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Abstract a specific data set result in different results (see [18]).

The quality criteria commonly used from the clustering
In this paper we present a scheme driven by evolutiamnethods are not compatible for different clustering
ary computation to overcome the problem of comparirgproaches, i.e. from a good value of such a criterion
clustering results. The clustering results are achievédcan not be decided, whether the clustering was the
by qualitatively different clustering algorithms, whichmore suitable one for a given kind of data. Any attempt
produce different partitionings. Our scheme helps us fuse a clustering result for an uninspected data set
to overcome these problems of algorithms by genergimply has to reject one method and choose another.
ing clustering ones and selecting the best evaluatedHowever, this selection can not be done by using the
evolve in another generation until the whole procedut@ative” quality measures of the clustering methods.
reaches a robust result. Perturbations or shuffling of the data points in a data

set have been also introduced to overcome the problem

. of instabilities and of wrong partitioning results. In this

1 Introduction way artificial instabilities are, applied in a data set by

perturbing its points. The idea is that clusterings which
Partitioning a given population of individualsdoes’nt change when the points in the datasets are
into “similarity” groups has many applicationsslightly modified will be the adequate ones. Moreover,
in science and business. Many clustering ahis method can influence the clustering algorithm to
gorithms have been suggested and used in treate more different cluster structures of the ones
literature to partition data into clusters (semormally achieved by the algorithms and it also pro-
[1],[2],[3].[41,[5].[6].[71,[8].[9],[10],[11],[12],[13],[14], vides more robust results that explain adequately the
[15],[16],[17]). When partitioning individuals into structure of the original set (for more details see [19]).
plausible subgroups, due to the origin of the data sétsthis paper we introduce a method which produces
and also to the algorithms themselves, some malifferent clustering results following a scheme driven
problems for this task are encountered. The trbbg evolutionary computation. This scheme takes
structure (ground truth), especially the number aradivantage of the polyphony of the clustering results,
shapes of the clusters, remains unknown. Differgmtoduced by the several algorithms due to the referred
cluster algorithms and even multiple replications gfroblems, by maintaining and using them as a point of
the same algorithm result in different solutions due tmmparison. The best results generated continue their
random initializations and stochastic learning methodsolution in a next step generation until we reach a
Moreover, there is no clear indication which of theobust result. This paper is organized as follows. In
different solutions of the replications of an algorithm isection 2 we describe how instabilities and a wrong
the best one. Different clustering algorithms applied on



clustering result caused by an improper choice ®he final clustering bitstrings have evolved towards the
clustering algorithm can be solved. The section f2able schemata, which provide us a robust partition of
explains the use of evolutionary computation for ththe data pointsin the set.

proposed task. In section 4 we explain the algorithms

and datasets used in deeper detail. Section 5 descihes . .

the results of our experiments, which leads to tfa DeSCFIptIOI’] of Experlment

conclusions descibed in section 6. .
4.1 Clustering Approaches

. While studying the famous problem witertwined spi-
2 Robust CIUStermg rals we achieved in former experiments (see [20], for
. . . . more details on the problem and its definition, see [21])

Thg basic assumption on robust .clusterlng, W,h"fne result that the submethsihgle-linkageof the class
guides to the framework presented in this paper, is &Fagglomerative Clustering Algorithms is suitable to

follows: When a clustering method is inappropriate foIuster them (due to some limitations). That's why we

the given data set, it will give more differing CIUSterhow use results of some of these algorithms to compare

ing results when the initial conditions or the given dal@ ey gitanility for a special kind of clustering problem.
values are randomly modified, than for an appropriate

clustering method. Assume a (humbered) datalset
(d1,dy, .. .,dn), which has to be separated into two clus-
tersC; andC,. Further assume a setbfi,Mz,...,Mk The basic scheme of the Agglomerative Clustering,
clustering algorithms (e.g. k-means, neural gas,...), fhfich stands for a class of algorithms, fuses in each step
Mi(ci),M2(ci), ..., Mk(ci), 1 <i < 2, results of which, one pair of clusters, consisting of only one datapoint at
when applied tad, will depend on an initial configu- the beginning. The selection of the pair to fuse is based
ration of thec; centers, and a s&t of | random mod- on some distance-criterion, thats why an adjacency ma-
ifications ofd, e.g. moving the data point by a smalfrix is used. Suppose a set of d&a{e;, e, ....g}:

amount in a random direction. Then, when a clustering . o

algorithmM), 1< p < k, is applied to the modified data 1. Startwith the partitioninG , whereg; = {& }

setvj(d), itwill assign each data pointind to €ither 5~ earch the two groups of data with the smallest dis-
or C,. This can be represented by a clustering-bitstring. tance between them among all possible pairs e.g.
For example, if there are four data points, the bitstring gp undgq mit dpg = mind;j, i # |

0110 describes that data pothtandd, have been as-

signed to cluste€; and data pointd, andds have been 3. fuse the groupg, andgg into the new grouggnew

assigned to clustet,. Applying all k clustering algo- Ognew=OgpU gq

rithms to alll modifications of the data setwill give .

k-1 bitstrings. Under the assumption given above, for* change the g-th row and co!umn of the adjacency
matrix by recomputing all distances between the

appropriate clustering methods, there should be more 4 the oth q
similar bitstrings than for inappropriate ones. In other ~N€W 9roURdgnewand the other groups and remove
thep th row and column.

words: the common schemata of kHl bitstrings hint
on amore fitted clustering. In search is a method for ses_ stop if a given criterion is reached, otherwise go
lecting common schemata. Genetic algoritms are well-  pack to the second step

known optimization-methods for such a purpose.

1.1 Agglomerative Clustering

4.1.2 Specification of a single Algorithm

3 Scheme Abstract The single algorithm is specified according to the man-
ner, in which the distances are computed. It is usual
The proposed scheme generates clustering-bitstringstygompute the distance of two clusters based on their
clustering thd modifications with all clustering algo-centerpoints, what leads to the submettagrage-
rithm in use. Then these clustering-bitstrings are evéinked. Another submethod computes the distance of
uated, compared through a fitness function. The bésb clusters using one abitrary element of each clus-
ones continue their evolution to the next generatiorer. Two clusters will possess the smallest distance, if



one of their pairs of elements has a smaller distance
than every possible pairs of elements between all the
other pairs of clusters. This submethod, which is called
single-linkages, according to former experiments (see
[20]) suitable to fuse datapoints located on an arbitrary
bended line. This means, that this algorithm is suitabl
to cluster the famous problem of intertwined spirals un
less the amount of datapoints is too great, so that the
adjacency matrix which all Agglomarative Clustering
algorithm depend on, will not be capable by computer
memory (RAM).

U

Figure 2: Intertwined spirals clustered by the average-

linkage algorithm.
4.2 Datasets

According to the results of our former work we use
one original set of data the intertwined spirals. Th . . . :
are produced by the method "mibench.spirals’ of t avid Whitley [26] as a very good introduction to the
R language. The R Language is an open source gld. . L
implementation of the S Language which is meant to beGAS and GPs are typically used for optimization
a programming enviroment for dataanalysis and graptroPlems. An optimization problem is given by a map-
ics (can be received at [22]). So, our former results le@9F : X =Y. The task is to find an elemertc X

to the assumption that this clustering problem could B Whichy = f(x),y € Y is optimal in some sense. Ge-
solved by one of the algorithms in use. netic algorithms erjcodes a potential solution on a sim-
The second original set of data is also implementedf#f chromosome-like data structure, and apply genetic

R and is nearly suitable to be clustered by aerage- operators such as crossover or mutation to these struc-
linkage submethod. tures. Then, the potential solution is decoded to the

valuex in the search spac&, andy = f(x) is com-
puted. The obtained valueis considered as a quality
measure, i.e. thétnessfor this data structure. Some
genetic operators, such as the mating selection, are un-
der control of these fitness values, some other, like the
mutation, are not related to fitness at all.

An implementation of a GA begins with a population
of "chromosomes” (generation 1). For standard GA,
each chromosome (also referred to as individual) is rep-
resented as a bitstring of a fixed length (60401101
as a bitstring of length 7). Then, the genetic operators
are applied onto all bitstringsiteratively in a fixed order,
Figure 1: Intertwined spirals clustered by the singlgoing from one generation to the next until a given goal
linkage algorithm. (e.g. fitness value exceeds a given threshold or a prede-
fined number of generations was completed) is met. Fi-
nally, the individual (or chromosome) with the best fit-
ness value in the final generation is taken as the evolved
solution of the optimization problem.

Evolutionary algorithms are a family of computer mod- At first, 2m bitstrings are selected out of thendi-

els based on the mechanics of natural selection and néduals of generation for mating. Usually, this is done
ural genetics. Among them are genetic algorithms (GAY fitness-proportionate selection, i.e., the relative prob-
[23] and genetic programming (GP) [24]. Genetic algability for an individual to be selected is proportional to
rithms were introduced and investigated by John Hats fitness value. The better the fitness, the better is the
land [23]. Later, they becamgopular by the book of chance to spread out its “genetic material” (i.e., some

avid Goldberg [25]. Also, consider the GA tutorial of

4.3 Search of Schemata



of its bits) over the next generation. dividuals are given as bitstrings, the Hamming distance,
Once the thindividuals are chosen, they are pairedvhich keeps track of inverted bitstrings will be the right

In the two bitstrings of each pair, a commorliging measure. So we define the fithess functi@n as fol-

point is randomly selected, and a new bitstring is cofows:

structed by combining a half of the first bitstring with L m . .

the other half of the other bitstring. Then, the new in-,,, _ + ; o h v h

dividuals are mutated, i.e. some of its bits are reversey 0) = mi;mm LZ X b"’; I(L=%.) =Bl

with a given (usually small) probability. This gives the

so-calledm childrenof parent generation. where:
Now, the fitness values of the children are evaluated n = length of the Bitstring
by decoding them intm va]ues and computmg_th‘e{x). m= number of orginals (clusterstrings)
Some of the children might have a better fithess than
its parents. From thk individuals of generatiom and Xg € X
themchildren, the bedgt individuals constitute the next sg that:
generation(n+1). : . o
While randomized, GAs are no simple random Xgv is thevth bit of gth original
walks. For the standard GA, John Holland has derived clustering-string

the well-known Schemata Theorem, which mOdeISﬁle alternating measure of the fitness function reflects

GA by means of the so-called schematas (or similarilyy jsq e that different clustering approaches may de-

templates). A schema is an incomplete bitstring in theye differently for assigning class 1 or 2. Hence, the

sense that it contains unspecified bits. An example faf, o o jitable schema should be more similar to either
a schema i40*110 , which leaves position 3 unspeciy, . uster string or its inverted form.

fied. 101110 is a realization of this schema. Genera-
tion n contains each possible schema to some extent. It
can be said, that such a schema is tested by the GAFpr Experimental Results
that trials are allocated to it by the GA. Now, one mea-
sure for a schema is the average fitness of all of its rese started our experiment so that 28 original clustering-
izations. A second measure is the ratio of this avarageings with a length of 100 bit were computed. As
to the "average average” of all schemata present in {h@&rameterization of the Genetic Algorithm we decided
generatiom, i.e. itsabove-averagenes$he Schematato chose
Theorem relates the rate of a schema within a popula-
tion with this measure. It says, that the rate of a schema o )
within a population grows exponentially with its above- ® @S the stop criteria 300 generations
averageness. The most important point here is that all,
schematas are tested in parallel.

Strongly related to the application of a GA is the en- ¢ 70 children in each generation
coding problem. In general, GAs are applied to highly .
non-linear, complex problems, where it is hard to find ® ©N€-point crossover
a model which provides an approach to the solution. Iny . \tation:
these applications, they are the most simple approach.

30 parents in each generation

However, a GA is not guaranteed to find the global op- — probability =0.8
timum of a problem. It only ensures, by the Schemata — mutation methods: swapping of two random
Theorem, to find better solutions than the random ini- bits. invertation of a random bit

tialized ones. GAs find evolved solutions.

The highest fitness/¥(b) we achieved was

1/y(bpes) = 0.0393256. This bitstrindopest was not
equal to any original clustering-string, but had a very
The fitness functiory = f(X),x € X in search, has to low distance (Hamming distance) to the first of the orig-
keep track of the difference of the tested indiviual conmals. That's why we decided to hame the clustering-
pared to all other (original) individuals. Because all irbitstring with the minimal Hamming distance compared

4.4 Fitness Function



with the individual reaching the highest fithneds,d:

where y(bpes) = min(y(b))vb € X) the result of the
procedure. The first original clustering-string, which
represents, according to our results, the most appropri-
ate clustering, is the one shown in figure 1, which showB!
obviously the correct partitioning of the intertwined spi-
rals problem. After some more trials we got even more
results leading again to the first original clustering-

bitstring with even higher fitnesses, i.e/ylbpes) =

0.04096 with only four different bits inside the com-

pared strings.

6 Conclusions

In this paper we have presented a scheme driven by evo-
lutionary computation to overcome the problem of com-
paring results achieved by qualitatively different clus{g]
tering algorithms. We have produced a couple of noisy
copies of a given two-class clustering problem. Because
it was a two-class problems, which means that we were
clustering all data into two clusters, the clustering re-
sults could be represented as binary bitstrings, so thédy]
were compatible to the format genetic algorithms work
on. Taking the whole lot of clustering results as input
to the genetic algorithm we assumed to let it find th
scheme of the right clustering for the presented pro
lem. At the end we achieved reproducable result, for
many runs of the genetic algorithm were leading to
the same original clustering-bitstring which of course
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A new split-and-merge clustering techniqueat-
tern Recognition Letterd 3:399-409, 1992.
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labeling.IEEE Transactions on Neural Networks

9(5):1021-1034, September 1998.

] C. L. Begovich and V. E. Kane. Estimating the
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simulation cluster analysisPattern Recognition
15(4):335-342,1982.

Donald E. Brown, Christopher L. Huntley, and
Paul J. Garvey. Clustering of homogeneous sub-
sets. Pattern Recognition Lettersl2:401-408,
1991.

Lei Xu, Adam Krzyzak, and Erkki Oja. Rival pe-
nalized competitive learning for clustering analy-
sis, rbf net, and curve detectionEEE Transac-
tions on Neural Network<(4):636—649, 1993.

Lei Xu. Bayesian ying-yang machine, clusterong
and number of clusterdPattern Recognition Let-
ters 18:1167-1178, 1997.

8] G. Celeux and G. Soromenho. An entropy crite-

rion for assessing the number of clusters in amix-
ture model. Journal of Classification13:195—
212, 1996.

points to the most appropriate clustering algorithm. 1{9] Christophe Biernacki, Gilles Celeux, and Ger-

is, according to our results, possible to find the appro-
priate clustering for a given problem, but it is also pos-
sible to identify the most suitable clustering algorithm
for an unknown dataset. Last but not least it seems to
be feasible, to classify clustering problems in compari-
son to their appropriate clustering algorithm. For future
work we are going to apply the proposed approach [#]
real data, including also more than two classes. Also,
the study of the application of other evolutionary algo-
rithms, like Cultural Algorithms (see [27]), are a topic

of ongoing resaerch.
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