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Abstract. This paper proposes a generic information recommender system 

based on (i) OWL DL ontologies, (ii) the inference capabilities of generic 

classifiers and (iii) information provided from multiple sources. The system 

dynamically and automatically recommends facts from the user’s repository 

according to the user’s context, which is automatically inferred according to the 

information provided from multiple sensors (e.g. user’s agenda, GPS, social 

networks, etc.). The system operates iteratively, such its output re-feeds the 

information repositories, and thereafter constraining the next iteration. 
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1. Introduction 

Recommender systems support users by identifying interesting products and 

services in situations where the number and complexity of offers outstrips the user’s 

capability to survey them and reach a decision [1]. Useful information for use during 

the recommendation process is the user context [2]. Context is any information that 

can be used to characterize the situation (e.g. location, time/date, agenda, social 

relationships) of an entity. An entity is a person, place or object that is considered 

relevant to the interaction between a user and an application, including the user and 

applications themselves [3]. Usually, in many context-aware systems, context 

information is provided by sensors placed in the environment of the system, providing 

data that is interpreted/combined in order to identify the current context.  

Ontologies promise to play a pivotal role for different semantic-based and 

semantic-aware applications [4]. For instance, the ongoing research and 

standardization efforts in the area of the Semantic Web [5] are focusing on a machine 

readable, meaningful description of the elements in the World Wide Web. In this 

paper we demonstrate how the semantic web recommended language OWL DL and 

reasoning inference engines can be applied to create a generic information 

recommender system. 

Consider the following scenario: The end user knows many people and each one 

has many contact methods (e.g. work contact, friend contact, relative contact, mobile, 

fax, etc.). The main idea is to automatically recommend the most appropriate contact 

method to the end user according to contact's current context. To solve this problem, 

the generic process presented in Figure 1 can be applied. 
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Figure 1 – Generic process to context-aware recommendation systems 

 Sensor-based data - responsible for receiving the information from the sensors, 

and transforming it according to the system representation; 

 Context characterization -  responsible for characterizing the current context of 

the user according to the information provided by the previous process; 

 Recommendation process - responsible for recommending information according 

the current context of the user. 

Through a worked example we illustrate the logical foundations of OWL and show 

how basic reasoning support can be used to derive new knowledge and use it in a 

recommendation process. The worked example intends to recommend contact 

information from the user’s contact list according to its current context, but this 

generic process is not for solving this specific example only but can be applied to a 

wide range of context-aware recommendation scenarios. 

The rest of the paper is organized as follow: Section 2 discusses the background of 

the work, section 3 presents the proposed solution and the Section 4 presents 

conclusions and future work. 

2. Background 

2.1. Recommendation System 

There has been a growth in interest in Recommender Systems in the last two 

decades [6], since the appearance of the first papers on this subject in the mid-1990s 

[7]. The aim of such systems is to help users to find items that they might appreciate 

from huge catalogues. In this field, collaborative filtering approaches can be 

distinguished from content-based ones. The former is based on a set of user ratings on 

items, while the latter uses item content descriptions and user thematic profiles. In 

collaborative filtering, users can be compared based upon their shared appreciation of 

items, creating the notion of user neighborhoods. Similarly, items can be compared 

based upon the shared appreciation of users, rendering the notion of item 

neighborhoods. The item rating for a given user can then be predicted based on the 

ratings given in her user neighborhood and the item neighborhood. Content-based 

recommendation systems recommend an item to a user based upon a description of 

the item and a profile of the user’s interests. Content-based recommendation systems 

share in common a means for describing the items that may be recommended, a 

means for creating a profile of the user that describes the types of items the user likes, 

and a means of comparing items to the user profile to determine what to recommend. 

Item descriptors can be the genre of a film or the location of a restaurant, depending 

upon the type of item being recommended. Finally, items that have a high degree of 

proximity to a given user’s preferences would be recommended. While collaborative 

filtering systems often result in better predictive performance, content-based filtering 



offers solutions to the limitations of collaborative filtering, as well as a natural way to 

interact with users. These complementary approaches thus motivate the design of 

hybrid systems. 

2.2. OWL language and reasoning 

The OWL (Web Ontology Language) is a language for defining and instantiating 

Web ontologies. An OWL ontology may include descriptions of classes, properties 

and their instances. Given such an ontology, the OWL formal semantics specifies how 

to derive its logical consequences, i.e. facts not literally present in the ontology, but 

implied by the semantics [8]. OWL DL supports those users who want the maximum 

expressiveness without losing computational completeness (all deductions are 

guaranteed to be computed) and decidability (all computations will finish in finite 

time) of reasoning systems. OWL DL is so named due to its correspondence with 

description logics [DL], a field of research that has studied a particular decidable 

fragment of first order logic. OWL DL was designed to support the existing 

Description Logic technological infrastructure and has desirable computational 

properties for reasoning systems.  

Logically well-founded ontologies not only offer ways for describing a domain of 

interest, but also allow reasoning about the represented information. While in practice 

the term “ontology” is sometimes overused and often specified imprecisely, we feel 

that the classical definition of a DL knowledge base best reflects its intended meaning 

[9]: in DL terminology, a tuple consisting of a T-box and an A-box is referred to as a 

knowledge base (the actual ontology). The T-box contains the intentional knowledge 

in terms of a terminology (hence the term “T-box”) and is build through declarations 

that describe general properties of concepts. On the other hand the A-box contains 

extensional knowledge – also called assertional knowledge (hence the term “A-box”) 

– that is specific to the individuals of the domain of discourse. 

2.3. Reference architecture 

In [10], the authors suggest generic system architecture for recommendation 

systems based on contextual information. This architecture includes the following 

process components (Figure 2): 



 

Figure 2 - Reference architecture for context-aware recommendation system [10]  

 Context provider – is a module that tracks changes of contextual variables. It 

contacts appropriate context services and stores all context states in a local 

database; 

 Context manager – performs all the reasoning related to the context. It determines 

if a contextual variable is important for a prediction, removes noisy context data 

and makes predictions for missing contextual variables; 

 Recommender – takes all the produced recommendation lists and combines them 

into a final recommendation list. It can use information obtained from the 

contextual manager to filter out, or change the ratings for the final list;   

 Explanation engine – takes the final list of recommendations and provides the 

explanations for each of them. It closely collaborates with the recommendation 

engine to identify the best recommendations. In fact, a recommendation may be 

suggested just because it could be easy to explain and not only because it has a 

high predicted rating. The explanation engine could also use the contextual 

reasoner to find out the necessary information to motivate a recommendation 

because of the particular contextual conditions. 

Furthermore, the reference architecture includes the following data components: 

 The User and Item – represent user and item information in the system. The user 

is modeled with his preferences and in Collaborative Filtering this is a vector of 

item ratings. The item model captures relevant knowledge in the application 

domain; 

 Prediction list – list of predictions generated by the prediction engine; 

 Explanations – list of explanations generated by the explanation engine;  

 Recommendation – list of recommendations produced by the recommender with 

possible explanations; 

 



While this is an all-encompassing description, it is also generic and abstract, as no 

processes or technology is suggested for any of the components, but instead, only 

their goals are described. 

3. Proposed Solution 

This section describes the proposed solution, based on the reference architecture 

presented in Section 2. Unlike the reference architecture, the proposal introduces 

several components with specific processes (i.e. how does the component 

operationalies its process) and technology (i.e. what technology is used in the 

process).  

The three processes (Figure 1) can easily be mapped to the reference architecture 

for a context-aware recommender system presented in Figure 2: the sensor based 

information integration into context provider, the context characterization into the 

context manager, the recommendation into the context. In the following sections we 

will explain each of these steps. 

3.1. Sensor-based data 

By definition, a sensor is a device that measures a physical quantity and converts it 

into a signal which can be read by an observer or by an instrument [11]. In our 

approach a sensor is an abstract entity that captures relevant information from other 

systems or devices to the system. The goal of this component is to transform data 

provided by multiple sources into the system representation. For that, usually 3 steps 

are followed [12]: 

 

SourceSensorData->RDF

SourceSensorOntology<=>SensorOntology

Data transformation

 
Figure 3 – Sensor data transformation steps 

 SourceSensorData->RDF – In this step the data from a sensor (e.g. GPS) 

is converted to RDF format according to a SourceSensorOntology (e.g. 

GPS ontology) 

 SourceSensorOntology<=>SensorOntology – In this step a map between 

the SourceSensorOntology and SensorOntology (Ontology used in the 

system) is created resulting in a mapping document. 



 DataTransformation – In this step the sensorData based on the 

SourceSensorOntology is transformed into data based on the 

SensorOntology through the mapping document. 

According to our running example, the following sensors may be useful to provide 

information to the system: 

 GPS – can provide information about the current user location; 

 Social Network – can provide information about people that the user interacts 

with. There are many kind of social network (family, professional, friendship) 

that help identify what kind of relation exists between the participants; 

 Agenda – Can provide information about what the user is doing. 

All this information provided by these sensors can be helpful to the 

recommendation. However there are many aspects that should be considered as 

constraints: 

 Data heterogeneity, with respect to syntax, structure and semantics, leading to 

different granularity, periodicity, relevance, inconsistency, etc. 

 Similar data for different sources – different sensors may provide the same data, 

leading to redundancy, contradiction and ambiguity. 

Because of these aspects, the data provided by the sensors should be pre-processed 

in order to reduce the data to common semantics and representation. In order to lift, 

normalize and integrate data from multiple sources, we apply the MAFRA Toolkit 

[13] alignment and integration features. Further details are out of the scope of this 

paper. 

Further, our proposal is to use semantic web technologies such as ontologies 

expressed in OWL DL and generic reasoning engines, to help solve such problems. 

The sensory data is modeled through an ontology that defines the classes of data. 

Ontology starts defining the foundational classes of data in the form of primitive 

classes (i.e. those constrained by necessary conditions only). Location, DateAndTime 

and Appointment are examples of such classes. Yet, based on their properties, the 

ontology further specializes these classes into definable classes (i.e. those constrained 

by necessary and sufficient conditions), such as WorkMeeting (i.e. an Appointment 

whose subject is “Work”) or DinnerTime (i.e. occurring between “19h00” and 

“21h00”). 

3.2. Context categorization 

User context categorization is based on the information provided by the sensors 

and a process for matching the observed context with the set of identified contexts. 

For that, an ontology of context categories is necessary. The context ontology 

includes a set of classes representing the identified contexts. Different classes and 

sub-classes of contexts are categorized and distinguished through the detailed 

descriptions of their particular properties restrictions, whose values will be provided 

by the sensors. 

User’s contexts are identified and specified in ontologies expressed in OWL DL, 

exploiting the necessary and sufficient conditions modeling feature. The necessary 

and sufficient conditions are defined according to relations to sensor-acquired 

integrated data, such as Location (arriving from GPS) and AppointmentType (arriving 



from the user’s agenda). This ontology modeling approach provides a way of 

specifying the context classes based on the sensory data and the automatic inference-

based classification of context. Figure 4 illustrates a simple example of a defined 

context class. 

 

Figure 4 - Context ontology example 

In this example, the user context would be classified as a FamilyContext if the 

sensory data confirms that (i) the user’s current Location is “Home”, (ii) the user’s 

current AppointmentType is “Free” and (iii) Time is “DinnerTime”. These are 

necessary and sufficient conditions as suggested by the icon before FamilyContext 

(). 

The inference process is then able to categorize the single instance of context to the 

most specific sub-class of context, depending on the sensory data stored in properties’ 

values. Yet, because contexts are not necessarily disjoint, sensory data might lead to 

different acceptable categorizations of the context. Also, sometimes the sensory data 

does not allow inferring of a more specific type, in which case the context is not 

further categorized. Otherwise, the context classifications will constrain the 

recommendation process. 

3.3. Recommendation 

Traditionally, recommender systems deal with applications that have two types of 

entities: users and items. The same consumer may use different decision-making 

strategies and prefer different products or brands, under different contexts [14]. 

According to [2], “consumers vary in their decision-making rules because of the 

usage situation, the use of the good or service (for family, for gift, for self) and 

purchase situation (catalog sale, in-store shelf selection, sales person aided 

purchase).” Therefore accurate prediction of consumer preference undoubtedly 
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depend on the degree to which we have incorporated the relevant contextual 

information in a recommender system. 

Furthermore, this paper claims that the user’s context drastically influences the 

information he/she prefers, thus playing a major role in the recommendation process 

and in the outcome. Again, the proposed approach includes an ontology that classifies 

the information to recommend and the application of generic inference mechanism to 

categorize it. 

The domain ontology defines the domain concepts according to other domain 

concepts and property restrictions (e.g. Person has Contact). In fact, considering that a 

specific class of domain information is the main focus of the recommendation, many 

other complementary domain concepts might exist in order to characterize it. In the 

running example, while the main recommendation concept is the Person, the 

examples of complementary information would be Contact class and Appointment 

class. The complementary domain concepts are instantiated from different data 

sources, such as agenda, social networks and (free-text) documents repositories. 

Nevertheless, the domain concepts are always classified according to the context type, 

i.e. one of the constraints of the domain concept is the type of Context. 

Accordingly, the worked example is further developed by defining an ontology for 

categorization of Person. Figure 5 presents the Worker concept. The conceptual 

interpretation of this definition states that a Worker is a Person who “has” a 

ContactWork “in” a WorkContext (i.e. the context is classified as WorkContext). For 

example, a Person is classified as a worker not only because he/she has a work 

contact but also because the context is about work (i.e. WorkContext). 

  

Figure 5 – Domain ontology, context ontology and sensor data ontology combination 

3.4. Two-step generic recommendation 

A significant problem of recommender systems is that they are domain dependent 

(e.g. movies [15], books [16]). In dynamic environments, the domain of 

recommendation is always changing (e.g. I want movie recommendations on Friday 



night, book recommendations on Monday morning). As we explain in previous 

sections, the system is generic enough to be applied to any ontology or domain that 

satisfies the imposed development conditions (e.g. three distinct hierarchies, 

necessary and sufficient conditions). However, to be applied to any domain, the 

system needs firstly to decide which domain it will recommend information for. Thus, 

we propose a system with two steps of recommendation as illustrated in Figure 6. 
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Figure 6 - The two step recommendation 

In Step 1 the system decides which domains are relevant in current contexts. The 

Recommendation 1 process will recommend the domain ontology(ies). Therefore, this 

recommendation is similar to the one explained in section 3.3, but because the system 

is intended to recommend domain ontologies, instead of using any ontology, only the 

ontology of ontologies will be used. For that, the following data and ontologies are 

employed: 

 Context ontology used to describe contexts; 

 Inferred contexts according to the context ontology and sensorData ontology 

(see section 3.2); 



 Ontology of ontologies used to describe domain ontologies, i.e., describes 

witch ontologies can be recommended to be the domain ontologies. Figure 7 

presents an example of the ontology of ontologies where there are types of 

domain ontology like contacts (our running example) or movie that can be 

used in the recommendation process (recommendation 2); 

 

Figure 7 – Ontology of ontologies example 

 Domain Ontologies is a set of domain ontologies described according to the 

ontologies of ontologies. 

The result of the recommendation made in step 1 (domain ontology) is used in step 

2 where the recommendation of domain information is recommended. The following 

components are employed: 

 Domain ontology is the ontology recommended by the first step describing 

the domain of recommendation (e.g. contact ontology); 

 Domain items is the set of items described according to the domain ontology 

to be recommend to the user; 

 Recommended items are the result of the recommendation process. 

As perceived by the description and figure, the first step actuates at the meta-level, 

i.e. it recommends the ontologies (data in first step) that will act as ontologies of the 

domain data (data in the second step). However, the proposed process is generic 

enough to be applied with minimal changes, i.e. the recommendation ontology is 

constrained in the first step to the ontology of ontologies, while in the second step, the 

ontologies are those recommended from the first step. 

4. Conclusions & future work 

In this paper we presented a recommendation system based on OWL DL-expressive 

ontologies and generic inference engines. As such, the system is generic enough to be 

applied to any ontology or domain that respects the imposed development conditions 

(i.e. three distinct hierarchies, necessary and sufficient conditions) and its 

development requires minimal implementation effort. Instead, the ontology 

development and combination as well as the lift, normalization and integration tasks 

are where the effort takes place. In fact, development of the ontologies and their 

combination are at the core of the proposed system. These are very time-consuming, 

human-centric and error-prone tasks, leading to substantial difficulties in setting up 

and maintaining the system. Moreover, in order to carry out these tasks two 

competencies are required but seldom observed in a single person: ontology 

engineering and domain expertise. This issue has been observed in the application of 



the proposed approach to a new domain. In this experience, two librarians were asked 

to categorize documents in a hierarchy, defining the necessary and sufficient 

conditions for each category. The results were disappointing as they were unable to 

systematize the concepts with respect to their properties in order to represent them in 

an OWL DL ontology. Conversely, we asked two proficient ontology engineers to 

model the same domain, but while they were able to represent their conceptualization, 

the result did not match the librarians’ conceptualization. 

In order to minimize these consequences, the research efforts are now directed to 

the automatic generation and combination of the ontologies based on the definition of 

simple primitive classes (e.g. Person, Contact) and factorization points. Based on the 

envisaged ontology factorization process, the definable classes are automatically 

generated according to the combination dimensions defined by the user, i.e. two 

primitive hierarchies and a combination vector. For example, if the Worker class has 

to be factorized with the WorkContext, it would give rise to a hierarchy in which 

Worker is specialized in WorkerInAdminContext, WorkerInRnDContext and 

WorkerInTeachingContext, such necessary and sufficient conditions are automatically 

established (Figure 8). 

 

Figure 8 – Ontology factorization example 

The usefulness and applicability of this process is an open issue and needs to be 

further investigated. It is likely that the process will generate huge unmanageable 

ontologies. 
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