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Abstract: Unsupervised daa classfication can ke considered ore of the most important initial stepsin the
processof data mining. Numerous algorithms have been devdoped and ae being wed in this context in a
variety of apgication danains. Albeit, only little evdence is available as to which agorithms shoud be
used in which context, andwhich techniques offer promising results when being combined for a given task.
In this paper we present an empirical evaluation o some prominent unsupervised daa classfication tech-
niques with resped to their usahbility andthe interpretabilit y of their result representation.

1 INTRODUCTION

Deteding unknown patterns in large datasets is becoming an increasingly important fador with resped to
the wider avail ability of large data @lledions and the need to extrad knowledge hidden within them. With
awedth o highly sophisticated tods from areas auch as gatistics, fuzzy logics, expert systems, neural net-
works and aher Al-related techniques avail able, ursupervised classficaion is frequently employed as one
of thefirst steps in the iterative processof mining the data. The main goal of this gep isto provide an over-
view of the charaderistics of the data, its inherent structure, and clustersin order to get an at least intuitive
feding for agiven dataset before procealing with ather methods of data analysis, if the main task is broader
than identifying the structure of the dataset.

Even within the family of unsupervised clasgficaion techniques, a variety of methods offer themselves for
this process Most of these methods are well-founded and tested techniques that have been employed in
numerous applications 9 far, with new variations of these techniques being developed constantly, eadh
addressng spedfic shortcomings of their ancestors. The dedsion which method to use depends to a large
degreeon asaumptions relating to the distribution d the data, some of which may be inherent in ore or the
other method, on pocessng requirements, or on their ability to handle nortnumericd or incomplete data.
Once these dedsions have been made, and the number of techniques has been narrowed down to a few to
choaose from, the dedsion shoud be and wsually will be based onthe usability of the various methods, their
quality of result representation and the eae (and toal-suppat) by which these results can be interpreted.

Whil e the mathematica properties of the various approaches are usualy well-analyzed [7], littl e work has
so far been pubished with the focus on result representation and evaluation. In this paper we addressthis
problem by comparing the result representation d a number of popuar unsupervised classficaion tedh-
niques and their modifications. As mentioned above, the focus is not so much onthe wrrednessof the re-
sults or the asumption inherent in the dgorithms used, bu rather their robustnessin terms of parameter
seledion, their ease of handing and the information to be gained from their result representation. Where
posshble we try to abstrad from the spedfic implementations used, but rather concentrate on the genera
charaderistics of the gpproaches.
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For this purpose we seleded five methods, namely (1) a mmplete linkage Hierarchicd Agglomerative
Clustering; (2) Bayesian Clustering using AutoClass (3) the Self-Organizing Map (SOM), a prominent
unsupervised neural network model mapping high-dimensional data onto a two-dimensional plane; (4) the
Growing Hierarchicd SOM, a recent extension to the SOM model allowing hierarchicd cluster analysis;
and (5) Generative Topagraphic Mapping, a probabili stic model for generating topdogy preserving map-
pings.

The remainder of this paper is gructured as follows. In Sedion 2we present an overview of the methods
seleded for these experiments. This is followed by a presentation d experimental results in Sedion 3,
where we use an artificial dataset as a toy example to present the main charaderistics of the dgorithms.
After thisinitial evaluation we use these dgorithms to analyze ahigh-dimensional dataset from the field of
text clasdficaionin Sedion 4.An analysis of the methods' result representation and their interpretability is
presented in Sedion 5,followed by some conclusions and lessons leaned in Sedion 6.

2 METHODS

In this dion we present a brief introduction into the methods used and provide pointers to more detail ed
descriptions of the dgorithms.

2.1 HIERARCHICAL AGGLOMERATIVE CLUSTERNG

Hierarchicd Aggdomerative Clustering builds a hierarchicd clasdficaion o dataitems by a series of merg-
ers (aggomerations).

The dusters most similar to ead ather are merged together to form one duster and this is repeded starting
with clusters with orly one vedor up to ore duster containing all vedors. One passhility to cdculate dis-
tances between the dusters is the cmplete-linkage method[9], which is the maximum of al pair wise dis-
tances between vedors taken from the compared clusters. Another possbility for example is the single-
linkage method [19], which, in contrast to the cmplete-linkage, uses the minimum distance. We use the
complete-linkage dgorithm for the further analysisin this paper.

Due to its age the Hierarchicd Aggomerative Clustering algorithm and its derivatives have been widely
employed and are included in a number of commercial data mining padages.

2.2 BAYES AN CLASSFICATION (AUTOCLASS

The program AutoClass| 3], Automatic Classdiscovery from Data, uses Bayesian probability theory to pro-
vide an extensible goproach to problems guch as classficaion and general mixture separation.

AutoClass describes classes by probability distributions over the dtributes of the data items. The cdcula-
tion d the probability of ead data item's membership to ead classprovides a more predse dassficaion
than absol ute partiti oning techniques.

The user can chose from default models or spedfy a dass probability distribution function by associating
attribute sets with suppied likelihoodfunction terms. AutoClassthen seaches in the spaceof classnumbers
and parameters for the maximally probable combination. It returns the set of class probability function pa-
rameters, and the dassmembership probabiliti es for ead data instance

AutoClasshas been employed succes<ully in anumber of applicaions|[2].

2.3 SELF-ORGANIZING MAP

The Self-Organizing Map (SOM) [10] is an ursupervised neural network mapping high dmensional inpu
data onto a usualy two-dimensional output spacewhile preserving relations between the data items. The
cluster structure within the data e well as the inter-cluster similarity is visible from the resulting topdogy
preserving mapping.

The SOM consists of units (neurons), which are aranged as a two-dimensional redangular or hexagonal
grid. During the training process vedors from the dataset are presented to the map in randam order. The
unit most similar to a chosen vedor is ®€leded as the winner and adopted to match the vedor even better.



Then urts in the neighbarhood d the winner are dlightly adopted as well. The trained SOM provides a
mapping of the data spaceonto a two-dimensional plain in such a way that similar data points are located
close to eath ather. Additional visualization techniques such as the U-Matrix [20], Adaptive Coordinates
[12], or cluster conredions [13] aid the user in understanding the duster structure. Furthermore methods
like LabelSOM [15] alow the automatic extradion d cluster descriptions based onthe &tributes.

The SOM and its variants have been employed many times in a wide varity of domains, such as financial,
medicd or time series data analysis[4, 11, 18.

2.4 GROWNG HIERARCHICAL SELF-ORGANIZING MAP

The Growing Hierarchicd Self-Organizing Map (GHSOM) [5] is a new variation d the SOM. The basic
ideaisto allow the SOM to grow in width and depth creding a flexible hierarchica structure where the size
of the feaure map is determined automaticaly.

The GHSOM grows in width by adding new units to the SOM during the training processin areas where
they are needed, similar to the Growing Grid network [6]. It furthermore grows in depth by training a new
GHSOM for units representing larger clusters, thus automaticdly deteding and mirroring the hierarchicd
structure inherent in the data. It thus combines the alvantages of the Growing Grid and the Hierarchicd
Feaure Map [14] whil e overcoming some of their limitations.

Being one of the most recent enhancements of the SOM method, the GHSOM has not been employed inten-
sively, but it has siown to produce very promising resultsin high-dimensional data dassficaiontasks[16].

2.5 GENERATIVE TOPOGRARHIC MAPANG

The Generative Topagraphic Mapping (GTM) algorithm [1] consists of a nstrained mixture of Gaussans
in which the model parameters are determined by maximum likelihood wsing the Expedation Maximization
(EM) algorithm. A set of paintsin the two-dimensional latent space which are similar to the units of the
SOM, are mapped by a nhortlinea and cortinuous function into the data space

The result of the GTM algorithm is a density function for ead data item in the two dmensional |atent
gpace To simplify the visualization d the data often oy the means and modes of these distributions are
used, dotaining visualization similar in spirit to the SOM.

In spite of being statisticdly well-founded, the GTM has nat yet been applied to and evaluated ontoo many
diff erent red-world applicaions.

3 ATOY EXAMPLE: CLUSTERING ANIMALS

This artificial dataset consists of 16 animals described by 13 attributes such as s$ze, number of legs etc.
[17]. This dataset is easy to handle and to evaluate diff erent parameter settings. Furthermore the results are
intuitively interpretable, allowing us to straightforwardly understand and compare the basic functiondity of
the chosen methods.

3.1 HIERARCHICAL AGGLOMERATIVE CLUSTERNG

Hierarchicd Aggomerative Clustering merges the animals cluster at different levels of similarity, with the
most simil ar animals being merged in the beginning, and the various clusters being merged hierarchicdly in
subsequent steps.

The best results are adieved with complete linkage with raw data and the Euclidean distance The two main
branches, birds and mammals, are dealy separated.

As can be seen in Figure 3.1.1the results are very easy to interpret. Classes merged on lower levels are
more similar than ores merged on higher levels. Note how owl and falcon, as well as horse and zebra are
merged onthe lowest level, sinceidenticd vedors describe these animals.
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Figure 3.1.1 Dendrograms

3.2 BAYESAN CLASSFICATION (AUTOCLASS

AutoClassfinds the best model with two classes, which represent the mammals and the birds. Figure 3.2.1
lists part of the description for the mammals' classgenerated by AutoClass The atributes with the highest
influence ae four legs, hair and no feathers. The influenceisthe aossentropy or Kullbadk-Leibler distance
between the dassand full database probabilit y distributions.

Attribute Name Influence Attribute Name Influence
has four legs 0.395 canrun 0.146
has hair 0.395 has mane 0.079
has nofeahers 0.395 has hooves 0.056
canna fly 0.229 cannd swim 0.048
isnot small 0.216 ishurter 0.005

Figure 3.2.1 AutoClassMammals Description

3.3 SELF-ORGANIZING MAP

For result representation we chose the simple default SOM output, mapping the data points onto grid-like
tables, with the cdl s representing the units of the map. Depending on the desired resolution d the map sizes
between 1x2and 5x5can be dhosen.

Using a 1x2 map (cf. Figure 3.3.1) the dataset is $lit i nto two clusters of birds and mammals. Figure 3.3.2
shows the result using a 3x3 SOM, providing a finer distinction between clusters. We again find the mam-
mals locaed in the upper half of the SOM to be separated from the birds in the lower half. Within the two
big clusters of birds and mammals there ae further sub-clusters, with, for example, the big mammals such
as cow, zebra and horse being separated onthe left part of the duster whereas the small er ones are more to
the left and davn to the canter. A 5x5 map (cf. Figure 3.3.3 will result in every animal being on a separate
unit, with again a very clea topdogy representation depicting the relationship between the data points.
Using the LabelSOM method would creae further descriptions of the dusters smilar to the results pre-
sentedin [15].
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3.4 GROWNG HIERARCHICAL SELF-ORGANIZING MAP

The GHSOM credes a hierarchicd view of the dataset. On the first layer of the GHSOM, a rather rough
separation d clusters is found, resulting in a 2x2 SOM with two urits representing the birds and ore unit
representing the mammals (cf. Figure 3.4.3.

Whereas the unit representing chicken, duck and goose alrealy provides a rather detail ed representation d
the data, the other units are expanded in a second layer, resulting in a more detail ed representation for those
sub-clusters.

For example, the secondayer SOM representing the mammals grows to a size of again 2x2, separating the
big mammals with hooves such as horse, zebra and cow from the medium sized hurting mammals (cf. Fig-
ure 3.4.2.
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3.5 GENERATIVE TOPOGRARHIC MAPANG

GTM generates a probability density function for ead pattern. In Figure 3.5.1the shading represents the
sum of the densiti es of ead dataitem. The symbals are placal at the means of the single density functions.

As can be seen there is a big division between the mammals on the right side and the birds on the left side.
Within these dusters there ae further clusters. Most obvious is the separation between medium sized hurt-
ing birds such as owl, falcon and eagle from the small er birds uch as pigeon, chicken, duck and gocse. But
aso within the mammals cluster some sub-clusters can be recognized. In the canter are the smaller ones
while on the top the big hurters such as tiger and lion are locaed. In the lower regions of the mammals
cluster are the big norrhurting animals sich as zebra, cow and horse. Note that because zebra and horse
have identicd vedorsthey only appea as one mark on the map, the same gpliesto owl and falcon.
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3.6 COMPARSON

As can be expeded, al methods have reveded the same basic dustersin the data. Figure 3.6.1 povides a
projedion d all results into the 5x5 SOM. Notice how the main separation between mammals and hirds is
found ly al methods. Except for AutoClass which separates the dataset only into two large sub clusters,
further subdvisions, although na completely identicd, are found ly the other methods. Zebra, horse and
cow are dustered together by al other methods. GTM and SOM order the pigeon to the duck, gocse and
chicken cluster while Hierarchicd Agglomerative Clustering with complete linkage and GHSOM assdgn it
to the eagle, falcon and owl. Noticedle is also that only GHSOM considers tigers and foxes more similar
than foxes and cats or tigers andlions.
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Figure 3.6.2 Comparison based on SOM 5x5



4 CLUSTERING HIGH-DIMENSIONAL DATA

For the second experimental setup we use arather high-dimensional red-world dataset. It represents 420
newspaper articles of the TIME Magazine from the 1960s" with the aticles being represented as word his-
tograms resulting in a dataset of 420vedors with 5923 dmensions.

Thebasic goal isto findtopicd clusters, i.e. articles covering similar topics as expressed by similar locaion
in the feaure spacespanned hy the words.

4.1 HIERARCHICAL AGGLOMERATIVE CLUSTERING

Using Hierarchicd Agglomerative Clustering the diff erence between namalizing the data vedors to urit
length 1 and nd-normalized data becomes obvious on first glance (compare Figures 4.1.1and 4.1.2. The
reason for thisis that withou normali zation the length of the documents has a big influencein the reveded
structure. For the remainder of the experiments presented in this ssdionwe will use normalized data.

The magnified areain Figure 4.1.2 shows a sub-tree The aticles in this sib-tree ae identicd to ores

mapped orto the units on the first and second row in the @ghth column in Figure 4.3.1.As a whale the
clusters are very similar to those generated by the SOM.
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4.2 BAYES AN CLASSFICATION (AUTOCLASS

AutoClass gaches for the best model in the model spacedefined by the user. One major parameter for this
model spaceis the distributions of the atributes. AutoClass offers predefined choices mainly for Gausdan
and related dstributions. Unfortunately the distribution o the atributes in the dataset is much better de-
scribed as exporential. Looking for example & one dtribute such as Vietham most articles do nd contain
this word, so their correspondng values are zero. Only a few from the 420 articles adually have avalue
bigger than zero.

Other than problems modeling the data there ae dso some problems handing the inpu and ouput. Auto-
Class ®ans to na have been developed for such high dmensional data. The report fil es generated, con-
taining the foundinformation in ASCIl format, read sizes up to 30MB, making it necessary to develop
todsto hande them.

Also the inpu is nat so easy to hande, since it requires a description d ead attribute. With almost 6000
attributes it isimposgble to generate the inpu manually.

Considering the problems with the model the results are quite good. Some of the foundclusters were very
similar to thase found ly the other methods, for example a ¢uster abou the NATO and the Cold War. But
others did na make sense, for example documents abou the monarchy in Marocco and the Vietnam War
were in the same duster.

! Avail able & http://www.ifs.tuwien.ac.at/~andi/somlib/.



4.3 SELF-ORGANIZING MAP

The 10x15map (cf. Figure 4.3.1) provides a good and intuiti ve overview of the TIME data. The main topi-
cd clusters can be eaily deteded, espedally with the alditional help provided by the Label SOM technique.

We find, that the SOM has succealed in creding a topdogy-preserving mapping of the document coll ec-
tion, i.e. we find dacuments on similar topics located onthe same or neighbaring units. For example, all
articles mapped orto the units in the lower left corner of the map ded with problems in South Vietnam,
with some units representing articles on the Vietham War and aher units covering the government cradk-
down onBuddhist monks.

As another example, consider the aticles on the unit in the first row and the fourth, which all ded with the
relationship between India and Pakistan and the Kashmir conflict. Several further topicd clusters can be
identified onthe map, such as European Poaliti cs, the relationship between the eat and the west during the
Cold War, or the situationin the Midd e East.
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4.4 GROWNG HERARCHICAL SELF-ORGANIZING MAP

The top-level map (cf. Figure 4.4.1) evolved to a 2x5 grid with a good separation d the main topics like
Egypt's president Gama Abdel Nasser and aher articles about Arab courtries, the Vietnam war, Charles de
Gaulles, Germany, Nikita Khrushchev, a war in Africa axd so on. These units are expanded to provide a
more detail ed cluster representation ar subsequent layersin the hierarchy. If we take a ¢oser ook at the 3x4
map below the unit labeled viet and diem (cf. Figure 4.4.2), we find articles abou the Vietnam War in the
upper half and articles, which contain information abou Buddhism and the internal religious corflict in
Vietnam, in the lower, half.
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4.5 GENERATIVE TOPOGRAPHIC MAPPING

Figure 4.5.1shows the GTM mapping for the TIME magazine documents. Due to a ladking user interface
suppat for a dataset with many (overlapping) clusters, we used the SOM results to analyze the GTM re-
sults. The dusters are basicdly identicdly with thase found ty the SOM.

Figure 4.5.1 dypicts four diagrams. The first on the top left represents the means of the 420 single distribu-
tions. A few of them are marked with spedal symbals to identify them. Next to it the modes of the distribu-
tions are plotted. The modes and means can give some information onthe types of the distributions. If the
modes and means of one distribution are separated it indicates a multi-modal distribution. The diagram la-
beled distribution represents the density function d the complete dataset. Peeks are aeas with a high den-
sity indicating clusters. Finally the log-likelihoodis plotted. After only five gycles the batch algorithm con-
verged.

The highlighted clusters in the means diagram are test clusters taken from the SOM results. For example the
cluster on the top right contains articles abou Rusda and the NATO. As can be seen from the distribution
diagram there is a pe&k there. Anather peak can be foundat the lower right which is a duster containing
documents on the Vietnam War.
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46 COMPARSON

Hierarchicd Aggomerative Clustering with complete linkage, SOM, GHSOM and GTM find very similar
clusters. AutoClass even though na well adjusted to the dataset, also finds some of these dusters. One of
the major diff erences was the computation time and storage used. AutoClasswas most demanding foll owed
by GTM.

5 EVALUATION

The dustering qualities in principle were foundto be similar, which can be dtributed to the fad that all
methods use similar assumptions abou the underlying data distribution. However, we find that result repre-
sentation and the information to be gained from these representations differs to a large degree

Hierarchicd Agglomerative Clustering can be used in a straightforward manner and provides a representa-
tion d the various clusters as branches of atreg alowing very easy interpretation. The dea structure of the
result visualizationis one of the biggest advantages of this approach. Furthermore, the data can be viewed at
different levelsin the hierarchy, allowing the aedion o and simple navigation through cluster structures of
differing granularities. However, espedally with large datasets it is easy to loase the overview of the re-
sulting tree representation. An inexperienced user might have trouldes analyzing the relation between pat-
terns which are not close to ead ather in the hierarchy, as this informationis only represented by the level
at which the dusters are merged. No topdogy information as auch can be @mnveyed using this method and
the dedsion which type of distance measurement (e.g. complete linkage) to use might be nontrivial. Nev-
ertheless Hierarchicd Aggomerative Clustering is a simple and intuitive tod, which aids the user under-
standing the inherent hierarchica structure in the dataset.

AutoClassallows a very detail ed spedficaion d all assumptions or a-priori knowledge uncerlying the data
model. However, to oltain this knowledge, additional pre-processng steps uch as analyzing the distribu-
tion acossthe individual attributes has to be performed. Because of this wedth of posgble parameter set-
tings AutoClass demands a high understanding of statistics from the user. The results produced by Auto-
Class provide very detailed information onthe probabiliti es of class assgnments and class descriptions.
However, no straightforward visuali zation d the results is avail able, requiring rather cumbersome manual
interadion to elicit information from the result listings. AutoClassis a very powerful tod demanding a
good unerstanding of the dustering problem. However it is limited concerning the distributions of the &-
tributes and the dimensiondlity of the data.



The remaining threemethods, SOM, GHSOM and GTM are very similar as far as their result visualization
posshiliti es are ancerned. The main benefit of these methods is that they provide, additional to the duster
information, also some kind d topdogy information, i.e. they reved additional information about the inher-
ent structure of the data. This information would be difficult to abstrad from the other methods. On the
other hand it is necessary to be avare that abstrading the topdogy has a negative influence on finding the
cluster structureitself. If noinformation about the topdogy is desired than aher methods oud be nsid-
ered. The main usage of the topdogy isfor visualization.

One of the disadvantages of the basic SOM method s the predefined, fixed size determining the granularity
of the data representation in advance. Furthermore, no hierarchicd structures can be deteaded from the basic
SOM architedure. These limitations are being solved by the GHSOM, which automaticaly determines the
size and a hierarchicd structure within the dataset.

While being more predse, GTM also requires more mmputation time than the SOM. Espedally with very
big datasets the SOM offers big advantages over the GTM since it is possble to use many agorithmic
shortcuts, such as, for example, fast winner seledion [8]. The higher predsion d the GTM is mainly re-
fleded in the way data items are assgned with a cetain probability to a duster or an area on the map,
which is smilar to AutoClass Visualizing these probabili stic assgnments is rather difficult and with da-
tasets with more than orly a cugde of itemsiit is inevitable to resort to a SOM-like representation, partly
loasing this additional information again. This can be dore & dhown in Figure 4.3.1 ty using the means of
the single density functions. Since GTM, in contrast to the SOM, is based ona statisticd framework it can
be proven to converge, has a theoreticd basis for its parameters, and the aposteriori probabiliti es can be
used, asthey are in AutoClass to compare diff erent models and to find the best.

6 CONCLUSION

We have empiricdly evaluated five different clustering algorithms with resped to their usability and the
interpretability of their result representation.

SOM offers the most advantages visualizing very large and high dmensional datasets. If additionally infor-
mation abou the hierarchicad structure is desired these can be obtained using the GHSOM. GTM offers a
statisticaly soundvisuali zation. AutoClassdoes naot off er visuali zation bu very acaurate result descriptions.
Hierarchicd Agglomerative Clustering is a simple and very intuitive tod aiding the user in understanding
the hierarchicd structure of the dataset. Espeadally in combination with ather methods, which donat reved
the hierarchicd structure, it is very useful. In general, a more wide-spread combination and integrated result
visualization d different approacdhes within ore framework rather than parallel but separate representation
is highly recommended for complex data analysis tasks.

REFERENCES

[1] Bishop, M.C., Svensén, M., Williams C.K.l. (1996: GTM: a principled dternative to the self-
organzing map, Artificial Neural Networks — ICANN96 Procealings of the 1996 International Con-
ference Ledure Notesin Computer Science, vol. 1112,Springer Verlag.

[2] Cheesman, P., Stutz J. (1996: Bayesian Classdfication (AutoClas9: Theory and Results, Advances in
Knowlege Discovery and Data Mining, AAA | PresSMIT Press

[3] Cheesman, P. Kely J., Sdf, M., Stutz, J., Taylor W., and Freeman, D. (1988: AutoClass A Bayesian
Classfication S/stem, Proceadings of the 5" International Conference on Madhine Leaning, Morgan
Kaufman Publi shers, San Francisco, 5464.

[4] Deboed, G. and Kohoren, T. (1998: Visua Explorations in Finarce Springer Verlag, Berlin, Ger-
many, 1998.

[5] Dittenbach, M., Merkl, D., and Rauber, A. (2000: The Growing Hierarchical Self-Organizing Map,
Procedlings of the International Joint Conference on Neural Networks (IJCNN 2000.

[6] Fritzke, B. (1996: Growing Sf-Organzing Networks — Why?, Proceelings ot the European Sympo-
sium on Artificial Neural Networks (ESANN96) Bruges, Belgium.



[7] Jain, A.K., Murty M.N., and Flynn P.J. (1999: Data Clustering: A Review, ACM Computing Surveys,
Vol 31,No. 3, 264323.

[8] Kaski, S. (1999: Fast winner search for SOM based monitoring andretrival of high dmensiond data,
Procealings of ICANN99, d" International Conference on Artificial Neural Networks, IEE, vol. 2,
London, 946945,

[9] King, B., (1967): Sep-wise dustering procedures, Journal of the American Stat. Assoc. 69, 86101.

[10] Kohoren T. (1982: Salf-Orgarnized formation d topdogically corred feature maps, Springer.

[11] Kohoren T. (1997): Self-Organizing Maps, Second Extended Edition, Springer Verlag.

[12] Merkl, D. and Rauber, A. (1997: Finding Sructure in Tex Archives, Procealings of the European
Symposium of Artificial Neural Networks (ESANN98).

[13] Merkl, D. and Rauber, A. (1998: Cluster Conredions — A visualization tednique to revel cluster
boundaies in self-orgariziing maps, Procealings of the 9" Italian Workshop on Neural Nets
(WIRN97). Springer.

[14] Miikkulainen, R. (1990: Script Recognitionwith Hierarchical Feature Maps, Conredion Science 2.

[15] Rauber, A. (1999: LabelSOM: On the Labeling d Self-Organizing Maps, Procealings of the Interna-
tional Joint Conference on Neural Networks (IJCNN99).

[16] Rauber, A., Dittenbach, M., Merkl, D. (2000: Automatically Deteding andOrgarnizing Documents
into Topic Hierarchies: A Neural-Network Based Approach to Bookshelf Creation andArrangement,
European Conference on Research and Development for Digital Libraries (ECDL’00), Lisboa, Portu-
gal, 2000,Ledure Notes, Springer Verlag.

[17] Ritter, H. and Kohoren, T. (1989: Self-Organizing Smantic Maps, Biologicd Cybernetics 61, 241
254. Springer.

[18] Smula, O., Vasara, P., Vesanto, j. and Helminen, R. (1999: The Saf-Orgarnizing Map in Industry
Analysis. In: Jain, L. and Vemuri, V. (eds.): Indwstrial Applicaions of Neural Networks, CRC Press
Washington, DC.

[19] Sneah, P.H.A. and Sokal, R.R. (1973: Numerical Taxonamy, Freeman LondonUK.

[20] Ultsch, A. (1993: Self-Organizing Neural Networks for Visuali zation andClassdfication, In: Informa-
tion and Clasdfication. Concepts, Methods and Appli cations, Springer, 1993.



