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Abstract of anaphoric references) can rely on simpler models with
clearer linguistic explanations. For example, the evaluation
Text understanding makes strong assumptions about then [7] suggests that richer semantic representation in IE may
conceptualisation of the underlying knowledge domain. result in more accurate co-reference resolution (see the IE
This mediates between the accomplishment of the specifisystem described in [5]).
task at the one hand and the knowledge expressed in the tar- Concept hierarchies are very expensive resources. Lexi-
get text fragments at the other. However, building domain cal databases such as WordNet [6] or Euro-WordNet [9] are
conceptualisations from scratch is a very complex and time- currently widely used in NLP applications (e.g. in Question
consuming task. Traditionally, the re-use of available do- Answering [4] or in automatic hyperlinking [2]). However,
main resources, although not constituting always the best,they required huge efforts and large investments. Moreover,
has been applied as an accurate and cost effective solutionin light of the narrow domains sought by IE applications,
In this paper, we investigate the possibility of exploit- these resources are overly general and may even amplify
ing sources of domain knowledge (e.g. a subject referencedangerous phenomena, e.g. semantic ambiguity. In in-
system) to build a linguistically motivated domain concept formation extraction, domain and task specific approaches
hierarchy. The limitation connected with the use of domain (e.g. shallow and fully lexicalised |IE patterns) seem to per-
taxonomies as ontological resources will be firstly discussedform better than deeper ones based on weaker conceptual-
in the specific light of IE, i.e. for supporting linguistic in- izations. The quality of the available domain conceptualiza-
ference. We then define a method for integrating the taxo-tion is a key issue for the accuracy of the underlying NLP
nomical domain knowledge and a general-purpose lexical task.
knowledge base, like WordNet. A case study, i.e. the inte- Building domain conceptualizations from scratch is a
gration of the MeSH, Medical Subject Headings, and Word- very complex and time-consuming task. Traditionally, the
Net, will be then presented as a proof of the effectivenessre-use of available domain resources, although not consti-
and accuracy of the overall approach. tuting always the best, has been applied as an accurate and
cost effective solution. Pre-existing resources such as do-
main ontologies or topical taxonomies are in general not
1. Introduction sui_ted for linguistic tasks. There _is in fac_t no cle_ar sepa-
ration between concepts, their lexical realization (i.e. cate-
gory names as referential expressions) and their conceptual
In text understanding processes, such as the one undetproperties. For example, text classification schemes, such
lying Information Extraction (IE) or Question Answering as the Medical Subject Headings (MeSH) or the IPTC Sub-
(QA) systems, strong assumptions are made on the conject Reference Systémprovide a taxonomic organization
ceptualization of the knowledge domain. An explicit rep- of hodies of knowledge made explicit via linguistic defini-
resentation of key domain concepts and relationships helpsijons, i.e. labels of the defined categories likessues in
in explaining the mapping between the specific task (€.9. MeSH. Topic labels are here used to denote complex do-

event matching in IE) and the analysed text fragments. main concepts while the hierarchical structure suggest tax-
When domain concept hierarchies are available more prin-gnomic relationships among concepts.

cipled information extraction patterns may be written or,
in a complementary fashion, induced from textual collec-  1pgtais can be found respectively in
tions. Moreover, specific subtasks (e.g. the resolutionswww.nim.nih.gov/mesh/meshhome.html and in www.iptc.org




However, the use of these subject reference systems agloitation of domain knowledge (e.g. a subject reference
domain conceptualisations is not as straightforward as it issystem) in the design of a linguistically motivated domain
too often assumed. This is particularly true when these lat-concept hierarchy. We then define a method for integrat-
ter have a role in the interpretations of textual material (e.g. ing the taxonomical domain knowledge and a general pur-
in IE). These reference systems are in fact devoted to hi-pose lexical knowledge base, like WordNet (Sec. 2). A case
erarchically organise documents in classes and the referenstudy, i.e. the integration of the MeSH, Medical Subject
tial properties of class labels are very complex. Labels de-Headings, and WordNet, will be then presented as a proof
note here not just one concept, but rather a set (or betternf the effectiveness and accuracy of the overall approach
a system) of world concepts that enter into a given topic, (Sec. 3).

i.e. a phenomenon, discussed by a class of documents.

This.has almost nothing to dp with Iinguistic denotations 2. Building a Semantic Dictionary

and inferences used to explain or predict natural language
structures within the actual documents. Other knowledge o o _
organisations (e.g. general purpose lexical databases such 1he process of building a semantic dictionary aims to de-

as WordNet) derive from a fully different design and are t€ct of a suitable subset of semantic primitives able to rep-

better suited to deal with language understanding (e.g. dis-"€S€nt promising and effective generalizations of linguistic

ambiguation phenomena). expressions in the domain. The domain specific resource

Consider the MeSH topic taxonomy. This is unsatis- N€re is & topic taxonomy, hereafter referred tadaain
factory mainly for two reasons: firstly, the nature of the COncept hierarchyDCH). The need for linguistically con-
broader/narrower relation is not clear and, secondly, theSistent knowledge requires the availability of language ori-
knowledge embodied is not linguistically principled. It has €nted "isa” hierarchies to model and explain textual phe-
not in general a direct explanation in terms of language Nomena in the domain. Wg will hereafter r_efer this latter
constituents so nodes do not work as selectional primitivesknowledge as the domain-independent lexical knowledge
for activities such as co-reference resolution. As an exam-PaseLKB . An example of such information could be the
ple, consider the terndendrite appearing in three points NYPonomy/hyperonimy taxonomy in WordNet [6]. Such an
of the MESH hierarchy, i.e. Dendrites— Neurons— overall framework requires a suitable mapping strategy be-
Nervous Systely” Dendrites— Cell Surface Extensions tween LKB and DCH. Notice how this mapping deals with
Cellular Structures— Cells', and "Dendrites— Neurons & 9éneral many-to-many correspondence between the DCH
— Cellg’. It may be observed that the nature of the arrows ontological primitives (likeTissuein MeSH) and the LKB

changes betweqpart of andis_a, e.g. 'Dendrites isa Cell ~ Word senses. For example, the wotissué has two senses
Surface Extensiofi®r ” Dendrites partof Neurons, Asa N WordNet while corresponding to just one MeSH topic
result, these classifications of the watendritedo not help ~ Category. . _

in predicting and, therefore, interpreting text fragments as: !N the rest of the section we need to discuss concepts

(in DCH), word senses (in LKB) and several significant im-
plications. We hereafter introduce more formally a set of

None of the dendrites were cut. useful definitions. Any concepf in the domain hierar-

-..but the dendrites and axons are often cut. chy (DCH) is characterized by its linguistic label hereafter
Researchers don't know why, but for some reason,  noted as. This labelt corresponds either to a singleton
the ends of dendrites tangle and knot. word or to a multiword expression. This information can

be used as a reference within the lexical knowledge base
where the fact that dendrites may be cut, tangled, or K B. We will denote LKB entries by means of Greek let-

knotted strictly depends on the properties they inherit be-ters, e.g.c. Those LKB senses that correspond to possible
ing fibres This is better represented in WordNet where |inguistic meanings of labelwill be denoted as,. Some-
the generalisation chairdéndrite — nerve fiber, nerve fi- times a; may not exist for technical concepts as they are
bre — fiber, fibre' is postulated. Beside the considerations npot present in the domain independent LKBn general, a
about the quality of WordNet as a valid semantic model |abelt will correspond to more than one sense.
for the medical knowledge and terminology, its psycholog-  As DCH and LKB have both an internal structure some
ically principled organization better capture the meanings other useful properties can be introduced. First of all we

expressed through language. Such a conceptualisation igil| call linguistic extensiomf a DCH concept’, denoting
better suited for writing syntactic-semantic interfaces since

selectional preferences for prototypical text fragment can 2Notice that in this case we could relax the search of the multiword

; ; : ; _ expression, e.gCommon Hepatic Duciind try to match senses for sub-
be more _expresswelly defined. An integration of the two re expressions obtained by neglecting some modifier,egatic Duct The
sources is then desirable. longest expressions corresponding to one LKB entry would be retained as

In this paper, we want therefore to investigate the ex- apossible linguistic interpretation.
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Figure 1. Integration of domain and generic knowledge: WordNet and MeSH

it as ext(C) the set of the labels fo€ or for one of its Cross-corresponding concepts between a DCH and a lex-
descendant§” as follows: ical model LKB can be detected by exploiting in combina-
tion both constraints. We will rely on the following two

ext(C) = {tc/|C subsumeg’ according toaDCH} (1) principles:

For example the linguistic extension dfssuesin MeSH
includes words and terms likeAtticular Cartilage’,
"Corneal Endotheliurh

Given its extension, a DCH conceftcan be interpreted
in LKB via its linguistic generalization sethat is the set of
generalizationsg;, in LKB for the labelst € ext(C). It
will be denoted by gen(C) that is defined as

(P1) (Extensional Nature of DCHGiven a domain concept
hierarchy DCH, whatever the nature of its basic unit
is, subsumption throughout the hierarchy has always
an extensional interpretatign.e. for each couple of
concept”” andC” subsumed by a common ancestor
C in DCH, there is always a linguistically consistent
concepir € LK B such that the linguistic expressions

lgen(C) = {ao € LKB|3t € ext(C) and t' = ter andt” = ter have senses, anday both

o, is subsumed by in LKB}  (2) subsumed by in LKB®.

Due to language ambiguity the generalizationiget:(C') (P2 (Intentional strength in LKB A set of linguistic deno-
includes more senses in LKB than those needed for repre-  tationsi = {w;} # whose senses are all subsumed by

sentC' as each senseg; for a givent € ext(C) is retained. a givena € LK B has anintentional strengtior W/

In the next two sections the model to constraint generaliza-  that is a function of the senses @f and of their dis-

tions in LKB by means of DCH information will be defined tribution in the LKB sub-hierarchy dominated fhy.

aiming to reduce the overall ambiguity and detect the cor- a represents the trade-off between the generalization

rect LKB sense assignments(s) to DCH elements. required to represent all the denotatiansand their
specialization, i.e. the capability of separating the in-

2.1. Inspiring principles dividual different senses of the;'s. Any monotonic

non-decreasing function of such a trade-off is a valid

One of the aims of the proposed integration is to con- gy — ) be uni nf ) bi
; ; : . e extensional interpretatienmay not be unique. In fact, given a bi-

S_tra”_“ the search for WOI.’d Sense_ aSSIQnment (i.e. nanapartite set olC descendant§C1, ..., C;,, CY, ...C; }, then two (or more)
“0”_ in the LKB) thrOUgh information provided b_y the do-  concepts may existy’ # o”/, such that/i = 1, ..., n tor generalizes in
main resource. Vice versa the LKB structure will be used ./ andvj = 1,..,m ton generalizes im” !
to bias the search of DCH m_eal_w!ngs, €. explaln Im_gwstl- 4The use ofw; here emphasizes the difference with respect to the pre-
cally the nature of the DCH primitives: for exam@ardio- viously adopted notion of;. w; are linguistic symbols that independently
vascular Systerhas just one sense in WordNet, under the from any domain are referential in the world. are terminological labels

» bodypart” sub-hierarchy' however. as a MeSH tOpiCS it of DCH concepts and their semantics is NOT exhaustively determined on
’ ! ! a linguistic ground. Principl®1 focuses on the interpretation of domain

is also related to functionalities and physiological processessympolst; by means of the DCH hierarchy. A2 focuses on purely lin-
not coded asBody part’s. guistic information determined by LKB, a different notation is required.



Table 1. MeSH Headings mapped in WordNet synsets

MeSH Category WordNet Synset CD Score| Term Coverage
A10 Tissues body._part 981980 85%
A10 Tissues epithelium 359.066 3%
A10 Tissues scar cicatrix cicatrice 0.971 2%
Al10 Tissues object physicalobject 0.575 7%
A10 Tissues cell 0.085547 3%
B02 Vertebrates mammalfamily 1.06E+19 6%
B02 Vertebrates taxonomicgroup taxon 1.74E+18 31%
B02 Vertebrates vertebrate craniate 7.68E+14 60%
B02 Vertebrates life_form organism being livinghing 8.07E+14 2%
B02 Vertebrates object physicabbject 291.277 1%
Cl1 Eye Diseases symptom 3264.270 27%
C11 Eye Diseases visualimpairment visualdefect visiondefect | 722.276 16%
C11 Eye Diseases condition status 149.956 34%
Cl1 Eye Diseases cognition knowledge 246.031 5%
C11 Eye Diseases obstruction 0.946 2%
C11 Eye Diseases hole 0.828 3%
Cl1 Eye Diseases happening occurrence natuslent 0.535 8%
C11 Eye Diseases membrane tissulayer 0.312 5%
C11 Eye Diseases physicalphenomenon 0.019 2%
D07 Reproductive Control Agents contraceptive preventive preventative 579.461 50%
contraceptivadevice prophylactiaievice
birth_controLdevice
D07 Reproductive Control Agents hormone internakecretion 0.157 50%

measure of the intentional strength @fwith respect in DCH (e.g. Tissue¥ are mapped into one ore more LKB
to wordsw;. senses (e.gbody_part’ and’'epithelium’in WordNet). Vice
versa one sense may be tagged by several DCH primitives
(e.g. 'body_part’ as’'Digestive System’ Cardiovascular
Systemy'Tissues, ...).

In our model the notion afonceptual densitfed), as in-

Notice that DCH node§¢’ are in a many-to-many map-
ping to LKB senses. As a consequence $8ts= ext(C)
may not receive a uniqgue € LK B but are usually cov-

ered by more than one generalization (i.e. there iscnot X . ;
that is a common ancestor for alle W, implying that troduced by [1], is used as a measure of intentional strength

the intentional strength is 0). In this case an alternative can(Principle P2). The conceptual density aims to state why
be found by partitioning¥’ in more coherent (and possi- and how much a set of words may be considered similar

bly overlapping) subset&’;. These will give independently according to a reference Ie>§|cal h|e_rarchy, LKBsiven a
rise to common generalizations;: each one is a trade-off setlV’ of words (eventually with multiple senses) and a spe-

as the higher in the hierarchy s, the larger is the size of cific nodea in the lexical hierarchy dominating at least one
the correspondingy;. ' sense for eaclv € W, the conceptual densityd(W, «)

is a real value associated to the common ancestat is

2.2. Mapping domain concepts to lexical senses proportional to the number of covered sensesvot W
and inversely proportional to the size of sub-tree rooted at

The semantic dictionary that will result from the harmo- - Therefore, the smaller the sub-tree (i.e. the more specific
nization of DCH and LKB is a lexical hierarchy extended IS « as a generalization of the senses.c), the higher is
with the domain concepts (see Fig. 1), as metafeatures. Irthecd value. Although its application in the ontology engi-
fact, each useful sensein LKB will be augmented with ~ neering framework proposed in this paper is new, this mea-
references (e.g. the labef} to domain concept&’ lin- sure has been widely applied to word sense disambiguation
guistically interpretable as. In terms of the propertieB1 ~ Problems: technical details are also discussed in [1].
andP2 domain concepts are mapped to word senses in the The model we propose here requires that a triggering set
following way. A domain concept' receives the minimal 7' of DCH conceptsC' (with category label$c) has been
set of word senses igen(C) with themaximal intentional previously selected. This set will drive the application of
strengthas subsumers of non-trivial subsets of the linguis- ~ syoraNet has been used as the underlying reference taxonomy for the
tic extension ofC, i.e. ext(C). Usually specific entries  definitions and experiments related to the conceptual density, [1].




the principleP1andP2 over the DCH. Then, for each con- «g of ¢; is discarded: its conceptual density is too low and
ceptC € T, the corresponding set of linguistic expressions other senses are sufficient to cover the entirdset.., t4}.

(ext(C) in Eq. (1)) is determined by DCH=«t(C') and the The resulting of the above process iCancept Hier-
conceptual density are then used to deriveptimalset of archy that integrates denotations of domain concepts with
LKB senses within the linguistic generalizations©f(i.e. their linguistic counterparts: the former will support dis-

lgen(C) in Eq. (2)): this set is optimal as it is made of the ambiguation in language processing, while the latter will
intentionally strongest senses that generalize all the ex-  favour linguistically consistent generalizations of general
pressions of € ext(C). By means of a greedy technique, (i.e. non domain-specific) surface forms.
the generalizationa; of non-trivial subsetdV; C ext(C) As previously noted, some labels in ti&C' H are not
are selected according to decreasing values of conceptualepresented in the LKB: they are possibly too much specific
density until the entire set is not completely covered. In and are uncovered by LKB. As an exampBmmmon Hep-
this way, eactC’ € DCH is mapped to am¢ € lgen(C) atic Ductof MeSH has no counterpart in WordNet, although
characterized by the highest intentional strength ¢d¢)). the sub-terntHepatic Ducthas a unique sense. Partial forms
The algorithm that maps theC' H into the L K B is trig- of termst € ext(C) are also used in the above mapping al-
gered by the subset of concefitsind is sketched in the fol-  gorithm as they bring useful information for determining
lowing. Its discussion will make reference to the example suitable interpretationsi-) and their conceptual density.
in Fig. 1. As the term head is the semantic carrier of multiword ex-
pressions, terms not covered in LKB are processed by back-
procedure mergeQCH, LK B,T) ing off to the sub-terms obtained via incremental elicitation
foreachC €T

. L . of modifiers: e.gaw;ws...w, is reduced to the longest cov-
(S.tep 1) Determine the linguistic extensidpsn(C) ered sub-termw;,...w,, that has a sense in the LKB. Unfortu-
in DCH made of all descendants ©f

i X nately this approximation may introduce noise in the map-
(Step 2) Compute th? optima ma\_pplﬁg(]) < lgen(C), _ping process as sub-terms are usually more polysemic than
by a greedy selection that maximizes conceptual densi

. mplete terms.
(Step 3) Attachi¢ to senses iid(C')
(Step 4)for eacht € ext(C)

Attacht to o € LK B iff: 3. Mapping MeSH to WordNet: a case study
«ais a sense fotrin LKB and
38 € G(C)|B subsumes in LKB To investigate the features of the proposed method,

we applied it for mapping the Medical Subject Headings
(MeSH) in WordNet. MeSH has been therefore partitioned
according to its first level, i.e. the 111 main index cate-
gories. This subset of concepts referredlam the algo-
rithm description triggers the interpretation of the MeSH
concepts in WordNet.

\ g The first observation is that only the 24% of MeSH terms
archy are determined in (Step 1), eeg(C) = {t1, ..., ta} are fully represented by WordNet, while domain specific
in fig. 1. Linguistic descriptions; are analysed against .,mpjex terms are almost absent. As discussed in Sec.
the_lexical semantic hierarchy LKB. Different subsets are 2.2, we allowed for degraded interpretations of these com-
derived W, = {t1},Wa = {t5,f3} and W3 = {t4} as plex terms, by discarding modifiers in hierarchical order
they receive different interpretations, i.e. activate sgnsesuntn a correspondence with WordNet is found. For in-
ai,...,ag. All elementst; are "somehpw" more Sp_eCIf}C stance, trying to assign WordNet interpretatiorcémcero-

of T;. (Step 2) allows to select the optimal generalizations ,qnic plood cellas this term is unknown to WordNet, we
G(T;) as word senses. These_ are the valid gen_eralizations Ogrop the more external modifi@ancerogenicand repeat
subsets oéx(C') having the higherd and covering the en- e test withblood cell Table 2 summarizes the results of

tire setext(C). In the example((C) = {as,ca} asthey s activity: note that MeSH terms that have a direct in-
are enough general to representalind enough specificto o hretation in WordNet are generally unambiguous (poly-
refuse some senses. THE'I1 conceptC is thus used 10 ggmy=1 2)  while terms that result from pruning modifiers
annotate senses; anday (Step 3). Finally, the linguistic  pocome less specialised (polysemy=2.74). In fact, for most
!abels of DCH concepts are attached to the_re_lated SENSeSyf these terms, we are selecting a hyperonym as term repre-
inthe LK B (Step 4). Itis easy to see that this information  gantative. This loss of selective information will also affect
reduces the ambiguity @f. For instance, the interpretation o usters inspected by the method we propose, as it will
6A limited semantic dictionary for which wide extensional evidence is pe applied tolless SpeCia'"ZEd senses Qnd: therefore, result-
available can improve the mapping accuracy ing senses will be more likely selected in the upper part of

The subsef” of the domain concepts iIPC H is there-
fore an input parameter. For example, the top levels of
DCH can be retained a&°. Then, for eactC' € T the
process depicted in fig. 1 is carried out: first linguistic ex-
pressions; € ext(C) of C descendants in thBC H hier-




weighting with respect to their frequencies. Thus for in-
Table 2. MeSH vs WordNet relevant features ghting P d S us for in

MeSH Terms 50603 stance, even if 7% of terms d‘ﬁss_ue_s(AO?) (s_ee row 4)
MeSH Categories 37864 category are best generall_zed _wmbject physical (_)bject
1st Level MeSH Headings 111 syns.et, while only 3% byepnhehgm(see row 2), thls.last

£ receives a greater score, as the internal cohesion of its terms
MeS_H Terms in WordNet 4960 is stronger. Moreover, complex terms missing in WordNet,
Partial MeSH Terms in WordNet 9345 as for instanc&astric Chief Celwhose only the heacell
Unrgpresented MeSH Terms 6298 is found, even if strongly ambiguousd]l has 6 WordNet
Partial Terms Average Polysemy  2.74 senses), become unambiguously assigned to specific senses
Full Terms average polysemy 1.2

(body partin the example).

Finally, the chosen a set of primitive types in WordNet
allows covering and explaining novel situations, bearing as
the WordNet hierarchy. a side effect the rest of the hierarchy into the analysis. By
generalizing lexical phenomena in the corpus with respect
to this model we are now able to find a linguistic definition
for more words in text analysis.

As expected, thed combined with the exploitation of
the propertied?1 and P2 enables to evaluate semantic co-
hesion of the candidates in theC H, allowing to focus
overparticularly denseegions and to select good senses in
WordNet. 3.1. Ontology Engineering based on the created se-

For instance, if all the terms covered Bardiovascular mantic dictionary
Systenin MeSH were taken alone, several possible gener-
alizations would have been admitted. A trivial set of gen-  The previous section has described the derivation of lin-
eralisations would be the union of all the topmost Word- guistic explanations for medical concepts. MeSH topics
Net concepts of the activated senses. ProperiesndP2 have thus been mapped into a dictionary of Wordnet senses
with the cd allow evaluating how well the different senses in a many-to-many mapping. This knowledge DCH+LKB
are representative of the knowledge underly@aydiovas- resource is involved in several tasks. The firdieist anal-
cular systenti.e. generalize this knowledge while staying ysisas topic labelg mapped into Wordnet senses support
sufficiently specific). As a result, we obtain in this case disambiguation in sentence understanding. MeSH is thus
only a small number of interesting sensbsdy part (with translated into a large-scale terminological resource for any
cd = 104.60) covering 67% of the original materiabb- NLP process insisting on a medical corpuUSemantic in-
ject physicalobject(with cd = 0.57), covering aremaining  dexingis also enforced as topics labelsave now interpre-
20%, and a tail of other senses cumulating a 0.001 scoretationsa; € LK B. These latter can drive the interpreta-
for the rest (13%). These spurious interpretations are manlytion of text portions and suggests for them domain labels
due to noise deriving either by WordNet polysemy, or by These are ontological indexes by which texts are mapped to
terms that are only partially represented in WordNet. domain primitives.

The fact that medical terminology is only partially rep- An important activity, that in fact includes also the al-
resented gives a further evidence of the distance existingready mentioned ones, @ntology engineeringHere pro-
between this domain and the language. Most of the termscesses oflomain-specific lexical learningan be run on
convey an implicit meaning that is only accessible through texts and used within a conceptual information extraction
strong background knowledge. In a significant number of framework. From one side, the extracted knowledge can
cases, the hypothesis to use term heads as an approximatidpe interpreted linguistically (according to the LKB) and its
of complex nominals could result in a strong noise source, ontological counterpart (supported by DCH+LKB) may be
as sometime syntactic heads alone fail to convey the in-used to populate/refine the domain knowledge (i.e. DCH).
tended meaning. After applying the proposed method, we In a perspective of lexical learning, the following in-
obtain a set of WordNet senses that represents, from a Maductive phases are useful to the ontology engineering en-
chine Learning perspective, an extensional linguistic defini- terprise: (1) acquisition of a domain terminology to inte-
tion of each MeSH category in terms of WordNet concepts. grate/extend th&C H; (2) acquisition of linguistic patterns
More examples of the resulting mapping are shown in Table that typically express concepts and relations in the domain
1. (e.g. relationships among new medicines towards patholo-

It is worth noticing that the score synsets receive by Con- gies); (3) generalization of the detected patterns in new on-
ceptual Density allows to drastically reduce the impact of tological relations or in instances of known relations.
polysemy as in the estimation of the cluster cohesion sparse The resource built with the method described in this pa-
senses (i.e. spurious interpretations suggested by the reper can support all the above phases. When new terminol-
sulting topology) are filtered out receiving lower scores in ogy is available (as in phase (1) above) it can be linguis-



tically interpreted according to syntagmatic and semantic tions of the above procedure in the semantic interoperability
principles of LKB. Traversing the LKB hierarchy is used problems within Web applications will be the target of con-

to find interpretationsy;. Mapping towards concepts is
then used to locate terminological information in DCH. In

sistent research in the near future.

phase (2) patterns can be acquired as linguistic structureReferences

(e.g. sub-graphs) connecting systematic domain phenom-
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acquired in (1), see e.g. [3, 8]). Linguistic patterns made of
domain concept labelg: can be here built while consistent

generalization are allowed via traversing the DCH as well as [2]

the LKB hierarchy. The material observed in the corpus can
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4. Conclusions
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