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Abstract Semantic Web Services (SWS) enable the automatic discoveryof distributed Web services based on comprehensive semantic representations.However, although SWS technology supports the automatic allocation of Webservices for a given well-de�ned task, it does not entail their discovery accor-ding to a given situational context. Whereas tasks are highly dependent onthe situational context in which they occur, SWS technology does not explic-itly encourage the representation of domain situations. Moreover, describingthe complex notion of a speci�c situation in all its facets is a costly task andmay never reach su�cient semantic expressiveness. Particularly, following thesymbolic SWS approach leads to ambiguity issues and does not entail seman-tic meaningfulness. Apart from that, not any real-world situation completelyequals another, but has to be matched to a �nite set of semantically de�nedparameter descriptions to enable context-adaptability. To overcome these is-sues, we propose Conceptual Situation Spaces (CSS) which are aligned toestablished SWS standards. CSS enable the description of situation charac-teristics as members in geometrical vector spaces following the idea of Con-ceptual Spaces. Semantic similarity between situations is calculated in termsof their Euclidean distance within a CSS. Extending merely symbolic SWSdescriptions with context information through CSS enables similarity-basedmatchmaking between real-world situation characteristics and prede�ned re-source representations as part of SWS descriptions. To prove its feasibility, weapply our approach to the E-Learning and E-Business domains and provide a0-8493-0052-5/00/$0.00+$.50© 2001 by CRC Press LLC 363



364 Context-Aware Web Services: Methods, Architectures, and Technologiesproof-of-concept prototype.
13.1 IntroductionContext-aware discovery and invocation of Web services is highly desiredacross a wide variety of application domains and subject to intensive re-search throughout the last decade (9, 35, 39). According to Dey's well-knownde�nition (7), we de�ne context as the entire set of surrounding characteristicsthat characterize an entity relevant to the interaction between a user and anapplication (including the user and the application themselves). Each indi-vidual situation represents a speci�c state of the world, and more precisely,a particular state of actual context. A situation description de�nes the con-text in a particular situation, and is described by a combination of situationparameters, each representing a particular situation characteristic. Followingthis de�nition, context-adaptation can be de�ned as the ability to adapt todistinct possible situations.Semantic Web Services (SWS) technology (16) supports the automatic dis-covery of distributed Web services for a given task based on comprehensivesemantic descriptions. Concretely, a SWS is a Web service with a descriptionthat contains explicit semantic information, and SWS technology consists oftools and technologies that enable getting the bene�ts from these semantically-explicit service descriptions. First results of SWS research are available, interms of reference ontologies - e.g. OWL-S (27) and WSMO (1) - as well astools and comprehensive frameworks (e.g. DIP project1 results).However, whereas SWS technology supports the allocation of appropriateresources based on semantic representations, it does not entail the discovery ofappropriate SWS representations for a given situation, i.e. the actual context.Even though tasks, as semantically described through SWS representations,are highly dependent on the situation in which they occur, current SWS tech-nology does not explicitly encourage the representation of domain situationsrelated to task representations. Furthermore, describing the complex notionof a speci�c situational context in all its facets is a costly task and may neverreach su�cient semantic expressiveness. The symbolic approach - describingsymbols by using other symbols without a grounding in the real world - of es-tablished SWS and Semantic Web representation standards in general, such asRDF2, OWL3, OWL-S (27), or WSMO (1) leads to ambiguity issues and doesnot entail semantic meaningfulness, since meaning requires both the de�nition1DIP Project: http://dip.semanticweb.org2http://www.w3.org/RDF/3http://www.w3.org/TR/owl2-primer/



Context-Aware Semantic Web Service Discovery 365of a terminology in terms of a logical structure (using symbols) and groundingof symbols to a cognitive or perceptual level (5, 23). Moreover, whereas notany situation or situation parameter completely equals another, the numberof prede�ned semantic representations of situations and situation parameterswithin a SWS description is �nite. Consequently, to enable context-adaptiveresource discovery, a potential in�nite set of (real-world) situation charac-teristics has to be matched to a �nite set of semantically de�ned situationparameter descriptions. Therefore, rather fuzzy classi�cation and matchmak-ing techniques are required to classify a real-world situation based on a limitedset of prede�ned parameter descriptions to support the discovery of the mostappropriate SWS representation within a given situation context.Conceptual Spaces (CS), introduced by Gärdenfors (19, 18), follow a the-ory for describing entities in terms of their natural characteristics similar tonatural human cognition in order to avoid the symbol grounding issue. CSenable representation of objects as vector spaces within a geometrical spacewhich is de�ned through a set of quality dimensions. For instance, a particu-lar color may be de�ned as point described by vectors measuring the qualitydimensions hue, saturation, and brightness. Describing instances as vectorspaces where each vector follows a speci�c metric enables the automatic cal-culation of their semantic similarity, in terms of their Euclidean distance, incontrast to the costly representation of such knowledge through symbolic SWrepresentations. Even though several criticisms have to be taken into accountwhen utilizing CS (Section 15.7) they are considered to be a viable option forknowledge representation.In this paper, we propose Conceptual Situation Spaces (CSS) which utilizeCS to represent situational contexts. CSS are mapped to standardized SWSrepresentations to enable, �rst, context-aware discovery of appropriate SWSdescriptions, and �nally, automatic discovery and invocation of appropriateWeb services to achieve a given task within a particular situation. Extend-ing merely symbolic SWS descriptions with context information on a con-ceptual level through CSS enables fuzzy and similarity-based matchmakingbetween real-world situation characteristics and prede�ned SWS representa-tions. Whereas similarity between situation parameters, as described within aCSS, is indicated by the Euclidean distance between them, real-world situationparameters are classi�ed along prede�ned prototypical parameters which areimplicit elements of a SWS description. Whereas current SWS technology ad-dresses the issue of allocating resources for a given task, our approach supportsthe discovery of SWS representations within a given situational context. Con-sequently, the expressiveness of current SWS standards is extended throughCSS in order to enable fuzzy matchmaking mechanisms when allocating re-sources for a given situation.To prove the feasibility of our approach two proof-of-concept prototypesare provided. The �rst prototype relates to the domain of E-Learning anduses CSS to describe learning styles, following the Felder-Silverman LearningStyle theory (15), as particular learning situation parameter. The second



366 Context-Aware Web Services: Methods, Architectures, and Technologiesprototype illustrates a CSS application to the E-Business domain, and usesCSS to describe business actors' requirements according to current situationalcontexts.The paper is organized as follows. The following Section 13.2 provides back-ground information on SWS and the discovery problem, and gives an overviewon related works in the �eld. Section 13.3 introduces our approach of Con-ceptual Situation Spaces which are aligned to current SWS representations.Section 13.4 illustrates the application of CSS to the E-Learning domain andintroduces a Conceptual Learning Situation Space, particularly, a CSS sub-space representing learning styles. Utilizing CSS, we introduce our approachto similarity-based classi�cation of a given situation based on distance calcu-lation at runtime in Section 13.5. Section 13.6 shows an application of CSS inthe E-Business examples, and details how CSS helps discovering SWS depend-ing on business actors' requirements at runtime, before giving some insighton the use of CSS for semantic mediation of data in business processes. Fi-nally, we conclude our work in Section 15.7 and provide an outlook to futureresearch.
13.2 Background and MotivationIn this section, we provide some background information and motivate ourapproach by reporting on the current state of the art in Semantic Web Servicesdiscovery.
13.2.1 Semantic Web Services (SWS) and Context-

dependent SWS MediationSWS technology aims at the automatic discovery, orchestration and invoca-tion of distributed services for a given user goal on the basis of comprehensivesemantic descriptions. SWS are supported through representation standardssuch as WSMO (1) and OWL-S (27). In this paper, we particularly refer tothe Web Service Modelling Ontology (WSMO), a well established SWS refer-ence ontology and framework. WSMO is currently supported through severalsoftware tools and runtime environments, such as the Internet Reasoning Ser-vice IRS-III (2) and WSMX (22). The conceptual model of WSMO de�nesthe following four main entities:� Domain ontologies not only support Web service related knowledgerepresentation but semantic knowledge representation in general. Theyprovide the foundation for describing domains semantically, and theyare used by the three other WSMO entities.



Context-Aware Semantic Web Service Discovery 367� Goals de�ne the tasks that a service requester expects a Web serviceto ful�ll. In this sense they express the requester's intention.� Web service descriptions represent the functional behavior of an ex-isting deployed Web service. They also outline how Web services com-municate (choreography) and how they are composed (orchestration).In this paper, a SWS represents the semantic description of a particularWeb service and is synoymous with the term SWS description.� Mediators handle data and process interoperability issues that arisewhen handling heterogeneous systems.A SWS description (either the description of the Web service or the descrip-tion of the service request) is formally represented within a particular ontol-ogy that complies with a certain SWS reference model such as OWL-S (27)or WSMO (1). By adopting a common formalisation of an ontology (11, 12),we de�ne a populated service ontology O � as utilised by a particular SWSrepresentation � as a tuple:
O = {C, I, P, R, A} ⊂ SWSWith C being a set of n concepts where each concept Ci is described through

l(i)concept properties pc, i.e.:
PCi =

{

(pci1, pci2, . . . , pcl(i)) |pcix ∈ Ci

}

.

I represents all m instances where each instance Iij represents a particularinstance of a concept Cj and consists of l(i) instantiated properties pi instan-tiating the concept properties of Cj :
PIij =

{

(piij1, piij2, . . . , pil(i)) |piijx ∈ Iij

}

.Hence, the properties P of an ontology O represent the union of all conceptproperties PC and instantiated properties PI of O:
P = {(PC1, PC2, . . . , PCn) ∪ (PI1, P I2, . . . , P Im)}Given these de�nitions, we would like to point out that properties here ex-clusively refer to so-called data type properties. Hence, we de�ne propertiesas being distinctive to relations R. The latter describe relations between con-cepts and instances. In addition, A represents a set of axioms which de�neconstraints on the other introduced notions. Since certain parts of a SWSontology describe certain aspects of the Web service (request), such as itscapability Cap, interface If or non-functional properties Nfp (4), a SWS on-tology can be perceived as a conjunction of ontological subsets:

Cap ∪ If ∪ Nfp = O ⊂ SWS



368 Context-Aware Web Services: Methods, Architectures, and TechnologiesThe semantic capability description, as central element of a SWS description,consists of further subsets, describing the assumptions As, e�ects Ef, pre-conditions Pre and postconditions Post. However, given the lack of a cleardistinction between assumption/e�ect and pre-/postcondition, we prefer theexclusive usage of assumptions/e�ects:
As ∪ Ef = Cap ⊂ O ⊂ SWSGiven that a SWS ontology by its very nature always captures the seman-tics of a service from a speci�c perspective, it represents a speci�c context inwhich the annotated service is meant to be used. Hence, even when explicitlyrepresenting information about the Web service context, the nature of on-tologies - being symbolic representations of conceptualisations from a speci�cviewpoint - leads to highly heterogeneous SWS descriptions.SWS mediation aims at addressing heterogeneities among distinct SWS tosupport all stages that occur at SWS runtime, namely discovery, orchestrationand invocation. In contrast to (4, 32), we classify the mediation problem into(i) semantic level and (ii) data level mediation (Fig. 13.1).

Figure 13.1: Semantic level and data level mediation as part of SWS discovery,orchestration and invocationWhereas (i) refers to the resolution of heterogeneities between concurrentsemantic representations of services and service contexts � the actual SWSrepresentations � (ii) refers to the mediation between mismatches related tothe Web service implementations themselves, i.e. related to the structure,value or format of I/O messages. Hence, semantic level mediation primarilysupports the discovery stage, whereas data level mediation occurs during or-chestration and invocation. As shown in Fig. 13.1, semantic level mediationoccurs before a particular SWS is selected and aims at aligning distinct se-mantic vocabularies, for instance, the ones used by a SWS requester and a



Context-Aware Semantic Web Service Discovery 369SWS provider. Please note that, for the sake of simpli�cation, Fig. 13.1 justdepicts mediation between a SWS request and multiple SWS, while leavingaside mediation between di�erent SWS or between di�erent requests.
13.2.2 Semantic Web Services Discovery - An Ontology

Mapping ProblemIn this chapter, we exclusively address semantic level mediation betweendistinct context-representations, which is perceived to be a fundamental re-quirement for context-adaptive SWS discovery, and hence, to further exploitSWS approaches on a Web scale. In order to better understand the needsof semantic level mediation, it is necessary to understand the requirementsof the SWS discovery task to which semantic level mediation is supposed tocontribute. In order to identify whether a particular SWS S1 is potentiallyrelevant for a given request S2 - also representing a particular context - a SWSbroker has to compare the capabilities of S1 and S2 ,i.e. it has to identifywhether the following holds true:
As2 ⊂ As1 ∪ Ef2 ⊂ Ef1However, in order to compare distinct contextual annotations of availableSWS which each utilize a distinct vocabulary, these vocabularies have to bealigned. For instance, to compare whether an assumption expression of oneparticular S1 is the same as of another S2, where Ii represents a particular in-stance, matchmaking engines have to perform two steps: (a) identi�cation ofrelationships between concepts/instances involved in distinct SWS represen-tations; (b) evaluation whether the semantics of the logical expressions usedby each SWS match each other, i.e. represent the same fact (i.e. capability).Whereas current SWS execution environments exclusively focus on (b), se-mantic level mediation also requires mediation between di�erent SWS contextontologies, as in (a), and can be perceived as a particular instantiation ofthe ontology mapping problem (40). With respect to (3), we de�ne ontologymapping as the creation of structure-preserving relations between multipleontologies. I.e. the goal is, to establish formal relations between a set ofknowledge entities E1 from an ontology O1 - used to represent a particularSWS S1 - and entities E2 which represent the same or a similar semanticmeaning in a distinct ontology O2 (11, 12) which is used to represent an addi-tional S2. The term set of entities here refers to the union of all concepts C,instances I, relations R and axioms A de�ned in a particular SWS ontology.In that, semantic mediation strongly relies on identifying semantic similaritiesbetween entities across di�erent SWS ontologies. Hence, the identi�cation ofsimilarities is a necessary requirement to solve the heterogeneity problem formultiple SWS representations (33, 40). However, in this respect, the followingissues have to be taken into account:1. Symbolic SWS and context representations lack grounding to concep-



370 Context-Aware Web Services: Methods, Architectures, and Technologiestual level: similarity-detection across distinct SWS descriptions requiressemantic meaningfulness which inherently describes semantic similaritybetween represented entities. However, the symbolic approach - i.e. de-scribing symbols by using other symbols, without a grounding in thereal world - of established SWS representation standards, leads to am-biguity issues and does not fully entail semantic meaningfulness, sincemeaning requires both the de�nition of a terminology in terms of a logi-cal structure (using symbols) and grounding of symbols to a conceptuallevel (5).2. Lack of automated similarity-detection methodologies: Describing thecomplex notion of speci�c SWS contexts in all their facets is a costly taskand may never reach su�cient semantic expressiveness due to the above.While contextual representations across distinct SWS representations- even those representing the same real-world entities - hardly equaleach other, semantic similarity is not an implicit notion within SWSrepresentations. But manually or semi-automatically de�ning similarityrelationships is costly. Moreover, such relationships are hard to maintainin the longer term.Given the lack of inherent similarity representation, current approachesto ontology mapping could be applied to facilitate context-aware SWS dis-covery. These approaches aim at semi-automatic similarity detection acrossontologies mostly based on identifying linguistic commonalities and/or struc-tural similarities between entities of distinct ontologies (3, 31). Work fol-lowing a combination of such approaches in the �eld of ontology mappingis reported in (31, 13, 20, 28). However, it can be stated, that such ap-proaches require manual intervention, are costly and error-prone, and hence,similarity-computation remains as central challenge. In our vision, instead ofsemi-automatically formalising individual mappings, we rely on methodologiesto automatically compute or implicitly represent similarities across distinctSWS representations, which are better suited to facilitate SWS mediation.
13.2.3 Spatial Approaches to Knowledge RepresentationDistinct streams of research approach the automated computation of sim-ilarities through spatially oriented knowledge representations. ConceptualSpaces (CS) follow a theory of describing entities at the conceptual level interms of their quality characteristics similar to natural human cognition inorder to bridge between the neural and the symbolic world. (19) proposesthe representation of concepts as multidimensional geometrical Vector Spaceswhich are de�ned through sets of quality dimensions. Instances are supposedto be represented as vectors, i.e. particular points in a space CS. For instance,a particular color may be de�ned as point described by vectors measuring thequality dimensions hue, saturation, and brightness. Describing instances as



Context-Aware Semantic Web Service Discovery 371points within vector spaces where each vector follows a speci�c metric enablesthe automatic calculation of their semantic similarity by means of distancemetrics such as the Euclidean, Taxicab or Manhattan distance (26) or theMinkowsky Metric (37). Hence, in contrast to the costly formalization ofsuch knowledge through symbolic representations, semantic similarity is im-plicit information carried within a CS representation which is perceived asthe major contribution of the CS theory. Soft Ontologies (SO) (25) followa similar approach by representing a knowledge domain D through a multi-dimensional ontospace A, which is described by its so-called ontodimensions.An item I, i.e. an instance, is represented by scaling each dimension to ex-press its impact, presence or probability in the case of I. In that, a SO can beperceived as a CS where dimensions are measured exclusively on a ratio-scale.However, although CS and SO aim at solving SW(S)-related issues, severalissues still have to be taken into account. For instance, similarity computationwithin CS requires the description of concepts through quanti�able metricseven in case of rather qualitative characteristics. Moreover, CS as well asSO do not provide any notion to represent any arbitrary relations (36), suchas part-of relations which usually are represented within symbolic knowledgemodels such as SWS representations. In this regard, it is even more obstruc-tive that the scope of a dimension is not de�nable, i.e. a dimension alwaysapplies to the entire CS/SO (36).
13.3 Conceptual Situation Spaces for Semantic Web Ser-

vicesIn this section, we describe the formalisms developed to backup our ap-proach to context-aware SWS discovery, which is based on describing situ-ational contexts as members within a domain-speci�c Conceptual SituationSpace (CSS) which are incorporated into SWS descriptions.
13.3.1 Approach: Grounding SWS Contexts in Conceptual

Situation SpacesCSS enable the description of a particular context within a particularsituation as a member of a dedicated CS which are used to describe SWScapabilities. CSS enable the implicit representation of semantic similari-ties across heterogeneous SWS context representations provided by distinctagents. Hence, re�ning heterogeneous SWS context descriptions into a setof shared CSS supports similarity-based mediation at the semantic level andconsequently facilitates context-aware SWS discovery. Whereas CSS allow therepresentation of semantic similarity as an implicit notion, it can be argued,
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Figure 13.2: Representing distinct situation parameters - being part of het-erogeneous SWS representations - through shared CSSthat representing an entire SWS context through a coherent CSS might notbe feasible, particularly when attempting to maintain the meaningfulness ofthe spatial distance as a similarity measure.Therefore, we claim that CSS are a particularly promising model whenbeing applied to individual situation parameter concepts - as part of SWSdescriptions - instead of representing an entire SWS ontology in a single CSS.In that, we would like to highlight that we consider the representation ofa set of n situation parameters S of a SWS ontology O through a set of nCSS 13.2. Hence, instances of parameters are represented as members in therespective CSS. While still taking advantage from implicit similarity informa-tion within a CSS, our hybrid approach - combining SWS descriptions withmultiple CSS - allows to overcome CS-related issues by maintaining the ad-vantages of ontology-based SWS context representations. Please note thatour approach relies on the agreement on a common set of CSS for a given setof distinct SWS ontologies O1 and O2, instead of a common agreement on setof shared ontologies. Hence, while in the latter case two agents have to agreeon a common ontology at the concept and instance level, our approach onlyrequires agreement at the concept level, since instance similarity becomes animplicit notion. Moreover, we assume that the agreement on ontologies at theconcept level (Fig. 13.2) becomes an increasingly widespread case, due to, onthe one hand, increasing use of upper-level ontologies such as DOLCE (17),SUMO4 or OpenCyc5 which support a certain degree of commonality betweendistinct ontologies. On the other hand, SWS ontologies often are provided4http://www.ontologyportal.org/5http://www.opencyc.org/



Context-Aware Semantic Web Service Discovery 373within closed environments, for instance, virtual organizations, where a com-mon agreement to a certain extent is ensured. In such cases, the derivationof a set of common CSS is particularly applicable and straightforward.
13.3.2 A Formalisation for Conceptual Situation SpacesOur approach formalizes the notion of CSS via a dedicated ConceptualSituation Space Ontology (CSSO), based on OCML (29) and aligned to SWSin order to enable SWS description. Since both metamodels, WSMO as wellas CSS, are represented based on the OCML representation language, thealignment was accomplished by de�ning relations between concepts of bothontologies. The design, formalization and alignment processes have been de-tailed in previous work. To make this paper self-contained and for a goodunderstanding, we provide the necessary results obtained from this previouswork in the following. For additional details, we refer the reader to (10).Hence, a CSS is de�ned as a vector space with weighted dimensions:

Cn = {(p1c1, p2c2, . . . , pncn)|ci ∈ C, pi ∈ P}where ci being the quality dimensions of C and P the set of real numbers.The prominence value p is attached to each dimension in order to re�ect theimpact of a speci�c quality dimension on the entire CSS. We enable dimen-sions to be detailed further in terms of subspaces. Hence, a dimension withinone space may be de�ned through another conceptual space by using furtherdimensions (34, 10).Semantic similarity between two members of a space is perceived as a func-tion of the Euclidean distance between the points representing each of themembers. Hence, given a CSS de�nition C and two members represented bytwo vector sets V and U , de�ned by vectors v0, v1, . . . ,vn and u1, u2,. . . ,unwithin C, the distance between V and U can be calculated as:
|d(u, v)|2 =

∑n

i=1(z(ui) − z(vi))
2where z(ui) is the so-called Z-transformation or standardization (6) from

ui. Z-transformation facilitates the standardization of distinct measurementscales which are utilized by di�erent quality dimensions in order to enable thecalculation of distances in a multi-dimensional and multi-metric space. Thez-score of a particular observation ui in a dataset is calculated as follows:
z(ui) =

(

ui−ū
su

)where u is the mean of a dataset U and su is the standard deviation from U .Considering prominence values pi for each quality dimension i, the Euclideandistance d(u, v) indicating the semantic similarity between two members de-scribed by vector sets V and U can be calculated as follows:
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d(u, v) =

√

∑n

i=1 pi

((

ui−ū
su

)

−
(

vi−v̄
sv

))2

13.4 A Conceptual Learning Situation SpaceIn (8) we introduce a general-purpose procedure for re�ning arbitrary on-tologies, such as SWS, through CS-based representations such as a CSS. How-ever, in this section we would like to illustrate CSS through a particular ex-ample from the e-Learning domain, a Conceptual Learning Situation Space,which also demonstrates the applicability of our metamodel even to ratherqualitative parameters. As described in (10) a learning situation is de�nedby parameters such as the technical environment used by a learner, his/hercompetency pro�le or the current learning objective. This Section focusesexemplarily on the representation of one parameter through a CSS subspace,which is of particular interest within the E-Learning domain: the learningstyle of a learner. A learning style is de�ned as an individual set of skills andpreferences on how a person perceives, gathers, and processes learning materi-als (24). Whereas each individual has his/her distinct learning style, it a�ectsthe learning process (15) and consequently has to be perceived as an importantparameter describing a learning situation. To describe a learning style, we re-fer to the Felder-Silverman Learning Style Theory (FSLST) (15) approach todescribe learning styles within computer-aided educational environments (14),where a learning style is described with four quality dimensions (15) de�nedhere with 4 quality dimensions li that hold metric scale, datatype, value rangeand prominence values in a CSS L, as presented in Table 13.1:Quality Dimension Metric Scale Data-type Range Prominencel1 Active-Re�ective Interval Integer -11..+11 1.5l2 Sensing-Intuitive Interval Integer -11..+11 1l3 Visual-Verbal Interval Integer -11..+11 1.5l4 Global-Sequential Interval Integer -11..+11 1As depicted in Table 13.1, each quality dimension is ranked on an intervalscale with a value range being integers between -11 and +11. This particu-lar measurement scale was de�ned with respect to an established assessmentmethod, the Index of Learning Styles (ILS) questionnaire de�ned by Felderand Soloman (14), aimed at identifying and rating the particular learningstyle of an individual. The authors would like to highlight, that prominencevalues have been assigned which rank the �rst (l1) and the third dimension



Context-Aware Semantic Web Service Discovery 375(l3) higher than the other two, since these have a higher impact with respectto the purpose of the learning situation, which is focused on the aim to deliverappropriate learning material to the learner.In order to classify an individual learning style, we de�ne prototypical mem-bers in the FSLST-based vector space L. To identify appropriate prototypes,we utilized existing knowledge about typical correlations between the FSLSTdimensions, as identi�ed throughout research studies such as (21, 38). De-tails on the construction methodology of these prototypes are given in (10).This resulted in the following 5 prototypical members and their characteristicvectors shown in Table 13.2.Prototype Act/Ref Sen/Int Vis/Ver Seq/GloP1: Active-Visual -11 -11 -11 +11P2: Re�ective +11 -11 -11 0P3: Sensing-Seq. -11 -11 -11 -11P4: Intuitive-Glob. -11 +11 -11 +11P5: Verbal -11 +11 +11 +11
13.5 Fuzzy SWS Goal Discovery and Achievement at

RuntimeTo prove the feasibility of our approach, a proof-of-concept prototype appli-cation6 was provided, which utilizes the CSS metamodel and ontology frame-work introduced in Sections 13.3 and 13.4 to implement a use case from theE-Learning domain.
13.5.1 Runtime Reasoning Support for CSS and SWSIn order to describe situations within the domain of E-Learning, a CSSspeci�c for the domain of E-Learning was provided which is able to representdomain-speci�c situations described by concepts de�ned within a particularWSMO domain ontology. Linking each situation parameter, de�ned withina WSMO SWS description, to a particular CSS, and de�ning prototypicalinstances within each CSS enables the automatic classi�cation of situationparameters in terms of their similarity with a set of prototypical parameters.6The application is utilized within the EU FP6 project LUISA (http://www.luisa-project.eu/www/)



376 Context-Aware Web Services: Methods, Architectures, and TechnologiesFig. 13.3 depicts the architecture used to support reasoning on CSS and SWSin distinct domain settings through a Semantic Execution Environment (SEE)which is in our case implemented through IRS-III (Section 13.5).

Figure 13.3: Architecture to support runtime reasoning on CSS and SWSmodelsSEE utilizes a semantic representation of the CSS metamodel (CSSO),which is derived for speci�c domains, and of the SWS metamodel basedon WSMO. Both are represented utilizing the OCML representation lan-guage (29). IRS-III dynamically classi�es a given situation based on the CSSOand provides resources - represented based on WSMO - which suit a speci�cruntime situation. Distinct runtime environments can serve as user interfacesto enable users to interact with SEE and to provide knowledge about thecurrent real-world situation. Given a set of real-world situation parameters,their semantic distance to prede�ned prototypical situation parameters, de-�ned within a domain-speci�c CSS, is calculated to enable classi�cation of aset of real-world situation parameters. The SEE �nally discovers and orches-trates appropriate Web services which show the capabilities to suit the givensituation.
13.5.2 SWS Goal Discovery based on Context ClassificationIn order to reach situation awareness, the application automatically detectssemantic similarity of speci�c situation parameters with a set of prede�ned



Context-Aware Semantic Web Service Discovery 377prototypical parameters to enable the allocation of context-appropriate re-sources through the SEE. Referring to a CSS subspace L described previously,given a particular member U in L, its semantic similarity with each of the pro-totypical members is indicated by their Euclidean distance. Since we utilizea CSS described by dimensions which each use the same metric scale (ordinalscale), the distance between two members U and V is calculated disregardinga Z-transformation (Section 13.3) for each vector.The calculation of Euclidean distances is accomplished by a standard Webservice which is exposed as SWS and is invoked through IRS-III at runtime.Given a particular CSS description, a member (representing a speci�c parame-ter instance) as well as a set of prototypical member descriptions (representingprototypical parameter instances), the Web service calculates similarities atruntime in order to classify a given situation parameter. For instance, a par-ticular situation description includes a learner pro�le indicating a learningstyle parameter which is de�ned by a member U in the speci�c CSS subspaceto describe learning styles following FSLST with the following vectors:
U = {(u1 = −5, u2 = −5, u3 = −9, u4 = 3) |ui ∈ L}Learning styles such as the one above, could be assigned to individual learn-ers by utilizing the ILS Questionnaire as assessment method. Calculating thedistances between U and each of the prototypes described in Table 13.2 ofSection 13.4 led to the following results:Prototype Euclidean DistanceP1: Active-Visual 12.649110640673518P2: Re�ective 20.85665361461421P3: Sensing-Sequential 17.08800749063506P4: Intuitive-Global 19.493588689617926P5: Verbal 31.20897306865447As depicted in Table 13.3, the lowest Euclidean distance between U andthe prototypical learning styles applies to P1, indicating a rather active andvisual learning style described as in Table 13.2 of Section 13.4.Classi�ed contexts are utilized to discover the most appropriate SWS goalrepresentation for a given context, by utilizing the alignment of CSS andSWS (Section 13.3). Given a speci�c situation description, IRS-III �rst iden-ti�es SWS goal representations (wsmo:Goal) which suit the given situationand �nally selects and orchestrates SWS which are appropriate to suit thegiven runtime situation. For instance, in the proposed use case, distinct SWSgoal representations are available, each retrieving content which addresses adistinct learning style (Fig. 13.4).Given the similarity-based classi�cation of a set of real-world parameters- e.g. learning styles - a SWS goal representation which assumes matching
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Figure 13.4: SWS Goals assuming learning styles described as members in aCSSprototypical parameter instances is selected and achieved through IRS-III(Fig. 13.3, Section 13.4). Finally, IRS-III utilizes the SWS goal capability toidentify a SWS which suits the given goal. For instance, given a classi�edlearning style together with classi�cations of all further situation parameters,a SWS goal representation which assumes matching prototypical situation pa-rameter instances is selected and achieved at runtime. Consequently, followingthe alignment of CSS with established SWS frameworks, context-aware SWSapplications are enabled which automatically discover not only Web servicesfor a given task but also SWS goal descriptions for a given situation.
13.6 Applying CSS to the E-Business DomainAs demonstrated in the previous section, re�ning SWS through CSS helpsdescribing and reasoning about SWS capabilities, which in turn enhancescontext-aware selection/matchmaking of SWS. In this section, we demonstratethe relevance of CSS with respect to the E-Business application domain. Wedetail how CSS dimensions are designed and utilized, according to the require-ments of involved business actors. In addition, we discuss in the end of thissection how CSS could be used in conjunction with a context model presentedin (30), in order to enhance semantic mediation of data between Web services.Hence, this section demonstrates the independence of CSS with respect to ap-plications domains and underlying semantic models, and o�ers some insightson foreseeable use of CSS for other purposes such as semantic mediation ofdata.
13.6.1 The Ordering ExampleIn contrast to the previous example from the E-Learning domain, in thissection we develop another use case of CSS application, illustrated with atypical E-Business scenario. Let us assume a UK-based goods reseller whoaims at ordering manufactured goods from a Japanese producer via a brokerthat selects the best producer WS according to its client's requirements. For



Context-Aware Semantic Web Service Discovery 379the purpose of this example, we identify the requirements of the reseller withthe following set of criteria:� shipping delay, measured in days (comprised between 0 and ∞),� type of packaging, set to fragile, normal or secured and identi�ed withthe values 1, 2 and 3 in the CSS dimension,� quantity of items per delivery (comprised between 0 and ∞),� payment security level, set to low (no encryption), medium (weak en-cryption method) or high (strong encryption such as SSL) and identi�edwith 1, 2 or 3,� authentication security level, set to 0 (no authentication) or 1 (password-based authentication) or 2 (certi�cate-based authentication).For the purpose of SWS discovery, we evaluate the quality o�ered by eachproducer SWS with respect to current reseller's requirements represented as aCSS member. Indeed, the selected producer SWS is �only� the closest matchto the reseller's requirements and may not completely satisfy them. In orderto give priority to some dimensions over others, weighted prominences weresetup on quality dimensions. Table 13.4 summarizes the di�erent dimensionscomposing the CSS and proposes prominences that are useful to the selectiontask. Quality Dimension Metric Scale Data-type Range Prominencel1 shipping delay Interval Integer +1..+∞ 1.5l2 type of packaging Interval Integer +1..+3 1l3 number of items/delivery Interval Integer +1..+∞ 0.5l4 payment security level Interval Integer +1..+3 2l5 authentication security level Interval Integer +0..+2 1.5The values of these requirements may often change as they depend on exter-nal (environmental) conditions related to business/economical issues. There-fore, in order to select the best producer, the realization of SWS discovery isrelevant at runtime via a broker. The SWS discovery and ordering processinvolves simple interactions between business actors. These interactions aremodeled as a business process, as described in Fig. 13.5.The reseller sends a SWS request by means of a WSMO goal to the broker(step 1). This request includes a set of parameters that describe the afore-mentioned requirements. Then, the broker searches for SWS that providethe functionality (step 2). It sends back either (step 3a) a positive answercontaining access information to the best WS found, or (step 3b) a negativeanswer (no SWS found). In the latter case, the business process either goes



380 Context-Aware Web Services: Methods, Architectures, and Technologiesback to step 1 or ends with a failure noti�cation (step 4b). If the answer waspositive, the actual order is sent to the broker, that acts as a proxy (step 4a)and the transaction is performed (step 5), before ending the business processwith a successful noti�cation (step 6). Interactions between Web services aretypically speci�ed in a WS-BPEL7 �le, as a sequence of WSMO goal invoca-tions which are resolved by the broker (i.e. IRS-III) 8. For the sake of brevitywe do not detail the technical aspects related to the business process that issketched in Fig. 13.5.

Figure 13.5: Overview of the ordering business process
13.6.2 Overview of SWS Discovery with CSSIn the following, we provide details about the SWS discovery process tobe achieved in step 2) of Fig. 13.5, according to the aforementioned reseller'srequirements, which are described as CSS members (each requirement is ex-pressed as a vector valueing one of the dimensions). Each producer SWS isalso represented as a CSS member (a set positions on vectors) and matchedwith the requirements of the reseller. The discovery process takes place in asimilar way to the one described in Section 13.4. In order to illustrate theselection process, we provide a sample of the evaluation process on the basisof our developed example. The CSS is described as illustrated in Table 13.4.The reseller's requirements are described with the following CSS member:

VOptimal = {(l1 = 1, l2 = 3, l3 = 20, l4 = 2, l5 = 2) |li ∈ L}7www.oasis-open.org/committees/wsbpel/8See the SUPER project for additional details http://www.ip-super.org/.



Context-Aware Semantic Web Service Discovery 381where L is the CSS subspace de�ned with Table 13.4. For the purpose ofthe demonstration, we described the providers X, Y and Z shown in Fig. 13.5.They each present speci�c characteristics that are described in CSS as follows:
VProvX

= {(l1 = 3, l2 = 1, l3 = 20, l4 = 1, l5 = 0) |li ∈ L}
VProvY

= {(l1 = 2, l2 = 2, l3 = 15, l4 = 2, l5 = 1) |li ∈ L}
VProvZ

= {(l1 = 3, l2 = 3, l3 = 5, l4 = 2, l5 = 2) |li ∈ L}With this information, it is possible for the broker to calculate the distancebetween the CSS representation of the reseller's requirements and each SWS.In our example, we obtain the following result:Provider Euclidean DistanceProvider X 4.242640687119285Provider Y 4.06201920231798Provider Z 10.88577052853862Table 13.5 shows the respective distance from each SWS to the given re-quirements. In our case, providerY is the best SWS for these requirementsand is then selected by the broker.Concretely, the broker makes use of a Web service that calculates the Eu-clidean distance between members of a CSS according to a given base member(here Voptimal). The response from the Web service returns the respective dis-tances of the members and lastly, a SmallestDistance tag indicates the memberthat happens be the most appropriate for the requirements of the request.
13.6.3 An Insight on Context-based Data Mediation with

CSSIn (30), a context model is proposed to enable mediation of data exchangedbetween Web services. According to Section 13.2.1, where semantic-level anddata-level mediation are introduced, we provide in this section some insighton how CSS can be used with this context model to o�er novel possibilitiesfor data-level mediation.At the step 4a and 5 of our E-Business example, certain data (i.e. input/out-put data) is exchanged between the reseller and the best producer selected bythe broker. Indeed, the data exchanged is interpreted according to a certaincontext9, which is related to the environment of the business actors. In step4a, the reseller sends a price proposal as part of the order. At this point,data-level mediation is needed at runtime in order to preserve the semantic9Here, context refers to any piece of information required in order to correctly interpret thedata.



382 Context-Aware Web Services: Methods, Architectures, and Technologiesconsistency of the data exchanged between services. The �price� informationhas to be converted from a speci�c British context (in our example, GBP as acurrency, included VAT and a scalefactor of 1) to a speci�c Japanese context(in our example, JPY as a currency, excluded VAT, and a scalefactor of 1000)to reach semantic correctness in the business process.In the following we give some insight on how to use CSS as a support toenhance mediation of the data exchanged in a business process, on the basisof the context model developed in (30). We �rst remind the reader with thebasics of the context model, before showing how its integration with CSS couldbe possible and to which extent this integration could ease the mediation task.
A Reminder on the Context ModelIn (30), a context model dedicated to semantic, data-level mediation hasbeen developed. This model helps making explicit the underlying semanticassumptions related to Web service input and output data. It has for objec-tive to provide mediators with the required semantic information to reasonabout and mediate between alternative representations (i.e. following di�er-ent contexts). This model builds around the notion of semantic object, whichconsists of a concept c from a domain ontology, an XML type t that groundsthe data to a particular physical representation, a value v that represents thevalue of the data and is instanciated at runtime, and a set C of semanticattributes called context, that is made of other semantic objects. Context isorganized as a tree structure that details the semantic information requiredfor a correct data interpretation.This model has been tested with the representation of monetary values(i.e. prices). The representation of prices depends on a tree of contextualattributes (i.e. date, date format, country, VAT rate, etc.) that play a role inthe interpretation of a price instance and form together its �context�. As anexample, a simple �price� semantic objet p of value 15 expressed in Euro withVAT included is described as follows:p = {ns:price, xsd:float, 15, {currency = Euro,VATincluded = true {VATRate = 19,6%},scaleFactor = 1}}We show in the following how a semantic object in a speci�c context can alsobe described as a speci�c CSS member.
Additional Features of CSSContext is built-up as a tree in order to re�ne the semantic description ofcontext attributes, which complies with the de�nition of CSS that allows adimension to be further re�ned via sets of conceptual subspaces. However,the use of CSS implies a couple of enhancements to the context model. Thefollowing features of CSS are relevant to mediation, and added as extensionsto the original context model:



Context-Aware Semantic Web Service Discovery 383� the notion of quality dimension: involves describing context at-tributes as points on a scale, which is particularly useful for mediationpurposes, as detailed hereafter.� the notion of prominence: enhances mediation by allowing to setupspeci�c prominence levels that play a role during the mediation pro-cess. For example, Web services may agree on a minimum prominencelevel, under which a quality dimension is considered as negligible for themediation purpose.
An Insight on CSS Mediation with the Ordering ExampleAs demonstrated previously, in order to preserve the semantic consistencyof our illustrative business process, we need to make explicit the di�erentcontextual aspects related to prices.In our example, data-level mediation consists in applying various tranfor-mation operations to the price value transmitted from the reseller to theproducer, in order to converting context dimensions from their original valuesto the targeted values. Price currencies correspondences can be described byassociating GBP, USD, EUR or JPY to values on the �currency� scale, corre-sponding to the actual relative values of these currencies with respect to eachother. For instance, when USD is worth 1,2 Euro, then the USD is placed on1 and Euro on 1,2 on the currency scale. Accordingly, scalefactors are placedon 1 and 1000. The VAT boolean is set to 1 if a VAT applies to the price,and the VAT rate is expressed as a �oat. In our example, we show that aprice of value 15 expressed in GBP with a scale factor of 1 and VAT included.This context information is represented as a CSS member over the dimensionsexpressed previously:
Context1 = (currency = GBP, sf = 1, V AT included = true, (V ATrate =

UKrate))The target context can also be expressed as a CSS member as follows:
Context2 = (currency = JPY, sf = 1000, V AT included =

false, (V ATrate = JPY rate))Therefore, the data-level mediation task can be reduced to converting the�price� value according to the operations to be applied to the CSS dimensionsfor Context1 to become equal to Context2. In our example, in order to changethe sf value from 1 to 1000 we need to multiply the price by 1000. In order tochange the currency we need to convert the price from GBP to JPY accordingto their values on the CSS dimensions, and similarly for the VAT rates.We have shown in this section that CSS could be utilized to simplify data-level mediation. It replaces complex conversion rules stored in a knowledgerepository involved in the original context-based mediation work (30) withsimple value conversions, according to the positions of context elements over



384 Context-Aware Web Services: Methods, Architectures, and Technologiesthe CSS dimensions. Also, the use of CSS adds the notion of prominence thatis missing in the existing context model, and further re�nes the mediationstrategy by explicitly stating the relative importance of contexts elementswith respect to the mediation purpose.
13.7 ConclusionsIn this paper, we proposed an approach to support fuzzy, similarity-basedmatchmaking between real-world context characteristics and prede�ned SWScapability descriptions by incorporating semantic context information on aconceptual level into symbolic SWS representations utilizing a metamodel forConceptual Situation Spaces (CSS). By utilizing the CSS and its alignmentto SWS technology, the most appropriate resources, whether data or services,for a given situation are identi�ed based on the semantic similarity, calculatedin terms of the Euclidean distance, between a given real-world situation andprede�ned resource descriptions as part of SWS capability representations.Consequently, by aligning CSS to established SWS frameworks, the expres-siveness of symbolic SWS standards is extended with vector-based contextinformation to enable fuzzy context-aware discovery of services and resourcesat runtime. Whereas current SWS frameworks such as WSMO and OWL-Saddress the allocation of distributed services for a given (semantically) well-described task, the CSS approach particularly addresses the similarity-baseddiscovery of the most appropriate SWS task representation for a given con-text. To prove the feasibility of our approach, two proof-of-concept prototypeapplications were presented. Whereas the �rst one applies the CSS metamodelto enable context-adaptive resource discovery in the domain of E-Learning,the second one applies CSS to an E-Business scenario.However, although our approach aims at solving Semantic Web (Services)-related issues such as the symbol grounding problem, several criticisms stillhave to be taken into account when applying CSS. While de�ning situations,respectively instances within a given CSS appears to be a straightforwardprocess of assigning speci�c values to each quality dimension of a CSS, thede�nition of the CS itself is not trivial and strongly dependent on individualperspectives and subjective appraisals. Whereas the semantics of an objectare grounded to metrics in geometrical vector spaces within a CS, the qualitydimensions itself are subject to ones perspective and interpretation, whichmay lead to ambiguity issues. With regard to this, the approach of CSSdoes not appear to fully solve the symbol grounding issue but to shift itfrom the process of describing context instances to the de�nition of a CSS.Indeed, distinct semantic interpretations and vector-based groundings of eachdimension may be applied by di�erent individuals. Apart from that, whereas



Context-Aware Semantic Web Service Discovery 385the size and resolution of a CS is inde�nite, de�ning a reasonable CSS fora speci�c purpose or domain may become a challenging task. Nevertheless,distance calculation as major contribution of CSS, relies on the fact, thatentities are described in the same geometrical space.Consequently, CS-based approaches such as CSS may be perceived as stepforward but do not fully solve the issues related to symbolic Semantic Web(Services)-based knowledge representations. Hence, future work has to dealwith the aforementioned issues. For instance, we foresee to enable adjustmentof prominence values to quality dimensions of a speci�c CSS to be accom-plished by a user him/herself, in order to most appropriately suit his/herspeci�c priorities and preferences regarding the resource allocation process,since the prioritization of dimensions is a highly individual and subjectiveprocess. In addition, it is intended to apply di�erent distance metrics in orderto evaluate the most appropriate similarity measure within CSS. Neverthe-less, further research will be concerned with the application of our approachto further domain-speci�c situation settings.





References[1] S. Arroyo and M. Stollberg. WSMO Primer. WSMO DeliverableD3.1, DERI Working Draft. Technical report, WSMO, 2004.http://www.wsmo.org/2004/d3/d3.1/.[2] L. Cabral, J. B. Domingue, S. Galizia, A. Gugliotta, B. Norton, V. Tanas-escu, and C. Pedrinaci. Irs-iii: A broker for semantic web servicesbased applications. In Proceeding of the 5th International SemanticWeb Conference (ISWC2006), 2006.[3] N. Choi, I.-Y. Song, and H. Han. A survey on ontology mapping. SIG-MOD Rec., 35(3):34�41, September 2006.[4] E. Cimpian, A. Mocan, and M. Stollberg. Mediation enabled seman-tic web services usage. In 1st Asian Semantic Web Conference(ASWC2006), September 2006, page 2006, 2006.[5] A. Cregan. Symbol grounding for the semantic web. In E. Simperl,J. Diederich, and G. Schreiber, editors, ESWC, volume 275 of CEURWorkshop Proceedings, pages 429�442. CEUR-WS.org, 2007.[6] J. Devore and R. Peck. Statistics: the exploration and analysis of data,1999.[7] A. K. Dey. Understanding and using context. Personal and UbiquitousComputing, 5:4�7, 2001.[8] S. Dietze and J. Domingue. Exploiting conceptual spaces for ontologyintegration. In Proceedings of Workshop on Data Integration throughSemantic Technology (DIST2008) @ 3rd Asian Semantic Web Con-ference 2008, Bangkok, Thailand, 2007.[9] S. Dietze, A. Gugliotta, and J. Domingue. A semantic web services-basedinfrastructure for context-adaptive process support. In Proceedings ofIEEE 2007 International Conference on Web Services (ICWS), 2007.[10] S. Dietze, A. Gugliotta, and J. Domingue. Towards context-aware se-mantic web service discovery through conceptual situation spaces. InCSSSIA '08: Proceedings of the 2008 international workshop on Con-text enabled source and service selection, integration and adaptation,pages 1�8, New York, NY, USA, 2008. ACM.[11] M. Ehrig and S. Staab. Qom - quick ontology mapping. pages 683�697.Springer, 2004.0-8493-0052-5/00/$0.00+$.50© 2001 by CRC Press LLC 387



388 Context-Aware Web Services: Methods, Architectures, and Technologies[12] M. Ehrig and Y. Sure. Ontology mapping - an integrated approach. pages76�91. Springer Verlag, 2004.[13] J. Euzenat, P. GuÃ©gan, and Valtchev. P.: Ola in the oaei 2005 align-ment contest. In Proceedings of the K-CAP Workshop on IntegratingOntologies, pages 61�71, 2005.[14] R. Felder and J. Spurlin. Index of learning styles questionnaire, 1997.[15] R. M. Felder and L. K. Silverman. Learning and teaching styles in engi-neering education, 1988.[16] D. Fensel, H. Lausen, A. Polleres, J. de Bruijn, M. Stollberg, D. Roman,and J. Domingue. Enabling semantic web services - the web servicemodelling ontology, 2006.[17] A. Gangemi, N. Guarino, C. Masolo, A. Oltramari, and L. Schneider.Sweetening ontologies with dolce. pages 166�181. Springer, 2002.[18] P. Gärdenfors. How to Make the Semantic Web More Semantic, pages17�34.[19] P. Gärdenfors. Conceptual Spaces: The Geometry of Thought. The MITPress, March 2000.[20] F. Giunchiglia, P. Shvaiko, and M. Yatskevich. S-match: an algorithmand an implementation of semantic matching. In In Proceedings ofESWS, pages 61�75, 2004.[21] S. Graf, S. R. Viola, Kinshuk, and T. Leo. Representative characteristicsof felder-silverman learning styles: An empirical model. In Proceedingsof the IADIS International Conference on Cognition and ExploratoryLearning in Digital Age, Barcelona, Spain, 2006. IADIS Press, 2006.[22] A. Haller, E. Cimpian, A. Mocan, E. Oren, and C. Bussler. Wsmx -a semantic service-oriented architecture. In ICWS, pages 321�328.IEEE Computer Society, 2005.[23] S. Harnad. The symbol grounding problem. CoRR, cs.AI/9906002, 1999.[24] C. Johnson and C. Orwig. What is learning style?, 1998.[25] M. Kaipainen, P. Normak, K. Niglas, J. Kippar, and M. Laanpere. Softontologies, spatial representations and multi-perspective explorability.Expert Systems, 25(5):474�483, November 2008.[26] E. Krause. Taxicab Geometry. Dover, 1987.[27] D. L. Martin, M. Paolucci, S. A. McIlraith, M. H. Burstein, D. V. Mc-Dermott, D. L. McGuinness, B. Parsia, T. R. Payne, M. Sabou,M. Solanki, N. Srinivasan, and K. P. Sycara. Bringing Semantics toWeb Services: The OWL-S Approach. In J. Cardoso and A. P. Sheth,editors, SWSWPC, volume 3387 of Lecture Notes in Computer Sci-ence, pages 26�42. Springer, 2004.



Context-Aware Semantic Web Service Discovery 389[28] P. Mitra, N. F. Noy, and A. R. Jaiswal. Ontology mapping discovery withuncertainty. In in Fourth International Conference on the SemanticWeb (ISWC-2005, pages 537�547, 2005.[29] E. Motta. An overview of the ocml modelling language. In 8th Workshopon Methods and Languages, 1998.[30] M. Mrissa, C. Ghedira, D. Benslimane, and Z. Maamar. A context modelfor semantic mediation in web services composition. In D. W. Embley,A. Olivé, and S. Ram, editors, ER, volume 4215 of Lecture Notes inComputer Science, pages 12�25. Springer, 2006.[31] N. F. Noy andM. A. Musen. The prompt suite: Interactive tools for ontol-ogy merging and mapping. International Journal of Human-ComputerStudies, (59):2003, 2003.[32] M. Paolucci, N. Srinivasan, and K. Sycara. Expressing wsmo mediatorsin owls. In Proceedings of the workshop on Semantic Web Services:Preparing to Meet the World of Business Applications held at the 3rdInternational Semantic Web Conference (ISWC 2004, 2004.[33] Y. Qu, W. Hu, and G. Cheng. Constructing virtual documents for on-tology matching. In In Proceedings of the 15th International WorldWide Web Conference, pages 23�31. ACM Press, 2006.[34] M. Raubal. Formalizing conceptual spaces. In V. A. Vieu and L., editors,Proc. of the Third International Conference on Formal Ontology inInformation Systems, Frontiers in Arti�cial Intelligence and Applica-tions, pages 153�164. IOS Press, Amsterdam, NL, 2004.[35] A. Schmidt and C. Winterhalter. C.: User context aware delivery of e-learning material: Approach and architecture. Journal of UniversalComputer Science (JUCS, (10):28�36, 2004.[36] A. Schwering. Hybrid model for semantic similarity measurement. InR. Meersman, Z. Tari, M. S. Hacid, J. Mylopoulos, B. Pernici,ö. Babaoglu, H. A. Jacobsen, J. P. Loyall, M. Kifer, and S. Spaccapi-etra, editors, OTM Conferences (2), volume 3761, pages 1449�1465.Springer, 2005.[37] P. Suppes, D. H. Krantz, R. Luce, and A. Tversky. Foundations of Mea-surement, volume 2: Geometrical, threshold and probabilistic repre-sentations. Academic Press, New York, 1989.[38] S. R. Viola and S. Graf. Investigating relationships within the index oflearning styles: A data-driven approach. International Journal of In-teractive Technology and Smart Education, 4(1):7�18, 2007.[39] H. w. Gellersen, A. Schmidt, and M. Beigl. Multi-sensor context-awareness in mobile devices and smart artifacts. Mob. Netw. Appl,7:341�351, 2002.



390 Context-Aware Web Services: Methods, Architectures, and Technologies[40] Z. Wu, K. Gomadam, A. Ranabahu, A. Sheth, and J. Miller. Automaticcomposition of semantic web services using process mediation. In Pro-ceedings of the 9th Intl. Conf. on Enterprise Information SystemsICES 2007, 2007.


