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Abstract We can therefore, by incorporating ontologies into

tools for information access, provide foundation for

In this paper we introduce an approach to the mod-£nhanced, knowledge-based approaches to surveying,
elling of conceptual similarity based on domain Ndeéxing and querying of document collections.

knowledge and an approach to aggregation to dewe describe first the notion of a domain-specific on-
rive object similarity from concept similarity. Do- tology as derived from a general ontology and from
main knowledge is represented in a special, so-calledgoncepts instantiated in a target document collection.
domain-specific ontology, which basically is a restric- The domain-specific ontology represents a concep-
tion of a general ontology by a collection of domain tual organization reflecting a document collection and
concepts or a given document collection. Similarity it therefore reveals domain knowledge, for instance
is derived from the domain-specific ontology and two about the thematic areas of the domain (covered by the
different variants are considered — an un-weighted andiocument collection), which in turn facilitates means
a weighted. Aggregation generalize from concept tofor access to, and querying of information, within a
object similarity and may be applied in text retrieval to given domain. Secondly we introduce principles to
derive answers by comparing query objects with textderive similarity from domain knowledge represented
objects in the base. in domain-specific ontologies. Lastly, we discuss ap-

Adopted for ontology representation is a specific pr_oaches for_ validation_and aggregation_ in_ co_nnection
lattice-based concept algebraic language by which onWith text retrieval applying the derived similarity.

tologies are inherently generative. Modelling and use of ontologies relies on the ability

The modelling of a domain specific ontology is based!© identify concept occurrences in — or generate con-
on a general ontology built upon common knowledgeceptual descriptions of — text. To this end we assume

resources such as dictionaries and thesauri. a processing of text by a simplified natural language
parser identifying concept occurrences in the text. As

The resulting domain specific ontology and similar- ths kind of processing is not the issue in this paper, we

ity can be applied for surveying the collection through (efer to [2] for a discussion of principles and for pre-

key concepts and conceptual relations and provides gantation of implemented parsers. It should be empha-

means for topic-based navigationkeywords: On-  gjzed here, however, that when the goal is to extract

tology, Information Retrieval, Fuzzy sets descriptions that indicates semantic content, while re-
fraining from full semantic analysis, it is possible to

1 Introduction produce parsers that can perform efficiently also on
large volumes of data.

The knowledge contained in ontologies can contributeSUCh @ parser may be applied for indexing document
with valuable information concerning the organiza- @ Well as for interpreting queries. The most simpli-

tion of concepts, as well as the structure and relationd®d Principle, that was actually implemented in the
within a given knowledge domain. project reported here, is a two-phase processing, with



the first phase being basically a noun phrase brackThe attributes of a term with multiple attributes
eting, and the second, an extract of concepts fronT = X[r1: y1,...,Ih: Yn] are considered as a set,
the noun phrases individually. A naive, but useful,thus we can rewrite T with any permutation of
second phase is to extract nouns and adjectives only{r1: y1,...,rn: Yn}.

and combine them intthoun CHR adjective™pattern

conceptsCHR representing a “characterized by” rela-

tion). 3 Modelling Ontologies

Thus, for instance, for the sentenadbé black dog is
chasing the cdtthe parser may produce the follow-

ing: {dogcHR:black], caj. One objective in the modelling of domain knowledge

is for the domain expert or knowledge engineer to

Concept expressions, that are the key to modelling anqﬂdentify significant concepts in the domain.

use of ontologies, are explained in more detail below. o _
Ontology modelling in the present context is, com-

pared to other works within the ontology area, a
2 Representation of Ontologies limited approach. The modelling consists of two
parts. Firstly an inclusion of knowledge from avail-

The purpose of the ontology is to define and relate2ble knowledge sources into a general ontology and
concepts that may appear in the document collectiorsecondly a restriction to a domain-specific part of the
or in queries to this. general ontology.

We define a generative ontology framework where a
basis ontology situates a set of atomic term concepts
A in a concept inclusion lattice. A concept Ianguage?"1
(description language) defines a set of well-formed
concepts, including both atomic and compound termSources for knowledge base ontologies may have var-
concepts. ious forms. Typically a taxonomy can be supple-
mented with for instance word and term lists as well
as dictionaries for definition of vocabularies and for
handling of morphology.

The General Ontology

The concept language used he@yTOLOG[4], de-
fines a set of semantic relatioRghat can be used for
“attribution” (feature-attachment) of concepts to form
compound concepts. The set of available relationd/Ve will not go into details on the modelling here but
may vary with different domains and applications. We just assume the presence of a taxonomy in the form of
may choosd = {WRT,CHR,CBY, TMP,LOC,...},for @ simple taxonomic concept inclusion relaticmg

with respect to, characterized by, caused by, temporalover the set of atomic conceps ISAcs andA ex-
location, respectively. presses the domain and world knowledge provided.
ISAkg IS assumed to be explicitly specified — e.g. by
domain experts — and would most typically not be
transitively closed.

Expressions iONTOLOG are concepts situated in the
ontology formed by an algebraic lattice with concept
inclusion (sSA) as the ordering relation.

Attribution of concepts — combining atomic concepts Based onSAg, the transitive closure oA, we
bis = 9 PIS can generalize into a relation over all well-formed

into compound concepts by attaching attributes — CAerms of the language. For a formal definition oK
be written as feature structures. Simple attribution of a -

. . . see [1].
conceptc; with relationr and a concept; is denoted
cilr: ¢l The general ontologp = (L,<,R) encompasses a
set of well-formed expressions derived from the
concept language, an inclusion relation generalized
from an expert provided relatiosAz and a supple-
mentary set of semantic relatioRs Forr € R we ob-
For a formal definition of the formation rules for well- viously have thai[r: y] < x and thatx[r: y] is x in
formed concepts see [1]. relationr toy.

Compound terms can be built from nesting, for in-
stanceg;[ri: C[r2: cz]] and from multiple attribution
asincy[ri: Cz,rz: Ca.



Figure 1. An example knowledge base ontology
ISAks

".CHR " .CHR

. by A

3.2 The Domain-Specific Ontology

Apart from the general ontolog®, the target docu-
ment collection contributes to the construction of the

domain ontology. We assume a processing of the tarFigure 2: A simple instantiated ontology based
get document collection, where an indexing of textin Figure 1 and the set of instantiated concepts

documents, formed by sets of concepts froms at- cat{cHr:black, dogcHR:black, dogcHR:brown,
tached. In broad terms the domain ontology is a re-

S noisg¢cBY:dogCHR:blacK].
striction of the general ontology to the concepts ap-

pearing in the target document collection. _ o _
N ) ) with the following instantiated concepts:
More specifically the generative ontology is, by

means of concept occurrence analysis over the doc- | = cat[cHRblack,dogcHR:blacK,
ument collection, transformed into a domain specific dogcHR:brown], nois¢cBY:dogCHR:blacK]
ontology restricted to include only the concepts in-

stantiated in the documents covering that particula The subterms ofl includes any subterm of el-

_ 'ements from1, in this case the nodes shaded
domain. grey in Figure 2, whilel adds the subsuming
We thus introduce the domain specific ontology as ar@nimal, color,anything:

“instantiated ontology” of the general ontology with ©

) {cat,dog black brown animal, color, noise
respect to the target document collection.

anything cat[cHR:blacK,dogcHR:blacK,

The instantiated ontolog®; appears from the set of dog/cHR:brown, noisécBY:dog,

all instantiated conceptsfirstly by expanding to = noisgcBy:dogCHR:blacK]}

the transitive closure of the set of terms and subterms

of term inl — and Second|y by producing the subon- where the Concep'ﬂed andbird from A are omitted
tology consisting of connected by relations fro@  because they are not instantiated.

between elements of The resulting instantiated ontolody, <,R) is tran-

Consider, as an example, the knowledge base ontolsﬂively reduced into the domain-specific ontology
ogy ISAkg shown in Figure 1. In this case we have  (I,1SA,R) as shown in figure 2.

A = {cat dog hbird,black brown red,animal,color, 4 Deriving Similarity

noiseanything
A domain ontology, that reflects a document collec-
tion, may provide an excellent means to survey and
give perspective to the collection. However as far
as access to documents is concerned ontology rea-
soning is not the most obvious evaluation strategy
Now assume a miniature target document collectionand it may well entail scaling problems. Applying

andL includesA and any combination of compound
terms combining elements & with attributes from
A by relations fronR.



measures of similarity derived from the ontology is 5 Querying
a way to replace reasoning with simple computation

still influenced by the ontology. A well-known and | the present approach ontology-based querying re-
straightforward approach to this is the shortest pathjes on comparison of a description of the query with

approach [5], where closeness between two concepl§escriptions of texts from the database. Queries and
in the ontology imply high similarity. A problem texts are mapped onto descriptors organized in struc-
with this approach is that multiple connections areyres called “descriptions”. Processing of queries is
ignored. In the ontology in figure 2 we thus have thys facilitated by matching of descriptions in that a

that the shortest path similarity betweest anddog  query answer is a ranking of the sentences with de-

would be equal to or greater than the similarity be-gcriptions that are most similar to the description of
tweencat[cHR:blacK and dog/cHRr:blacK (depend-  he query.

ing on whethecHR-edges are included or not), while
intuitively the former should be less than the latter be-
cause we have two concepts that meetrimal AND
share théolack-property.

Descriptions are not unique and may vary by level of
detail, combinability and structure. Among the possi-
ble descriptions for the phras€he noisy black dog is

_ _ o _ chasing the caare the following increasingly accurate
To differentiate here an option is to consider all pathsgescriptions:

rather than only the shortest path as introduced in [1].
The similarity between two concepts andc; is the
set of “upwards reachable” concepts (nodes) shared  {noiseblack dog cat}

betweert; andc,. This is, where (x) is the transitive {{noiseblack dog}, {cat} }
closure of the subterms of with respect to<, the {{noisedogchr: black},{cat}}
intersectioro (x) Na(y). {noisecby: dogichr : blacK], cat}

Similarity can be defined in various ways and it is very

difficult to define optimal functions both in the gen- An approach is to index the information base with a
eral and in the domain specific case. One flexible padescription structure where descriptors are single con-
rameterized option is, as described in [3], a weightedcepts (as in the first and the last description example
average, wherp € [0, 1] determines the degree of in- above):

fluence of the nodes reachable framespectivelyy. D= {d o} 1)
= 1;---5UYn

A queryQ may be posed in natural language and have
a derived description attached in the same fa@m;
{q1,...,0n}, or alternatively the query can be posed
directly as a set of concepts (descriptors) of individual

imxy) = p 2 NAW] g oy lanawy)]
SIMXY) =P a5 TP ey

p has to be obtained empirically, and can be used foll-

tuning the similarity function towards different on- The general idea is to capture similarity reflecting the
tologies or domains. This similarity function is de- domain-knowledge from the ontology in query evalu-
liberately asymmetric. The motivation is the observa-ation, and for this purpose to use the derived similarity
tion concerning similarity in connection with queries; measures rather than to reason on the ontology. Thus
a specific answer to a general question is better than a simple approach is to employ tkamilar function
general answer to a specific question. on either the descriptors &f or — preferably — the de-

As it appears the upwards expansidie) includes not scriptors ofQ (since we have mar’s and only one

only all subsuming concepfs; | ¢ <¢;} butalso con- )-

cepts that appears as direct or nested attribute®to Now the first objective is to introduce appropriate
to any subsuming concept of these attributes. The latprinciples for similarity evaluation and for aggrega-
ter must be included if we want to cope with multi- tion. We inspect this issue in the first subsection be-
ple connections and want to consider for instance twdow, before going further in the discussion on general
concepts more similar if they bear the same color.  evaluation principles in the second.



5.1 Aggregation < (D),
< tz2(D),q3(D),

A queryQis represented by a descripti¢q, ..., 0n} < 4(D),0s5(D),gs(D) : M3 : K3 >
and we assume that the valggD) < [0,1] is the de- M2 1Kz >,
gree to which the text object with descriptiBnsatis- M1 :Kg >

fies the descriptog;. The overall valuatioWalg(D)

of objectD wrt Q is obtained as an aggregation of
{q1(D),...,0qn(D)}. We adopt order weighted aver-
aging (OWA) [6] and denote the simple OWA ag-
gregation by the functiofy, whereW is the order
weighting vector. Importance weighted OWA is de-
noted by the functioffy w, where the n-vectdvl =<
My,...,My >, m; € [0,1] are importances tqy, ..., 0n

Here agaim;(D) € [0, 1] measures the degree to which
descriptorg; conforms to the text object with descrip-
tion D, while Mj andK; are the importance and quan-
tifier applied in thej’'th aggregate. In the expression
aboveM; : K; parameterizes aggregation at the out-
ermost level of the two componentg(D) and the
expression in line 2 to 4M5 : K, parameterizes ag-
gregation of the three componemggD), g3(D), and
We have thatM =< 1,...,1 > is neutral impor- the innermost expression (line 3), whi& : K3 para-
tance and thafyuw(qi(D),...,0n(D)) = Fw(m*  meterizes aggregation of the three compongi(®),
A1(D), .., My % Gn(D)). ds(D), ande(D).

OWA aggregation conveniently adapts ’linguistic _

quantifiers’, modelled by an increasing functin: ~ 2-2 Query evaluation approaches

[0,1] — [0,1] with K(0) = 0 andK(1) = 1, such that
the order weightBV are prescribed as:

j j—-1
i =K(2) —K(+—= : -
Wi (n) ( n ) 5.2.1 Aggregation on unnested descriptions

A quantifierEXIST Scan for instance be modeled by
K(x) = 1for x> 0, FOR—ALL by K(x) =0 for x <

1, and SOME byK(x) = x, while one possibility (of
many) to introduceMOST is by a power ofSOME
e.g.K(x) =x3. Qsm=<01,...,0n: (1,1,...) : SOME>
Thus we have a general query expression:

We distinguish two major cases of description struc-
ture — simple unested sets and nested sets.

The simple set-of-descriptors structure for descrip-
tions in (1) admits a straightforward valuation ap-
proach for a similarity query:

The aggregation here is simple in that importance is
Q=<q1...,.qn:M:K> not distinguished and SOME, corresponding to simple

. _ average, is used as quantifier. A valuation can be:
wherequ,...,qn are the query descriptort) speci-

fies importance weighting for these aKdspecifies Valo,(D) = Fi1...) wsomg (A1(D), - .,an(D)) (3)

a linguistic quantifier and thereby indicates an order T

weighting. The corresponding generalized valuationwith individual query-descriptor valuation functions
function is: as:

Valg(D) = Fuwk)(G1(D),...,an(D))  (2) qi(D) = maximum{x|x/d; € similar(q;)}

assuming a functiow(K) — [0, 1]" that maps onto the

set of order-weights corresponding to quantifier K. Consider for instance the query

A hierarchical approach to aggregation, generalizing Q =< dogcHr:blacK, noise>
OWA is introduced in [7]. Basically hierarchical ag-

gregation extends OWA to capture nested expressiond.aking a 0.4 threshold we have that
Query attributes may be grouped for individual aggre- =

gation and the language is orthogonal in the sense thaimilar(dogcHrblack) =

aggregated values may appear as arguments to aggre- 1/d0gcHR:blacK + 0,7/dogiCHR:brown+
gations. Thus, queries may be viewed as hierarchies. 0.68/dog+0,6/cat/CHRr:blacK+

As an example we could pose a nested query expres- 0;58/noisgcey:dogicHr:blacK] +0,52/animak-
sion: 0,45/cat+ 0,45/black+ 0,42/noisécBY:dog



Sim”af(HOiS@ = << QdOQ{CHR:bIacI@ (D)7 Qdog(D)7leack(D)7 oo

1,00/noise+ 0,90/noisgceY:dog+ :(1,1,05,...) : EXIST >,
0,87/noisgcBY:dogCHR:blacK]+ < Onoise(D), ... : (1,1,...) : EXIST>
0,60/anything+ 0,50/animal+ 0,50/ color+ :(4,1,...): SOME>
0,47/cat+0,47/black+0,47/dog+ 0,47/browrn+
0,44/cat[cHR:blacK + 0,44/dogcHR:black + Nested expressions is thus a way to distinguish differ-
0,44/dogCHR:brown| ent kinds of relations influences on similarity.

and we get, as examples, the following: 5.2.3 Aggregation on nested descriptions

In some cases, when text is processed by partial analy-
sis as indicated earlier, an intrinsic structure appears
as the most obvious choice for the description. The
parser used in the project reported on here is a two-
phase parser, grouping words in the sentence into
groups corresponding to noun phrases in the first
phase, and deriving compound descriptors from the
An alternative is to expand the que€yto a nested words in each noun phrase individually, in the sec-
expression: ond. Thus we have as an intrinsic structure from the
first phase — a set of sets (or lists) of words. Now if
we always could extract a unique compound concept
as descriptor from an inner set, the resulting intrinsic
structure from the second phase would be the single

Valg,,({noisécay:dog}) = 0.90
Valg,({noisécBy:dogcHRr:blacK]}) = 0.87
Valg,,({dog noisg) = 0.84

Valg,,,({black dog noise}) = 0.72

5.2.2 Nested aggregation on unnested descriptions

Valeim(D) =
<< qll(D),...,qlkl(D) . Ml . Kl >,
< q21(D), .., 02k, (D) : M2 1 Kz >,

< gn(D),...,0nk (D) : Mp : Kn >, set as assumed above. However, it is in many cases
‘Mo : Ko > not possible, and we would therefore loose informa-
tion by flattening to a single set. This suggests de-

where for eacly; we set scriptions to be sets of sets of descriptors such that the

query structure becomes:

Q = <Q17--->Qn>

= <<q117"‘7q1k1>7“'7<qn17"'7ann>>

< Hir/Gis, -, Wi /Ol >= similar(q;)

and use as individual valuation:

where theQ;’s are sets of descriptorgj, j = 1,...,k;,
and a text index is:

In case we use equal importance and the following

combination of quantifiers: D = {Di,...,Dm}

= {{du1,...,0,},...,{Cma,...,dmi, } }

oy ) Hij, whengjj € {dy,...,dm}
q.,(D)_{ 0, otherwise

)

Valeim(D) =
<< h1(D),...,q14 (D) : (1,1,...) : EXIST >,
< 01(D),...,0x,(D) : (1,1,...) : EXIST>,
This, however, demands a modified valuation and
< qnl(D)_v 30k (D) 2 (L,1,...) tEXIST>, since in this case the initial query expression is nested
+(1,1,...) - SOME> also a valuation over a nested aggregation becomes
we get a valuation identical to that of (3). Nested the obvious choice. First of all notice that the group-
expressions, however, facilitates importance adjusting of desciptors in descriptions has the obvious in-
ment in connections with query expansion accord-terpretation of a closer binding of descriptors within
ing to the kinds of relations contributing to the ex- a group than across different groups. So we cannot
pansion. Assigning 1.0 importance A and 0.5 jndividually evaluate eacly;(D), but have to com-
|mportaqce toCHR would, for the queryQ =< pare at the level of the groups for instance by a re-
dogcHR:blackK,noise>, lead to the expansion (com- " . ~. .
pare with figure 2): strictive quantlflpgtlo_n oveqi_l(Dj),...,qiki(Dj) and
anEXISTquantification ovelj to get the best match-
Valg,,,(D) = ing D;j for a givenQ;. A valuation can thus be:

where theD;s are sets of descriptody, j = 1,...,1;.



VaIQsim(D) =
<< C]]_]_(Dl), ... ,qlkl(Dl) :Mq11: MOST >,
< qnl(Dl), ce. ,ann(Dl) . Mnl :MOST >
My EXIST>,

<< C];|_;|_(Dm)7 .. .,qlkl(Dm) :Mq1: MOST >,

purpose of making use of this, it appears that numeric
computation on similarities provides an efficient eval-
uation alternative to ontological reasoning - and this

kind of efficiency is crucial when dealing with large
volumes of data.
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< n1(Dm), - - - Ok, (Dm) : Mp1 : MOST >
My EXIST>,
: Mo : SOME>

The individual query-descriptor valuation functions
can be set to:

Gij (Dx) = maximum{x|x/dyx € similar(q;j)}

As opposed to the single set description example
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6 Conclusion

We have introduced an approach to retrieval guided [4]

by domain-specific knowledge, extracted on the ba-
sis of a general ontology from a set of documents.
The derived notion of 'domain-specific’ ontology is
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tion is a means to trim the similarity retrieval process-
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obviously not suggested as a universal approach to
knowledge modelling. We cannot in general expect an
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of world knowledge to sufficiently allow any specific

domain to be modelled by a restriction. However, in [7]

many cases where domain knowledge is not available
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rarely complete knowledge based on a set of docu-
ments. Furthermore the resulting 'domain ontology’
can, apart from facilitating applications and tools for
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