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Abstract. The availability of formal ontologies is crucial for the sess of the
Semantic Web. Manual construction of ontologies is a diffiand time-consum-
ing task and easily causes a knowledge acquisition bottkerg&emi-Automatic
ontology generation eases that problem. This paper peaanethod which al-
lows semi-automatic knowledge extraction from underhgtassification schemas
such as folder structures or web directories. Explicit ab agsimplicit semantics
contained in the classification schema have to be considererkate a formal
ontology. The extraction process is composed of five maipsstielentification
of concepts and instances, word sense disambiguatiomadaxo construction,
identification of non-taxonomic relations, and ontologypplation. Finally the
process is evaluated by using a prototypical implememadiod a set of real
world folder structures.

1 Introduction

The amount of digital information saved on hard disks allrabhe world is estimated
from 403 to 1986 Terabyte and increased between 2000 and [300349%4. While
search on the web now performs reasonable well, local irdtion becomes increas-
ingly unaccessible. In particular for virtual organizaisoin which the stakeholder want
to share their local information among each other, thisrabts collaboration. To make
the information more accessible a systematical way to dgzgahis needed, which on-
tologies can provide. This view is supported by a case stuagwinvolved a virtual
organization in the tourism domain where we deployed ogiekin a peer-to-peer
knowledge sharing environment with promising results [&f). In the case study a
common ontology was available to organize the informatiengarticipants wanted to
share. Additionally they could extend the common ontolagpally with concepts and
relations. The participants used mainly the labels of thleéired folders to create new
ontological entities. Although the participants found éry useful to “customize” the
ontology this manual engineering process is very time comsg and costly. In partic-
ular when it comes to changes in the folder structures théraoous updating of the
“customized” ontology is not practical for the normal user.

To solve thisknowledge acquisition bottlenedkethods are needed that (semi-)auto-
matically generate ontologies. In this context it is esalgcinteresting how existing,

L http://www.sims.berkeley.edu/research/projects/moumeh-info-2003



legacy information can be used to generate explicit semandiescriptions of a do-
main. In our case the available information are the localdoktructures and existing
thesauri/topic hierarchies which provide a vocabularytfi@r domain. More generally
this information can be seen as classification schemas.

Following the ideas presented in [2] in the contexEnofiergent Semanticge have
conceived a general process to learn ontologies from €ilztsdn schemas as an exten-
sion of the ontology learning frame work described in [3]n€equently we consider
explicit as well as implicit semantics hidden in the struetaf the schema and we com-
bine methods from various different research domains ssamatural language pro-
cessing (NLP), web mining, machine learning, and knowlaggeesentation to learn
an ontology. In particular we introduce new methods to dedwwncepts, relations and
instances from the labels found in folder structures, i@tatfrom the arrangement of
the schemas, and instantiated relations.

In the remainder of this paper the actual extraction protepsesented. The process
contains five steps: Identification of concepts and instsjiwerd sense disambiguation,
extracting taxonomic and non-taxonomic relations, andlfimepulating the ontology.
Subsequently, we evaluate our process using a prototyjoigaémentation and four
real world folder structures. At the end we conclude with arsHiscussion and out-
look.
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Fig. 1. Example

2 General Knowledge Extraction Process

In this section a general process is introduced that fatsttthe creation of a formal and
explicit description of semi-structured knowledge ob¢aifrom classification schemas
(see Figure 2). The result of this method is entirely stmexdiknowledge represented
by an ontology.

Subsequently, we describe the input data our extracticzegsrequires, the process
steps we carry out, and the results we finally obtain. A motaildel description of this
extraction process is presented in [4].
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Fig. 2. Overview of the extraction process.

2.1 Definition of Input Data Structures

The extraction process presented in this paper is capabsetinformation from several
knowledge sources. First, a classification schema is ndbdegdrovides basic informa-
tion about the domain of interest. Inspired by [5] the terasslification schema that is
used throughout this paper is defined as follows.

Definition 1 (Classification Schema)A knowledge structure consisting of a set of
labeled nodes arranged in a tree-structure is calletliararchyand can be formally
defined as a tuplé{ = (K, £,1) with K representing the node§, the set of relations
defining the hierarchy, anéithe function which assigns a labkle £ to each node.
(K, €) defines a tree-structure with a unique root.

Having defined a hierarchy, elassification schemar hierarchical classification
can be regarded as a functign: K — 24 where A represents a set of objects that
have to be classified according to the hierarciy The setB = {l(k) | Yk € K}
contains all node labels of the classification schema.

Figure 1 shows on the left side an example for an classifieaibema. In this case
the white rectangles are the nodésand B = {ROQT, Conferences 2004, ODBASE
Cyprus, Papers and Presentations, EU-Projects, SEISThe set of node labels. There
is one classified objectA = {ontoMapping.pdf}. It is assigned to a node by the
function u(ontoM apping.pdf ) = ‘Papers and Presentations’

In this context it is important to note that the relationslie set€ do not neces-
sarily have to be taxonomic, i.e. subclass/superclassaeta Hence, our notion of a
classification schema covers a wide range of differentsiras. Classification schemas
include for example folder structures on personal comgusmwell as web directories
or product categories.

To extract semantically enriched information from a cléisation schema further
background knowledge is needed. Therefore, a machine beadactionary (MDR)
such as WordNet provides the right means. It can be used kajloand stem words, to
retrieve potential meanings of a word and to find taxonomiwel$ as non-taxonomic
associations between these meanings. Additionally, @reaisting ontologies can be
used in order to provide domain-specific knowledge to theaetibn process. Ontolo-
gies are formally defined in the next section.



2.2 Definition of Output Data Structure

The objective of the process is to represent informationfdn a classification schema
in a formal and explicit way. This is done by defining a knovgedbase which includes
an ontology together with concrete instances. The fornmalasgics of ontologies we

use throughout this paper is described subsequently {if. [6

Definition 2 (Ontology Layer). An ontologyis a tuple® := (C, P, H®, prop) where
the disjoint set€ andP contain concept and relation identifiefg¢ defines taxonomic
relations between concepts. 1%#¢ C C x C. The functiorprop : P — C x C defines
non-taxonomic relations between concepts.

A knowledge baseontains concepts as well as concrete instances of theses co
cepts. Therefore, an additional instance layer is needed.

Definition 3 (Instance Layer). The instance layer of an ontology is defined by the
tuple KB := (O, T, L, inst). O is the ontology the instance layer refers fois the set

of instance identifiers and sét contains literals. The mapping between the ontology
and instance level is done using the functionst : C — 27.

On the right side of Figure 1 there is an example for a knowdduftse. Here the set
of concepts is defined iy = {Communication, Conference, Paper,} and taxonomic
relations are represented lpA-Relations. That mean$(¢ = {(Communication, Pre-
sentation), (Paper, Communication),}. P = {(Conference, Paper), (Paper, Presenta-
tion), ...} specifies non-taxonomic relations. The set of instafices{ SEKT, Cyprus,
ODBASE, 2004, OntoMapping.pdfs mapped to corresponding concepts using the
functioninst. E.g.inst(Cyprus) = ‘Location’.

2.3 Process Steps

The extraction process includes five major steps. Firsvaekeconcepts have to be
identified. Therefore, node labels of the classificatioresté have to be analyzed with
respect to a dictionary in order to find potential concepnidiers. This is done in the
concept identification step. Then, these concept candidiaiee to be disambiguated to
get the appropriate meanings in the given context. A condeptifier together with a
concrete meaning defines a concept for the ontology.

Thereafter, explicit associations between the conceptdefined. First, a taxonomy
is constructed. This has to be done from scratch, becausgrthées in classification
schemas do not necessarily define a taxonomy in termgtlassOf or isA-relations,
respectively. Furthermore, non-taxonomic relations leetwconcepts have to be estab-
lished.

Having an ontology, instances have to be assigned to get aletarknowledge
base. Therefore, instances are identified in the classifitathema by means of the
dictionary. A further step is needed for the assignment efitistances to the corre-
sponding concepts. In the next section methods that prdtieldéunctionalities men-
tioned above are described in detail.



3 Extraction Methods in Detail

Subsequently, methods for concept and instance idenitificatord sense disambigua-
tion, taxonomy construction, identification of non-taxamo relations, and assignment
of instances are presented. Mostly these methods are sagdny additional back-
ground knowledge in terms of dictionaries or domain-specifitologies.

3.1 Identification of Concepts and Instances

In this step relevant concepts and instances are extraci@dlie classification schema.
A basic problem is to draw the line between concepts andninsta Even for a human
ontology engineer this can be a challenging issue.

All labels B of the classification schema are either classified into thefssncept
candidates3- or into the set of instances;. Therefore, we assumBs U B; = B
and B¢ N By = ). This means all terms which are not concepts are instanckgies
versa. In this work we use the assumption that general terolgded in a dictionary
are concepts and specific terms not contained in a dicticararinstances.

In the following we outline methods that identify potenti@incepts by analyzing
all labels inB. The first method distinguishes the labels in concept cate&B.s” and
instancesBY*. Thereafter, four methods are applied to revise this setatien: (1)
The sets are scanned for noun phrases, (2) the individuelslate decomposed, (3)
entities are recognized by their names, (4) and conceptiatahces are identified by
domain-specific ontologies.

Due to the special properties of node labels in a classifinathema compared to
sentences in a normal NLP task, the following methods diffesome points from usual
methods applied in NLP.

Lexical analysis of labels. In this step a solely syntactic analysis of the laligls B

is performed. Therefore, special characters have to bacgegland the individual words
have to be stemmed. A word is a set of letters separated famest of the label by
space characters. In case all atomic wargdef a labelb; = w;1,wj2, ..., wj, ..., wip
are contained in the dictionary as nouns the entire lapisl a concept candidate. Oth-
erwiseb; is an instance. Thus, if the sty contains only nouns from a dictionary the
setsBS” andBie® will be defined as follows:

BE" = {b; € B|Vi:wi; € Wy} W
By ={b; € B|3i:wy ¢ Wy} @

In Figure 1 for instancel; = ‘Papers and Presentationss assigned tad'** and
by = ‘EU Projects’to the set3ls® 2

2 Note that a consistent usage of characters and name camemn improve the results of
this step dramatically. If the labels of the nodes are vempmex syntactic ambiguousness
could arise. This is the case if particular nouns can alscsbd as adjectives for instance. The
problem could be tackled by part-of-speech tagging [7, 8}. $yntactic ambiguousness see
also 3.2.



Recognizing noun phrases.Although concepts are mainly represented by one single
noun it is also possible that a concept is represented by tevexpression, e.g. com-
pounds fcredit card’), prepositional phrase&pard of directors), and adjective-noun
relation (Semantic Wel): Such a group of words in a label behaves like a noun and
is callednoun phraseDue to the fact that noun phrases can be included in both sets
Bls and Ble*, both sets have to be analyzed for noun phrases. A simpleochétn
doing this is to look up a specific expression in the dictignBut not all noun phrases
should be regarded as concepts (kagt weelk. According to the assumption above a
noun phrase is a concept candidate if it is contained in tttéodiary.

Now, we consider an expressibpe B/5® containing a noun phrase;. a;; has to
be marked as a noun phrase to support finding the correct sesesetion 3.2. E.g. this
would be the case fdr; = a;; = ‘Computer ScienceHere the term has to be marked
and no further action is required, because the term is alreladsified as concept can-
didate.

Additionally, aj; has to be included in the sBf¢* as a separate concept candidate,
if b; contains other words beyond the noun phrdge# «;;). Consider a label; =
‘Lecture Computer Scienceln this case the recognized noun phrase is sfill =
‘Computer ScienceSoaq;; has to be added as separate concept candidate. This scenario
can be described by equation 3 (first line), whereas th#Vsetontains all nouns (and
noun phrases) of the dictionary.

In case a expressidiy € B is analyzed and a noun phrasg is detected the
expression has to be accepted as a concept candidate (s&@B@) second line). If
the labelb; doesn’t contain other words beyond the noun phegasehe whole label
b; can be removed from the sg; (see Equation 4). For example, the phrase=
aj; = ‘Artificial Intelligence’ can be removed fro3,*, butb; = ‘Applied Computer
ScienceWith a;; = ‘Computer Sciencecannot be removed.

Bef = BE" U{agi | 3i,j 2 by € BE® Naji € Wy Abj # aji} 3)
U{aj; | 3i,j:b; € B Naj; € Wi}

B = Bl[ew \N{b;|3j:b; € Bllew ANaji € Wn ANbj =aji} 4)

In the unusual case that node labels of the classificatioansatare very complex
and similar to sentences in natural language, it is very teamelcognize proper concepts.
The use of a chunk parser can be reasonable to solve thiep18).

Lexical decomposition of labels.In the last two steps the labéls € B are analyzed as
awhole. Now, based on the lexical analysis done before et indecomposed into the
individual wordsw1, . . ., wji, . . . wjn. TO find out whether a subset of the entire label
represents a concept candidate all wargsare looked up in a dictionary separately. If
only one wordw;; is found as a noun in the dictionary this word can be accefsed a
concept candidate (see Equation 5). For instance the cbagep= ‘Conference’can
be extracted from the lab&] = ‘Conferences 2004’

If more than one word of a label is found in the dictionary amoetwill be needed to
decide whether these words should form one single multéveoncept;; or several
different concepts;, with r = 1,2,...,m. Therefore, the non-substantival words



between concept candidates can be used as indicator [5yolfécognized concept
candidates are connected by a space character or a prepp#ity will be related
by a logical 'and’-Relation. In this case objeéts= A classified under the label are
belonging to both concept candidates. Thus, only one sitwieept candidate;; <
Bé“"mp should be composed. E.g. this is the casebfor= ¢;; = ‘EU Projects’. On
the other hand, if two recognized concepts are connecteadiyard ‘and’ or a comma
a logical ‘or’-Relation is assumed. In this case classifibfects belong to either the
first or second part of the label and two different conceptiates:;, ¢;» € By ™"
are composed, consequently. The lahek ‘Papers and Presentationgroduces two
separate concepts; = wy; = ‘Paper’ andcys = wy3z = ‘Presentation! In such a
scenario maximal number af— 1 concepts are extracted from one lapel < n — 1).

BEeeom? .= BEP U {wj; | Yk # i : wji € Wy Awje ¢ Wi} (5)
U{cjr | V] :b; € BEF AVr:r <m}

Named entity recognition. The tasknamed entity recognitiors about identifying
certain entities as well as temporal and numeric expredsyotieir name or format.
That means, instances of generic concepts suéeeson Location Date or Timeare
identified. Because dictionaries usually include very giensoncepts as well as con-
crete named entities, both seB¢;“°”"” andB{““°"", have to be included in the named
entity recognition process.

Named entity recognition can be regarded as a funetioN” — Cy gr that assigns
a concept € Cypgg to each named entity € V. In case a named entigy; € N is
found in the labeb; € B7“““™” the corresponding concepl; = ~(e;;) has to be
included inBg*™¢ (first line of Equation 6). E.g in the labé| = ‘Conferences 2004’
the worde;; = ‘2004’ is recognized as date. In this case the conegpt ‘Date’ can
be added to the sé*°.

If a named entity; is identified in a labeb; € B ™" this named entity has to
be deleted from concept candidates (second line of Equé)i@md moved to the set
of instanced3; (Equation 7). Additionally, the concepie;;) has to be accepted as a
concept candidate (first line of Equation 6).

Bg‘lme = Béﬂcoml) @] {’Y(Gji) | Hj,’i D€y = Wiy A bj c B?ecomp} (6)
\{eji | 3],2 D€ = Wy A bj c Bgecomp}

B?ame — B?ecomp U {eji | ﬂj,i e = Wj; A bj c Bgecomp} (7)

For instance a labdl; = ‘Cyprus’ would be in the seBge“’mp although it should
be classified as instance. Therefd@gprushas to be deleted from the set of concept
candidate$3:*™° and added to the set of instand#f¥'"*. Furthermore, the recognized
conceptLocationhas to be added to the 98¢,

For sake of completeness we list some of the most proming@mndaphes for named
entity recognition:

— Pattern-based approach: Context sensitive reducti@s-ark defined statically and
applied to the labels [10].



— Gazetteers-based approach: Already known entity namesiaee in a lists (gazetteers)
together with the concept they belong to. With this lists piag between instances
and concepts can be done easily.

— Automatic approaches: Theses are mostly statistical ndetlilee the Hidden-Markow-
Model [11] or the Maximum-Entropy-Model [12].

Often all three approaches are combined to achieve a bettiermance [13].

Mapping to a domain-specific ontology. In this step concept candidates which are
not in the dictionary are identified by comparing words eted from the classifica-
tion schema with concepts and instances of domains-speaifitogies. This method
is based on the assumption that in a specific domain the samus\&hwvays have the
same meaning. Thus, it is possible to identify conceptslsitjppcomparing the words
w;; of labelsb; € B7*™e with the concepts;, € Cyomain as well as with the instances
instdomain(ck) Of @ domain specific ontology. A word;; of a label classified as an
instanceb; € B7*™¢ that syntactically equals the label of a concepte Ciomian IS
supposed to be a concept candidate (see Equation 9). E.g.isheelabeb; = ‘Asso-
ciate Professorin the set3}*™¢ as well as a concepj, = ‘Associate Professoih the
domain-specific ontolog@qomain. In this case the concept lakigl could be added to
the setBz*™°.

If the labelb; only consists of the recognized concept candidgtehe labeb,; can
be deleted from the set of instances. In case of the Iabel ‘Associate Professorb;
could be deleted fron37¢, because the label contains no other words.

B(])nto = B}mme \ {bj | bj c B}Lame A bj — wji} (8)

If there is no match between;; and the concepts of the domain-specific ontolegy,
is compared to the instances of this ontoldBymqin- If wji € Ziomain holds,wy;
will still be an instance, but the corresponding conaept= inst;! - (w;;) will be
accepted as a concept candidate. Assuming the congept‘Topic’ has an instance
which matches the labél, = ‘Information Retrieval'with b; € B7*™¢. In this case
¢ = ‘Topic’ can be added 8.

BZe = BEem™e U{wy; | 3,0,k wji = ek A ¢k € Caomain A bj € B} (9)
U{er | 34,4,k - wji = instaomain(ck) }

For this method only domain-specific ontologies can be udgdivhave at least the
quality level that is claimed for the new ontology.

3.2 Word Sense Disambiguation

Lexical polysemy has been a hot topic since the earliest dagemputer-based lan-
guage processing in the 1950s [14]. Lexical polysemy eithises due to the fact that
words can be used in different part-of-speeches (syntqatysemy) or due to words
that have varying meanings in different contexts (semahpolysemy).Word sense
disambiguations about solving semantical polysemy.



Having identified the concept candidatgés word sense disambiguation algorithms
are applied to assign appropriate meanings from the MRDesetlconcept candidates.
Then, concept candidates and their distinct meaning aré aseconcepts for the
ontology. Having non-ambiguous concepts is necessaryfineda correct taxonomy
and to find valid non-taxonomic relations.

In [14] different approaches to word sense disambiguatiendascribed. On the
one hand there are global, context-independent approaghi&eh assign meanings re-
trieved form an external dictionary by applying special figics. E.g. a frequency-
based approach where always the most frequently appliesk s=m be used. On the
other hand there are context-sensitive approaches. Tinisdfimethods uses the con-
text of a word to disambiguate it. In our scenario the coniextomposed by other
words in the label and by labels of the subordinated as weduagrordinated nodes
in the classification schema. For the disambiguation psokeswledge-based, corpus-
based and hybrid methods can be applied.

3.3 Taxonomy Construction

Having identified the conceptgsof the ontology a taxonomic structuté: C C x C is
needed. Therefore, the concepts have to be associatedigxive, acyclic, and tran-
sitive relations. The hierarchy already contained in tlasification schema cannot be
used for this purpose, because the relations in this hieyasto not have to be taxo-
nomic. There are already various algorithms availablelitagithe problem of building
taxonomies. According to Maedche et. al. [15] they can begmized in symbolic
and statistical algorithms. Symbolic algorithms use pattecognition to identify tax-
onomic relation between concepts. Due to the fact that smdténario only node labels
and not sentences are processed, lexico-syntactic paftern a NLP-scenario can be
reused only to a small extend. Alternatively, statisticatihods can be applied. Here
various kinds of clustering algorithms are available[15].

In the following two algorithms similar to [16] are outline@ne approach based on
a semantic net such as WordNet and one symbolic, patteedladgorithm.

Extracting taxonomic relations by pruning. Starting point for this process step are
the individual concept§. In order to find taxonomic relations between these concepts
we use the fact that all concepts are represented by a meartimg machine readable
dictionary. If the used machine readable dictionary defales hyponym/hyperonym-
relations between meanings (like WordNet does) it will lyasé possible to find taxo-
nomic relations between the concepts. This is done by cdngpall concepts:; € C
with the other concepts; € C (i # j) to find out which concepts are directly tax-
onomic related, which have a common super-concept, andhvdrie not taxonomic
related at all. In case two concepisandc; are not directly connected, but they have
common super-concepts, the most specific super-congeps well as two taxonomic
relations have to be included in the ontology. In Figure Lirietance, the concepts =
‘Presentation’andc, = ‘Paper’ are not directly connected by a taxonomic relation, but
they have the common super-concept = ‘Communication’ In the following equa-
tions the operator*’ specifies taxonomic relations between two concepts.&.g: c2



states that; is a subclass of; .

HEew = HAU e, x ¢ | Vi, j e >¢j Ni# G} (10)
U{Cij XCi,Cij XCj |V’L,_]Z7éj/\6w Zci/\cij ZC]'}

crew = ol {Cij | Vi, j:c; z cj N\ ¢y z Ci N Cij 2 ¢ NGy = Cj} (11)

Iteratively, this step has to be repeated on base%'6f until no super-concepts are
included any more (i.eC"*” = C°'). Figure 3 shows an example for this iterative

process.

(a) 1. step (b) 2. step (c) 3. step

Fig. 3. Example for extracting taxonomic relations by pruning.

Pattern-based extraction of taxonomic relations.Additionally, a symbolic algorithm
can be applied in order to generate taxonomic relationd.y4&s such a method for
natural language processing and defines regular expresgiahcan be used to find
relations between words. Designing such regular expnes$ar complex sentences is
a cumbersome task and the results reached in the NLP-dom@aimoatoo promising.
Nevertheless, for analyzing node labels a symbolic appreacld be useful. Here,
the label structure is much simpler than the structure oftarahlanguage sentence.
Therefore, finding regular expressions that indicate artardc relation in a node label
can be done more easily. For example the regular expregdi&)*NP] indicates that
the last noun phrase of a label is super-concept of the whbkl.I This is true, because
in most cases the last word of a sequence determines the tigjecE.g.EU Projectis

of typeProject

3.4 Identification of Non-Taxonomic Relations

This section is about finding non-taxonomic relatidhs= C x C. Therefore, two tasks
have to be performed. Firstly, we have to detect which cotscage related. And sec-
ondly, we have to figure out how these concepts are relateds, Bname for the relation
has to be found. For discovering taxonomic relations thersgéstep was not necessary,
because the name of the relation was already defmda3lassQfisA).

There is a huge number of algorithms dealing with finding rectohomic relations
[18—20]. Mostly these approaches apply co-occurrencelysigan order to find out
which concepts are related. Then, the label of the relatigyenerated using the pred-
icate of the sentence. This is not possible in case of a fitzgt&n schema, because



node labels rarely contain predicates. But classificatihvesas also contain additional
information compared to natural language texts. In theofailhg we outline how this
information can be exploited.

Identifying general relations by pruning. Due to the fact that concepts are repre-
sented by meanings of a dictionary relations contained éndilctionary can also be
reused easily. These relations are mostly very generalVEogiNetcontains relations
such agartOf or hasSynonymiNormally, such general relations are not very relevant
for a specific domain or application. In order to avoid infigtthe ontology with irrel-
evant relation only those relation that are useful shouldensed. However, domain-
specific relations can hardly be found using dictionariestber general knowledge
structures. Therefore, other methods are needed.

Reusing domain-specific ontologiesTo identify more specific relations existing on-
tologies can be used. Here especially ontologies are $aiitahich model the same
domain or are used for the same purpose. Assuming that suchtalogy is defined

by the tupleOomian = (Ca, Pa, HE, prop) the starting point? € C,4 and the endpoint

c;f € Cq4 of the relationr; € P, has to match two concepts, ¢, € C. Then, a relation
betweenc, andc, of typer{ can be included in the new ontology. Again, we assume
that two concepts € C andcy € C4 will match if their labels are identical. E.g. there is
a domain-specific ontology with the concepfs= ‘Conference; ¢§ = ‘Presentation;

and a relation of type{ = ‘hasPresentation’In this scenario the relation can be added
to the new ontology.

Identifying relations using the classification hierarchy. A concept hierarchy — as
mentioned above — is represented by a tdple- (I, £,1). The set of relation§ con-
tains information about the human domain model underlyliregdassification schema.
Although the relations define no real taxonomy and thus cammased for finding tax-
onomic relations, they are not meaningless. They indica&tiner two concepts,, ¢
are related in some way.

To show this we consider the st C £ that includes only relations between nodes
k € K which have corresponding conceptginl.e. we will assume that two concepts
ca, Cp are related if the nodel,, k;, are also related by an associatiqR,, € £'. In
Figure 1, for instanceSEKTis not in&’, butk; = ‘Conference’ andk; = ‘Location’
are related sinc©DBASE Cypruss a subfolder ofConferences 2004n case two
concepts are related by,,,, € £ as well as by a general associatiof,.,.; found
in the step before we assumg,,, is of typergenera: @and include the relation in the
ontology. For the remaining relatio@&™® = £°'4\ {r4,,} the type of a relation
cq — ¢y IS generated by concatenating 'has’ and the label of congefg.g. the type
of the relation betwee@onferenceandLocationwould behasLocation

Pattern-based extraction of non-taxonomic relations. Information about relations
between concepts is not only contained in the structureeohttrarchy but also in the
labels of the nodes itself. If two concepts are extractechfitte same node label they are



related in some way. E.g. the lab@bnferences 200#cludes the two conceptSon-
ferenceandDate Again, we know that there is an association between two egisec
but we do not know which. In the last section we used regularessions to define pat-
terns that indicate taxonomic relations. Now, we can exteisdnethod to facilitate the
discovery of non-taxonomic relations. Therefore, a listagfular expressions is needed
together with the relation type they refer to. For instarthe, regular expression [NP
within NP] might indicate arincluderelation. In order to find relations all node labels
containing more than one concept have to be searched foatteqs defined in the list.
The use of predicate-based patterns [21] seems to be nopr@mising due to the fact
that predicates are rarely used in node labels. In casedhere additional words in the
label that allow the use of pattern-based approaches wedmpt a method similar to
that in the paragraph before. Again, we compose the relatfmmby concatenatinigas
with the second concept. I.e. for example above a relatitypafhasDates introduced
to connecConferenceandDate

3.5 Ontology Population

In order to populate the ontology = (C, HC, P, inst) the functioninst : C — 2! has
to be defined.

Reusing already extracted knowledge.During the generation process of the core
ontology knowledge about the mapping between instaigeand concept candidates
B¢ has already evolved. Now, this knowledge can be incorpdriate the ontology
population process.

In the concept identification step concepts are extracted instances. We assume
that a concept € C extracted from an instandec B; represents the concept of this
instanceq{nst(i) = ¢). Inthis way all instances that produced a concept can bgreess
to this concept. Other instances cannot be assigned by #tisoah. E.g. named entity
recognition discovers th&yprusis an instance of ocationand2004is an instance of
Date

A problem occurs if the mapping is not unique. If two concepts. are extracted
from one instance it will be not clear to which concept the¢danse has to be assigned.
This is case for the fil®©ntoMapping.pdfThe problem could be solved by assigning
the instance to the most specific common super-clags ahdc,. In this case some
information contained in the classification schema is Iegt.the fileOntoMapping.pdf
it is not possible to decide whether it isSPaesentatioror a Paper. Thus, it has to be
assigned t&Communication

Populating by means of the classification schemaNow we consider all instances in
the set3; which have not been assigned in the last step. They are asdiyrusing the
hierarchy of the classification schema. Therefore, we havanalyze the direct super-
node of an instance. If a concept is extracted from this snopde the instance will be
assigned to that concept. Otherwise the next superior nmotteei hierarchy has to be
considered. If there is no node with a corresponding conicghie entire partial tree,



the instance will be assigned to the root concept. In Figuhe Instanc&SEKTwill be
assigned to the next superordinated concept. This woulElb®@rojectin this case.

Having described a process for representing knowledgénsutdrom a classifica-
tion schema in an explicit and formal way, we will know evakithis process using
real world folder structures.

4 Evaluation

For evaluation purpose we used a prototypical implemeortati the knowledge extrac-
tion method introduced in this paper. First we outline tteh@ecture of this prototype.
Then, the test data and the evaluation measures are ingddiinally, the results au-
tomatically generated by the extraction method are evatliat

Prototype. The prototype used for evaluation allows to extract an agplfrom an
underlying directory of a computer system. The extracti@mtpss comprises five steps,
each including several algorithms. The prototype does mptement all algorithms
introduced in the last sections, but it implements at leastfor each process step. This
guarantees a valid solution, but the performance of theoprpé is only a base line for
future enhancements.

The prototype includes the following algorithms:

Identification of concepts and instancesLexical analysis and decomposition of node
labels as well as reusing a domain-specific ontology is peréal.

Word Sense Disambiguation.There are two alternative methods available. One global,
context-independent algorithm, that assigns meaningsdbais the frequencies of
their occurrence. The other method disambiguates wordslasthe context. The
method combines the techniques of Magnini et. al. [5], R2&§ pnd the frequency
based approach mentioned above.

Taxonomy construction. In this step all algorithms suggested by the extraction pubth
are implemented. Extracting relations by pruning and aepatbased approach,
where only the regular expression [(NP)*NP] is used.

Identification of non-taxonomic relations: A method for identifying non-taxonomic
relations by using knowledge from the classification schemmaplemented in this
step.

Ontology Population: All algorithms for ontology population introduced in the-ex
traction method are implemented.

For the concrete implementation the machine-readabliedantyWordNet is used.
The current version of this dictionary contains 152059 wa@dd 115424 meanings that
are expressed by synonym sedgr(sets These synsets are used internally for represent-
ing concepts of the ontology. Furthermore the ISWC-Ontgftag used which is highly
relevant for the domain of the evaluation data set.

3 http://lwww.cogsci.princeton.edwivn
4 http://annotation.semanticweb.org/iswc/iswc.daml



Evaluation data set. We use four real world folder structures to evaluate theqtypi-
cal implementation of the extraction method. The diree®dover the domains univer-
sity, project management, and Semantic Web technologiéstrictures are working
directories of employees of a research institute, whichuohe academic as well as ad-
ministrative data. We compared the automatically gendratgologies to one which
we manually engineered. The ‘reference’ ontology conthiorly information which
could directly be deduced from the folder structures wittnomwn sense.

The folder structures are serialized in RDF(S)-format adiom to the SWAP-Common
ontology. Table 4 contains statistical data about the used direstori

# folderg# filegmax. depthavg. dept 1%
Directory 1 293 | 493 15 5.9 1.44
Directory 2 548 |1309 12 6.7 1.46
Directory3 197 | 552 14 8.0 1.21
Directory4 189 | 780 5 3.8 5.53

Fig. 4. Topology statistic of folder structures

Evaluation measures. To evaluate the extraction method we apply the standard mea-
suresRecallandPrecisionoriginally used in Information RetrievaRecallshows how
much of the existing knowledge is extracted.

# correctly extracted entities
Recall =

ff entities (12)

To calculate the Recall values we count the number of comecacted concepts, re-
lations or instances, and divide it by the overall numbenaimed the classification
schema. Concepts will count as correct if they are contaimele 'reference’ ontol-
ogy. A relation will be correct if both concepts as well as takation type is valid. To
get a correct instance, the label and the assigned conoaptdbe correct.

Precisionin contrast specifies to which extend the knowledge is etadacorrectly.
In this case we built the ratio between the correct extraatetithe overall extracted
concepts, relations, or instances.

f correctly extracted entities

Precision =

ff exracted entities (13)

Since there are no preexisting ontologies for our evalnadata (Gold Standard),

the Recall values can only be calculated for the conceptmstdrce identification. In

these cases we were able to compare the results to the parfoera human ontology

engineer reaches based on the information contained inldissification schema. Of
course, this measure cannot be completely objective.

Evaluation results. The overall Precision value for concepts, relations, asthimces
lies between 70% and 81% for the different directories. Aatmeed above there is no
Recall value for the overall process. Because errors ity @adcess steps could cause
cascading errors in the following steps we analyzed the fiterdnt steps separately.

5 http://swap.semanticweb.org/2003/01/swap-common#
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Concept and instance identification performs well for atediories (70%—-93%).
A major part of the errors are due to not recognized namediestiAnother issue
the prototype cannot handle are complex node labels. Ifdamilar to sentences are
used, concept identification will fail quite often. In suctses NLP-techniques have to
be introduced (POS-tagging, chunck-parsing,...). Wethiced a baseline where we
assume that all labels of the classification schema are pts@ncept identification)
or instances (instance identification), respectively.eHge achieve average Precision-
values of 31% for conceptidentification and 61% for instaédeatification. That means
our identification algorithms performs much better. Coneayl instance identification
achieves Recall values well above 80% .

In order to disambiguate the extracted concept candidagesvaluated two dif-
ferent algorithms. One context-sensitive algorithm basedhe methods by Magnini
et. al. [5] and Rada [22]. The second algorithm we apply isvgp# frequency-based
method. Except for one directory the frequency-based algomerforms better than
the context-sensitive one. Considering context improlveslisambiguation result only
in case of a very specific domain (directory 4). However, tiffeiince between both
approaches seems to be quite small.

In terms of Precision the extraction of taxonomic relatipagforms very well. This
can be explained by the fact that the first method only rewsasons from WordNet.
Thus, Precision of 100% can be reached if errors of earlegssare neglected. The
pattern-based approach achieves Precision values be84e@¥% and 100%. Here we
generated a baseline by interpreting the hierarchy of thesification schema as valid
taxonomy and encountered a Precision value of about 40%.

Finding non-taxonomic relations is probably the most dificask, because here
not only the relation itself but also the label of the relatias to be extracted. The im-
plemented approach based on the classification hierardtigvas between 63,9% and
78,6% Precision. Errors are caused to the same extend bywatations identification
and wrong assignment of labels.

The performance of the ontology population method depeigtgyhon the pre-
viously generated ontology. l.e. an instance cannot bgmagicorrectly if the corre-



sponding concept is not extracted. Thus, Precision bet&Bgthand 85% is achieved.
If errors that are caused by a wrong ontology are disregardectan achieve much
better results. Especially the first method (using knowdedfthe extraction process)
performs very well with Precision values between 80% and4.00

test # #  |#taxonomi¢ other “J;Zf;gfs max.| avg. ||Precision
directoryj|conceptsnstances relations |relationg depthdepth

1 175 656 68 90 059 | 6 | 3.4 80.7%

2 299 1457 115 180 055 | 7 | 35| 78.3%

3 262 624 52 14 133 | 6 | 3.8 80.1%

4 265 776 54 89 1.4 5 | 3.7 70.4%

Fig. 6. Topology statistic of generated ontologies

Figure 6 contains statistical data about the generatedagis. It is obvious that
the structure of the ontologies depend heavily on the ptasssf the underlying direc-
tories. Thus, the folder structures with shorter labelsadéeper tree structure (direc-
tory 1 and 3) achieve the best Precision values. Directogsddy far the longest labels
and the shallowest tree structure and achieves the worsiskre result. The relative
flat and coarse taxonomies of the ontologies are caused Hgdh#hat the extraction
of taxonomic relations is only executed once in the protetyfo get more complete
taxonomies this algorithm has to be repeated iterativety athsuper-concepts are in-
troduced.

In general good results can be achieved although not altighgos contained in the
extraction process have been implemented yet.

5 Related Work

The extraction process depends heavily on the underlyiteystaictures. One can dis-
tinguish between different ontology learning approactesirning from natural lan-
guage texts, semi-structured schemas, dictionaries, ledge bases and from entirely
structured information such as relational schemas. Oukaruses on the area of
ontology learning from semi-structured schemas. We useticixas well as implicit
semantics hidden in classification schemas in order to gémnan ontology. Deitel et. al.
[23] also use information in RDF-format to construct an éogg. They extract knowl-
edge from RDF-annotations of Web-resources by applyinghgtheory techniques.
Doan et. al. [24] use a machine learning approach to map lkeet&esemi-structured
source file and a target ontology. First, mappings have teefinetl manually and then
the machine learning method tries to find new mapping baseteoexisting ones. [5]
present methods for interpreting schema models on badiedékonomic relations as
well as the linguistic material they contain. The main difece to our work is the fact
that the schema models they build upon include already t@kidnomic relations.
Apart from the work done in the field of ontology learning thdras been some
effort to build ontologies from taxonomies manually. In J[2Be authors describe a
case study were they have engineered an ontology based émtthad Architecture
Thesaurus to describe architectonic images. Similarly28] fhe NCI thesaurus was



used to model an ontology for medical domain. In contrastuoweork they do not
consider automated methods to build the ontology.

In[27] a method is presented to generate a global virtual fiiem database schemas.
They use also WordNet as a common vocabulary. However, theytlearn new rela-
tions as we do from labels, but integrate different exissolgemas.

6 Conclusion

In this paper we presented a method for automatic knowlegyacation from classi-
fication schemas. This extracted knowledge is representedformal ontology. The
integration with methods based on other data structureadterpossible by incorporat-
ing a generic ontology learning framework.

The extraction method we outlined above combines methodsgorithms from
various research domains, which are usually treated seeppana literature. Addition-
ally, we introduced several heuristics that exploit theciggdesemantics of classification
schemas.

To evaluate this method we built an prototype for knowleddeaetion from direc-
tories. This prototype implements the five steps of the efitta method and the ma-
jority of algorithms they include. Applying the method taatevorld folder structures
we realize Precision values between 70% and 80%. In thisasicetine entire method
was executed automatically without human interventiort.tBa evaluation also made
clear that there is a lot room for improvements. Especialyimplementation of named
entity recognition promises further improvement.

Certainly the prototype evaluated here is not suitableritirely automatic ontology
generation, but the results represent a good basis for arhontalogy engineer. This
enables more economical and efficient ontology engineeximththus saves time and
money.
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