Didacticiel - Etudes de cas R.R.

1 Subject

Classification of new examples from the results of a clustering method (K-Means).

The deployment is an important step of the Data Mining framework. In the case of a clustering,
after the construction of clusters with a learning algorithm, we want to determine to which
particular cluster (group) a new unlabelled instance belongs.

In this tutorial, we use the K-Means algorithm. We assign each new instance to the group which is
closest using the distance to the center of groups. The method is fair because the technique used
to assign a group in the deployment phase is consistent with the learning algorithm. It is not true if
we use another learning algorithm e.g. HAC (hierarchical agglomerative clustering) with de single
linkage aggregation rule. The distance to the center of groups is inadequate in this context. Thus,
the classification strategy must be consistent with the learning strategy.

All the descriptors are discrete in our dataset. The K-Means algorithm does not handle directly this
kind of data. We must transform them. We use a multiple correspondence analysis algorithm (see

://data-mining-tutorials.blogspot.com/2008/11/k-means-algorithm-on-discrete.html). In this
tutorial, we use the following steps:

* Data Importation;

« Computing some descriptive statistics, in order to detect potential anomalies;

« Partitioning the dataset into training set and test set, this last one is used during the
deployment phase;

e Computing the coordinates of examples in the new representation space generated by the
multiple correspondence analysis;

« Applying the K-Means algorithm on the latent variables;

* Interpreting groups using descriptive statistics;

« Deploying i.e. determining the group membership of each instance from the test set.

We use Tanagra 1.4.28 and R 2.7.2 (with the Facto Miner package for the multiple
correspondence analysis - MCA; http://factominer.free.fr/). In this tutorial, we want (1) to show how
to perform this kind of task with these tools; (2) compare the results; (3) by giving the details of
commands with R, we can explain better the internal computation of Tanagra.

2 Dataset

The dataset describes 198 bank customers: 98 are used during the learning phase, 100 during the
deployment. There are 9 discrete variables. The additional column "STATUT" gives the status of
each example. We show here the 10 first examples of the database (http://eric.univ-lyon2.fr/~ricco/

tanagra/fichiers/banque_classif deploiement.zip).

&l banque_classif_deploiement.xls g@g|
(N = I S T e ey =S N~ R = N R~ R N W
1 IAge |sitfam csp enfant habit revenu port_action demand statut —
2 |jeune marie employe zero locataire tranche_4 naon travaux actif
3 |ancien marie cadre_maysn  |zero locataire tranche_1 non voiture actif
4 |ancien celibataire cadre_moyen zero locataire tranche_1 oui consommation |actif
5 jeuns marie employe sup_ou_=g_s02 locataire tranche_4 non consommation  actif
B |mature marig cadre_moyen zero locataire tranche_2 non consommation |actif
7 mature celibataire cadre_maysn  |zero proprio tranche_1 oui consommation  actif
8 |ancien marig cadre_moyen |inf_a_2 proprio tranche_2 oui consommation |actif
9 mature marie cadre_moyen  |inf a_2 locataire tranche_2 oui voiture actif
10 |ancien celibataire cadre_moyen |inf_a_2 locataire tranche_1 non travaux actif
11 |\ mature separe cadre_moyen |inf a_2 locataire tranche_1 oui travaux actif -
4 4 » M bangue/ [4] | [
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3 K-Means and deployment with TANAGRA

3.1 Data importation and diagram creation

We can directly import an Excel file (XLS). After launching Tanagra, we activate the FILE/NEW menu
in order to create a new diagram. We select the BANQUE_CLASSIF_DEPLOIEMENT.XLS data file.

i TANAGRA 1.4.28

File Window  Help
D Mew, . Choose your dataset and siart download
—

= Oper... dat Diagrarn title :
|Detautttitle N |
Data mining diagram file name : \
|D:\DataMining\Databases_for_mining\comparison_TOW’\c ring_deplﬂ

Exit Datazet (*ta,* arff.* xlz)

( ]\

[ ok

” Cancel ” Help ]

Tanagra

Regarder dans ; | £ banque - | ¢ ® -
Y £ banque_classif_deploiement . xls
T Mes documents
| Data wisualization Statistics récerts
Feature construction Feature selectig r[‘
PLS Clustering Breau
Spv learning asseszment Scorng
@-Correlation scatterplot EScatterplot '_/
Expor‘t dataszet EScatterplot wiit]  Mes documents
Poste de travail
-
‘3 Morm du fichier : |hanque_classlf_deplnlement sl hd | [ Ovurerir ]
Favoris réseau | Fichiers de type : | Execel File (97 & 2000) v [ anner |

A new diagram is automatically created. The dataset is loaded. We have 198 examples and 9
columns?.

3.2 Descriptive statistics

We calculate the histograms for each column. For "STATUT", we wish only count the number of
examples for the training and the test set. For other variables used for the analysis, we want mainly
detect possible problems.

For instance, the value "CSP = RETRAITE" can cause problem during the MCA analysis because
there are very few examples (4). We keep in mind this particularity during our analysis.

We add the DEFINE STATUS component into the diagram. We set all the columns as INPUT.

:/[tutoriels-data-mining.blogspot.com/2008/03/importation-fichier-xls-excel-mode.html for the direct

importation of XLS file. We can also send the dataset from Excel to Tanagra using an add-in : http://tutoriels-
data-mining.blogspot.com/2008/03/importation-fichier-xIs-excel-macro.html
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' TANAGRA 1.4.28 - [Dataset (banque_classif_deploiement.xls)]
E File Diagram Component  Wwindow  Help

Define attribute statuses

Drefault title

Dataset (bangue_classif_deploiement. —_— /-\
% Define status 1 \ el |
e L
Attributes — PR
Target Input | lustrative
DE Age
D zitfarm
D csp
D enfant i
in} habit
P revenu d
] por_action | |
o dernand B
Ee statut
Data wisualization Statisticg
Feature construction Feature zale
PLS Clusterin
Spv learning assessment Scoring E | E:u | %a_c ( Cloar seloction ]
iy
@'Correlation zcatterplot ]ﬁ"Scatterplot
Expc-r‘t dataset ]ﬁ"Scatterplot
’ QK ” Cancel “ Help ]

We insert the UNIVARIATE DISCRETE STAT (STATISTICS tab) into the diagram.

The main result is there are indeed 98 active examples for the analysis and 100 examples to

classify (see STATUT).

" TANAGRA 1.4.28 - [Univariate discrete stat 1]
E File Diagram Component  Window Help

H
Default title port_action O.49&7 T oL REBE ~
= Dataset (banque_classif_deploiement.xls) oui 107 54,04 %
=¥ Define status 1
il Univariate discrete stat 1 © vawes  Count  Percemt  Hsto
travaux 35 17.68 %
demand 0.6176
vaiture (o1 3333 %
consommation 97 45,99 %
statut 0.490g  actif 95 49,49 %
supplementaire 100 B0, 51 % =
s
< | 3] = | >
Components
Data visualizatio Statistics Monparametric statistics Instance selection Feature construction
Feature selection Regression Factorial analysiz PLS Clustering
Spw learning Spw learning asseszment Scoring Aszociation
7 Paired T-Test [;fSemi—par‘tiaM B Univariate continuaus stat L Wreloh ANOWE
Wt Paired W-Test mT—Test lll Urivariate discrete stat
Li.fpartial Correlation LuT—Test Unegual Varance stk Unjvariate Outlier Detection
< L
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3.3 Selection of active examples

We use the DISCRETE SELECT EXAMPLES (INSTANCE SELECTION tab) in order to subdivide the
dataset into train and test set. We click on the PARAMETERS contextual menu. We set the following
parameters. We validate: 98 instances are now used for the subsequent treatments.

{7 TANAGRA 1.4.28 - [Univariate discrete stat 1]
E Fil= Diagram Component ‘Window Help

H =

Default title

=] Dataset (banque_classif_deploiement.xls)
= £ Define status 1
il Univariate discrete stat 1

port_action 0.4967 nan

Parameters |

Attribute-value examples selection

91

EER Y

Execute Attribute - |statut e "|
Wiew =
| o
< 1] [ valve T | >
Data visualization Statistics Monparam on
Feature selection Regression Factary
Spv learning Meta-spy learning Spy learni OK ” Cancel “ Help
;_?tContinuous select examplzﬂ ;%:Rule-based selection
ftDiscrete select examples fSampling
‘&Recn\rer examples fStratiﬁed sampling

3.4 Multiple corresponden

t analysis

There are not clustering algorithms which can handle discrete attributes into Tanagra. We must
transform the variables. We use a multiple correspondence analysis approach. We take mainly two
advantages with this kind of pre treatment: the factors, latent variables, are orthogonal; we can
retain the first "q" factors which give the useful information, we can neglect the last factors which
correspond to noise. The quality of the partitioning will be better. We insert again the DEFINE
STATUS component. We set the descriptors as INPUT (AGE ... DEMAND).

(" TANAGRA 1.4.28 - [Univariate discrete stat 1]

EFiIe Diagram Component  ‘Window  Help

Default title

Define attribute statuses

= | Datazet (banque_classif_deploiement.xls)
= ¥4 Define status 1
Il Univariate discrete stat 1

= . Discrete select examples 1
#% Define status 2 \/

|~
| »

Target Input llustrative

Data visualization Statistics

Feature selection Regression

Spv learning Meta-zpy learning

D statut

Age

sitfarn

cip

enfant
habit
revenu
port_action
dermand

;_?tCUntinuUus select examples ;%:Rule-based s
fSampling
}Stratiﬁed san

;_?tDiscrete select examples
x\Recover examples

_A|B]

Clear selection

[ OK ” Cancel ”

Help
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Then, we add the MULTIPLE CORRESPONDANCE ANALYSIS component (FACTORIAL ANALYSIS tab).

We set the number of factors to 10.

" TAMAGRA 1.4.28 - [Univariate discrete stat 1]

E File Diagram Component window Help - 8 x
(= [
Default title port_action 0.4957 Non X b, 2
= Dataszet [bangue_classif_deploiement.xls) oui 107 54,04 %
+, s
=t Define status 1 MCA parameters
Il Univariate discrete stat 1
2 . Discrete select examples 1 4 | oar] Parameters | T
= ine status 2 eman '
ipl 1 Generate axis aftributes
m Ol =
Execute -
—— |
Compone [ compute Cos2 and CTR for cazes
Data wisualization Statistics Monparametric statig
Feature selection Regression Factorial analysig
Spuw learning fMheta-zpy learning Spv learning asseszm)| [ QK ” Comeal ][ Help
" Canorical Discriminant fnalysis \@Multiple Correspondence Analysis
ECUrrespUndence Analysis ]X:NIPALS
@'Factor rotation Kpr'incipal Component Analysis

We click on the VIEW menu in order to obtain the
83.42% available information.

results. The 10 first factors correspond to the

{7 TANAGRA 1.4.28 - [Multiple Correspondence Analysis 1]

E Fil= Diagram Component Window Help
(=
Default title Axis Eigen value % explained Histogram % cumulated »~
= Dataset (bangue_classif_deploiement.xls) 1 0.296709 15.99% 15.92%
=¥ Define status 1
o . 2 0.211565 11,28% 7115
Il Univariate discrete stat 1 3
= " Discrete select examples 1 3 0.178847 3.54% 36.65%
o+, .
=% Define status 2 4 0163506 &.72% 45.37%
@ Multiple Correspondence dnalysis 1
5 0.145251 791 E3.27% \m
& 0.147345 7.86% 61.13% /
7 0.126187 6. 73% 67,865
8 0. 104394 B.B7% 73.43%
9 0.097779 B.21% Fa.64%
10 0.059572 4.75% 83.42%} i
< | >
Components
Data wisualization Statistics Monparametric statistics Instance selection Feature construction
Feature zelection Regreszsion | Factoral analysis PLS Clustering
Spw learning Meta-spv learning Spv learning assessment Scoring #szociation
# Canorical DiscrAminant finalysis ECorrespondence fnalysis @'Factor ratation @N\ultiple Correspondence An
< I >

Two important things must retain our attention:

1.
subsequent part of the node into the diagram;

available both the train and the test part

Tanagra computes automatically 10 new variables which are available on the

Even if the projection coefficients are computed on the train set, these new variables are

of the dataset.
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3.5 K-Means on the latent variables (factors)

We want to launch the K-means algorithm on the factors. We add a DEFINE STATUS component; we
set the new variables MCA_1_AXIS_1 to MCA_1_AXIS_10 as INPUT.

i TANAGRA 1.4.28 - [Multiple Correspondence Analysis 1]

EFiIe Diagram Component  SWindow  Help

Default title

= & Datazet (bangue_classif_deploiement.xls)
= %% Define status 1
Il Univariate discrete stat 1
- " Discrete select examples 1
=% Define status 2
= @ Multiple Correspondence dnalysis 1

% Define status 3 ———

Data wvisualization Statistics

Feature selection Regreszzion

Spy learning Meta-spy learning

CBX

Target Input | llustrative

MCE_T_Awis_1
MG _1_Axis_2
MCa_1_Axis_3
MG _1_Axis_4
MCE_1_Axis_5
MCa_1_Axis_B
MCA_1_Axis_7
MGE_1_Axis_5
MCA_1_Axis_G
MCE_1_Axis_10

[ Clear selection ]

[ ok [ cancel |[ Hew |

# Canonical Discriminant hnalysis

<

ECorrespondence hnalysis

& Factor rotation

@N\ultiple Correspondence &n

%

i TANAGRA 1.4.28 - [Multiple Correspondence Analysis 1]

K-Means parameters

Then we insert the K-Means component (CLUSTERING tab). We set the parameters as the following:

S=1ES

E Fil= Diagram Component window Help — - 08X
Farameters Reszults
B %
Default title Axis Ei lated
ki KD Murnber of clusters : gnas
= Datazet (bangue_classif_deploiement.xls) 1 ol 15.82%
- %% Define status 1 hax iterations 10 IZ
A . 2 0, 1%
hll Univariate discrete stat 1 .
) Mumber of trials :
- & Discrete select examples 1 3 0y 36,662
o+ 3 . -
=%y Define status 2 4 ol Distance normalization 45.797%
= @ Multiple Correspondence Analysis 1 &) Mane e
= #% Define status 3 3 0 Civariance R3.27%
' 0 _ 61.13%
_\> Average computation
Ly O Forgy 67.86%
Execute
Yiews & 0 &) e Queen T3.43%
? 0 TH.ad%
Seed random generator
0 o O Random 63.42%
£ >
(&) Btandard
Co
Data wisualization Statistics Monparametr tion
Feature selection Factorial
. . . ’ QK ” Cancel ” Help ]
Spw learning rming Spv learning
£CT £CTP -Clustering [P EM-Selection B HAC [o% K-theans
< I >
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We click on the VIEW menu.

' TANAGRA 1.4.28 - [K-Means 1]

o=

E File Diagram Component  window  Help -8 x
EH
Default title . A
— , - Global evaluation
= Datazet (banque_classif_deploiement.xls) '\
=4 Define status 1 Wirithin Sum of Squares 131.6514
fill Univariste discrete stat 1 Total Sum of Squares  153.2872
= ,@: [iscrete select examples 1 R-Square 0.1411
=44 Define status 2
= @ Multiple Correspondence Analysis 1 CIuster Size and wss >.
=44 Define status 3
I"_%. K-diveans 1 Clusters 2
Cluster Description Size WSS
clustern®1 c_kmeans_1 74 84,7837
clustern®2 c_kmeans_2 24 46,8877
J v
Camponents
Data wisualization Statistics Monparametric statistics Instance zelection Feature construction
Feature selection Regression Factorial analysis PLS Clustering
Spw learning Meta-spy learning Spw learning assessment Scoring Association
2T ACTP A Ein-Clustering [PaEM-Selection APHAC 6% K- eans
£ >

There are 74 examples in the first group, 24 in the second. The within sum of squares is 131.6514
(84.7637 + 46.8877). We will compare these values to the results of R.

In the bottom part of the window, we get the cluster means. It gives an idea about the location of
the groups in the representation space. But, because they computed on the latent variables, they
are not really useful for the interpretation of the clusters.

i TANAGRA 1.4.28 - [K-Means 1]

E File Diagram Component  ‘Window  Help - 8 X
EH %
Default fils Cluster centroids -
= Dataset (banque_classif_deploiement.xls)
= ':i Defing ctatus 1 Attribute  Cluster n®1 Cluster n“2 .\
Wl Univarists discrete stat 1 MCA_1_fwis_1  -0.2B1008 0773942
Bl ¢ Discrete selsct examples 1 MCA_1_dxis_2  -0.077R19 0239015
=% Define status 2 MCA_1_dxis 3 -0.019307  0.059529
= @ Multiple Correspondence Analysis 1 MCA_1_fxis_4  -0.008263  0.016337
Rk Define status 3 MCh_1_bxis 5 -0.00978%  0.030182 >
[6% K-teans 1 MCh_1_Axis 6 -0.008621  0.017023
MCH_1_dis 7 0.018684  -0.045359
MCH_1_dis_G 0.03914%  -0,120710
MCH_1_diz_9 -0.014983  0.046195
MCA_1_fxis_10 0007614  -0.023478 ) v
Components
Data vizualization Statistics Monparametric statistics Instance selection Feature construction
Feature selection Regression Factoral analysis PLS | Clustering
Spw learming MMeta-spy learning Spw learning assessment Scoring bzzociation
0T £CTP [ Edi-Clustering [PaEdi-Selection ETHHAC 1% k-iteans
< »
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Another important thing here: Tanagra computes first the clusters using the learning sample; but,
it determines the group membership of each example using the distance to the centroid. Thus, a
new column is available in the subsequent part of the diagram; it corresponds to the cluster
membership to each example. It is computed both on the train and the test set. We utilize this
new variable to interpret classes from the clustering process.

3.6 Interpretation of groups

3.6.1 Descriptive statistics comparison

Even if they are univariate, Conditional descriptive statistics give good indications about the nature
of groups. We insert the DEFINE STATUS into the diagram. We set CLUSTER_KMEANS _1, generated
by the learning algorithm, as TARGET; we set the descriptors as INPUT (AGE...DEMAND).

Define attribute statuses

/" TANAGRA 1.4.28 - [K-Means 1] . =3
m File Diagram Component ‘Window Help 7 N - g x
ributes Target |
hput INustrative
/ D statut -~ Cluster_Kheans_1
/ C MCA_1_fois_1
Default title C hga_1_fuis_2 -
C MCA_T_tois_3 =
= [EEf Datazet (banque_clazzif_deploiement.xls) g mxflfx‘tg
- 18_.
= %% Define status 1 C bca_1 ks [==
oo : C MCA_T_tods_7
lIll Univariate discrete stat 1 C hCA_1 Ais B
= ¢ Discrete select examples 1 g mx:-ﬁz 190
=4 Define status 2 Ercuce i =
= @ Multiple Correspondence Analysis 1 BE| 8 &2 [ Cloar soladion ]
= F§ Define status 3
= ]o_% E-teans 1 [ Ok ” Cancel “ Help ]

# Define status 4

Target |¢|NDM |Illustrative
w
L] Age
sitfarm
csp
q g q 3_ng entant q
Data wizualization Statistics i habit re construction
. . revenu -
Feature zelection Regression port_action Clustering
. i demand L
Spy learning Meta-zpy learning 5 D statut Fissociation
C hca_1_&wis_1
- = o
0T £CTP [AE-d | o w2 [o% K-iteans
C hca_1_Axis_3
< T hACA 1 Axis 4 ] 3
= ﬂﬁ E ( Cleat selection J =

[ oK ” Cancel “ Help ]

We add now the GROUP CHARACTERIZATION (STATISTICS tab). We click on VIEW contextual menu.
Thus, we can characterize the partitioning by comparing the most occurred values into each group.
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" TANAGRA 1.4.28 - [Group characterization 1]

E Fie Diagram Component ‘Window Help - |8 %
E
Drefault title Discrete attributes : [Recall] Accuracy Discrete attributes : Recall] Accuracy ~
fE i i 86.5 81.5
=] Dataset (banque_classif_deploiement.xls) EmEERl e TR 5. [ o q§ B4.7% hge=jeuns 71 [ i gf 22.4%
= £ Define status 1 : :
ar i 976 83.3
Il Urivariate discrete stat 1 hge=ancien 4.3 t 1 41,8 % csp=employe 5.0 t # 12,2 %
. B4.1% 41,7 %
= ¢ Discrete select examples 1
3 93.8 41.8
=R Define status 2 revenu=tranche_2 a1 ! 40 sﬁ 43.0%  sitfam=marie a5 | a5 Sf 56,1 %
= @ Multiple Correspondence Analysis 1 : :
) . . . 97.3 87.5
=4 Define status 3 sitfam=celibataire 3.9 t e 6? 37.8% revenu=tranche_d 4.3 [ 29 2? 82K
=% K-theans 1
. Defi 4 ort_action=non 3.4 [ER5E B5.1% revenu=tranche_3 a7 | 2D 25.5%
=t Define status port_s ' 54,9 % . L . 542 % '
M0 Grovp choracterition habit =locataire 25 [787% 5na4  enfantesup_oue eg2 3.4 L7509 5oy
YT poume s 4 mmag 7
4.1 40,9
revenu=tranche_1 2.0 L 6 ? 7.3 %  port_action=oui 3.4 L 75.0 ? 44,9 % 3
Components
Data wisualizatio Statistics Monparametric statistics Instance selection Festure construction Feature selection
Regression Factarial analysis PLS Clustering Spw learning Meta-spv learning
Spw learning assessment Scorng hzzociation
7 Fisher's test m Group characterization EE Group exploration E.Hntalh‘ng's T2 E.Hntalh‘ng's T2 Heteroscedast
< ¥

3.6.2 Contingency table between clusters and descriptors

Another way to understand the clusters background is to compute the contingency tables between
the cluster variable (which indicates the group membership for each example) and the descriptors.
We insert the CONTINGENCY CHI-SQUARE component (NONPARAMETRIC STATISTICS tab). We set
the parameters in order to highlight the most important relationship.

i TANAGRA 1.4.28 - [Group characterization 1]

E File Diagram Component ‘Window Help
H %
Default title Discrete attributes A
= ; i Cross-tabulation parameters
= Dataset (banque_classif_deploiement.xls) el p
=¥ Define status 1
il Urivariate discrete stat 1 hge=ancien Parameters | analysis
= g’_‘ Discrete select examples 1
v e
-4 Define status 2 revenu=tranch B oSt
= Multiple Correspandence Analysis 1 Sort by
=¥ Define status 3 sitfam=celfibat. ) Row attribute name
=] ]‘ﬁ; K-theans 1
- ¥ Define status 4 part_actionz ? O Colurnn attribute name
M Group characterization 1 @ Techuprow statisticé
habit=Igtatairg
Input list
Execute ranc] () Target and Input v
View O Crozs Input
Data visualization Statistics Monparametric statisti
Regresszion ctorial analysis PLS
Spy learning assessment fizsociation ’ ok H Cancel ” Help ]
| #nsari-Bradley Scale Test H Categorcal r TG I Contngency Ch-eguare T T REamans maGwh by Rar
b ¥

We click on the contextual menu VIEW.
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" TANAGRA 1.4.28 - [Contingency Chi-Square 1]
E File Diagram Component ‘window Help

B %

D efault title:

= Dataset (bangue_classif_deploiement.xls)

=¥ Define status 1

il Univarate discrete stat 1
=~ # Discrete select examples 1

(= ¥ Define status 2
= @ Biultiple Correspondence &nalysis 1
=% Define status 3
= o% K-theans 1
- ¥4 Define status 4

@ Group characterization 1

Cluster_KMeans_1 #dge

—— i /

Cluster_KMeans_1 rewenu

Tschuprow's £ 0.611656
Cramer's v 0.727385 _
Phiz 0.525050 Sum
£1.85
ChiZ [p-wal
12 (p-walue) {0.0000)
Lambda 0.583333
0.5291
T -l
3u (p-walue) {0.0000)
UiRSC) 0.4595
(p-walue) {0.0000)

Tzchuprow's t 0.4580721 _
Cramer's v 0632665 o kmeans_2|
Phiz 0.400264 Sum
39.23
Chi? (p-val
1 (prvalie) {0.0000)

4
18 1
72 a1 E

1 16 <
7 1
] 17 ;
M
| >

£
Components
Data vizualization Statistics Monparametric statistics Instance selection
Regressian Factorial analysis PLS Clustering
Spw learning assessment Scorng Association

Feature construction

Spw learming

Feature zelection

Meta-zpy learning

@ Ansar-Bradley Scale Test

B Categorcal r

[#lCachran's Q-test

B Contingency Chi-Square

LI Friedmants AMOWA by Rar

£

>

AGE seems the most significant variable to explain the CLUSTERS, then REVENU, etc. Of course, the

results highlighted here cannot be

in contradiction to the previous

CHARACTERIZATION). These are univariate point of view.

3.6.3 Scatter plot into the factors space

analysis (GROUP

Finally, last tool for interpreting groups, we use the projection of observations in the space of the
latent variables generated by the multiple correspondence analysis. This means that we know how
to interpret correctly these factors, this is not always obvious. But when we succeed, the results are
very interesting because we have a multivariate point of view.

i” TAMAGRA 1.4.28 - [Scatterplot 1]
f File Diagram Component ‘Window Help

=

Diefault title

= Dataset (banque_classif_deploiement.xls)
=% Define status 1
Il Univariate discrete stat 1
= " Discrete select examples 1
= 7§ Define status 2
= @ Multiple Correspondence Analvsis 1
= % Define status 3
= ]0_%. K-heans 1
= ¥ Define status 4
@ Group characterization 1
E Contingency Chi-Square 1
]L. Scatterplot 1

- : a i
Qdlecmccmmocccccm e TR flecemeee
™ : 4 L4
e ©_ ® - “‘ N by
‘h." 8 ey Fy LA Al
0}---=- ey T FYC
* a2 & oty Y
* e s :
™ * % -4 5
|| SRR e e S
0 1

| o c_kmeans_1 4 c_kmeans_2 I

BAGH_1_Aois_1

]

Components

| Data wisualization
Feature construction
PLS

Spw learning assessment

Statistics
Feature selection

Clustering

Monparametric statistics
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<
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We add the SCATTERPLOT component into the diagram (DATA VISUALIZATION tab). We set
MCA_1_AXIS_1 on the horizontal axis, MCA_1_AXIS_2 on the vertical axis. We colorize the points
using the CLUSTERS values. We note that we can easily distinguish the groups in this first scatter
plot.

In considering the factor analysis results above, we see that the first axis (column contributions) is
mainly defined by age, family status and income. We find again the results highlighted in the
univariate analysis.

3.7 Recovering the test set

On all of the components of diagram, Tanagra handles the unselected examples. For the factorial
analysis, it computes the coordinate of examples of the new axis; for the clustering phase, it
assigns each example to a group. We want to consider these results now.

The RECOVER EXAMPLES component (INSTANCE SELECTION tab) allows us to recover the
unselected examples. We add it into the diagram. We click on the PARAMETERS menu, we observe
that we can recover all the examples or the unselected examples only (test set).

" TANAGRA 1.4.28 - [Scatterplot 1] £ad
E File Diagram Component ‘Window Help - O x

(=

Disfault titls MCA_T_fuis_2 v Cluster_KMeans 1~

= Dataset (bangque_classif_deploiement,xls)
=% Define status 1
Il Univarate dizscrete stat 1
= g‘: Discrete select examples 1
= %% Define status 2

U MCA 1 Axis 1 wvs (WZTMCA 1 Sxiz 2 by (V) Cluster_Kheans 1

=-fig] Multiple Correspondence Analysis 1 Recover examples parameters
=¥ Define status 3 "I
= Io_“’,. K-fiveans 1 Pararmeters
= ¥% Define status 4
ﬂ] Group characterzation 1 - Examples to recover
B Contingency Chi-Gquare 1 | )l

Ii. Scatterplot 1

& unzelected
Parameters...
Execute
) anent:
Data wizualization Statistics view tHc =
ata wisualiza E——
[ (0], ” Cancel ” Help
Feature construction Feature zelection Rezressio
PLS Clustering Spw learning Meta-zpw learning
Spv learming assessment #zsociation
,g?:CDntinuous select examples ,g?: [iscrete select examples R\Recover examples ,c%‘: Rule-based selection fSan
< >

We click on VIEW. The test set (100 examples) is used in the subsequent part of the diagram now.

3.8 Group distribution for the test set

A first assessment is the computation of the group distribution on the test set. Because the dataset
is randomly partitioned into train and test set, we expect to obtain approximately the same
distribution for the two parts of the dataset.

We insert the DEFINE STATUS component into the diagram, we set CLUSTER_KMEANS 1 as INPUT.
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i TANAGRA 1.4.28 - [Scatterplot 1]

B=E3

EFiIe Diagram Component  Window  Help

Crefault title

Hd

=l

MCA_1_Axis_2

= fk Define status 1
fill Univariate discrete stat 1

12

& Discrete select examples 1
=% Define status 2
=l @ Multiple Correspondence Analysis 1
=4 Define status 3
= I"_%. K-Means 1
= H§ Define status 4
@l Group characterzation
B Contingency Chi-5quare
[# Scatterplot 1
=&, Recover examples 1

% Define status § —/:
/ | 5|

Statistics

|l

Data wizualization
Feature construction Feature selection

PLS Clustering

Spw learning assessment Scoring

(AT MCA 1 _Axis_1 vs, (H2IMCA_1_Axis_2 by (Y Cluster_Kheans _1
&

Define attribute statuses

N

Parameters

Aftributes

Target Input | lllustrative

Cluster_Kheans_1

D sthut

C pAca_1_swiz_1
hACE_1_Axis_2
hACE_1_Axis_3
MCA_T_dscis_4
MCA_1_dsis_5
MCA_1_Axis_B
MCA_1_fxiz_7
MCA_1_fxiz_8
MCA_1_fwiz_9
MCA 1 _Axiz 10

1>

nononnnn

[ Clear selection J

]

[ ok [ cancet || Help

<

,g?ch-ntinuous select examples ,g?f [hzorete select examples

,f'Sarr
>

KRe-:over examples ,c%ZRule—based selection

We add now the UNIVARIATE DISCRETE STAT component (STATISTICS tab). We obtain similar
proportion, 74 instances belong to the first group, 26 to the second.

(i TAMAGRA 1.4.28 - [Univariate discrete stat 2]

E File Diagram Component ‘Window Help
H
D efaulk tithe ~
Il Urivariate discrete stat 1 25 =
13- & Discrete select examples 1
= ¥4 Define status 2
= @ Multiple Correspondence fAnalysiz 1
= [0 Keieans 1 Distribution
=K% Define status 4
] Group characterization 1 © vawes  Coumt  Percent  Hixt
B Contingency Chi-Square 1 c_kmeans_1 74 . 74.00 %
| Scatterplot 1 c_kmeans_2 26 26,00 %
= K Recower examples 1
=% Define status §
{11R Univariate disc 5318 :
< < A
Compaonents
Data wizualization | Ctatistics Monparametrc statistics Instance selection
Feature construction Feature zelection Regreszsion Factorial analysis
PLS Clustering Spw learning Meta-spy learning
Spv learning aszseszment Scoring fzzociation
Lo, T-Test Ly, T-Test Unequal Yardance EE Univariate continuous stat fll Univariate discrete stat
< | b3
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3.9 Data exportation

We want to export the group membership. We want to compare the results of Tanagra with those of

R. For this, we use the EXPORT DATASET component (DATA VISUALIZATION tab).

EFiIe Diagram Component  Window  Help
E %

Default title:

(' TAMAGRA 1.4.28 - [Univariate discrete stat 2]

- # Discrete select examples 1
= ¥4 Define status 2
= @ Multiple Correspondence fnalysis 1
= ¥4 Define status 3
=-Je% K-heans 1
=% Define status 4
@ Group characterization 1
B Contingency Chi-Square 1
IL. Scatterplot 1
= %\ Recover examples 1
= %% Define status &

Hll Univariate discrete stat 2

|

Dis0OpPrmExportDataset

Pararneters |

Examples selection

O all examples

® selected examplese

Aftributes selection
O all atributes

O target attributes

O] input attributes e

target and input attributes

Parameters...
<_ a Filename :
Ei):\,lcu':e A |risonfTOW'Lc:Iusteringfdeploiement‘tbanqueltanagrafc\usters.bd *'
| Data visualization Statistics RENTE Tl
Feature constructign Feature selection Reg)
PLS Clustering Spu | ok ][ Concel J[_Help ]
Spw learning azsseszme Scoring Association
@Correlation scatterplot ~ Expor‘t datazet ]ﬁ"Scatterplot EScatterplot with label ‘u"iew dataset
3 l >
We click on the PARAMETERS menu. We want export only the selected variable

(CLUSTER_KMEANS 1 selected on the DEFINE STATUS above) and the selected examples (100

examples of the test set). We set also

{7 TANAGRA 1.4.28 - [Export dataset 1]
m File Diagram Component ‘Window Help

H %

the file name TANAGRA_CLUSTERS.TXT.

Default title:

|

&l ;_?t Discrete select examples 1
=¥ Define status 2
=] @ Multiple Correspondence Analysis 1
= %% Define status 3
= E{ K-theans 1
¥y Define status 4
M Group characterization 1
B Contingency Chi-Square 1
IL. Scatterplot 1
= K Recover examples 1
=¥ Define status &
fill Urivariate discrete stat 2

v
Parameters. ..

2

Execute

Statistics

Data wisualization

Regression Factorial analysis

Spw learning assessment Scorng

Export parameters
Attributes selected

Examples  selected

Exportation : 100 examples, 1 attributes,
Filename :

D:\ataMining\Datab '\ parison_TOWiclustering_deploiementbanquettanagra_clusters txt

_For_

Computation time : 0 ms,
Created at 3071072008 056515

Compor . ots

T Instance selection Feature construction Feature selection
PLS Clustering Spv learming Meta-spv learning
Aszociation

@Cnrralatinn scatterplot
Expurt dataset

E’.Scatterplnt
Iﬁ.ScattErplUt with label

View dataset
E,_!View multiple scatterplot
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4 K-Means and deployment with R

The goal is to reproduce exactly the previous process with R, then compare the results. We hope
also that the description of the detail of operations with R gives better visibility on the calculations

made internally by Tanagra.

Data importation. We use the xlsReadWrite in order to import the EXCEL file format; the
read.xls(.) command allows to read the dataset.

#Heoharger les donnédes
library(xlsEeadiirite)

setwd ("D:/Datalining/Databases for mining/comparison TOW/clustering deploiement/bancgue™)
donnees <- read.xls(file="bangue clagsif deploiement.xls",sheec=1

Swmnar v (donheses)

summary(.) computes some descriptive statistics for all the descriptors. We note mainly that there
are 98 examples for the training phase (STATUT = ACTIF) and 100 for the test phase (STATUT =

SUPPLEMENTAIRE).

F Suntary (donnees)

Aore sitfam [=f=a] enfant
ancien: 74 celibataire: 62 cadre moyen: 171 inf a & 73
jeune :4:2 marie t111 ewmp loye 23 Sup ou egy ega: 18
mature: 52 Separe 25 retraite : 4 Zero 107

habit revenu port_action dematnd
locataire: 151 tranche 1:33 non: 91 consommat ion: 897
proprio 17 tranche 2:54 oui:io7 Trawvaux 135
tranche 3:46 volture =1
tranche 4:20
statut
actif 95

supplementaire: 100

Partitioning the dataset. We create two indexes (vector of integers) which correspond to
examples into the train and the test set.

Findex des individus gctifs et illustratifs

id.actif <- which(donneesfstatut=="gctif"™)
id.illus <- which{donneesfstatut=="supplementaire™)
print (id.actif)
printiid.illu=s)
We then obtain
> printiid.actif)

[1] 1 &2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 192 20 21 22
[23] 23 24 25 Z¢ 27 &8 29 30 31 32 33 34 35 36 37 35 39 40 41 42 43 44
[45] 45 46 47 45 49 50 51 52 53 54 55 56 57 58 59 60 61 62 63 64 65 66
[67] 67 68 62 70 71 72 73 74 75 76 7?7 78 79 80 51 852 53 84 55 36 87 85
[89] 89 90 91 92 93 94 95 95 97 95
> print(id.illus)

[1] 99 100 101 102 103 104 105 106 107 105 109 110 111 112 113 114
[17] 115 116 117 115 119 120 121 122 123 124 125 126 127 125 129 130
[33] 131 132 133 134 135 136 137 138 139 140 141 142 143 144 145 146
[49] 147 145 149 150 151 152 153 154 155 156 157 158 159 160 161 162
[65] 163 164 165 166 167 165 169 170 171 172 173 174 175 176 177 178
[81] 179 180 181 182 183 184 185 186 187 188 182 190 151 192 1923 194
[27] 195 196 197 198
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Multiple correspondence analysis. We use the MCA function of the FACTOMINER package
(http://factominer.free.fr/). Its utilization is not common. The predict(.) method is not available.
The projection on new examples is directly made when we call the MCA function with all the
dataset. The two indexes above allow to discern the train and the test set.

The coordinates into the factors space is computed on the train set ($ind$coord) and on the test

set ($ind.sup$coord). We asked 10 factors.

fohargement de 1z librairie FactoMineR
library (FactoMineR)

#acm,

drec partition individus 3ctifs et supplémentiires

#lz colonne statut n'est pas utilisée
#lez nbh.axes premiers axes sohrt demandés

nh.axes <-

X «- donnees[,-9]

10

modele ., acm <-—

MCAE, nop=nb.axes, ind.sup=id.illus, graph=FLL3E]

We display below the Eigen values and percentage of explained variance on each factor.

> print (modele.acmieio)
eigenvalue percentage of variance cuwulative percentage of wvariance

dim 1 2.9670%2e-01 1.562449=+01 15.32449
dim 2 2.115647e-01 1.1258345=+01 27.107594
dim 3 1.733475e-01 9.538532e+00 36.649647
dim 4 1.635057e-01 g.720303e+00 45.36675
dim 5 1.452514e-01 7.2068743e+00 53.27352
dim 6 1.473455e-01 7.585842 6e+00 61.13154
dim 7 1.261367e-01 6.72585955=+00 67.36120
dim 8 1.04393%=-01 5.567877e+00 73.42958
dim 2 9.7778375e-02 5.2148a66=+00 TE. 6449445
dim 10 §.957172e-02 4.777155=+00 83 .42160
dim 11 §.770947e-02 4.6775835=+00 G5.09944
dim 12 7.725772e-02 4.1=20412e+00 92.21985
dim 13 5.744599=-02 3.0635946e+00 95.268380
dim 14 5.055551e-02 2.696310e+00 97.958011
dim 15 3.787292e-02 2.015585%=+00 100.00000
dim 16 4.5583556e-32 2.444563e-30 100, 00000
dim 17 5.3193168e-33 2.8372362-31 100. 00000
dim 18 3.955367e-33 2.108529e-31 100. 00000
dim 19 3.822916e-33 2.038858%e-31 100. 00000
dim 20 1.572476e-33 g.386540e-32 100. 00000
dim 21 1.228609e-33 6.552579e-32 100. 00000
dim 22 1.0Z25267e-33 5.465090e-32 100. 00000

23 5.07037Ze-34 2.704195e-32 100. 00000

dim

K-Means with the factors of MCA. We launch the K-Means method on the 10 first factors. We

ask 2 groups.

#k-means swur les axes de 1'TACM findividus 2ctifs)
nh.classes <- 2

set.seed(10)
modele. kneans «<-—

print (modele. kneans)

We obtain

kaneans (modele.acmd indfcoord, centers =

nh.classes,algorithw="MNacQu=sen™, iter .max=40)
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KE-means clustering with 2 clusters of sizes 24, 74

Cluster means:
Dim 1 Dim 2 Dim 3 Dim 4 Dim 5 Dim &
1 0.7739419 0.23901805 -0.05952594 -0.0162270058 0.03015225 -0.017023200
2 -0.2510082 -0.07751937 0.01930665 0.005262814 -0.00975854 0.005521038
Dim 7 Dim 8 Dim 9 Dim 10
1 0.04535855 -0.12070994 0.04619789 -0.023475007
Z2 —-0.01568386 0.03914917 -0.01495310 0.007613516

Clustering srector:
1 & 3 4 5 & 7 & 9 10 11 12 13 14 15 18 17 18 15 20 21 22 23 24 25 28
1 &2 2 1 2 2 & 2 2 & 2 & £ & & 2 & ¢ 1 z 2 & 1 1 2 =2
Z7 28 29 30 31 32 33 34 35 36 37 38 39 40 41 42 43 44 45 46 47 45 45 50 51 52
2 2 & z & & 2 & 1 2z &z 1 & 2z 1 2z 2 & 2z 2 2 1 1 1 2 1
53 54 55 56 57 58 59 &0 81 62 63 64 65 866 &Y 65 69 V0 T1 Y2 TI Y4 7S e VY TS
1 2 2 2 &2 2 & 2 1 2 1 1 2 &2 &2 2 1 2z 2 1 1 & 2z 2 2 1
79 50 51 82 53 84 55 86 87 55 §9 90 91 92 95 94 95 946 897 95
2 2 1 2 &2 2 2 & 2 &2 2 2 1 2 2 1 2 &2 1 &z

Within cluster swuwm of squares by cluster:
[1] 4&.88773 84.76367

Iwailable components:
[1] "cluster™ fcenters®™ Mwithinss"™ "size™

R obtains 2 groups with respectively 74 and 24 instances. The within sum of squares is the same as
Tanagra. The groups are likely the same.

> sumimodele . koneansiwithinss)
[1] 131.58514

We can also compute the centroids.

#recuperation des centres de classes dans 1'espace des axes Ffactoriels
centres <— modele.kneansicenters

numero <-— sedq(from=1,to=nbh.classes)

rownsmes (Centres) <- paste ("clus Yo numero, Sep=rr)

print (centres)

We note that the group n°1 (resp. n°2) of Tanagra corresponds to clus_2 (resp. clus_1) of R.

> print (centres)

Dim 1 Dim 2 Dim 3 Dim 4 Dim 5
clus 1 0.7732412 0.23201805 -0.05252594 -0.016227008 0.03018z225
clus 2 -0.2510052 -0.07751937 0.0123066% 0.005262514 -0.00975E8584

Dim 6 Dim 7 Dim & Dim 2 Dim 10
clus 1 -0.017023200 0.04535855 -0.12070994  0.046197Y829 -0.023475007
clus 2 0.005521038 -0.01568386 2 0.03914917 -0.01458310 0.007613516

Deployment i.e. assigning groups to unlabeled examples. We must define various functions
for the classification. First, dist_euclidienne(.) computes the square of the Euclidian distance
between a centroid (reference) and an example (a_classer).

H¥fonction distance enuclidienne entre deux lignes
dizt_euclidienne <- function(ref,a classer){
dist <- sumi(ref-a classer) 2]
return(dist)
H
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Then, we compute this distance for the centroids (reference) of the groups. le_plus_proche(.)
returns the index of the closest group.

HFrour une observation, calouler le min. de distance, et renvover 1'indice
le plus proche <- function(baryeentres=centres.a classer){

wer <- applyiharycentres,l,dist euclidienne,a classer)

frenvover 1'indice

indice <—- which.min(wec)

returniindice])

Finally, we apply this function for all the examples of the test set. A new vector (resultat) gives the
group membership of each example.

Henchainer tout cels pour chague individu supplémentaire

resulcatc «<-— apply(modele.acmSind.supScoDrd,1,le_plus_pruche,barycentres=centres]
resultat <- as.factor(resultat)

print (summary (resultatc) )

The group distribution on the test set is the same as Tanagra.

> printi(summary(resultatc) )
1 2
26 74

Comparison of the groups. We get the same group distribution but we do not know if Tanagra
and R assign the same group to each example. In order to verify this, we want to create a
contingency table between the two group assignment vectors.

In the following screenshot, we import into R the group membership exported from Tanagra and we
create a contingency table with “resultat”.

#é***fisésésésé***fifs{-f**éfiféfé*é*fiféféé**fif

H#oroiser les reéesultats avec ceux de Tanagra
#:GA—A—i—:(-:(-:G:C—:G:GA-i—:\(-:(-:(-:G:G:G***f*f*fé***f*f*fé***f*f

#renuméroter les individus de 1 & 100

names (resultat) <- 1:100

H#chavger les clusters de Tanagra

tanagra.clus <- read.tsble(file="tanagra clusters.txt", header=T)
Hoonfronter

croiszement <- table(resultat,tanagra.clusSCluster_KHeans_l]
print (croisement)

The correspondence is perfect.

> print (croisement)

resultat o kmeans 1 o kmeans 2
1 o Z6E
z 74 a

5 Conclusion

We describe in this tutorial a possible deployment strategy in unsupervised learning. Curiously, this
problem is often neglected in the literature. Yet the practical applications are obvious. The main
idea is that the classification strategy must be in adequacy with the learning strategy.
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But, we can also adopt a pragmatic approach. In a first step we define the clusters using the
unsupervised method. Each instance of the learning set is assigned to their group. Then, in the
second step we use the group as a class attribute in a supervised learning process. Of course, the
classification can be noised i.e. two examples in the learning set which are the same group during
the unsupervised learning phase can be assigned to different groups when we create the
classification function from the supervised approach. But at least the strategy has the advantage of
being unsophisticated.

We show below a classification function generated with the C4.5 decision tree algorithm.

Error rate 0.0714
Values prediction Confusion matrix
Value Recall 1-Precision c_kmeans_1 c_kmeans_2 Sum
c_kmeans_1 0,9595 0.0833 c_kmeans_1 71 3 74
c_kmeans_2 0,8333 0.1304 c_kmeans_2 4 20 24
Sum 7R 23 25

Classifier characteristics

Data description

Target attribute Cluster_KMeans_1 (2 values)
¥ descriptors S

Tree description

Mumber af nodes 9

Mumber of leawes ]

Decision tree

& Czp in [emplaye] then Cluster_KMeanz_1 = c_kmeans_2 (53.33 % of 12 examplez)
® Czpin [cadre_moyen)
® Aoein [jeune]
# port_action in [non] then Cluzter_KMeans_1 = c_Kkmeans_1 (65,67 % of & examples)
& port_action in [oui] then Cluster_EMeans_1 = c_kmeans_2 (100,00 % of § examples)
& 422 in [ancien] then Cluster_Kheans_1 = c_kmeans_1 (97,44 % of 39 examples)
# fboein [mature] then Cluster_KMeans_1 = ¢_kmeans_1 (36,67 % of 30 examples)
® cspin [retraite] then Cluster_KMeans_1 = c_kmeans_2 (66,67 ¥ of 3 examples)

The model is not accurate. There are 7 false classifications on the training set.
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