARH FiTE REZdET | el
= Data Manipulation Qlick column header to change column properties (* = name type user settings)
-, Data Views
X Statistics < |4 i Row ID D petlen...| D pet width| § genre
= RowD 1.4 0.2 setosa s
| Rowl 14 0.2 setosa -
= W oz 13 0.2 setosa
Row3 15 0.2 setoss >
I CK I [ Apply ] | Cancel

We click on the EXECUTE menu to perform the importation. We can visualize the dataset using
INTERACTIVE TABLE component. We click on the EXECUTE and OPEN VIEW contextual menu.

KNIME P 5c )
File Edit View MNode Search Run Help
FHrER A il e Gy P ew ~BWE=DO086 06 &
& Workflow Projects| 7 2 Fumy Rulelnduction - s dataset 11 =
T S
- B Interactive Table
(& Feature selection - Naive bayes
A Fuzzy Rule Induction - Iris dataset File Read
|&] Test onIRIS =
Node 2
A Mode Repositor}ré =8| E LE Configure
I I N - @ Execute
B! Data Manipulation 53 @ Evecuteand open view s
., Data Views  Cancel
1= Property Reset
% ok Prqt = MNode name and description
ﬁ Cfmdltlonal Box Plot i il /
H'Il H.Lstogram ] . . Table View - 2:2 - Interactive Table
[ﬂ_& Histogram (interactive)
R Interactive Table — — | File Hilite MNavigation View Output
B Lift Chart =||| & Console & [0y 1p D pet_len...| D pet_width
A/ Line Plot KNIME Consols |l Rowo L4 02
% Parallel Coordinates _lf|Log £ile 3 Rowl L4 0.2
a Pie chart \WARN b3 Row2 8 0.2
W Pie chart (interactive) | Rows Lh .2
e} ; [ Rowd L4 0.2
S& Scatter Matrix || 4] T
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3.2

Graphical representation of the dataset

We want to make a scatter plot of the dataset by distinguishing the group memberships (Figure 1).
We add the COLOR MANAGER component. We set the parameters as follows in order to colorize
the points according to the target attribute GENRE.

File Edit View MNode Search Run Help
-EHB A G-Ec % Q- Yi e - Bw@A-00000 8
24 Workflow Projects | = O || . *2: Fuzzy Rule Induction - Iris dataset 57| = |
| B |
= | 2 = Interactive Table
[&] Feature selection - Naive bayes
; Fuzzy Rule Induction - Iris dataset File Read:
[ &) Test onIRIS =
Mode 2
- = . " . W
!A Mode REpDSi.tDI’_‘,."; =08 E A |m
; = | Configure | I
L _— 3 Execute \
A ‘Dlata Views #* [ﬁ] [  Eyed < Dislog-2:3 - Color Manager \ =] i
> Praperty Node 3 — [ —
a Color Manager j Can N -
'“D Size Manager Resd Color Settings lMemnw Palicy |
Select one Column
%4 Shape Manager L = Nod| |5 eme -
.. Color Appender
.8, Size Appender 3 of  Cut l;::;f ki |
Ba Shape Appender = — = 2 Cop|| | Mveson Preview
8 BoxPlot Bl Console 2 | W o I
BB Conditional Box Plot —!| | KNIME Console = Fastl| ['swotdres | e [ s Aha
@ Histogram || WARN File Readez v’ Und
|l Histogram (interactive) || WARN Color Manac Redi
E Interactive Table ® S R
. : 5]
& Lift Chart || m_
42
h z |
[ oc  |[ sy |[ Cancel

We add the SCATTER PLOT component (Data Views). We connect the COLOR MANAGER, then we
click on the EXECUTE and OPEN VIEW menu. We can specify interactively the attributes on the

horizontal and the vertical axes.

Node 2

wa Scatter Plot - 2:4 - Scatter Plot

File Hilite Show/Hide

257
217
1.6
117 .
0.67
0.1
L S E E E S E N
15 25 as as 55 85
10 20 30 40 50 80 BE
< | . i - 3
Default Settings | Column Selection | Appearance |
% Column: ¥ Column:
D petlength » | D pet_width =
v abivibuite al= za
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3.3 Transforming the target attribute for the induction process

In the supervised learning context, the target attribute is discrete. Yet, Knime asks one or more
continuous variables. In reality, the target columns correspond to the degree of membership to each
value of the original target attribute here.

The GENRE attribute consists of 3 values (setosa, versicolor and virginica), we must define 3 new
binary columns o/1. We use the ONE2MANY component (Data Manipulation / Column / Transform).
We set the following parameters.

Interactive Table

Scatter Plot

MNode 4
File Reader P ——
Y WOneQMany \ = B
Lle
/ Columns to transform | Memory Policy
[ ﬂ Z e Select - Indude =
nn(sh: Search I Column(s): Seard

Node 5 Select all search hits N [ Select all search hits
add all => ry—
<< remove

<< remove all

| QK ] | Apply j | Cancel |

Again, we use the INTERACTIVE TABLE component (Data Views) to visualize the dataset.

Interactive Table

One2Many

=
s R Node6
- Table View - 0:6 - Interactive Table * E@I&J
File Hilite Mavigation View Output
Row ID D pet_len...| D pet_width| § genre | setosa | wversicolor | | virginica
Row0 1.4 0.2 setosa 1 0 0 -
Row1l 1.4 0.2 setosa i ] ] =
Row2 1.3 0.2 setosa 1 0 0
Row3 1.5 0.2 setosa 1 0 0
Row4 1.4 0.2 setosa 1 0 0
Row35 1.7 0.4 setosa 1 0 0
Rowd 1.4 0.3 setosa 1 0 0
Row7 1.5 0.2 setosa 1 0 0 -
_ —
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3.4 Partitioning the dataset into train and test samples

We use a test sample in order to assess the “true” performance of the classifier. Thus, first we must
subdivide the dataset using the PARTITIONNING component (DATA MANIPULATION / ROW /
TRANSFORM,). We use the half (50%) for the training phase. We set USE RANDOM SEED = 100 to
obtain the same results at each launching of the workflow.

Interactive Table

A Dialog - ZF - Partitioning = | B [

File

Choose size of first partition

"1 Absolute

@ Relative[%] 50 y

(") Take from top

Node7 ) Linear sampling

i@ Draw randomly

(71 stratified sampling S oenre
[¥] Use random seed 100 y
oK I I Apply | | Cancel

3.5 Induction of fuzzy rules

Now, we must specify the attribute to use during the analysis. The GENRE column is not useful here.
We use COLUMN FILTER (Data Manipulation / Column / Filter / Column Filter).

Interactive Table

A Dialog - 0:7 - Column Filter [ ) ]
File
Column Filter iﬁemrﬁaﬁ |
 Exclude Select - Tndude
Column(e): Search [—rrm— Column(s): Search
] Select ol search hits ] Select all search hits
B, cove [ addal>> D pet length
D pet_wicth
[ <<remove | setosa
— I versico for
| I virginica
4| \\ D Column Fitter ? [ ssremoveal
— pt
™, il
> 4t
Node 5 SplE I [
BT
R © Enforce exclusion ) Enforce inlusion
ode
Mode 7
ok || Ay ][ conce

Then, we add FUZZY RULE LEARNER (Mining / Rule Induction / Fuzzy Rules). We connect only the
train set for the learning phase. We click on the CONFIGURE contextual menu. The most important
here is to set appropriately the TARGET settings. We set the binary columns coming from the target
attribute GENRE i.e. setosa, versicolor, virginica.
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Interactive Table . Dislog - 0:8 - Fuzzy Rule Leamer =8
File
Scatter Plot :
\ Options | Targst ns |‘Fum Memery Polcy| \
Target columns
Exdude ——— Select Indude
Noded Cohumn(): | Cormne): |
File Reader 7] Select ol search fits 7] Select all search fits !
Interactive Table R — addall »» T oeioe
MNode 3 D pet_vidth | versicolar
One2Many Column Filter | Fuzzy Rule Learner <5 remove b vrgtica
ik o
] Node6 G [ "
: i
Q=D | CZ=0)] I
MNode 5 = MNode 8 Node 9
=22
=
Node7
o [ apply |[ Concel

The other columns are the descriptors. We validate and we click on EXECUTE and OPEN VIEW.

w4 Leamner Statistics - 0:9 - Fuzzy Rule Learner ﬂlﬁ

s

Learner Statistics

@ Number of epochs: 4
# Number of classes: 3
- Number of rules learned per class: (in total 9)

& sefosa 1
l & versicolor: 3 u

& virginica: 3

" # Number of training instances per class: (in total 75)
& setosa: 27 I
& versicolor: 24
& virginica: 24

We use INTERACTIVE TABLE to visualize the

Interactive Table

Scatter Plot

The target attribute contains 3 values (number of
classes); the learning algorithm supplies g rules, 1 for
the “setosa” class value, 3 for “versicolor” and 5 for
“virginica”; last, we have the number of instances for
each class value.

rules.

File Reader Interactive Table
Interactive Table
Node 3
One2Many Column Filter  Fuzzy Rule 1[.:.7/ Nodel0 e
% ] Ak 1 g {1 Mode10
P"""“'":/H}
Node 5 = MNode8 Node 9
i,
MNode7
r +
2 Table View - 0:10 - Interactive Table LI_M:' E]
File Hilite Mavigation View Output
Row ID [~] pet_length [~] pet_width S Class | Weight D Spread | Features | D Variance
Rule_1 <1.1,1.1,1.7,3.3> <0.1,0.1,0.6,0.6> setosa 27 0.021 1 0.042
Rule_2 <3.3,3.3,4.9,5.0> <0.6,1.0,1.5,1.7> versicolor 22 0.056 2 0,263
Rule_5 <4,5,4.8,4.8,4.9> <1.5,1.8,1.8,1.9> versicolor 1 ] 2 0
Rule_8 <5.1,5.1,5.1,5.8> <1.5,1.6,1.5,1.7> versicolor 1 ] 2 0
Rule_3 <5.1,5.1,6.7,0.7> <1.8,1.9,2.5,25> virginica 15 0.068 1 0,294
Rule_4 24.5,5.0,5.0,50>  |<0.2,1.5,1.5,1.6>  |virgnica 1 i 2 0
| Rul=_6 <4,5,4,5,4.54.5>  |<16,1.7,1.7,1.8>  |virginica 1 0 1 ]
Rule_7 £5.1,5.5,5.8,5.8>  |<0.2,1.4,1.8,1.8>  |virginica 5 0.008 2 0.084
Rule_9 <4.8,4.9,4.9,49> |<16,18,1.8,1.8>  |virginica 2 0 2 0
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Note 1: FUZZY RULE LEARNER can handle only continuous descriptors. We must transform the
discrete attributes, using ONE2MANY component for instance, if we want to use them.

Note 2: The algorithm supplies curiously g rules. We see graphically that 3 rules are sufficient. | think
we must set carefully the settings of the algorithm before the launching of the learner.

Note 3: The reading of the rules becomes tedious when the number of descriptors increases. We
must interpret 4 values for each attribute.

3.6 Interpreting the rules

We study the rule n°2 here: the decision is “versicolor”, its weight is 22 i.e. 22 instances are covered
by the rule; other indicators are supplied. For each variable, we have the 4 coordinates of the
trapezoid describing for the membership function. For PET_LENGTH, we have <3.3, 3.3, 4.9, 5.0>

Fuzzy membership for predictive rule
1.2 1

0.8 A

0.6 q

0.4

Membership function

0.2 4

PET_LENGTH

For PET_WIDTH: <0.6, 1.0, 1.5, 1.7>

Fuzzy membership for predictive rule

o o o =
~ o =) [’ N
. . )

Membership function

o
N

o
I

PET_WIDTH

3.7 Representation of the rule in a scatter plot

In a two dimensional diagram, we can represent the rule membership as follows.
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Fuzzy membership area - Rule n°2
3
25 4 i
i
A Y
A & -
2 A& P A&
| A: IS ‘
"E .A. Ak & A A
[a] . .
= 15
&
b
1
0.5 -
0 o .
0 1 2 3 4 5 6 7 8
PET_LENGTH

The inner rectangle (dark blue) designates an area of strong membership; the outer rectangle (blue)
denotes the limit of not belonging (outside this area, the degree of membership of an individual to
the rule is zero); from the inner rectangle to the outer rectangle, there is a gradation of membership.
We note that when we consider all the rules of a classifier, some of them are overlapped. That
makes the classification of a new individual complicated.

3.8 Generalization error rate — Confusion matrix

We want to evaluate the generalization capabilities of our classifier. For this, we use the FUZZY
RULE PREDICTOR component (Mining / Rule Induction / Fuzzy Rules).

Interactive Table

Interactive Table

Interactive Table

Mode 3

Mode 1 One2Many Column Filter Fuzzy Rule Learng Node 10
= Node 6 T8N N ﬁ.'.
Partitioni

iy Fuzzy Rule

Node 5 Node 8 Node 9 Predictor

o e
MNode 7
Modell

We filter the attributes coming from PARTITIONING. We use only the predictive variables and the
target variable "GENRE"” using COLUMN FILTER.
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Interactive Table

Node 10

L | ‘...

IR
Fuzzy Rule
Predictor
Node 8 Node @
Column Filter
Node 7
ik w 11
dik o
& A Dialog - 0:12 - Column Filter —— (=] E [
File
MNode 12 )
Column Filter i Memary PUE'
- Exclude Select ~ Indude y A
Column{s): Search EERE ‘ Column{s): arch
[ Select all search hits [ Select all search hi

| setosa % D pet_length

| wersicolor D pet_width

| wirginica & F e, ‘ S genre

<< remove all ‘
(@) Enforce exdusion (7 Enforce indusion
I 0K J I Apply | ‘ Cancel

Then we use FUZZY RULE PREDICTOR to perform the prediction on the test set.

Interactive Table

Interactive Table

Node 8

=
L= e

Column Filter
Mode 7
it Modell
&
Mode 12

SCORER (Mining / Scoring) enables to compute the confusion matrix. We compare the target
variable (GENRE) with the prediction of the classifier (WINNER).
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Interactive Table

Column Filter Fuzzy Rule Learner Node 10

e g‘.'-

Node 8 Node9

AR -
Column Filter ﬁ
it Node 11
d=12
1| . Dialog - 0:13 - Scorer | [ e
Nodel2 File

First Column

5 genre -

Second Column

5 Winner -

| oK ] | Apply | | Cancel
We click on EXECUTE and OPEN VIEW. The test error rate is 4%.

s Confusion Matrix - (:13 - Scorer e W=l :

File Hilite

genre \Wi.., setosa wersicolor virginica
|setosa 23 ] 0

wersicolor 1] 25

virginica [i] 2 249

Caorrect dassified: 72 Wrong classified: 3
Accuracy: 96 % Error: 4 %

4 Induction of « crisp » rules using Tanagra

We want to analyze the behavior of a "crisp" rule learner on the same dataset, especially about the
definition of the region membership. We use the RULE INDUCTION component of Tanagra. About
the comparison of the rule inducer in various tools (Weka, Orange, R), see "Supervised rule induction —

Software comparison”.

4.1 Creating a diagram and importing the data file

We launch Tanagra, we click on the FILE / NEW menu to create a new diagram. We select the data
file IRIS2D.TXT.
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[ ey
¥ TANAGRA 1435 ‘ =| =
File T Window Help
= Open.. [ 5ti Choose your dataset and start download
Diagram title
Defaulttitle
Data mining diagram file name
Bt |DiDataMining\Databases_for_mining\d |_for_soft_dev_and_co\opa Il
| Dataset (*.td." arff." xis)
[ing\dataset_for_soft_dev_and_comparisomirule_induction\fuzzyiiris2d ft 21
I N
OK [ B Tanagra \ It
Regarderdans: || fuzzy - &% Er
= Nom Date de...  Type Taille
chep | iris2dd
Emplacements
récents
Bureau
L Ce
Data visualization | Statistics | Monparametric s ‘W
i
| Feature selection Regression Factorial ana Maison
Spv learning Meta-spv learning Spv learning asse
1A
| @-Correlation scatterplot EScatterplot with label Ordinateur
Export dataset View dataset
5 ey ; Nom du fichier iris2d bt - Ouvir
Ig.Scatterplot % View multiple scatterplot K
- Taesdafichics Text fie »] [ Awer |

The dataset is loaded, we have 3 variables and 150 instances.

W Dataset (jris2d.td)

= E ]

Dataset description

3 attribute(s)
150 example(s)

Attribute Catepory Informations
pet_length Continue
pet_width Continue

i

genre Discrete 3 values

m

Note: The decimal separator is .” in the IRIS2D.TXT data file. If your computer does not handle
this kind of decimal separator, you must modify the file using a text editor.

4.2

Partitioning the dataset

We use the SAMPLING (Instance Selection tab) component to create the train and test samples. We

set the following parameters (50% for the train sample).
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B TANAGRA 1435 =B
File Diagram Component Window Help
Dw @5 -
e = ‘ i 'Sampllng parameter _—
‘_ Diefault fitle
- EF Dataset (iris2d. txt)
- Parameters | Seed
. 7 state
Parameters... Sample size definition
— _ v
bicute > @ proportion size 50 |ZJ %
View
_ absolute size 200
[ ok | cancet || Hew |
‘ - |
\ = :1_1
Components:
Data visualization Statistics Monparametric statistics Instance selection Feature construction
Feature selection | Regression | Factorial analysis | PLS | Clustering
Spv learning Meta-spy learning Spv learning assessment Scoring Association
f Continuous select examples ,{Rule-hased seLecy n
& Discrete select examples # Sampling
§&Recwer examples f Stratified sampling

We validate and we click on the VIEW menu: 75 instances are incorporated into the train sample.
4.3 Discretization of continuous attributes

The RULE INDUCTION component can handle discrete descriptors only. We must discretize
(subdividing into intervals) PET_LENGTH and PET_WIDTH before the learning process. We use a
supervised approach.

We insert the DEFINE STATUS component into the diagram. We set PET_LENGTH and PET_WIDTH
as INPUT, GENRE as target.

Define attribute statuses

¥ TANAGRA 1.4.35 - [Sampling 1] e— L[5 el |

E File ra Component  Window = ||| )c
B (B Atibutes : Target | [Snput | ilustrative

= = C pet_length

| /V Diefault fitle c pel_eng aene

:"f Sampling 1

L %% Define status 1 |
$ Define attribute statuses
Parameters

|
Attributes - K
Targat Input istrative
— 1™} net widih pet_width
D genre

C pet_width -
B Dataset (iris2d. oxt) CE S —— ‘

Data visualization Statistics
Feature construction : Feature selection
PLS | Clustering
Spv learning assessment Scoring

| f Continuous select examples h‘t.\Recover example E E) % [ il eakakal ]

& Discrete select examples & Rule-based selec

[ ok ][ cancel ][ Hew ]

Then we add MDLPC (Feature Construction), a component for a supervised discretization process.
We click on the VIEW menu to obtain the cut points. Two new variables are generated.
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¥ TANAGRA 1435 - [MDLPC 1] [E=TEE >
E File Diagram Component Window Help [T
Dow B 5
I Defaul it ||[ Data description -

=[] Dataset (iris2d. txt) . .
Bf Sampling 1 Attributes discretized 2
=%y Define status 1 Somgles i
""" i Generated attributes
Parameters...
Eiiscita Source Hew att Intervals Cut points r
Vi - pet_length d_mdlpc_pet_length_1 3 (2.3500 ; 4.8500 ) =
pet_width d_mdipc_pet_width_1 3 (0.7500; 1.7500)
Computation time : 15 ms.
Created at 21/01/2010 0B:52:36 =
\ Components
Data visualization Statistics | Monparametric statistics | Instance selec tion |
Feature construction Feature selection | Regression | Factorial analysis |
PLS | lustering | Spv learning | Meta-spv learning |
Spv learning assessment | Scon | Association |
|+l 0_1_Binarize dl, Cont to disc L), EqWidth Disc i MDLPC <4 Residual Scores %5 Standardize
J},Binary binning JlEqFreq Disc ﬁl—'ormula @ REF ﬂRnd Proj M.Trend

The cut points are (2.35; 4.85) for PET_LENGTH; (0.75; 1.75) for PET_WIDTH.

Note: It is very important to partitioning the dataset before the discretization process. Indeed, it is
already a part of the learning process, the cut points must be determined using the training sample.

4.4 Induction of rules

We can launch the rule induction process. We add again the DEFINE STATUS component. We set as

INPUT the discretized variables; GENRE is always the target attribute.

Define attribute statuses

E TANAGRA 1.4.35 - [MDLPC 1] [N

==)

[EE1EY

E File Dy Component  Window H Parameters
0w | %
i - Attributes : :
|| Deakte ies =
= Qftaset (iris2d. &xt) g Petlents genre
C-4# Sampling 1 (]
-4 Define status 1 D d_mdlpc_pet_length_1
: D d_mdlpc_pet_width_1

%% Define status 2 Define attribute statuses [ p—

—~p

|| D genre
|_:_I;l__ d_mdipc_pet_length_1
B8] d mdipc pet width 1
= -+ |
Statistics -

Feature selection

Data visualization

|
PLS | Clustering
Spv learning assessment | Scoring

|+l 0_1_Binarize l, Cont to disc Y, Eqwidth)

Parameters
Attributes :
thutes | Target Input lllustrative
C pet length d_mdlpc_pet_length_1
C pet_width d_mdlpc_pet_width_1

&Bﬁnaw binning =*lEqFreq Disc lgﬁrmula E | E: % | Clear all Clear selected

I
[ Feature construction
|

o[ caree |

Help ] [
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We add the RULE INDUCTION component (Spv Learning). We click on the VIEW menu.
[ 4 TANAGRA 1.4.35 - [Supenvised Learning 1 (Rule Induction)] - - [E=REEESEh
E File ] .Di.ag.ram Component Window Help -_ L5 !!_.

=@l

Diefault title

Target attribute genre (3 values)

|| = [ Dataset firis2d. txt)

f Sampling 1

- %4 Define status 1
MDLPC 1

- ¥ Define status 2

,_Tl pervised i

# descriptors 2

Number of rules = 2

Knowledge-based system

Parameters... Antecedent Consequent Distribution i
Supervised parameters.., IF d_mdlpc_pet_length_1in [m_=<_2.34999990] genrs in [setosa] (21; 0; 0) =
IF d_mdlpc_pet_width_1 in [m_>=_1.75000000] genre in [virginica] (0; 0; 22) |
Execute
| (DEFAULT RULE) genre in [versicolor] (0; 29; 3)
View : =
4 | [ | L4
Components
Data visualization Statistics | Monparametric statistics | Instance selection Feature construction
Feature selection Factorial analysis PLS Clustering
] Spv learning Spv learning assessment | Scoring Association

3:*' Multilayer perceptron &% PLS-DA
“‘?Multinomial Logistic Regression IEPLS-LDA

[y Naive bayes

4

B}Radial basis function
&,Rnd Tree
]:_._Prototype-NN 'E Rule Induction

[ svm

[ | »

We obtain 3 rules. The last one is the “default rule”. Here also, the rules define various regions in the

representation space. But, the frontiers are “crisp”. A new instance is assigned to one and only one

region.
Areas - "Crisp" Rule Induction
3.00
A
A AA A
A A
2.00
T A A AA A
= A |
Q ==
2 150 AL
w n o -
o " AN
| | |
1.00 EEE
0.50 - nall / D
. VerSICOI0!
000
* 90000
* o
0.00
0.00 1.00 2.00 3.00 4.00 5.00 6.00 7.00 8.00
PET_LENGTH

4.5 Assessment on the test set

To assess the accuracy of the classifier, we insert a new DEFINE STATUS into the diagram. We set
GENRE as target, PRED_SPV_INSTANCE_1, the prediction column generated by the classifier, as

input.
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¥ TANAGRA 14,35 - [Supervised Learning 1 (Rule Induction)] i B [
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Do @ %) o]
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=¥ Define status 1 Ig width
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| |

Then we add the TEST component (Spv Learning Assessment). It computes automatically the
confusion matrix and some indicators on the test set. We click on the VIEW menu. Like for the fuzzy
rules, the test error rate is 4%.

i TANAGRA 1.4.35 - [Test 1]
‘E File Diagram Component Window Help

‘ Dow B 5
Defalt e [l =
| & Dstasst iris2d.tx) |
¢ Sampling 1 e
-4 Define status 1 [ Errorrate I 0.0400 |
£l MDLPC 1 Values prediction Confusion matrix

=¥y Define status 2

] Supenised Learning 1 (Rus induction) ||| INNREN N R - |,
s

-4 Define status 3 s Ll | setosa i3 o o :
LHET versicolor 0.9524  0.0809 |versicolor| 20 1 2
Parameters... YppRe | 0. 0:00 S m g ¢ 2 2
 sum 29 2 24 27—
Execute
View — - =
\ Components
Data visualiza' | Statistics | Nonparametric statistics | Instance selection | Feature construction ‘
Feature selection Regression | Factorial analysis | PLS | Clustering ‘
Spv learning | Meta-spy le: | Spv learning assessment | Scoring | Association \
BrlBiasvariance decomposition -5 Hosmer Lemeshaw Test el Test
E?iBUUbtrap IHE Leave-One-Out H?HTrain-test
E?ECroswalidah‘on = Logistic Regression Residuals

Actually, the error rate is not essential in this tutorial. We know that the IRIS problem is easy to
learn. The challenge was to understand and to visualize the decision regions according to the rules.

5 Conclusion

The scientific interest of the predictive fuzzy rule induction is undeniable. However, it is little known
outside a small circle of researchers. Mainly because it is not available into the popular tools, it
restricts the diffusion of technology. Knime is one of the main tools which implement this approach.
It seemed interesting to put forward the component to a specific tutorial.
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