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Abstract

The growing availability of data in the informati@ystems has raised the challenging problem oindisishing
between the resources that belong to the samemaf@n context. Starting from the hypothesis thatinformation
system is based on Semantic Web technologies, pessible to use these technologies to make amniation
system more adaptive to user requirements in dodenable personalization and differentiation medras in the
information delivery process?

This paper proposes an approach to building recardat®ns by using Semantic Web technologies, iemtal give
the users a different access to the informatiom. @litcome is a semantic recommender engine, caphtdéieving
and ranking semantically annotated resources, liyguas set of domain ontologies and a semantic rajch
algorithm. We are showing some applications of thislel in the Cultural Heritage domain in which gresented
approach seems to be particularly effective, duiiéorichness of semantic structures and modesdiegifor such
domain.

1. Introduction

The World Wide Web technology has radically chantfesl way people access knowledge
sources, enabling new search and retrieval prosesseunstructured, heterogeneous and
distributed sources of information. The web sucstssy is based on a tremendous growth in
terms of number of nodes, users and available keabyd. The number of web users has in
fact moved from 16 million in 1996 to 1billion 00@6, while the number of web sites is
changed from the few of the 1994 to the millionstadlay, transforming the web into a
plethora of knowledge in which highly diverse infation is linked in extremely complex
and arbitrary fashion. The simple usage of the aetess technologies has supported this
growth and at the same time is preventing the walurity. Several estimates of the total
number of web pages indicate that, due to a rafmdtly of the web, most search engines are
only finding a fraction of all the available sitg2?]. If we are able to exclude topological
reasons, due to the asymmetric behavior of the lvid) that prevent automatic search
mechanism to reach certain web regions, the maailectye is currently related to the
creation of smarter and powerful indexing systecapable of selecting and indexing web
pages with at a faster rate than they appear omwdie In the last years different search
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engines are competing for web users share. Thigpettion, that currently sees Google as
winner, is based on the challenge for new and reffieient algorithms for searching and
indexing web pages. These search mechanisms, ghhextremely complex and more and
more efficient, are mainly based on syntactic asialyThe need for a semantic layer,
allowing an explicit representation of the semant€ data, is fundamental if we take into

account that:

— the main part of the current web content is tinbug be used by human beings and it
cannot be easily manipulated by automatic systems;
— the web, because of its effectiveness as a asshoel, is becoming more and more

the web of services.

The next generation of the web will be the Semaneb. The semantic web is an extension
of the current web in which information is given lixgefined meaning, better enabling
computers and people to work in cooperation[5]. gdmng to Tim Berners-Lee, who first
introduced it, the Semantic Web is a Web of da# tlan be processed directly or indirectly
by machines [4], capable of allowing automatic asc® information through a computable
semantic and a set of meta-data. The explicit sgptation of the semantics of data in
relation with the creation of domain theory coufdikle a new web, with improved capability
and a higher level of service. The transformatiammf web to web of knowledge is mainly
based on the acquisition and the redesign of irdtion through an innovative way of
representing information which can increase theelleaf description with an explicit
definition of its own semantics. The introductiohaoformat that is understandable by both
humans and machines will allow, on one side, human®present semantics and, on the
other side, extended and specialized reasoningragsto support humans to access the right
knowledge and service. From this perspective, sémaveb is a direct implication of
Artificial Intelligence technologies that, instead reproducing some of the human being
capabilities, will try to complement human capadla in interacting with a widest and
complex environment of knowledge and services. Adiog to Sowa, the three main
components in the knowledge representation are,l@gitology and computing power [11].
Logic is related to a formal representation langu&@ntology takes care about meaning and

about taxonomy of classes. Computing power endhkegapability to implement automatic
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manipulation and reasoning. The Berners-Lee Sem#b architecture is mainly organized
as a stack of layers:
— the level of data, mainly represented through XMeéscribes data and defines how
data should be formatted,;
— the level of schema defines dictionaries andtgrdre mechanical rules for semantic
interoperability;
— the ontological level provides common comprehmmsabout terms and supports
domain vocabularies definition;
— the logical level grants the rules and convemtiGemantics that enables knowledge
representation [23].

Although the Semantic Web represents the referéaoeework for the web evolution, it is
currently facing the challenge of becoming the widdopted solution for the web
infrastructure. Limiting factors in the Semantic MVedoption are mainly related to
production of ontologies, an activity that is fewrht he common user capabilities. According
to the multiple layers Semantic Web structure,roleoto enable a semantic web scenario in a
specific domain, it is necessary to develop onte®glescribing the knowledge item and the
service characterizing that domain. Although muetearch effort and investment has been
done to simplify ontology design and to develop domontologies, many domains still
remain uncovered and, therefore, not suitabledoption of Semantic Web technologies. On
the other hand, syntactic search and retrieval am@sims are becoming more and more
effective, reducing the need for Semantic Web basetem. An excellent driver for the
Semantic Web diffusion has been the business aopif these technologies. Many
companies and industrial sectors, looking for titeroperability of knowledge and services
invested money on research and industrial appticatdevoted to Semantic Web adoption in
order to achieve interoperability among differegstems. The Semantic Web approach
promises to achieve semantic interoperability usinBeference Ontology and a Semantic
Annotation Language based on the former. Amongcaiusiness applications of Semantic

Web approach there are [24]:

— information and knowledge management systemdier organization and the

retrieval of enterprise knowledge);
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— e-business and inter firms coordination and @stth8on systems(by annotating local
resources - such as information and processes 4gbpport business cooperation
among enterprise software applications).

— e-commerce and customer relationship technolo@gesnantic matchmaking of

requested and offered services);

From this perspective, the adoption of Semantic \téehnologies is particularly relevant in
those business domains in which specific needs bapported the creation of a set of the
domain ontologies, or where the use of annotati®@chanisms could support a better
application of Semantic Web paradigm to the Ser@cented Architecture adoption. With
the increasing growth in the popularity of Web s&g, discovery of relevant Web services
becomes a significant challenge. The syntacticaaagr, extremely effective in the document
management approach and extremely powerful on uher web, is absolutely useless in
the Web Service search and the retrieval procese $he business aspects related to the web
services are poorly described in its WSDL. To pdevan effective solution to this problem it
is necessary to shift toward a semantic level ¢draction making explicit the semantics
hidden in an application interface. Tourism, andrenm details Cultural Heritage driven
tourism, is extremely interesting domain of apglma for Semantic Web technologies for
both the reasons that we mentioned above, since:

— in tourism many initiatives and projects (FetisiTeschetMais®) developed
ontologies for domain interoperability;
— in tourism, due to its intrinsic fragmentatiorensantic Web Service approach is

particularly requested as a solution for inter-Brooordination and orchestration.

In this technological context, how is it possilbetdke advantage of such paradigms in order
to handle the large amount of information that entlly Information Systems supply?
Moreover, how is it possible to fulfill the userpectations and needs in terms of adaptation
to user’s requirements? The key relies on the ratemn between Information Systems and

tools that perform the delivery of personalizedmiative resources [12].

! Federated European Tourism Information SystemsnHaisation, http://www.fetish.t-6.iton
*Technology System for Cultural Heritage in Touristip://www.teschet.org
% Multichannel Adaptive Information Systems, httwkiwv. mais-project.it

132



SCIRES-IT (2011),n. 2 A Semantic Approach for Recommendations generat@ne Cultural Heritage applications

In this paper, we present our approach for a gépnaraf the semantic recommendation,
based on the domain ontologies processing and esdmantic annotation of resources in
Cultural Heritage applications. Moreover we introda new metric, the Power Accuracy
Measure (PAM), in order to measure the RecommeRkdegine’s accuracy. While there is

still much work to be done to fulfill our long-tergoals, we believe that the work we present

here can serve as a road map to build similar syste

2. Recommender Systems: a Literature Review

Recommender Systems (RS) became very popular i8Qise by offering a solution to the
problem of information overload in the World Widee¥!/ In a few years, many approaches
have been developed and used, and each of therenfsesome benefits and some
disadvantages. Recommender Systems are able to dsar time user preferences and,
through their analysis, they are able to automiyicdentify and propose relevant products
or services to the user. Recommender Systems sweable to dynamically track how the
user interests change by building a user profdenfhis preferences. They can “observe” the
behavior of the user during his interaction with thformation system, building and updating
his profile preferences. The acquisition of therus®wledge is very important because it is
necessary to collect a huge amount of informatromrder to grant the correctness of the
profiles.

The termpersonalizationusually refers to the process of providing updatédrmation in
the most suitable way with respect to the user&iad’ersonalizations also referred to as a
one-to-one marketing technigues used in the manageof user-related information in order
to tailor a business to a specific user rather thaa broad group of customers with different
characteristics.

Personalization should be intended as the actthy allows the establishment of longterm
relationship between the user and an informatictesy, in which the platform learns more
and more information about the users. As a consegué will better satisfy their specific
needs and establish a trusted relationship withusiegs. If an information system contains a
component that is able to monitor the user’s bedradiiring their work sessions, and collect
and organize user data(age, profession, interpstferences, etc.), updating the online

selection (history), and reasoning in order to\@lipersonalized content, the quality of
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theuser’s experience in the interaction with theteay can be improved. Currently, the most
diffused systems for the real-time personalizateoe able to recognize the user, either
explicitly at each login or implicitly through soneeokies stored by a web browser tracking
the users’ navigation history, and to adapt thegmeation of contents and services. In the e-

Business scenario, the main ways to get real-tienegmalization are:

— identification: the user is recognized and weledneach time he logs on tothe
system;

— customization: the user can decide to custonigestipplied services to his needs;

— narrow-casting: the user can choose to be advymethe same kind of events by
email, sms, etc.;

— recommendation: the system itself proposes ptethgrvices that match the user’s

needs, both explicit and implicit (elaborated bg flystem).

Systems that improve customer loyalty, thanks tmrest memory about the user, can

contribute to create an added value relationshiwden the user and the system.

2.1 Main Technological Characteristics of Recomneer&ystems

Actual Recommender Systems can be divided in ttasgories [2]:

— Content-based Recommender Systems: in the cedomsetl approach, the system
tries to recommend items similar to those in wtaafiven user has indicated interest in
the past. The content-based approach to Recomm&gdm has its root in Modeling

and Information Filtering. A pure content-basedtays has several shortcomings.
Generally, only a very shallow analysis of certmimds of content can be supplied. In

some domains, useful feature extraction methodsotl@xist for certain items (such as

movies, music, restaurants). A second problem, kvh&s been studied extensively in
several domains, is “over-specialization”. When $lygstem can only recommend items
scoring highly against a user’s profile, the usetestricted to see items similar to those
already rated. Finally, there is a problem commmmbst recommendation systems
that is to elicit user feedback. Rating items i®aarous task for users, so with the pure

content-based approach, a user's own ratings areomly factor influencing future
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performance, and there is actually no way to redneequantity without also reducing

performance[1],[10],[8],[7].,[25].

— Collaborative Recommender Systems: in the cotth@ approach, the system

identifies users whose preferences are similar hoseé of the given user and

recommends items they have liked. Thus, a puralsothtive recommendation system
is one which does not require any analysis of ttms. Recommendations for a user
are made on the basis of similarities to othersideure collaborative recommendation
solves all of the short comings given for pure eatdbased systems. By using other
users’ recommendations, we can deal with any kincbatent and recommends items
with dissimilar content to those seen in the p&sice other users’ feedback influences
what is recommended, there is the potential to tamireffective performance due to

fewer ratings individual users must give. Howe\kis approach does introduce some
problems. For example, if a new item appears indtdtabase there is no way it can be
recommended to a user until more information alitoist obtained through other user

ratings or by specifying other items it is simitar Thus, if the number of users is small
in comparison to the volume of information in tlystem, there is the risk the coverage
ratings can become very sparse, making the calleci recommendable items thin. A

second problem is related to unusual clients, forckv there are other particularly

similar users, leading to poor recommendations,[20],[27].

— Hybrid Recommender Systems: this approach toidsvierage the positive aspects of
both content-based and collaborative-filtering syst, while avoiding their drawbacks.

Generally, in order to determine recommendationsylarid Recommender System

implements algorithms that use both content anch’geattributes as well as user’s

opinions [9].

The main research questions related to the Reconen&ystems are the following:

1. Knowledge acquisition techniques: this problewnsists in deciding which
techniques should be used to collect the userectliaformation. The user knowledge
can be obtained in both explicit and implicit wayse implicit knowledge acquisition
is the preferred way to collect the information dweits low impact on the user
interaction with the system. The transparent moimi¢pof user activity is useful to

discover the behavioral data. It needs althougtertain degree of interpretation in
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order to understand the reasons behind the usehavior. It is therefore, a process
prone to errors. The explicit knowledge acquisitrequires that the user periodically
interacts with the system in order to provide albeek. This kind of knowledge has a
high degree of confidence because it is directlhyvipled by the user, and it is not
obtained after an interpretative process. The exgkedback can consist of interests,
item preferences or priorities. It is possible toyide explicit feedback by defining the
rules for the selection and filtering of the infation [27].

2. Information sharing: this problem consists icideng how the user knowledge can
be processed to create the user profiles. For eeamps very useful to share users’
feedback in order to improve future recommendatidins also very useful to share a
set of the most preferred items in order to in@dahs number of the training set and to
improve the classification accuracy.

3. User profile representation: this problem cassis how to represent a profile in a
suitable form. For example, a vector space modebeaused to represent user profiles
as a vector of characteristics. It is easy to appachine-learning techniques to this
kind of representation for elaborating recommeratesti21].

4. Recommendation techniques [30], [13]: one ofrtiwst important requirements for a
Recommender System is to use a recommendation itg@ehicapable of producing
suitable suggestions for every user. There is gelartumber of recommendation

techniques, but most of them can be associatedambthe following categories:

— Machine learning techniques that use similargytlae parameter to classify
interesting items [19],[25];

— Filtering rules, that use heuristics to classtgms according to a possible
interest [3];

— Collaborative filtering techniques, with whichstpossible to recommend items
that users, with a similar profile, have choserthi@ past. Statistic functions are
used to calculate the recommendations, by discoyetihe similarity of the
profiles [17], [33].
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3. Semantic recommendation generation

As we said in the previous sections, due to theehargount of the information available on
an information system, providing the users withspealized information is becoming a hard
task. The complexity of retrieving personalizedoimmfation is also actually related with the
growing user expectations.

Starting from the hypothesis that a given informatsystem is based on Semantic Web
technologies, is it possible to use them to makdnémrmation system adaptive to user
requirements in order to enable personalization différentiation mechanisms in the
information delivery process?

To answer to this question we developed an apprdactihe generation of a semantic
recommendation using a semantic annotation of ressuand a semantic processing of
resources in order to compute a degree of affinéiyveen a target resource and a set of the
available ones. The whole approach is based oexistence of a set of domain ontologies
that represent the layer in which the semanticscat®d to the resources resides.

Our approach consists of the following steps:

— setup of domain ontologies;
— semantic annotation of resources;

— setup of the resource processing and recommendati

With the ontology setup activity, the semantic lagemposition has to be chosen. An
ontology is a data model that represents a donmadritas used to reason about the objects in
that domain and the relations between them. Usumfgrmation can be modeled within a
single domain, but with this approach we take satoount also the opportunity to make use
of more than one domain ontology.

In the second step, semantics is associated tanesowithin an information system. This is
a delicate issue within the approach because itbeaachieved in many ways and each one
may differently affect future choices for systenplamentation. Semantic annotation aims at
providing a richer and more formal service deswmiptand creating an agreement on a
vocabulary (a set of terms)and on a semantic streidior information exchange about a
specific domain. As emerged from the literature &mdn other related works [18], [31],

semantic annotation can be done in a semi-autonmticnanual way. It can be also
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considered embedded or not embedded in the teafinalodescription of the available
resources. Our approach takes in consideratiom#rial way to add a semantic layer to the
resource descriptions, while we use both the emdzeddd the non-embedded fashion in the
applications of the approach. The last step in #gproach is the setup of the resource
processing and recommendation, which consists enttiming of the semantic matching
algorithm, whose model is described in the follagveection.

3.1 Semantic matching algorithm model

The semantic matching algorithm represents the thayrecommender engine calculates a
similarity between a resource’s semantic descripéind the description of a target resource.
It takes into account the semantics associatedeimtIn our discussion, we will present the
algorithm based on the evaluation of hegreeOfMatch(¥unction, that is an example of
feature-based similarity approach developed by WRaolet al. [28]. This approach is
extended in order to evaluate the semantic sirylasn n different ontologies. More in
particular, we assume that for each resource belgrig an Information System, there is a
Semantic Description File associated.

In this paragraph a semantic matching function baldefined. This function will calculate
the degree of semantic similarity among each resodescription and the target resource,
allowing a ranking of available resources.

Given the Ontology) and, given RD that is the generic Resource Desmnjsubset ofland
given TD that is the generic Target Resource Dp8Son, subsetofQ and hold by the

Information System, we can define the function Senil&rity():

SemSimilarityo(RD € Y', TD) » r €[0,1]

Thus, SemSimilarity() is a function that returnsreal number value representing the
similarity degree between its arguments by meagutite semantic similarity on all the
semantics contained in the semantic descriptions. Should observe that the Resource
Description RD, can be defined aBD = {RD,,RD;,,RDs, ...,RD,} where eachRD;is a
concept of the ontology. In the same way the genearget Resource Descripti@ican be
defined asTD = {TD,,TD,,TDs, ..., TD,}where eaclT'D; is a concept of th@ ontology. In

order to define the SemSimilarity() function itriecessary to identify a function whose role

138



SCIRES-IT (2011),n. 2 A Semantic Approach for Recommendations generat@ne Cultural Heritage applications

is to measure the degree of match among two differencepts of the same ontology. This
function will be applied in order to measure thiatien between the concepts in the target

resources and in the available ones.

DegreeOfMatchq(RD; € RD, TD; € RD) - r € [0,1]

In particular, theDegreeOfMatchs given by the minimum distance between the cptsci

the ontology view. It is possible to distinguistufalifferent kinds of matches [28]:

1. anexact matckcan occur in two cases: in the simplest situatibien two concepts
coincide, and also when the concept specified enténget resource description is a
direct specialization (first level specializationi) the concept specified in the generic
resource description and contained in the ontology;

2. plugin occurs when the concept specified in the genesource description is a
direct specialization of the concept specifiedhia target resource. This kind of relation
is weaker than the previous;

3. subsumesccurs when the concept specified in the targaiwee is a specialization
of the concept specified in the generic resourcemjation;

4. fail occurs when no transitive relation exists betwenspecific concepts.

The four degree states that tBegreeOfMatchcan assume will be associatedto discrete
values, considering that the preferable degredes”éxact” and theless preferable is the

“subsumes”. For example, it is possible to assigardtevalues to the four states as follows:

DegreeOfMatch Value assigned

exact 1
lugin 0.7
subsumes 0.35
fail 0

In order to definessSemSimilarity(jt might be necessary to introduce somerules @eioto be
able to choose the best match and to reduce thputational complexity of the algorithm. If
one of the additional attributes thatis contaimed arget Resource Description matches with
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more than one ofthe Resource Descriptions attrfyute must choose the best combination.
Ingeneral, we can say that given a user profild witittributes and a ResourceDescription
with m attributes, there will ba x m pairings: we must choosethe n distinct pairings whe
highest value. With this assumption, gi¥énh= {TD,,TD,,TDs,...,TD,}and RD =
{RD;,RD,,RDs, ..., RD,,}:

NSemSimilarityo(RD,TD) = XiL,[max;Z,(DegreeOfMatchqo(RD;,TD;)))]

The value returned by thESemSimilarityis normalized with the number ofpreferences
contained in the user profile:

NSemSimilarity,(RD,TD)
n

SemSimilarityo(RD,TD) =

We can generalize this result to a complex cormlitid/e could have to dealwith an
information system which needs different refereas®logies in order tobe effective. In this
specific condition it is quite reasonable that btdte ResourceDescription and the Target
Resource Description will contain a concept fromdifferent Ontologies.
Let Q be the set of Ontologies used in the system(gntthe generic ontologyd? such that
Q = {Q,,...,Q,}. A specific Resource Description is defined as:
RD = {RD;,RD,,RDs, ...,RD,;}

where eactkD;is a concept of a given ontolo@y.

RD ={RD,,..,RD, € Q,RDy4,...,RD; € Q,, .....,RDy4q, ..., RDyy € O}
In the same way a specific Target Resource Degmmifg defined as:

TD = {TD,,TD,,TDs, ...,TD;}

where eaclTD; is a concept of a given ontolog@y:
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TD ={TD,,..,TDy € Qy,TDps1, ..., TDy € Qy, .., TDgy4, ..., TD; € Qp}
we can define:
NSemSimilarity, (RD,TD) = Z;qzl[maxle(DegreeOfMatchQa (RD;, TD;))]

Taking in to account that, according to the deifamitof DegreeOfMatchthe DegreeOfMatch

among concepts of different ontologies is alway® z&ecan conclude that:

NSemSimilarityo(RD,TD) = ZZleSemSimilarityQp (RD,TD)
=37, [max]p=1 (DegreeOfMatchQ1 (RD;, TDL-))] + -

B D [maxjtzs+1 <Degree0fMatchQn (RD;, TDJ)]

This result is important since it allows us to ioye the effectiveness of theselection adding

a specific weightv, to each ontology, according to its perceivedvétuehe customer.

NSemSimilarityo(RD,TD) = ZZzlprSemSimilarityQp (RD,TD)

with ZZ=1‘Up =1

Finally, the value returned by thESemSimilarityis normalized with the number of

preferences contained in the target resource.

NSemSimilarity,(RD,TD)
n

SemSimilarity,(RD,TD) =
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4. An accuracy metric for the semantic recommenddesys

In order to evaluate the quality of our system mteoduce an evaluation metricwith the aim
of measuring the recommendatioascuracy An accuracy metricempirically measures how
close a recommender system’s predicted rankingroftfor a user differs from the user’s
true preference ranking [15].

Basic assumption for our accuracy metrics measurtme that if the usercould examine all
the items available, he or she would place theamiordering ofpreference. Moreover, since
our recommender system returns a ranked list wigdrest ranked items are predicted to be
the most preferred, we assume thatthe user wileigdly view the recommended items
starting at the top of thelist and descending i$tewith a gradually decreasing interest until
the neededinformation is met or a certain numberestilts are examined (or a certain
timelimit is reached). This premise has been aljreaded by[6], who introduced a
newevaluation metric for recommender systems dedifor tasks where the user ispresented
with a ranked result, and is unlikely to browseyeéeep into the list. Therefore, our focus is
on the measurement of the ability of our recommBodalgorithm to produce a
recommended ordering of items that matches howstrewould have ordered the same

items.

4.1 The Power Accuracy Measure (PAM)

Several accuracy metrics exist for evaluating allgors to present ranked recommendation
lists to the user. Predictive accuracy metrics,ciwimeasure howclose the recommender’s
predicted ratings are to the user’s ratings, (asirfstance theMean Absolute Errorand
related metrics) are less appropriate fortasks &aeranked result is returned to the user who
only views the top of thelist and may care abouwbrsrin items that are ranked high. For
these tasks,rank accuracy metrics are more apptepAmong these metrics, the mostknown
and applied are Pearson’ product-moment, Spearmaresid Kendall’'s Tau correlation
measures. They are described in [15]. Neverthekss) metricssuffer from the weakness
that interchanges between two recommendations eabghof the ranking have the same
weight as interchanges at the bottom of therankingorder to overcome this problem,
Breese et al. [6] presented a new rankaccuracyianesalled “half-life utility metric”, which
attempts to evaluate theutility of a ranked listhe user by describing the likelihood that a

user will vieweach successive item with an expaaérdecay function. The strength of
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thedecay is described by a parameter called “Halfavhich is the rank of the itemon the list
such that there is a 50-50 chance that the uskrenvibw that item.The utility metric applies
most of the weight to early items, with every swsiee rank having exponentially less
weight in the measure. Another descriptionof thetnm can be found in [14]. Nevertheless,
the half-life utility metric isused in collaboraiwecommender systems where it is possible to
determine adefault rating for all items.

Therefore, we propose a new ad hoc accuracy nesed on the distancebetween the user’s
ranked list and the predicted recommendationwkichtakes into account the item’s relative
position in the list. In other terms, thedistanbetween the items that are top ranked have
more substantial negativeimpact on the outcomehef rhetric. So that, we introduce a
weighted distancefunction in which the weights @alkeulated trying to approximate as much
aspossible the actual user’s behavior and degragesést when browsing the results. In our
accuracy metric we adopt the Stevens’ power law], [8¢hich modelsthe relationship
between the magnitude of a physical stimulus angetceivedintensity. In our case, this law
models the relationship between the degree ofimmpod of items predicted with a
recommendation for a particular user andhis or gesceived importance. In other terms,
even if the user’s behavior when browsing the recemdation list is strongly influenced by
the degree ofsatisfaction gained by the items veste we can suppose that, when a user
ispresented with a ranked list, he or she woulcelaypredetermined attitude toreview items
with a gradually decreasing interest. It is evididwatt the importance the user gives to the top
item in the list is more than the importance giwethe bottom item of the list.

The general form of the Stevens’ power law is:

S = kI® 1)

where S is the intensity of sensatiok, is a constant] is the magnitude of the physical
stimulus, anda is an exponent. The value afis dependent on the type of stimulation. We
use such law to determine the weights in our acgunzetric.

Regarding the distance between the predicted raidtezhd the user’'sranked list, we use the
deviation distance measure. The deviation of #m@kbetween the recommendation list

Pand the user’s lisTis the absolute difference between the positiohthe item in the lisP

and its position in T. Thedeviation distance is the sum of the deviatminalln items:
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dgey(P,T) = ?:1 [t —Jjl (2
whereT(j) = P(i) andi € {1..n} is the position of the item(j) in the listP.
Therefore, the normalized weighted accuracy métat we propose, namedwer Accuracy
Measureis given by:

1 . .
PAM = — ¥y wyli — ]| 3)

whereT(j) = P(i) andﬁ is the normalization factor.

Weightw; is given by

w; =k(n+1-j)*° 4)
-1 . noo—
wherek = SRTCTER is a constant that allows to have w; < 1 and}’-; w; =1
0.3 T \ T
oFk(n+1-)* ——
0.2
0.1 T
0
0 1 2 3 4 5 6 7 8 9 10 11 12

Fig. 1. Representation ab;(n = 10 and a = 0.7)
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Fig. 1 shows the decay of the weight function d&or 0, 7 whenmn = 10. The value of the
exponent has to be empirically determined, starting froiffiedent sets of weights collected
directly from the users involved in the experiments

We calculate the PAM for each user involved ingRperiments. Then, in order to study how
the PAM varies, we calculate the me@AM) and the standard deviatidq@p 4y, )which
show the recommender system’s average behaviothencange in which the PAM values
lie.

Moreover, in order to verify the behavior of ouceexmender system when the number of
the items changes we calculate the mean and theéasthdeviation for different values of

5. Applying the approach in the context of Culturakitége in Tourism

In this section we present the Recommendation Engia designed and developed for the
Teschet platform.The Teschet platform is charamteriby the Semantic Web paradigm
implementation, and it creates a distributed thematetwork to publish services,
semantically described and accessible via web,ugirathe aggregationof several actors
(SMEs, government bodies, etc.). Thus, the Testdwinological platform is a tool for

distributed services integration.

— — - T

e > Community
- Tourists and citizens —_ "D Community of Baroque
\(63:_5_ — of tourists

> - —

S =

I I
Virtual “Touring Club” Community of consumers M

>
-

Infoguide

Post-rip diary

Territorial Collaborative Workspace Community of producers —H \/

Territorial information
Uo[jEULIOJUI [eI0IARYST

[ P

| 1!
T

I I

(_f_ Government Panel of >\ Community 1
~— __ Bodies Experts :D_-—-/ ofSMEs _/ Community of
=== .. A professionals

Fig. 2: Teschet platform
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Services in the Teschet platform represent justesafall the possible implementable
services. They actually comprehend:

— tourist-cultural heritage fruition and valorizatiservices, such as:
* Cultural Holiday Builder (CHB)
* Travel Planner
* Infoguide
 Post-Trip diary
« Virtual Community for tourists
— tourist-territorial analysis and marketing seeg@gcsuch as:
* Territorial analysis

« Virtual Community for government bodies

All these services are accessible via web, and phayide relevant informationfor a tourist
when organizing, consuming and remembering thedtchculturalexperience. Specifically,

we will focus on the Cultural Holiday Builder thaalizes two main functionalities:

— choice of the travel destination with respedhi® cultural thematic of specific
interest;
— choice and reservation/booking of the servickdad to the cultural offeringwithin

the desired destination.

With the CHB, the user can access a virtual spaeoeh as virtual travellingbag, in which he
can hold the information about sites and legs aatsat toeach tourist route created. The
functionalities offered by the CHB allow to highligthe characteristics of a territory for a
better holiday planning and abetter fruition of tlexitage within the territory, increasing the
tourist finalsatisfaction.

5.1Teschet Recommender Engine
The Teschet Recommender Engine is a tool that stgpfite functionality offered by the
Cultural Holiday Builder (CHB), by providing a usevho is planning to travel, with a wider

set of touristic/cultural resources according todwnensions: a "typological affinity” and a
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"geographic proximity”. Thus, theTeschet Recommendegine recognizes and proposes,
among all the touristic/cultural resources in aiorgthose that are the most similar to a

specificselected resource (target resource). Ameeendation is generated through:

— a selection of the resources that are in the sagien as the target resource;
— a subsequent resource rank estimated with:
* a semantic matching algorithm on the conceptisdéscribe the target
resource typology, by using an ontological repres@n of the Teschet
domain;

« the resource localization within a county or @;ci

The Teschet Recommender Engine utilizes a techriampuine similarity evaluation between
two different resources, based on the algorithnsgmeed in Section 3.1. More specifically,
when a user is browsing the available resourcestasfitory within the CHB, as showed in
the Fig. 3, and asks for similar resources,the Regender Engine extracts typology and
localization information fromthe target resourclef it starts to filter the resources available
in the TeschetPlatform according to the localizatioformation previously obtained, and
theresult set of the resource gets ranked accotditige semantic matching onthe typology
information. As previously said, resources beloggio the Teschetplatform are the tourist
and cultural heritage sites from different parttafy,whose characteristics are contained in a
description file semantically enrichedand accessiby the recommender engine. The
effectiveness of the semantic layer is grantedhieyTteschet domain ontology of the cultural
heritage and tourist resources, made by about a0€epts.
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Fig. 3: The Cultural Holiday Builder front-end

Each resource is classified as an instance of a@epbnbelonging to this ontology and
enriched by other descriptions related to the gmalgc position within a territory (county,
region, nation). Here is an example of a semartource description file made with DAKIL
which is being designed as an XML-based semantiguage that ties the information on a

page to the machine-readable semantics (ontology):

<rdf:RDF >
<teschetOntology:VillaMonumentale rdf:about="http://.../Teschet” >
<teschetOntology:descrizione>...
</teschetOntology:descrizione>
<teschetOntology:sito turistico rdf:resource="http://.../Teschet"/>
<teschetOntology:sito in>
<teschetOntology:Comune rdf:about="http://.../Teschet">
<teschetOntology:sito in provincia>
<teschetOntology:Provincia rdf:about="http://.../Teschet” >
<teschetOntology:sito in regione>
<teschetOntology:Regione rdf:about="http://.../Teschet">
<teschetOntology:sito in nazione>
<rdf:Description rdf:about="http://.../Teschet">
<rdfs:label xml:lang="it">
THE NATION
</rdfs:label>
</rdf:Description>
</teschetOntology:sito in nazione>
<rdfs:label xml:lang="it">THE REGION </rdfs:label>
</teschetOntology:Regione>
</teschetOntology:sito in regione>
<rdfs:label xml:lang="it">THE COUNTY </rdfs:label>
</teschetOntology:Provincia>
</teschetOntology:sito in provincia>
<rdfs:label xml:lang="it">THE CITY </rdfs:label>
</teschetOntology:Comune>
</teschetOntology:sito in>
<rdfs:label xml:lang="it">Villa Sticchi </rdfs:label>
</teschetOntology:VillaMonumentale>
</rdf:RDF>

4 http://ww.daml.org
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Each sito_in_ attribute expresses the geographic localization aofresource. The
sito_in_regiones processed to filter the set of the availabfmuoece. The semantic matching
is computed by comparing the target resource typolwith the available resource
typologies. This matching produces a rank as dasdrin section 3.1. The ranking is finally
updated if the available resource belongs to theesaty and/or county as the target resource
as showed in 4. In this way it is possible to abtalist of the most similar resources that will

be displayed to the user.

Cultural Holiclay
© " Builder

.. 1

Castello del Conti i Maciza

zacialo
|

Castella oi vensre erica

s2aasta

Fig. 4: The rank of the resources produced by the Recomiendtngine

5.2 Experimental results

In order to evaluate the quality of our system, safiline experimenfshavebeen conducted
within the Teschet projects with the purpose of sneag therecommendation&ccuracy
Therefore, the focus of our experiments is to mesathe ability of how our recommendation
algorithm will produce a recommended ordering e that matches the order of the same
items that theuser would have produced. The expgetintook place over one month
periodwhere 10 computer science researchers ppaticl. The collected dataset consists of
10 users who ranked a total of 30 items. Both thi®logy and the servicedescriptions (of
about 10 concepts each) were developed in the quewphaseof the project. User profiles
have been generated with a semi-automatic procédswimtegrated data about a

touristic/cultural resources type and a geogramsition. In particular for our experiments,

® Evaluations can be completed using offline analyive user experiments, or a combination of te. tin offline experiments, the
recommendation algorithm is used to predict cenaloes from a dataset, and then the results algzsu using some metric.
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the user profiles were built by mapping the reseusgpes with the concepts in the given
domain ontology andcompleting this info with theogeaphic position given by the Teschet
platform.For our experiments, we used an expoaent0, 7° Fig. 1 shows the decayof the
weight function fora = 0, 7 whenn = 10. In this section we discuss theresults of the

conducted experiments.

Table 1: Comparing PAM with different number of items.

User PAM PAM PAM
(n=10) (n=20) (n=30)
userl  0.21549812  0,197992865  0,21939058
user2  0,204115938 0,126544523  0,106790511
user3  0,009149882  0,164890019  0,204560224
userd  0,114580733 0,132352153 0,166332684
userb  0,238471112  0.12819527  0,10298586
user6  0,159133378 0,133454888 0,147318458
user?  0,186973182 0,195032762 0,208014077
user8  0,249546441 0,132421164 0,141531927
user9  0,241791043 0,172805543 0,137779375
userl0  0,19584843  0,166919798 0,155387774
PAM 0,181510826 0,155060898 0,159009147
opan  0,073103608 0,027934509 0,040753014

Table 1 shows the different values of PAM calcuddta all users and withdifferent values of

n. It shows also the mean valBgéMand the standarddeviation .

02 , |
"mean PAM"
"mean PAM values" +
"PAM standard deviation” -------

— "PAM standard deviation values" = N
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T—— - T
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01 F |
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0.06 - i
0.04 - \“‘\\ PV -3
. I
.
0.02 L ! | |
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Fig. 5: Values ofPAMandap 4, for various sizes af.

® The value of exponerthas been determined empirically, starting fronfedéint sets of weights collected directly from tisers involved
in the experiments.
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A careful observation of Tab. 1 leads us to thectimion that the recommendation system
has a good level of accuracy, in fact the highedtier of PAMobtained is about 0,249.
Looking at the first column of Tab. 1 (i.e. where thalueof an item is equal to 10), we can
see that the?AMis about 0,181 which meansthat the number of tlevaat items ranked
erroneously is very low. Moreover,thep,, is about 0,073, which means that the
recommender system’s accuracyvaries very slightyired the mean value. Looking at the
other columns of Tab.1 we notice that the variaionthe size oh don’t affect the quality of
therecommendation. In fact, the PAM mean value duaschange substantially when
increases. This can be clearly seen in Fig. 5 whiddws thePAMand thep 4, for various
sizes ofn:when n increases, after an initial transition, th@ommendation’s behavior tends to
be stable without losing accuracy, with #g,, that holds low values.

Fig. 6 shows the Gaussian distribution of PAM valwagth n = 10,n = 20andn = 30. It

provides an estimation of recommender engine’sigietaroundthe mean PAM.
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Fig. 6: Distribution of PAM values witm = 10,n = 20 anch = 30.

Concluding, the experiments run reveal an intangstiehavior of our system, presenting a
good accuracy which also seems to be independemt tihe size of items available for the

recommendation.
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5.3 Semantic approach’s advantages and weakness

Recommender Systems best practices presented iritéhature states that statistical
approach to the recommendation generation is thet rmeed approachthrough several
contexts and application domains. This is partidylcue whenthe number of items or user
affinities, that has to be considered, increasestone. So it's clear that, for applications
with huge load of data available andfor which gisicial to provide a quick and precise (in
terms of exactness)recommendation, the statisapgiroach to recommendation (hybrid
techniques more than others) is the successfulAsa.matter of facts, the semanticapproach
to recommendation generation can be successful ore fimited application contexts,
providing advantages that can be split in two dpecategories:

1. technological advantages descending from theotismtologies that avoidsspecific
problems, including[29]:

— to guarantee the inter-operability of system ueses and the homogeneity of the

representation of information

— to allow the dynamic contextualization of usegfprences in specificdomains.

— to improve communication processes between agamis between agentsand

users.

— the ability to semantically extend descriptiohsiger contextual factors.

— to improve the representation and descriptiodiftérent system elements.

— to improve the description of system’s logic layrétting the inclusionof a set of

rules.

— to provide the necessary means to generate ptsos enriched by webservices

and facilitate their discovery by software agents.
2. Context application advantages descending froesiBc application domains. In the
domain of Cultural Heritage and tourism servicég, domain modeling is carried out
in a great detail, as it is delegated to domairegsp It is worth to mention that there
are many defined international standards which @ndescribe Cultural Heritage
domain such as the CIDGConceptual Reference Model (CRM) that provides
definitions and a formalstructure for describing implicit and explicit concepts and
the relationships used in the -cultural heritage udwentation. In Italy, the
referencestandard for the Cultural Heritage catalag is given by ICCD

"http://cidoc.mediahost.org
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(IstitutoCentrale per il Catalogo e la Documentaeio who is in charge for the
definition of cataloguing standards for archaeadalji architectural, environmental,
historical and artistic heritage. Another intenegtiwork is an Italian project called
"Ontologie archivistiche®, based on the Semantic Web technologies thatastirg,
through a shared conceptual base, a collaboratygeera forthe analysis and the
ontological description of the national archiviststem.International and national
standards are the real drivers for the domain niagleleveloping initiative which can
affect the accuracy of the semantic recommendeinengutput that makes this
approach preferable over thestatistical one, asd results from the experimental data
presented in thispaper.

6. Conclusions and the future research agenda

In this paper, we tried to answer to the questibinoov it is possible to use the semantic web
technologies to support an information system ideorto enable personalization in the
information delivery process. We presented our @@t using semantic recommendation
generation, based on the semantic annotation ofiress and a semantic matching algorithm
to evaluate similarity and generate recommendatifesalso showed how this approach was
applied to the Cultural Heritage domain. The ongdist and the experimental results made
on the Recommender Engine, demonstrated alsohdatystem is quite good accurate, with a
low number of relevant items ranked erroneouslyesehresults were supported by a metric
proposed within this work, the Power Accuracy MeagiPAM), that is based on the distance
between the user’s ranked list and the predictedmenendation list, taking into account the
item’s relative position.

Following our research agenda we are ready tothesproposed approach in X-Net.l&b
project. X-Net.Lab will contribute to the modernima of thesouthern touristic system
through the development of architectures, orgaiwmat and technological systems
integrating cultural heritage and Agrifood assatthie dynamics of growth and development
of the touristic sector. Theidea of the project roms the biological metaphor of
Ecosystem[26] to create environments, software it@atires and tools enabling the

Bhttp://www.iccd.beniculturali.it/index.php?it/115sdard-catalografici
*http://www.archivi.beniculturali.it/servizioll/pragti/ontologie.html

The X-Net.Lab project was presented in respongieetaall for public-private laboratories publisHBdMIUR - Ministry of Education,
University and Research
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transformation to the Digital Business Ecosysteme ©Of the technical characteristics of the
platform designed for the X-Net.Lab project is teeua CBD[16] approach basedon richly
described components named XBC (eXtended Businem®mp@nhent)which implement

services provided by the SMEs (Small Medium Enisg)IThe system should be able to
suggest possible partnerships to the firms withroBMESs of the Digital Business Ecosystem,
in order to increase the revenuefor all partnetse $election of these collaborations is a
possible applicationof the recommendation algoriippropriately tailored on the functional

andbusiness description of the components as wahahe services offered. Inparticular the

reference standards are:

— ICCD for the cultural heritage resources clasatfon;

— GS1*for the classification of goods and services efalrifood firms;

— UNSPSC (United Standard Products and Service®)edr the classification of
goods and services traded in the tourism sector.

The use of standards adopted by the project wghcttimponents descriptiondeveloped and
deployed on the X-Net.Lab platform provides theoinfationthat the recommender engine
uses for the generation of the possible partndishifhe application of the approach in this
context is extremely challenging, because it ailngeaerating recommendation even in the
cases in whichthere is no formal ontology, but atifferent domain models as backbone for
the engine. We are still evaluating the feasibiliy our semantic approach insuch new
context. Any success with good accuracy values unedswith PAM,would prove that the

generalized approach can be extended to any apphieavironment with a formal domain

modeling.

1GS1 is the main international classification systesed to identify the goods or services provideccbypanies. The GS1 System of
standards is the most widely-used supply-chairdstals system in the world - www.gs1.org
2UNSPSC is a taxonomy of products and servicesderin eCommerce. UNPPSC ismanaged by GS1
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