Didacticiel - Etudes de cas R.R.

1 Subject

Association Rules mining with Tanagra, R (arules package), Orange, RapidMiner, Knime and
Weka.

This document extends a previous tutorial dedicated to the comparison of various implementations
of association rules mining®. We had analyzed Tanagra, Orange and Weka. We extend here the

comparison to R, RapidMiner and Knime.

We handle an attribute-value dataset. It is not the usual data format for the association rule mining
where the "native" format is rather the transactional database. We see in this tutorial than some of
tools can automatically recode the data. Others require an explicit transformation. Thus, we must
find the right components and the correct sequence of treatments to produce the transactional data

format. The process is not always easy according to the software.

2 Dataset and tools

We use the CREDIT-GERMAN.TXT? dataset. The characteristics of 1000 customers of a finance
company are described. It comes from the UCI server®. The continuous attributes are discretized.

We show below a sample of the dataset.

B credit-german.xls

A B 5 D E [F G H =
1 |checking_status disc_duration credit_history purpose disc_amount sawvings_status employment personal_status =
2 =0 lo_1_year critical/other existing | radio/tv 1000_2000 no known savings | >=7 male single
3 0==X<200 up_2_years  existing paid radio/tw up_2000 =100 l==X=4 female div/dep/mar
| 4 |no checking lo_1_year Icriticala’other existin§ .Ieducation up_2000 =100 4==x=7 male single
5 <0 up_2_vears  existing paid furniturefequipment up_2000 =100 de=X<T male single
b =0 1_2 years delayed previously new car up_2000 =100 le=X=d4 male single
7 nochecking up_2_years  existing paid education up_2000 no known savings | l==X<4 male single
8 nochecking 1 2 years existing paid furniture/equipment up_2000 500<=X<1000 >=7 male single
9 | 0==X<200 up_2 years  existing paid used car up_2000 =100 le=X<4 male single
10 |no checking lo_1_year existing paid radioftv up_2000 ==1000 4o=¥X<T male div/sep
11 |De=x<200 up_2_years  critical/fother existing | new car up_2000 =100 unemployed male mar/wid
12 | 0==X<200 lo_1_year existing paid new car 1000_2000 (<100 =1 fernale div/dep/mar
13 | =0 up_2_years  existing paid business up_2000 <100 <1 female div/dep/mar
14 | 0==X=200 lo_1_year existing paid radio/tv 1000_2000 =100 l==X=4 fernale div/dep/mar
15 | <0 1 2 years critical/other existing |new car 1000_2000 <100 ==7 male single
16 | <0 1 2 years existing paid new car 1000_2000 <100 la=X<d female div/idep/mar
17 | =0 1_2 years existing paid radio/tv 1000_2000 |100<=X<500 l==X=4 fernale div/dep/mar
18 |no checking 1_2 years critical/other existing  radio/fte up_2000 no known savings | ==7 male single
18 | =0 up_2_years  no credits/all paid business up_2000 no known savings <1 male single
20 0==x=200 1_2 years exizting paid used car up_2000 <100 =7 fermale div/dep/mar
21 |no checking 1_2 years existing paid radioftv up_2000 S500<=X<1000 ==7 male single
22 no checking lo_1_year critical/other existing |new car up_2000 =100 le=X<d male single
23 <0 lo_1_year existing paid radio/ftw up_2000 S500<=X<1000 la=X=d4 male single -
4 4 » w] credit-german / |«| | |l

All the tools analyzed in this tutorial can handle parameters on the confidence (0.75) and support

(0.25). We can set also the maximum number of items in a rule (10). The tools studied in this tutorial

* http://eric.univ-lyon2.fr/~ricco/tanagra/fichiers/credit-german.zip

® http://archive.ics.uci.edu/ml/datasets/Statlog+(German+Credit+Data)
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are: Tanagra 1.4.28, R 2.7.2 (arules package 0.6-6), Orange 1.0b2, RapidMiner Community Edition,

Knime 1.3.5 and Weka 3.5.6. These programs load the data and perform the calculations in memory.

When the size of the database increases, the real bottleneck is the memory available on our

personal computer.

3 Tanagra (A Priori component)

Data importation and diagram initialization. After launching Tanagra, we activate the FILE / NEW

menu. We select the CREDIT-GERMAN.TXT data file.

(I TANAGRA 1.4.28

File ey Choose your dataset and start download
——— —_—— = -
. . ~
= Diagram title : S
Opern... .
2 |Defau|ttltle S |
S
Data mining diagram file name : ~
|D:Termp\Exe\detault tdm S H
N
~
Exit Dataset ("bd ™ arff. "ds) 4
Tanagra
Regarder dane : | | association_nle \ V‘ - 7 'l El-
\
Y = -german, bk
i @ voke.bxt
Mes documents
écents
(€
Bureau
| Data vizualization Statistics Monparametri ,/
Feature selection Regression Factoral 4 wes documents
Spv learning Meta-spy learning Spw learning .
%Correlation scatterplot EScatterplot with label g t:ff? |
= e 'oste de travai
Expor‘t dataset ‘u"iew datazet ,
E;’,Scatterplot E,_Z,‘ufiew multiple scatterplot “% Mom du fichier : |cledit-german.lxt V| [ Ouvrie I
Favoris réseau  Fichiers de type: |Text file: vl [ Annuler ]

The dataset contains 19 variables and 1000 instances.

Specifying the status of the variables. In order to specify the status of each descriptor in the
analysis, we use the DEFINE STATUS component. We set all the variables as INPUT.
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{ TANAGRA 1.4.28 - [Dataset (credit-german. txt)]
E File Diagr.
=

LEX

Window  Help - ax

Cormponenk

Crefault title

Dataset [credit-german.txt)

-~
Define attribute statuses german. bt =

FPararneters

Atributes : Target Input | lllustrative
checking_status L)
dizc_duration

credit_hiztony

purpase

dizc_amount

savings_statuz

emplayment

perzonal_status

other_paties W
property_magnitude

age

other_pavment_plans

| Data wvisualization Statistics -
x| housging v
Feature zelection Regrezzion = =
Spw learming Meta-cpy learning E: | E:. | %5; | Clear zelection
@'Correlation scatterplot EScatterplot with
Export dataset ‘ufiew dataset [ Ok ” Cancel “ Help ]

&‘Scatterplot E,_;View multiple o =

Extraction of association rules. We can insert the A PRIORI component now (ASSOCIATION tab).
We activate the PARAMETERS menu in order to specify the parameters of the analysis.

{ TANAGRA 1.4.28 - [Dataset (credit-german. txt)]
E File Diagram Component ‘Window Help k.

H <

Crefault title

= Dataset [credit-german.txt)
=-#% Define status 1

g wmmm [ ]
xecute -

II Wigw \

! Support :

|
\ Caonfidence : 0.75

\ blax card iternzets . |10 IZ
\ .
\ Lift: g v
N
\
Data \n'sualizatiOQ Statistics Monpa construction
Feature zelectia Regrezzion Fa ustering
™\ [ Q. ” Cancel “ Help
Spw learming 1 Meta-cpy learning Spw le ociation

2
il dszoc Quthier

HSpv dssac Rule
= Spy dszoc Tree

b prion - =
B prion MR
A pHad PT

The LIFT criterion is set to O, thus it does not influence the extraction process. Our results will be

directly comparable to the results of other tools which do not handle this parameter.
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We click on VIEW menu.

TANAGRA 1.4.28 - [A priori 1]

- 8 X

Data wisualization Statistics

Feature zelectian Regressian

Spv learming

Fa prion JitAszoc Outlier
B & prior MR :B Spv dssoc Rule
Hed pHon PT = Spy dssoc Tree

Meta-spy learning

Monparametric statistics
Factorial analysis PLS

Spv learning assessment

Instance selection

Scoring

ﬁ File Diagram Component ‘Window Help
E =
Default title - A
Tranzactions 1000 \
= Datazet [credit-german. txt) |
" : Counting items
=t Define status 1 1
.. Al items 71 1
A priod 1
Filtered items 31 |
Counting ittemsets :
cardiitemset) =2 162 \
card{itemset) =3 345 ',
card(itemset] =4 334 1
card{itemsst) =5 140 :
card{itemset) =& 16 1
Rules |
Humber of rules 386 ,l Evy
Caompaohents

Feature construction

Clustering

Aszociation

Various indications are available: there are 71 items (attribute-value pair) into the dataset; 31 of

them have a support >= 0.25; we see the number of itemsets of same length i.e. 162 itemsets with

length = 2, etc.; thus, 2986 rules are extracted.

The rules are enumerated in the low part of the report. They are ranked according a decreasing

value of the LIFT criterion.

M®  Antecedent
"other_payment_plans=none" -

1 "exizting_credits=one" -
"own_telephone=none"

"credit_hiztory=existing paid"

"other_parties=none" -
3 "num_dependents=one" -
"credit_histary=existing paid"

"num_dependents=one" - "class=good" -

Humber of rules : 2984

Conzequent

"credit_history=existing paid"

"other_payment_plans=none" -
"exizting_credits=one"

“foreign_worker=yes" -
"other_payment_plans=none" -
"exizting_credits=one"

"other_payment_plans=none" -

4 "clazz=good" - "credit_hiztory =existing paid"

"own_telephone=none" -
"credit_hiztory=existing paid"

"existing_credits=one"

"other_payment_plans=none" -
"existing_credits=one"

L

/ L/ [/

Lift Support Confidence

1,551

1,545

1,534

1,534

1,527

0,263

0,253

0,319

0,289

0,263

0,822

0,305

0,769

0.501

0,797
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4 Tanagra (A Priori PT component)

There is a second component dedicated to the association rule extraction in Tanagra. This is an

external program “apriori.exe” of Christian BORGELT (http://www.borgelt.net/apriori.html). We

have already written a first tutorial where we show the functioning of this tool previously

(http://data-mining-tutorials.blogspot.com/2008/11/association-rule-learning-using-prefix.html).

BORGELT's program is really fast. But there is a slight limitation: only the rules with one item into

the consequent can be generated. Therefore, for the same parameters above we obtain fewer rules.

In the previous diagram into Tanagra, we insert the A PRIORI PT component (ASSOCIATION tab).

We set the parameters as follows.

" TANAGRA 1.4.28

File Diagram Component Window Help

EH %

D efault title - s
A priori 1

= Dataset [credit-german.txt) i . .
< ) Borgelt's Association Rule
= £F Define status 1
& priori 1 — -
E : o # > it _ F.'aramete’rs'i‘ - R [ft Support Confic
5 pror _ "asherpSymen ‘\{
"exizting_credi 1 0263
EisritE 'owin_telephong Support ; 0.25
View "num_depender
"credit_history Confidence : 0.75 fe 0253
Mathar narkiac hr
F< . ~ hax card itermzets ‘IDl IZ >
Rule baze : |output.ru| H
Data wisualizathon Statistics Monparamet ion
Feature zelection Regreszzion Factoral
Spw learning Meta-zpyr learning Spw learning
’ QK ” Cancel ” Help ]
Hi prior WiZhssoc Outlier
E:A prior MR Spw Azzoc Rule

Mo b prod PT = Spw hssoc Tree

We can click now on the VIEW menu.

' A prioriPT 1 ]=](E3

Execution log...

DiTemplExelexelaprior.exe - find agzociation rules with the apriori algorithm

version 4. 31 (2007 .03.12) {c) 1996-2007 Christian Borgelt

reading CADOCUME™TiMaizonLOCALS "1 TempidateDamp ... [F1 itemiz), 1000 tranzaction(z)] done [0.08s].

filtering, sorting and recoding items ... [31 itemi{z)] done [0.00g].

creating tfransaction tree ... done [0.00z].

checking subzetz of zize 1 234 56 done [0.013].

weriting DD atakdiningi\Databases_for_mininglcomparizon_TOW lassociation_ruleloutput.rul . [1928 rule(s)] done [0.03s].

Rules [#1928 association rules loaded)

MN* | Antecedent Conzequent Support | Confi.. | Lift &

714 own_telephones=none M existing_creditz=one  other_payment_plans=none credit_historp=exiziing_paid 263 822 15681 ~
1474 ewisting_creditz=one /A houging=own /M other_papment_planz=none / num_dependentz=one credit_historp=exiziing_pad 253 a0.3 1515 D
TP esigting_creditz=one A houging=own M other_payment_plans=none credit_history=exizting_paid 28.7 80.2 151.3

1482  esisting_creditz=one A housing=own M ather_payment_plans=none / foreign_waorker=yes credit_history=existing_paid 271 a7 1504

293 ewmisting_credits=one /4 other_payment_plans=none credit_historp=exiziing_pad 415 7315 1500
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In the upper part of the report, we can see the output of the BORGELT'’s program (version 4.31). In
the lower part, the rules are enumerated. We can rank the rules according various numeric indicators
by clicking on the column header. Because the component generates the rules with one item into

the consequent, we obtain “only” 1928 rules.

5 R (arules package)

The «arules » package (http://cran.univ-lyoni.fr/web/packages/arules/index.html) allows extracting

association rules with R (http://www.r-project.org/). This is also a version of the BORGELT's

program, with the same limitation. In comparison with Tanagra, we must explicitly prepare the
dataset before. The attribute-value representation must be transformed into a transactional data

format. The operation is easy... if we read carefully the documentation.

Loading the « arules » package. We use the library(.) command in order to load the package

#Hoharger le package
librarvyiarules)

Data file importation and transformation. We import the dataset with the read.table(.) command,

summary(.) gives some indications about the data characteristics.

#charger le fichier de donneées

setwd ("D:/Datalining/Databases for mining/comparison TOW/association rule'™)
german <— read.table (file="credit—-german.txt”, header=T,dec=" ", sep="4¢L"]
Surmar v [(germar)

We cannot extract rules from a data.frame, we must transform the internal format in "transactions".

#Etransformer les données attributs-variagkles
#en données transactionnelles

german.trans <- as (germahn, "transactions'™)
SUNIIAr ¥ [(gJerman. trans)

We have always 71 items. R gives indications about the density of the dataset. We obtain a large

number of rules if the density of the database is high.
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> SR Y (german. trans)

transactions as itemMatrix in sparse format with
1000 rows (elements/itemsets/transactions) and
71 columns (items) and a density of 0.2676056

most frecquent items:

foreign worker=yes other partiss=none

Q63 207
housing=ouwn [Other)
713 14758

element [(itemsSet/transaction) length distribution:
Sizes

19
1000
Hin. 1st Qu. Median Mean 3rd Qu. Max.
19 19 19 19 19 19

includes extended itcem information - exXamples:

lahels wvariahles lewels
1 checking status=<0 checking status <0
Z checking status=>=2Z00 checking status »=200

3 checking status=0<=X<200 checking status 0<=X<200

includes extended transaction information - examples:

transactionID
1 1
2 2
3 3

num dependents=one other paywent plans=none

545

Extraction of rules. The following instructions extract the association rules.

fextraction des régles

german.regles <- apriori(german.trans, parameter=

514

list (supp=0.25,conf=0.75,minlen=2,maxlen=10, target="rules") )

Sumnar Y (german. regles)

We obtain again the BORGELT's program output.

> fHextraction des régles

> german.regles <- apriorigerman.trans, parameter=
+ list (supp=0.25,conf=0.75, minlen=2 maxlen=10, target="rules") )

parameter specification:

confidence minval smwax arem aval originaliupport Ssupport mihlen maxlen target ext

.75 0.1 1 nonhe FALSE TRUE 0.25 2

algorithmic control:

filter tree heap wemopt load sort verhose

0.1 TRUE TRUE FALSXE TRUE 2 TEUE

apriori - find association rules with the apriori algorithm
wersion 4.21 (2004.05.09) [z) 1996-2004 Christian EBorgelt
get item appearances ...[0 item(=)] done [0.003].
get transactions ...[71 item(s), 1000 trahsaction(s)] done [0O.00=].
sorting and recoding items ... [31 item(s)] done [0.003].
creating transaction tree ... done [0.003].

checking subsets of sizse 1 2 3 4 5 6 done [0.013].

writing ... [1928 ruleis)] done [0.00=].
creating 34 object done [0.00s] .

Some characteristics of the generated rule base are also available.

10

rulez FALZE
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F SUmmary [(Jerman.regles)
zet of 1928 rules

rule length distribution (lhs + rhs):s3izes
2 3 4 5 3
112 487 783 476 70

Min. 1=t Qu. Median Mean 3rd om. Max.
Z.000 3.000 4,000 3.951 5.000 &.000

sumnary of gquality measures:

Support confidence lifc
Min. :0.2500 Min. 10,7500 Min. :0.5894
1zt ou.:0.2700 1=t ou, :0.5397 lst ou.:0.997:2
Median :0.29%90 Median :0.5906 Hedian :1.01:21
Mean t0.3294 Mean :0.5559 Hean t1.0437
3rd Qu.:0.3580 Frd Qu.:0.9485 Frd Qu.:1.0475
Max. :0.8800 Max. 10,9937 Hax. t1.5507

mining info:
data ntransactions support confidence
german. Lrans 1000 o.z5 a.75

Visualization of the rules. The inspect(.) command enables to visualize the details of rules. We

show only the first 10 rules here.

> #afficher le= 10 premiéres regles trouvees

> inspectigerman.regles[1:10])

lh= rhs support confidence lift
1 {checking status=0<=X<200} = {foreign_worker=yes} 0.264 0.951412¢ 1.0191201
2 {checking status=<0} = {foreign_worker=yes} 0.259 0.9452555 0.9815737
3 {purpose=radio/twv} =r» {nuw_dependents=one} 0.250 0.8928571 1.0566357
4  {purpose=radio/twv} =r» {foreign worker=yes} 0.275 0.9821429 1.01598754
5 {property magnitude=real estate} =r» {foreign worker=yes} 0.262 0.9290780 0.9647747
6 {credit history=critical/other existing } =»> {other_ payment_ plans=none} 0.251 0.8566553 1.0524021
7 {eredit_history=critical/other existing } => {other parties=none} 0.268 0.9146755 1.0054625
a {credit_history=criticalfother existing } = {foreign_worker=yes} 0.279 0.95221584 0.93838042
=] {class=had} = {nunLdependents=Dne} 0.254 0.8465667 1.0019724
lul{class=bad} = {0ther_parties=n0ne} 0.27z2 0.9066667 0.993956325

We can also rank the rules according to a rule quality indicator. We show here the first 5 rules

according to the LIFT criterion. We obtain the same rules as the A PRIORI PT component of Tanagra.

> Hafficher les 5 régles avec le lift le + &lewé
regles.triees <— sortigerman.regles, by="1ift™)
> dinspect (regles.triees[1:5])

1lhs= rhs support confidence lifr
1 {other payment_ plans=none,

existing credits=one,

own telephone=none} =» {credit_history=existing paid} 0.263 0.8218750 1.550705
2 {other payment_ plans=none,

housing=own,

existing credits=one,

num dependents=one} => {credit_history=existing paid} 0.253 0.8031746 1.515424
3 {other paywent plans=none,

housing=own,

existing credits=one} =r {credit_history=existing paid} 0,287 0.501e760 1.512596
4 {other pawment_plans=none,

housing=ouwn,

existing credits=one,

\f

foreign worker=yes} =» {credit_history=existing paid} 0.z271 0.7970588 1.503885
5 {other payment_ plans=none,
existing credits=one} =» {credit_history=existing paid} 0.415 0.7950192 1.500036
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6 Orange

Creation of a “schema” and data importation. When we launch Orange, a new empty schema is
available. We add the FILE component (DATA tab). We select the data file.

o 0Ot Orange Canvas - [Schema 1] |‘._||‘E|g|
[ Eile Options Wwindow  Help =& x|
¥
D& T @
Data l Clazzify l Ewaluate l Yizualize l —
B ot File M=1E3
@ ‘ .ﬂ; 1 Data File ‘
credit-german, bt Reload
A 5
[rata File 7
S_l,lmbo’ls f@p mizsing values in tab-delimited files (besides default ones) ||
= = Don't care: |
— - - i
D't know: |
Rename F2
Remove Del Odhereed

Create a new attribute when existing attribute(z] ...
" Have mizmatching order of values
" Have no common values with the new [recormmended)
* Hizs some walues of the new attribute
(™ . Always create a new attribute
Infi
1000 example(z). 18 attibute(z], 0 meta attributels]. Jﬂ

1 Classification; Discrete class with 2 value(s). L

Rule extraction and visualization. We insert the ASSOCIATION RULES component (ASSOCIATE

tab). We set the parameters of our analysis.

-

0Ot Orange Canvas - [Schema 1] r—_”Eerl
D File Cphtions Window Help —J_IE ﬂ
D& & T @ &5 0t Association. ..
Data I Classzify I Evaluate ] Wisualize | Associate ]Flegression ] Algarithm

‘ IE ‘ Kﬁ [™ Use algarithm for sparse data

[ Induce classification rules

Pruning
i > tinimal suppart [%]

— -

-, J 25
7 L T O O T S R B B

" a bac
File: *=ae 4 - . -
m tinimal confidence [%)]
Azsociation F |

Eename F2 ||||||||)|||

Remove Del

b avimal number of rules

Build rules |

-
A »
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Then we add the ASSOCIATION RULES VIEWER component, we connect the components. We can

now set the connection between FILE and ASSOCIATION RULES. The calculation is launched.

2 Ot Orange Canyas - [Schema 1]

D File Cptions windmy Help

D&& T @

D ata l Clazszify ] Evaluate l‘\-"isualize | Associate \Hegressiun ]

=13
18] x|

= B8] [ #l & &l F|[E
le=
File —y

Azzociation Rules

Azzociation Rule

Rename F2

Remove Del

Filter Fiules
Suppaort [H] Confidence [+] # Rules ¥ Suppart W Lift B S
Shown 28% - 87% 75% - 99% 1732
S elected 9% . A% 753 - 99 1732 v Corfidence [ Leverage [~ Coverage
B Supp | Conf | Lift Rule
.. 0289 0.8m 1.534 | credit_historp=existing paid clazz=good -» ather_paymet
. 0319 0.769 1.534 | credit_history=ezisting paid other_partiez=none num_def
.. 0.330 0.795 1.523 | credit_history=existing paid other_parties=none num_def
.. 0319 0.790 1.513 | credit_history=exizting paid other_partiez=none num_def
. 0.365 0.790 1.513 | credit_historp=existing paid num_dependentz=one -» oft
== 0.350 0.758 1.512 | credit_history=ezisting paid num_dependentz=one -> ot}
.. 0.356 0.754 1.505 | credit_history=existing paid other_parties=none -> other,
... 0.350 0.785 1.503 | credit_historp=existing paid num_dependentz=one fareig
... 0.370 0.7a4 1.502 | credit_history=ezisting paid other_partiez=none -> other
... 0415 0.795 1.500 | other_payment_plans=none existing_credits=one > crec
... 0415 0.783 1.500 | credit_historp=existing paid -» other_payment_plans=nor
... 0.365 0.793 1.497 | other_payment_plans=none ewisting_creditz=one num_de
. 0.350 0.761 1.492 | other_payment_plans=none exizting_creditz=one num_de
0396 0.790 1.491 | other_payment_plans=none existing_creditz=one foreign
=.. 0319 0.820 1.491 | credit_historp=existing paid other_partiez=none other_pa
... na | n7a7 | 1491 |ecradib bistoni—avickinn naid abhar nadias—mnane Alhar nal
v Send rules automatically
Zoom | Show Al | Mo Zoom | Unszelect | boyclilles | Same] il |

The visualization window is really original. We can graphically select a group of rules according to a

range of the value of two criteria. Various criteria can be used; we can also rank the rules here.
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0Ot Association Rules Viewer
Filter Rules
Support [H] Confidence 4] # Rules M Support v Lift ™ Stength
Shawn 28% - 87% 75% - 99% 1732 )
e = e e v Confidence ™ Leverage [ Coverage
Supp Conf Lift Rule
0.E11 0962 | 0,939 |other_partiez=none clazs=good -» foreign worker=pes
0.609 0962 | 0999 |existing_credits=one -» foreign_worker=pes
0.586 0965 | 1.002 |housing=own num_dependents=one -» foreign_worker=yes
4
1
1
!
!
7
/
1
/
/
l
/
4
/
’
s
7’
CF---_ -
v Send rules automatically
Zoom | Showa All | Mo Zoom | Unselect Save Rules Send Rules

7 RapidMiner

Creating a new operator tree. With RapidMiner, it is more convenient to define before all the

sequences of operations before starting the

computation.

The

CSVEXAMPLESOURCE, we set the file name and the column separator.

first

operator

UJITSU (assoc rule on german.xml)

File Edit ¥iew Process Tools Help

RO@ERS oy

=3 Operator Tree

> B

=] ML

-

£} Parameters

Comment

~
B

L 4

| pmew Operator

vz

sample_size
datamanagement

column_separatars

I5c_amaunt= up_
iconfidence: 0.753)
[class = good] --= [housing = own] (confidence: 0.753)

[iob = skilled, personal_status = male single] --= [housing = own] {confidence: 0.753)
[num_dependents = one, class = good] --= [housing = own] (confidence: 0.743)
[other_parties = none, age = 30==X=55] --= [num_dependents = one] {confidence: 0.753)
[fareign_warker = yes, other_parties = none, hausing = own, job = skilled] --= [class = good)]
{confidence: 0.753)

[housing = own] --= [foreign_woarker = yes, other_paries = none, num_dependents = ang]
iconfidence: 0.753)

O

-1

filename [I‘tassuciation_rulelcredit—german.ba‘l)@n
read_attribute_names
label_name
% Mominal2Binominal label column i}
& NominaizBinominal
id_name
) FPGrowh
9 FPGrowth id_column i}
) AssociationRuleGenerator weight_name
Y AssociationRuleGenerator
waight_column u]
sample_ratio 1.0

[double_array

=

10:50:18 PM

is
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RapidMiner cannot create association rules from an attribute-value dataset. We must recode the
variable into a set of binary columns with the NOMINAL2BINOMIAL component.

7 RapidMiner@FUJITSU (assoc rule on german.xml)

File Edit ¥iew Process Tools Help

PR s vy “aF pPHE ¥ & vz

=3 Operator Tree % Pararneters || (=] XL Comrment | @ MNew Operator
= _c Root return_preprocessing_model ]
FProcess

create_view
; CEVExampleSource

CSVExampleSource transfarm_binominal é

use_underscare_in_name

FPGrowth
= FRomth

AssociationRuleGenerator
Y AssociationRuleGenerator

(3] 10:57:46 P

The extraction is carried out in 2 steps. First, with the FPGROWTH component, we generate the

frequent itemsets. The settings must be defined carefully.

W RapidMiner@FUUITSU (assoc rule on german.xml)

File Edit ¥iew Process Tools Help

RU@dSs o “a P pHE ¥ & vz

=3 Operator Trae [ Parameters EEC Comment | @ Kew Operator
Root keep_example_set |:|
= -c Frocess
find_min_number_of_itemsets |:| é
; CEVExampleSource
CSVExampleSource min_number_of_itemsets 100

2 Marninal2Binarminal Frin_support 0.25 é

s Mominal2zBinominal

max_iterns -1

must_cantain

AssociationRuleGenerator
¥ AssociationRuleGenerater

(3] 11:02:02 FM

Then, with the ASSOCIATIONRULEGENERATOR, we generate the rules from the itemsets.
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R.R.

47 RapidMiner@FUJITSU (assoc rule on german.xml)

Fi

le Edit ¥iew Process Tools Help

=]

Aol & s

=3 Operatar Tree
Root

B Frocess

J
29

CEVExampleSource
CEWExampleSource

Mominal2Binominal
MominalZBinominal

FPGrowth
FP Growth

) My

&)

-e D PE ¥V & vz
3 Parametars || (=) XML Comment | @ MNew Operator
keep_frequent_item_sets D
min_confidence 0.75 é
gain_theta 20
laplace_k 1.0
11:04:57 PM

Launching the computation and visualization of rules. We launch the calculations by clicking on
the PLAY menu into the toolbar.

¢ RapidMiner @FUJITSU (assoc rule on german.xml)

File Edit Wiew Process Tools Help

BX

&

foreign_worker =yes

TR

Win. Confidence:

oy | [702 class = good, credit_history = existing p:
7| 662 own_telephone = none, credit_history=
n GEQ other_paries = none, class = good, cret
640 other_parties = none, num_dependents

609 fareign_worker = yes, class = good, crec

7] = - . 4 i - iy e
RPU@ERSs v =2 pE ¥ L
+ Association Rules
(@) Table view () GraphView () TextView W
Conjunction Type: Mo. Premises Conclusion SuppontConfid..LaPlace Gain  p-s Lt Conw..
[A = ] 958 other_payment_plans = none, existing_ credit_history= existing paic 0.263 0822 08987 -0.377 0.083 18581 2639 2
n v
744 num_dependents = one, class = good, 1 other_payment_plans=nor 0.253 0808 0854 -0.37Z 0080 1.548 2494
Conclusions: 273 ather_paries = none, num_dependents foreign_worker=yes, other. 0.319 0769 0832 -0.511 0111 1.534 2157

other_payment_plans=nor 0.289 0801 0947 -043:
other_payment_plans=nor 0.263 0797 0.950 -0.387
other_payment_plans=nor 0.255 0797 0.9451 -0.38%
other_payment_plans=nor 0.330 0795 0.940 -0.50C
ather_payment_plans=nor 0.272 0793 0.947 -0.414

©

other_payrnent_plans = none| [confidence: U.756)
[class = good, credit_history = existing paid] --= [foreign_warker = ves, other_parties = none, num_dependents =
one] (confidence: 0.756)
[other_partties = none, existing_credits = ane, job = skilled] --= [foreign_worker = yes, num_dependents = one,
other_payment_plans = none] (confidence: 0.746)
[age = 30==K=55] --= [num_dependents = ane] (confidence: 0.7456)
.. 2886 ather rules ..
(created by AssocialionRuleGenerator)
Mov 16, 2008 11:06:40 PM: [NOTE] Frocess finished successiully

0101 1.634 2.387
0041 1527 2354
0088 1.527 2.353
0113 1.623 2.334
0083 1.519 2.309 &5

11:08:35 PM

We obtain 2986 rules, the same as the A PRIORI component of Tanagra. Various indicators enable to

rank rules. Below, we sort the rules according to the LIFT criterion.
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47 RapidMiner@FUJITSU (assoc rule on german.xml)

File Edit View Process Tools Help

Rii@Es vy @« pHE ¥ & = ®
+ Association Rules
&) Table View Graph View Text View
Conjunction Type: Mo, Premises Conclusion Supp.. Conf..LaPl.. Gain p-s Lit  Caon.
o | | 243 other_parties = none, other_payment_plans = none, checking_stalus class=good | 0.280 0.827 0.88% -0.33 0.071 1.32: 4.08]
241 foreign_worker = yes, other_parties = none, other_payment_plans=r class=ogood 0.280 0924 0.98%2 -0.32 0.068 1.320 3.95]
Conclusions: 241 other_parties = none, num_dependents = one, other_payment_plans class=good 0.250 0922 0.98Z -0.29 0.06C 1.31¢f 3.87"
foreign_worker = ves 237 aother_payment_plans = none, checking_status = no checking class=good 0303 0918 0.98C -0.35 0.07Z 1.31. 3.667
other_parties = none 233 num_dependents = ane, other_payment_plans = none, checking_sta class=good 0.261 0916 0.981 -0.30 0.082 1.30f 356
num_dependents = ane 23 foreign_worker = yves, other_payment_plans = none, checking_status class=good 0.291 0.591£ 0.93C -0.34 0.068 1.30% 3.53.
ather_payment_plans = none 228 foreign_warker =vyes, num_dependents = ane, other_payment_plans class=good 0253 0,917 0,981 -0.30 0.05% 1.30¢ 3.467
housing = own 205 other_parties = none, housing = own, checking_status = no checking class=good 0.259 0.89€ 0.977 -0.31 0.057 1.280 2.89(
§ 203 housing = own, checking_status = no checking clasgs=good 0272 0882 0.97% -0.33 0.058% 1.27% 2.850
exist.ingfcredits:.on. . 201 foreign_warker =ves, other_patties = none, housing = own, checking, class=good 0.251 0892 0.977 -0.31 0.05L 1.27¢ 2811
credit_histary = existing paid 198 foreign_worker = yes, housing = own, checking_status = no checking class =good 0.263 0892 0.97% -0.32 0.057 1.27: 2.76¢
Min. Confidence:
.U<-

Save..

otfier_payment_plans = none] {canfidence: U.75k)
[class = good, credit_history = existing paid] --= [foreiogn_warker = yes, other_parties = none, num_dependents =
one] {confidence: 0.75R)
[other_paries = none, existing_credits = ane, job = skilled] --= [foreign_warker = yes, num_dependents = one,
ather_payment_plans = none] {confidence: 0.756)
[age = 30==K=55] --* [hum_dependents = one] (confidence: 0.756)
... 2886 other rules ..
(created by AssociationRuleGeneratar)
Mow 16, 2008 11:06:40 PM: [MOTE] Frocess finished successfully

11:16:47 P

Another option is available. We can filter out the rules according to the presence or absence of an

item or a set of items. This is very useful.

8 Knime

A double data preparation is necessary for KNIME before launching the learning algorithm: a coding

o/ of the attribute-value dataset, followed by a transformation into transactional data.

Workflow creation and data importation. We create a new project by clicking on the FILE /| NEW

menu. We choose a KNIME project and we specify the name of the project.
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EN KnIME

Select a wizard
Th\s}lizard creates a new KNIME workflow project,
Switch Workspacd New KNIME Project Wizard
Preferences... 2zt Create a news Knime workFlow project.
k Filker text
Update KNIME. .. r1 ype Titer tex
> 7 A\ New KNIME Project
Exit / B2 General Mame of the project bo create: | Association Fules - German credit
-6 Mining /7 | ¥ File
& Metal [ Folder ﬂ
= misd 4 Progect ’
I [} Untitled Text File 7
\ B2 s /
N\ 5 Projects from CVS /
~ o 1
3 & (= Kaonstanz Information Miner I
s NIME Project i
1
I
A ’
/7
4
, E
-,
7
- -
P o
e
-
Mext ~
i
MIME
Log
AR
AR
< Finish ] [ Cancel ]
T

An empty workflow appears. We insert the file access component (FILE READER). We select our
data file (CONFIGURE menu). We click on the EXECUTE menu in order to load the dataset.

EN KNIME

C-HB ¢

A\ Mode Repositary 52 | T O

File Edit Yiew - Search MNode Help

I |

E-gily 10

=-5p Read
it ARFF Reader
| + File Reader
Mﬁf Model Reader
$ Table Reader

4B write

1= Artificial Data

@ Cache

@ Database

3 Data Manipulation
(4, Data Views

E statistics

& Mining
& Meta
1= Misc

WALRN File Reader

5

W [ M B =-D0000E -
=
| Dialog - File Reader, (#
File:
Settings | General Mode Settings
L - 1 Enter ASCIT data file location: {press 'Enter’ to update preview)
() oi >
Node 1 walid URL: I;es_For_mining,l’c0mparison_TOW,l’association_rule,l’credit-german.txt v| Brov
Basic Settings
[ read raw IDs Column defimiter: |<tab>  ~ [ Advanced... ]
read column headers ignore spaces and tabs
\ [ Java-style comments Single line comment: l:l
= Node name and description
of Cut Preview
[iZ| Copy Click column header ko change column properties (* = name/type user settings)
3 Row ID 8 checkin... | 8§ disc_du...| 8 credit_history | § purpose
— < Undo Rowl |<D lo_1_year criticalfother exist.,.. radiofty 1A
(=] Rowz |D<=><<200 up_Z_vyears  |existing paid radiofty i \_,
K 96 Delete < | >
VAR @‘ Data Cutpart 0; File Table WARMING: suggested settings are based on a partial file analysis only! Please werify.
AR .

Ok

J{

Apply

J[ <

ancel ]

A

First coding step. First we must recode the attribute-value dataset into a binary dataset. We use the
ONE2MANY component (DATA MANIPULATION / COLUMN). We connect this component to the
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previous one. We add an INTERACTIVE TABLE component (DATA VIEWS), that we connect to
ONE2MANY, in order to view the new dataset.

KNIME
File Edit “iew - Search MNode Help
M-EHB R R e wr v =080 & (-
& WarkFlow Projects &3 g 08 . *Association Rule x & Régles d'Association T =
A\ Mode Repositary 53 = (=
= File Reader One2Many  Interactive Table
| v » & D—DE
i
84 Skring To Mumber *~ Mode - =
&5 Row Interactive Table (#4) - Table View (1000 x 90)
@ Matrix File Hilte Mavigation Miew  Output
=, Data Views
:c:b Property Riow 10 |8 fo.. |8 dass| T <. | T O |Tro X > |Xlo. |Tu.|I
Box Plot Fowi ves good { 0 0 0 1 0 i} ~
ﬁ Conditional Box Plot 2222 i:z E::d g é ? g ? é g B
ik Histogram ;. ) Rowd yes good 1 0 0 0 0 1 o
[ﬂ_§1 Histogram {interactive) RowS yes bad 1 o o o o o 1
=] Iljteractlve Table Rows ves qood 0 0 1 0 0 1 0
A/ Line Plat Row? yes good [0 0 1 0 0 0 1
ﬁ Eéra::'?' fDDrdlnates El console Rowd yes good [0 1 0 0 0 1 0
W Fie char Rowg ves good 0 0 1 0 1 0 0
" Pie chart {interactive) l:ﬂl\jig(:msol Rowld VES biad 0 1 0 0 0 1 o
[® RulezDPiotter Rowll ves bad 0 1 0 0 1 0 0
21 atter Matrix — || WARH RowlzZ yes bad 1 0 0 0 0 1 0
}', Sratter Plot 2 Rowl3 ves good ul 1 ul ul 1 ul 0
[l S T, — Rowld yes bad 1 0 0 0 0 0 1 v
< & ||@ < | 3

There are go columns now. To the previous 19 variables are added 71 binary variables.

Second coding step. The first transformation is not enough. We must go through an internal format
specific using the BITVECTOR component (DATA MANIPULATION / COLUMN). We connect it to
ONE2MANY. We click on the CONFIGURE menu, we select only the binary variables.

EN KNIME (=3
File Edit “iew - Search MNode Help
i EHE o [ v FED0O00 & n-
A\ workflow Projects 52 2 0 ] ( e i
A\ Mode Repasitary 52 =l -
= File Reader OnezMany Interactive Tal Fie
| - F el DE Def ault Settings | General Node Settings
MNumeric input {many columns)
&
= Artificial Data ~ HEGH Node:4 Threshold:| 1@
u ode
= cache Bitvector Generat Use percentage of the mean: [
@ Daktabase
= % [raka Manipulation I lﬁ Percentage:|
D Column
SR =] fow S— () Parse bitwectors fram strings (one column)
ﬁ Eitvector Generator Mode 5
5 concatenate String column to be parsed | s |
53 taroupBy
! o .
3w HiLite Filter
B; Murneric Rov Splitker B Kind of string representation: I:I | |
% ;arftltlonlngR i & Console I | il
eference Row Filker
-+ ) KNIME Console [ Gt e
5 Row Filker
" AR OneZMany Model warn -
Row Sampling =
ﬁi}l RowID AR OneZMany Model warn
=ct shuffle [ oK ] [ Apply ] [ Cancel ] R
fH Sorter |-
- od|| <8 T 5
e2Mof 3o ([
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By clicking on the EXECUTE AND OPEN VIEW menu, we obtain a description of the generated

transactional dataset.

Bitvector Generator. (#5) -... |Z||E|E|
File

BiitVector Generator Information:

Mumber of processed rows: 1000
Total number of O 52000
Total number of 1s: 13000
Ratio of 1z to Oz 0.3653

To obtain the information of density of R, we make 19000/(19000+52000) = 26.76%.

Extraction of rules. We use the ASSOCIATION RULE LEARNER component in order to extract rules.
We set the following parameters.

File Edt View - Search Node Help

e S 3 ; T i e Dialog - Association Rule Learner (#7) |T||E|r>_(|

iC-B@iA i Prp @=@@@®@@;.Fl S
ile

& Workflow Projects 2 g0 *fssociation Rules - German credit X & Régles d'association / \
Opti i

& Mods Repository 53 = [ g Cptions | Genaral I‘\de Settings

= File Reader OneZMany  Interactive Table ﬁ Iremset Mining q
" L= ﬁ DE / Column containing the bit vectors
! 9 - =
— Mirimum support (0-1) 0.2 % 0.25
[ Interactive Table - NSt Mode 4 nssocia{on

! 3 Mode 3 i
A/ Line Flat Bitvector GeneratorRuIeFarner Underlying data struckure: | ARRAY ~

¥ Parallel Coordinates u ™ =

a Pie chart B ﬁ L l}i- Oukput

ik " N

W/ Pie chatt {interactive) =9 Item Set Type |FREE -
E RulezDPlotter Mode 5 MNode 7

SR Scatter Matrix Maximal Ikemset Length: 10%

y‘ Scatter Plot
¥ statistics Sort output able by:
=@ Mining

(== Bssoristion Rules
% Assodation Rule Learne

Association Rules

E consale CQutput association rules
B Bitvector Generator ——— -
onsole
B i i ; =
S CICWT:S . TMARN CneZMany Model warning message: Minimum Canfidence: 0.75
= RL:S Ier:jngt TWALEN CnezZlMany Model warning to age:
sl TWARN Association Rule Learner Configu
1= Meural Network:
e b [ a3 ] [ Apply ] [ Cancel ]
< |5 | !

4oM of 100M ([ I

The INTERACTIVE TABLE component enables to visualize the rules.
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File= Edit Wiew - Search Node Help
MCEEI S D i i oy || N E-00000 8  a-
& WarkFlow Projects £3 g 8 & ciation Rules - German credic X & Régles d'association =i
A\ Mode Repasitary 52 - =
= File Reader OneZ2Many  Interactive Table
| C @@
1 =9
[ Inkeractive Table ~ hiodell Nede:4 Association Interactive Table|
A/ Line Plot T Mode 3 Bitvector GeneratorRule Learner
¥ parallel Coordinates [ ‘P——DE
: o R |
& Pie chart \ -
% Pie chart (inter active) () I\%@l
.-LEE: RulezDPlatter Mode 5 Mode 7
SR Scatter Matrix
L
¥, Scatter Plot
X Statistics
=8 Mining
[=l-1=F Assoriation Rules
-i% A.ssociation Rule Learne El consale EX 5 = F‘j - =8
ﬁ Eitvector Generator
B Baves KNIME Consale
= Clyt . ] AR OneZMany Model warning message: Duplicate possible walues founc s
= R::Z Ie;:fctlon WALRI] OneZMany Model warning message: Duplicate possible walues found
AR Azzociation Fule Learner Configure failed: Zet the column with
1= Meural Metwork
T b b/
23] | ¥ £ | H
73Mof 100M ([

KNIME extracts only the rules with on item into the consequent. 1928 rules are generated. The

visualization tool has not interactive functionalities (ranking or filtering rules).

Interactive Table (#9) - Table View (1928 x 14)

File Hilite Mavigation Wiew Output
Row ID D Support | D Confide...| 8 Consequent S implies S ItemO S Iteml S Itemz g Item3
rulel W 0.259 0.945 wes_foreign_worker e <0_checking_sta... |? v I 7~
rulel 0,264 0,931 ves_foreign_worker - 0==¥=200_chec.., |7 7 I =
rule2 0.373 0.947 none_other_parkies e no checking_chec...|? 7 ? i
ruled 0.313 0.943 none_other_parkies e no checking_chec. .. |none_other... |7 I i
ruled 0.313 0.839 none_other_payment_plans - no checking_chec. .. |none_other... 7 I o
rules 0.271 0.951 none_other_parkies e no checking_chec. .. |none_other... one_rum_d... |? i
rulet 0.271 0.36 none_other_payment_plans - no checking_chec. .. |none_other... one_num_d... |7 i
rule? 0.271 0.366 one_num_dependents - no checking_chec. .. |none_other... [none_other... |7 o
ruled 0.264 0.953 rone_other_parkies R ro checking_chec. .. jnone_other... |one_num_d... |ves_Foreign... |7
ruled 0.264 0.36 none_other_payment_plans - no checking_chec. .. jnone_other. .. |one_num_d... [yves_foreign... |7
ruleln 0.264 0.5871 one_num_dependents - no checking_chec... none_other... jnone_other... |yes_foreign... |7
rulell 0.264 0.974 wes_foreign_worker R ro checking_chec. .. jnone_other... |none_other... [ome_num_d... |7
rulelz 0.25 0,953 none_other_parkies - no checking_chec. .. jnone_other... |jone_num_d... |good_class o
rulels 0.25 0.593 none_other_payment_plans - no checking_chec... none_other... jone_num_d... |good_class B
ruleld 0.25 0.862 one_num_dependents e no checking_chec. .. jnone_other... |none_other... |good_class H
rulels 0.25 0,923 good_class - no checking_chec. .. jnone_other, .. |none_other... [one_num_d... |7
ruleld 0,303 0,953 none_other_parkies SR no checking_chec. .. |none_other... |yes_fareign... |7 B
rulel? 0.303 0.837 none_other_payment_plans e no checking_chec. .. |none_other... |[yes_foreign... |7 i
ruleld 0,303 0,263 ves_foreign_worker - no checking_chec, .. |none_other,.. [none_other... |7 o
rulel9 0.28 0.962 none_other_parkies e no checking_chec. .. jnone_other... |yes_foreign... |good_dlass i
rulezn 0.23 0.875 none_other_payment_plans e no checking_chec. .. jnone_other... |yes_foreign... |good_class i
rulez1 0.23 0,966 yes_foreign_worker - no checking_chec. .. jnone_other... |none_other... |good_class o
rule2z 0.28 0.924 good_class e no checking_chec. .. jnone_other... |none_other... |ves_Foreign... |7
rla? n 20 N ac7 e Abhary Rorkiac o me chaclinn chae rama Abhar ned claee > :!
< | >

9 Weka

Like RapidMiner, it is more convenient to define the whole treatment before launching the

computation with Weka. We use the Knowledge Flow in this tutorial.

Specifying the operations. When we launch Weka, we click on the APPLICATIONS /
KNOWLEDGEFLOW menu. First, we must insert the data access component CSV LOADER
(DATASOURCES tab). We select the data file.
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B

= Weka 3.5.6 - KnowledgeFlow = |
Program Applications  Tools  Wisualization  windows  Help

KnowledgeFlow L| E| El

DataSources | Datasinks || Fiters | Classi

£

[IE\ © - DataSources :Abuut
=

3 Reads a source thatis in comma separated or tab separated format.
CRREF ~Ea -
: C45 3

Rechercher dans : |Bassnciatinn_ru\e V| I __‘;|‘E|

arff

Loadsz Loadez Loa

AS50C FUlE 0N Qerman. ows

: A assoc e on garman.r
£ Mes 5
documents assoC rule on german,xml
récents B credit-german bxt
@ credit-german, xls

Knowledge Flow Layout

< Edit
C3ULead  Delete
Configure. ..
Connections
<

dataset - Morn de Fichisr : |credit-german.txt [ Ouwrir ]
Ackions Favoris réseall | gy piers dy Lype ! |Tous les Fichiers v| Annler

Skatus
O

We add the APRIORI component (ASSOCIATIONS tab). We connect the previous component to this

one. We click on the CONFIGURE menu in order to define the parameters.

> Weka 3.5.6 - KnowledgeF low r =

B=)E3

.}
Program Applications Tools  Wisualization  ‘Windows

About
B KnowledgeFlow
ri?é DataSources | DataSinks | Filters | Classifiers | C Claﬁs W"men\““g an Apriori-trpe algorithm.
E\ . Associations / A Capabiliies
e /
| { _‘r ".'.'.."r | car |False vl
- 7
Filtered classIndex |-1 |
: Apriori associatfr
< / delta 005 |
e eEs s Leyars , lowerBoundMinSupport (0,25 |
/ Py
mekricType |Confidence ;’ vl
et )
T, o minMetric [0.75 = |
. L
... y )
i nurmRules |IDDDD|C |
CSWLoader
Apriozi
outputTtemSets |False vl
< removeslMissingCols |False vl
Status significancelewvel |—1.EI |

[0]4
upperBoundMinSupport | 1.0 |

verbose | False v |

Setting NUMRULES to 1000 removes the restriction on the number of generated rules. We add then

the TEXT VIEWER component in order to visualize the rules.
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We launch the calculations by clicking on the START LOADING menu of... the CSV LOADER

component into the knowledge flow.

> Weka 3.5.6 - KnowledgeF low M=

Program  Applications  Tools  Yisualization  Windows  Help

B KnowledgeF low

DataSources | DataSinks || Filers | Classifiers | Clusterers | Associations Evaluati0n|'\"i5U~3|i26tiDI'l|

‘]E\ © - Misualization
&

Glale] & alal

Data Scatter Attribute Model Teaxt Fraph

: Virnalizaxr PlocMatrix Sunmarizar ParformancaChare Tiemer Viamar
<

Knowledge Flow Layouk

datafetr * 1
T4

Delete

Edit
CHL:
Apriezi Textifiewas
Configure. ..

Connections

To visualize the results, we click on the SHOW RESULTS menu of the TEXTVIEWER component.
Like the A PRIORI component of Tanagra, we obtain 2986 rules.

Text Viewer

Result list Texk

Minimum support: 0.25 (250 instances) o
Minimum metric <confidence>: 0.75 B
Humber of cycles performed: 15

Generated sets of large itemsets:

3ize of set of large itemsets L{l): 31 \
Size of set of large itemsets L{Z2): 162

3ize of set of large itemsets L({3): 345

Size of set of large itemsets Li{d): 334

Size of zet of large itemsets L(5): 140

Size of set of large itemsets L{6): 16 )
Best rules found:

. other parties=none property_magnitudescar 31§ ==> foreign worker=syes 3l cont: (0.99)

. other_parties=none property_magnitude=car num_dependents=one 280 ==+ foreign_worker=yes

. broperty magnitude=car housing=own 271 ==> foreigm worker=yes 269 cont: (0.99)

. property magnitude=car other payment plans=none Z68 ==> foreign worker=yes Z66 conf: |
| >

d= L D

|
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10 Conclusion

All software presented in this tutorial can extract association rules from a data file in an "individuals
x variables" format. For some of them, a data preparation is required before to produce a
transactional data format. This is not always obvious, especially when the software is not well
documented. | admit to having groping a bit. But finally, once the data are correctly generated, the

software produced similar results. This is what matters.
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