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Abstract. In a recommendation task it is crucial to have an accurate contentbased description of the users and the items consumed by them. Linked Open
Data (LOD) has been demonstrated as one of the best ways of obtaining this kind
of content, given its huge amount of structured information. The main question
is to know how useful the LOD information is in inferring user preferences and
how to obtain it. In this context, we propose a novel approach for Content
Modelling and Recommendation based on Formal Concept Analysis (FCA). The
approach is based in the modelling of the user and content related information,
enriched with Linked Open Data, and in a new algorithm, to analyze the models
and recommend new content. The framework provided by the ESWC 2014
Recommendation Challenge is used for the evaluation of the proposal. The
results are within the average range of other participants, so the suitability of FCA
for this scenario seems to be addressed. Nevertheless, further work has to be
carried out in order to propose a refined approach for the management of LOD
information.
Keywords: Linked Open Data, Recommender Systems, Content Modelling,
Formal Concept Analysis.
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Introduction

Broadly speaking, Recommender Systems (RS) pursue the discovery of new and
relevant content. RS has traditionally been addressed by means of two main
approaches: Collaborative Filtering (CF) and Content-Based (CB). CF approaches puts
users with similar previous behaviours in the same set together (neighbourhood). Then,
given a target user, the items consumed by other users in its neighbourhood are
considered as suitable recommendations. On the other hand, CB systems base their
operation on putting together items with similar content. The recommendation is made
by offering similar items to those already consumed by a target user.
A recommendation task has to cope with different problems [1, 2] and involves
several areas of knowledge, such as personalization [3], information retrieval [4, 5],
machine learning [6] or user modelling [7]. The main problems are related to the paucity

of information (e.g. cold start [8], lack of diversity [9], scarcity [10] or limited
recommendation coverage).
Linked Data is shown as a remarkable alternative to solving some of these main
problems. Linked Data refers to the set of good practices for publishing, connecting
and sharing structured data [11]. Several sources offer linked data through public
endpoints (i.e. the so-called Linked Open Data, LOD). One of the most well-known
LOD sources is DBPedia1, a database which offers Wikipedia data in a structured way.
LOD facilitates the acquisition of structured data, suitable to be used for reducing the
information scarcity problem in RS. In works [12, 13, 14], LOD has been consumed
mainly for data enrichment in order to improve the performance of the recommender
systems. However, given a recommendation scenario (user set, items set and the
interactions between them), the way in which this data can be linked with the items and
users has to be defined. In this sense, some interesting approaches had been looked into,
not only in the recommendation context [15, 16, 17]. Basically, these proposals follow
two methods: the use of the SPARQL language to search for specific information (i.e.
information about a given content or entity) or to take advantage of the LOD structure
to infer relationships and obtain related information.
As a result of works such as the aforementioned and other initiatives, several specific
datasets have been published. Some interesting include: The DBbook database2, The
DBPedia mappings to MovieLens1M dataset or DBPedia Mappings to Last.fm
dataset3.This dataset includes not only the recommendation-based data but also links
between the data and LOD sources (mainly DBPedia). Some other efforts stand out,
such as the organization of Workshops and Challenges focused on the LOD-based
recommendation. For instance, the ESWC-2014 Challenge: Linked Open Data-enabled
Recommender Systems, which proposes an evaluation framework for RS
experimentation because, as the organizers propose, the application of LOD in RS can
lead to the creation of a new breed of knowledge-enabled and content-based RS.
In order to achieve this goal, this paper proposes a novel approach based on Formal
Concept Analysis (FCA) [18, 19] for content and user profile modelling. LOD, and
more specifically DBPedia-extracted data, are used to create a semantic item
description to be taken into account in the modelling step. Based on this FCA
modelling, an algorithm is proposed to manage the models and recommend new
contents.
FCA has been demonstrated in the past as a powerful technique to organize content.
For this reason, previous works have tried to take advantage of this organization
performance in the recommendation scenario. FCA has been applied both for CF [20,
21, 22] and CB approaches [23, 24]. However, most of these works barely delve into
the possibilities of FCA for modelling. In this sense, this work, applies some of the
conclusions obtained from the aforementioned researches, and tries to go a step further
in the application of FCA in a recommendation scenario. More specifically, this work
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aims to answer the following question: Can the inferred semantic-based formal
concepts be useful in inferring user preferences?
To answer this question, this paper presents an experimental work based on the
ESWC 2014 Challenge, through the development of a framework to experiment and
evaluate recommendation approaches using LOD. The experimentation is conducted
by modelling the LOD information related to the items to be recommended through
FCA. The main goal is to prove whether this kind of information can be useful in
generating a conceptual based modelling which can link with the user preferences. Our
hypothesis is that, if the user preferences (and the subsequent user activity) are
somehow dependant on “a relationship” with the content of the items consumed, the
power of FCA to organize and model content should be useful in modelling this
relationship.
The proposal, the experiments conducted by applying this proposal and finally the
obtained results and their analysis is presented below.

2

Recommendation Approach Description

The recommendation approach runs on an FCA-based content modelling. By means of
FCA an offline model of the data is created. Then, the FCA-based recommendation
algorithm explores the offline model to extract suitable relationships containing
valuable recommendations. Finally, a pruning of the raw recommendations is
conducted to select only the most suitable ones.
2.1

FCA at a Glance

FCA is a mathematical theory of concept formation derived from lattice and ordered
set theories. FCA provides a theoretical model to organize information and discover
relationships [18, 19].
The main constructor of the theory is the formal concept that is derived from a formal
context. A formal context 𝕂 ∶= (𝐺, 𝑀, 𝐼), can be seen as an incidence matrix that
presents the set of has-a relationships (𝐼) between objects (𝐺, from the German word
Gegenstände) and attributes (𝑀, from the German Merkmale). An example of a formal
context is shown in Fig. 1(a).
Based on the information contained in the formal context, the set of formal concepts
can be generated. Strictly, a formal concept is a pair (𝐴, 𝐵), where 𝐴 ⊆ 𝐺 is a set of
objects (also known as the extent of the formal concept), and 𝐵 ⊆ 𝑀 is a set of
attributes (also known as the intent of the formal concept), such as:
 The extent A consists of all the objects that are related to all the attributes in the
intent B.
 The intent B consists of all the attributes shared by the objects in extent A.
Formal concepts can be ordered by their extents in a subconcept-superconcept
relationship according to their extents:
(𝐴, B) ≤ (𝐶, D): (A, B)  (C, D)  A  C

(1)

In this case, (𝐶, D) is called a super-concept of (𝐴, B) and, conversely, (𝐴, B) is a
sub-concept of (𝐶, D). This ordered relationship is a generalization-specialization, and
it can be proven to be a lattice (i.e., a concept lattice denoted as ℬ (𝐺, 𝑀, 𝐼),) based on
the basic FCA theorem [18, 19].

Fig. 1. (a) A sample formal context and (b) the concept lattice associated with the formal
context in (a)

In a concept lattice, two important types of formal concepts are the object concepts
and the attribute concepts:
 The object concept, denoted as 𝛾𝑔, associated with an object 𝑔 is the most specific
concept that includes 𝑔 in its extent. The intent of an object concept is defined by all
the attributes of 𝑔, whereas the extent contains not only object 𝑔 but also all those
objects related to all the attributes of 𝑔.
 The attribute concept, denoted as 𝛾𝑚, associated with attribute 𝑚 is the most generic
concept including 𝑚 in its intent. Its extent contains all the objects with attribute 𝑚,
and its intent is defined by all the attributes shared by the objects belonging to the
extent set.
Because concept lattices are ordered sets, they can be naturally displayed in terms of
Hasse diagrams. In a Hasse diagram: a) there is exactly one node for each formal
concept; b) if, for concepts C1 and C2, C1  C2 holds, then C2 is placed above C1;
and c) if C1  C2 but there is no other concept C3 so that C1  C3  C2, there is a line
joining C1 and C2. Fig. 1a shows an example of a formal context, and Fig. 1b shows
its associated concept lattice using a Hasse diagram.
2.2

FCA-based Content Modelling

In the previous section the basis of FCA has been outlined. To sum up, any data that
can be represented as a formal context is susceptible to being modelled by applying
FCA. In this sense, recommendation context can be interpreted as a bipartite graph

partitioned into users (𝑈) and items (𝐼). The edges in this graph, 𝜌 = 𝑟(𝑢, 𝑖), establish
the relationship of the user 𝑢 with an item 𝑖 weighted with a rating 𝑟.
Following the FCA theory, the triple (U, I, 𝜌) can be interpreted as a formal context
(or a recommendation context). From this recommendation context, a set of formal
concepts (𝐴, B) can be inferred, where A is the user set sharing the item set B (i.e. users
in A liked/consumed/positively rated items in B). By applying the subconceptsuperconcept relationship, the set of formal concepts can be ordered in a
recommendation lattice, which can be represented according to a Hasse Diagram.
There are going to be several formal concepts including users with the same previous
behaviour, from the more generic to the more specific. This user-item modelling is the
so-called UserItemLattice. The UserItemLattice reflects a CF recommendation
scenario: users are organized according to their shared items. Nevertheless, FCA can
be also applied to the CB scenario: organizing items according to their content. In this
case, the recommendation context includes the relationships between items and their
content that are the LOD-based features. Consequently, the set of inferred formal
concepts (𝐼, C) will include the items (C) sharing a set of content (𝐶). The
recommendation lattice that organizes these formal concepts will be referred to as the
ItemContentsLattice.
2.3

Recommendation Approach

The recommendation approach proposed is quite similar to that proposed in [25], to
take advantage of the structure of the concept lattice to find suitable recommendations.
Two recommendation approaches are proposed: A CF approach based on the
UserItemLattice and a CB approach based on the ItemContentsLattice. The CF
approach extracts the recommendations by applying the following algorithm to each
user u to be recommended:
Get object concept of u: (γu); target_concepts_list:= {γu}
for level = 0 to N
for each target_concept ∈ target_concepts_list
Get son concepts ([S1,…,Sn]) of target_concept
for each Si:= (U, I) ∈ [S1,…,Sn]
if u ∈ U == false then
Add Si to the Reco_Candidate_FC_List
Add Si to the new_target_concepts_list
end
end
target_concepts_list:=new_target_concepts_list
end
end
target_concepts_list:={γu}
for level = 0 to N
for each target_concept ∈ target_concept_list

Get brother_concepts ([B1,…,Bn]), where Bn= son_concept of the
parent_concept
for each Bi:=(U.I) ∈ [B1,…Bn]
if u ∈ U == false then
Add Bi to the Reco_Candidate_FC_List
Add Bi to the new_target_concepts_list
end
end
target_concepts_list:= new_target_concepts_list
end
end
for each Formal Concept FC:=(U,I)∈ Reco_Candidate_FC_List
for each item i ∈ I
Recommend item i
end
end
Fig. 2. Collaborative Filtering based Recommendation Algorithm. Being N the number of
levels (above and below the target concept level) to look for recommendations, a son concept
the concept linked in the level below of a given one and a parent concept the concept linked in
the level above of a given one.

The CB algorithm is also based on the lattice structure to conduct the
recommendations, although its functioning is slightly different. Given a user to be
recommended and its item set (i.e. the items consumed by them), the recommendations
are offered by apply the following algorithm:
for each item i ∈ UserItemSet
Get object concept of i (γi); target_concepts_list:= {γi}
for level = 0 to N
for each target_concept ∈ target_concept_list
Get son concepts ([S1,…,Sn]) of target_concept
for each Si:=(I,C) ∈ [S1,…,Sn]
if i ∈ Si == false then
Add Si to the Reco_Candidate_FC_List
Add Si to the new_target_concepts_list
end
end
target_concepts_list:= new_target_concepts_list
end
end
target_concepts_list:= {γi}
for level = 0 to N
for each target_concept ∈ target_concept_list
Get brother concepts ([B1,…,Bn]) of target_concept, where B1= son
concept of the parent concept

for each Bi:=(I,C) ∈ [B1,…,Bn]
if i ∈ Bi== false then
Add B1 to the Reco_Candidate_FC_List
Add B1 to the new_target_concepts_list
end
end
target_concepts_list:= new_target_concepts_list
end
end
end
for each Formal Concept FC:=(U,I)∈Reco_Candidate_FC_List
for each item i ∈ I
Recommend item i
end
end
Fig. 3. Content Based Recommendation Algorithm. Being N the number of levels (above and
below the target concept level) to look for recommendations, a son concept the concept linked
in the level below of a given one and a parent concept the concept linked in the level above of a
given one.

3

Performed Experiments

The test bed ESWC 2014 Recommendation Challenge4, and the experiment performed
as well as the results obtained and its comparison with the results of the rest of
participants is presented below.
3.1

The ESWC 2014 Recommendation Challenge

The ESWC 2014 Recommendation Challenge pursues the experimentation through the
application of LOD to the recommendation task. To facilitate the participation, the
organizers provided the participants with the DBbook dataset and with the definition of
three tasks:




Task 1: Predict Missing Ratings
Task 2: Order an item set according to a predicted recommendation score
Task 3: Generate a Top-20 Recommendation List

The DBbook dataset is made up of (a) more than 70,000 interactions between users,
(b) an item set made up of more than 8,000 books and (c) the DBPedia endpoint of each
item in the collection.
The DBbook dataset did not include any kind of content data of the items (i.e. it only
had the identifier of the books), but to enrich the annotation of the items, it was possible
to take advantage of the DBPedia endpoints and download the information related to
them. Nevertheless, the information in DBPedia as regards each item is extensive and
4
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related to different aspects. After reviewing all of this information, and taking into
consideration the type of item in the dataset (books), we selected only those data we
considered more related to the interest of a given user to a given item.
The data selected to enrich the DBbook dataset was: abstract, literaryGenre, country,
language, name and subject. Restricting the enrichment process to only DBPedia data
does not take advantage of the full power of the LOD Cloud. However, this issue is out
of the scope of the main aim of the proposed approach and experiments: to show the
advantages of a conceptual data modelling FCA-based applied to a semantic driven
representation, no matter what this representation could be. A more sophisticated LODbased enrichment could result in a better general performance (at least theoretically),
but it remains as a future work. An interesting reference on how to explore the LOD
Cloud and extract information, with many possible applications in recommendation, is
presented in [26].
The recommendation approach to perform a “Recommendation in the Wild” is
described below
3.2

Recommendation in the Wild

This recommendation task is based on predicting the ratings of a group of fixed items
so the CB approach appears to be more suitable than the CF. Thus, the CB approach
based on the ItemContentLattice modelling plus the CB-based algorithm was applied.
The main goal is to know how the semantic information used in a FCA-modelling can
be used in the recommendation problem. The results obtained by the participating
groups (our work is identified as UNED group) are shown in Fig. 4 (in the horizontal
axe), sorted by the F-Measure value (range from 0,005 to 0,050). The low results
obtained by the different groups’ shows the difficulty of the task.

Fig. 4. ESWC2014 Recommendation in the Wild Results

At this point, this low performance can be ascribed to three causes. The first one,
FCA is not suitable if not for recommendation in general, at least for this given task.
The second one, the LOD information, although provides an accurate representation of
the item content it is not useful in creating a representation that links with the user
preferences. Finally, these low results could be only attributed to the high complexity
of the task, so that, even though the results were low the proposal would still be valid,
The latter is hardly demonstrable; however, we can remove the dependence between
the low results and the FCA performance, by applying a “bare” FCA based approach
to a different recommendation task (the interest prediction) in order to test its
performance.
3.3

Interest Prediction

In this task, given an item set to be recommended, it has to be sorted according to a
predicted score, related to the degree of interest of a given item for a given user. In the
ESWC2104 Challenge, this scenario is handled by tasks 1 and 2, although we focused
our experimentation only on task 2 just in order to test how the FCA-based approach
performs. The use of the previous user behaviours is the best approach to address this
task; that is, the application of a CF system to recommend items consumed by the users
detected as similar to the target one. As was explained before, the grouping of users has
been made through an FCA-based modelling, in the UserItemLattice.
The official results released by the ESWC 2014 Challenge organizers are shown in the
Fig. 5 (ours identified by UNED). This figure shows the results obtained by all the
participant groups (in the horizontal axis) after the evaluation period had finished,
sorted by the F-Measure value (in the vertical axis).

Fig. 5. ESWC2014 Interest Prediction Results

As can be seen in the Fig. 5, our results are within the average range (note the bias
in the values of the vertical axis); even though no LOD-based expansion technique was
applied. Given these results, in the State-of-the-art of the task, it can be concluded that
the performance of FCA to organize content can be applied in a recommendation
scenario. And even more, the low performance obtained in the previous task does not
seem to be attributable to FCA.

4

Conclusions and Future work

In this paper, a novel proposal based on Formal Concept Analysis has been presented
to model user preferences by taking into account the LOD related to the items consumed
by the users. More specifically, two modeling approaches were proposed, one based on
a Collaborative-Filtering approach and one based on a Content-Based approach. A
recommendation algorithm that improves the structured model provided by FCA to
compute the recommendations was developed for each one.
To test the proposal the experimentation performed in the ESWC2014
Recommendation Challenge was presented. As a result of the analysis of the obtained
results, it can be concluded that the FCA is a suitable technique to be applied in this
kind of recommendation scenario.
The advantages of the inclusion of LOD in the proposed modelling it is still not clear.
It seems that an accurate conceptual modelling based on LOD information could lead
to better recommendations. However, the experimental results did not clearly confirm
that point. In spite of this, no final conclusions can be drawn because of the general low
performance.
At this point, two future lines of research appear. First, the LOD enrichment
presented here is not as sophisticated as the top ones in the state of the art. So it has to
be proved whether different management of the whole information in the LOD cloud
could lead on a better performance approach. On the other hand, it seems that the ESWC
2014 scenario is especially challenging. In this sense, it could be that the application of
the same approach in other recommendation scenarios may offer more representative
results and more precise information.
As regards the FCA-related research, some open questions remain. An important
FCA-related issue, barely coped on this paper, is how to take advantage of the “from
generic to specific” structure of the obtained FCA-based model to adapt the
recommendations. Another aspects not coped in this work for which FCA seems to be
interesting are: the possibility of offering novel and unexpected recommendations
based on the navigation through the lattice structure, or the trust-based implications
derived from the possibility of showing the users information on the steps taken during
the recommendations offered to them.
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