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Abstract 

The growing availability of data in the information systems has raised the challenging problem of distinguishing 
between the resources that belong to the same information context. Starting from the hypothesis that the information 
system is based on Semantic Web technologies, is it possible to use these technologies to make an information 
system more adaptive to user requirements in order to enable personalization and differentiation mechanisms in the 
information delivery process? 
This paper proposes an approach to building recommendations by using Semantic Web technologies, in order to give 
the users a different access to the information. The outcome is a semantic recommender engine, capable of retrieving 
and ranking semantically annotated resources, by using a set of domain ontologies and a semantic matching 
algorithm. We are showing some applications of this model in the Cultural Heritage domain in which the presented 
approach seems to be particularly effective, due to the richness of semantic structures and models existing for such 
domain. 

 

 

1. Introduction 

 

The World Wide Web technology has radically changed the way people access knowledge 

sources, enabling new search and retrieval processes on unstructured, heterogeneous and 

distributed sources of information. The web success story is based on a tremendous growth in 

terms of number of nodes, users and available knowledge. The number of web users has in 

fact moved from 16 million in 1996 to 1billion of 2006, while the number of web sites is 

changed from the few of the 1994 to the millions of today, transforming the web into a 

plethora of knowledge in which highly diverse information is linked in extremely complex 

and arbitrary fashion. The simple usage of the web access technologies has supported this 

growth and at the same time is preventing the web maturity. Several estimates of the total 

number of web pages indicate that, due to a rapid growth of the web, most search engines are 

only finding a fraction of all the available sites [22]. If we are able to exclude topological 

reasons, due to the asymmetric behavior of the web link, that prevent automatic search 

mechanism to reach certain web regions, the main challenge is currently related to the 

creation of smarter and powerful indexing systems, capable of selecting and indexing web 

pages with at a faster rate than they appear on the web. In the last years different search 
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engines are competing for web users share. This competition, that currently sees Google as 

winner, is based on the challenge for new and more efficient algorithms for searching and 

indexing web pages. These search mechanisms, although extremely complex and more and 

more efficient, are mainly based on syntactic analysis. The need for a semantic layer, 

allowing an explicit representation of the semantics of data, is fundamental if we take into 

account that: 

 

– the main part of the current web content is thought to be used by human beings and it 

cannot be easily manipulated by automatic systems; 

– the web, because of its effectiveness as a business tool, is becoming more and more 

the web of services. 

 

The next generation of the web will be the Semantic Web. The semantic web is an extension 

of the current web in which information is given well-defined meaning, better enabling 

computers and people to work in cooperation[5]. According to Tim Berners-Lee, who first 

introduced it, the Semantic Web is a Web of data that can be processed directly or indirectly 

by machines [4], capable of allowing automatic access to information through a computable 

semantic and a set of meta-data. The explicit representation of the semantics of data in 

relation with the creation of domain theory could enable a new web, with improved capability 

and a higher level of service. The transformation from web to web of knowledge is mainly 

based on the acquisition and the redesign of information through an innovative way of 

representing information which can increase the level of description with an explicit 

definition of its own semantics. The introduction of a format that is understandable by both 

humans and machines will allow, on one side, humans to represent semantics and, on the 

other side, extended and specialized reasoning systems to support humans to access the right 

knowledge and service. From this perspective, semantic web is a direct implication of 

Artificial Intelligence technologies that, instead of reproducing some of the human being 

capabilities, will try to complement human capabilities in interacting with a widest and 

complex environment of knowledge and services. According to Sowa, the three main 

components in the knowledge representation are logic, ontology and computing power [11]. 

Logic is related to a formal representation language. Ontology takes care about meaning and 

about taxonomy of classes. Computing power enables the capability to implement automatic 
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manipulation and reasoning. The Berners-Lee Semantic Web architecture is mainly organized 

as a stack of layers: 

– the level of data, mainly represented through XML, describes data and defines how 

data should be formatted; 

– the level of schema defines dictionaries and grants the mechanical rules for semantic 

interoperability; 

– the ontological level provides common comprehension about terms and supports 

domain vocabularies definition; 

– the logical level grants the rules and conventional semantics that enables knowledge 

representation [23]. 

 

Although the Semantic Web represents the reference framework for the web evolution, it is 

currently facing the challenge of becoming the wide adopted solution for the web 

infrastructure. Limiting factors in the Semantic Web adoption are mainly related to 

production of ontologies, an activity that is far fromt he common user capabilities. According 

to the multiple layers Semantic Web structure, in order to enable a semantic web scenario in a 

specific domain, it is necessary to develop ontologies describing the knowledge item and the 

service characterizing that domain. Although much research effort and investment has been 

done to simplify ontology design and to develop domain ontologies, many domains still 

remain uncovered and, therefore, not suitable for adoption of Semantic Web technologies. On 

the other hand, syntactic search and retrieval mechanisms are becoming more and more 

effective, reducing the need for Semantic Web based system. An excellent driver for the 

Semantic Web diffusion has been the business adoption of these technologies. Many 

companies and industrial sectors, looking for the interoperability of knowledge and services 

invested money on research and industrial applications devoted to Semantic Web adoption in 

order to achieve interoperability among different systems. The Semantic Web approach 

promises to achieve semantic interoperability using a Reference Ontology and a Semantic 

Annotation Language based on the former. Among typical business applications of Semantic 

Web approach there are [24]: 

 

– information and knowledge management systems(for the organization and the 

retrieval of enterprise knowledge); 
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– e-business and inter firms coordination and orchestration systems(by annotating local 

resources - such as information and processes -they support business cooperation 

among enterprise software applications). 

– e-commerce and customer relationship technologies (semantic matchmaking of 

requested and offered services); 

 

From this perspective, the adoption of Semantic Web technologies is particularly relevant in 

those business domains in which specific needs have supported the creation of a set of the 

domain ontologies, or where the use of annotation mechanisms could support a better 

application of Semantic Web paradigm to the Service Oriented Architecture adoption. With 

the increasing growth in the popularity of Web services, discovery of relevant Web services 

becomes a significant challenge. The syntactic approach, extremely effective in the document 

management approach and extremely powerful on the current web, is absolutely useless in 

the Web Service search and the retrieval process since the business aspects related to the web 

services are poorly described in its WSDL. To provide an effective solution to this problem it 

is necessary to shift toward a semantic level of interaction making explicit the semantics 

hidden in an application interface. Tourism, and more in details Cultural Heritage driven 

tourism, is extremely interesting domain of application for Semantic Web technologies for 

both the reasons that we mentioned above, since: 

 

– in tourism many initiatives and projects (Fetish1, Teschet2,Mais3) developed 

ontologies for domain interoperability; 

– in tourism, due to its intrinsic fragmentation, Semantic Web Service approach is 

particularly requested as a solution for inter-firms coordination and orchestration. 

 

In this technological context, how is it possible to take advantage of such paradigms in order 

to handle the large amount of information that currently Information Systems supply? 

Moreover, how is it possible to fulfill the user expectations and needs in terms of adaptation 

to user’s requirements? The key relies on the integration between Information Systems and 

tools that perform the delivery of personalized informative resources [12]. 

                                                      
1 Federated European Tourism Information Systems Harmonisation, http://www.fetish.t-6.iton 
2Technology System for Cultural Heritage in Tourism, http://www.teschet.org 
3 Multichannel Adaptive Information Systems, http://www.mais-project.it 



SCIRES-IT (2011), n. 2 A Semantic Approach for Recommendations generation: some Cultural Heritage applications 

133 

In this paper, we present our approach for a generation of the semantic recommendation, 

based on the domain ontologies processing and on the semantic annotation of resources in 

Cultural Heritage applications. Moreover we introduce a new metric, the Power Accuracy 

Measure (PAM), in order to measure the Recommender Engine’s accuracy. While there is 

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

here can serve as a road map to build similar systems. 

 

 

2. Recommender Systems: a Literature Review 

 

Recommender Systems (RS) became very popular in the 90’s, by offering a solution to the 

problem of information overload in the World Wide Web. In a few years, many approaches 

have been developed and used, and each of them presents some benefits and some 

disadvantages. Recommender Systems are able to learn over time user preferences and, 

through their analysis, they are able to automatically identify and propose relevant products 

or services to the user. Recommender Systems are also able to dynamically track how the 

user interests change by building a user profile from his preferences. They can “observe” the 

behavior of the user during his interaction with the information system, building and updating 

his profile preferences. The acquisition of the user knowledge is very important because it is 

necessary to collect a huge amount of information in order to grant the correctness of the 

profiles. 

The term personalization usually refers to the process of providing updated information in 

the most suitable way with respect to the user’s needs. Personalization is also referred to as a 

one-to-one marketing techniques used in the management of user-related information in order 

to tailor a business to a specific user rather than to a broad group of customers with different 

characteristics. 

Personalization should be intended as the activity that allows the establishment of longterm 

relationship between the user and an information system, in which the platform learns more 

and more information about the users. As a consequence it will better satisfy their specific 

needs and establish a trusted relationship with the users. If an information system contains a 

component that is able to monitor the user’s behavior during their work sessions, and collect 

and organize user data(age, profession, interests, preferences, etc.), updating the online 

selection (history), and reasoning in order to deliver personalized content, the quality of 
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theuser’s experience in the interaction with the system can be improved. Currently, the most 

diffused systems for the real-time personalization are able to recognize the user, either 

explicitly at each login or implicitly through some cookies stored by a web browser tracking 

the users’ navigation history, and to adapt the presentation of contents and services. In the e-

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

 

– identification: the user is recognized and welcomed each time he logs on tothe 

system; 

– customization: the user can decide to customize the supplied services to his needs; 

– narrow-casting: the user can choose to be advised for the same kind of events by 

email, sms, etc.; 

– recommendation: the system itself proposes products/services that match the user’s 

needs, both explicit and implicit (elaborated by the system). 

 

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

contribute to create an added value relationship between the user and the system. 

 

 

2.1 Main Technological Characteristics of Recommender Systems 

Actual Recommender Systems can be divided in three categories [2]: 

 

– Content-based Recommender Systems: in the content-based approach, the system 

tries to recommend items similar to those in which a given user has indicated interest in 

the past. The content-based approach to Recommender System has its root in Modeling 

and Information Filtering. A pure content-based system has several shortcomings. 

Generally, only a very shallow analysis of certain kinds of content can be supplied. In 

some domains, useful feature extraction methods do not exist for certain items (such as 

movies, music, restaurants). A second problem, which has been studied extensively in 

several domains, is “over-specialization”. When the system can only recommend items 

scoring highly against a user’s profile, the user is restricted to see items similar to those 

already rated. Finally, there is a problem common to most recommendation systems 

that is to elicit user feedback. Rating items is an onerous task for users, so with the pure 

content-based approach, a user’s own ratings are the only factor influencing future 
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performance, and there is actually no way to reduce the quantity without also reducing 

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

– Collaborative Recommender Systems: in the collaborative approach, the system 

identifies users whose preferences are similar to those of the given user and 

recommends items they have liked. Thus, a pure collaborative recommendation system 

is one which does not require any analysis of the items. Recommendations for a user 

are made on the basis of similarities to other users. Pure collaborative recommendation 

solves all of the short comings given for pure content-based systems. By using other 

users’ recommendations, we can deal with any kind of content and recommends items 

with dissimilar content to those seen in the past. Since other users’ feedback influences 

what is recommended, there is the potential to maintain effective performance due to 

fewer ratings individual users must give. However, this approach does introduce some 

problems. For example, if a new item appears in the database there is no way it can be 

recommended to a user until more information about it is obtained through other user 

ratings or by specifying other items it is similar to. Thus, if the number of users is small 

in comparison to the volume of information in the system, there is the risk the coverage 

ratings can become very sparse, making the collection of recommendable items thin. A 

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

similar users, leading to poor recommendations [30],[20],[27]. 

– Hybrid Recommender Systems: this approach tries to leverage the positive aspects of 

both content-based and collaborative-filtering systems, while avoiding their drawbacks. 

Generally, in order to determine recommendations a hybrid Recommender System 

implements algorithms that use both content and item’s attributes as well as user’s 

opinions [9]. 

 

The main research questions related to the Recommender Systems are the following: 

 

1. Knowledge acquisition techniques: this problem consists in deciding which 

techniques should be used to collect the user related information. The user knowledge 

can be obtained in both explicit and implicit ways. The implicit knowledge acquisition 

is the preferred way to collect the information due to its low impact on the user 

interaction with the system. The transparent monitoring of user activity is useful to 

discover the behavioral data. It needs although a certain degree of interpretation in 
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order to understand the reasons behind the user’s behavior. It is therefore, a process 

prone to errors. The explicit knowledge acquisition requires that the user periodically 

interacts with the system in order to provide a feedback. This kind of knowledge has a 

high degree of confidence because it is directly provided by the user, and it is not 

obtained after an interpretative process. The explicit feedback can consist of interests, 

item preferences or priorities. It is possible to provide explicit feedback by defining the 

rules for the selection and filtering of the information [27]. 

2. Information sharing: this problem consists in deciding how the user knowledge can 

be processed to create the user profiles. For example, it is very useful to share users’ 

feedback in order to improve future recommendations. It is also very useful to share a 

set of the most preferred items in order to increase the number of the training set and to 

improve the classification accuracy. 

3. User profile representation: this problem consists in how to represent a profile in a 

suitable form. For example, a vector space model can be used to represent user profiles 

as a vector of characteristics. It is easy to apply machine-learning techniques to this 

kind of representation for elaborating recommendations [21]. 

4. Recommendation techniques [30], [13]: one of the most important requirements for a 

Recommender System is to use a recommendation technique capable of producing 

suitable suggestions for every user. There is a large number of recommendation 

techniques, but most of them can be associated to one of the following categories: 

 

– Machine learning techniques that use similarity as the parameter to classify 

interesting items [19],[25]; 

– Filtering rules, that use heuristics to classify items according to a possible 

interest [3]; 

– Collaborative filtering techniques, with which it is possible to recommend items 

that users, with a similar profile, have chosen in the past. Statistic functions are 

used to calculate the recommendations, by discovering the similarity of the 

profiles [17], [33]. 
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3. Semantic recommendation generation 

 

As we said in the previous sections, due to the huge amount of the information available on 

an information system, providing the users with personalized information is becoming a hard 

task. The complexity of retrieving personalized information is also actually related with the 

growing user expectations. 

Starting from the hypothesis that a given information system is based on Semantic Web 

technologies, is it possible to use them to make an information system adaptive to user 

requirements in order to enable personalization and differentiation mechanisms in the 

information delivery process? 

To answer to this question we developed an approach for the generation of a semantic 

recommendation using a semantic annotation of resources and a semantic processing of 

resources in order to compute a degree of affinity between a target resource and a set of the 

available ones. The whole approach is based on the existence of a set of domain ontologies 

that represent the layer in which the semantics associated 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 recommendation. 

 

With the ontology setup activity, the semantic layer composition has to be chosen. An 

ontology is a data model that represents a domain and it is used to reason about the objects in 

that domain and the relations between them. Usually, information can be modeled within a 

single domain, but with this approach we take into account also the opportunity to make use 

of more than one domain ontology. 

In the second step, semantics is associated to resources within an information system. This is 

a delicate issue within the approach because it can be achieved in many ways and each one 

may differently affect future choices for system implementation. Semantic annotation aims at 

providing a richer and more formal service description and creating an agreement on a 

vocabulary (a set of terms)and on a semantic structure for information exchange about a 

specific domain. As emerged from the literature and from other related works [18], [31], 

semantic annotation can be done in a semi-automatic or manual way. It can be also 
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considered embedded or not embedded in the technological description of the available 

resources. Our approach takes in consideration the manual way to add a semantic layer to the 

resource descriptions, while we use both the embedded and the non-embedded fashion in the 

applications of the approach. The last step in this approach is the setup of the resource 

processing and recommendation, which consists in the tuning of the semantic matching 

algorithm, whose model is described in the following section. 

 

 

3.1 Semantic matching algorithm model 

The semantic matching algorithm represents the way the recommender engine calculates a 

similarity between a resource’s semantic description and the description of a target resource. 

It takes into account the semantics associated to them. In our discussion, we will present the 

algorithm based on the evaluation of the DegreeOfMatch() function, that is an example of 

feature-based similarity approach developed by Paolucci et al. [28]. This approach is 

extended in order to evaluate the semantic similarity on n different ontologies. More in 

particular, we assume that for each resource belonging to an Information System, there is a 

Semantic Description File associated. 

In this paragraph a semantic matching function will be defined. This function will calculate 

the degree of semantic similarity among each resource description and the target resource, 

allowing a ranking of available resources. 

Given the Ontology Ω and, given RD that is the generic Resource Description,subset of Ωand 

given TD that is the generic Target Resource Description, subsetof Ω and hold by the 

Information System, we can define the function SemSimilarity(): 

 

�����������	
Ω�� �  ��, �� � � � �0,1� 
 

Thus, SemSimilarity() is a function that returns a real number value representing the 

similarity degree between its arguments by measuring the semantic similarity on all the 

semantics contained in the semantic descriptions. We should observe that the Resource 

Description RD, can be defined as: � � ���, ��, ��, … , � ! where each �" is a 

concept of the ontology. In the same way the generic Target Resource Description �can be 

defined as: � � ���, ��, ��, … , � !where each �" is a concept of the Ω ontology. In 

order to define the SemSimilarity() function it is necessary to identify a function whose role 
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is to measure the degree of match among two different concepts of the same ontology. This 

function will be applied in order to measure the relation between the concepts in the target 

resources and in the available ones. 

 

�#���$%&�	'(Ω��" � �,  �" � �� � � � �0,1� 
 

In particular, the DegreeOfMatch is given by the minimum distance between the concepts in 

the ontology view. It is possible to distinguish four different kinds of matches [28]: 

 

1. an exact match can occur in two cases: in the simplest situation when two concepts 

coincide, and also when the concept specified in the target resource description is a 

direct specialization (first level specialization) of the concept specified in the generic 

resource description and contained in the ontology; 

2. plugIn occurs when the concept specified in the generic resource description is a 

direct specialization of the concept specified in the target resource. This kind of relation 

is weaker than the previous; 

3. subsumes occurs when the concept specified in the target resource is a specialization 

of the concept specified in the generic resource description; 

4. fail occurs when no transitive relation exists between two specific concepts. 

 

The four degree states that the DegreeOfMatch can assume will be associatedto discrete 

values, considering that the preferable degree is the ”exact” and theless preferable is the 

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

 

DegreeOfMatch Value assigned 

exact 1 

lugIn 0.7 

subsumes 0.35 

fail 0 

 

In order to define SemSimilarity() it might be necessary to introduce somerules in order to be 

able to choose the best match and to reduce the computational complexity of the algorithm. If 

one of the additional attributes thatis contained in Target Resource Description matches with 



SCIRES-IT (2011), n. 2 M. De Tommasi, G. Lorenzo, G. Solazzo 

140 

more than one ofthe Resource Descriptions attributes, we must choose the best combination. 

Ingeneral, we can say that given a user profile with n attributes and a ResourceDescription 

with m attributes, there will be n × m pairings: we must choosethe n distinct pairings with the 

highest value. With this assumption, given� � ���, ��, ��, … , � !and � �
���, ��, ��, … , �)!: 
 

*�����������	
Ω��, �� �  Σ",� ���-.,�) ��#���$%&�	'(Ω��. , �.��� 
 

The value returned by the NSemSimilarity is normalized with the number ofpreferences 

contained in the user profile: 

 

�����������	
Ω��, �� �  *�����������	
Ω��, ��
/  

 

We can generalize this result to a complex condition. We could have to dealwith an 

information system which needs different reference ontologies in order tobe effective. In this 

specific condition it is quite reasonable that both the ResourceDescription and the Target 

Resource Description will contain a concept from thedifferent Ontologies. 

Let Ω be the set of Ontologies used in the system and Ω0 the generic ontologyof Ω such that 

Ω � �Ω�, … , Ω1!. A specific Resource Description is defined as: 

 

� � ���, ��, ��, … , �)! 
 

where each �" is a concept of a given ontology Ω2: 

 

� � 3��, … , �4 � Ω�, �45�, … , �6 � Ω�,, … … , �75�, … , �) � Ω89 
 

In the same way a specific Target Resource Description is defined as: 

 

� � ���, ��, ��, … , �:! 
 

where each �" is a concept of a given ontology Ω2: 
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� � 3��, … , �; � Ω�, �;5�, … , �< � Ω�,, … … , �=5�, … , �: � Ω89 
 

we can define: 

 

*�����������	
Ω>��, �� �  Σ",�
4 ���-.,�

; ��#���$%&�	'(Ω>��. , �"��� 
 

Taking in to account that, according to the definition of DegreeOfMatch, the DegreeOfMatch 

among concepts of different ontologies is always zero, wecan conclude that: 

 

*�����������	
Ω��, �� �  Σ?,�
@ *�����������	
ΩA��, �� 

� Σ",�
4 B��-.,�

; C�#���$%&�	'(ΩDE�. , �"FGH I J 

… I Σ",75�) B��-.,=5�: K�#���$%&�	'(ΩLE�. , �"FMH 
 

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

a specific weight N? to each ontology, according to its perceivedvalue for the customer. 

 

*�����������	
Ω��, �� �  Σ?,�
@ N?*�����������	
ΩA��, �� 

with Σ?,�
@ N? � 1 

 

Finally, the value returned by the NSemSimilarity is normalized with the number of 

preferences contained in the target resource. 

 

�����������	
Ω��, �� �  *�����������	
Ω��, ��
/  
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4. An accuracy metric for the semantic recommender system 

 

In order to evaluate the quality of our system we introduce an evaluation metricwith the aim 

of measuring the recommendation’s accuracy. An accuracy metricempirically measures how 

close a recommender system’s predicted ranking ofitems for a user differs from the user’s 

true preference ranking [15]. 

Basic assumption for our accuracy metrics measurements is that if the usercould examine all 

the items available, he or she would place them in an ordering ofpreference. Moreover, since 

our recommender system returns a ranked list wherehighest ranked items are predicted to be 

the most preferred, we assume thatthe user will generally view the recommended items 

starting at the top of thelist and descending the list with a gradually decreasing interest until 

the neededinformation is met or a certain number of results are examined (or a certain 

timelimit is reached). This premise has been already used by[6], who introduced a 

newevaluation metric for recommender systems designed for tasks where the user ispresented 

with a ranked result, and is unlikely to browse very deep into the list.Therefore, our focus is 

on the measurement of the ability of our recommendationalgorithm to produce a 

recommended ordering of items that matches how theuser would have ordered the same 

items. 

 

4.1 The Power Accuracy Measure (PAM) 

Several accuracy metrics exist for evaluating algorithms to present ranked recommendation 

lists to the user. Predictive accuracy metrics, which measure howclose the recommender’s 

predicted ratings are to the user’s ratings, (as for instance the Mean Absolute Error and 

related metrics) are less appropriate fortasks where a ranked result is returned to the user who 

only views the top of thelist and may care about errors in items that are ranked high. For 

these tasks,rank accuracy metrics are more appropriate. Among these metrics, the mostknown 

and applied are Pearson’ product-moment, Spearman’s O and Kendall’s Tau correlation 

measures. They are described in [15]. Nevertheless, such metricssuffer from the weakness 

that interchanges between two recommendations at thetop of the ranking have the same 

weight as interchanges at the bottom of theranking. In order to overcome this problem, 

Breese et al. [6] presented a new rankaccuracy metric, called “half-life utility metric”, which 

attempts to evaluate theutility of a ranked list to the user by describing the likelihood that a 

user will vieweach successive item with an exponential decay function. The strength of 
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thedecay is described by a parameter called “half-life” which is the rank of the itemon the list 

such that there is a 50-50 chance that the user will review that item.The utility metric applies 

most of the weight to early items, with every successive rank having exponentially less 

weight in the measure. Another descriptionof this metric can be found in [14]. Nevertheless, 

the half-life utility metric isused in collaborative recommender systems where it is possible to 

determine adefault rating for all items. 

Therefore, we propose a new ad hoc accuracy metric based on the distancebetween the user’s 

ranked list and the predicted recommendation list, whichtakes into account the item’s relative 

position in the list. In other terms, thedistances between the items that are top ranked have 

more substantial negativeimpact on the outcome of the metric. So that, we introduce a 

weighted distancefunction in which the weights are calculated trying to approximate as much 

aspossible the actual user’s behavior and degree of interest when browsing the results. In our 

accuracy metric we adopt the Stevens’ power law [32], which modelsthe relationship 

between the magnitude of a physical stimulus and its perceivedintensity. In our case, this law 

models the relationship between the degree ofimportance of items predicted with a 

recommendation for a particular user andhis or her perceived importance. In other terms, 

even if the user’s behavior when browsing the recommendation list is strongly influenced by 

the degree ofsatisfaction gained by the items reviewed, we can suppose that, when a user 

ispresented with a ranked list, he or she would have a predetermined attitude toreview items 

with a gradually decreasing interest. It is evident that the importance the user gives to the top 

item in the list is more than the importance givento the bottom item of the list. 

The general form of the Stevens’ power law is: 

 

� � PQR (1) 

 

where S is the intensity of sensation, k is a constant, I is the magnitude of the physical 

stimulus, and a is an exponent. The value of a is dependent on the type of stimulation. We 

use such law to determine the weights in our accuracy metric. 

Regarding the distance between the predicted ranked list and the user’sranked list, we use the 

deviation distance measure. The deviation of the item kbetween the recommendation list 

Pand the user’s list Tis the absolute difference between the position i of the item in the list P 

and its position j in T. Thedeviation distance is the sum of the deviations of all n items: 
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STUV�W, �� �  ∑ |� Z [| .,�  (2) 

 

where T(j) = P(i) and � � �1. . /! is the position of the item T(j) in the list P. 

Therefore, the normalized weighted accuracy metric that we propose, namedPower Accuracy 

Measure, is given by: 

 

W]& �  �
 ^� ∑ N.|� Z [| .,�  (3) 

 

where T(j) = P(i) and 
�

 ^� is the normalization factor. 

Weight N. is given by 

 

N. � P�/ I 1 Z [�R (4) 

 

where P � �
∑ _� 5�^.�`abcD

 is a constant that allows to have0 d N. d 1 and ∑ N. .,� � 1 

 

 
 

Fig. 1: Representation of N.�/ � 10 and � � 0.7� 
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Fig. 1 shows the decay of the weight function for a = 0, 7 when n = 10. The value of the 

exponent a has to be empirically determined, starting from different sets of weights collected 

directly from the users involved in the experiments. 

We calculate the PAM for each user involved in the experiments. Then, in order to study how 

the PAM varies, we calculate the mean �W]&iiiiiii� and the standard deviation �jklm�which 

show the recommender system’s average behavior and the range in which the PAM values 

lie. 

Moreover, in order to verify the behavior of our recommender system when the number of 

the items changes we calculate the mean and the standard deviation for different values of n. 

 

 

5. Applying the approach in the context of Cultural Heritage in Tourism 

 

In this section we present the Recommendation Engine we designed and developed for the 

Teschet platform.The Teschet platform is characterized by the Semantic Web paradigm 

implementation, and it creates a distributed thematic network to publish services, 

semantically described and accessible via web, through the aggregationof several actors 

(SMEs, government bodies, etc.). Thus, the Teschet technological platform is a tool for 

distributed services integration. 

 

 
 

Fig. 2: Teschet platform 
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Services in the Teschet platform represent just some of all the possible implementable 

services. They actually comprehend: 

 

– tourist-cultural heritage fruition and valorization services, such as: 

• Cultural Holiday Builder (CHB) 

• Travel Planner 

• Infoguide 

• Post-Trip diary 

• Virtual Community for tourists 

– tourist-territorial analysis and marketing services, such as: 

• Territorial analysis 

• Virtual Community for government bodies 

 

All these services are accessible via web, and they provide relevant informationfor a tourist 

when organizing, consuming and remembering the touristic-culturalexperience. Specifically, 

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

 

– choice of the travel destination with respect to the cultural thematic of specific 

interest; 

– choice and reservation/booking of the services related to the cultural offeringwithin 

the desired destination. 

 

With the CHB, the user can access a virtual space, such as virtual travellingbag, in which he 

can hold the information about sites and legs associated toeach tourist route created. The 

functionalities offered by the CHB allow to highlight the characteristics of a territory for a 

better holiday planning and abetter fruition of the heritage within the territory, increasing the 

tourist finalsatisfaction. 

 

 

5.1 Teschet Recommender Engine 

The Teschet Recommender Engine is a tool that supports the functionality offered by the 

Cultural Holiday Builder (CHB), by providing a user, who is planning to travel, with a wider 

set of touristic/cultural resources according to twodimensions: a ”typological affinity” and a 
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”geographic proximity”. Thus, theTeschet Recommender Engine recognizes and proposes, 

among all the touristic/cultural resources in a region, those that are the most similar to a 

specificselected resource (target resource). A recommendation is generated through: 

 

– a selection of the resources that are in the same region as the target resource; 

– a subsequent resource rank estimated with: 

• a semantic matching algorithm on the concepts that describe the target 

resource typology, by using an ontological representation of the Teschet 

domain; 

• the resource localization within a county or a city; 

 

The Teschet Recommender Engine utilizes a technique for the similarity evaluation between 

two different resources, based on the algorithm presented in Section 3.1. More specifically, 

when a user is browsing the available resources of aterritory within the CHB, as showed in 

the Fig. 3, and asks for similar resources,the Recommender Engine extracts typology and 

localization information fromthe target resource. Then it starts to filter the resources available 

in the TeschetPlatform according to the localization information previously obtained, and 

theresult set of the resource gets ranked according to the semantic matching onthe typology 

information. As previously said, resources belonging to the Teschetplatform are the tourist 

and cultural heritage sites from different part of Italy,whose characteristics are contained in a 

description file semantically enrichedand accessible by the recommender engine. The 

effectiveness of the semantic layer is granted by the Teschet domain ontology of the cultural 

heritage and tourist resources, made by about 100 concepts. 
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Fig. 3:The Cultural Holiday Builder front-end 
 
 

Each resource is classified as an instance of a concept belonging to this ontology and 

enriched by other descriptions related to the geographic position within a territory (county, 

region, nation). Here is an example of a semantic resource description file made with DAML4 

which is being designed as an XML-based semantic language 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://www.daml.org 
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Each sito_in_ attribute expresses the geographic localization of a resource. The 

sito_in_regione is processed to filter the set of the available resource. The semantic matching 

is computed by comparing the target resource typology with the available resource 

typologies. This matching produces a rank as described in section 3.1. The ranking is finally 

updated if the available resource belongs to the same city and/or county as the target resource 

as showed in 4. In this way it is possible to obtain a list of the most similar resources that will 

be displayed to the user. 

 

 
 

Fig. 4: The rank of the resources produced by the Recommender Engine 
 
 

5.2 Experimental results 

In order to evaluate the quality of our system, some offline experiments5 havebeen conducted 

within the Teschet projects with the purpose of measuring therecommendation’s accuracy. 

Therefore, the focus of our experiments is to measure the ability of how our recommendation 

algorithm will produce a recommended ordering of items that matches the order of the same 

items that theuser would have produced. The experiment took place over one month 

periodwhere 10 computer science researchers participated. The collected dataset consists of 

10 users who ranked a total of 30 items. Both the ontology and the servicedescriptions (of 

about 10 concepts each) were developed in the previous phaseof the project. User profiles 

have been generated with a semi-automatic processwhich integrated data about a 

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

                                                      
5 Evaluations can be completed using offline analysis, live user experiments, or a combination of the two. In offline experiments, the 
recommendation algorithm is used to predict certain values from a dataset, and then the results are analyzed using some metric. 
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the user profiles were built by mapping the resource types with the concepts in the given 

domain ontology andcompleting this info with the geographic position given by the Teschet 

platform.For our experiments, we used an exponent a = 0, 7.6 Fig. 1 shows the decayof the 

weight function for a = 0, 7 when n = 10. In this section we discuss theresults of the 

conducted experiments. 

 
Table 1:Comparing PAM with different number of items. 

 

 

 

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

n. It shows also the mean value W]&iiiiiiiand the standarddeviation jklm. 

 

 
 

Fig. 5: Values of W]&iiiiiiiand jklmfor various sizes of n. 
                                                      
6 The value of exponent a has been determined empirically, starting from different sets of weights collected directly from the users involved 
in the experiments. 
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A careful observation of Tab. 1 leads us to the conclusion that the recommendation system 

has a good level of accuracy, in fact the highest value of PAMobtained is about 0,249. 

Looking at the first column of Tab. 1 (i.e. when the valueof an item is equal to 10), we can 

see that the W]&iiiiiiiis about 0,181 which meansthat the number of the relevant items ranked 

erroneously is very low. Moreover,the jklm is about 0,073, which means that the 

recommender system’s accuracyvaries very slightly around the mean value. Looking at the 

other columns of Tab.1 we notice that the variations in the size of n don’t affect the quality of 

therecommendation. In fact, the PAM mean value does not change substantially whenn 

increases. This can be clearly seen in Fig. 5 which shows the W]&iiiiiiiand thejklm for various 

sizes of n:when n increases, after an initial transition, the recommendation’s behavior tends to 

be stable without losing accuracy, with the jklm that holds low values. 

Fig. 6 shows the Gaussian distribution of PAM values with n = 10, n = 20and n = 30. It 

provides an estimation of recommender engine’s precision aroundthe mean PAM. 

 

 

Fig. 6: Distribution of PAM values with n = 10, n = 20 and n = 30. 

 

 

Concluding, the experiments run reveal an interesting behavior of our system, presenting a 

good accuracy which also seems to be independent from the size of items available for the 

recommendation. 
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5.3 Semantic approach’s advantages and weakness 

Recommender Systems best practices presented in the literature states that statistical 

approach to the recommendation generation is the most used approachthrough several 

contexts and application domains. This is particularly true whenthe number of items or user 

affinities, that has to be considered, increases overtime. So it’s clear that, for applications 

with huge load of data available andfor which it’s crucial to provide a quick and precise (in 

terms of exactness)recommendation, the statistical approach to recommendation (hybrid 

techniques more than others) is the successful one. As a matter of facts, the semanticapproach 

to recommendation generation can be successful in more limited application contexts, 

providing advantages that can be split in two specific categories: 

 

1. technological advantages descending from the use of ontologies that avoidsspecific 

problems, including[29]: 

– to guarantee the inter-operability of system resources and the homogeneity of the 

representation of information 

– to allow the dynamic contextualization of user preferences in specificdomains. 

– to improve communication processes between agents and between agentsand 

users. 

– the ability to semantically extend descriptions of user contextual factors. 

– to improve the representation and description of different system elements. 

– to improve the description of system’s logic by admitting the inclusionof a set of 

rules. 

– to provide the necessary means to generate descriptions enriched by webservices 

and facilitate their discovery by software agents. 

2. Context application advantages descending from specific application domains. In the 

domain of Cultural Heritage and tourism services, the domain modeling is carried out 

in a great detail, as it is delegated to domain experts. It is worth to mention that there 

are many defined international standards which aim to describe Cultural Heritage 

domain such as the CIDOC7Conceptual Reference Model (CRM) that provides 

definitions and a formalstructure for describing the implicit and explicit concepts and 

the relationships used in the cultural heritage documentation. In Italy, the 

referencestandard for the Cultural Heritage cataloguing is given by ICCD 

                                                      
7http://cidoc.mediahost.org 
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(IstitutoCentrale per il Catalogo e la Documentazione)8 who is in charge for the 

definition of cataloguing standards for archaeological, architectural, environmental, 

historical and artistic heritage. Another interesting work is an Italian project called 

”Ontologie archivistiche”9, based on the Semantic Web technologies thatare creating, 

through a shared conceptual base, a collaborative system forthe analysis and the 

ontological description of the national archivist system.International and national 

standards are the real drivers for the domain modeling developing initiative which can 

affect the accuracy of the semantic recommender engine output that makes this 

approach preferable over thestatistical one, as it also results from the experimental data 

presented in thispaper. 

 

 

6.  Conclusions and the future research agenda 

 

In this paper, we tried to answer to the question of how it is possible to use the semantic web 

technologies to support an information system in order to enable personalization in the 

information delivery process. We presented our approach using semantic recommendation 

generation, based on the semantic annotation of resources and a semantic matching algorithm 

to evaluate similarity and generate recommendations. We also showed how this approach was 

applied to the Cultural Heritage domain. The ongoing test and the experimental results made 

on the Recommender Engine, demonstrated also that the system is quite good accurate, with a 

low number of relevant items ranked erroneously. These results were supported by a metric 

proposed within this work, the Power Accuracy Measure (PAM), that is based on the distance 

between the user’s ranked list and the predicted recommendation list, taking into account the 

item’s relative position. 

Following our research agenda we are ready to test the proposed approach in X-Net.Lab10 

project. X-Net.Lab will contribute to the modernization of thesouthern touristic system 

through the development of architectures, organizational and technological systems 

integrating cultural heritage and Agrifood assets in the dynamics of growth and development 

of the touristic sector. Theidea of the project borrows the biological metaphor of 

Ecosystem[26] to create environments, software architectures and tools enabling the 
                                                      
8http://www.iccd.beniculturali.it/index.php?it/115/standard-catalografici 
9http://www.archivi.beniculturali.it/servizioII/progetti/ontologie.html 
10The X-Net.Lab project was presented in response to the call for public-private laboratories published by MIUR - Ministry of Education, 
University and Research 
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transformation to the Digital Business Ecosystem. One of the technical characteristics of the 

platform designed for the X-Net.Lab project is to use a CBD[16] approach basedon richly 

described components named XBC (eXtended Business Component)which implement 

services provided by the SMEs (Small Medium Enterprise).The system should be able to 

suggest possible partnerships to the firms withother SMEs of the Digital Business Ecosystem, 

in order to increase the revenuefor all partners. The selection of these collaborations is a 

possible applicationof the recommendation algorithm appropriately tailored on the functional 

andbusiness description of the components as well as on the services offered. Inparticular the 

reference standards are: 

 

– ICCD for the cultural heritage resources classification; 

– GS111 for the classification of goods and services of the agrifood firms; 

– UNSPSC (United Standard Products and Services Code)12 for the classification of 

goods and services traded in the tourism sector. 

 

The use of standards adopted by the project with the components descriptiondeveloped and 

deployed on the X-Net.Lab platform provides the informationthat the recommender engine 

uses for the generation of the possible partnershiplist. The application of the approach in this 

context is extremely challenging, because it aims at generating recommendation even in the 

cases in whichthere is no formal ontology, but only different domain models as backbone for 

the engine. We are still evaluating the feasibility of our semantic approach insuch new 

context. Any success with good accuracy values measured with PAM,would prove that the 

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

modeling. 

  

                                                      
11GS1 is the main international classification system used to identify the goods or services provided by companies. The GS1 System of 
standards is the most widely-used supply-chain standards system in the world - www.gs1.org 
12UNSPSC is a taxonomy of products and services for use in eCommerce. UNPPSC ismanaged by GS1 
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