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Abstract and Bennani, 2007). For the continuous data, a model
for local variables weighting using SOM was proposed,
This paper introduces a weighted self-organizing called/w-SOM (Grozavu et al., 2009). This algorithm
map for clustering, analysis and visualization of is an adaptation to SOM of the weighting approach
mixed data (binary/continuous). We propose a for- proposed fork-means by Huang et al. (2005). The
malism dedicated to mixed data in which cells are modellw-SOM is dedicated to continuous variables and
represented by a Bernoulli and Gaussian distribu- is not directly applicable to categorical data. Among the
tion. Each cell is characterized by a prototype with probabilistical method of variable selection we find the
the same coding as used in the data space. The learnworks of Kim et al. (2003) and Cord et al. (2006) where
ing of weights and prototypes is done in a simultane- methods of variables selection are used with the EM
ous manner assuring an optimized data classification. algorithm. The main idea is that a variable wich wasn't
More a variable has a high weight, more the cluster- selected don't have a big influence in the computation of
ing algorithm will take into account the information the data likelihood.
transmitted by this variable. The learning oh these
topological maps is combined with a weighting pro- In this paper we propose a topological self orga-
cess of the different variables by computing weights nizing algorithm for analyzing mixed (continuous and
which influence the quality of clustering. binary) data. It is a quantization model which provides
We illustrate the power of this method with data sets a consistent set of prototypes whose particularity is
taken from a public data set repository: a handwrit- to be interpreted (prototypes and data belong to the
ten digit data set and other three data sets. The re- same space and have a meaningful interpretation). The
sults show a good quality of the topological ordering variable weights provide to a user the relevance of each
and homogenous clustering. variable for the clustering. They correspond to the
degree of use of variable in the clustering process.
. In section 2, we present the model and the iterative
1 Introduction algorithm. In the section 3, we present some applica-
tions of proposed method. The experiments involve
The topological map proposed by Kohonen (2001) usggndwritten numeral)(— 9), and three other data sets
a self-organization algorithm (SOM) which providegyailable in Asuncion and Newman (2007). These data
quantification and clustering of the observation spacgits allow us to prove the importance of the weighting

More recently, new models of topological maps dedjor the clustering process. Our conclusions are reported
cated to specific data were proposed in (Bishop et §h.section 4.

1998, Kaban et al., 2001, Lebbah et al., 2000). Some of

these models are based on a probabilistic formalism and

a learning procedure to maximize the likelihood functi ; ; i

of the data set, the others are quantization methods. "2 Local Welghted Mixed TOpOIOgI

In the literature there are approaches based on weighting cal Map

as (Huang et al., 2005; Blansche et al., 2006; Grozavu et

al., 2008) and approaches based on feature selection Alsewith a traditional self-organizing map, we assume
(Basak et al., 1998; Bassiouny et al., 2004; Liu et athat the latticeC has a discrete topology (discrete out-

2005; Questier et al., 2005; Li et al., 2006; Wiratunga put space) defined by an undirect graph. Usually, this
al., 2006; Strickert et al., 2006; Li et al., 2007; Guertraph is a regular grid in one or two dimensions. We



denote the number of cells (has N..;;. For each pair particular kernel function which is positive and symmet-
of cells ¢,j) on the map, the distand¥s, j) is defined ric ( ‘ llim () = 0). ThusK defines for each cell

as the length of the shortest chain linking cellsnd ;. oo L

Thelw-MTM (Local Weighted Mixed Topological Map) a neighborhood region id. The parametef” allows

model is based on the quantization formalism of to oloto control the size of the neighborhood influencing a
ical maps q P 8iven cell on the map. As with the Kohonen algorithm,

Let A be the learning data setwhere each observation. < decrease the value Gt b?EYve%P] two valueg“max
x = (z!,22,.., 2%, ..., z?) is made of two parts: contin- 2NdTmin- The vectory; = (y;,y; ") is the weighted
uous parte’l = (2711, 272 . 27[) (x'l] € R") and vector, Wherey;[‘] is the continuous weight part amj”

categorical partcel! = (zclt gel2l | pelil | gelkl is a categorical weight variable (not binary variable).
where thd! component:¢[!! haveM; modalities. Each

categorical variable can be coded with a binary variablg, this expression|x — w;l|* is the square of the
thus, each categorical variahté!l, is coded with the Euclidian distance. Since for binary vectors the Euclid-

vectorzl] = (2200, 2(MU) whereazl!) € {0,1}). 1an distance is no more than the Hamming distahce
The categorical part can be represented by a binary ghfn the Euclidian distance can be rewritten by:
xP = (@bl P22t 2blm]) such as each ob-

. . e . _ 2 _ [l _ [1}12 bl.] w0l
servationx is thus, a realization of a random variable [Ix = wel[” = [|x" w7+ Hx, wl)

which belongs taR™ x {0,1}™. Using these notations for the mixed logical lqorith
a particular observatiox = (x"l1, x!1) is a mixed As for the mixed topological map (MTM) algorithm, we

vector (continuous and binary variables) of dimensidff€ thiS expression to rewrite the cost function as:

d = n + m. In our model, we assume that a given data
set has been drawn frof,.;; clusters.

_ T A\, r[] "l
For each celt of the grid, we associate a referent vectgf((b’ W) = ; EZC K7 (0(0(x), )3 Deue(x, W)
We = (w’;[‘] wﬁ”) of dimensiond, wherew’ € R" and - el BL - bL]
w2l € g™ which is a binary coding of multidimensional + Z Z K(3(e(x). 5))y; H(z; ", w;)i2)

categorical variablevﬁ[']. We denote byV the set of the xeAjeC

referents vectors, by" the set of the numerical part anqy/here

by W? the binary part of the referent vectors.

In the following section we present a new model of topg;, (4, W, ) = Z Z ICT(6(¢(x),j))y§['] | |x’”[-]—w;“ |12
logical map dedicated to mixed data. The associated XEA jeC

learning algorithm is derived from the batch version of 3)

the Kohonen algorithm dedicated to numerical data (Ks-the classical cost function used by the weighted Koho-
honen, 2001) and the BinBatch algorithm which is dedien Batch algorithm (Grozavu et al., 2009), and

cated to binary data (Lebbah et al., 2000). These models

are improved to take into account the variable weights.

In this algorithm, the similarity measure and the estim@y, (¢, W,») = > _ Y ICT(6(¢(X),j))y?[']H(xb[.Lwl?['])
tion of the referent vectors are specific for each type of x€A jeC

data: it is the Euclidian distance with the mean vector in (4)

the continuous case and the Hamming distance with i8éhe modified cost function used in BinBatch algorithm
median center in the binary case. (Lebbah et al. 2000). The old cost function proposed is :

Goin(d W) = 3 >~ KT (0(6(x), ) H(x"], wi)

x€A jeC
(5)

r]1L_hus in this paper we propose a new cost function to
deal with mixed data, in the same way we define a new
function to binary data.

W) = KT(s Nyl = w2 Thg min!mization ofth'e cost function (2), is made using
9(.W. ) Z Z (56 (x), 7))y " [l = will an iterative process with two steps:

2.1 Minimization of the cost function

As the classical topological maps we propose to mi
mize the following cost function.

x€A jeC
h f fi Ell)
Where 7 is a fitting parameter necessary for the es- "~ o ]
timation of the set of the weight vecto®, and ¢ fixed, we haye to minimizej(¢, W, ) .W'th re-
assigns each observatianto a single cell inC. K7 is spect tog. Th|s leads to use'the foJmeg assign-
a neighborhood function depending on the paramigter ~ Ment function: ¢(x) = arg min;((y;")"||x") —
(called temperature)C” (§) = K(5/T), whereK is a w']'f[']||2 + (y;f['])TH(xb[~],w§[']))

e Assignment step assuming thatV and ) are



e Quantization step assuming thatp and Y are neighborhood functioilC. In practice, as for traditional
fixed, this step minimize§ (¢, W, Y) with respect topological map we use a smooth function to control the
to W in the spaceR™ x (™. The minimization of sjze of the neighborhood ﬁ(é(gr)) = exp(#).
the cost function (2) leads to minimize the functiotysing this kernel functiori]’ becomes a parameter of the
Gsom (0, W) (3) in R™ and Gy, (¢, W) (4) in 5™. model. As in the Kohonen algorithm (Kohonen, 2001),
It is easy to see that these two minimizations allowe repeat the preceding iterations by decreagirigpm
to define: an initial valueT,,,,.. to a final valuel’,,;,,.

— the numerical partzv;['] of the referent vector
. YT IV Y - L EE

w; as the mean vector as: T T T e
WLALAASARIIZITTEN
HEAAEGEBEIZI3IZIINNE
HELGEESER5333IF NN
E:KT@@j» 2: %] EEEE655555333222
’ 555555332222
555555392222
5555999222272
59999992222
3999997722727
99999977277
ummﬂmnﬂmmmmmnnmm

wheren,; represents the corresponding num- ;ggg%%gg%g%%

ber of assigned observations. UUUUU”””""’W’WF’TW
w

rl] eC xEA,p(x)=1

= S KT

i€C

— the binary partw?“ of the referent vec-

tor w; as the median center of the binary SRR EE
part of the observations € .4 weihted by e
K" (8(j, (x))). Each componentv’’ = ENNNEEEEEEEEEE N
(@M, . . w!™) is then computed as e e o e o e
follows: ‘ NS EEEEEREERRRER
FEFEEEEFEE
bl 0 if [Yeca K735, (x)))(1 — x"1)] > FEHH
Wi = [P xea KT (85, 6(x)))x"1] 19 o 0 2 A O O
1 otherwise 18] (6 ) s il 2 Y 2 2 2
) (8] ) ) 0 7 2 2 7 7
1) (8] (80 ) o d o 2 2 2 2 2 2

e Quantization step assuming thaty and WV are y
fixed, this step minimize§ (¢, W, Y) with respect

to Y in the space?”*™. The weights are computedﬁgure 1: The mapw-MTM 16 x 16 representing the set

in the following way: of prototypesV and weightsy .
o, if Dé. =0
I _ . . . -
% [;l -, otherwise 3 Experimental validations
Y| oT
' To evaluate the quality of clustering, we adopt the ap-
where proach of comparing the results to a "ground truth". We
c use the clustering accuracy to measure the clustering re-
— Z ZKT(d(iﬂj))(‘ré _ w§)2 sults. This a common approach in the general area of

data clustering. In general, the result of clustering is usu-
ally assessed on the basis of some external knowledge
about how clusters should be structured. This may imply
evaluating separation, density, connectedness, and so on.
The minimization ofG(¢,,)) is run by iteratively The only way to assess the usefulness of a clustering re-
performing the two steps. At the end the vector, sultisindirect validation, whereby clusters are applied to
which shares the same code with the observations ¢he solution of a problem and the correctness is evaluated
be decoded in the same way, allowing a symbolic intexgainst objective external knowledge. This procedure is
pretation of binary part of referent vectors. The natudefined by Jain and Dubes (1988) as "validating cluster-
of the topological model reached at the end of the algng by extrinsic classification", and has been followed in
rithm, the quality of the clustering and those of the toporany other studies (Khan and Kant, 2007; Andreopou-
logical order induced by the graph greatly depend on tlos et al., 2006). We feel that this approach is reasonable

x€A i=1



one if we don’t want to judge clustering results by soni.2 Other data sets
cluster validity index, which is nothing but a bias toward
some preferred cluster property (e.g., compact, or weé¥e use the following three categorical data sets obtained
separated, or connected). Thus, to adopt this appro&iétin UCI repository (Asuncion and Newman, 2007).
we need labeled data sets, where the external (extrinsic)
knowledge is the class information provided by labelkleart disease
Hence, if thelw-MTM finds significant clusters in theThis is D. Detrano’s heart disease data set that was
data, these will be reflected by the distribution of classégnerated by the Clevelande Clinic (Asuncion and New-
Therefore we operate a vote step for clusters and coman, 2007). The data set has 303 observations, each one
pare them to the behavior methods from the literatutg.described by 6 continuous and 8 categorical variables.
The so-called vote step consists in the following. Fdhe observations are also classified into two classes,
each clustet € C: each class is either healthy (buff) or with heart-disease
(sick). In both cases we use a binary coding to code a
¢ Count the number of observations of each clasgategorical variable. Hence, using a disjunctive coding
(callit N;). we obtainm = 17 binary variables foHeart disease
data set. The variable with two modalities is coded
e Count the total number of observation assigned G@mg only one binary variable indicating a presence
the cellc (call it IV.). or absence of modalities. The learning of a map with

) ] the dimensiong3 x 7 cells is made with all observations.
e Compute the proportion of observations of each

class (call itS.; = N /Ne). Credit Approval

This file concerns credit card applications. All attribute
fames and values have been changed to meaningless
symbols to protect confidentiality of the data. This

A cluster ¢ for which S, = 1 for some class Iabeleddataset is interesting because there is a good mix of

[ is usually termed a "pure" cluster, and a purity meAltributes - continupus, 00”“”3' with small numbers
sure can be expressed as the percentage of elemen&.f &alues, and nominal ,W't,h larger numbers of values.
the assigned class in a cluster. The experimental relel&ere are als_,o a few missing value_s. The data ;et has
are then expressed as the fraction of observations fallﬁ1 observatlgns, eaph one is described by 9 contmu_qus
in clusters which are labeled with a different class fro d 6 categorical variables. Examples represent positive

that of the observation. This quantity is expressed a@r&d negative instances of people who were and were not

percentage and termed "error percentage” (indicateogé‘gmed credit.
Err% in the results).

e Assign to the cluster the label of the most repr
sented clas§ = argmax;(Se).

Thyroid disease

This dataset contains thyroid disease records supplied
3.1 Handwritten data by the Garavan Institute and J. Ross ; Quinlan, New

_ ) o South Wales Institute, Syndney, Australia in 1987. The

This experiment concerns a data set consisting of Hg5 set has 3163 observations, each one is described by
handwritten numerals ("0-"9") extracted from a col- 7 continuous and 12 categorical variables. Five labora-
lection of Dutch utility maps, Asuncion and Newmagyies tests are used to try to predict whether a patient’s
(2007). There are 200 samples of each digit such thafroid to the class hypothyroidism or hyperthyroidism.
there is a total of 2000 samples. Each sample istfe giagnosis (the class label) was based on a complete

15 x 16 binary pixel image. The data set consisted of @egical record, including anamnesis, scan etc. Table 1,
2000 x 240 binary data matrix. Each qualitative Va”ab|%rovides a short description of used data sets.

is a pixel with two possible values "On=1" and "Off=0".
The figure 1 shows two maps obtained from the learn-

ing of lw-MTM map of 16 x 16 size with the fitting

parameterr = 2. In the first figure we can visualizeTable 1: Data sets used in the experimentation. #obs:
the prototypes of the map which are binary where eadhta set size; #cl: number of classes; dim.Cat: categori-
pixel “black/white” denotes the state of the binary varal dimension; dim.Re: continuous variable dimension.
able (“Off/On"). In the second figure the grey shading

shows the relevance of the variables. By analyzing these Datasets | dim.Cat| dim.Re | #obs | #cl
two figures we observe that the topological order is re} Heartdisease 8 6 303 | 2
spected on the map¥) and the contours of the numbers Credit 6 9 666 | 2
correspond to relevant variables which are detected by _Thyroid 12 7 3163 | 2

our proposed approach..



We use the clustering accuracy for measuring the clusteafiable. A perspective of this work can be the use of the
ing results. This index is a purity measure which can lsemputed weights to select the most relevant variables
expressed as the percentage of elements of the assigmetithus to reduce the dimensionality of the data.

class in a cluster. This is a common approach in the gen-

eral area of data clustering. We compared the proposed

lw-MTM model with the classical determinist algorithrjseference

MTM and the probabilistic algorithm PrMTM. We com- i
puted the purity index on 50 experiences. The table Andreopoulos B., A. An and X. Wang (2006)Bi-
shows the performances obtained by the proposed model €Ve! clustering of mixed categorical and numeri-
lw-MTM and the other models MTM and PrMTM. We cal biomedical data.International Journal of Data

observe an improvement of map purity on all datasets. g/gné%g and Bioinformatics, v. 1, number 1, pages

Table 2: Comparison ofw-MTM, MTM and PrMTM ~ Asuncion A. and ~ D.J.  Newman  (2007).

using the purity index on 50 experimentations. MTM: UC'_ Machine Learning Repository.
Classical topological map dedicated to mixed data. http://www.ics.uci.edutmlearn/MLRepository.html,

PrMTM: Probabilistic mixed topological map using L_Jniversity of California},lrvine, School of Informa-
Gaussian and Bernoulli distributions. tion and Computer Sciences.

Basak J., Rajat K. De and Sankar K. Pal (1998n-

% Purity MTM | PrMTM | [w-MTM supervised feature selection using a neuro-fuzzy ap-
Heart diseasel x 7) | 83.39 | 84.45 85.76 proach; In Pattern Recogn. Lett., v. 19, number 11,
Credit (13 x 10) 82‘66 84.57 86.44 pages 997-1006, Elsevier Science Inc., New York,
Thyroid @1 x 14) | 95.38 | 97.41 | 97.53 NY, USA.

Bassiouny S., M. Nagi and M. F. Hussein (200B&a-
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improvement in the purity rate witho-MTM model . local attribute weighting.Pattern Recognition Let-

ters, v. 27(11), pages 1299-1306.

. Cord A., Ambroise C. and J.-P. Cocquerez (200@&ga-

4 Conclusion ture selection in robust clustering based on Laplace
mixture.In Pattern Recognition Letters, v. 27, num-

In this paper, we proposed a weighted self-organizing ber 6, pages 627-635.

map for clustering categorical and mixed data. The i

weighting of the distance during the learning phase afrozavu N., Y. Bennani and M. Lebbah (2008).

lows to detect the degrees of participation of each vari- Pondération locale des variables en apprentissage

able during the clustering process. More a variable has NUmerique non-supervisExtraction et Gestion des

a high weight, more the clustering algorithm will take ~ Connaissances (EGC 08), pages 45-54, Sophia-

into account the informations transmited by this vari- Antipolis, France.
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