Didacticiel - Etudes de cas R.R.

1 Subject

Two-step clustering approach on large dataset.

The aim of the clustering is to identify homogenous subgroups of instance in a population®. In this
tutorial, we implement a two-step clustering algorithm which is well-suited when we deal with a
large dataset. It combines the ability of the K-Means clustering to handle a very large dataset, and
the ability of the Hierarchical clustering (HCA — Hierarchical Cluster Analysis) to give a visual
presentation of the results called “"dendrogram”. This one describes the clustering process, starting
from unrefined clusters, until the whole dataset belong to one cluster. It is especially helpful when

we want to detect the appropriate number of clusters.

The two-step clustering strategy relies on the following schema: first, we use the K-means algorithm
in order to create pre-clusters (e.g. 50), they contain a few examples; second, we start the HAC from
these pre-clusters to create the dendrogram. This combination helps to overcome the
disadvantages of these methods taken individually: K-Means requires to define in advance the
number of groups and gives no indication on the relevance of this choice; standard HCA, because it
computes the distance between all the pairs of individuals, cannot be implemented when the size of

the database increases, even not more than a few thousand of observations.

The implementation of the two-step clustering (called also “Hybrid Clustering”) under Tanagra is
already described elsewhere®. According to the Lebart and al. (2000) recommendation®, we perform
the clustering algorithm on the latent variables supplied by a PCA (Principal Component Analysis)
computed from the original variables. This pre-treatment cleans the dataset by removing the
irrelevant information such as noise, etc. In this tutorial, we show the efficiency of the approach on a
large dataset with 500,000 observations and 68 variables. We use Tanagra 1.4.27 and R 2.7.2 which

are the only tools which allow to implement easily the whole process.

2 Dataset

We use the «1990 US Census Data »*. There are 68 variables. Some of them are ordinal variables,
other are dummies. We consider here that all the variables are continuous. It is not really important
in our context. The main subject of this document is to show the feasibility of the treatments on a

large dataset (memory occupation, computation time).

The original data file contains 2,458,285 examples. We have randomly drawn a sample of 500,000
examples because R cannot handle the whole dataset on my computer (2 GB RAM under Windows

XP). Tanagra on the other hand has been able to handle the whole dataset, but we note however

* http://faculty.chass.ncsu.edu/garson/PA765/cluster.htm

* http://data-mining-tutorials.blogspot.com/2008/11/hac-and-hybrid-clustering.html

3. Lebart, A. Morineau, M. Piron, « Statistique Exploratoire Multidimensionnelle », Dunod, 2000 ; chapitre 2, sections 2.3 et 2.4.

“ http://archive.ics.uci.edu/ml/databases/censusigqo/USCensusiggo-desc.html
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that the results on the sample and the whole dataset are very similar. It is not surprising. The

sampling, when it is properly done, is an efficient approach when we deal with a large dataset.

3 Two-step clustering with Tanagra

3.1 Importing the dataset

After we launch Tanagra, we click on the FILE / NEW menu. We import the data file « sample-

census.txt ». A new diagram is created.

7 TANAGRA 1.4.27 =

Diagram title :

ChzZoc your dawase=t 2nd start download

NG

N\

= E |De|aultmle
[= Cpen Data
I Diata mining diagrarm fils name -
|D:TempiExe\detault tdm
Dataset (b *.artl *xls)
Exit

[

Regarder dans

h

Mes documents
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[

EBuieau

Data visualization Statistics Mo
Mes documents
Feature selection Regression
Spy learning Meta-spy learning Spi -31;!

Poste de travall

EScatterplot with label
\f’iew dataset

i@CDrreLation scatterplot
1Exnor‘t dataset
[, scatterplot

E_';View multiple scatterplot

Favoris igseau

| 5 useensus1330 v\\@ ¥ -
1Z] Full-census. kxt
E <t
[Z] USCensus1990. data. bt
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\ |
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We check that we have 500,000 observations and 58 variables.

i TAMAGRA 1.4.27 - [Dataset (sample-census
E File Diagram Component Window Help

H %

Drefault title

ixt)]

Dataset [sample-census.txt)

Datasource processing
Computation time 28250 ms
Allocated memory 1328589 KB

Dataset description

68 attribute(s)
500000 example(s)

Statistics

Data wisualization

Feature construction Feature selection

Components

Monparametric statistics Instance selection

Regression Factorial analysis

Expor‘t dataset EScatterplot with label

PLS Clustering Spv learning Mieta-spy learning
Spw learning assessment Scoring hzzociation
@'Correlation scatterplot ]ﬁ;Scatterplot View dataset

E,_';View multiple scatterplot
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3.2 PCA-Principal Component

Analysis

Before we launch the PCA, we must define the type of each variable. We insert the DEFINE STATUS

component into the diagram. We set all the variables as INPUT.

mFiIe Diagram  Component  Window  Help

Default title:
D ampl t)
i Define statls | eo——

| Data wisualization Statistics

Feature construction Feature selec

PLS Clustering
Spw learning aszeszment Scoring
@}Correlation scatterplot E‘Scatterplot
Expor‘t dataset EScatterplot

{ TANAGRA 1.4.27 - [Dataset (sample-census.txt)]

Parameters
-

Define attribute statuses

—

Attributes

Target

Input luztrative

dage
dAncstrl
dancstr?
idweail
iCitizen
iClass
dDepart
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iDizabl2
iEnglizh
iFeb55
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dHizpanic

A

I

Clear selection ]

[ ok

|| cancel |[ Help |

Then we can add the PRINCIPAL COMPONENT ANALYSIS component (FACTORIAL ANALYSIS

tab). It computes automatically the 10 first factors which are usable in the subsequent part of the

diagram. We click on the VIEW menu

to obtain the results.

i TANAGRA 1.4.27 - [Principal Component Analysis 1]

EFile Diagram  Component  \Window  Help

X'

Drefault title
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- %% Define status 1
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Parameters.
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A
Eigen values =
Matrix trace = 68.00

- Eigen E _ ]
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3.3 K-Means on the Factors of PCA

We want to perform the K-Means algorithm on the factors supplied by the PCA. The idea is to
smooth the information coming from the dataset, by removing the irrelevant one such as noise. We
insert again the DEFINE STATUS component into the diagram. We set as INPUT the factors
PCA_1_AXIS_1... PCA_1_AXIS_1o0.

i TANAGRA 1.4.27 - [Principal Component Analysis 1]

File Diagram Component ‘Window  Hel
E ’ P P Define attribute statuses
=
Drefault title Pararneters | ]
= f] Dataset (sample-census.txt) e
(=1 %% Define status 1 rbuies Target Input | [llustrative
= rﬁ. Principal Component Analysis 1 C ivearwrk a PCa_1_dwis_1
#% Define status 2 . g d . E$_1 _ﬁ?s_g
LS | _AeE
C PCA_1_fwiz_4
C PCA_T_fxiz_5
C PCA_T_Axiz_6
c = || pea_1_fuis_7
C PCA_T _Axiz_8
C PCA_1_fwiz_9
C PCA_T_aAwiz_10 |
Data visualization Statistics | | [ w
Feature selection Regression T
: E | E: | %5; | ( Clear selection ]
Spw learning Meta-spw learning
ST [ EM-Selection
-'I;‘r TP ﬁHAC [ QK ” Cancel ” Help ]
@EM—C[uster‘ing Io_%,l(—.n.l\eans @Ne‘ighborhood Graph ]‘_.‘,\."ARKMeans

We add the K-MEANS component (CLUSTERING tab). We click on the PARAMETERS menu in order
to specify the settings of the approach.

i TANAGRA 1.4.27 - [Principal Component Analysis 1] K-Means parameters

E File Diagram Component ‘Window Help -8 x
EH % Parameters Results
D efault title -~
— v =
=2 Datazet (sample-census.txt) Elgl Murnber of clusters : m:‘ ;-
B 5% Define status 1
e , Matr] ax iterations :
= rﬁ’ Principal Component Analysis 1
. %
# Axis Mumber af trials : C mutated
] 1 Distance normalization 22,22%
- @ Mone e
Execube 2 . 34.79%
vi O variance
e 3 )
3 Awerage computation 3 —
OForg_y
ke Q1
Data visuylization Statistics Monpa © M Queen nstruction
Feature selkction Regression Fac Seed randorn generatar eHng
Spw learnin Meta-spw learning Spv lea ) Random iation
&CT (%% EM-Selection B K ohonen-9 () Standard
&CTP HRHAC Bvg
@,EM-C[uster‘ing Io_%,K-Means @Neighborh
’ o594 ” Cancel ” Help
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We want 5o clusters (Number of Clusters). We do only one optimization process (Number of trials =
1). The maximum number of iteration for one process is 40 (Max iterations). We do not normalize
the variables; we set NONE to the DISTANCE NORMALIZATION. We validate and we click on the
VIEW menu.

! TANAGRA 1.4.27 - [K-Means 1] (=(E3
E File Diagram Component ‘Window Help - a x
H %

Drefault title cluster n®47 c_kmeans_47 15442 -
= Dataset [sample-census.txt) cluster n"48 c_kmeans_48 14966
= 1-:‘ Define status 1 cluster n®49 c_kmeans_49 2631
= [ Principal Component Analysis 1 cluster n°60 c_kmeans_80 1893

= £ Define status 2
6% K-iheans 1 Ratio explained evolution
Mumber of trials 1
Trial Ratio explained
1 0,595975
v
Components
Data wizualization Statistics Maonparametric statistics Instance zelection Feature conztruction
Feature selection Regression Factoral analysis PLS | Clustering
Spw learning Meta-spy learning Spw learning assessment Scaring Association
ST [#5EM-Selection B Kohonen-50Mh &5 WARCLUS
ACTP A HAC B v T VARHC A

@EM-C[uster‘ing Io_%,K-Means @Neighborhood Graph ]‘_.-‘\IARK.ﬂ.l'I.eans

Tanagra supplies the number of instances in each cluster. We note that the part of variation

explained by the clustering is 89.6%.
3.4 HACfrom the pre-clusters supplied by the K-MEANS process

We want now to perform the HCA algorithm starting from the pre-clusters computed with the K-

Means process.

We insert the DEFINE STATUS component into the diagram. We set as TARGET the pre-cluster
variable (CLUSTER_KMEANS_1). This specification is important. Otherwise, Tanagra tries to create
the dendrogram starting from the 500,000 instances.

We set as INPUT the factors supplied by the PCA.

Note: We note that any categorical variable can be used as TARGET. It can be computed by other
clustering algorithm (SOM,; ...). It can be also a natural grouping defined in the dataset (e.g. various

districts in a town; according to the job category of the header of the family; ...).
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{ TANAGRA 1.4.27 - [K-Means 1]

E File Diagram Component ‘Window Help Dz difiniz i
=] Paramstars
Default title SIS Targst Input || lustrative ~
= EF Dataset [sample-census.txt) Cluster_Kieans_1
£l Define status 1
= rﬁ’ Principal Component Analysis 1
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Then we add the HCA component (CLUSTERING tab) into the diagram. We set the parameters in
order to obtain 3 groups. We will see why when we will analyze the results. We do not standardize
the variables because we use the factors of PCA as INPUT variables.

i TANAGRA 1.4.27 - [K-Means 1]

E Fil= Diagram Component ‘Window Help x
" HAC parameters
B %
D efault title: clust] Eararnciors | ~
= Dataset (sample-census.txt) clusy
= ¥% Define status 1 clust Best clusters
= rﬁ. Principal Component Analysis 1 clust O Detent
=% Define status 2 & Define é
= ]"_‘:‘» K-theans 1 Rat
=% Define status 3 p— Distance normalization
| &) Mane
Parameters. . : O Wariance
1
Execute =
Wiew Show detailed results A
[OTree structure
Data visualization Statistics Monpa & construction
. . [¥] Cluster selection
Feature selection Regression Fac Clustering
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-IE‘T CT [ﬁEM-Selection B Kohonen-
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’ 0];4 ” Cancel ” Help ]

We click on the VIEW menu. In the report, we observe the number of instances in each cluster. We

have also the proportion of variation explained by the partitioning.
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i TANAGRA 1.4.27 - [HAC 1]

=% Define status 1
= & Principal Component Analysis 1
= & Define status 2
= Ie_%. K-fihveans 1
=K Define status 3

EFiIe Diagram Component  Window  Help
B %
Default title Report Dendrogram
=4
= Dataset (sample-census.txt)
Clusters 3

Cluster Description Size

cluster n®1  c_hac_1 122257
clustern®2 c_hac_Z 132919
cluster n®3  c_hac 3 244824

BT HAC 1
Best cluster selection
Clusters B35 ratio Gap
1 0.0000 0.0000
2 0.3163 6.7028
3 0.4723 2.9392
Components
Data wisualization Statistics Nonparametric statistics Instance selection Feature construction
Feature selection Regression Factorial analysiz PLS Clustering
Spw learning Meta-spv learning Spv learning assessment Scoring Association
& T [FEfi-Selection B Kohonen-50i 1% waRCLUS
£ TP AR HAC B 1w AT VARHA
@EM-Clusteﬁng lo_?;l(-.ﬂ.l'\eans @Neighborhood Graph I'_.‘,VARKMeans

In the second tab (DENDROGRAM) of the visualization window, we observe the dendrogram.

Indeed, the segmentation into 3 groups seems the most relevant.

(L TANAGRA 1.4.27 - [HAC 1]
E File Diagram Component ‘Window Help

EH

Diefault title

Report Dendrogram J‘

= Dataset (sample-census.txt) MG = Bensesem
= ¥§ Define status 1 13
= M Principal Component Analysiz 1 12
=% Define status 2 1
=-Jo% K-Means 1 12
=¥ Define status 3 a
AT HAC 1 7
&
3
4
e
2
1
od
Components
Data visualization Statistics WNonparametric statistics Instance selection Feature construction
Feature selection Regression Factarial analysis PLS Clustering
Spw learning Meta-spy learning Spv learning assessment Scoring Association
ST [P Edi-Selection B Kohonen-504, 118 vaRCLUS
Eclo ] HRHAC [ vg HTHVARHC A
@,Emfclusteﬁng ]O_%,Kf.ﬂ.l\eans @Neighborhood Graph I‘_!.VARKMEBHS

3.5 Interpreting the clusters

To characterize the groups, we can use the GROUP CHARACTERIZATION component (see

http://data-mining-tutorials.blogspot.com/2009/06/k-means-comparison-of-free-tools.html

for

details about characterization of clusters). We add a DEFINE STATUS component into the diagram.
We set CLUSTER_HAC_1 as TARGET. This is the cluster membership variable. It associates each
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instance to a cluster. We set as INPUT the original variables. We note that we can set as INPUT other

variables which are not used during the computation. It allows often to strengthen the

interpretation of the groups.

Drefault title

te statuses

Pararstars |

Attributes

Datazet (zample-census.txt)

A% Define status 1

= ¥4 Define status 2
= ]ﬁ K-fheans 1

- %% Define status 3
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nognononnnn

Target Input | Nustrative
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Then we insert the GROUP CHARACTERIZATION component (STATISTICS tab).

f NAGRA 1.4.27 - [Group characterization 1]
E File Diagram Component ‘Window Help

|~

<

(= [
Detaul title A~
Description of "Cluster_HAC_1" =
Dataset (sample-census.txt)
- . Cluster_HAC _1=c_hac_1 Cluster_HAC_1=c_hac_2 Cluster_HAC_1=c_hac_3 =
£§ Define status 1
=] Di Principal Component Analysic 1 Examples [24.5 %] 122257 Examples [26.6 %] 132919 Examples [49.0 %] 244824
=Kk Define status 2 Att - Desc: s Group  Owerral At - Desc s Group  Owerral At - Desc Test Group  Owerral
o walug walue walue
=) I&;. K-Means 1
B f:‘ Define status 3 Continuous attributes ; Mean (StdDev)  Continuous attributes | Mean (StdDev)  Continuous attributes : Mean (StdDew)
0.94 0.26 E.éd 2.22 2.82 1.40
E-#Th HAC 1 Rrelchld 6338 o Wabor 6085 O dHowrs 528 o
=-¥% Define status 4 . : : . : :
B 0.87 0.24 1.78 0.54 2.81 1.39
Group characterization 1 i i i
ﬂ] P iRownchld 5990 10.34) 0.42] ilooking B9R.0 0.59] 0.87) dDepart ERA.B .54) 11.78)
. 130.55 3524 2.60 0.80 1.51 0.83
f Iz iRemplpar 5391 (57.29)  (65.08] iTmpabsnt  B57.0 0.96] 1.31) diieska? LRl 0.63) 0.86) v
Components
Data wisualization Statistics Monparametric statistics Instance selection Feature construction Feature selection
Regressian Factorial analysis PLS Clustering Spw learning Meta-spw learning
Spv learning assessment Scoring Aszsociation
|:|§| ANOWA Randomized Bloc ":"* Browwn - Forsythe's test EE Group explaration Z.‘:Levene's test @ Mormality Test o=
{.‘;Bartlett‘s test hFishers test E.Hutath‘ng's T2 1# Linear correlation m:Orle-way ANCWA i
@Box's M Test ﬂ] Group characterization EHDtelHng‘s T? Heteroscedastic L iare Univariate cont stat &One-way MANOWE Lﬁ{’
| ¥

We have the number of instances into each cluster. We can compare some descriptive statistics

indicators (mean for continuous variables, proportion for discrete one) in order to evaluate the

importance of each variable in the segmentation result.
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3.6  Exporting the dataset including the CLUSTER variable

Below we want to compare the results (cluster membership) of Tanagra to those of R. To prepare

this comparison, we want to export the cluster membership column generated by Tanagra. We
insert the DEFINE STATUS component. We set the CLUSTER_HAC_1 column as INPUT so that this

one is the only exported.

i TANAGRA 1.4.27 - [Group characterization 1] A
E File Diagram Component Window Help - 8 x

=

Drefault title A ‘

Datazet (fample-census. txt)

Define attribute statuses

¥4 Defirle statuz 1
= I}_{ rncipal Component Analysis 1
=f £l Define status 2

= K-heans 1 Attribute s : e ——
=-£4 Defins status 3 Tar Input | lllustrative
=T HAC 1 Cluster_HAC_1
=-£f§ Define status 4

il Group characte
+ Define status § =

Parameters

&

%
>

\
nnn
TToT
¥ |g|
wo
PRI
:IMI:JI

%%g?%
|
v

|
|
T

I
1
.
1

1 _fwmiz_H
1 _Aediz_10

PEREEY

[T R R Ry By ¥ R |

luzter Khdeansz 1

gonnnnnn

EE @ [ Clear selection |

|

]

Data wisualization Statistics

Feature construction Feature selec [ oK ” Cancel ” Help ]
PLS Clustering
Spw learning asseszment Scorng fszociation
|-|§| AMOWA Randomized Blocks @Box's i Test 5 Fisher's test EE Group exploration
@Bar‘tlett's test -"i: Brown - Forsythe's test ﬂ] Group characterization T-_',Hntelh'ng's T2
< | >

Then we use the EXPORT DATASET component (DATA VISUALISATION tab).

We set the appropriate parameters (PARAMETERS menu). We want to export all the examples but
only the CLUSTER (INPUT into the preceding DEFINE STATUS component) column. We specify also

the file name “Tanagra-clusters.txt”. We will import this data file into R below.
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(i TANAGRA 1.4.27 - [Group characterization 1]
E File Diagram Component ‘window Help

= "

Default title
Description of "Cluster_HAC_1" .
Dataset (zample-census.txt)
. . Cluster_HAC_1=c_hac_1 Cluster_HAC_1=c_hac_2
f.& Define status 1
= Té‘ Principal Component Analysis 1 Exampl DIsOpPrmExportDataset
=% Define status 2
o [
=-[o% K-heans 1 Att - D Parameters |
=% Define status 3
'ﬁ] Contin
= HAC 1 {StdDe Examples selection
=¥ Define status 4 @ all examples
@ Group characterzation 1 iRrelchi O selected exarmples
=-#% Define status §
@ TR Attributes selection

O all attributes

P Otarget attributes

Execute ®
Wiew input attributes $
-t . 5
< |3 | P3 Otargetand input attributes
Compol Filenarme :
Data wisualization Statistics Monparam |F:Itraltementslus—census—1QEIEI'ltanagra—c:\usters.M $ H
Feature construction Feature selection Reg|
PLS Clustering Spw
Spv learning assessmen Scoring hss Ok ” Cancel ” Help I

Wiew dataset
]:,_;View multiple scatterplot

EScatterplot
Ig.Scatterplot with label

@-Correlation sCa
Expor‘t dataset

typlot

We click on the VIEW menu. The exportation is performed. The number of instances and variables

exported is reported.

i TANAGRA 1.4.27 - [Export dataset 1]
E File Diagram Component ‘Window Help

EH

Default title

Datazet (zample-census. txt]
%4 Define status 1
= ﬁ Principal Component Analysis 1
= ¥4 Define status 2
= I"_%. K-Means 1
=¥y Define status 3
E-HTh HAC 1
= ¥ Define status 4

Export parameters
Attributes target

Examples  all

Exportation : 500000 examples, 1 attributes,
Filename : F:draitementsws-census-1990%anagra-clusters txt

M@ Group characterization 1
=¥ Define status §

. Computation time : 655 ms.
Export dataset 1

Created at 13,/10/2008 20:25:40

I

Components

Feature construc

Data wisualization

Statistics Monparametric statistics

tion Feature selection Regression

Instance selection

Factorial analysis

Expor‘t dataset

PLS Clustering Spw learning Meta-zpy learning
Spw learning assessment Scoring hszociation
@Correlation scatterplot * Scatterplot ‘u"iew dataset

Iﬁ,Scatterplot with label E,_Z,\fiew multiple scatterplot
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4 Two-step clustering with R

In this section, we perform the same process with R.
4.1 Importing the dataset

We set the following instructions in order to import the dataset. Of course, the reader uses a

different directory on its computer.

#Hochargement des données
getwd ("F:/traitements/ us-census-1990™)
print ("Chargement™)

donnees <— read.table(file="zample-census.txt", header=T,dec=".")

4.2 Principal component analysis

We use the “princomp(.)” procedure. The variables are standardized (cor = T) i.e. the procedure

performs a diagonalization of the correlation matrix. We retrieve the 10 first factors.

#acp, en Ffixant le nombre de facteurs 3 extraire a 10
nb.facteurs <- 10

print (TALCP™)
acp «<— princomp (donnees,scores=T,cor=T)
facteurs.acp <- acpiscores[, l:nh.facteurs]

4.3 K-Means

We perform a K-Means procedure on the factors of the PCA. We ask 5o clusters. The maximum

number of iteration is 40. We set here the same settings as for Tanagra. We retrieve the cluster
membership column.

#initizliser toujours de 13 méme manicre le générateur de nombre aléatoire
Hpour Freir le méme résultat d'une exdcution 2 1'autre
set.seed (10)

#E-Means, en fixant le nombre de pré-classes
nb.preclusters <— 50
print ("E-Means"™)

obj.kaeans <- kweans (facteurs.acp, centers=nb.preclusters,algorithw="MacQueen™, iter.max=40)
clus. kmeans <— oh]j.lopeansicluster

id.clus.kmweans <—- factor (clus. kmeans)
4.4,  HACfrom the pre-clusters of K-Means

In the next step, we launch the HCA. We set carefully the parameters. The process starts from the
center of the pre-clusters. We use the “Ward” strategy.

#H#CAH & partir des pré-classes du K-Means
print | "CLH")

obj.cah <- helustidist(obh].kmeansicenters) * 2, method="ward", members=table {id.clus. kmeans) )
plotiobij.cah)

17 juin 2009 Page 11 surag



Didacticiel - Etudes de cas

R.R.

We obtain the following dendrogram.

Cluster Dendrogram

1000

600
|

Height

<
?

dist(obj.kmeans$centers)"2
hclust (*, "ward")

Here also, the segmentation into 3 groups seems relevan

#Foouper 1'arbre 3 ¥ classes
nb.finalclusters <- 3

t. We ask to R to set this partitioning.

groupe <- cutree(obhj.cah,k=nb.finalclusters)

4.5 Assigning the cluster id to each instance

At this step, R makes only the correspondence between the group supplied by the HAC and the

initial pre-clusters computed by the K-Means algorithm. When we print the “groupe” vector, we

obtain the following values.

> print {groupe)
12 3 4 & & 7 8 910 11 12 13 14 15 16 17 18
11 2 3% 1 1 3 2 1 2 3 2 3 1 2 3 2 1
33 34 35 36 37 358 39 40 41 42 43 44 45 46 47 48 49 50
i1+ 3 1 1 3 1 1 1 3 1 2 1 2 1 2 1 1

We must detect the cluster membership for each

19 20 21 22 23 24 25 26 27 28 29 30 31 32
1 2 3 1 £ 1 1 1 1 3% 1 1 2 3

instance. To do that, (1) we make the

correspondence between the id of each instance and the id of clusters supplied by the K-means

(“id.clus.kmeans” vector), and then (2) we make the cor

respondence between the k-means clusters

and the final clusters supplied by the HAC using the “groupe” vector.

#affectation des classes aux observations

#fen faizant la correspondance arec

les groupes du K-Means

cah.classe <- nuweric (hrow(donnees) )
for [k in l:nlevels(id.clus.koeans)){
cah.olasse[id.elus. kaneans == k] <- groupe[k]

H
cah.classe <- as.factor(cah.classe)
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Now, we can compute the number of examples assigned to each cluster.

Heffectifs par classe
print (swmnary (cah.oclasse) )

We obtain

> #Heffectifs par classe

> printisuwanary (cah.classe) )
1 2 3

247204 122174 130622

Of course, we can characterize each cluster by computing conditional descriptive statistics. For
instance, we obtain the following values for the 1° cluster (which corresponds to the 3 cluster of

Tanagra).

> colMeans (donhees[cah.classe==1, ¢ ("dHour=s", "dhepart™, "dlileeks23™] ]
dHours dDepart dilesek3s
2.793025 2.751249 1.500454

5 Conclusion

5.1 Concordance of the results

We want to know if the results provided by the 2 tools are coherent. Actually, K-Means is the only
step which can insert a discrepancy between the results, because the tools do not use the same
initialization. We do not control this step in the K-Means process. How does that influence the final

segmentation?

We compute a cross tabulation between the groups supplied by Tanagra and R.

Hoomparaison des caractéristigues des classes avec ceux de Tanagrs

Hohargement des clas=ses produites par Tanagar

setwd ("D:/Datalining/Databases for mining/comparison TOW/ clustering big dataset™)
tanagra.output <- read.table(file="tanagra-clusters.cxt",dec=".", header=T)
tahagra.classe <- tanagra.DutpuESCluster_HAC_l

#oroisement des classes Tanagra et R
croisement <-— table(tanagra.classe,cah.classe)
print (croisement)

We obtain the following results. The groups are strongly coherent.

> foroisement des classes Tanagra et R
> croisement <- table(tanagra.classe,cah.classe)
> print (croisement)

cah.classe

tanagra.classe 1 2 3
c_hac 1 45 122155 Sa
c_hac 2 ZG599 1 130019
c_hac 3 244259 18 547
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5.2 Computation time and memory occupation

As we say above, R cannot handle the whole dataset. For this reason, we take a sample with 500,000
examples. Below, we give the computation time for each step of the process. We give also the

computation characteristics when Tanagra treats the whole dataset with 2,458,285 instances.

Handling the sample Handling the whole
. database
. 500.000 observations
Operation _
2.458.285 observations
Tanagra (sec.) R (sec.) Tanagra (sec.)

Data importation 28 24 145
PCA (20 factors computed) 61 37 294
K-Means (40 iterations max.) 56 27 227
HCA for 50 pre-clusters 1 0.1 4

When it can handle the dataset, R is really fast. Aside the K-Means step which relies on a heuristic,
all the procedures are deterministic. The computation times are comparable. We observe that R is
really faster for the PCA and the HCA.

About the memory occupation, R is more costly. Perhaps it is an inherent limitation of R; or
perhaps, | do not know how to set properly the settings of the tool (by adjusting judiciously the

memory limits with the memory.limitation(.) command for instance). | do not have this expertise

level for R.
Handling the sample Handling the whole
( b ions) database (2.458.285
: 00.000 observations
Operation > observations)
Tanagra (Mo) R (Mo) Tanagra (Mo)
Memory occupation during the 182 488 932
process

About the treatment of the whole data file with Tanagra (2,458,285 observations), we insert in

the table above the computation time of each step (last column). The memory occupation is never
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exceeded 932 MB during the process. We give below the characteristics of the 3 groups obtained at
the end of the analysis. The results are very similar to those obtained on the sample of 500,000
observations. This is not really surprising. Dealing with a sample, when it is well defined, gives

consistent results.

Description of "Cluster_HAC _1"

Cluster_HAC 1=c_hac_1 Cluster HAC 1=c_hac_2 Cluster HAC 1=c_hac_3
Examples [ 24,5 %] 603494  Examples [23.4 %] 578035 Examples [ 52,1 %] 1279753
Attt - Desc Test walue Group Cryerral Attt - Desc Test walue Group Crweerral Attt - Desc Test walue Group Creerral
Continuous attributes : Mean (StdDew) Continuous attributes : Mean (StdDev) Continuous attributes : Mean (5tdDew)
iRrelchid 1404.0 0.94{0.24) 0.26 (0.44)  iRlabor 1228.4  5.61(1.06) 2.21(2.40) dHours 1169.9 245 (1.59)  1.40 (1.75)
iRownchld 1327.5 0.57 (0.34) 0,24 (0.45) ilooking 12026  1.74(0.59) 0,54 (0.87) dDepart 11871 Zéd (1600 1,39 (1.76)
iRemplpar 1304.8 130,38 (57.46) 35.33 (65.1%) iTmpabsnt 1193.6 260 (0.97)  0.79(1.31] dweeks? 1137.3  1.43(0.70)  0.83 (0.846)
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