Didacticiel - Etudes de cas R.R.

1 Subject

Implementing the Kohonen’s SOM (Self Organizing Map) algorithm with Tanagra.

A self-organizing map (SOM) or self-organizing feature map (SOFM) is a kind of artificial neural
network that is trained using unsupervised learning to produce a low-dimensional (typically two-
dimensional), discretized representation of the input space of the training samples, called a map.
Self-organizing maps are different than other artificial neural networks in the sense that they use a
neighborhood function to preserve the topological properties of the input space

(http://en.wikipedia.org/wiki/Self-organizing_map).

SOM is a clustering method. Indeed, it organizes the data in clusters (cells of map) such as the
instances in the same cell are similar, and the instances in different cells are different. In this point
of view, SOM gives comparable results to state-of-the-art clustering algorithm such as K-Means

(Forgy, 1965; McQueen, 1967).

SOM can be viewed also as a visualization technique. It allows us to visualize in a low dimensional
representation space (2D) the original dataset. Indeed, the individuals located in adjacent cells are
more similar than individuals located in distant cells. In this point of view, it is comparable to
visualization techniques such as Multidimensional scaling (Kruskal, 1978) or PCA (Principal

Component Analysis, http://en.wikipedia.org/wiki/Principal_component_analysis).

In this tutorial, we show how to implement the Kohonen's SOM algorithm with Tanagra. We try to
assess the properties of this approach by comparing the results with those of the PCA algorithm.
Then, we compare the results to those of K-Means, which is a clustering algorithm. Finally, we
implement the Two-step Clustering process by combining the SOM algorithm with the HAC
process (Hierarchical Agglomerative Clustering). It is a variant of the Two-Step Clustering where

we combine K-Means and HAC (http://data-mining-tutorials.blogspot.com/2009/06/two-step-

clustering-for-handling-large.html). We observe that the HAC primarily merges the adjacent cells.

2 Dataset
We analyze the WAVEFORM dataset (Breiman and al., 1984)™. This is an artificial dataset?.

There are 21 descriptors. We have 5000 instances. We do not use the CLASS attribute which

classify the instances into 3 pre-defined classes in this tutorial.

* http://eric.univ-lyon2.fr/~ricco/tanagra/fichiers/waveform_unsupervised.xls

? http://archive.ics.uci.edu/ml/datasets/Waveform+Database+Generator+%28Version+1%29
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3 Kohonen’s SOM approach with Tanagra
3.1 Importing the data file

The easiest way to import a XLS file is to open the data file into Excel spreadsheet. Then, using the

add-in TANAGRA XLA?, we can send the dataset to Tanagra which is launched automatically. We

can check the range of selected cells in the worksheet.

E3 Microsoft Excel - waveform_unsupervised.xls

Fichier  Edition  Affichage  Insertion Format  OQutils  Données  Fenétre 7 | Tanagra | Sipina -8 X
O > Arial - - G I 5 = E | Execube Tanagra ~k.= - My é -
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0.86 0.29 219 .0z 1.13 2581 237 5.45 5.45
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0 f, Execute Tanagra ] B 253
087 . 381
02 . Dakaset range (including the name of the attribukes -- First row): _ 172
-1.11 -1 A% 14LER001] _ 164
-0.75 . i 2 k2
0.14 i oK %\ Cancel . 1.4
1.32 -0. i 217
-0.93 . . 322
-1.06 0.59 1.01 333 2.05 32 47 4.21 473
1.86 0.37 -0.35 0.74 0.84 0.21 1.97 1.62 1.85
-0.51 -0.48 0.35 -1.67 0.26 2.45 -0.09 2.03 0.79
1.16 -1.19 -2.26 063 0.32 1581 211 2.58 1.03
-0.09 2.3 -0.43 0.36 0.1 -1.2 1.47 2.25 35
-1.43 -0.46 -0.52 1.45 0 1.35 1.39 0.&1 0.03
-1.09 -0.22 0.1 -1.03 1.09 1.72 1.91 3.61 222
-0.95 -1.28 063 -0.3 -1.04 1.86 -013 016 -1.05
097 072 -0.64 -0.87 0.6& 08 -0.47 0.55 0.57
0.31 -0.34 -1.32 -1.24 -1.28 -0.02 -1.8 0.11 3.29

-1.67 203 207 3.88 5 -

[

Prét Somme=179754.53 UM

Tanagra is launched, a new diagram is created and the dataset is loaded. We have 5000 instances

and 21 attributes.

3 See http://data-mining-tutorials.blogspot.com/2008/10/excel-file-handling-using-add-in.html; Tanagra can handle also
the XLS file even if Excel is not installed on our computer http://data-mining-tutorials.blogspot.com/2008/10/excel-file-
format-direct-importation.html

In addition, Tanagra can be incorporated also in Open Office Calc spreadsheet, under Windows http://data-mining-
tutorials.blogspot.com/2008/10/000calc-file-handling-using-add-in.html or under Linux http://data-mining-
tutorials.blogspot.com/2009/04/launching-tanagra-from-oocalc-under.html.

ler juillet 2009 Page 2 sur 14



Didacticiel - Etudes de cas R.R.

" TANAGRA 1.4.26 - [Dataset (tan85.txt)] =113
IFile Diagram  Component  Window  Help - | & x
= B

— S dwetgensey T

Database : C\DOCUME~T'Waisont LOCALS~ 1\ Tempitands. txt

Download information

Dataset (tand5 txt]

Datasource processing
Computation time 125 ms

allocated memory 433 KB

Dataset desgription

21 attributeds)
5000 example(s)

v
Components
Data visualization Statistics Monparametric statistics Instance selection Feature construction Feature zelection
Regression Factorial analysis PLS Clustering Spw learning Meta-spy learning

Spu learning assessment Scarng Association

@Cﬂrrelatinn scatterplot EScattarptnt with label

Expm’t dataset \n’iew dataset
EScatterplot E_';\;’iew multiple scatterplot

3.2 Descriptive statistics and outliers detection

First step, we check the integrity of the dataset by computing some descriptive statistics
indicators. We insert the DEFINE STATUS component into the diagram using the shortcut into the
toolbar. Then we set all the variables as INPUT. Caution: the variables must be continuous if we

want to perform a Kohonen'SOM processing below.

" TANAGRA 1.4.26 - [Dataset (tan85.1xt)]

E File Diagram Component ‘window  Help -8 x
Analysis -~
. 2
Dataset (tanBh, txt
E‘§ ’a aset [tandh.oxt) Define attribute statuses
i Define status 1 &g
~ JE—
-~ ~ Parameters
~
Ciibte=D Target Input gslratwe -
c A VD1 A~
o vz N
c W02
c 404
c Wos
c VO
c * | |vor
c s 1
€ V10
c
c W11
C viz
E] 413 v 3
EE E [ Clear selection ]
Data wisualization Statistics ruction
Feature selection Regression [ OK ][ Cancel “ Help ] e
Spw learning Meta-spy learning Spw learning assessment Scoring Association
$Cnrrelation scatterplot [ﬁ.ScattarplDt with label
Expurt dataset \f'w‘ew dataset
EScattarplDt E._';\f’w‘ew multiple scatterplot

We add the UNIVARIATE CONTINUOUS STAT component (STATISTICS tab). We click on the VIEW

menu. We obtain the following report.
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AMAGRA 1.4.26 - [Univariate continuous stat 1]

ﬁ File Diagramn Component ‘Window Help E
H =
CEllss Attribute Min Max Average Std-dev  Std-dewfavg ~
- [ Dataset franB.tat) w1 3.34 3.94 00051 10101 196.3706
=% Define status 1 D2 -3.25 368 0.3387 10837 31105
[ Univariate continuous stat 1 ey
:>\IE|3 -4.2 4.72 0.6724 1.1880 1.7667
W04 -3.84 5.75 0.9916 1.4152 1.4272
WO& -5.48 6.5 1.3109 1.6783 1.2803
RUL] -2.76 7.62 1.9973 1.8142 0.9083
W07 -3.32 8.76 2.6618 2,015 07573
WOG -5.62 7.64 2.669F 1.7461 0.6566
woe -3.38 7.9 2.6721 1.6633 0.6225
W0 -1.79 F.63 2.9887 1,6315 0.6124
W11 -1.48 .06 3.3366 1.6386 0.606&1
W12 -1.69 7.4 3.0136 1.5124 0.6019
[T e -2.61 8 A7HT 16514 0.6145 )
Components
Data visualization ’W Nonparametricestatistics Instance selection Feature construction
Feature selection Regression Factorial analysis PLS Clustering
Spv learning Meta-zpy learning Spw learning aszessment Scoring Aszociation
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< ¥

We note that there is no constant in our dataset i.e. standard deviation

the variables seem defined in the same scale.

0. We note also that all

We can complete this dataset checkout by detecting eventual outliers. We add the UNIVARIATE

OUTLIER DETECTION (STATISTICS tab) component®.

ANAGRA 1.4.26 - [Univariate Outlier Detection 1]

(E=1ES

ﬁ File Diagram Component ‘Window Help E,
B %
Analysis . R A
Detailed results for each variable
2 Dataset (tan85.txt)
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$ 70.6965
v 3.8954 -3,0252 3.0355 8 -2,7380 2.74580 29 -4,7900 4.8000 o
Vo2 3.4060 -2.8222 3.4997 12 -2.5125 3.1875 34 -4.6500 5.32R0 a
Vo3 4,1015 -2.6915 4.2363 16 -2, 5660 3.8750 33 -4.9800 &.2900 1)
vod 3.4140 -3,2641 52373 4 -3,0080 4,9550 9 -5,9900 7.%400 o
Vo3 3.0919 -3.7240 6.5458 2 -3,7225 6,2975 3 -7.4600 10,0550 o
Vs 3.0993 -3.4453 7.4399 1 -3,5350 7.4650 1 -7.6600 11,5900 o
Vo7 3.0262 -3.3866 8.7091 1 -3.5400 88400 0 -8.1900 13,5100 o
Vo 3.8389 -2.5790 7.5974 2 -2.4380 7.7450 3 -4.2400 11.5900 a
voe 3.6387 -2.3177 7.6619 5 -2,2380 7.6450 5 -5,9400 11,3500 0 =
Companents
Data visualization ’W Monparametrc statistics Instance selection Feature construction
Feature selection Regression Factaorial aialysis PLS Clustering
Spv learning Meta-spv learning Spv learming assessmeri Scoring Association
@ Mormality Test 2% Paired T-Test %Semw‘-pam‘al Correlation [ Univariate continuous stat ]_Welch ANC
iy One-weay AMOWVA Wt Paired W-Test Lk, T-Test: hll Univariate discrete stat
]&One-way Sl AR O A [ﬁ‘Par‘tialCorrelation Lm,,T—Test Unequal Yarance s Univariate Outlier Detection
< >

“ See http://data-mining-tutorials.blogspot.com/2009/06/univariate-outlier-detection-methods.html
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Whatever the variable, there is no unusual value. It is not surprising. We know that this dataset is

generated artificially.

3.3 The KOHONEN-SOM component

We want to launch the analysis now. We create a grid with 2 rows and 3 columns ie. a

classification of the instances into 6 groups (2 x 3 = 6 clusters).

We add the KOHONEN-SOM component (CLUSTERING tab) into the diagram. We click on the
PARAMETERS menu. We set the following settings.

S=1E9

i TANAGRA 1.4.26 - [Univariate Outlier Detection 1]

WP File Diagram Component  Window Help Kohonen's Self Organisation Map parameters -8 X
H %
. Parameters Reszult
Analysis ] esulls ~
Detailed 1
= Dataset [tand5.txt) rA&P Structure
=% Define status 1 i Gr
b . = . Variable 3 Ermma: ence Rule
[#% Univariate continuaus stat 1
- . : d Col size : 3 L IZ]
+m Univariate Outlier Detection 1 o - .B  Detected
L 3 ohonen- - ‘)
3 . N 0o 1}
Diztance normalization
< 250 1]
Execute O Mone
Wiew W 9 @ Yariance R v
Vo4 3 <400 1]
Vo3 3 Starting learning rate :  |0.20 sy o
Vb 3 00 1]
Vo7 3 Seed random generatar 100 0
vos 3 O Random 00 0
S 3 (& Standard 0D 0w
Data wisualization Statistics Nonparam) on
Feature selection Regression Facto ’ oK ” Bemee] ” Help
Spw learning Meta-spv leszning Spy learnil
£CT [9&EM-Selectian B Kohonen-som, i vaRCLUS
£ CTP HHHAC B Lo ST VARHCA
]ﬁEM-Cluster‘ing ]ﬁ:,K-Means @Neighborhood Graph ]*_.‘,VARKMeans

The number of rows of the map is 2 (Row Size), the number of columns is 3 (Col Size). We
standardize the data i.e. we divide each variable by their standard deviation. It is recommended
when the variables are not in the same scale. It is not necessary if they are defined in the same

scale or when we want to take into consideration explicitly the differences in scale.

We do not modify the other settings (see http://en.wikipedia.org/wiki/Self-organizing_map about

SOM approach and its settings). We validate and we click on the VIEW menu. We obtain the

following report.
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{Z TANAGRA 1.4.26 - [Kohonen-SOM 1]
E Flle Diagram Component window Help -8 %
[l =
Analysis J T T =
Seed random generatar Standard p |
= Dataset (tanB5.txt] 2
81:* Define status 1
- BE Univariate continuous stat 1 e s
oo Uniwariate Qutlier Detection 1
= - MAP Topology
o §i{ohonen-50M 1
Parameters... 1 2 3
Evecute 1 959 687 988
2 686 925 7EE
MAP Quality
Ratio explained 0.4516
Computation time @ 171 ms,
Created at 21/07 2008 06:03:36 Iy
\ Components
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The number of instances into each cell is displayed. We see that 45.16 % of the TSS (Total Sum of

Squares) is explained by the partitioning into 6 classes. We can compare this result to those of the

other methods below.

3.4 Classification of the instances

I TANAGRA 1.4.26 - [View dataset 1 [All] (5000 examples, 22 attributes)]
E File Diagram Component ‘Window Help

[l =

Analysiz

=] Dataset (tanB85.txt)
- %4 Define status 1
HE Univariate continuous stat 1
~+m Univariate Outlier Detection 1
Kohonen-50M 1
[ view dataset 1

Components |
Data visualization | Statistics | Monparametric statistics | Instance selection Feature construction |
Feature selectiol | Regression | Factoral analysis | PLS Clustering |
Spv learning | Aeta-spw learning | Spw learning assessment | Scoring Association |

$Curralatiun scatterplot EScatterulut with label
Export dataset Wiewe dataset
]&.Scatterplot E_i\f'w‘ew multiple scatterplot

The KOHONEN-SOM component adds a new column to the current dataset. It states the group

membership of each instance. This new attribute is available in the subsequent part of the
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diagram. We can visualize the current dataset with the VIEW DATASET component. We see for

instance that the first example belongs to the cell (1, 3) i.e. first row and third column.

Note: we can classify an additional instance with the same framework i.e. an example which is not
involved in the learning process. This deployment phase is one of the most important steps of the

Data Mining process>.

4 Proximity of nodes into the grid

Individuals who are in adjacent cells are also close in the original representation space. This is one

of the main interests of this method. Let us check this assertion on the WAVEFORM dataset.

We cannot visualize the dataset into the original space. So we use a PCA in order to obtain a 2D

representation. We try to visualize the relative positions of groups (clusters) in the scatter plot.

We add the PRINCIPAL COMPONENT ANALYSIS component (FACTORIAL ANALYSIS tab) after the
KOHONEN-SOM 1 component. We click on the VIEW menu.

" TANAGRA 1.4.26 - [Principal Component Analysis 1] B
E File Diagram Component ‘Window Help -8 x
H
—— . pcpalcomponentanaysst
= B Dotser (ndo0) L e
e f-:i Define status 1 Generated axis : 10 W
EE Univariate continuous stat 1
+a Univariate Outlier Detection 1 Compute COS2 and CTR : 0
= B Kohonen-504 1
[ View dataset 1 T

K Prncipal Component Analysis 1 Eigen values

Matrix trace = 21.00

Axis Eigen value % explained Histogram % cumulated
1 7.904108 37.6d% 37.6d% g
2 3261015 15,53% 53.17%
™
< | by
Components

Data wisualization Statistics Monparametric statistics Instance selection Feature construction
Feature selectio Regression Factaorial analysis PLS Clustering

Spy learning Meta-spy learning Spw learning assessment Scaring hssociation

# Canonical Discriminant An3ysis @Mutﬁplé{;orresnondence Bnalysis
ECDrresponden:e Analysis MNIPALS =

@-Factur rotation M“Pﬁncipalcgmpunent Analysis

The first two factors representation space accounts for the 53.17% of the total variability. It seems

weak, but on this dataset, it is enough to represent properly the instances.

We add the SCATTERPLOT component (DATA VISUALIZATION tab) into the diagram. We set the

first factor as the horizontal axis, the second one as vertical axis.

5> See http://data-mining-tutorials.blogspot.com/2008/12/k-means-classification-of-new-instance.html ~ for  the
unsupervised learning framework; http://data-mining-tutorials.blogspot.com/2008/11/apply-classifier-on-new-
dataset.html for the supervised learning framework.
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GRA 1.4.26 - [Scatterplot 1]
m File Diagram ©Component Window Help

H %

Lnalysis

= Dataset [tan85.tut)

(1 PCA_ _Axis_1 va. (KZIPCA_1_Axis_2

(=K Define status 1
[ Univariate continuous stat 1
o Uniuariate Outlier Detection 1
=8l Kohanen-50M 1
[EE] Wiew dataset 1
= [}_{’ Principal Companent Anabysiz 1
IL. Scatterplot 1

PCA_1 _Axis_1 ;

Components

Maonparametric statistics
PLS

Association

Statistics

Data visualization
Regression Factorial analysis

Spu learning assessment Scorng

Instance selection

Clustering

Feature construction

Spy learning

Feature selection

Mhetaspv learning

# Soatterplot with label
few dataset

@Currelatw‘on scatterplot
Expﬂr‘t dataset

IL?-"Scatterplﬂt few multiple scatterplot

A crucial step of this tutorial, we colorize the points with the cluster membership supplied by the

SOM algorithm (CLUSTER_SOM_1).

ANAGRA 1.4.26 -
EF“E Diagram  Component  Wwindow  Help

=

Analysis

=] Dataset (tandh.txt)

B %4 Define status 1
H Univariate continuous stat 1
o Univariste Outlier Detection 1
=-Ef Kohonen-50i 1
Wiew dataset 1
= ]}_f‘ Principal Component Analysis 1
]L. Scatterplot 1

» c_som_1_1 +c_som_1_2 ac_som_1_3 x c_som_2_1

c_som_2_2 mc_som_2_3 |

PCA_1_&xis_1 b

Spv learning Meta-spy learning Spy learning assessment

Instance selection

PLS

Camponents
Data wisualization Statistics Monparametric statistics
Feature selection Regreszion Factorial analysis

Scoring

Feature construction

Clustering

Association

Scatterplot with label
Wiew dataset
E,_';\-"iew multiple scatterplot

@‘Correlation scatterplot
E:. xport dataset
]i,Scatterplot

We note the correspondence between the proximities into the SOM map and the proximities into

the 2 first factors of PCA. It means also that the instances into adjacent cells are close into the

original representation space (with 21 attributes).
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(X1) PCA_1_Axis_1vs. (X2) PCA_1_Axis_2 by (Y) Cluster_SOM _1

H

T T
1 ‘
kR

|o c_som11+c_soml2ac_soml3xc_som21 c_som22mc_som23 |

5 A comparison with K-MEANS

5.1 Clustering process with K-Means

K-Means is a state-of-the-art approach for clustering process

means_clustering). We add the component into the diagram and

(http://en.wikipedia.org/wiki/K-

we ask 6 clusters. There is no

constraint about the relative position of the clusters here.

" TANAGRA 1.4.26 - [Kohonen-SOM 1]
E File Diagram Component ‘Window Help

(=

Analysiz

= Dataset (tand5 txt)
=-¥% Define status 1
[ Univariate continuous stat 1
o Univariate Outlier Detection 1
=B Kohonen-50M 1

Columns

Rows

$OM

K-Means parameters

Parameters Results

Mumber of clusters
fax iterations : il
MNumber of trials

Distance normalization

View dataset 1 Distance nor O Mone
. o : L j ' @Varlance
= @‘ F'rjlnmpalCornponent Analysiz 1 Earning ra ’7
]ﬁ. Scatterplot 1 Sﬁdwﬁn Average computation
= - ~ O Foray
Execute
View Compone Seed random generator
Data wiswglization | b comeres Manparame: ) Random
Feature constr Feature selection Regr ® standard
PLS Clustering Spw g
Spw learning assessment Scoring fsso
[ (0] 4 ” Cancel ” Help ]
ST & EMi-Clusterin ARHAC — Graph T
& CTP [ Eni-Selection 0% k-t eans B Lvg I8 VARCLUS [+
< | >

We click on the VIEW menu in order to launch the calculations.
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1 TANAGRA 1.4.26 - [K-Means 1]

ﬁFile Diagram Compaonent  wWindow  Help

B

S=1E3

Analysiz
= Dataset [tan85.txt)
= Define status 1
= Univariate continuous stat 1
o Univariate Outlier Detection 1
=-Ef Kohonen-S0M 1
Wiew dataset 1
= Té. Principal Component Analysis 1
h Scatterplot 1

]ﬁK-Means1
- — ay — ~>

Clustering results

Clusters b

Cluster Description Size
cluster n®1 c_kmeans_1 &30
cluster n®2 c_kmeans_2 639
cluster n®3 c_kmeans_3 665
cluster n®d c_kmeans_4 1133

cluster N6 c_kmeans_E 1061

cluster n®é c_kmeans_é& 529
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Y
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Feature construction

Clustering

Azzociation

The relative part of the total sum of squares explained by the partitioning is 46.31%. It is rather
comparable to the one obtained with SOM (45.16%). But we remind that there is no constraint

about the relative position of the clusters for the K-Means algorithm.

5.2 Agreement between the clusters

If the performances of these approaches seem similar, are the clusters comparable?

To check the correspondence, we create a cross-tabulation between the column memberships

supplied by the two approaches.

We insert a new DEFINE STATUS component into the diagram. We set CLUSTER_SOM_1, the
supplied by the SOM TARGET; we
CLUSTER_KMEANS_1, supplied by the K-MEANS algorithm, as INPUT.

cluster membership column algorithm, as set
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Then we add the cross-tabulation component (CONTINGENCY CHI-SQUARE, NONPARAMETRIC
STATISTICS tab). We click on the VIEW menu.

" TANAGRA 1.4.26 - [Continge
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Data wisualization Statistics Nonparametric statistics Instance selection Feature construction Feature selection Regression
Factorial analysis PLS Clustering Spw learning Meta-spw learning Spv learning assessment Scoring
Association
& Categorical r Goodman Kruskal Gamma Kendall Tau-b <" Kendalls tau . Wood Runs Test O sommers d i, Wald-Walfowitz Runs Test
|E Contingenay Chi-Square Goodman-Kruskal Lambda [ Kendall Tau-c T Kruskal-Wallis 1-way ANOVA B Partial Theil U " Spearman’s rho ¥ ilcoxon Signed Ranks Tes
Flf| Friedman's AMOVA by Ranks  [E] Goodman-Kruskal Tau 1l kendalts Concordance W [l Mann-Whitney Comparison 2+ Sign Test E Theil U
8 E

We note that these approaches build a very similar partitioning of the instances. The

correspondence is almost exact: each cluster of K-Means corresponds to one cluster of SOM.

In the table below, we show the correspondence between clusters.
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Cluster Cluster SOM Cluster K-MEANS
A (1;1) 4
B 1;2) 2
C (1,;3) 5
D (2;1) 3
E 2;2) 6
F 2;3) 1

6 Two-step clustering

Two-step clustering creates pre-clusters, and then it clusters the pre-clusters using hierarchical

methods (HCA). Two step clustering handles very large datasets®. The K-Means is usually used in

the first phase where the pre-clusters are created. In this tutorial, instead of K-Means, we use the

SOM results for this first phase. This variant involves a very interesting property: the adjacent pre-

clusters correspond to nearby areas in the original representation space. This strengthens the

interpretation of the dendrogram created with the subsequent HCA algorithm.

We add the DEFINE STATUS component into the diagram. We set CLUSTER_SOM_1 as TARGET,
the descriptive variables (V1..V21) as INPUT.

F Fie

{7 TANAGRA 1.4.26 - [Contingency Chi-Square 1]

Diagr; Component  Window  Help
; Analysis

=] Dptaset (tandh,txt)
= fk Define status 1

= Kohanen-50i 1
Wiew dataset 1

]L Scatterplot 1
-[o% K-theans 1
- ¥ Define status 2

L Define status 3 &

B Univariate continuous stat 1

-0 Univariate Outlier Detection 1

~

= I}_(‘ Principal Component Analysis 1

7

[E Contingency (#-Square 1

h

Data wisualization
Feature selection

Spv learning

Statistics

Regression

Meta-spy learning

-

5

Categorical v
B Contingency Chi-Square
[l Friedman's ANOWVA by Ranks

<

Goodman Kruskal Gamm)
Goodman-Kruskal Lamb
Goodman-Kruskal Tau

-
Define attribute statuses

Parameters

Aftributes

Target gm lllustrative

C v
C w1z
C w1z
C vi4
C vi5
C v16
C w7
C wvig
C wvig
C w20

23

E3l

Cluster_SOM_1

|

Clear selection

BY1A
v

Parameters

Attributes

Target Input ‘%
~

alal

c Wi
c w02
c Vo3
c W4
c W05
c VO tion
c W07
c w08 L
w0
g V10
w11
g 2 ood Runs Test
Cluster_S0M_1 - W13 v artial Theil U
o ign Test

Clear selection

[ ox [ camet J[_ren ]

We add the HAC component (CLUSTERING tab).

® http://faculty.chass.ncsu.edu/garson/PAz65/cluster.htm ; the implementation of this approach with Tanagra is described

in various tutorials e.g. http://data-mining-tutorials.blogspot.com/2009/06/two-step-clustering-for-handling-large.html
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(I TANAGRA 1.4.26 - [HAC 1]

EFiIe Diagram Component  Window Help

Statistics

Regression

Spv learning fieta-spy learning

Monparametric statistics
Factarial analysis

Spv learning assessment

Instance selection

- |0 %
H
Analysiz Report | Dendrogram
= [ vt (e =
=54 Define status 1
B Univarate continuous stat 1 CIUStering results
o Univariate Cutlier Detection 1 — 3
=B Kohonen-500 1 L .
View dataset 1 Cluster Description Size
= Té. Principal Component Analysis 1 Erat]| el |{HE
IL. Scatterplot 1 cluster n®2  c_hac_2 925
= @' K-Means 1 cluster n®3  c_hac_3 2332
= %4 Define status 2 .
. D Contingeney Chisquars 1 | || BESE cluster selection
=Ky Define status 3 Clusters  BSSratio  Gap
AHHIC T - o -3 1 0.0000 0.0000
2 0.2512 2.9736
3 0.3608 1.1805 g
4 0.4141 0.5041
5 0.4435 0.0717 1
-] 0.4694 0.5449
v
Components

Feature construction

pLS Clustering
Scoring Azzociation

T \L&Em-saectmn B Kohonen-som 1% varcLUS
£CTP MhHAC P lva ATHVARHCA
@EM-CLU;tar‘ing @,K-Means @Neighhnrhnnd Graph I'_.‘.VARKMeans

The component automatically detects 3 groups. This choice relies on the height between each

merging. There is no theoretical justification here.

The DENDROGRAM tab of the visualization window is very important. By clicking on each node of
the tree, we obtain the ID of the pre-clusters supplied by the SOM algorithm.

' TANAGRA 1.4.26 - [HAC 1]
E File Diagram Component Wwindow Help

EH

Dendrogram g

HAC -- Dendrogram

Analysiz Report
= Dataset (tan85 kxt)
= ¥ Define status 1

[ Univarate continuous stat 1 E

o Univariate Qutlier Detection 1
= Kohonen-50m 1

Wiew dataset 1 4

= E Principal Component &nalysis 1
IL. Scatterplot 1

= [o% K-heans 1 3
(= ¥ Define status 2

B Contingency Chi-Square 1

2332 examples [(46.6%)

o - 2 c_som 1 2
=-£% Define status 3 e som 1 1
?ﬁl HaC 1 c_som Z_1
1
o
Components
Data wisualization Statistics MNonparametric statistics Instance selection Feature construction
Feature selection Regression Factorial analysis PLS Clustering
Spv learning Meta-zpw learning Spv learning assessment Scoring hzzociation

T [#2Em-Selaction B Kohonen-504 [i8 varcLUS
& CTP ATRHAC B tvy FTHVARHCA
@ Em-Clustering [% K- eans ESNeighborhood Graph  [+% VARKMeans
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The white nodes of the tree states the groups computed with the HAC algorithm. If we select the

white node at right, we obtain the SOM's pre-clusters ID i.e. the individuals in this group come

from the pre-clusters (1; 1), (1; 2) et (2; 1).

In the table, we see the correspondence between SOM pre-clusters ID and the HAC clusters ID.

Cluster CAH Cluster SOM
1 1;3)+(@2;3)
2 (22
3 1;D+A;2+2;0

The results are strikingly consistent with the theoretical consideration underlying the SOM

approach: the HAC above all merges the adjacent cells of the Kohonen's map.
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