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Abstract— This paper describes an approach we havepecialised tasks such as inference. In the context of the
been using to identify specific-domain ontology composemantic web, one of the most important challenges is
nents by using Self-Organizing Maps. These componentse mapping of large amounts of unstructured information,
are clustered together in a natural way according to thesuitable for humans,into formal representation of knowl-
similarity. The knowledge maps, as we call them, show cokdge [4]. In the next subsections we have a brief look
ored regions containing knowledge components that mat some related work on Ontologies and Self-Organizing
be used to populate an specific-domain ontology. Lateklaps which are the framework of our approach.
these ontology may be used by software agents to carry
out ba§ic reagoning task on our be.half. In particular, we q Ontologies
deal with the issue of not constructing the ontology from
scratch, our approach helps us to speed up the ontolo§y ontology may be referred to as an agreed conceptualiza-
creation process. tion. In other words, it is a set of elements that, as a whole,

allow us represent real world domains, an academic one for

. instance. Must be said that representing knowledge about

1 Introduction a domain as an ontology is a challenging process which
is difficult to achieve in a consistent and rigorous way. It

The semantic web, requires that the information containgd easy to lose consistency and to introduce ambiguity and

into digital archives is structured [4]. In the last few ygar confusion [3]. The ontology life cycle usually requires the
a number of proposals on how to represent knowledge Vig|lowing [8, 29, 9, 7, 46] activities (Fig.1):

ontology languages have paraded [42, 10, 17, 15, 30]. Now
that OWL has become an standard [25]’. the real challen athering The acquisition and collection of the knowl-
has started. Slowly but surely the web is to be populate

th structured K ledae that will all ft ¢ ge from the domain in which we are interested. It usually
with structured knowledge that witl allow Software agentsy, e dealing with unstructured data in natural languag
to act on our behalf. Converting the current web into th

. i . om digital archives.
next generation one, the Semantic Web, is to take mufh g

longer if no semi-automatic approaches are taken into ac-

count to carry out this enterprise. This is what our papé?(tractmn Th|s refquh|re3 baclfgr.ound knqwledge fqr cre-
is all about. The remainder of this paper is organized &Y taxonomies of the domain In & semi-automatic way.

follows. In section 2 some related work is introduced. Oul-€2"ning techniques may be applied by the knowledge en-

approach is outlined in section 3. Results are pres;entedgfrlpeer for this task.

section 4, and conclusions and further work in section 5.
Organization Imposing a structure on the knowledge ac-

quired and generating formal representations of it forrlate
2 Related Work being used by software agents or humans.

Vast amounts of knowledge are currently available on thgerging  Defining mapping rules to facilitate interlingua
Internet and its quantity is growing rapidly. This has ungychange relating information from one context to another.
derlined the weakness of current mechanisms and techpig activity is as important aBztraction. It can be re-

niques used to give users access to this knowledge. Th&req to as finding commonalities between two knowledge
difficulty of extracting, filtering, and organizing knowlgel  paces and deriving a new knowledge base.
from expert domains has challenged the research commu-

nity which is now extremely interested in reusing knowl-Refinement Improving structure and content of the

edge. The fundamental problem is how to extract for- ) I

X . . nowledge about the domain by eliciting knowledge from
mal and consistent knowledge representations suitable for ; :
the domain experts. It amends the knowledge at a finer
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% ‘%T"\\\ ghis case, a documentmap is presented as a series of HTML
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%‘B pages facilitating exploration. A specified number of best-
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Retiieval Extro R proaches use SOM as a clustering and visualization soft-
Sycva SPECIFIC ware tool [24, 28, 39]. They have also been used to es-
i DO = timate mobile location [47], pattern recognition [1], and

%& gene clustering [48].
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Figure 1: The ontology life cycle. Our software is written in Java, which offers robust, mul-
tiplatform, and easy networking functionalities. Being a
object-oriented programming language, it also facilgate

Retrieval Communicating the knowledge to users infeuse as well. Speed is not an issue anymore as computer

such a way that computational mechanisms also can haREPCeSsors are faster and faster. Java and its various APIs
access to it are powerful enough for constructing ontology software

systems. The idea of combining ontologies and semantic
maps has motivated our work. For the semantic web to be-

. A number OT Interesting approaches can be founpl n th(?ome a reality, we need to transform the current web into a
literature. For instance, in [16] the use of the so-caBied-

. . X eb where software agents are able to negotiate and carr
ple HTML Ontology ExtensiofSHOE) in a real world in- web w W g got y

i i lication is d ibed. A simil hi out trivial tasks for us. Doing this manually, would mean
ernet applicatlon 1S described. A similar approach IS preg o iyeneck for the semantic web. We need software tools
sented in [2]. Mostag-annotatedveb pages tend to cat-

: . that help us accomplish this enterprise.
egorize concepts, therefore there is no need for complexOur system consists of two applications: Spade and

inference rules to perform automatic classification. On%rubber [6, 5]. The former pre-processes html pages and

tor:eﬂ:jivtlc:) St;gﬂn;fo 2 L;?.Sbgée?jnsogttgxg{‘olf vtvct)akf l;pég?r reates a document space. The latter is fed with the doc-
b 9 y ent space and produces knowledge maps that allow us

I\/T/gtEsclériﬂﬁ;Et?ezs[iiao;r?de?nuhseelp}i?l ;Tgrslisteegéissecgnj;\'ﬁsualize ontology components contained from a digital
structured text [27] ' archive. They may later be organized as a sétatances,

' Relations, and Functions. Problem solvers may use
those for inferring new data [11, 12, 46, 33].

2.2 Self-Organizing Maps

We start this section, by describing some basicideas telat8.1  The Algorithm

to Self-Organizing Maps (SOM). Clustering is the unsu- i i
pervised process of grouping patterns, observations, dat®™ ¢an be viewed as a model of unsupervised learn-

items, or feature vectors [18]. This problem has been a9 @nd an adaptive knowledge representation scheme [38].
dressed in different contexts and by researchers since fiaptive means that at each iteration a unique sample is
60's in many disciplines, reflecting its broad appeal anffken into account to update the weight vector of a neigh-
usefulness as one of the steps in exploratory data anaRRurhood of neurons [21]. Adaptation of the model vectors
sis. A pattern set can be denoted $is= {di. .., d}. take place according to the following equation:

The i*" pattern inS is denoted asl; = {a;i,..,ain},
d; € R". This pattern set is viewed as mnxn matrix. The
individual scalar components;, are calledfeatures or
patterns. Some classic approaches to the problem inclu
partitional methods [37], hierarchical agglomerativeselu

mi(t +1) = mi(t) + hei(t)[x(t) —mi(t)] (1)

d\;\?/here te N is the discrete time coordinate;; € R is
node, and;(t) is a neighbourhood function. The lat-

. . X . er has a central role as it acts as a smoothing kernel de-
te_rlng [40], and gnsuperwsed baye3|an clustering [34,]' ned over the lattice points and defines the stiffness of the
widely used parunpnal procedure IS Fhe k-mean; algorlthl?urface to be fitted to the data points. This function may
[19]. A problem with this procedure is the selectionaa be constant for all the cells in the neighbourhood and zero

priori. An alternative to j[hese methods is SOM which doe«§_Isewhere. A common neighbourhood kernel that describes
not make any assumptions about the number of cluster

o R . Shatural mapping and that is used for this purpose can be
priori, the probability dlstnb_utlons of the variables, thie written in terms of the Gaussian function:
independence between variables.

Perhaps the most well-known projecViEBSOMZ322]. |[re —mil]?
This is an organization, searching and browsing system. In hei(t) = a(t) exp(= 202(1) ) @)



wherer.,r; € R? are the locations of the winner and ay this scenario are described in terms of their attributes,
neighbouring node on the gridy(¢) is the learning rate so a number of subclasses may be identified. For instance,
(0 < a(t) < 1), ando(t) is the width of the kernel. Both some of these birds fly, some other do not. It is interest-

a(t) ando(t) decrease monotonically. ing to note that in this particular dataset all the birds have
feathers and have two legs. Are these the most important

all know that humans have also two legs and penguins have

a) Produce adocument space A document space is cre- no feathers at all. But we also know that they are not part
ated with the individual vector spaces. of this dataset.

b) Construct the SOM By using a suitable number of

Zig;;:;i_ terations the map is trained with thei\/llammals .These on the other hand are creatures that give
birth to their young and feed them with milk. The follow-

Once the SOM has been trained, ontology componenitgy are the mammals that are part of this scenario: cow,
can be seen and examined clustered together. One ifox, dog, wolf, cat, tiger, lion, horse, zebra. Mammals
portant difference between our approach and Kohonen’sase also described in terms of their attributes such that new
that we do not usaverage contexf38, 20] to create the subclasses may be identified. For instance, some of these
docuspace. In other words, Kohonen uses phrases for themammals hunt, some other do not. Note that in this dataset
creation of the lexicon which turns out into a much biggeall the mammals have four legs and hair. Are these at-
docuspace. We have used one-word terms for the lexicamibutes the ones that define mammals? Probably not. But
This helps us reduce the dimensionality of the dataset, again an expert will decide. We all know that mammals
contextual information is clustered together anyway. Prdeed their young with milk and this attribute does not ap-
liminary results were surprisingly close to our intuitive e pear in the dataset.
pectations. After this, some other ontology tools such as

editors can be used to organize this knowledge. Finally, it Background knowledge would allow even children to

can be embedded into the digital archive where it was eé]assify, or at least identify, some of these animals and
tracted from by means of any of the ontology languageserhans draw a basic taxonomy of the domain. Experts

that exist. on the other hand may elaborate some more complex tax-
onomies from this small scenario by means of browsing

4 Results our knowledge maps, either the entity map or the_z attripute
map. Other more complex scenarios from the animal king-

gm would include reptiles, fish, amphibian, insects, or

This section presents two experiments that we have carrig X ,
ollusc, not included here [41]. From the experiments we

out. Firstly, we compare our results, from a very small dat i L
set, to those of other authors. In [38, 36] thatasets pre- 1ave found that one dominant characteristic amongst the
sented, rather poorly compared to our approach, and angpimals is their size, e.g. birds are small, mammals come

ysed. Our approach uses a 4x4 SOM and presents the sdfhivo sizes. On the other hand, birds of prey and hunting

data by using colored areas. Then the results from applyifig@mmals, small animals with feathers, big animals with

our approach to a bigger digital archive, for identifying on hooves, and the ones with four legs and hair are also clus-

tology components, are shown. Both subsections preséﬁ[ed together. This is consistent with earlier tests edrri
ut on the dataset. Both SOMs are shown in Figure 2. It

the data in two ways, what we have called the Entity Ma :
and the Attribute Map. The former showsatities clus- gwst be noticed that the vector spaceszilra and horse,
The ones fdren and duck

tered together as main features and their corresponding &d oWl and hawiare equal. T
tributes as subfeatures. The latter, exhibits-ibutes as '€ @Pproximately equal. Similarly, the vector spaces for

main features and their corresponding entities as subfeld€ Attributesteather and two legs, and hair and four legs
are equal. That is why some areas overlap and produce a

combination of colorings.

4.1 Animals . :
4.2 Digital Archives
This scenario, as mentioned, is real simple. Basically it )
contains two kinds of animals, namely birds and mammal§0r our second analysis a set of web pages of the Com-

These have been clustered together. A brief definition d{uter Science Dgpartméat Nottingham University has
the classes of this scenario is given as follows. been used. A University consists of a number of entities,

for instanceschool andperson. One School has generally

. . . more that oneesearch groupA person usually plays more
Birds These are creatures with feathers and wings. Moaj;‘at onerole within th?a scrr)logl member ofyapre);earch

birds can fly. The following are the birds that are part of this
scenario: dove, hen, duck, goose, owl, hawk, eagle. Birds thttp:/mwww.cs.nott.ac.uk




[3.1] two legs [2,3] goose
iowl, hawk. dove. hen, small, two legs, feathers, swims,

Figure 2: An animal dataset and its ontology compondrgf.. Attribute Map: main feature and subfeatures of cell [3,1].
Right. Entity Map : main feature and subfeatures of cell [2,3]. i\&ngle cell contains its own data.

group for instance, and has a numbepablications. A have learnt during their courses. Computers are the main
specific domain such an academic domain requires knowdguipment needed in the field of Computer Science. Pro-
edge from the experts in order to produce a complex ontdiessors and Lectures arrange a number of practicals for the
ogy. Before going any further, the definitions of some oftudents to be carried out in the labs to reinforce knowledge
the domain ontology components that we are looking fasbout a specific subject.

are briefly given.

Exercises Exercises are particular pieces of tasks that

Department The computer science department is one oftudents work out. They are designed to help students learn

the many departments in the University of Nottinghamparticular skills about a subject. They usually are super-

The department comprises tBehool of Computer Science Vised by PhD students during tutorials.

and Information Technology (CSi&nd thenformatics In-

stitute of Information Technolog§yormerly the ICL Insti- Surveys Surveys are detailed accounts about topics.

tute of IT). They both offer a number of postgraduate proThey are usually written by researchers, including PhD stu-

grams and courses for undergraduate students. dents, in the form of literature reviews before research pro
posals or as introductory chapters in theses.

Lectures These are talks that some members of the

school give to teach people about a particular module, féndustry  Industries make and supply particular products,

instance from the Module callddtroduction to Artificial or provide and distribute particular services for the commu

Intelligence(G5AIAl) some lectures are: Blind Searcheshity. Industries are interested in improving their proesss

Game Playing, and Neural Networks. For easy referencingf producing and providing better products and services. In

lectures have a course code, shown above in parenthesiirder to improve those processes, Industries support finan-
cially a number of academic research initiatives within the

Tutorials These are regular sessions between a tutor aH&'Vers't'eS for research to be done for them.

a number of students for discussion of a subject being stud- _ .
ied. PhD students usually play the role of tutors and under- Again, background knowledge is very important.

graduates are tutees. Sometimes exercises are solved @fRWsing the SOMs gives us a clear idea and helps us un-
ing these sessions. derstand what the domain is all about. For instance we

can readily identifypeople within the domain, theiroles?,

modules® that are taught, angesearch?® interests of the

Coursework Coursework are assignments that studen :
. embers of the school. Terms lileee, confer(ence), pro-
do during the course of Modules. These count towards th(ﬁ ( )P

. X i , workshop, l, spri he lo-
final grades. Each module includes atleast one coursewo&eed(mgs) workshop, journal, spring(grand even the lo

. X . ition of the school (wollaton, jubil(e), campu(s), nagtin
Exercises and sometimes essays are also considered as Rg]% and how to reach it (driv(e), rout(e), map, direc(tion
of coursework. ' , ) )

2professor, student, head, tutor, assistant, lecturer.

. . . ... SDatabases, java, data structures, artificial intelligence
Laboratories Laboratories are rooms containing specific - 4scheduling, software agents, functional programming.

equipment for students to actually put in practice what they STerms truncated by thetemmer

Proceedings of the 6th International Workshop on Self-Organizing Maps (WSOM 2007)
Published by the Neuroinformatics Group, Bielefeld University, Germany, ISBN 978-3-00-022473-7
All contributions to WSOM 2007 are available online at: http://biecoll.ub.uni-bielefeld.de




department

[23,14] program [3,29] /Modules/O00L/GEIFUN, html
SgmbdFag,html . AYrubdACT-Rd-manual  html, srogiram, modul, func, is.

Figure 3: An academic domain and its ontology compondref. Attribute Map: main feature and subfeatures of cell
[29,14].Right. Entity Map : main feature and subfeatures of cell [3,29]ensingle cell contains its own data.

guid(e)) are clustered together. Further subcategories ahe new web, the so called semantic web, where software
also visualized, for instance, within themage Processing agents will carry out reasoning and inference tasks in our
and Interpretation Research Groupe found terms like behalf.

text, vision, ai, colour, recognition, imaggouped ( Fig.3).

The domain expert, by using these ontology components, is
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