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Abstract. This paper presents a fuzzy version of the semantic view-based search
paradigm. Our framework contributes to previous work in two ways: First, the
fuzzification introduces the notion of relevance to view-based search by enabling
the ranking of search results. Second, the framework makes it possible to sepa-
rate the end-user’s views from content indexer’s taxonomies or ontologies. In this
way, search queries can be formulated and results organized using intuitive cat-
egories that are different from the semantically complicated indexing concepts.
The fuzziness is the result of allowing more accurate weighted annotations and
fuzzy mappings between search categories and annotation ontologies. A proto-
type implementation of the framework is presented and its application to a data
set in a semantic eHealth portal discussed.

1 Introduction

Much of semantic web content will be published using semantic portals' [16]. Such
portals usually provide the user with two basic services: 1) A search engine based on
the semantics of the content [6], and 2) dynamic linking between pages based on the
semantic relations in the underlying knowledge base [9]. In this paper we concentrate
on the first service, the semantic search engine.

1.1 View-Based Semantic Search

The view-based search paradigm? [23, 11, 13] is based on facet analysis [18], a classifi-
cation scheme introduced in information sciences by S. R. Ranganathan already in the
1930’s. From the 1970’s on, facet analysis has been applied in information retrieval re-
search, too, as a basis for search. The idea of the scheme is to analyze and index search
items along multiple orthogonal taxonomies that are called subject facets or views. Sub-
ject headings can then be synthesized based on the analysis. This is more flexible than
the traditional library classification approach of using a monolithic subject heading tax-
onomy.

In view-based search, the views are exposed to the end-user in order to provide her
with the right query vocabulary, and for presenting the repository contents and search

' See, e.g., http://www.ontoweb.org/ or http://www.semanticweb.org
2 A short history of the parading is presented in http://www.view-based-systems.com/history.asp



results along different views. The query is formulated by constraining the result set
in the following way: When the user selects a category c; in a view w1, the system
constrains the search by leaving in the result set only such objects that are annotated
(indexed) in view vy with c; or some sub-category of it. When an additional selection
for a category co from another view vy is made, the result is the intersection of the
items in the selected categories, i.e., c; N co. After the result set is calculated, it can be
presented to the end-user according to the view hierarchies for better readability. This
is in contrast with traditional search where results are typically presented as a list of
decreasing relevance.

View-based search has been integrated with the notion of ontologies and the seman-
tic web [13,21,12,17]. The idea of such semantic view-based search is to construct
facets algorithmically from a set of underlying ontologies that are used as the basis for
annotating search items. Furthermore, the mapping of search items onto search facets
could be defined using logic rules. This facilitated more intelligent "semantic" search of
indirectly related items. Another benefit is that the logic layer of rules made it possible
to use the same search engine for content annotated using different annotation schemes.
Ontologies and logic also facilitates semantic browsing, i.e., linking of search items in
a meaningful way to other content not necessarily present in the search set.

1.2 Problems of View-Based Search

View-based search helps the user in formulating the query in a natural way, and in
presenting the results along the views. The scheme has also some shortcomings. In this
paper we consider two of them:

Representing relevance View-based search does not incorporate the notion of rele-
vance. In view-based search, search items are either annotated using the categories
or mapped on them using logic rules. In both cases, the search result for a category
selection is the crisp set of search items annotated to it or its sub-concepts. There
is no way to rank the results according to their relevance as in traditional search.
For example, consider two health-related documents annotated with the category
Helsinki. One of the documents could describe the health services in Helsinki, the
other could be a European study about alcohol withdrawal syndromes of heavy
alcohol users, for which the research subject were taken randomly from London,
Paris, Berlin, Warsaw and Helsinki. It is likely that the first document is much more
relevant for a person interested in health and Helsinki.

Separating end-user’s views from indexing schemes Annotation concepts used in an-
notation taxonomies or ontologies often consist of complicated professional con-
cepts needed for accurate indexing. When using ontologies, the annotation con-
cepts are often organized according a formal division of the topics or based on
an upper-ontology. This is important because it enables automatic reasoning over
the ontologies. However, such categorizations are not necessarily useful as search
views because they can be difficult to understand and too detailed from the human
end-users viewpoint. The user then needs a view to the content that is different from
the machine’s or indexer’s viewpoint. However, current view-based system do not
differentiate between indexer’s, machine’s, and end-user’s views. In our case study,



for example, we deal with problem of publishing health content to ordinary citizens
in a coming semantic portal Tervesuomi.fi. Much of the material to be used has been
indexed using complicated medical terms and classifications, such as Medical Sub-
ject Headings® (MeSH). Since the end-user is not an expert of the domain and is
not familiar with the professional terms used in the ontology, their hierarchical or-
ganization is not suitable for formulating end-user queries or presenting the result
set, but only for indexing and machine processing.

This paper presents a fuzzy version of the semantic view-based search paradigm
in which 1) the degrees of relevance of documents can be determined and 2) distinct
end-user’s views to search items can be created and mapped onto indexing ontologies
and the underlying search items (documents). The framework generalizes view-based
search from using crisp sets to fuzzy set theory and is called fuzzy view-based seman-
tic search. In the following, this scheme is first developed using examples from the
Tervesuomi.fi portal content. After this an implementation of the system is presented.
In conclusion, contributions of the work are summarized, related work discussed, and
directions for further research proposed.

2 Fuzzy View-based Semantic Search

2.1 Architecture of the Framework

Search Items Annotation Ontology Search Views

= SubConceptOf
LIS 4 Fuzzy annotation

______ ) Fuzzy mapping
—_. - Annotation projection

Fig. 1. Components of fuzzy view-based semantic search framework.

Figure 1 depicts the architecture of the fuzzy view-based semantic search frame-
work. The framework consists of the following components:

3 http://www.nlm.nih.gov/mesh/



Search Items The search items are a finite set of documents D depicted on the left. D
is the fundamental set of the fuzzy view-based search framework.

Annotation Ontology The search items are annotated according to the ontology by the
indexer. The ontology consists of two parts. First, a finite set of annotation concepts
AC, i.e. a set of fuzzy subsets of D. Annotation concepts AC; € AC are atomic.
Second, a finite set of annotation concept inclusion axioms AC; C ACj“, where
AC;, AC; € AC are annotation concepts and 7, j € N, and ¢ # j. These inclusion
axioms denote subsumption between the concepts and they constitute a concept
hierarchy.

Search Views Search views are hierarchically organized search categories for the end-
user to use during searching. The views are created and organized with end-user
interaction in mind and may not be identical to the annotation concepts. Each search
category SC}; is a fuzzy subset of D. In crisp view-based search the intersection of
documents related to selected search categories is returned as the result set, while
in fuzzy view-based search, the intersection is replaced by the fuzzy intersection.

Search items related to a search category SC; can be found by mapping them first
onto annotation concepts by annotations, and then by mapping annotation concepts
to SC;. The result R is not a crisp set of search items R = SC; N ...N SC, =
{Doci, ..., Docp, } as in view-based search, but a fuzzy set where the relevance of each
item is specified by the value of the membership function mapping:

R=5C1N..NSC, = {(Doci, p1), ..., (Doc, pim) }.

In the following the required mappings are described in detail.

2.2 Fuzzy Annotations

Search items (documents) have to be annotated in terms of the annotation concepts—
either manually or automatically by using e.g. logic rules. In (semantic) view-based
search, the annotation of a search item is the crisp set of annotation concept categories
in which the item belongs to. In figure 1, annotations are represented using bending
dashed arcs from Search Items to Annotation Ontology. For example, the annotation of
item Doc2 would be the set Ap,c2 = {E, D}.

In our approach, the relevance of different annotation concepts with respect to a
document may vary and is represented by a fuzzy annotation. The fuzzy annotation A p
of a document D is the set of its fuzzy concept membership assertions:

AD = {(Acla M1)7 ey (Acna /Jn)}’ where i € (07 1]'

Here ; tell the degrees by which the annotated document is related to annotation
concepts AC;. For example;

Ap1 = {(FEzercise,0.3), (Diet,0.4)}

Based on the annotations, the membership function of each fuzzy set AC; € AC
can be defined. This is done based on the meaning of subsumption, i.e. inclusion. One
concept is subsumed by the other if and only if all individuals in the set denoting the
subconcept are also in the set denoting the superconcept, i.e., if being in the subconcept

4 Subset relation between fuzzy sets is defined as: AC; C ACj iff Hac; (Di) > pac;(Ds),
VD; € D, where D is the fundamental set.



implies being in the superconcept [24]. In terms of fuzzy sets this means that AC; C
ACj, and prac,(D;) = v implies that pac; (D;) > v, where v € (0,1], and D; is a
search item, and p1ac, (D;), and pac, (D;) are the membership functions of sets AC;
and AC} respectively.

Thus, we define the membership degree of a document D; in AC; as the maximum
of its concept membership assertions made for the subconcepts of AC;.

VD; € D, pac,;(D;) = maz(pac,(D;)), where AC; C AC;.

For example, assume that we have a document D1 that is annotated with annotation
concept Asthma with weight 0.8, i.e. (1 Asthma(D1) = 0.8. Assume further, that in the
annotation ontology Asthma is a subconcept of Diseases, i.e. Asthma C Diseases.
Then,

M Diseases (Dl) = MAsthma(Dl) =0.8.

2.3 Fuzzy Mappings

Each search category SC; in a view V} is defined using concepts from the annotation
ontology by a finite set of fuzzy concept inclusion axioms that we call fuzzy mappings:

AC; C,, SCj, where AC; € AC,SCj € Vi.4,j,k € N and p € (0,1]

A fuzzy mapping constrains the meaning of a search category SC; by telling to
what degree i the membership of a document D; in an annotation concept AC; implies
its membership in SC;.

Thus, fuzzy inclusion is interpreted as fuzzy implication. The definition is based
on the connection between inclusion and implication described previously. This is ex-
tended to fuzzy inclusion as in [27,5]. We use Goguen’s fuzzy implication, i.e.

i(pac, (Di), psc,(D;)) = 1if pso,(Di) > pac,;(Di), and psco, (Ds)/nac, (D;)
otherwise, VD; € D.

A fuzzy mapping My, = AC; C,, SC; defines a set M Sk, s.t. pars, (D)) = v *
pac,(Di),vDy € D, where i(pnac,(Di), psc; (D)) = v and v € (0,1]. Goguen’s
implication was chosen, because it provides a straight-forward formula to compute the
above set.

A search category SCJ; is the union of its subcategories and the sets defined by the
fuzzy mappings pointing to it. Using Godel’s union function® the membership function
of SCj is

psc; (Di) = max(psc, (Di), .., pisc, (Di), pars, (Di)y ooy pias s, (Di)), VD; € D,
where SC ..., are subcategories of SC;, and M S, ..., are the sets defined by the
fuzzy mappings pointing to SC}. This extends the idea of view-based search, where
view categories correspond directly to annotation concepts.

Continuing with the example case in the end of section 2.2 where we defined the
membership of document D, in the annotation concept Diseases. If we have a fuzzy
mapping

Diseases Cg.1 Food& Diseases

then the membership degree of the document D1 in F'ood& Diseases is

,UFood&Diseases(D]-) = HUDiseases (Dl) *0.1=0.8+0.1=0.08.

* paus(Di) = maz(pa(Di), pp(Di)),¥Di € D



Intuitively, the fuzzy mapping reveals to which degree the annotation concept can
be considered a subconcept of the search category. Fuzzy mappings can be created by a
human expert or by an automatic or a semi-automatic ontology mapping tool. In figure
1, fuzzy mappings are represented using straight dashed arcs.

The fuzzy mappings of a search category can be nested. Two fuzzy mappings M; =
AC; €, SCyand My = AC; C,, SC; are nested if AC; C AC}, i.e., if they point to
the same search category, and one of the involved annotation concepts is the subconcept
of the other. Nesting between the fuzzy mappings M and M5 is interpreted as a short-
hand for M; = AC; C,, SC; and My = (AC; N —AC;) €, SC;. This interpretation
actually dissolves the nesting. For example, if we have mappings

My = Animal nutrition Cy.1 Nutritiongs. and My = Nutrition Cg.9 Nutritiong.,
and in the annotation ontology Animal nutrition C Nutrition, then M is actually inter-
preted as

My = Nutrition N = Animalnutrition Cq.g9 Nutritiong..

In some situations it is useful to be able to map a search category to a Boolean
combination of annotation concepts. For example, if a search view contains the search
category Food& Exercise then those documents that talk about both nutrition and exer-
cise are relevant. Thus, it would be valuable to map F'ood& Ezercise to the intersection
of the annotation concepts Nutrition and Ezercise. To enable mappings of this kind,
a Boolean combination of annotation concepts can be used in a fuzzy mapping. The
Boolean combinations are AC; N ... N AC,, (intersection), AC; U ... U AC,, (union) or
= AC1 (negation), where ACY, ..., AC,, € AC.

In the following, a detailed description is presented on how to determine the fuzzy
sets corresponding to search categories in each of the Boolean cases. The real-world
cases of figure 2 will used as examples in the text. In section 2.5 we describe how
to execute the view-based search based on the projected annotations and end-user’s
selections.

2.4 Mappings to Boolean Concepts

In the following, the membership function definition for each type of Boolean concept
is listed, according to the widely used Godel’s functions®:

Union Case AC; = AC}, U...U AC),: The membership degree of a document in AC};
is the maximum of its concept membership values in any of the components of the
union concept:

VD €D, HAC, (Dk) = max(MAci (Dk)), where? € k,...,n
In the example union case of figure 2(c) we get
HThinnesuObesity (D5) = maz(upinpes(P5), HObesity (D5))
= max(0,0.8) = 0.8.

Intersection Case AC; = AC;N...N AC,,: The membership degree of a document in
AC} is the minimum of its concept membership values in any of the components of
the union concept. VDy, € D, piac,;(Dr) = min(pac; (D)), where i € k, ..., n.
In the example intersection case of figure 2(b) we get

®1f A and B are fuzzy sets of the fundamental set X, then paus(x) = maz(pa(z), ps(z)),
pang(x) = min(pa(x), us(z)), and p-a(z) = 0, if pa(z) > 0, 0 otherwise, Va € X.



Basic Case

Diseases

(a) Basic case: the referred con-
cept is an atomic annotation con-
cept.

Union Case

Nutrition

Food&Disease

(c) Union case: the referred con-
cept is a union of annotation con-
cepts.

Nested Mapping Case

Nutrition

Food&Exercise
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fuzzy mappings are nested.
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(b) Intersection case: the rere-

ferred concept is an intersection
of annotation concepts.

Food&Disease

Negation Case
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(d) Negation case: the referred
concept is a complement of anno-
tation an annotation concept.

Union Principle Case

(f) Union Principle case: the def-
inition of a search category is the
union of its fuzzy mappings.

Fig. 2. Real-world examples of annotation projection cases



INutritionnExercise(D1) = min(nyrition(D1): kExercise(D1))
= min(0.4,0.3) = 0.3.

Negation Case AC; = —AC): The membership degree of a document in AC is 1
if the membership degree of the document in ACY is 0, and 0 otherwise. VD), €
D, RAC; (Dk) =0if HACH (Dk) > 0 and HAC; (Dk) = 1if HAC, (Dk) = 0. In the
example negation case of figure 2(d) we get

D4) = 0 because ( D4) =0.9) > 0.

H_Congenital diseases( HCongenital diseases(

After the membership function of each boolean concept is defined, the membership
function of the search concept can be computed based on the fuzzy mappings. For
example, in figure 2(f) the projection of document D6 to the search view is done in the
following way: The membership degrees of D6 in the relevant annotation concepts are

IThinnessuObesity(P6) = 0.7 and pigo gy ypeight(D6) = 0.7.

Now, the first fuzzy mapping of these yields

MM S, (DG) =0.7

and the second one

KM S, (DG) =0.7%0.8 = 0.56.

Because each search category is the union of its subcategories and the sets defined
by the fuzzy mappings pointing to it, and WeightControl does not have any subcate-
gories, we get

MKW eightControl (DG) = max(,U/Msl (DG), KM Ssy (D6)) =0.7.

2.5 Performing the Search

In view-based search the user can query by choosing concepts from the views. In crisp
semantic view-based search, the extension F of a search category is the union of its
projection P and the extensions of its subcategories S;, i.e. E = P|JS;. The result
set R to the query is simply the intersection of the extensions of the selected search
categories R = () E; [12].

In fuzzy view-based search we extend the crisp union and intersection operations to
fuzzy intersection and fuzzy union. Recall, from section 2.3 that a search category was
defined as the union of its subcategories and the sets defined by the fuzzy mappings
pointing to it. Thus, the fuzzy union part of the view-based search is already taken care
of. Now, if E is the set of selected search categories, then the fuzzy result set R is the
fuzzy intersection of the members of F, i.e. R = SCy N ...N SC,,, where SC; € E.

Using Godel’s intersection [32], we have:

MR(Dk) = mi’n(uscl (Dk), — SO, (Dk)), VD € D.

As a result, the answer set R can be sorted according to relevance in a well-defined
manner, based on the values of the membership function.

3 Implementation

In the following an implementation of our framework is presented. In sections 3.1 and
3.2, RDF [1] representations of fuzzy annotations and search views are described, re-
spectively. Section 3.3 presents an algorithm for the annotation projection discussed in



section 2.4. Section 3.4 describes the dataset that we used to test the framework, and fi-
nally, in section 3.5 preliminary user evaluation of our test implementation is presented.

3.1 Representing Fuzzy Annotations

We created an RDF representation for fuzzy annotations. In the representation each
document is a resource represented by an URI, which is the URL of the document.
The fuzzy annotations of the document is represented as an instance of a ’Descriptor’
class with two properties. 1) A ’describes’ property points to a document URI, and 2)
a "hasElement’ property points to a list representing the fuzzy annotations. The fuzzy
annotation is an instance of a "DescriptorElement’ class. This class has two properties:
1) "hasConcept’ which points to the annotation concept, and 2) "hasWeight’, which tells
the weight, i.e. the fuzziness of the annotation. For example, the fuzzy annotation of the
document D1 in figure 2 is represented in the following way.

<DescriptorElement rdf:ID="descriptorelement_63">
<hasTerm rdf:resource="&mesh;D004032"/>
<hasWeight>0.4</hasWeight>
</DescriptorElement>
<DescriptorElement rdf:ID="descriptorelement_64">
<hasTerm rdf:resource="&mesh;D015444"/>
<hasWeight>0.3</hasWeight>
</DescriptorElement>
<Descriptor rdf:ID="Descriptor_6">
<describes rdf:resource="#D1"/>
<hasElement rdf:parseType="Collection">
<DescriptorElement rdf:about="#descriptorelement_63"/>
<DescriptorElement rdf:about="#descriptorelement_64"/>
</hasElement>
</Descriptor>

Also the projected annotations are represented in the same manner.
Our model does not make any commitments about the method by which these fuzzy
annotations are created.

3.2 Representing Search Views

We created an RDF representation of the views and the mappings between the search
categories of the views and the annotation concepts. Our representation is based on
the Simple Knowledge Organization System (SKOS) [3,2]. For example the search
categories Nutrition and Nutrition& Diseases in figure 2 are represented in the fol-
lowing way:

<skos:Concept rdf:ID="Nutrition">
<skos:preflLabel xml:lang="en">Nutrition
</skos:preflLabel>
<fuzzy:mapping>
<rdf:Description>
<skosMap:narrowMatch rdf:resource="&mesh;D009747"/>
<fuzzy:degree>0.9</fuzzy:degree>
<rdf:Description>
</fuzzy:mapping>
<fuzzy:mapping>
<rdf:Description>
<skosMap:narrowMatch rdf:resource="&mesh;D000824"/>



<fuzzy:degree>0.1</fuzzy:degree>
<rdf:Description>
</fuzzy:mapping>
</skos:Concept>
<skos:Concept rdf:ID="FoodAndDisease">
<skos:preflLabel xml:lang="en">Food and Disease
</skos:preflLabel>
<skos:broader rdf:resource="#Nutrition"/>
<fuzzy:mapping>
<rdf:Description>
<skosMap:narrowMatch>
<skosMap : AND>
<rdf:1i rdf:resource="&mesh;Diseases"/>
<rdf:1i>
<skosMap:NOT>
<rdf:1i rdf:resource="&mesh;D015785"/>
</skosMap:NOT>
</rdf:1i>
</skosMap : AND>
</skosMap:narrowMatch>
<fuzzy:degree>0.25</fuzzy:degree>
<rdf:Description>
</fuzzy:mapping>
</skos:Concept>

We use the narrowM atch property of SKOS for the mapping because it’s seman-
tics corresponds closely to the implication operator as we want: If a document d is
annotated with an annotation concept AC1, and AC is a narrowM atch of a search
category SC4, then the annotation can be projected from AC; to SC. The degree
property corresponds to the degree of truth of the mapping used in SKOS.

Our model does not make any commitments about the method by which these fuzzy
mappings are created.

3.3 Projection of Annotations

We implemented the projection of annotations — i.e. the computation of the member-
ship degrees of the documents in each search category — using the Jena Semantic Web
Framework’. The implementation performs the following steps:

1. The RDF data described above is read and a model based on it is created. This
involves also the construction of the concept hierarchies based on the RDF files.

2. The nested mappings are dissolved. This is done by running through the mappings
that point to each search category, detecting the nested mappings using the concept
hierarchy and dissolving the nesting according to the method described in section
2.3.

3. The memberhsip function of each annotation concept is computed using the method
described in section 2.2.

4. The membership function of each search category is computed using the method
described in section 2.3.

" http://jena.sourceforge.net/



3.4 Dataset and Ontology

Our document set consisted of 163 documents from the web site of the National Public
Health Institute® of Finland (NPHI).

As an annotation ontology we created a SKOS translation of FinMeSH, the Finnish
translation of MeSH. The fuzzy annotations were created in two steps. First, an in-
formation scientist working for the NPHI annotated each document with a number of
FinMeSH concepts. These annotations were crisp. Second, the crisp annotations were
weighted using an ontological version of the TF-IDF [25] weighting method widely
used in IR systems. We scanned through each document and weighted the annotations
based on the occurrences of the annotation concept labels (including subconcept la-
bels) in the documents. The weight was then normalized, to conform to the fuzzy set
representation.

The search views with the mappings were designed and created by hand.

3.5 Evaluation

The main practical contribution of our framework in comparison to crisp view-based
search is the ranking of search results according to relevance. A preliminary user-test
was conducted to evaluate the ranking done by the implementation described above.
The test group consisted of five subjects.

The test data was created in the following way. Five search categories were chosen
randomly. These categories were: Diabetes, Food, Food Related Diseases, Food Related
Allergies, and Weight Control. The document set of each category was divided into two
parts. The first part consisted of the documents who’s rank was equal or better than the
median rank, and the second part consisted of documents below the median rank. Then
a document was chosen from each part randomly. Thus, each of the chosen categories
was attached with two documents, one representing a well ranking document, and the
other representing a poorly ranking document.

The test users were asked to read the two documents attached to a search category,
e.g. Diabetes, in a random order, and pick the one that they thought was more relevant
to the search category. This was repeated for all the selected search categories. Thus,
each tested person read 10 documents.

The relevance assessment of the test subjects were compared to the ordering done by
our implementation. According to the results every test subject ordered the documents
in the same way that the algorithm did.

4 Discussion

This paper presented a fuzzy generalization to the view-based semantic search paradigm.
A prototype implementation and its application to a data set in semantic eHealth portal
was discussed and evaluated.

8 See, http://www.ktl.fi/



4.1 Contributions

The presented fuzzy view-based search method provides the following benefits when in
comparison with the crisp view-based search:

Ranking of the result set Traditional view-based semantic search provides sophisti-
cated means to order results by grouping. However, it does not provide ways to
rank results. By extending the set theoretical model of view-based search to fuzzy
sets, ranking the results is straightforward based on the membership functions of
the concepts.

Enabling the separation of end-user views from annotation ontologies In many cases
the formal ontologies created by and for domain experts are not ideal for the end-
user to search. The concepts are not familiar to a non-expert and the organization of
the ontology may be unintuitive. In this paper we tackled the problem by creating a
way to represent search views separately from the ontologies and to map the search
concepts to the annotation concepts. The mappings may contain uncertainty.

No commitment to any particular implementation or weighting scheme The paper
presents a generic framework to include uncertainty and vagueness in view-based
search. It can be implemented in many different ways, as long as the weighting or
ranking methods can be mapped to fuzzy values in the range (0,1].

4.2 Related Work

The work in this paper generalizes the traditional view-based search paradigm [23,11,
13] and its semantic extension developed in [13,21, 12, 17].

The problem of representing vagueness and uncertainty in ontologies has been tack-
led before. In methods using rough sets [28, 22] only a rough, egg-yolk representation of
the concepts can be created. Fuzzy logic [30], allows for a more realistic representation
of the world.

Also probabilistic methods have been developed for managing uncertainty in on-
tologies. Ding and Peng [7] present principles and methods to convert an OWL on-
tology into a Bayesian network. Their methods are based on probabilistic extensions
to description logics [15,8]. Also other approaches for combining Bayesian networks
and ontologies exist. Gu [10] present a Bayesian approach for dealing with uncertain
contexts. In this approach, probabilistic information is represented using OWL. Proba-
bilities and conditional probabilities are represented using classes constructed for these
purposes. Mitra [20] presents a probabilistic ontology mapping tool. In this approach
the nodes of the Bayesian network represent matches between pairs of classes in the two
ontologies to be mapped. The arrows of the BN are dependencies between matches.

Kauppinen and Hyvonen [14] present a method for modeling partial overlap be-
tween versions of a concept that changes over long periods of time.

Our method is based on fuzzy logic [30]. We have applied the idea presented by
Straccia [27] in his fuzzy extension to the description logic SHOIN(D) and Bordogna
[5] of using fuzzy implication to model fuzzy inclusion between fuzzy sets. Also other
fuzzy extensions to description logic exist, such as [26, 19].



Zhang et al. [31] have applied fuzzy description logic and information retrieval
mechanisms to enhance query answering in semantic portals. Their framework is simi-
lar to ours in that both the textual content of the documents and the semantic metadata is
used to improve information retrieval. However, the main difference in the approaches
is that their work does not help the user in query construction whereas the work pre-
sented in this paper does by providing an end-user specific view to the search items.

Akrivas et al. [4] present an interesting method for context sensitive semantic query
expansion. In this method, user’s query words are expanded using fuzzy concept hier-
archies. An inclusion relation defines the hierarchy. The inclusion relation is defined as
the composition of subclass and part-of relations. Each word in a query is expanded by
all the concepts that are included in it according to the fuzzy hierarchy.

In [4], the inclusion relation is of the form P(a, b) € [0, 1] with the following mean-
ing: A concept a is completely a part of b. High values of the P(a,b) function mean
that the meaning of a approaches the meaning of b. In our work the fuzzy inclusion was
interpreted as fuzzy implication, meaning that the inclusion relation itself is partial.

Widyantoro and Yen [29] have created a domain-specific search engine called PASS.
The system includes an interactive query refinement mechanism to help to find the most
appropriate query terms. The system uses a fuzzy ontology of term associations as one
of the sources of its knowledge to suggest alternative query terms. The ontology is or-
ganized according to narrower-term relations. The ontology is automatically built using
information obtained from the system’s document collections. The fuzzy ontology of
Widyantoro and Yen is based on a set of documents, and works on that document set.
The automatic creation of ontologies is an interesting issue by itself, but it is not consid-
ered in our paper. At the moment, better and richer ontologies can be built by domain
specialists than by automated methods.

4.3 Lessons Learned and Future Work

The fuzzy generalization of the (semantic) view-based search paradigm proved to be
rather straight forward to design and implement. Crisp view-based search is a special
case of the fuzzy framework such that the annotations and the mappings have the weight
1.0, i.e. are crisp.

Our preliminary evaluation of ranking search results with the framework were promis-
ing. However, the number of test subjects and the size of test data set was still too small
for proper statistical analysis.

Our framework did get some inspiration from fuzzy versions of description logics.
We share the idea of generalizing the set theoretic basis of an IR-system to fuzzy sets
in order to enable the handling of vagueness and uncertainty. In addition, the use of
fuzzy implication to reason about fuzzy inclusion between concepts is introduced in the
fuzzy version [27] of the description logic SHOIN(D). However, the ontologies that we
use are mainly simple concept taxonomies, and in many practical cases we saw it as an
unnecessary overhead to anchor our framework in description logics.

Furthermore, the datasets in our Tervesuomi.fi eHealth portal case study are large.
The number of search-items will be probably between 50,000 and 100,000, and the
number of annotation concepts probably between 40,000 and 50,000. For this reason
we wanted to build our framework on the view-based search paradigm that has proven



to be scalable to relatively large data sets. For example, the semantic view-based search
engine OntoViews was tested to scale up to 2.3 million search items and 275,000 search
categories in [17]. The fuzzy generalization adds only a constant coefficient to the com-
putational complexity of the paradigm.

In the future we intend to implement the framework with a larger dataset in the
semantic Tervesuomi.fi eHealth portal and test it with a larger user group. The fuzzy
framework will be attached to the OntoViews tool as a separate ranking module. Thus,
there is not a need for major refactoring of the search engine in OntoViews. In addition
we intend to apply the framework to the ranking of the recommendation links created
by OntoDella, which is the semantic recommendation service module of OntoViews.
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