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Abstract. In this paper we propose some new tools for a symbolic clustering inter-
pretation. In the framework of Symbolic Data Analysis the algorithms to cluster a
set E of symbolic data (Verde, De Carvalho, Lechevallier, 2000) are based on differ-
ent types of assignment functions and different kinds of prototypes which represent
the classes. The classical interpretative aids are usually based on inertia criterion.
In our approach we propose to generalize this criterion to symbolic data, where the
barycenter is replaced by the prototype of the clusters. The several indexes mea-
sure the improvement of a partition in k clusters with respect to the global cluster
E. This comparison allows to evaluate the contribution and the discrimination of
the symbolic objects and variables to the partition. Further suitable measures are
considered to value the homogeneity of the clusters of the partition

1 Introduction

In (Verde, De Carvalho, Lechevallier, 2000) and (De Carvalho, Lechevallier,
Verde, 2001) we have proposed a generalization of the dynamical cluster-
ing algorithm in order to cluster a set of symbolic data (Bock and Diday,
2000). According to the classical dynamical clustering algorithm, the sym-
bolic clustering algorithm is based on a criterion of the best fitting between
the obtained partition at each step and the representation of the clusters.
Let’s D be the representation space of a set E of symbolic objects described
by a set of p multi-valued variables Y7, ...,Y), which can be of different type:
intervals, multi-categorical or modal (Bock and Diday, 2000, pages 42—48).
The description of every object s of E is a vector xs containing the values
(zl,...,zd, ... aP) observed on the variables Yi,...,Y;,...,Y,. In such con-
text, the clusters of symbolic data can be represented by means of a model of
prototype which is consistent with the assignment function chosen to assign
the objects of E to the different clusters. Hereafter we proposed some indexes
as aids to the interpretation of the clusters obtained by the algorithm. They
are based on the notion of prototype associate to the representation of each
cluster. Whereas the prototype G of a cluster C' belongs to the same space
of representation D of the set of symbolic data to be classified, it is defined
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as follows:

G = arg;rggsezckﬁ(ms,m) (1)
where: ¥ is a dissimilarity function defined on D. Different kind of ¥ are
considered according to the type of multi-valued variable, for instance Haus-
dorff’s distance (Chavent, 1997) for intervals ; norm-2 distance, #2, two com-
ponent distance, based on distributions, for multi-nominal variables (De Car-
valho, 1994) and (Bock and Diday, 2000, pages 153-165).

2 Dynamical partitioning algorithm

The proposed clustering algorithm, according to the dynamical clustering al-
gorithm, looks for simultaneously a partition P of E in k classes and a vector L
of k prototypes (g1, - - -, i, - - -, gr) associated to the classes (Cy,...,C;, ..., Ck)
of the partition P that minimizes a criterion A:

A(P*,L*) =min {A(P,L)/ P € P, L € D*} (2)

with Py the set of partitions of E in k classes no-empty. Such criterion A
expresses the fitting between the partition P and the vector L of the k pro-
totypes. That is defined as the sum of the distances between all the objects
s of E and the prototypes g; of the nearest class Cj:

k
A(P,L) = Z Z W(Cﬂs,gi) C; e P, g; € D (3)

i=1 seC;

The algorithm alternates a step of representation to a step of assign-
ment, as follows :

a) initialization step Let’s be chosen a random partition P = (C1,...,C,, . ..

or alternatively a set k of random prototypes (g1,...,9i,-..,gr) of E (in
this last case a step of assignment will be run)
b) representation step FOR i=1 TO k DO the prototype g; of D is ob-
tained by minimizing the criterion: ) . ¥(zs, gi)
c) assignment step
test <0
FOR s=1 TO n DO (having indicated with m the class of assignment
of the object s)

Looks for the new class C; to assign s with | = argmin;— 1 (25, g;)

IF | # m THEN test < 1, Cp, + Cp, — {s} and C; + Cy U {s}
d) convergence step IF test = 0 THEN stop OTHERWISE go to b)

The convergence of the criterion D to a stationary point is obtained under
the following conditions:

e Uniqueness of the class of assignment of each object of E
e existence and uniqueness of the prototype go minimizing the criterion
Y scc ¥(xs, g) for all the clusters C of E.
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3 Interpretation of the clusters

In (Celeux et al. 1989) the indexes proposed to describe a partition are based
on the decomposition of the total inertia in the within and between iner-
tia. These indexes furnish a suitable aid to the interpretation of the clusters
obtained by partition methods like ” Nuées Dynamiques” method. In our ap-
proach, the barycenter of the clusters is replaced for a prototype and the total
inertia is generalized by the homogeneity of the partition in one class and the
within inertia by the homogeneity criterion of the description of each cluster;
while the between inertia is defined as the difference between the homogeneity
measure of the partition in one cluster and the partition in k& clusters.

The quality measures of a partition and of their clusters, hereafter
proposed, can be interpreted as the gain between the null hypothesis ”No
structure = Partition into one cluster” and the solution carried out a classi-
fication algorithm into K clusters optimizing the fitting criterion between a
partition P and the corresponding vector of prototypes of D. Such criterion
can be written as follows:

k
L):ZZW(xs,gZ ZZZ&U ,gZCEPglED HD

i=1 seC; i=1 seC; j=1 j=1

where (¥;,D;) is a metric space defined on the representation space of the
variable j. Let’s denote : S(Cj, z) = Y-F_, Sj(Ci,x) = 30 Y e, ¥j(d, g?)the
variability of the class C; with respect to z belonging to the space of descrip-
tion.

For construction we have : A(P,g) = Zle S(Ci,9:) < Zle S(Ci,g9E) =
S(E) as the difference between the two values representing the gain to replace
the prototype gg for the k prototypes g = (g1,---,gk)-

The values of the indicators that we propose ranging between 0 and 1
with 0 in absence of structure.

The quality of the partition, globally is measured by the normalized de-
viation of the gain obtained replacing the class unique for the partition :
QP)=1- A;(};);) In this case, if the value is equal to 1 it means that all
the objects belonging to the clusters are coincident with the corresponding
prototypes. If the value is equal to 0 the prototypes are all equal. We propose
this general quality index for every kind of class prototype representing a
cluster in the symbolic partition algorithm.

The quality of the partition can be decomposed on the variable j by :

APgy) _ | ATE, 8i(Cig)

S]( ) Zl 15 (CugE)

This index measure the participation of the variable j to the partition in
this meaning as more this value is great more the variable plays an important

Qj(P)=1-
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role in the building of the partition because it contributes to the reduction
of the variability within the classes.
Moreover, a quality measure for each class is given by:

S(Ci, QE) .

If the value of Q(C;) is near to 1 then the elements of the classes are very
different from the general prototype gg.

In other way a contribution measure of the class or the variable is
giving the ratio between the homogeneity criterion computed on this variable
or the class and the global one. The sum of all the contributions is equal to
1.

We can measure the contribution of the class C; to the global variability
by:K (Cifp) = 5525

APg) Thus, it is possible to make a comparison with respect
to the ratio SE) - that is the contribution of the class C; having taken

Q(Ci) =1-

S(Ci,gE)

as prototype g (the prototype of the partition in one class). Whereas this
value is more than 1 then the prototype g; of the class C; is very far from
JgE-

The contribution of the variable j to the partition P allows to evaluate
the role of this variable to the building of such partition, that is measured by:

K G(Cygl
K;(P) = %. Similarly than above, an evaluation of the contribu-

tion of j can be made on the basis of the following ratio: W If this
value is larger than 1 then the variable j furnishes a strength contribution to
the reduction of the within variability of the classes of the partition.

In conclusion, we furnish a measure to evaluate the contribution of each
object to the variability of the belonging class. It is given by the following
index: K(s) = %nl_l More this value is near to 0 more the represen-
tation of this object is similar to the prototype of the class.

4 Interpretation of the partition of 60 meteorological
stations in China

The proposed aids to the interpretation of a partition of symbolic data has
been realized on a set of data by Long-Term Instrumental Climatic Data Base
of the People’s Republic of China (http://dss.ucar.edu/datasets/ds578,5/data).
This set of data contains the monthly temperatures observed in 60 meteoro-
logical stations of China. According a natural representation of the temper-
atures, they are coded in a table as the interval of the minima and maxima
for each month. For our example we have considered the temperatures of the
year 1988 and we have built a table of dimension 60 rows and 12 columns,
corresponding to the number of stations and to the number of months of the
year. The different quality and contribution indexes have been computed on
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an example of partition in 5 classes obtained by a dynamical partitioning
algorithm () on symbolic data described by interval variables. For instance,
the station ”ChangSha” is described by the 12 intervals of the monthly tem-
peratures:

~[February = [3.1:7.7]]
~[April = [12.9:22.9]]

2.7:7.4]1]
:12.6]1]

[January = [
“[March = [6.5

~[May = [19.2:26.8]1] ~[June = [21.9:31]]
~[July = [25.7:34.8]] ~[August = [24.4:32]]
~[September = [20:27]] ~[0ctober = [15.3:22.8]]
~ [November = [7.6:19.6]1] ~ [December = [4.1:13.3]]

In the table 1 are collected the descriptions of the 60 meteorological stations:

Meteorological stations| January February |...| December
AnQing [1.8:7.1] |[5.2:11.2] |...| [4.3:11.8]
BaoDing [-7.1:1.7] | [-5.3:4.8 -3.9:5.2
BeiJing [-7.2 :2.1] -5.3:4.8] |...| [4.4:4.7
BoKeTu [-23.4 : -15.5]| [-24 : -14] |...|[-21.1 : -13.1]

ChangChun [-16.9 : -6.7] |[-17.6 : -6.8]|...| [-[15.9 : -7.2]
ChangSha [2.7:7.4] [3.1:7.7] [4.1:13.3]
ZhiJiang [2.7 : 8.2 [2.7 : 8.7] [5.1:13.3]

Table 1. Minima and maxima monthly temperatures recorded by the 60 meteoro-
logical stations

Fixed the number of classes to 5, the algorithm is reiterated 50 times and
the best solution is found for the minimum value of the criterion equal to:
D=3848.97. It is worth to noting that the obtain partition of the 60 elements
follows the geographical contiguity of the stations.

Fig. 1. Visualization on the Map of the China of the 5 Classes of the partition of
the 60 meteorological stations
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According to the kind of representation of the classes by intervals proposed
in the partitioning algorithm on interval data, the prototype of each class is
the interval which minimizes the Hausdroff distances from all the elements
belonging to the class.

In the table 2 we have indicated the values of the different indices of
quality and contribution proposed in the present paper.

Variable |Quality|Contribution with P|Contribution with FE
January | 69.50 13.76 12.74
February | 66.18 12.63 12.28
March 64.52 9.30 9.27
April 64.36 6.74 6.73
May 61.68 6.15 6.42
June 53.36 4.56 5.50
July 46.31 4.05 5.63
August 47.19 3.73 5.08
September| 61.10 6.05 6.37
October | 70.41 8.97 8.19
November | 70.63 10.79 9.83
December | 71.33 13.26 11.96

Table 2. Quality and contribution measures (times 100) of the intervals of tem-
peratures observed in the 12 months to the partition of the stations in 5 classes.

Set — Set —
Cluster_5 — Cluster_5 —
Cluster_4 —_— Cluster_4 _
Cluster_3 — Cluster_3 —_—
Cluser2 | p— 4 Cluser2 | p 4
Cluster_1 [ Cluster_1 —
2025 1209 393 223 1239 2055 223 1427 624 179 082
Fig. 2.

We can observe that the wintering months are more discriminant of the
cluster (high value of the quality index) than the summering ones. In the
figure 2 the prototypes of the classes computed on the interval values of
January and December are much more separated than the ones in figure 3
corresponding to the prototype of temperatures of June and September.

5 Conclusion

The proposed quality measures furnish an interpretation of a partition of
multi-valued data. However, each class can be modelling as a symbolic object:
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Set Set
Cluster_5 Cluster_5
Cluster_4 Cluster 4
Cluster 3 -_ Cluster 3 _—
Cluster_2 Cuser2l 4
Cluster 1 —_— Cluster_1 _

14 17.76 2152 2528 29.04 328 89 1317 17.44 2171 2598 3025
.
Fig. 3.

its description is given by the prototype associated to the class and its extent
can be obtained on the basis of the assignment function considered in the
algorithm, as following;:

El‘t(CZ/E) = {5 € E/W(xsagi) < W(xsagm) vm 7& Z}

For construction all the elements belonging to the class Ci are elements of
the extent of this class and any element of the others classes take part to this
extent, therefore the obtained partition by the proposed dynamical algorithm
furnish in output a complete classification.
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