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Préparée au sein de l’école doctorale I2S∗
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ce travail, notamment mes collègues du LIRMM et tous ceux que j’ai pu rencontrer
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Abstract

With the emergence of the Web of Data, most notably Linked Open Data (LOD),
an abundance of data has become available on the web. However, LOD datasets
and their inherent subgraphs vary heavily with respect to their size, topic and do-
main coverage, the schemas and their data dynamicity (respectively schemas and
metadata) over the time. To this extent, identifying suitable datasets, which meet
specific criteria, has become an increasingly important, yet challenging task to sup-
port issues such as entity retrieval or semantic search and data linking. Particularly
with respect to the interlinking issue, the current topology of the LOD cloud un-
derlines the need for practical and efficient means to recommend suitable datasets:
currently, only well-known reference graphs such as DBpedia (the most obvious tar-
get), YAGO or Freebase show a high amount of in-links, while there exists a long
tail of potentially suitable yet under-recognized datasets. This problem is due to
the semantic web tradition in dealing with “finding candidate datasets to link to”,
where data publishers are used to identify target datasets for interlinking.

While an understanding of the nature of the content of specific datasets is a crucial
prerequisite for the mentioned issues, we adopt in this dissertation the notion of
“dataset profile” — a set of features that describe a dataset and allow the com-
parison of different datasets with regard to their represented characteristics. Our
first research direction was to implement a collaborative filtering-like dataset rec-
ommendation approach, which exploits both existing dataset topic profiles, as well
as traditional dataset connectivity measures, in order to link LOD datasets into
a global dataset-topic-graph. This approach relies on the LOD graph in order to
learn the connectivity behaviour between LOD datasets. However, experiments have
shown that the current topology of the LOD cloud group is far from being complete
to be considered as a ground truth and consequently as learning data.

Facing the limits the current topology of LOD (as learning data), our research
has led to break away from the topic profiles representation of “learn to rank”
approach and to adopt a new approach for candidate datasets identification where
the recommendation is based on the intensional profiles overlap between different
datasets. By intensional profile, we understand the formal representation of a set of
schema concept labels that best describe a dataset and can be potentially enriched
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by retrieving the corresponding textual descriptions. This representation provides
richer contextual and semantic information and allows to compute efficiently and
inexpensively similarities between profiles. We identify schema overlap by the help
of a semantico-frequential concept similarity measure and a ranking criterion based
on the tf*idf cosine similarity. The experiments, conducted over all available linked
datasets on the LOD cloud, show that our method achieves an average precision
of up to 53% for a recall of 100%. Furthermore, our method returns the mappings
between the schema concepts across datasets, a particularly useful input for the data
linking step.

In order to ensure a high quality representative datasets schema profiles, we intro-
duce Datavore— a tool oriented towards metadata designers that provides ranked
lists of vocabulary terms to reuse in data modeling process, together with additional
metadata and cross-terms relations. The tool relies on the Linked Open Vocabulary
(LOV) ecosystem for acquiring vocabularies and metadata and is made available for
the community.



Titre en Français: La Recommandation des Jeux de Données -basée sur le Profilage-
pour le Liage des Données RDF.

Résumé

Avec l’émergence du Web de données, notamment les données ouvertes liées (Linked
Open Data - LOD), une abondance de données est devenue disponible sur le web.
Cependant, les ensembles de données LOD et leurs sous-graphes inhérents varient
fortement par rapport à leur taille, le thème et le domaine, les schémas et leur dy-
namicité dans le temps au niveau des données (respectivement les schémas et les
métadonnées). Dans ce contexte, l’identification des jeux de données appropriés,
qui répondent à des critères spécifiques, est devenue une tâche majeure, mais diffi-
cile à soutenir, surtout pour répondre à des besoins spécifiques tels que la recherche
d’entités centriques et la recherche des liens sémantique des données liées. Notam-
ment, en ce qui concerne le problème de liage des données, le besoin d’une méthode
efficace pour la recommandation des jeux de données est devenu un défi majeur,
surtout avec l’état actuel de la topologie du LOD, dont la concentration des liens
est très forte au niveau des graphes populaires multi-domaines tels que DBpedia (le
plus fortement ciblé au niveau des liens) et YAGO, alors qu’une grande liste d’autre
jeux de données considérés comme candidats potentiels pour le liage est encore ig-
norée. Ce problème est dû à la tradition du web sémantique dans le traitement du
problème de “l’identification des jeux de données candidats pour le liage”, où les
éditeurs de données sont tenus à identifier les jeux de données appropriés à être avec
un jeu de données source.

Bien que la compréhension de la nature du contenu d’un jeu de données spécifique
est une condition cruciale pour les cas d’usage mentionnés, nous adoptons dans
cette thèse la notion de “profil de jeu de données” - un ensemble de caractéristiques
représentatives pour un jeu de données spécifique, notamment dans le cadre de la
comparaison avec d’autres jeux de données. Notre première direction de recherche
était de mettre en oeuvre une approche de recommandation basée sur le filtrage
collaboratif, qui exploite à la fois les profils thématiques des jeux de données, ainsi
que les mesures de connectivité traditionnelles, afin d’obtenir un graphe englobant
les jeux de données du LOD et leurs thèmes. Cette approche a besoin d’apprendre le
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comportement de la connéctivité des jeux de données dans le LOD graphe. Cepen-
dant, les expérimentations ont montré que la topologie actuelle de ce nuage LOD
est loin d’être complète pour être considéré comme des données d’apprentissage.

Face aux limites de la topologie actuelle du graphe LOD (en tant que données
d’apprentissage), notre recherche a conduit à rompre avec cette représentation de
profil thématique et notamment du concept “apprendre pour classer” pour adopter
une nouvelle approche pour l’identification des jeux de données candidats basée
sur le chevauchement des profils intensionnels entre les différents jeux de données.
Par profil intensionnel, nous entendons la représentation formelle d’un ensemble
d’étiquettes extraites du schéma du jeu de données, et qui peut être potentiellement
enrichi par les descriptions textuelles correspondantes. Cette représentation fournit
l’information contextuelle qui permet de calculer la similarité entre les différents
profils d’une manière efficace. Nous identifions le chevauchement de différentes de-
scriptions textuelles à l’aide d’une mesure de similarité sémantico-fréquentielle qui
se base sur un classement calculé par le tf*idf et la mesure cosinus. Les expériences,
menées sur tous les jeux de données liés disponibles sur le LOD, montrent que notre
méthode permet d’obtenir une précision moyenne de 53% pour un rappel de 100%.
Par ailleurs, notre méthode peut retourner également des correspondances entre les
concepts sématiques des différents jeux de données, ce qui est particulièrement utile
dans l’étape de liage.

Afin d’assurer des profils intensionnels de haute qualité, nous introduisons Datavore
- un outil orienté vers les concepteurs de métadonnées qui recommande des termes
de vocabulaire à réutiliser dans le processus de modélisation des données. Datavore
fournit également les métadonnées correspondant aux termes recommandés ainsi
que des propositions des triplés utilisant ces termes. L’outil repose sur l’écosystème
des Vocabulaires Ouverts Liés (Linked Open Vocabulary- LOV) pour l’acquisition
des vocabulaires existants et leurs métadonnées.
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2 CHAPTER 1.

1.1 The Semantic Web Vision

With the advent of the World Wide Web (WWW), accessing information has become
quicker and simpler via Web documents which are part of a “global search space”.
Knowledge in this version of Web is accessible by traversing hypertext links using
Web browsers. On the other hand, search engines index documents on the Web
and return potential results based on the introduced user query, i.e., the returned
results are ordered by a ranking function based on the structure of links between
the documents on the Web [2].

In recent years, this global information space of connected documents is currently
evolving to one global Web of data—the Semantic Web—where both data and docu-
ments are linked. Tim Berners-Lee, the WWW inventor, defined the Semantic Web
as “not a separate Web but an extension of the current one, in which information
is given well-defined meaning, better enabling computers and people to work in co-
operation” [3]. In other words, instead of supporting a distributed Web at the data
level, this information space will be modeled in form of linked graph and represented
using Semantic Web standards, i.e., Resource Description Framework standard1 (as
detailed in Section 1.1.1). By this way, the Semantic Web will allow the machines
not only to represent data but also to process it as one global knowledge graph,
which is as envisioned by the WWW inventor - “with linked data, when you have
some of it, you can find other, related, data.”

Moreover, during the past few years, dedicated team of people at the World Wide
Web consortium (W3C)2 worked towards improving, extending and standardizing
the Semantic Web, which they define as “the idea of having data on the Web defined
and linked in a way that it can be used by machines not just for display purposes, but
for automation, integration, and reuse of data across various applications” [4]. Dif-
ferent definitions of the Semantic Web reach agreement on the fact that it is THE
machine-readable Web and can be thought of as an efficient way of representing
knowledge on the WWW or as globally linked data. Semantic technologies (i.e.,
natural language processing (NLP) and semantic search) make use of this machine-
readable Web in order to bring meaning to all the disparate and raw data that
surround us. Perhaps we can sum up in a summarized Sir Berners-Lee observation:
“The Semantic Technology isn’t inherently complex. The Semantic Technology lan-
guage, at its heart, is very, very simple. It’s just about the relationships between
things.”.

In the following we will describe the core Semantic Web format, the Resource De-
scription Framework (RDF), and two basic Semantic Web languages - Resource
Description Framework Schema (RDFS) and Web Ontology Language (OWL).

1https://www.w3.org/RDF/
2https://www.w3.org/Consortium/



1.1. THE SEMANTIC WEB VISION 3

1.1.1 RDF Data Model

RDF is the basic building block for supporting the Semantic Web, almost like the
significance of HTML for the conventional Web. It is an XML-based language for
describing information contained in a Web resource (i.e., a Web page, a person,
a city, ...). RDF relies heavily on the infrastructure of the Web, using many of
its familiar and proven features, while extending them to provide a foundation for
a distributed network of data. In the following we summarize briefly the main
properties of RDF:

• RDF (/triples) is a language recommended by W3C [5], which is the format
the Semantic Technology uses to store data in graph databases.

• RDF is structured i.e. it is machine-readable allowing interoperability among
applications on the Web.

• RDF provides a basis for coding, exchanging, and reusing (meta)data.

• RDF has several basic elements, namely Resource, Property and Statement,
which are discussed in the following subsections.

An RDF resource can be anything that can refer to, a Web page, a location, a person,
a concept, etc. A resource is described by a set of triples in the form < s, p, o >

where the subject s denotes a given resource that has a value o for the property p.
For example, the triple < s1, : firstName, ”Mohamed” > states that the resource s1
has as first name ”Mohamed”. These triples can also be called—RDF statements—
and can be expressed logically as binary predicates p(s, o), which is called RDF fact
in this case.

An RDF resource is uniquely identified by a Uniform Resource Identifier (URI). For
example, the Uniform Resource Locator (URL) http://www.lirmm.fr/cMohamedBenEllefi
is a URI representing an unique resource “MohamedBenEllefi” under the domain
http://www.lirmm.fr/. In fact, all URLs, which are commonly used for accessing
Web sites, are URIs but not vice versa, example: “tel:+33638641164” is a URI but
not a URL. Furthermore, URIs are extended to an Internationalized Resource Iden-
tifiers (IRIs) as globally unique identification mechanism [6]. It should be noted that
URIs are not just a name but also a means of accessing information of the identified
entity.

In an RDF triple, while the subject and the property are URIs, the object can
be either a URI or a literal value. For instance, as depicted in Figure 1.1, while
http://www.lirmm.fr is an object URI, “Mohamed Ben Ellefi” is a literal value.

In this dissertation, we are mainly dealing with RDF datasets, which are represented
as a set of RDF triples. This collection of RDF triples can be represented as a
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Figure 1.1: RDF triple represented as a directed graph.

labeled, directed multi-graph3, where a node represents the subject or the object,
while an edge represents a property. It should be noted here that a node can be
an anonymous resource - known as “blank node”. Blank nodes are used basically
when the key purpose of a specific resource is to provide a context for some other
properties to appear. This graph structure can be easily extended by new knowledge
about an identified resource.

Publishing RDF data on the Web requires selecting a serialization format such as
N-Triples4, RDF/XML5, N36 and Turtle7. In Figure 1.2, we give an example of RDF
data in the N-Triples format.

1.1.2 Ontology Languages

In philosophy the term “ontology” refers to the “whatness” question, or in other
words “what kinds of things are there?”8.

In Semantic Web field, the term ontology can be defined as “the terms used to
describe and represent an area of knowledge.”, according to the W3C vision9. In
other words, ontologies define the concepts and relationships in order to describe
and represent a topic of concern. Moreover, the real added-value of ontologies, with
respect to RDF, can be characterized by the introduction of inference techniques
on the Semantic Web, i.e., the automatic generation of new (named) relationships
based on the data itself and some ontology information.

It should be noted that certain ontologies can referred to as “vocabularies”. Basca et
al. [7] defined vocabularies as simple, lightweight ontologies, that usually comprise

3In graph theory, a labeled directed graph is a graph (that is a set of vertices connected by
edges), where the edges are labelled and have a direction associated with them. A multi-graph is
a graph where two vertices may be connected by more than one edge.

4https://www.w3.org/2011/rdf-wg/wiki/N-Triples-Format
5https://www.w3.org/TR/REC-rdf-syntax/
6https://www.w3.org/TeamSubmission/n3/
7https://www.w3.org/TR/turtle/
8https://en.wikipedia.org/wiki/Ontology
9https://www.w3.org/TR/Webont-req/
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1 <ht tp : // lirmm . f r / b e n e l l e f i /MohamedBenEllefi> <ht tp : //www.w3 . org
/1999/02/22− rdf−syntax−ns#type> <ht tp : //xmlns . com/ f o a f /0 .1/
Person> .

2 <ht tp : // lirmm . f r / b e n e l l e f i /MohamedBenEllefi> <ht tp : //xmlns . com/ f o a f
/0 .1/ age> ”29”<ht tp : //www.w3 . org /2001/XMLSchema#in t> .

3 <ht tp : // lirmm . f r / b e n e l l e f i /MohamedBenEllefi> <ht tp : //xmlns . com/ f o a f
/0 .1/ skypeID> ” b e n e l l e f i ” .

4 <ht tp : // lirmm . f r / b e n e l l e f i /MohamedBenEllefi> <ht tp : //xmlns . com/ f o a f
/0 .1/ birthday> ”01−03−1987”<ht tp : //www.w3 . org /2001/XMLSchema#
date> .

5 <ht tp : // lirmm . f r / b e n e l l e f i /MohamedBenEllefi> <ht tp : //xmlns . com/ f o a f
/0 .1/ workplaceHome> <ht tp : //www. lirmm . f r /> .

6 <ht tp : // lirmm . f r / b e n e l l e f i /MohamedBenEllefi> <ht tp : //xmlns . com/ f o a f
/0 .1/ cu r r en tPro j e c t> <ht tp : //www. da ta ly s e . f r /> .

7 <ht tp : // lirmm . f r / b e n e l l e f i /MohamedBenEllefi> <ht tp : //xmlns . com/ f o a f
/0 .1/name> ”Mohamed Ben E l l e f i ”@en .

8 <ht tp : //www. da ta ly s e . f r /> <ht tp : //xmlns . com/ f o a f /0 .1/name> ”
Datalyse Pro j e c t ”@en .

Figure 1.2: An example of RDF data in N-Triples format.

less than 50 terms. In the following, we will present the two main languages for
encoding ontologies, RDFS and OWL.

RDFS, which is basically an extension of RDF, is used to create a vocabulary for
describing classes, subclasses and properties of RDF resources, i.e., rdfs:subClassOf,
rdfs:range or rdfs:domain. Furthermore, based on these relations, a semantic rea-
soner10 can understand the RDFS semantics by expanding the number of triples.
For instance Mohamed Ben Ellefi rdf:type :Person and :Person rdfs:subClassOf :Hu-
man than a triple Mohamed Ben Ellefi a :Human is generated. RDFS is a W3C
recommendation11

OWL is an ontology language with highest level of expressivity than RDFS, and
is also a W3C recommendation12. The advantage of OWL over RDFS is mainly
its capability to express more complex relationships such restriction between classes
(e.g. use union of classes as a range of relation) or chained properties. Due to
its expressiveness power, most metadata designers use OWL to build ontologies or
schema on the top of RDF datasets.

Finally, we note that RDF data are queried using the W3C standard “The SPARQL
Protocol And RDF Query Language” - SPARQL13. SPARQL has four query forms,
specifically SELECT, CONSTRUCT, ASK and DESCRIBE. For example, assume

10A semantic reasoner is software able to infer logical consequences from a set of asserted facts
(https://en.wikipedia.org/wiki/Semantic_reasoner)

11https://www.w3.org/TR/rdf-schema
12https://www.w3.org/TR/owl-ref/
13https://www.w3.org/TR/rdf-sparql-protocol/
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that we want to ask the query “what is the current project of Mohamed Ben Ellefi”
to our small knowledge base in Figure 1.2. Figure 1.3 depicts a SPARQL query to
get information about the current project of Mohamed Ben Ellefi.

PREFIX benellefi:<http :// lirmm.fr/benellefi/>

PREFIX rdfs:<http :// www.w3.org /2000/01/ rdf -schema#>

PREFIX owl:<http :// www.w3.org /2002/07/ owl#>

PREFIX rdf:<http :// www.w3.org /1999/02/22 - rdf

-syntax -ns#>

PREFIX foaf: <http :// xmlns.com/foaf /0.1/ >

SELECT ?projectname where{

benellefi:MohamedBenEllefi foaf:currentProject ?project.

?project foaf:name ?projectname

}

Figure 1.3: SPARQL query to retrieve the name of the current project of Mohamed
Ben Ellefi

1.2 Current Challenges in Linked Data

The transition of the current document-oriented Web into a Web of interlinked Data
- the Semantic Web - has lead to the creation of a global data space that contains
many billions of information, the Web of Linked Data14 (cf. Figure 1.4). In other
words, Linked Data can be seen as a deployment path for the Semantic Web.

In this section, we start by an overview of existing linked data life-cycles going to
different challenges to achieve this linked knowledge graph, while respecting Linked
Data best practices [2].

1.2.1 Linked Data Life-Cycles

We start by providing the Tim Berners-Lee vision of the five star Linked Open Data
system15, which is also a W3C recommendation16, where the system has to ensure:
(1) availability of data on the Web, in whatever format. (2) availability as machine-
readable structured data, (example available, as CSV not as scanned image of table).
(3) availability in a non-proprietary format, (i.e, CSV format instead of Microsoft

14The LOD cloud diagram is published regularly at http://lod-cloud.net.
15http://5stardata.info/en/
16https://dvcs.w3.org/hg/gld/raw-file/default/glossary/index.html
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Figure 1.4: Overview of Linked Data knowledge bases in the LOD cloud (2014)

Excel). (4) publishing using open standards from (the W3C recommendation, RDF
and SPARQL). (5) linking to other Linked Open Data, whenever feasible.

For this purpose, a number of Linked data life-cycle visions have been adopted by
the Semantic Web community, where data goes through a number of stages to be
considered as Linked Data. Figure 1.5 depicts five visions of different governmental
Linked data life-cycles: Hyland et al. [8], Hausenblas et al. [9], Villazon-Terrazas
et al. [10], the DataLift vision [11] and the LOD2 Linked Open Data Lifecycle [12].
Since there is no standardised Linked Data Life-Cycle, the main stages of publishing
a new dataset as Linked Data can be summarized as follows:

• Extracting and transforming information from the raw data source to RDF
data. Mainly, the data source can be in unstructured, structured or semi-
structured format, i.e., CSV, XML file, a relational database, etc. In this
stage, the cast does not include vocabulary modeling, namespaces assignment
nor links to existing datasets.

• Assigning namespaces to all resources, notably make them accessible via their
URIs.

• Modeling the RDF data by reusing relevant existing vocabularies terms when-
ever possible. Linked Data modeling process is detailed in Section 6.1.
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• Hosting the linked dataset and its metadata publicly and make it accessible.

• Linking the newly published dataset to other datasets already published as
Linked Data on the Web.

Figure 1.5: Five Examples of Governmental Linked Data Life-Cycles.

It should be noted that different stages of the linked data life-cycle are not in a strict
sequence nor exist in isolation, but are in mutual enrichment.

1.2.2 Current Challenges

Some stages in the Linked Data life-cycles are not completely automated and may
need human effort either for Linked data publishing, maintenance or consuming.
Hence, in recent years, an increasing number of works have shown interest in the
development of research approaches, standards, technology and tools for supporting
different stages of the Linked Data life-cycle.

For instance, Linked Data publishers face a major challenge of: how to ensure a
data store (i.e., large triple stores17) to be highly effective and ensure performance
with a large scale data ? For this purpose, currently, there exists a wealth of works
contributing to this central problem by developing distributed data storage solutions
(e.g., Hadoop Distributed File System (HDFS), Google File System (GFS)) which
can work in server clusters scattered in the cloud and handle massive amounts of
triples.

17https://www.w3.org/wiki/LargeTripleStores



1.2. CURRENT CHALLENGES IN LINKED DATA 9

Another current challenge concerns the Linked Data modeling process which requires
a huge effort from metadata designers, in particular on the issues raised by: how to
identify suitable terms from published vocabularies in order to reuse them following
the Linked data modeling best practices.

Further challenges include semantic links discovery between different RDF datasets,
which is becoming manually unfeasible, considering the large amount of data avail-
able on the Web. Usually, among the different kinds of semantic links that can
be established, the default option is to set owl:sameAs links between different
URIs that refer to the same real objects. For example, DBpedia uses the URI
http://dbpedia.org/page/Montpellier to identify the city of Montpellier, while
Geonames uses the URI http://www.geonames.org/2992166 to identify Montpel-
lier. Data linking techniques and tools are often used to deal with this problem.
However, this task still requires human involvements, notably on: (i) the identifica-
tion of candidate datasets to link to, where the search for target ones should be done
almost by an exhaustive search of all datasets in the different catalogues, which is
rather manually not feasible; and (ii) the strenuous task of instance mappings con-
figuration between different datasets.

We note that some stages in the Linked Data life-cycles are proceeded automatically,
notably the automatic extraction and transformation of raw data which has lead
to the publication of large amount of knowledge in the Web as Linked Datasets.
However, automatic approaches have raised many questions regarding the quality,
the currentness and the completeness of the contained information. Hence, the major
challenge during this process concerns mainly the assessment of the data quality.

Some issues can arise after publishing Linked Data knowledge facing both data pub-
lishers and data consumers. Regarding data publishers (or rather maintainers), they
have the responsibility to ensure a continued maintenance of the published dataset
in terms of quality, i.e., the access, the dynamicity (different versions, mirrors),
etc. On the other hand, the efforts of Linked Data Consumers revolve around the
following requirements:

• finding and retrieving suitable information from different linked open datasets.

• integrating and reusing this knowledge.

• ensuring continued feedback for data maintainers.

In the light of the above, this thesis will address two main challenges: (i) the Linked
Data modeling task, more precisely, we focus on the vocabulary items recommen-
dations; and (ii) the data linking challenge, notably, we address the problem of
candidate datasets discovery aiming at finding target datasets to link to. In other
words, the two challenges that we will address will be like “looking for a needle
in a haystack”, whether in looking for suitable terms in vocabulary catalogues18,

18vocabulary catalogues such as http://lov.okfn.org/
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or in searching for target datasets in large amount of data available on Linked Data
catalogues19.

Linked datasets vary heavily with respect to their size, topic and domain coverage,
the resource types and schemas or the dynamics and currency. To this extent, the
discovery of suitable datasets which satisfy specific criteria face the major challenge
of “the understanding of the nature of the content of specific datasets”. To this end,
this dissertation starts by dealing with the issue of: what is the set of representative
features that better describe an RDF dataset for a given task?

The different contributions of this thesis will be outlined in the following section.

1.3 Contributions and Objectives

As stated in the previous section, the broad question that arises is How to reduce
human effort in linking and modeling RDF data? To do so, our contributions aim
to validate the following thesis:

Profile-based recommendation methods are able to significantly re-
duce human effort in linking and modeling RDF data.

In this section, we start by representing our first contribution which consists in intro-
ducing a new notion of features-based RDF dataset profiling which leads to provide
a classification of an extensive state of the art on dataset profiling methods. Our
next contributions aim to deal with the challenge of candidate datasets identification
for the interlinking. For this purpose, we have developed two different approaches:

• Topic Profile-based Dataset Recommendation for Data Linking

• Dataset Recommendation for Data Linking: an intensional approach

In line with the datasets intensional profiles quality, our further contribution ad-
dress the Linking Data modeling process where we developed a new vocabulary
recommendation tool - Datavore.

1.3.1 Dataset Profiling

This contribution aims to be a guide for dataset profiles features extraction meth-
ods with respect to a given application scenario. A dataset profile can be broadly
defined as a comprehensive set of commonly investigated features that describe an
RDF dataset. Furthermode, we provide a taxonomic classification of existing ap-
proaches in the field of profiles extraction systems with respect to the following
profiles features:

19Linked Data catalogues such as http://ckan.org/



1.3. CONTRIBUTIONS AND OBJECTIVES 11

• Semantic: domain/topic, context, index elements and schema/instances

• Qualitative: trust, accessibility, context, degree of connectivity and represen-
tation.

• Statistical: schema level and instance level

• Temporal: global, instance-specific and semantics specific

To the best of knowledge, this is the first study of its kind. We note here that the
choice of the feature is essentially based on what is known by the community as a
representative feature with respect to a given application scenario.

1.3.2 Identifying Candidate Datasets for Data Linking

Data linking is the main challenge that we address in this dissertation, notably we
focus on the question of: what is the suitable set of datasets to select as target
candidate to be linked with a given RDF data source?

In the following, we present our two different approaches of candidate dataset rec-
ommendation:

1.3.2.1 Topic Profile-based Dataset Recommendation for Data Linking

Our research direction has been to develop a dataset recommendation system aim-
ing to reduce human effort in the data linking process. To this extent, we adopt
a well-known and efficient technique in the field of recommendation systems, the
“Collaborative Filtering (CF)” based recommendation [13]. To do so, our system
will learn knowledge from two graphs:
(1) The topic-dataset-graph, produced through the profiling method of Fetahu et
al. [1], as a representative profiles for datasets. (2) The already established connec-
tivity graph between datasets which is measured by the existence or not of links.

By this way, we are able to learn the connectivity behavior of datasets using their
topics profiles in the current topology of the LOD (considered as evaluation data)
and subsequently, to provide an efficient CF-based candidate dataset recommenda-
tion for interlinking. Furthermore, a subsequential contribution of the learning step
is the introduction of new method for topic profiles propagation to the entire LOD
graph in inexpensive manner.

An extensive experimental evaluation of the approach has been conducted, where
we used real world LOD datasets. To the best of our knowledge there is not a
common benchmark in this field, hence, we developed three simple baselines. The
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proposed approach showed a superior performance compared to the introduced base-
lines. Moreover, we demonstrate a global performance of our technique with respect
to the evaluation data by achieving the following results:

• Average recall: 81%.

• Average precision: 19%.

• A reduction of the original (LOD) search space of up to 86% on average.

1.3.2.2 Dataset Recommendation for Data Linking: an Intensional ap-
proach

As can be observed in the previous approach, the performance in terms of precision
needs improvement, we explain that by the amount of explicitly declared links in
the LOD cloud as learning data. Hence, our next contribution consists of providing
a new approach for candidate dataset recommendation that adopts the notion of
intensional profile and skips the learning step (unlike the first approach).

By intensional profile, each dataset is represented by a set of schema information
in the form of concept labels enriched by their corresponding textual descriptions.
The main strength of this profiling method is the fact that a profile can be easily
constructed for any RDF dataset in a simple and inexpensive way. Based on the
intensional profile representation, our approach provides a candidate dataset recom-
mendation by the help of a semantico-frequential similarity measure and a ranking
criterion based on the tf*idf cosine similarity model.

Similarly to the first approach, we conducted experiments using current LOD topol-
ogy as evaluation data where the intensional approach shows a high recommendation
efficiency by achieving an average precision of up to 53% for a recall of 100%. Fur-
thermore, we note that our method is able to return mappings between the schema
concepts across datasets. This mapping is particularly useful for the configuration
of linking tools.

1.3.3 Vocabulary Selection for Linked Data Modeling

This contribution aims to ensure a high quality datasets intensional profiles by
assisting metadata designers in the Linked Data modeling process. To this extent,
we introduce our tool - Datavore - that provides ranked lists of vocabulary terms
to reuse together with the descriptive metadata via its interactive graphical user
interface (GUI). Furthermore, Datavore is able to detect existing possible cross-
terms relations, providing to the user a list of suitable triples. For acquiring existing
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vocabularies and metadata, the tool relies on the Linked Open Vocabulary (LOV) 20

as a trusty ecosystem. Datavore is made available as prototype for the community.

It should be noted that the totality of contributions in this thesis are targeted to be
integrated in the LOD life-cycle of the DATALYSE project21.

1.4 Thesis Overview

Below we provide an overview of how the thesis is organized, along with the main
contributions of each chapter.

Chapter 2 provides the necessary background on the datasets profiles and introduces
our vision of datasets profiles features. In the second part of this chapter, we present
different profiling techniques notably the profile extraction techniques and their
LOD use-cases. The different techniques are classified in a big taxonomy of profiles
features.

Chapter 3 presents some prominent application scenarios of RDF dataset profiles
where used features are identified explicitly and aligned with the introduced pro-
files taxonomy features. The second part of this chapter highlights the linked data
application scenario, and in particular, the candidate dataset identification which is
the main challenge of this dissertation. Finally, we cite the existing works on this
thematic.

Chapter 4 presents our topic profile-based approach that we have developed to dis-
cover candidate datasets for interlinking. We first describe the topic profile approach
that we adopt for this recommendation. Then, we present the workflow of the pro-
posed Collaborative Filtering-like recommendation approach. Finally, we describe
the used evaluation framework followed by an extensive experimental evaluation for
the proposed approach.

Chapter 5 describes our intension-based approach for candidate dataset recommen-
dation. First, we start by introducing the notion of intensional profiles with respect
to the profiles taxonomy features. Then, we depict different steps in the workflow
of the introduced recommendation approach. After that, we present the experi-
mentations that have been conducted to evaluate the efficiency and effectiveness of
our approach compared to the evaluation data and the baselines, which have been
developed for this purpose. Finally, we discuss the positioning of intentional-based
recommendation approach with respect to the first recommendation approach and
current related works.

20lov.okfn.org
21http://www.datalyse.fr/
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Chapter 6 focuses on increasing metadata designers awareness regarding vocabulary
reuse in the context of LOD datasets. First, we provide a detailed discussion of the
various types of support features for modeling LOD datasets. Next, we present our
prototype Datavore and illustrate the general concept of our approach.

Chapter 7 provides a conclusion and discusses various proposals for future work.
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Introduction

Linked open data (LOD), as provided by a quickly growing number of sources,
constitutes a wealth of easily accessible information. Usually, these LOD datasets
evolve over time when more facts and entities are added. However, the “rigid”
schema and ontology that model these datasets do not follow the data dynamicity
and lose validity over all entities of the dataset. Hence, in order to consume these
data, it is vital to thoroughly examine and understand each dataset, its structure,
and its properties. Since manual inspection requires a huge effort besides than been
a limited extent in term of information completeness, different profiling techniques
are proposed to deal with these challenges.

This chapter contains literature overview on dataset profiling approaches. The aim of
this chapter is to give the reader a bird’s-eye view of the different profiling techniques
notably the used terminologies the profile extraction techniques and their LOD use-
cases. First, we describe the basic concepts of LOD dataset profiling by providing
a comprehensive set of commonly investigated dataset features (cf. Section 2.1).
These features are based on the existing literature in the field of dataset profiling
(whether or not referred to explicitly by using this term) and are organized into a
taxonomy, formally represented as an RDF vocabulary of dataset profiling features
and made available to the public. Further, we provide a broad overview of the
existing approaches and tools for the automatic extraction of such features (cf.
Section 2.2). Finally, we conclude in Section 2.3.

2.1 RDF Dataset Profiling Conceptualization and

Features

In this dissertation, we are dealing with RDF datasets which can be formally defined
as follow:

Definition 1 (RDF dataset) . Let U be a set of URIs, L be a set of literals and
B be the set of blank nodes. An RDF dataset is a set of triples < s, p, o > where
s ∈ (U ∪ B), p ∈ U and o ∈ (U ∪B ∪ L).

The main focus of this section is to stress on RDF data profiling terminology and def-
inition, hence, we start by citing a broad definition of data profiling fromWikipedia1:
“Data profiling is the process of examining the data available in an existing data
source (e.g. a database or a file) and collecting statistics and information about that
data”.

In line with the Semantic Web principles, there are several definitions of dataset

1https://en.wikipedia.org/wiki/Data_profiling
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profiling, among which we cite, the vision of [14] where data profiling is “an umbrella
term for methods that compute meta-data for describing datasets”.

Furthermore, when dealing with LOD dataset profiling, independently on the in-
tended application, one is faced with the question of “what are the features that
describe a dataset and allow to define it?”; one needs to be able to determine these
characteristics that, gathered together, provide a descriptive summarization of a
dataset, with regard to a certain aspect or application purpose. In this dissertation,
we provide a formal definition of LOD dataset profile:

Definition 2 (Dataset Profile) . A dataset profile can be seen as the formal rep-
resentation of a set of features that describe a dataset and allow the comparison
of different datasets with regard to their characteristics.

Usually, the relevant feature set is dependent on a given application scenario and
task.

The present chapter makes an inventory of dataset features that can be considered in
the dataset profiling process. We take into account features that have been studied
in the literature, although often referred to by using different names or defined
differently. We propose a common terminology and definitions of (and distinction
between) the key terms used in the field. We organize the features in a (non-strict)
hierarchy and we introduce the notion of an basic feature, understood as one that
has no descendants in this hierarchy.

2.1.1 Semantic Characteristics

We present a set of features that carry semantic information about dataset.

1. Domain/Topic – A domain refers to the field of life or knowledge that the
dataset treats (e.g., music, people). It describes and englobes the topics cov-
ered by a dataset [15] (e.g., life sciences or media), understood as more gran-
ular, structured metadata descriptions of a dataset, as the one found in [16].
The cross-domain or multi-topical nature of a dataset is separate feature that
indicates of its potential connectivity properties and its specificity.

2. Context – We identify two members of this group:

(a) connectivity properties , meaning concretely the set of RDF triples
shared with other datasets, and

(b) domain/topical overlap with other datasets . Important informa-
tion, especially with regard to user queries, can be made available by the
overlap of the domains or topics covered by a dataset and other datasets.
This overlap can be expressed, for instance, by the presence of shared
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topics between two datasets [17], [18]. A contextual profile provides ad-
ditional information to the selected dataset for user queries based on the
overlap with other datasets on schema or instances levels. the contextual
profile is mainly intended to find relevant datasets for user queries.

3. Index elements – Index models have been introduced in order to retrieve
information from the LOD. An index is defined as a set of key elements (e.g.,
types), which are used to lookup and retrieve data items. These elements can
be defined on schema level or on entity level. A dataset, therefore, can be
inversely described by the set of index elements that are pointing to it in a
given index or a set of indices [19]. In that sense, a set of index elements is
viewed as a descriptive semantic dataset characteristic.

4. Representative Schema/Instances – This group of features is found on
schema and on instance level and is understood as a set of types (schema con-
cepts) or a set of key properties/values, or a representative sample of instances
[20], [21], [22].

2.1.2 Qualitative Characteristics

According to Mendes et al. [23], the problem of data quality is related to values being
in conflict between different data sources as a consequence of the diversity of the
data. For Bizer et al. [24] relate data quality problems to those arising in web-based
information systems, which integrate information from different providers. Hogan et
al. [25] discuss about errors, noise, difficulties or modelling issues, which are prone
to the non-exploitations of the data from the applications. According to Zaveri et
al. [26], the term data quality problem refers to a set of issues that can affect the
potentiality of the applications that use the data. Thus the study of data quality has
a strong and on-going tradition. Data quality assessment involves the measurement
of quality dimensions that are relevant to the consumer. The dimensions can be
considered as the characteristics-Profile- of a dataset. Here, we provide a list of
features related to several of these dimensions. Many of these features apply to data
quality in general and are directly issued from [27]. However, some of them have
been defined particularly in the context of linked data [26].

1. Trust – Trust is a major concern when dealing with LOD data. Data trust-
worthiness can be expressed by the following features.

(a) verifiability: the “degree and ease with which the information can be
checked for correctness”, according to [28].

(b) believability: the “degree to which the information is accepted to be
correct, true, real and credible” [29]. This can be verified by the presence
of the provider/contributor in a list of trusted providers [26].
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(c) reputation: a judgement made by a user to determine the integrity of
a source [26]. Two aspects are to take into consideration:

i. reputation of the data publisher: an indice coming from a sur-
vey in a community that determines the reputation of a source,

ii. reputation of the dataset: scoring the dataset on the basis of the
references to it on the web.

(d) licensing policy: the type of license under which a dataset is published
indicates whether reproduction, distribution, modification, redistribution
are permitted. This can have a direct impact on data quality, both in
terms of trust and accessibility (see below).

(e) provenance: “the contextual metadata that focuses on how to repre-
sent, manage and use information about the origin of the source” [26].

2. Accessibility – This family of characteristics regards various aspects of the
process of accessing data.

(a) availability: the extent to which information is available and easily
accessible or retrievable [28].

(b) security: refers to the degree to which information is passed securely
from users to the information source and back [26].

(c) performance: the response time in query execution [26].

(d) versatility of access: a measure of the provision of alternative access
methods to a dataset [26].

3. Representativity – The features included in this group provide information
in terms of noisiness, redundancy or missing information in a given dataset.

(a) completeness: the degree to which all required information regarding
schema, properties and interlinking is present in a given dataset [26]. In
the Linked Data context, [28] defines the following sub-features:

i. schema completeness (ontology completeness) – the degree
to which the classes and properties of an ontology are represented,

ii. property completeness – measure of the missing values for a spe-
cific property,

iii. population completeness – the percentage of all real-world ob-
jects of a particular type that are represented in the datasets, and

iv. interlinking completeness – refers to the degree to which links
are not missing in a dataset.
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(b) understandability: refers to expression, or, as defined by [29], the
extent to which data is easily comprehended.

(c) accuracy / correctness: the equivalence between a value in a dataset
instances and the actual real world value of it.

(d) conciseness: the degree of redundancy of the information contained in
a dataset.

(e) consistency: the presence of contradictory information.

(f) versatility: whether data is available in different serialization formats,
or in different formal and/or natural languages.

4. Context / task specificity – This category comprises features that tell
something about data quality with respect to a specific task.

(a) relevance: the degree to which the data needed for a specific task is
appropriate (applicable and helpful) [29], or the importance of data to
the user query [28].

(b) sufficiency: the availability of enough data for a particular task. [28]
uses the term “amount-of-data”.

(c) timeliness: the availability of timely information in a dataset with re-
gard to a given application. For example, is there enough data on a
timely subject in biological studies at the present moment?.

5. Degree of connectivity – Connectivity here is understood as simply the
number of datasets, with which a dataset is interlinked, or as the number of
triples in which either the subject or the object come from another dataset
(note the difference with contextual connectivity in the class of semantic fea-
tures and interlinking completeness in the representation class of features).

2.1.3 Statistical Characteristics

This group of characteristics comprises a set of statistical features, such as size and
coverage or average number of triples, property co-occurrence, etc. [30], [31].

1. Schema-level – According to schema, we can compute statistical features
such as class / properties usage count, class / properties usage per subject and
per object or class / properties hierarchy depth.

2. Instance-level – Features on this level are computed according to the data
only, i.e.,URI usage per subject (/object), triples having a resource (/blanks) as
subject (/object), triples with literals, min(/max/avg.) per data type (integer
/ float / time, etc.), number of internal and external links, number of ingoing
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(/outgoing) links per instance, number of used languages per literal, classes
distribution as subject (/object) per property, property co-occurrence

2.1.4 Temporal Characteristics

This class of features concerns the dynamicity of a dataset (as identified in a cata-
logue like Datahub) [32], [33]. Every dataset feature is dynamic, i.e., changing over
time (take for example data quality). Inversely, the dynamics of a dataset can be
seen as a feature of, for example, quality. For that reason, this family of features
is seen as transversal (spanning over the three groups of features described above).
A profile characteristic can, therefore, be based on the dynamicity estimation of a
dataset over an extended period of time measured over a set of aspects that we have
classified in the following groups.

1. Global –

(a) lifespan: measured on an entire dataset or parts of it.

(b) stability: an aggregation measure of the dynamics of all dataset char-
acteristics.

(c) update history: a feature with multiple dimensions regarding the dataset
update behavior, divided into:

i. frequency of change: the frequency of updating a dataset, re-
gardless to the kind of update.

ii. change patterns: the existence and kinds of categories of updates,
or change behavior.

iii. degree of change: to what extent the performed updates impact
the overall state of the dataset.

iv. change triggers: the cause or origine of the update as well as the
propagation effect reinforced by the links.

2. Instance-specific –

(a) growth rate: the level of growth of a dataset in terms of data entities
(instances).

(b) stability of URIs: the level of stability of URIs i.e., an URI can be
moved, modified or a removed.

(c) stability of links: the level of broken links between resources, i.e., a
links is considered as broken link if the a target URIs changes [34]

3. Semantics-specific [35] [36] –
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(a) structural changes: evaluation of the degree of change in the structure
(internal or external) of a dataset.

(b) domain-dependent changes: this feature reflects the dynamics across
different domains that impacts the data.

(c) vocabulary-dependent changes: a measure of the dynamics of vo-
cabulary usage.

(d) vocabulary changes: a measure of the impact of a change in a vocab-
ulary to the dataset that uses it.

(e) stability of index models: the level of change in the original data
after having been indexed.

Finally, we would like to draw the readers’ attention to the fact that we provide a
representation of the profile features hierarchy in the form of a new RDF vocabulary
of dataset profiles (VoDP) and make it available to the community via the following
link: http://data.data-observatory.org/vocabs/profiles/ns.

2.2 RDF Dataset Profiling Methods Classification-

Literature Review

In this section, we provide a pivotal guideline for the approaches for dataset profil-
ing, as well as the systems and tools for dataset features extraction, following the
categorization introduced in the previous section. An overview of the dataset fea-
tures and the corresponding extraction systems is shown in Figure 2.1 and described
in detail below.

2.2.1 Semantic Characteristics Extraction

FluidOps Data Portal2 [17] is a framework for source contextualization. It allows
the users to explore the space of a given source, i.e., search and discover data sources
of interest. Here, the contextualization engine favors the discovery of relevant sources
during exploration. For this, entities are extracted/clustered to give for every source
a ranked list of contextualization sources. This approach is based on well-known data
mining strategies and does not require schema information or data adhering to a
particular form.

2The FluidOps Data Portal is currently tested by a pilot customer and is available on
data.fluidops.net and.
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Figure 2.1: Overview of dataset profile features and extraction systems.
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Linked Data Observatory3 [16] provides an explorative way to browse and search
through existing datasets in the LOD Cloud according to the topics which are cov-
ered. By deploying entity recognition, sampling and ranking techniques, the Linked
Data Observatory allows to find datasets providing data for a given set of topics or
to discover datasets covering similar fields. This Structured Dataset Topic Profiles
are represented in RDF using the VoID vocabulary in tandem with the Vocabulary
of Links (VoL)4.

voiDge5 is a tool that automatically generates VoID (Vocabulary of Interlinked
Data) descriptions for large datasets. This tool allows users to compute the various
VoID informations and statistics on dumps of LOD as illustrated in [37]. Addition-
ally, the tool identifies (sub)datasets and annotates the derived subsets according to
the VoID specification.

The keys discovery approaches aim at selecting the smallest set of relevant
predicates representing the dataset in the instance comparison task. We review
two keys discovery approaches: (i) The pseudo-Key [21], a relaxed version of a
key that tolerates a few instances having the same values for the properties, and
(ii) SAKey [38] – an approach to discover almost keys in datasets where erroneous
data or duplicates exist. SAKey is an extension of KD2R[39] which aims to derive
exact composite keys from a set of non keys discovered on RDF data sources. The
pseudo-Key and the almost keys approaches mainly differ on the level of the semantic
discovery of identity links.

SchemEX[19] is a stream-based indexing and schema extraction approach over the
LOD. The schema extraction abstracts RDF instances to RDF schema concepts that
represent instances with the same properties. The index is each schema concept that
maps to data sources containing instances with corresponding properties.

2.2.2 Quality Assessment Systems

Zaveri et al. [26] provide an extensive survey of 21 works on linked data quality
assessment based on quality dimensions, the respective metric, types of data and

3The Linked Data Observatory demo is publicly available according to LOD principles at
http://data-observatory.org/lod-profiles/index.htm

4VOL (http://data.linkededucation.org/vol/index.htm) provides a general vocabulary
to describe metadata about links or linksets, within or accross specific datasets. VoL was designed
specifically to represent additional metadata about computed links which cannot be expressed with
default RDF(S) expressions and enable a qualification of a link or linkset.

5The source code and the documentation of the voiDge tool can be downloaded on
http://hpi.de/naumann/projects/btc/btc-2010.html
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level of automation. In this section, we focus on tools that are implemented and
available.

TRELLIS6 [40] is an interactive environment that examines the degree of trust
of datasets based on user annotation. The user can provide Trellis with semantic
markup of annotations through interaction with the ACE tool7 [41]. The tool al-
lows several users to add and store their observations, viewpoints and conclusions.
The annotations made by the users with ACE can be used in TRELLIS to detect
conflicting information or handle incomplete information.

TrustBot [42] is an Internet Relay Chat bot that make trust recommendations to
users based on the trust network it builds. It allows users to transparently interact
with the graph by making a simple serie of queries. Users can add their own URIs
to the bot at any time, and incorporate the data into the graph. The bot keeps a
collection of these URIs that are spidered when the bot is launched or called upon
to reload the graph. TrustBot is a semi-automatic tool to gauge the trustworthiness
of the data publisher.

tRDF8 [43] is a framework that provides tools to represent, determine, and manage
trust values that represent the trustworthiness of RDF statements and RDF graphs.
it contains a query engine for tSPARQL, a trust-aware query language. tSPARQL
is an extension of the RDF query language SPARQL in two clauses; TRUST AS
clause and the ENSURE TRUST clause. The trust values are based on subjective
perceptions about the query object. The users can query the dataset and access the
trust values associated to the query solutions in a declarative manner.

WIQA9 [24] is a set of components to evaluate the trust of a dataset using a
wide range of different filtering policies based on quality indicators like provenance
information, ratings, and background information about information providers. This
framework is composed of two components: a Named Graph Store for representing
information together with quality related meta-information, and an engine which
enables applications to filter information and to retrieve explanations about filtering
decisions. WIQA policies are expressed using the WIQA-PL syntax, which is based
on the SPARQL query language.

6TRELLIS is an open-source tool and available online at
http://www.isi.edu/ikcap/trellis/demo.html

7Annotation Canonicalization through Expression synthesis
8This tools are available online on http://trdf.sourceforge.net/tsparql.shtml
9WIQA is an open-source tool and available on http://wifo5-03.informatik.uni-

mannheim.de/bizer/wiqa/impl
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Sieve10 [23] is the quality evaluation module in LDIF (Linked Data Integration
Framework). To assess the quality of a dataset, the user can choose which charac-
teristics of the data indicate higher quality, how this quality is quantified and how
should it be stored in the system. This is enabled by a conceptual model composed
of assessment metrics, indicators and scoring functions (TimeCloseness, Preference,
SetMembership, Threshold and Interval Membership). Sieve aimed mainly to per-
form data fusion (integration) based on quality assessment.

Link-QA11 [44] is a framework for detection of the quality of linksets using five
network metrics (degree, clustering coefficient, open sameAs chains, centrality, de-
scription richness through sameAs). This framework is completely automatic and
takes as input a set of resources, SPARQL endpoints and/or dereferencable resources
and a set of triples. The workflow consists of five components: Select of set of, Con-
struct, Extend, Analyse and Compare.

LiQuate12 [45] is a tool to assess the quality related to both incompleteness of links,
and ambiguities among labels and links. This quality evaluation is based on queries
to a Bayesian Network that models RDF data and dependencies among properties.

TripleCheckMate13 [46] is a user-driven quality evaluation tool. The system will
provide the user with a list of classes wherein he can choose the ones he is most fa-
miliar with. There are three options: (i) Any: where a completely random resource
will be retrieved, (ii) Class: where one has the option to choose a random resource
belonging to that class will be retrieved, (iii) Manual: where you can manually put
in the DBpedia URI of a resource of your choice. After selecting a resource, the user
will be shown each triple belonging to that resource. The system allow to evaluate
each triple whether it contains an error or not. If it contains an error, the user can
select an error type from a suggested list.

RDFUnit14 [47] is a framework for the data quality tests of RDF knowledge based
on Data Quality Test Pattern, DQTP. A pattern can be:(i) a resource of a specific
type should have a certain property, (ii) a literal value should contain at most one
literal for a certain language. The user can select and instantiate existing DQTPs.
If the adequate test pattern for a given dataset is not available, the user has to write
his own DQTPs, which can then become part of a central library to facilitate later
re-use.

10This tool is open-source and available on http://sieve.wbsg.de/development
11Link-QA is Open-source and available on http://bit.ly/Linked-QA.
12The demo is published at http://liquate.ldc.usb.ve.
13TriplecheckMate is open source and available on https://github.com/AKSW/TripleCheckMate.
14This framework is on http://aksw.org/Projects/RDFUnit.html
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2.2.3 Extraction of Statistical Characteristics

RDFStats15 [48] is a framework for generating statistics from RDF data that can
be used for query processing and optimisation over SPARQL endpoints. Thoses
statistics include histograms for subjects (URIs, blank nodes) and histograms for
properties and associated ranges. RDFStats can be integrated into user interfaces
and other Semantic Web applications to provide this information but also to support
tools to achieve a better performance when processing large amount of data.

LODStats16 [30] is a statement-stream-based tool and framework for gathering
comprehensive statistics about datasets adhering RDF. The tool calculates 32 dif-
ferent statistical criterions on LOD such as those covered by the VoID Vocabulary.
It computes descriptive statistics such as the frequencies of property usage and
datatype usage, the average length of literals, or the number of namespaces appear-
ing at the subject URI position. It is available for integration with CKAN metadata
repository, either as a patch or as an external web application using CKAN’s API.

Data Web analytics17 [49] examines the growth of the LOD Cloud since 2007. It
provides statistics about the Cloud containing multiple aspects such as the usage of
vocabularies as well as provenance and licensing information. The main difference to
LODStats is that this information is partially entered manually in the Data Hub and
updated infrequently, whereas with LODStats these calculations can be performed
automatically.

LODOP18 [31] is a framework for computing, optimizing, and benchmarking statis-
tics for Linked Datasets. This system provides a total of 56 scripts, which compute
15 different statistical properties across different subsets of the input dataset. This
statistical properties are determined via the following types of groupings : by re-
source, property, class, class and property, datatype, context URL, vocabulary, lan-
guage, object URI, or no grouping. ExpLOD [50] creates usage summaries from
RDF graphs including meta-data about the structure of a RDF graph, such as the
sets of instantiated RDF classes of a resource or the sets of used properties. This
structure information is aggregated with statistics like the number of instances per
class or the number of property usage.

15http://rdfstats.sourceforge.net/
16https://github.com/AKSW/LODStats/wiki/LODStats-clean-install
17http://lod-cloud.net/state/
18https://github.com/bforchhammer/lodop/
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ProLOD ++19 [51] is an interactive user interface, which is divided into a cluster
tree view and a details view. The cluster view enables users to explore the cluster
tree and to select a cluster for further investigation for statistics. ProLOD ++ is
extension of ProLOD [52] which generated basic statistics. In addition to the mining
and the cleansing tasks of ProLOD ++, the tool generates profiling features like
related to key analysis, predicate and value distribution, string pattern analysis,
link analysis and data type analysis.

Aether20 [53]is a tool that generates automatically an extended VoID statistical
profile from a sparql1.1 endpoint This statistical profile can be viewed in a graphical
interface with the viewer module. In addition, Aether provides a temporal profile
by allowing the comparison between datasets versions and a qualitative profile by
detecting outliers and errors. The generated extensions of the VoID description
represent statistics in both schema and instance level.

2.2.4 Temporal Characteristics Extraction Systems

PubSubHubbub21 [54] is a decentralized real-time Web protocol that delivers data
to subscribers when they become available. Parties (servers) speaking the PubSub-
Hubbub protocol can get near-instant notifications when a topic (resource URL)
they’re interested in is updated.

sparqlPuSH22 [55] is an interface that can be plugged on any SPARQL end-
point and that broadcasts notifications to clients interested in what is happening
in the store using the PubSubHubbub protocol i.e., SPARQL + pubsubhubbub =
sparqlPuSH. Practically, this means that one can be notified in real-time of any
change happening in a SPARQL endpoint. A resource can ping a PubSubHubbub
hub when it changes, then, the notifications will be broadcasted to interested par-
ties. sparqlPuSH consists in two steps: (i) register the SPARQL queries related to
the updates that must be monitored in a RDF store, (ii) broadcast changes when
data mapped to these queries are updated in the store.

Ping the Semantic Web (PTSW)[56] is a web service archiving the location of
recently created/updated RDF documents. If a document is created or updated, its
author can notify PTSW that the document has been created or updated by pinging

19https://www.hpi.uni-potsdam.de/naumann/sites/prolod++/app.html,
https://github.com/HPI-Information-Systems/ProLOD

20A demo of Aether is available on http://demo.seco.tkk.fi/aether/
21https://code.google.com/p/pubsubhubbub/
22https://code.google.com/p/sparqlpush/
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the service with the URL of the document. This protocol is used by crawlers or other
types of software agents to know when and where the latest updated RDF documents
can be found. PTSW is dedicated to Semantic Web documents and all the sources
they may come from: blogs, databases exported in RDF, hand-crafted RDF files,
etc.

The Semantic Pingback[57] is a mechanism that allows users and publishers of
RDF content, of weblog entries or of an article to obtain immediate feedback when
other people establish a reference to them or their work, thus facilitating social
interactions. It also allows to publish backlinks automatically from the original
WebID profile (or other content, e.g. status messages) to comments or references
of the WebID (or other content) elsewhere on the Web, thus facilitating timeliness
and coherence of datasets. It is based on the advertisement of a lightweight RPC23

service.

Memento[58,59] is a protocol-based time travel that can be used to access archived
representations resources. The current representation of a ressource is named the
Original Resource, whereas resources that provide prior representations are named
Mementos. This system provides relationships like the first-memento, last-memento,
next-memento and prev-memento. Mementos are available both in HTML and RD-
F/XML. For example, a demo of Memento for the DBpedia URI http://dbpedia.
org/data/Tim_Berners-Lee can be found in http://mementoarchive.lanl.gov/

dbpedia/memento/20090701/http://dbpedia.org/data/Tim_Berners-Lee.

The Dynamic Linked Data Observatory (Dyldo)[32], [33] is a framework to
achieve a comprehensive overview of how LOD changes and evolves on the Web.
It is an observatory of the dynamicity on the Web of Data (snapshots) over time.
The dataset provides weekly crawls of LOD data sources starting from the 2nd
of November 2008 and contains 550K RDF/XML documents with a total of 3.3M
unique subjects with 2.8M locally defined entities. The system examines, firstly, the
usage of Etag and Last-Modified HTTP header fields, followed by an analysis of the
various dynamic aspects of a dataset (change frequency, change volume, etc).

DSNotify24[34] is a Link monitoring and maintenance framework, which attenuates
the problem of broken links due to the URI instability. When remote resources are
created, removed, changed, updated or moved, the system revises links to these
resources accordingly. This system can easily be extended by implementing custom
crawlers, feature extractors, and comparison heuristics.

23Remote procedure call.
24http://www.cibiv.at/ niko/dsnotify
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2.3 Conclusion

In this chapter, we have introduced the definition of RDF dataset profiling that we
adopt in this dissertation. Furthermore, we have provided a comprehensive survey
of existing research aimed at supporting the dataset profiling task, a central chal-
lenge when facilitating dataset discovery in tasks such as entity retrieval, distributed
search or entity linking. It should be noted that given the complexity of the topic,
we have focused on first providing an exhaustive taxonomy of dataset features, also
available as a structured RDF vocabulary, and then surveyed methods for assessing
and extracting such features from arbitrary datasets.

The following chapter will outline the main applications that make use of the hi-
erarchy of dataset profiles features and argue the effectiveness of datasets profiling
methods in the datasets comparison challenge.
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Introduction

The adoption of the linked data best practices [2] has led to the extension of the
web with a global data space connecting data from diverse domains (e.g., people,
scientific publications, music). Furthermore, we can observe three types of generic
linked data applications:

(i) Generic linked data browsers which navigate between HTML pages by fol-
lowing hypertext links, Linked Data browsers allow the navigation between
data sources by following RDF triples links.

(ii) Linked data search engines that crawl the Web of Data by following links
between data sources and provide expressive query capabilities over aggregated
data, similar to how a local database is queried today. In other words, while
browsers provide the mechanisms for navigating, search engines offer the place
at which that navigation process begins. Example of search engines are Falcon
[60] and Swoogle1.

(iii) Domain-specific linked data applications that offer specific functionality
by merging data from various Linked Data sources for a better domain linked
data consumption.

This chapter will provide an overview of several linked data applications, which make
use of the dataset profiles notably in the fields of data curation, query applications
and information retrieval leading to the main aim of this dissertation profiles-based
RDF datasets comparison for the data linking.

In line with the Definition. 2, we recall that by a dataset profile we understand
the formal representation of a set of features that describe a dataset and allow the
comparison of different datasets with regard to their represented characteristics.
However, this relevant feature set is completely dependent on a given linked data
application scenario.

We start by identifying explicitly subsets of features that are considered relevant
in particular prominent application scenarios, discussed and analysed in detail in
Section 3.1. Furthermore, the section will put a special focus on the data linking
application and notably the features to be used in the datasets comparison task.
Section 3.2 will provide a general overview of existing candidate datasets identifica-
tion techniques with respect to the data linking task preceded by a motivation for
this process. Finally, we conclude in Section 3.3.

1http://swoogle.umbc.edu/
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3.1 Current Applications for Datasets Profiling

In this section, we outline the use of different profiles features by different applica-
tions with respect to the approaches:
(1) IR.
(2) Data curation, cleansing, maintenance, etc.
(3) Schema inference
(4) Query federation, optimization, reformulation, etc.
(5) Data linking.

It should be noted that the work described in Sections [ 3.1.1 - 3.1.4 ] are extracted
from our under-review paper [61].

3.1.1 Information Retrieval (IR)

In information retrieval applications, Linked Data is mostly used in the context of
semantic search, typically aiming to solve the limitations of keyword-based models
which is limited to the understanding of literal strings rather than the mining. For
instance, keyword-based models does not distinguish between search terms “books
about recommender systems” vs. “systems that recommend books”, as demon-
strated in [62].

Semantic search has been one of the motivations of the Semantic Web since it
was envisioned. According to [63], Information Retrieval on the Semantic Web,
a search engine returns documents rather than, or in addition to, exact values in
response to user queries. For this purpose, this approach includes an ontology-based
scheme for the semi-automatic annotation of documents and a retrieval system.
The retrieval model is based on an adaptation of the classic vector-space model,
including an annotation weighting algorithm, and a ranking algorithm. Semantic
search is combined with conventional keyword-based retrieval to achieve tolerance
to knowledge base incompleteness.

In Information retrieval a statistical methods are used to measure the strength of
the semantic relation between words. They are able to capture only small fraction
of important relations such as part-of-time dimensions.

The datasets providing semantic features to enrich a text with additional informa-
tion, not given there explicit, allow one to go beyond standard Bag of Words repre-
sentation [64]. Wide range of methods based on linking to external, domain-oriented
resources has been proposed, e.g., [65], [66], [67]. They also employ statistical fea-
tures extracted from large-scale text corpora [68] and allow one to expand the user
queries to increase recall [69].
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Enriching a text for IR and related tasks (such as text categorization, eg. [70])
shows improvement as measured by formal evaluation frameworks, i.e., at the an-
nual TREC conference2 [62]. Providing lexical information to text processing tasks
involve dataset features related to representation

In addition, geographical and temporal contexts play an increasingly important role
in IR applications. These contexts enable retrieval of information relevant with
respect to the spatial [71] and temporal [72] dimensions of the query.

In many retrieval tasks a geographical context is needed to add facilities that can
rank the relevance of candidate information with respect to geographical closeness
as well as semantic relatedness according to the topic of interest. In [71] an example
of spatial features usage has been shown to support IR tasks.The approach employs
an ontology of places that combines limited coordinate data with qualitative spatial
relationships between places. Beside spatial information, a time is also an important
dimension of any information space. It is also used in retrieval to determine a
documents’ credibility [73]. The overview of the methods and applications aiming
at satisfying search needs by combining the traditional notion of document relevance
with temporal relevance is given in [72]. The demonstration of such approach has
been shown in YAGO2 [74], where search interface allows one to seek temporal and
spatial knowledge facts.

Early stage IR systems used bilingual dictionaries to support a user in selecting
terms in the language of the documents being searched. To allow better control of
the generation of the new query in the target language bilingual dictionaries have
been replaced by a pair of language-ontology lexicons. It provides the user a view
on definitions of the senses in an ontology and then select matching terms in the
target language [75].

The majority of the semantic search applications are domain-oriented, and a large
number of practical cases have been shown for repositories related to biomedical
sciences. For example, the concept-based search mechanism [76] allows biologists to
describe the topics of the search interest more specifically and retrieve the informa-
tion with higher precision (in comparison to usage of keywords only). It should be
stressed here that the concept-based search requires linking to high-quality external
resources (such as, e.g., UMLS [77]), which involves features related to trust (cf
Section 1), especially verifiability and believability.

However, methods for extracting biomedical facts from the scientific literature have
improved considerably, and the associated tools will probably soon be used in many
laboratories to automatically annotate and analyzes the growing number of system-
wide experimental datasets [78]. Owing to the increasing body of text and the
open-access policies of many journals, literature mining is also becoming useful for
both hypothesis generation and biological discovery. However, the latter will require

2 Text REtrieval Conference (TREC), http://trec.nist.gov/
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the integration of literature and high-throughput data, which should encourage close
collaborations between biologists and computational linguists. One of the examples
of applications that employ domain features in medical area is Textpresso [79] – a
text-mining system for scientific literature whose capabilities go far beyond those of
a simple keyword search engine. Textpresso’s two major elements are a collection of
full texts of scientific articles split into individual sentences, and the implementation
of categories of terms, based on Gene Ontology [80], using which a repository of arti-
cles and individual sentences can be searched. The categories are classes of biological
concepts (e.g., gene, allele, cell or cell group, phenotype, etc.) and classes that re-
late two objects (e.g., association, regulation, etc.) or describe one (e.g., biological
process, etc.). Together they form a catalog of types of objects and concepts called
ontology. After this ontology is populated with terms, the whole corpus of articles
and abstracts is marked up to identify terms of these categories. The current ontol-
ogy comprises 33 categories of terms. A search engine enables the user to search for
one or a combination of these tags and/or keywords within a sentence or document,
and as the ontology allows word meaning to be queried, it is possible to formulate
semantic queries. Full text access increases recall of biological data types from 45%
to 95%. Extraction of particular biological facts, such as gene-gene interactions,
can be accelerated significantly by ontologies, with Textpresso [79] automatically
performing nearly as well as expert curators to identify sentences; in searches for
two uniquely named genes and an interaction term, the ontology confers a 3-fold
increase of search efficiency. Textpresso currently focuses on Caenorhabditis elegans
literature, with 3, 800 full text articles and 16, 000 abstracts. The lexicon of the
ontology contains 14, 500 entries, each of which includes all versions of a specific
word or phrase, and it includes all categories of the Gene Ontology database [80].
Textpresso is a useful curation tool, as well as a search engine for researchers, and
is ready to be extended to other domain-specific literature.

The other ontology-based information retrieval system [81] - MELISA (MEdical
Literature Search Agent) is a prototype for medical literature sources. The model
is based on an architecture with three levels of abstraction, the use of separated
ontologies and query models, and the definition of some aggregation operators to
combine results from different queries.

Text-mining in molecular biology [82] - the automatic extraction of information
about genes, proteins and their functional relationships from text documents - has
emerged as a hybrid discipline on the edges of the fields of information science,
bioinformatics and computational linguistics. A range of text-mining applications
have been developed recently that will improve access to knowledge for biologists
and database annotators.

Features for Information Retrieval applications: In line with the the dataset
profile features taxonomy, depicted in Figure2.1, IR involves qualitative profile fea-
tures related to trust (cf. Section 1) (i.e., verifiability and believability) and the



36 CHAPTER 3.

accessibility of data(cf. Section 3). In addition, to preserve the semantic search, IR
implies profiles features like (cf. Section 1) topical domains, and context (cf. Section
2).

3.1.2 Data Curation, Cleansing, Maintenance

The advent of semantic web technologies has has invaded the Web by large amount
of knowledge, represented as Linked Open Data (LOD) in form of RDF triples.
However, many datasets were extracted from unstructured and semistructured in-
formation using automated extraction approaches, or are the result of some crowd-
sourcing process. This often raises questions about the quality, the currentness and
the completeness of the contained information. For example, a recent user study
on DBpedia - a hub node of the Linked Data Cloud - uncovered a large number of
quality problems with respect to accuracy, relevancy, representational consistency
and interlinking [83].

In the context of Linked Data, statistical approaches to error detection and type
prediction are shown to be more effective than the standard ontology reasoning
techniques due to their independence of the background knowledge and robustness
to noise [84]. Therefore, a number of recent works focus on statistical methods
for: (1) Outlier detection to detect errors in numerical values [85], [84], [86]; (2)
Automatic prediction of missing types of instances [84]; and (3) Identification of
wrong links between datasets [87]. A further line of research in Linked Data quality
is related to the discovery of errors in the data based on the existing interlinking
(e.g., [88], [89]). Thereby some works go beyond error detection and attempt to
automatically determine correct data values in case of inconsistencies [88].

In the following we discuss selected recent approaches and features they use in more
detail.

Fleischhacker et al. [85] focus on identifying errors in numerical linked data using
statistical outlier detection. In the first step, the authors determine the properties
and their sub-populations to which numerical outlier detection can be applied. This
step includes collection of statistical information such as the number of instances
and properties in the dataset along with the property-specific statistics. The latter
provide insides in numerical value usage and distribution for a property. In the
second step, distributions of numerical values in the properties are analyzed to
detect outliers. Finally, the authors verify identified outliers against the values
in other datasets using owl:sameAs references. This final verification step helps
to differentiate natural outliers (such as the highest mountain) from real errors in
numerical data. Wienand et al. [86] address the same problem by grouping instances
by their types before the outlier detection is applied.

Data inconsistency can also be frequently observed in multilingual DBpedia [88].
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Whereas DBpedia offers a rich source of entity-related data in multiple languages,
each DBpedia language edition evolves in isolation often leading to mutual incon-
sistency in entity representations across languages. Bryl et al. [88] consider a
use case of resolving the conflicts in these datasets for the entity type dbpedia-
owl:PopulatedPlace. The proposed conflict resolution strategy involves usage of the
provenance metadata of the statements in question extracted from the Wikipedia
revision history. According to [88] the most effective features in this use case include
frequency of values, update frequency of properties in a specific language as well as
the overall activity of the editors.

Features for error detection in numerical values: In [85] the authors detect
errors in numerical values using outlier detection. To identify the properties to which
numerical outlier detection can be applied, the following statistical characteristics
(discussed in Section 2.1.3) are used: (1) total number of instances, (2) names of the
properties used in the dataset, (3) frequency of usage with numerical values in the
object position for each property, and (4) total number of distinct numerical values
for each property.

Features for conflict resolution in multilingual DBpedia: The features used
in conflict resolution in [88] include provenance metadata at the statement, property
and author levels. The temporal dataset profile 1 includes in particular: (1) recency
of the specific statement (measured using the time of the last edit), (2) overall
editing frequency of the property in the dataset, and (3) the overall number of edits
performed by the specific editor.

3.1.3 Schema Inference

Many existing Linked Data sources do not explicitly specify schemas, or only provide
incomplete specifications. However, many real-world applications (e.g., answering
queries over distributed data [90]) rely on the schema information. Recently, ap-
proaches aimed at automatic inference of missing schema information have been
developed (e.g., [84],[19]).

For example, planning and answering queries over distributed data typically includes
creation of a mediated schema [90].

Paulheim et al. [84] infer missing type statements for instances based on the
property-specific distribution of types. First, for each property, the frequencies of
types in the subject and object positions are collected. Second, to assign a type to a
non-typed instance, these property-specific statistics are aggregated over the incom-
ing and outgoing properties of this instance using a probabilistic model. Thereby
the properties can be weighted to reflect their predictive power. The results of a
comparison to a standard reasoning approach in [84] suggest that such statistical
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type inference is more robust with respect to the noise in the data. Finally, in [84]
the authors use type distributions to identify incorrect statements.

Features for type inference: Statistical characteristics of datasets (see Section
2.1.3) play an important role in the type inference applications. For example, in
[84] statistics on the completeness of type statements as well as property-specific
type distributions are required (i.e. the types of resources appearing in subject and
object positions of each property including their frequencies).

3.1.4 Distributed Query Applications

Linked Data Cloud can be queried either through direct HTTP URI lookups or using
distributed SPARQL endpoints [91] that can include full-text search extensions (see
e.g., [92]). Also combinations of both query paradigms are possible [93]. Typically,
the first step of query answering over distributed data is the generation of ordered
query plans against the mediated schema on a number of data sources [94]; In this
step, dataset profiling plays an important role.

In order to guide distributed query processing, existing applications rely on in-
dexes of varying granularity including Schema-level Indexes and Data Summaries.
Schema-level Indexes contain information about properties and classes occurring
at certain sources. Data Summaries use a combined description of instance- and
schema-level elements to summarise the content of data sources [91]. The majority
of existing federated query approaches for LOD (e.g., [93], [91], [95], [96]) are aimed
to optimize for efficient query processing and do not (yet) take quality parameters
of LOD sources into account. Therefore, existing Data Summaries mostly contain
frequencies and interlinking statistics of varying granularity.

For example, data summaries for on-demand queries over linked data in [91] employ
counts of data items such as subjects, objects and predicates to optimize the queries.
[95] performs top-k query processing over Linked Data and assumes existence of a
ranking function determining importance of triples, using e.g., triple-level interlink-
ing statistics or triple counts. For another example, Elbassuoni et al. [97] proposes
language-based model for ranking query results of exact, relaxed, and keyword-
augmented graph-structured queries over RDF graphs. To estimate query result
probability [97] uses witness count (i.e. number of times a triple is observed in ex-
ternal sources). The authors obtain such witness counts using the number of hits of
a web search engine.

A more recent approach [94] takes quality parameters into account and builds a
Conditional Data Quality Profile estimating quality parameters of the data relevant
for the specific query dynamically.

Granularity of profiling for quality-aware query applications: An important
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aspect of data profiling for query answering is the granularity of statistics in the
profile.

One of the earliest approaches addressing the problem of data quality in query an-
swering for integrated systems is presented by Naumann et al. [98]. Here, the quality
profiles are collected at the data source level, i.e. a data source is associated with
a vector of quality metrics, such as overall completeness, accuracy, etc. within the
source. These vectors do not reflect possible quality differences across properties;
However, in the context of Linked Data such property-specific differences are es-
sential as properties within a source oft differ with respect to the quality aspects.
The property-specific quality variations in the data source profiles are considered in
[99]. Here, a vector with quality metrics is associated with each property. Although
such property-specific vectors provide more insides, they still do not take into ac-
count possible quality differences within each property. For example, in the context
of Linked Data such quality differences may arise across entities of different types
sharing a common property.

Recently, [94] presented a query framework that takes into account query-specific
aspects of the data sources along with the user preferences with respect to data qual-
ity. To return the most relevant results, this framework uses data quality preferences
expressed in the user profile and an estimation of the result quality for specific query.
The focus of this work is the user- and query-specific quality estimation as opposed
to overall quality estimation of the source and its properties. The authors propose
a Conditional Data Quality Profile to improve quality estimation for queries bound
with conditions. This work is focused on equality comparisons (but does not cover
range selection conditions).

In this context, the authors discuss the trade-offs between the accuracy of the quality
estimation and the overhead incurred to generate accurate statistics for conditional
data quality profiles.

Features for efficient and quality-aware query applications: The majority
of existing query applications rely on semantic and statistical characteristics (see
Sections 2.1.1 and 2.1.3) at the schema-level, i.e. properties and classes occurring at
certain sources for effective query interpretation. In addition, applications that opti-
mize for efficient query processing require data-level statistics (including frequency
and interlinking) either on triple level or for each subject, object and predicate
individually [91]. Finally, quality-aware query applications also take into account
qualitative characteristics (see Section 2.1.2) (e.g., completeness and accuracy) at
different granularity levels. This includes overall data source statistics [98], as well
as property-specific [99] and type-specific statistics [94].
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3.1.5 Data Linking Applications

Data linking applications aim at generating links between entities from different
data sources that refer to the same real world object. This task is referred as
instance matching (IM), entity resolution, interlinking, reference reconciliation, also,
it can be in line with record linkage for databases and entity annotation in the text
mining context. For entity annotations, we cite some popular tools and services
using NLP techniques such as DBpedia Spotlight [100], Illinois Wikifier [65], and
the multilingual tools Babelfy which is a dedicated multilingual annotation service
supporting 50 languages [101].

On the other hand, some data linking approaches are numerical3 by using complex
similarity measures, aggregation functions and thresholds to build linkage rules. For
example, interlinking systems like LIMES [102] or SILK [103], require link specifi-
cation files where the user is expected to provide the names of the classes, in which
to look for instances to match and the properties whose values to compare. In this
context, data linking can be seen as a linking operation taking as input two different
datasets and produces as output a set of links between similar instances with dif-
ferent descriptions linked with the “owl:sameAs” link or the set of SKOS “Match”
properties. Hence, an important step towards the data linking task is the discovery
of relevant datasets that may contain similar resources to be linked with the iden-
tity or other type of relations. For this purpose, candidate datasets discovery task
requires a comparison framework that rank different target datasets with respect to
a given source. In particular, we need to identify the set of profiles features that
describe a dataset and allow the comparison of different datasets with regard to
their represented characteristics.

Features for data linking applications: Data linking applications described
above typically use semantic features discussed in Section 2.1.1 such as topics, do-
mains, languages (versatility) 3 and location coverage 2, as well as representative
parts of schema/instances, and specifically the key candidates extracted with the
keys discovery approaches that is particularly useful in the configuration step. For
candidate dataset discovery, we will go through different used profile features in the
remainder of this chapter.

3.2 Candidate Datasets Identification for Data Link-

ing

The purpose of this section is to stress on the challenge of “finding candidate datasets
to link to”.

3Numerical approachs are used to find numerical approximations to the solutions
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3.2.1 Motivation

In line with the data linking applications, the first challenge facing the data linker
is to identify potential target datasets that may contain similar instances as a given
source dataset. For this purpose, let us take a step back from the naive methods
which have been usually adopt, i.e., one of two following solutions: (i) applying the
brute force for combining all the possible pairs of datasets to the interlinking tool;
and (ii) requesting the user for selecting the most suitable datasets following his
beliefs.

However, with the huge growth of the web of data, and notably LOD cloud, an
exhaustive search of all existing datasets in available catalogues, is manually un-
feasible. Hence, the most common linking tradition is limited to target popular
and cross domain datasets such as DBpedia [104], whereas many other potential
LOD datasets has been ignored. This led to an inequitable distribution of links and
consequently, a limited semantic consumption in the Linked Data graph.

Recommender systems can provide effective solutions to reduce human efforts in
searching candidate datasets challenges. Recommender systems have been an active
research area for more than a decade. Typically, recommendation approaches are
based on explicit score ratings for candidate items. This scoring can produce an
ordered list of suitable results or even more to reduce the search space to the Top
N most suitable recommendation.

In this dissertation, we adopt this recommendation concept in order to find suitable
target datasets for the interlinking. This task is, also, known under the names of:
candidate datasets “identification”, respectively, “selection” and “recommendation”.

3.2.2 Current Works on Candidate Datasets Selection

With respect to finding relevant datasets on the Web, we cite briefly several studies
on discovering relevant datasets for query answering have been proposed. Based on
well-known data mining strategies, the works in [18] and [17] present techniques to
find relevant datasets, which offer contextual information corresponding to the user
queries. A used feedback-based approach to incrementally identify new datasets
for domain-specific linked data applications is proposed in [105]. User feedback
is used as a way to assess the relevance of the candidate datasets. Also, we cite
the LODVader [106], a framework for LOD Visualisation, Analytics and Discovery,
which proposes to compare datasets using Jaccard coefficient based on rdf:type,
owl:Classes and general predicates.

In the following, we cite approaches that have been devised for candidate dataset
recommendation for the interlinking task and which are directly relevant to our
work.
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Nikolov et al. [107] propose a keyword-based search approach to identify candidate
sources for data linking. The approach consists of two steps: (i) searching for
potentially relevant entities in other datasets using as keywords randomly selected
instances over the literals in the source dataset, and (ii) filtering out irrelevant
datasets by measuring semantic concept similarities obtained by applying ontology
matching techniques.

Leme et al. [108] present a ranking method for datasets with respect to their rel-
evance for the interlinking task. The ranking is based on Bayesian criteria and on
the popularity of the datasets, which affects the generality of the approach (cf. the
cold-start problem discussed previously). The authors extend this work and over-
come this drawback in [109] by exploring the correlation between different sets of
features—properties, classes and vocabularies— and the links to compute new rank
score functions for all the available linked datasets.

Mehdi et al. [110] propose a method to automatically identify relevant public
SPARQL endpoints from a list of candidates. First, the process needs as input a set
of domain-specific keywords which are extracted from a local source or can be pro-
vided manually by an expert. Then, using natural languages processing techniques
and queries expansion techniques, the system generates a set of queries that seek
for exact literal matches between the introduced keywords and the target datasets,
i.e., for each term supplied to the algorithm, the system runs a matching with a set
of eight queries: {original-case, proper-case, lower-case, upper-case} * {no-lang-tag,
@en-tag}. Finally, the produced output consists of a list of potentially relevant
SPARQL endpoints of datasets for linking. In addition, an interesting contribution
of this technique is the bindings returned for the subject and predicate query vari-
ables, which are recorded and logged when a term match is found on some particular
SPARQL endpoint. The records are particularly useful in the linking step.

A recent approach is presented by Röder et al. [111], where authors present Tapioca,
a linked dataset search engine for topical similarity of datasets. Topics are frequent
schema classes and properties extracted from the dataset metadata. The similarity
of two datasets is defined as the similarity of their topic distributions which are
extracted using the Latent Dirichlet Allocation – a generative model for the creation
of natural language documents.

As stated before, to the best of our knowledge, only few existing approaches aim
to deal with the candidate datasets identification challenge. Furthermore, none of
the studies outlined above have been evaluated in term of real world LOD datasets,
except for [109] approach which, according to the authors, achieves a mean average
precision of around 60%.

Hence, in this dissertation, we have chosen to face the challenge of providing a
greater efficiency when dealing with real world LOD datasets. To this end, we will
introduce a new candidate dataset recommendation approach for the interlinking
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process.

3.3 Conclusion

In the beginning of this chapter, we gave an overview of what profiles features
that can be used in application like information retrieval, distributed query, data
curation and notably data linking. We should retain that, given the continuous
evolution and expansion of the Web of data, the problem of dataset profiling will
become an increasingly important one, and corresponding methods will form a cru-
cial building block for enabling reuse and take-up of datasets beyond established
and well-understood knowledge bases and reference graphs.

In the second part of this chapter, we addressed the task of candidate datasets
identification for data linking where a profiling methods are crucial for the datasets
comparison process and, consequently for datasets ranking. In the remainder of this
dissertation, we will present two different approaches for datasets identification for
the interlinking process showing the impact of adopting different profile features.
The proposed approaches will be evaluated via relevant experiments based on real
world datasets from the LOD cloud.
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Introduction

The wide variety and heterogeneity of web datasets characteristics, in particular
Linked Open Data (LOD) [112], pose significant challenges for data consumers when
attempting to find useful datasets without prior knowledge of available datasets.
Dataset registries such as Datahub1 or DataCite2 aim at addressing this issue, for
instance, by enabling users and data providers to annotate their datasets with some
basic metadata, for instance, descriptive tags and access details. However, due to
the reliance on human annotators, such profile are often sparse and outdated [1].
This has contributed to the fact that, the majority of data consumption, linking
and reuse focuses on established datasets and knowledge graphs such as DBpedia
or YAGO, while a long tail of datasets has hardly been reused and adopted.

However, with the huge growth of the Linked Open Data Cloud, this task is becoming
harder and harder to proceed manually. Hence, the proposed solution for easing this
task is the automatic recommendation of a set of candidate datasets to be linked,
which consequently, reduces considerably the search space.

This chapter will meet the data linking challenge, presented in Section 3.1.5, in the
process of candidate datasets identification for interlinking. Our recommendation
approach relies on the notion of a dataset profile, with its large definition, providing
comparable representations of the datasets by the help of characteristic features.

In this chapter, we provide a new recommendation method based on the direct re-
latedness of datasets as emerging from the topic-dataset-graph produced through
the profiling method of Fetahu et al. [1]. In line with our datasets profiles features
taxonomy (cf. Fig.2.1), the adopted topic profile is fitted in the semantic charac-
teristics part, as described in Section and 1 . Furthermore, we adopt established
collaborative filtering practices by considering the topic relationships emerging from
the global topic-dataset-graph to derive specific dataset recommendations. We ex-
ploit dataset connectivity measures to relate non-profiled datasets to datasets in the
dataset-topic-graph, enabling us to consider arbitrary datasets as part of our rec-
ommendations. The intuition is that this leads to more robust and less error-prone
recommendations, since the consideration of global topic connectivity provides reli-
able connectivity indicators even in cases where the underlying topic profiles might
be noisy. Our assumption is that even poor or incorrect topic annotations will serve
as reliable relatedness indicator when shared among datasets.

In our experiments, we apply our approach to the LOD cloud as one scenario and
use case, where dataset recommendation is of particular relevance. Our experi-
ments show superior performance compared to three simple baselines, namely based
on shared key-words, shared topics, and shared common links. In a series of exper-

1http://datahub.io
2http://datacite.org
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iments, we demonstrate the performance of our technique compared to the current
version of the LOD as an evaluation data, achieving a reduction of the original
(LOD) search space of up to 86% on average.

The contributions of the dissertation that will be presented in this chapter are:

• A dataset recommendation technique based on topic-profiles.

• An efficient approach of propagating dataset profiles over the entire LOD
cloud.

• A set of baseline recommendation approaches, made available to the commu-
nity as a benchmark.

This chapter is organized as follows. Section 4.1 formalises the used notions and def-
initions of datasets topic profiling and datasets connectivity. Section 4.2 discuss the
topic profiles approach that we adopted as a preprocessing step. Section 4.3 presents
the theoretical grounds of our technique. Finally, Section 4.5 depicts the conducted
experiments of our approach using real world LOD datasets before concluding in
Section 4.6. This chapter is based on [113].

4.1 Preliminaries

We start by introducing notation and definitions. Let T1, ..., TN be a number of
topics from a set of topics T and let D = {D1, ..., DM} be a set of datasets.

4.1.1 Dataset Topic Profile

Topic modeling algorithms such as Latent Dirichlet allocation [114] are used to
discover a set of topics from a large collection of documents, where a topic is a
distribution over terms that is biased around those associated under a single theme.
Topic modeling approaches have been applied to tasks such as corpus exploration,
document classification, and information retrieval. Here, we will look into a novel
application of this group of approaches, exploiting the topic structure in order to
define and construct dataset profiles for dataset recommendation.

As a result of the topic modeling process, a bipartite—profile—graph is built, pro-
viding a relation between a document and a topic. Documents in our setting are
the datasets to be considered, therefore the profile graph is induced by the relation
between a dataset, Di, and a topic, Tk, expressed by a weight, wik ∈ [0, 1], for all
i = 1, ...,M and k = 1, ..., N . Formally, a profile graph is defined as follows.

Definition 3 (Dataset Topic Profile Graph (DTPG)) A dataset topic profile
graph is a weighted directed bipartite graph P = (S, E ,∆), where S = D ∪ T , E is a
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Figure 4.1: (a) An example of a bipartite profile graph with topics and datasets
linked by weighted edges. (b) Representing a dataset, Di, as a set of topics. (c)
Representing a topic, Tk, as a set of datasets.

set of edges of the form eik = (Di, Tk) such that Di ∈ D and Tk ∈ T and

∆: E → [0, 1]

eik 7→ wik

is a function assigning weights to the edges in E .

The bipartite property of DTPG allows to represent a given dataset by a set of
topics—its profile. For the purposes of this study, it is worth noting that, inversely,
a topic can be represented by a set of weighted datasets—what we will call the
signature of a topic (see Figure 4.1). We will denote by Profile(Di) the function
returning the topic profile of Di, i.e., the set of topics together with their weights
with respect to Di. Inversely, we will denote by DTk

the set of datasets together
with their weights with respect to a topic Tk, derived again from the graph DTPG.

4.1.2 Datasets Connectivity

The connectivity behavior of datasets is a central concept within the proposed rec-
ommendation framework. We consider the following definition of a measure of the
strength of dataset connectedness.

Definition 4 (Dataset inter-connectivity measure) Let Di, Dj ∈ D be two datasets.
We define a measure of their common degree of connectivity as follows.

C(Di, Dj) =
shared(Di, Dj)× [total(Di) + total(Dj)]

2× total(Di)× total(Dj)
(4.1)

where shared(., .) returns the number of links between two datasets and total(Di)
returns the total number of links between Di and any other dataset in D.

Note that (4.1) is the symmetric version of the measure of connectivity of Di to Dj

given by

C ′(Di, Dj) =
shared(Di, Dj)

total(Di)
.
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Explicitly, (4.1) is obtained by taking the mean

C ′(Di, Dj) + C ′(Dj, Di)

2
= C(Di, Dj).

The measure C is in the interval [0, 1] and has the advantage of considering the
relative connectivity between datasets instead of simply looking at the number of
links. In our experimental setting, shared(Di, Dj) is taken as the sum of the links
between two datasets in both directions: Di → Dj and Dj → Di, resulting in the
number of incoming and outgoing links between the datasets. A specific version of
the measure C can be defined by taking only certain types of links (or predicates)
in consideration (in our application scenario, we have considered LOD datasets,
therefore an example of a specific predicate can be owl:sameAs).

In a more general manner, it is possible to use any dataset connectivity measure
of our choice. The measure given above is one that worked well in our experi-
ments (see Section 4.5). In addition, one can define in a broader sense a measure
of dataset relatedness incorporating semantic elements such as vocabulary and key-
words overlap. Dataset complementarity can be of interest in certain scenarios, as
well. However, in the current study we have focused on connectivity only, leaving
the other possibilities out for future work.

4.2 Topic Modeling as a Preprocessing/Learning

Step

In this section, we will describe the preprocessing step of our candidate dataset
recommendation system. In order to profile our dataset we adopt on the topic
profiling approach of [1] which will be described in Section 4.2.1. Then, in section
4.2.2, we introduce our proposition of the expanding this profile graph over the entire
LOD.

4.2.1 Dataset Topic Profiling

The [1] approach consists of a processing pipeline that combines suitable techniques
for dataset sampling, topic extraction and topic relevance ranking. As shown in
Figure. 4.2 ,the main steps of the topic profiles extraction pipeline are the following:

(i) First the system extracts metadata from DataHub using the CKAN API. To ex-
tract the metadata for datasets part of the LOD-Cloud group in DataHub one
can call the WEB-REST service: http://datahub.io/api/action/group_

show?id=lodcloud. These metadatas are crucial to access LOD datasets, i.e.,
by SPARQL endpoint or a dump file.
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(ii) For each LOD dataset, the system extracts resource types and a sample of
instances. The system is able to use three techniques of sampling:

1. random sampling: resource instances are selected randomly.

2. weighted sampling: resource instances that carry more information
(higher wight which is computed based on the number of datatype prop-
erties used to define a resource) have higher chances to be selected.

3. resource centrality sampling: The weight here is the ratio of the
number of resource types used to describe a particular resource divided
by the total number of types in a dataset. Such a strategy ensures that
the selected resources are instances of the most important concepts (the
more structured and linked to other concepts).

(iii) In this step, the system extracts all the literal values of the extracted sample
of resource instances from the previous step. Then, it extracts named entities
from this textual information using the NER tool DBpedia Spotlight [100]
which results on a set of DBpedia resources. The topics T are the DBpedia
categories instances assigned to the extracted entities through the datatype
property dcterms:subject. Authors notes that the topics are expanded with
related topic instances (via the property skos:broader up to two levels (de-
termined experimentally).

Example, for a particular resource instance i.e. ¡http://data.linkededucation.
org/resource/lak/conference/edm2012/paper/21¿ the system extracts all
the literal values and extracts the corresponding entities from DBpedia Spot-
light such as: ¡http://dbpedia.org/resource/Learning¿, ¡http://dbpedia.
org/resource/Student¿ then their corresponding categories are extracted:
¡http://dbpedia.org/resource/Category:Cognition¿, ¡http://dbpedia.
org/resource/Category:Academia¿, ¡http://dbpedia.org/resource/Category:
Education¿, ¡http://dbpedia.org/resource/Category:Intelligence¿; etc.

(iv) The extracted topics from the previous step are assigned to their corresponding
datasets to construct a weighted bipartite graph which we named DTPG as
defined in Def. 3. Recall that wik is the weight of the topic Tk with respect
to Di as given in Def. 3. For this purpose authors used PageRank with
Priors [115], K-Step Markov [116] and HITS [117], in a combination with a
Normalised Topic Relevance Score, in order to rank topics with respect to their
relevance to the LOD datasets.

(v) The resulted datasets topic profile graph is represented via the VoID and the
Vocabulary of Links (VoL)3. This graph is accessible via the following SPARQL
endpoint: http://data-observatory.org/lod-profiles/profile-explorer.

3http://data.linkededucation.org/vol/index.htm
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Figure 4.2: Linked Data graphs topic profiles extraction pipeline [1].

The current version of the topic dataset profile graph contains 76 datasets and
185,392 topics. Working with this already annotated subset of existing datasets is
not sufficient and would limit the scope of our recommendations significantly. In
addition, the number of the profiled datasets, compared to the number of topics is
very small, which in turn appeared to be problematic in the recommendation process
due to the high degree of topic diversity leading to a lack of discriminability.

One way of approaching this problem would be to index all LOD datasets by applying
the original profiling algorithm [1]. However, given the complexity of this processing
pipeline—consisting of resource sampling, analysis, entity and topic extraction for a
large amount of resources—it is not efficient enough, specifically given the constant
evolution of Web data, calling for frequent re-annotation of datasets. In the next
section we will propose, one of the original contributions of this dissertation, an
efficient method for automatic expansion of the initial profiles index given in [1]
over the entire linked open data space based on dataset connectivity measures.
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4.2.2 Expanding the Profiles Graph over the LOD

Let DTPG be a topic profile graph and let Dj ∈ D be a random dataset, which is
not necessarily included in the original topic profile graph DTPG. We assign topic
weights to Dj considering its degree of connectivity with respect to datasets from
the topic profile graph by using the following measure of relatedness between linked
datasets and topics (see Figure. 4.3, steps 1 and 2).

Definition 5 (Connectivity-based dataset andtopic relatedness measure)
Let Dj ∈ D and Tk ∈ T . We define the following dataset and topic relatedness mea-
sure.

σ(Dj, Tk) = max
Di∈D

C(Di, Dj) ∗ wik. (4.2)

Recall that wik is the weight of the topic Tk with respect to Di as given in Def. 3,
taking a zero value in case Tk is not in Profile(Di). C(Di, Dj) is the connectivity
measure between two datasets, as defined in (4.1). The dataset and topic relatedness
measure σ is a way to measure the datasets connectivity behavior using their profiles.
We will use the notation σjk = σ(Dj, Tk) as a shortcut. Note that σ is in the [0, 1]
interval.

This new weighting scheme allows to propagate inexpensively the profile of Di to
datasets that are connected to it. Hence, a new graph is created between target
datasets and source datasets topics. Precisely, a topic Tk ∈ Profile(Di) will be
assigned to a dataset Dj that has a non-zero value of C(Di, Dj). The weight of
this novel topic-dataset relation is now based on the connectivity order of Dj with
respect to Di, scaled by the weight wik of Tk with respect to Di. In that sense, wik

plays a penalization role: the novel weight σjk of Tk with respect to Dj is penalized
by the weight of Tk in the original topic graph, i.e., datasets with high degree of
connectivity to Di will get relatively low weights with respect to a topic, if that
topic has a relatively low weight with respect to Di. We consider the maximum
value over all datasets in D, the set of the originally profiled datasets. In this way,
we avoid ambiguity when a non-indexed dataset Dj is connected to a single topic
Tk via multiple already indexed datasets, assuring that the highest value of relation
between Tk and Dj is preserved. Thus, the choice of a topic to be assigned to a
dataset is not influenced, only its weight is, and no connectivity information is lost.

The topic-dataset relatedness measure (5) allows to construct a novel profile graph
by computing σjk for all possible values of j and k (j = 1, ...,M and k = 1, ..., N).
The novel graph, that we call the Linked Dataset Topic Profile Graph (LDPG),
includes new datasets and the original topics as its nodes and is defined as follows
(see Figure. 4.3, step 2).



4.3. TOPIC PROFILE-BASED FRAMEWORK 53

Definition 6 (Linked Dataset Topic Profiles Graph (LDPG)) The LDPG is
a weighted directed bipartite graph Pl = (Sl, El,∆l), where Sl = D∪T , El is a set of
edges of the form e′jk = (Dj, Tk) such that Dj ∈ D and Tk ∈ T and

∆l : El → [0, 1]

e′jk 7→ σjk

is a function assigning weights to the edges in El.

As this was the case within the original profiling scheme, the inherently bipartite
nature of the graph Pl allows for a two-fold interpretation — either a dataset is
modeled as a set of topics (a dataset’s profile), or, inversely, a topic is modeled as
a set of datasets assigned to it (a topic’s signature). Therefore, it is easy to define
a set of significant datasets with respect to a given topic, by thresholding on their
weights in the Linked profiles graph with respect to the topic of interest. Note again
that for the purposes of the recommendation task, we will be interested in keeping
the weights of every dataset in the resulting topic representations and thus model
every topic by a set of (dataset, weight) couples.

Definition 7 (Dataset significance for a topic. Topic signature) A dataset Dj ∈
D is significant with respect to a topic Tk ∈ T if its weight in the LDPG σjk =
σ(Dj, Tk) is greater than a given value θ ∈ (0, 1).

A topic Tk is modeled by the set of its significant datasets together with their respec-
tive weights, given as

D∗
Tk

= {(Dj, σjk)|σjk > θ}j=1,...,M , (4.3)

for k = 1, ..., N. We will call D∗
Tk

the signature of the topic Tk.

With this definition, the profile of a given dataset, Profile(Di), is modeled as a
number of sets of significant datasets – one per topic in Profile(Di) coupled with
their weights with respect to each topic (see Figure. 4.3, step 3), or otherwise – a
set topic signatures.

For sake of generality, we draw the readers attention to the fact that the learning
approach resulting in index (topic model) extension applies to any dataset profile
definition that one might like to consider and not exclusively to the one based on
the topic modeling paradigm.

4.3 Topic Profile-based Framework

Recall that, in line with [109], dataset recommendation is the problem of computing
a rank score for each of a set of datasets D so that the rank score indicates the
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Figure 4.3: The preprocessing steps of the profile-based dataset recommendation
framework.

relatedness of a dataset from D to a given dataset, D0. In turn, this allows to
determine the likelihood of datasets in D to contain linking candidates for D0.

This section will introduce our topic-based recommendation approach which is mainly
inspired by the ”Collaborative Filtering (CF)” technique – one of the most used and
successfully applied methods for personalized recommender systems, a large and
continuously active literature exists(see [13]). Basically, the CF approaches tend
to recommend for active user the items that similar users– those with similar
tastes– liked in the past, i.e., some items must have been rated in the past. This
is termed “Collaborative-filtering” methods because, we filter objects based on the
similarities in behavior using collaboration between users or items. The intuition
is that the recommendations coming from these similar users should be relevant as
well and of interest to the active user because they had a similar behaviour in the
past.

In the context of LOD dataset recommendation, in order to detects similar tastes
of connectivity, we start by grouping datasets by their topics profiles - see Figure.
4.3, steps 1 to 3. Then, we detect the connectivity behaviour of the datasets based
on their topics profiles using the existing linksets (connectivity) between datasets,
as quantified in Eq. 4.1, to construct a recommendation datasets system (Figure.
4.4, step 4).

In other words, let D0 be an unpublished and non-linked dataset. The aim of the
recommendation task is to provide the user with an ordered list of datasets, potential
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Figure 4.4: The recommendation step of the profile-based dataset recommendation
framework.

candidates for interlinking with D0, which narrows down considerably the original
search space (i.e., the LOD cloud) and contains little popular and weakly linked
datasets. As defined in [109], dataset recommendation is the problem of computing
a rank score for each Dj ∈ D that indicates the likelihood of Dj to be relevant
to a dataset D0. In the context of using topic-based dataset profiles for linking
recommendation, we restate the problem in the following manner.

For a given non-linked dataset D0, profile-based dataset recommendation
is the problem of computing a rank score r0j for each Dj ∈ D based on
topic overlap between Dj and D0, so that r0j indicates the relevance of
Dj to D0 for the interlinking task.

We start by generating the topic profile of D0, Profile(D0) = {(T1, w01), ...,
(Tm, w0m)}. As a results of the expansion of the topic profiles over the LOD datasets,
we have a set of significant LOD datasets for each topic in Profile(D0) together
with their corresponding relevance values σ, namely the set of m topic signatures
{D∗

Tk
}mk=1. These datasets constitute the pool, from which we will recommend inter-

linking candidates to D0. We will use n to denote their number, that is n =
m∑

j=1

|D∗
Tj
|,

or the sum of the numbers of datasets in each topic signature. The aim is to serve
the user with the most highly ranked datasets from that pool. There are two rank-
ing criteria to consider: the weight w of each topic in Profile(D0) and the weight
σ of each dataset in each of the topic signatures in {D∗

Tk
}mk=1 (step 4 in Figure.

4.4). Since the ranking score in our setting depends on topic overlap, we define the
interlinking relevance of a dataset Dj with respect to D0 in the following manner.
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Definition 8 (Dataset interlinking relevance) For all j = 1, ..., n, the rele-
vance of a dataset Dj ∈ D to a dataset D0 via the topic Tk is given by

r0j = w0k ∗ σjk, (4.4)

with k = 1, ...,m.

Note that j covers the total number of datasets in the set of m topic signatures,
therefore the relevance value depends on j only (i.e., a single relevance value per
dataset from the pool of candidates). Similarly to the definition of σ in Def. 8, w
has a penalization function, decreasing the ranks of datasets that have high values of
their σ weights, but are found in topic signatures of a low relevance to D0 (expressed
by a low value of w).

It is easy to define a mapping f : R → N from a space of interlinking relevance
values R to the natural numbers such that f(r0j1) > f(r0j2) ⇐⇒ r0j1 ≤ r0j2 , for any
j1, j2 ∈ [1, n] and 1 = maxj f(r

0
j ). With this definition, since there is a relevance

value r0j per dataset Dj ∈ D, f(r0j ) returns the rank of the dataset Dj with respect
to D0. The results of the recommendation process are given in a descending order
with respect to these ranks.

4.4 Evaluation Framework

The quality of the outcome of a recommendation process can be evaluated along
a number of dimensions. Ricci et al. [13] provide a large review of recommender
system evaluation techniques and cite three common types of experiments: (i) offline
setting, where recommendation approaches are compared without user interaction,
(ii) user studies, where a small group of subjects experiment with the system and
report on the experience, and (iii) online experiments, where real user populations
interact with the system.

In our approach, we assume that the dataset connectivity behavior when data were
collected (i.e., steps 1, 2 and 3 in Fig. 4.3) is similar enough to the profile connectivity
behavior when the recommender system is deployed (i.e., step 4 in Fig. 4.4), so that
we can make reliable decisions based on an offline evaluation. The offline experiment
is performed by using pre-collected data as evaluation data (ED). Using these data,
we can simulate the profiles connectivity behavior that impacts the recommendation
results.

The most straightforward, although not unproblematic (see the discussion that fol-
lows below) choice of ED for the entity linking recommendation task is the exist-
ing link topology of the current version of links between web datasets. Since this
evaluation data are the only available data that we have for both training (our pre-
processing steps 1, 2 and 3 in Fig. 4.3) and testing (the actual recommendation
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in step 4 of Figure. 4.4), we opted for a 5-fold cross-validation [118] to evaluate
the effectiveness of the recommendation system. As shown in Figure. 4.5, in 5-fold
cross-validation, the ED was randomly split into two subsets: the first one, contain-
ing random 80% of the linked datasets in the ED, was used as training set while
the second one, containing the remaining linked datasets (i.e., random 20% of the
ED), was retained as the validation data for tests (i.e., the test set). We repeated
these experiments five times changing at each time the 20% representing the test
set in order to cover 100% of the whole data space. The evaluation is based on the
capacity of our system to reconstruct the links from the ED in the recommendation
process.

Figure 4.5: The 5-fold Cross-Validation.

Among the 5-fold cross-validation we evaluated the efficiency of our system with
the Leave-one-out approach using most common measures to evaluate recommender
systems. These measures are formalized as functions of the true positives (TP), false
positives (FP), true negatives (TN) and false negatives (FN) as follows.

Precision:

Pr =
TP

TP + FP
. (4.5)

Recall:

Re =
TP

TP + FN
. (4.6)

F1-Score:

F1 =
2TP

2TP + FN + FP
. (4.7)
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In addition, [13] present a measure of the false positive overestimation, particularly
important in our offline evaluation case:

FalsePositiveRate =
FP

FP + TN
. (4.8)

4.5 Experiments and Results

In this section, we start by a discussion on the evaluation setting then we proceed
to report on the experiments conducted in support of the proposed recommendation
method.

4.5.1 Experimental Setup

As defined in Section 4.1, we will consider two sets of datasets:

• D′: All the datasets indexed by the topics profiles graph4, which will be con-
sidered as source datasets (to be linked) in the testing set.

• D: All datasets in the LOD cloud group on the Data Hub5, which will be
considered as target datasets (to be recommended) in the testing set.

We trained our system as described in steps 1, 2 and 3 in Figure. 4.3. We started by
extracting the topic profiles graph from the available endpoint of Data Observatory6.
Then we extracted VoID descriptions of all LOD datasets, using the datahub2void
tool7. The constituted evaluation data corresponds to the outgoing and incoming
links extracted from the generated VoID file (it is made available on http://www.

lirmm.fr/benellefi/void.ttl).

Note that in the training set we used the actual values of VoID:triples (see Section
4.2) to compute dataset connectivity, while in the test set we considered binary
values (two datasets from the evaluation data are either linked or not). For example,
shared(tip, linkedgeodata) = 6, so in the training set we considered 6 as the shared
triples value in Eq. (4.1), while in the test set we only consider the information
that tip is connected to linkedgeodata and vice versa. Training is performed only
once. The experiments have been executed on a single machine with 32GB RAM
and processor CPU@2.8Ghz, Intel(R) core(TM) i7-4900MQ.

4http://data-observatory.org/lod-profiles/profile-explorer/
5http://datahub.io/group/lodcloud
6http://data-observatory.org/lod-profiles/sparql
7https://github.com/lod-cloud/datahub2void
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Figure 4.6: Recall/Precision/F1-Score over all recommendation lists for all source
datasets in D′ and all target datasets in D.

4.5.2 Results and Analysis

We ran our recommendation workflow as described in step 4 in Fig. 4.4. Using
5-fold cross-validation, for each dataset in D′, we recommended an ordered list of
datasets from D. The results are given in Fig.4.6.

The results show a high average recall of up to 81%. Note that the recommendation
results for 59% of the source datasets have a recall of 100% and two of them have
an F1-score of 100%. As mentioned in Section 4.5.1, we considered only the binary
information of the existence of a link in the LOD as evaluation data in the testing
set. This simplification has been adopted due to the difficulty of retrieving all actual
links in the LOD graph (implying the application of heavy instance matching or data
linking algorithms on a very large scale). Certainly, the explicit currently existing
links are only a useful measure for recall, but not for precision. In our experiments,
we measured an average precision of 19%. We explain that by the fact that the
amount of explicitly declared links in the LOD cloud as ED is certain but far
from being complete to be considered as ground truth. Subsequently, we
are forced to assume that the false positive items would have not been used even
if they had been recommended, i.e., that they are uninteresting or useless to the
user. For this reason, based on our evaluation data, a large amount of false positives
occur, which in reality are likely to be relevant recommendations. In order to rate
this error, we calculated the false positive rate over all results, shown in the Fig.
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Figure 4.7: False Positive Rates over all recommendation lists over all D′ datasets.

4.7. The small values of this rate indicate that every time you call a positive, you
have a probability of being right, which provide support to our hypothesis with an
average FP-Rate of 13%.

To further illustrate the effect of false positives overestimation, we included in the
ED new dataset links based on the shared keywords of the datasets. Precisely, if two
datasets share more then 80% of their VoID tags, they are considered as linked, and
are added to the ED. For example, linkedgeodata is connected to 4 datasets in the
main ED: osm-semantic-network, dbpedia, tip et dbpedia-el. However, we found that
linkedgeodata shared more than 80% of its tags with fu-berlin-eurostat and twarql8.
By adding both links to the original ED, we noted a gain in precision of 5% for the
linkedgeodata dataset with no impact on recall. Thus, we believe that our system
can perform much better on more complete ED.

The main goal of a recommender system is to reduce the cost of identifying candi-
date datasets for the interlinking task. Some systems may provide recommendations
with high quality in terms of both precision and recall, but only over a small portion
of datasets (as is the case in [108]). We obtain high recall values for the majority of
datasets over the entire set of LOD datasets with a price to pay of having relatively
low precision. Here, low precision/high recall systems still offer significant contri-
butions by lowering the search space. Therefore, we highlight the efficiency of our
system in reducing the search space size. Figure. 4.8 depicts the reduction of the
original search space size (258 datasets) in percentage over all source datasets to be
linked. The average space size reduction is of up to 86%.

8 Example: linkedgeodata has 11 tags and twarql has 9 tags. We considered as connected since
they shared 8 tags which is higher than the 80% of the average amount, i.e., 8 < (0.8 ∗ (11+9)/2).
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Figure 4.8: Search space reduction in percent over all recommended sets and over
all D′ datasets.

As mentioned previously, our system can cover 100% of the available linked datasets,
since the topics-datasets profiling approach [1] as well as our profile expansion ap-
proach presented in Section 4.2 are able to profile any arbitrary dataset. Our system
is also capable of dealing with the well-known cold-start problem (handling correctly
newly published and unlinked datasets), since any new dataset can be indexed by
the topic profiles graph P or by the LOD profiles graph Pl and fed into the recom-
mendation pipeline.

4.5.3 Baselines and Comparison

To the best of our knowledge, there does not exist a common benchmark for dataset
interlinking recommendation. One of the contributions of this dissertation is the
provision of three simple baseline approaches for this problem. Given two datasets,
D0 and Dj, we define the following baseline recommendation methods.

Shared Keywords Recommendation: if D0 and Dj share Ntags of VoID:Tags
extracted from http://www.lirmm.fr/benellefi/void.ttl with Ntags > 0,
then we recommend (Dj, Ntags) to Di, where Ntags acts as a rank score.

Shared Links Recommendation: if D0 and Dj have Nlinks connected datasets in
common from http://www.lirmm.fr/benellefi/void.ttl with Nlinksets >

0, then we recommend (Dj, Nlinks) to D0, where Nlinks acts as a rank score.

Shared Topics Recommendation: if D0 and Dj share Ntopics topics extracted
from http://data-observatory.org/lod-profiles/sparql with Ntopics >
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Figure 4.9: F1-Score values of our approach versus the baselines overall D′ datasets

0, then we recommend (Dj, Ntopics) to D0, where Ntopics acts as a rank score.

The recommendation results for all LOD datasets (D0 covering D) of the three base-
line approaches are made available on http://www.lirmm.fr/benellefi/Baselines.
rar.

Figure. 4.9 and Figure. 4.10, respectively, depict detailed comparisons of the F1-
Score and the Recall values between our approach and the baselines over all D′

datasets taken as source datasets. From these figures, it can be seen that our method
largely outperforms the baseline approaches, which even fail to provide any results
at all for some datasets. The baseline approaches have produced better results than
our system in a limited number of cases, especially for source and target datasets
having the same publisher. For example, the shared keywords baseline generated
an F-Score of 100% on oceandrilling-janusamp, which is connected to oceandrilling-
codices, due to the fact that these two datasets are tagged by the same provenance
(data.oceandrilling.org).

Table 5.1 compares the performance of our approach to the three baseline methods
in terms of average precision, recall and F1-score.

As a general conclusion, these observations indicate that the collaborative filtering-
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Figure 4.10: Recall values of our approach versus the baselines overall D′ datasets

Our approach Shared Keywords Shared linksets Shared Topics
Profiles

AVG Precision 19% 9% 9% 3%
AVG Recall 81% 47% 11% 13%
AVG F1-Score 24% 10% 8% 4%

Table 4.1: Average precision, recall and F1-score of our system versus the baselines
over all D′ datasets based on the ED.

like recommendation approach, which exploits both existing dataset profiles as well
as traditional dataset connectivity measures, show a high performance on identifying
candidate datasets for the interlinking task.

4.6 Conclusion

In this chapter, we have presented an interlinking candidate dataset recommendation
approach based on topic-profiles. We demonstrated the effectiveness of our approach
in term of common evaluation measures for recommender systems and specially on



64 CHAPTER 4.

the search space reduction metric. Furthermore, we have shown that this approach
outperforms the three baseline which have been developed for the purposes of this
study and made available to the community. An additional contribution through
this chapter was by providing a new technique for dataset profiles propagation in
order to index the entire LOD datasets, starting off with a limited number of profiled
datasets.

This collaborative filtering-like recommendation approach gets its full performance
from learning the connectivity behaviour of the existing linksets between LOD
datasets. However, the amount of explicitly declared links in the LOD cloud, has
led to a weak considered learning data, and consequently a precision of 19% that
needs improvements. To this end, the next chapter will introduce our new dataset
recommendation approach that adopts a new profile features and breaks away from
the learning step.
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Introduction

We remind that the overarching aim of this dissertation is to provide an efficient
candidate dataset recommendation approach in order to change the fact of only few
LOD datasets are reused and linked while a large amount of datasets is ignored.

For this purpose, as argued in the previous chapter, we have introduced our topic-
based dataset recommendation approach that learns the connectivity behaviour of
the LOD datasets based on their topic profiles. Nevertheless, we demonstrate that
the incompleteness of the LOD –in its current version of links– made it ”to poor”
from providing a high quality learning data for our recommendation system. To
deal with the latter issue, we introduce in this chapter a new candidate dataset
recommendation approach which skips the learning step and adopts the notion of
intensional profile – a set of schema concept descriptions representing the dataset.
Furthermore, each concept is mapped to larger text document which provides richer
contextual and semantic information for better intensional representation. In line
with our datasets profiles features taxonomy (cf. Fig.2.1), the adopted intensional
profile can be fitted in the semantic characteristics part, as described in Section
2.1.1.

For better understanding of the intuition behind the proposed approach, we present
our working hypothesis as follows: datasets that share at least one pair of seman-
tically similar concepts, are likely to contain at least one pair of instances to be
linked by a “owl:sameAs” statement. We base our recommendation procedure on
this hypothesis and propose an approach in two steps: (1) for every source dataset
DS, we identify a cluster 1 of datasets that share schema concepts with DS and (2)
we rank the datasets in each cluster with respect to their relevance to DS.

In step (1), we identify concept labels that are semantically similar by using a
similarity measure based on the frequency of term co-occurence in a large corpus
(the web) combined with a semantic distance based on WordNet without relying
on string matching techniques [119]. For example, this allows to recommend to a
dataset annotated by “school” one annotated by “college”. In this way, we form
clusters of “comparable datasets” for each source dataset. The intuition is that for
a given source dataset, any of the datasets in its cluster is a potential target dataset
for interlinking.

Step (2) focuses on ranking the datasets in a DS-cluster with respect to their im-
portance to DS. This allows to evaluate the results in a more meaningful way and
of course to provide quality results to the user. The ranking criterium should not
be based on the amount of schema overlap, because potential to-link instances can
be found in datasets sharing 1 class or sharing 100. Therefore, we need a similarity

1We note that we use the term ”cluster” in its general meaning, referring to a set of datasets
grouped together by their similarity and not in a machine learning sense.
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measure on the profiles of the comparable datasets. We have proceeded by build-
ing a vector model for the document representations of the profiles and computing
cosine similarities.

To evaluate the approach, we have used the current topology of the LOD as evalua-
tion data (ED). As mentioned in the beginning, the LOD link graph is far from being
complete, which complicates the interpretation of the obtained results—many false
positives are in fact missing positives (missing links) from the evaluation data—a
problem that we discussed in Section 4.4 and we will confirm in the sequel. Note
that as a result of the recommendation process, the user is not only given candidate
datasets for linking, but also pairs of classes where to look for identical instances.
This is an important advantage allowing to run more easily linking systems like
SILK [103] in order to verify the quality of the recommendation and perform the
actual linking.

To sum up, this chapter contains the following contributions: (1) a new definition of
dataset profile based on schema concepts, (2) a recommendation framework allowing
to identify the datasets sharing schema with a given source dataset, (3) an efficient
ranking criterium for these datasets, (4) an output of additional metadata such
as pairs of similar concepts across source and target datasets, (5) a large range of
reproducible experiments and in depth analysis with all of our results made available.

We start by describing in Section 5.1 the profiles features that we adopt in our
approach. Then, we proceed to present the theoretical grounds of our technique in
Section 5.2. Section 5.3 defines the evaluation framework that has been established
and reports on our experimental results. A discussion about the results is presented
in Section 5.4. Then we discuss the positioning of our approach with respect to
related works in Section 5.5. Finally, we conclude in Section 5.6. This chapter is
based on [120]

5.1 Dataset Intensional Profiling

Recall that dataset profiles can be seen as a set of dataset characteristics that allow to
describe in the best possible way a dataset and that separate it maximally from other
datasets. A feature-based representation of this kind allows to compute distances or
measure similarities between datasets (or for that matter profiles), which unlocks the
dataset recommendation procedure. These descriptive characteristics, or features,
can be of various kinds (statistical, semantic, extensional, etc.). Recall that, as
introduced in Section 2.1.1, a dataset profile can be defined by a set of types (schema
concepts) names that represent the topic of the data and the covered domain. In
line with that definition, we are interested here in intensional dataset characteristics
in the form of a set of keywords together with their definitions that best describe a
dataset.
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Definition 9 (Dataset Label Profile) The label profile of a dataset D, de-
noted by Pl(D), is defined as the set of n schema concept labels corresponding to D:
Pl(D) = {Li}

n
i=1.

Note that the representativity of the labels in Pl(D) with respect to D can be
improved by filtering out certain types. We rely on two main heuristics: (1) remove
too popular types (such as foaf:Person), (2) remove types with too few instances
in a dataset. These two heuristics are based on the intuition that the probability
of finding identical instances of very popular or underpopulated classes is low. We
support (1) experimentally in Section 5.3 while we leave (2) for future work.

Each of the concept labels in Pl(D) can be mapped to a text document consisting
of the label itself and a textual description of this label. This textual description
can be the definition of the concept in its ontology, or any other external textual
description of the terms composing the concept label. We define a document profile
of a dataset in the following way.

Definition 10 (Dataset Document Profile) The document profile of a dataset
D, Pd(D), is defined as a text document constructed by the concatenation of the la-
bels in Pl(D) and the textual descriptions of the labels in Pl(D).

Note that there is no substantial difference between the two definitions given above.
The document profile is an extended label profile, where more terms, coming from
the label descriptions, are included. This allows to project the profile similarity
problem onto a vector space by indexing the documents and using a term weighting
scheme of some kind (e.g., tf*idf).

By the help of these two definitions, a profile can be constructed for any given
dataset in a simple and inexpensive way, independent on its connectivity properties
on the LOD. In other words, a profile can be easily computed for datasets that
are already published and linked, just as for datasets that are to be published and
linked, allowing to use the same representation for both kinds of datasets and thus
allowing for their comparison by the help of feature-based similarity measures.

As stated in the introduction of this chapter, we rely on the simple intuition that
datasets with similar intension have extensional overlap. Therefore, it suffices to
identify at least one pair of semantically similar types in the schema of two datasets
in order to select these datasets as potential linking candidates. We are interested
in the semantic similarity of concept labels in the dataset label profiles. There are
many off-the-shelf similarity measures that can be applied, known from the ontology
matching literature. We have focused on the well known semantic measures Wu
Palmer [121] and Lin’s [122], as well as the UMBC [119] measure that combines
semantic distance in WordNet with frequency of occurrence and co-occurrence of
terms in a large external corpus (the web). In the following, we depict the definitions
of the adopted measures with respect to their definitions in their respective references
papers.
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For two labels, x and y, we have:

simWUP(x, y) =
2× depth(LCS)

depth(x) + depth(y)
(5.1)

simLIN(x, y) =
2× IC(LCS)

IC(x) + IC(y)
(5.2)

where ”LCS” is the least common subsumer (most informative subsumer) and ”IC”
is the information content.

simUMBC(x, y) = simLSA(x, y) + 0.5e−αD(x,y), (5.3)

where simLSA(x, y) is the Latent Semantic Analysis (LSA) [114] word similarity,
which relies on the words co-occurrence in the same contexts computed in a three
billion words corpus2 of good quality English. D(x, y) is the minimal WordNet [123]
path length between x and y. According to [119], using e−αD(x,y) to transform simple
shortest path length has shown to be very efficient when the parameter α is set to
0.25.

With a concept label similarity measure at hand, we introduce the notion of dataset
comparability, based on the existence of shared intension.

Definition 11 (Comparable Datasets) Two datasets D′ and D“ are comparable
if there exists Li and Lj such that Li ∈ Pl(D

′), Lj ∈ Pl(D“) and simUMBC(Li, Lj) ≥
θ, where θ ∈ [0, 1].

5.2 Recommendation Process: the CCD-CosineRank

Approach

A dataset recommendation procedure for the linking task returns, for a given source
dataset, a set of target datasets ordered by their likelihood to contain instances
identical to those in the source dataset. In the following we will detail each step in
the CCD-CosineRank workflow as depicted in Figure 5.1.

Preprocessing step – This phase consists in representing each dataset by its de-
scriptive profile: its label profile (cf. Definition 9) and its document profile
(cf. Definition 10).

Target Datasets Filtering step – Let DS be a source dataset. We introduce the
notion of a cluster of comparable datasets related toDS, or CCD(DS) for short,
defined as the set of target datasets, denoted by DT , that are comparable to

2http://ebiquity.umbc.edu/resource/html/id/351
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Figure 5.1: Recommendation Process: the CCD-CosineRank Workflow

DS according to Def. 11. Thus, DS is identified by its CCD and all the linking
candidates DT for this dataset are found in its cluster, following our working
hypothesis. Hence, this step consists of limiting the search space of potential
target datasets to CCD.

Datasets ranking step – This step involves a ranking of the filtered datasets in
CCD(DS) with respect to DS. The ranking score should express the likelihood
of a dataset in CCD(DS) to contain identical instances with those of DS. To
this end, we need a similarity measure on the dataset profiles. Since datasets
are represented as text documents profile (cf. Def. 10), we can easily build a
vector model by indexing the documents in the corpus formed by all datasets
of interest – the ones contained in one single CCD. We use a tf*idf weighting
scheme, which allows to compute the cosine similarity between the document
vectors and thus assign a ranking score to the datasets in a CCD with respect
to a given dataset from the same CCD. Note that this approach allows to
consider the information of the intensional overlap between datasets prior to
ranking and indexing – we are certain to work only with potential linking
candidates when we rank, which improves the quality of the ranks. For a
given dataset DS, the procedure returns datasets from CCD(DS), ordered by
their cosine similarity to DS.

Finally, an important outcome of the recommendation procedure is the fact that,
along with an ordered list of linking candidates, the user is provided the pairs of
schema types of two datasets—a source and a target—where to look for identical
instances. This information facilitates considerably the linking process, to be per-
formed by an instance matching tool, such as SILK.
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5.2.0.1 Application of the Approach: an Example

We illustrate our approach by an example. We consider education-data-gov-uk 3

as a source dataset (DS). The first step consists in retrieving the schema con-
cepts from this dataset and constructing a clean label profile (we filter out noisy
labels, as discussed above), as well as its corresponding document profile (Def. 9
and Def. 10, respectively). We have Pl(education-data-gov-uk) = {London Bor-
ough Ward, School, Local Learning Skills Council, Adress}. We perform a se-
mantic comparison between the labels in Pl(education-data-gov-uk) and all labels
in the profiles of the accessible LOD datasets. By fixing θ = 0.7, we gener-
ate CCD(education-data-gov-uk) containing the set of comparable datasets DT , as
described in Def. 11. The second step consists of ranking the DT datasets in
CCD(education-data-gov-uk) by computing the cosine similarity between their doc-
ument profiles and Pd(education-data-gov-uk). The top 5 ranked candidate datasets
to be linked with education-data-gov-uk are (1) rkb-explorer-courseware4, (2) rkb-
explorer- courseware5, (3) rkb-explorer-southampton6, (4) rkb-explorer-darmstadt7,
and (5) oxpoints8.

Finally, for each of these datasets, we retrieve the pairs of shared (similar) schema
concepts extracted in the comparison part:

– education-data-gov-uk and statistics-data-gov-uk share two labels “London Bor-
ough Ward” and “LocalLearningSkillsCouncil”.

– education-data-gov-uk and oxpoints contain similar labels which are, respectively,
“School” and “College”, as described in the SILK results (cf. Section ??).

5.3 Experiments and Results

This section will present different experiments conducted for the CCD-CosineRank
approach evaluation. We start by describing the evaluation framework followed by
a discussion on the setting of our experiments. Then, we proceed to report on the
experiments conducted in support of the proposed recommendation approach.

3http://education.data.gov.uk/
4http://courseware.rkbexplorer.com/
5http://courseware.rkbexplorer.com/
6http://southampton.rkbexplorer.com/
7http://darmstadt.rkbexplorer.com/
8https://data.ox.ac.uk/sparql/
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5.3.1 Evaluation Framework

In line with Section 4.4, to the best of our knowledge, there does not exist a common
evaluation framework for candidate dataset recommendation, hence, we evaluate
our approach with an offline experiment with respect to the current state of LOD
considered as evaluation data, since it is the only connected available graph in the
time of our experiments.

We recall that in the proposed recommendation approach (cf. Section 5.2), for
a given source dataset DS, we identify a cluster of target datasets DT , ranked
with respect to DS. Henceforth, to evaluate the quality of the recommendation
results with respect to the ED, we adopt the most common evaluation measures for
recommender systems, namely precision and recall as described in Section 4.4.

Further evaluation for recommender system effectiveness can be done by rating
potentially relevant results with respect to their ranks. In other words, we evaluate
the precision of our system at given rank k denoted by P@k – the number of relevant
results in a result set of size k. Additionally, we evaluate the precision of our
recommendation when the level of recall is 100% by using the mean average precision
at Recall = 1, MAP@R, given as:

MAP@R =

∑TotalDS

q=1 Pr@R(q)

TotalDS

, (5.4)

where R(q) corresponds to the rank, at which recall reaches 1 for the qth dataset
and TotalDS

is the entire number of source datasets in the evaluation.

It should be noted that this evaluation framework differs from the evaluation de-
scribed in the Section 4.4, notably with the adoption of the 5-fold cross-validation
for the topic profiles-based recommendation approach in order to use the LOD as
evaluation data and learning data.

5.3.2 Experimental Setup

We started by crawling all available datasets in the LOD cloud group on the Data
Hub9 in order to extract their profiles. In this crawl, only 90 datasets were accessible
via endpoints or via dump files. In the first place, for each accessible dataset, we
extracted its implicit and explicit schema concepts and their labels, as described
in Def. 9. The explicit schema concepts are provided by resource types, while the
implicit schema concepts are provided by the definitions of a resource properties
[124]. As noted in Section 5.2, some labels such as “Group”, “Thing”, “Agent”,
“Person” are very generic, so they are considered as noisy labels. To address this

9http://datahub.io/group/lodcloud
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problem, we filter out schema concepts described by generic vocabularies such as
VoID10, FOAF11 and SKOS12. The dataset document profiles, as defined in Def.
10, are constructed by extracting the textual descriptions of labels by querying the
Linked Open Vocabularies13 (LOV) with each of the concept labels per dataset.

To form the clusters of comparable datasets from Def. 11, we compute the semantico-
frequential similarity between labels (given in eq. (5.3)). We apply this measure via
its available web API service14. In addition, we tested our system with two more
semantic similarity measures based on WordNet: Wu Palmer and Lin’s. For this
purpose, we used the 2013 version of the WS4J15 java API.

In the same manner as the setups in Section 4.5.1, the ED corresponds to the outgo-
ing and incoming links extracted from the generated VoID file using the datahub2void
tool16. It is made available on http://www.lirmm.fr/benellefi/void.ttl. We
note that out of 90 accessible datasets, only those that are linked to at least one ac-
cessible dataset in the ED are evaluated in the experiments. The experiments have
been executed on a single machine with 32GB RAM and processor CPU@2.8Ghz,
Intel(R) core(TM) i7-4900MQ.

5.3.3 Evaluation Results

We started by considering each dataset in the ED as an unlinked source or newly
published dataset DS. Then, we ran the CCD-CosineRank workflow, as described
in Section 5.2. The first step is to form a CCD(DS) for each DS. The CCD

construction process depends on the similarity measure on dataset profiles. Thus,
we evaluated the CCD clusters in terms of recall for different levels of the threshold
θ (cf. Def. 11) for the three similarity measures that we apply. We observed that the
recall value remains 100% in the following threshold intervals per similarity measure:
Wu Palmer: θ ∈ [0, 0.9]; Lin: θ ∈ [0, 0.8]; UMBC: θ ∈ [0, 0.7].

The CCD construction step ensures a recall of 100% for various threshold values,
which will be used to evaluate the ranking step of our recommendation process
by the Mean Average Precision (MAP@R) at the maximal recall level, as defined
in Def. 5.4. The results in Fig. 5.2 show highest performance of the UMBC’s
measure with a MAP@R ∼= 53% for θ = 0.7, while the best MAP@R values for Wu
Palmer and Lin’s measures are, respectively, 50% for θ = 0.9 and 51% for θ = 0.8.
Guided by these observations, we evaluated our ranking in terms of precision at

10http://rdfs.org/ns/void
11http://xmlns.com/foaf/0.1/
12http://www.w3.org/2004/02/skos/core
13http://lov.okfn.org/dataset/lov/
14http://swoogle.umbc.edu/SimService/
15https://code.google.com/p/ws4j/
16https://github.com/lod-cloud/datahub2void
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Figure 5.2: The MAP@R of our recommender system by using three different simi-
larity measures for different similarity threshold values

ranks k = {5, 10, 15, 20}, as shown in Table 5.1. Based on these results, we choose
UMBC at a threshold θ = 0.7 as a default setting for CCD-CosineRank, since it
performs best for three out of four k-values and it is more stable than the two
others especially with MAP@R.

5.3.4 Baselines and Comparison

To the best of our knowledge, there does not exist a common benchmark for dataset
interlinking recommendation. Hence, in this section, we implemented two recom-
mendation approaches that are considered more advanced baselines than the ones
proposed in section 4.5.3 in term of performance. In details, since our method uses
both label profiles and document profiles, the tow proposed baselines are respectively
– one using document profiles only, and another one using label profiles:

Doc-CosineRank : All datasets are represented by their document profiles, as
given in Def. 10. We build a vector model by indexing the documents in
the corpus formed by all available LOD datasets (no CCD clusters). We use
a tf*idf weighting scheme, which allows us to compute the cosine similarity
between the document vectors and thus assign a ranking score to each dataset
in the entire corpus with respect to a given dataset DS.

UMBCLabelRank: All datasets are represented by their label profiles, as given
in Def. 9. For a source dataset DS, we construct its CCD(DS) according to
Def. 11 using UMBC with θ = 0.7. Thus, DS is identified by its CCD and
all target datasets DT are found in its cluster. Let AvgUMBC be a ranking
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Measure \ P@k P@5 P@10 P@15 P@20

WU Palmer (θ = 0.9) 0, 56 0, 52 0.53 0.51
Lin (θ = 0.8) 0.57 0.54 0.55 0.51
UMBC (θ = 0.7) 0.58 0.54 0.53 0.53

Table 5.1: Precision at 5, 10, 15 and 20 of the CCD-CosineRank approach using
three different similarity measures over their best threshold values based on Fig.5.2

function that assigns scores to each DT in CCD(DS), defined by:

AvgUMBC(D′, D“) =

∑|Pl(D
′)|

i=1

∑|Pl(D“)|
j=1 max simUMBC(Li, Lj)

max(|Pl(D′)|, |Pl(D“)|)
, (5.5)

where Li in Pl(D
′) and Lj in Pl(D“).

Fig. 5.3 depicts a detailed comparison of the precisions at recall 1 obtained by
the three approaches for each DS taken as source dataset. It can be seen that the
CCD-CosineRank approach is more stable and largely outperforms the two other
approaches by an MAP@R of up to 53% as compared to 39% for UMBCLabelRank
and 49% for CCD-CosineRank. However, the UMBCLabelRank approach produces
better results than the other ones for a limited number of source datasets, especially
in the case when DS and DT share a high number of identic labels in their profiles.

The performance of the CCD-CosineRank approach demonstrates the efficiency and
the complementarity of combining in the same pipeline (i) the semantic similarity on
labels for identifying recommendation candidates (CCD construction process) and
(ii) the frequential document cosine similarity to rank the candidate datasets. We
make all of the ranking results of the CCD-CosineRank approach available to the
community on http://www.lirmm.fr/benellefi/CCD-CosineRank_Result.csv.

5.4 Results Discussion

The aim of this section is to discuss the different results depicted in the previous
section. We begin by a note on the vocabulary filtering that we perform (Section.
5.3.2). We underline that we have identified the types which improve/decrease the
performance empirically. As expected, vocabularies, which are very generic and
wide-spread have a negative impact, acting like hub nodes, which dilute the results.
The results of the recommendation before removal are made available on:
http://www.lirmm.fr/benellefi/RankNoFilter.csv.

The different experiments described above show a high performance of the intro-
duced recommendation approach with an average precision of 53% for a recall of
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Figure 5.3: Precisions at recall=1 of the CCD-CosineRank approach as compared
to Doc-CosineRank and UMBCLabelRank

100%. Likewise, it may be observed that this performance is completely indepen-
dent of the dataset size (number of triples) or the schema cardinality (number of
schema concepts by datasets). However, we note that better performance was ob-
tained for datasets from the geographic and governmental domains with precision
and recall of 100%. Naturally, this is due to the fact that a recommender system
in general and particularly our system performs better with datasets having high
quality schema description and datasets reusing existing vocabularies (the case for
the two domains cited above), which is considered as linked data modeling best
practice. Hence, an effort has to be made for improving the quality of the published
dataset, as will be further explored in the following chapter.

Furthermore, we believe that our method can be given a more fair evaluation if
better evaluation data in the form of ground truth are used. Indeed, our results
are impacted by the problem of false positives overestimation. Since data are not
collected using the recommender system under evaluation, we are forced to assume
that the false positive items would have not been used even if they had been rec-
ommended, i.e., that they are uninteresting or useless to the user. This assumption
is, however, generally false, for example when the set of unused items contains some
interesting items that the user did not select. In our case, we are using declared
links in the LOD cloud as ED, which is certain but far from being complete for it to
be considered as ground truth. Thus, in the recommendation process the number
of false positives tends to be overestimated, or in other words an important number
of missing positives in the ED translates into false positives in the recommendation
process.
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In line with Section 4.5.2 and for further illustration of the effect of false positives
overestimation, we ran SILK as an instance matching tool to discover links between
DS and their corresponding DT s that have been considered as false positives in our
ED. SILK takes as an input a Link Specification Language file, which contains the
instance matching configuration. Listing 6.2 depicts an example of LSL file aiming to
find equivalent instances corresponding to ”dbpedia:Country” and ”akt:Country”.
We recall that our recommendation procedure provides pairs of shared or similar
types between DS and every DT in its corresponding CCD, which are particularly
useful to configure SILK. However, all additional information, such as the datatype
properties of interest, has to be given manually. This makes the process very time
consuming and tedious to perform over the entire LOD. Therefore, as an illustration,
we ran the instance matching tool on two flagship examples of false positive DT s:

Semantically Similar Labels: We choose education-data-gov-uk 17 as aDS and its
corresponding false positive DT oxpoints18. The two datasets contain in their
profiles, respectively, the labels “School” and “College”, detected as highly
similar labels by the UMBC measure, with a score of 0.91. The instance
matching gave as a result 10 accepted “owl:sameAs” links between the two
datasets.

Identical Labels: We choose rkb-explorer-unlocode19 as aDS and its corresponding
DT s, which are considered as FP: yovisto20 datos-bcn-uk 21 datos-bcn-cl22. All
4 datasets share the label “Country” in their corresponding profiles. The
instance matching process gave as a result a set of accepted “owl:sameAs”
links between rkb-explorer-unlocode and each of the three DT .

We provide the set of newly discovered linksets to be added to the LOD topology and
we made the generated linksets and the corresponding SILK configurations available
on http://www.lirmm.fr/benellefi/Silk_Matching.

Listing 5.1: An example of SILK LSL file aiming to find equivalent instances be-
tween yovisto (http://sparql.yovisto.com/) and unlocode (http://unlocode.
rkbexplorer.com/sparql/) corresponding respectively to the concepts “dbpe-
dia:Country” and “akt:Country”

1 <S i l k>
2 <Pr e f i x e s>
3 <Pre f i x id=” rd f ” namespace=” ht tp : //www.w3 . org /1999/02/22− rdf−

syntax−ns#” />
4 <Pre f i x id=” rd f s ” namespace=” ht tp : //www.w3 . org /2000/01/ rdf−

schema#” />

17http://education.data.gov.uk/
18https://data.ox.ac.uk/sparql
19http://unlocode.rkbexplorer.com/sparql/
20http://sparql.yovisto.com/
21http://data.open.ac.uk/query
22http://data.open.ac.cl/query



78 CHAPTER 5.

5 <Pre f i x id=”dbpedia ” namespace=” ht tp : // dbpedia . org / onto logy /” /
>

6 <Pre f i x id=”os ” namespace=” ht tp : //www. ordnancesurvey . co . uk/
onto logy /AdministrativeGeography/v2 .0/ AdministrativeGeography
. rd f#”/>

7 <Pre f i x id=”akt ” namespace=” ht tp : //www. aktor s . org / onto logy /
po r t a l#” />

8 <Pre f i x id=” akts ” namespace=” ht tp : //www. aktor s . org / onto logy /
support#” />

9 </ P r e f i x e s>
10 <DataSources>
11 <DataSource type=” sparqlEndpoint ” id=” yov i s t o ”>
12 <Param name=”endpointURI” value=” ht tp : // spa rq l . yov i s t o . com/”

/>
13 </DataSource>
14 <DataSource type=” sparqlEndpoint ” id=”rkb−exp lore r−unlocode ”>
15 <Param name=”endpointURI” value=” ht tp : // unlocode . rkbexp lo r e r .

com/ spa rq l /” />
16 </DataSource>
17 </DataSources>
18 <I n t e r l i n k s>
19 <I n t e r l i n k id=”Country”>
20 <LinkType>owl:sameAs</LinkType>
21 <SourceDataset dataSource=” yov i s t o ” var=”a”>
22 <Restr i c tTo>
23 ?a r d f : t y p e dbpedia:Country
24 </Restr i c tTo>
25 </ SourceDataset>
26 <TargetDataset dataSource=”rkb−exp lore r−unlocode ” var=”b”>
27 <Restr i c tTo>
28 ?b rd f : t y p e akt:Country
29 </Restr i c tTo>
30 </TargetDataset>
31 <LinkageRule>
32 <Compare metr ic=” l ev en sh t e i nD i s t anc e ” th r e sho ld=”2”

r equ i r ed=” true ”>
33 <TransformInput func t i on=” lowerCase ”>
34 <Input path=”?a/ r d f s : l a b e l ” />
35 </TransformInput>
36 <TransformInput func t i on=” lowerCase ”>
37 <Input path=”?b/ akts :has−pretty−name” />
38 </TransformInput>
39 </Compare>
40 </LinkageRule>
41 <Outputs>
42 <Output type=” f i l e ” minConfidence=” 0 .9 ”>
43 <Param name=” f i l e ” value=” a c c ep t ed l i n k s . nt” />
44 <Param name=” format ” value=” n t r i p l e s ” />
45 </Output>
46 <Output type=” f i l e ” maxConfidence=” 0 .9 ”>
47 <Param name=” f i l e ” value=” v e r i f y l i n k s . nt” />
48 <Param name=” format ” value=”al ignment ” />
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49 </Output>
50 </Outputs>
51 </ I n t e r l i n k>
52 </ I n t e r l i n k s>
53 </ S i l k>

It should be noted that the recommendation results provided by our approach may
contain some broader candidate datasets with respect to the source dataset. For
example, two datasets that share schema labels such as books and authors are
considered as candidates even when they are from different domains like science vs.
literature. This outcome can be useful for predicting links such as “rdfs:seeAlso”
(rather than “owl:sameAs”). We have chosen to avoid the inclusion of instance-
related information in order to keep the complexity of the system as low as possible
and still provide reasonable precision by guaranteeing a 100% recall.

As a conclusion, we outline three directions of work in terms of dataset quality that
can considerably facilitate the evaluation of any recommender system in that field:
(1) improving descriptions and metadata; (2) improving accessibility; (3) providing
a reliable ground truth and benchmark data for evaluation.

5.5 Related Works Positioning

The aim of this section is to provide a positioning of our approach with respect to
related works and the topic profiles-based recommendation approach.

In line with the studies outlined in Section 3.2.2, none of these works have evaluated
the ranking measure in terms of Precision/Recall, except for [109] which, according
to authors, achieves a mean average precision of around 60% and an excepted recall
of 100%. However, a direct comparison to our approach seems unfair since authors
did not provide the set of considered datasets as sources and the corresponding
ranking scores or the corresponding target list.

Furthermore, in line with the considered state-of-the-art approaches, we highlight
the efficiency of our method in overcoming a series of complexity related problems,
precisely, considering the complexity to generate the matching in [107], to produce
the set of domain-specific keywords as input in [110] and to explore the set of features
of all the network datasets in [109]. Our recommendation results are much easier to
obtain since we only manipulate the schema part of the dataset. In other worlds, we
wanted to avoid the inclusion of instance-related information in order to keep the
complexity of the system as low as possible and still provide reasonable precision by
guaranteeing a 100% recall. In details, during the experiments, the execution times
of our recommendation per source dataset are around:

• Label profile extraction: 2, 09200 seconds.
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• Document profile extraction: 86, 17900 seconds.

• Ranking process: 1, 66600 seconds.

It should be noted that the computation didn’t require all resources that are men-
tioned in Section 5.3.2, but, the same performance could be achieved for a lower
resources, i.e., with an i7 CPU (6GB RAM).

In line with topic-based recommendation approach (cf. Section 4.3), experiment
results depict that the CCD-CosineRank obviously outperforms the latter approach
in term of the considered evaluation metrics, i.e., a recall up to 100% vs. only 81%
and respectively for an average precision of up to 53% vs. 19%. However, we believe
that the low performance of the first approach, compared to the new approach, is
due to the weakness of its learning data which confirms and validate our hypothesis.
To be fair with our first approach, we believe that a better ground truth may lead to
a much richer learning data for the topic-based approach and thus will significantly
improve its ranking performance.

5.6 Conclusion

Following the linked data best practices, metadata designers reuse and build on,
instead of replicating, existing RDF schema and vocabularies. Motivated by this
observation, this chapter presented the CCD-CosineRank candidate dataset rec-
ommendation approach, based on concept label profiles and schema overlap across
datasets. Our approach consists of identifying clusters of comparable datasets, then,
ranking the datasets in each cluster with respect to a given dataset. We discuss three
different similarity measures, by which the relevance of our recommendation can be
achieved. We evaluate our approach on real data coming from the LOD cloud and
compare it two baseline methods. The results show that our method achieves a
mean average precision of around 53% for recall of 100%, which reduces consid-
erably the cost of dataset interlinking. In addition, as a post-processing step, our
system returns sets of schema concept mappings between source and target datasets,
which decreases considerably the interlinking effort and allows to verify explicitly
the quality of the recommendation.

One of the conclusions of our study shows that the recommendation approach is
limited by the lack of accessibility, explicit metadata and quality descriptions of the
datasets. Hence, in the next chapter, we will deal with linked data modeling task
by introducing our new tool that assists metadata designers to ensure a high quality
representative datasets schema profiles.
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Introduction

During the last years, the increasing adoption of LOD principles by Web practition-
ers around the world has lead to a growing interconnected web-scale data network.
Behind this growth, there is a huge effort of data providers not only to publish
their data but also to model and describe them following the LOD best practices.
However, to ensure the interoperability of this large scale web of data, we would like
to point out to the recommendation of building on, instead of replicating, existing
RDF schema and vocabularies.

For more detailed explanation of the proposed recommendation, we start by the
definition of the term schema, which is understood in the Linked Data context
as “the mixture of distinct terms from different RDF vocabularies that are used
by a data source to publish data on the Web. This mixture may include terms from
widely used vocabularies as well as proprietary terms” (cf. the linked data guidelines
[125]). Hereby, an important step towards linked data modeling is the discovery of all
relevant vocabularies to reuse. This suggests that the metadata designer should reuse
classes and properties from existing vocabularies rather than re-inventing them, and
also combine several vocabularies when and where appropriate. For this purpose,
existing ontology catalogues like Swoogle1 provide the possibility of manual search
for vocabularies terms. However, with the rapid growth of the LOD, the access2

and the identification of suitable vocabularies to reuse, are becoming more and
more difficult to perform manually.

The focus of this chapter falls on increase metadata designers and data provides
awareness regarding vocabulary reuse in the context of LOD datasets. For this pur-
pose, we introduce our vocabulary recommendation toolDatavore –Data vocabulary
recommender [126]. The tool is oriented towards metadata designers providing
ranked lists of vocabulary terms to reuse in the web of data modeling process, to-
gether with additional metadata and cross-terms relations. Datavore relies on the
Linked Open Vocabulary (LOV)3 ecosystem for acquiring vocabularies and meta-
data. The system is able to deal with noisy and multilingual input data. The
remainder of this chapter is structured as follows: Section 6.1 provides a detailed dis-
cussion of the various types of support features for modeling LOD datasets. Section
6.2 presents our tool Datavore and illustrates the general concept of our approach.
Finally, we conclude in Section 6.3.

1http://swoogle.umbc.edu/
2vocabulary websites may be down or not up to date
3lov.okfn.org
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6.1 Linked Data Modeling

The aim of section is to provide an overview of common practices and methods
for LOD modeling, that is based on efficient selection and reuse of already existing
vocabularies.

In the light of Linked Data publishing, the cookbook for open government Linked
Data [8] defined the transformation of a domain model into an RDF schema into six
steps:

1. Start with a robust Domain Model developed following a structured process
and methodology.

2. Research existing terms and their usage and maximise reuse of those terms.

3. Where new terms can be seen as specialisations of existing terms, create sub
class and sub properties as appropriate.

4. Where new terms are required, create them following commonly agreed best
practice in terms of naming conventions etc

5. Publish within a highly stable environment designed to be persistent.

6. Publicise the RDF schema by registering it with relevant services.

In contrast, we summarize this process by three steps used to model Linked Data.
The first step is data transformation, where data is converted from its original
format (relational databases, CSV, HTML, ...) into a structured connected RDF
representation using transformation tools (see Section 6.1.1). A further step is the
vocabulary exploration where the search for existing ontology terms using vocab-
ulary search engines (see Section 6.1.2). Finally, the last step is to develop the
model using an ontology development tool, i.e., Protégé4 or the vocabulary editor
tool Neologism5.

6.1.1 Data Transformation

We start by presenting the basic vision of [127], where an automatic mapping gen-
eration between relational databases and RDF models is introduced. To that end,
data are presented as tables, which consists of rows, or records, where each record
consists of a set of fields. The record is nothing but the content of its fields, just as
an RDF node is nothing but the connections: the property values. In contrast, the
mapping is very direct: (i) a record is an RDF node; (ii) the field (column) name is
RDF propertyType; and (iii) the record field (table cell) is a value.

4http://protege.stanford.edu/
5http://neologism.deri.ie
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In other words, the conversion is the result of a naive transformation where rows
become subjects, column headers become predicates, and cells assert a single triple
with an untyped string literal. Inspired by this representation, many tools are devel-
oped and can be used to deal for the tabular to RDF transformation. For instances
the CSV and HTML tables can be represented in RDF using tools such as CSV2RDF
[128] and DRETa [129]. For more complexes tabular formats, like Microsoft Excel,
Google Sheets, and tables encoded in JSON or XML, a sophisticated framework like
Opencube [130] and OpenRefine [131] can be used.

Equally important to note, mapping languages such as R2RML [132] or D2RQ
[133] are used to express customized mappings from relational databases to RDF
datasets. Such mappings provide the ability to view existing relational data in the
RDF data model, expressed in a structure and target vocabulary of the mapping
author’s choice. Moreover, vocabularies such as CSVW Namespace Vocabulary
Terms6, enable the access of the of CSV metadata on the web by describing the
content metadata in a separate JSON file that makes use of RDF vocabulary.

At the same time, this conversion process uses the structure of the data as it is
organized in the database, which may not be the most useful structure of the in-
formation in RDF. But, either way, tabular data lacks features for expressing the
semantics associated with the data contained in it, so it is challenging to know, in
an automated and interoperable way, the meaning of the data enclosed in the data
file.

On the other hand, semi automatic approaches are based on another common tabular
data modeling strategy where each column name can be mapped to a class name or
a pair of a property name and its domain, moreover to the class name or a subclass
of it.

6.1.2 Vocabulary Exploration Methods

After transforming the data into well structured RDF, metadata designers are re-
quested to reuse existing vocabulary terms to describe the well-structured RDF data.
However, a subsequent challenge arise– “how to find the appropriate set of terms to
reuse from the wide variety of existing vocabularies?”.

Vocabulary search engines can provide helps in dealing with this challenge, from
which we can cite Swoogle7 which contains over 10,000 ontologies from RDF docu-
ments on the Web and the LOV which comprises more than 500 vocabulary spaces
in the Linked Open Data cloud. An other directory of vocabularies on the LOD
cloud is vocab.cc8 which provides a lists of the top 100 classes and properties in the

6https://www.w3.org/ns/csvw
7http://swoogle.umbc.edu/
8http://vocab.cc/
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Billion Triple Challenge data set9. In addition to generic vocabularies catalogues,
we cite some catalogues of ontologies for a specific domain such as biomedicine
with the BioPortal [134], the marine science domain with MMI10 and the geospatial
ontologies with SOCoP+OOR11.

While vocab.cc only provides a link to the source representation of the vocabulary,
LOV and Swoogle display the metadata provided by the vocabulary provider, which
includes human readable text on how to use the terms semantically correct. In
contrast, the metadata designer requires description on terms to reuse a specific
class or property. Such metadata would include a ranking metric of a specific term.
The most common type of ranking is the popularity indicating whether it is used
by many or no data providers. In other words, this metric provides an indication
on how widely a term is already used (in frequency and in the number of datasets
using it).

The LOV search results rank each vocabulary terms based on its popularity in
the LOD combined with an adaptation of the term frequency inverse document
frequency (tf-idf) to the graph-structure of LOV dataset. In contrast, since the
basic unit is not a word, but rather a vocabulary term in a vocabulary, LOV reuse
the augmented frequency variation of term frequency formula to prevent a bias
towards longer vocabularies. Further, LOV provide a sophisticated search interface
where users can narrow a search by filtering on term type (class, property, datatype,
instance), language, vocabulary domain and vocabulary. In other words, For every
vocabulary in LOV, terms (classes, properties, datatypes, instances) are indexed
and a full text search feature is offered12

In line with vocabulary ranking approaches, we cite [135] that examine the problem
of vocabulary recommendation based on a ranking metric that has been developed
by introducing the concept of Information Content (IC) to the context of LOV.

The DWRank approach [136] that address the ontology ranking problem by in-
troducing two main scores: the Hub score and the Authority score, which aim to
measure the centrality of the concepts within the ontology and the ontology authori-
tativeness (i.e. the importance of the ontology in the ontologies space), respectively.

Fernandez et al. [137] developed a collaborative ontology reuse and evaluation tool
CORE. The tool receives as input a set of terms which expand using WordNet, than,
performs a keyword-based searches to return a a ranked list of its indexed ontologies
for reuse. An additionally step of CORE is the evaluation of the returned result
based on criteria like semantic correctness, popularity. Romero et al. [138], devel-
oped a similar approach which make use of wikipedia and del.icio.us13 to compute

9http://km.aifb.kit.edu/projects/btc-2012/
10https://marinemetadata.org/aboutmmi
11https://ontohub.org/socop
12http://lov.okfn.org/dataset/lov/terms
13http://del.icio.us
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the popularity of terms.

Schaible et al. [139] provided a “Learning To Rank” approach called TermPicker
which is based on features that combine the term’s popularity combined with the
schema-level pattern (SLP) feature. The SLP feature learn from the well-established
LOD cloud, which terms other metadata designers used to describe their data. In
contrast, the learning is based on how data providers on the LOD cloud actually
combine the RDF types and properties from the different vocabularies to model
their data. In other words, the user have to pick the subject S of its triple and
the system will perform the recommendation of a ranked list of ¡predicate, object¿
corresponding S.

However, reusing recommended vocabularies terms still requires additional efforts
which consist in measuring the correctness of the mapping and incorporating the
terms into the transformation system. The measurement of the semantic correctness
of a mapping needs to be performed semi-automatically as it requires a human
verification, preferably from a collaboration between a metadata designer and a
domain expert. Metadata deseigner verifies the model quality with respect to the
LOD best practices and guideline. On the other hand, the domain expert verifies
the correctness of the model with respect to its representativeness of the data.

To the best of our knowledge, Karma [140] is the only tool that fills this gap between
transformation tools and the recommendation system. Karma is an interactive tool
assisting metadata designers (+domain experts) in modeling data sources as linked
data by incrementally selecting recommended vocabulary terms although with a
mapping for the data source. However, the main drawback of Karma is the fact
that this tool does not handle the identification of suitable ontology (ies) to reuse.
This process have to be done separately by the human user, which have to introduce
selected ontology as input to the tool. From this input ontology, Karma recommends
terms in order to be mapped to the data source.

Hence, in the next section, we will introduce our tool Datavore which handles this
drawback by assisting metadata designer for a direct mapping between raw data
source and the entire LOV ecosystem for a better vocabularies reuse.

6.2 Datavore: A Vocabulary Recommender Tool

Assisting Linked Data Modeling

This section will introduce our user-interactive tool Datavore for linked data mod-
eling assist. Our tool takes as input a tabular data and produce a ranked lists of
vocabularies from the LOV. We start by arguing our choice of the LOV as the used
vocabulary ecosystem, in other words ”Why LOV ?”.
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Figure 6.1: Datavore Workflow

As described in Section 6.1.2 from the existing vocabulary search engines, the search
can be performed by utilizing a keyword-based or via a web services API. However,
only LOV offers an access via a SPARQL endpoint and a dump file14. Furthermore,
to ensure the high quality of LOV data, the insertion of new vocabularies in the
LOV dataset passes through a manual inspection by LOV curators. These stringent
requirements for vocabularies insertion are explained in the LOV handbook[141].
Moreover, it should be noted that since 2015, LOV has stopped removing offline
vocabularies and decided to keep them with a special flag, making LOV the only
source of continuity for datasets referencing unreachable vocabularies. Subsequently,
and the most importantly all referenced vocabulary in LOV are accessible and having
a high quality metadata descriptions.

In the following, we proceed to describe the workflow of our system which is depicted
in Figure 6.1.

Source Terms Extraction (1). The input of Datavore is a list of terms extracted
from the data source. In the current version of the prototype, we parse a loaded
CSV file as input and extract the list of column names. We note that considering
the row values from the CSV misled the recommendation in most cases that is why
we limited ourselves to the column names. The use of other kinds of structured or
semi-structured input data is envisageable.

Cleaning and Translating (2). Since the input is an untransformed raw data,
in most cases, the extracted string of characters needs to be cleaned-up by removing
or modifying the unwanted characters. We use the Microsoft Translator java API15

in order to clean up the initial string and render it in a linguistically correct form.

14http://lov.okfn.org/dataset/lov/sparql
15https://code.google.com/p/microsoft-translator-java-api/
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For example, translate(CatÃ c©gorie, fr, fr) returns Catégorie. In case there are no
sufficient or satisfactory results by using the source language, the system uses the
same service to translate the source item into English, the most common language
on the LOD.

Terms Search (3). As we explained in the beginning of this section, we opted
for the LOV as a vocabulary search engine, which, to the best of our knowledge,
is the only purpose-built vocabulary search engine with an up-to-date index. As a
design decision, Datavore queries the LOV search service with the extracted cleaned
or/and translated terms. The result is a list of concepts for each source term ranked
by the LOV metric, which is based on the popularity of the vocabulary terms in
both the LOD datasets and the LOV ecosystem [142].

Metadata Extraction (4). Metadata designers are recommended to select pop-
ular vocabularies found in the search phase but it is not straightforward to judge
which vocabulary is better suited to the application. Datavore queries the LOV
endpoint (/dump file) to extract the needed metadata to help designers to choose
the appropriate vocabularies. As a result, for each concept c, extract:

• The set of object properties having c as domain that includes labels and hier-
archical relations.

• The set of datatype properties that can be used with c as domain. Example:
Using the SPARQL endpoint of LOV to run the query shown in Figure 6.2, we
were able to extract the datatype properties that can be used with the concept
http://rdf.insee.fr/def/geo#Commune

• A link to the vocabulary web site.

In addition, we provide a ”test-your-luck” option, which recommends to the user
only one, the top ranked, datatype property. This ”lucky” property has the highest
Levenshtein string similarity [143] with the source term. Figure. 6.3 depicts the
interface of Datavore in terms of the different cited options.

Inter-Concept Relations (5). From the extracted lists of recommended con-
cepts, Datavore queries the LOV endpoint (/dump file) to retrieve cross-lists re-
lations, i.e., relations between concepts from different lists. These metadata are
crucial for selecting the best combination of predicate names to reuse for the input
dataset.
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1 PREFIX i n s e e :<ht tp : // rd f . i n s e e . f r / de f /geo#>
2 PREFIX r d f s :<ht tp : //www.w3 . org /2000/01/ rdf−schema#>
3 PREFIX owl :<ht tp : //www.w3 . org /2002/07/ owl#>
4 PREFIX r d f :<ht tp : //www.w3 . org /1999/02/22− rd f
5 −syntax−ns#>
6 SELECT DISTINCT
7 ?datatypePropURI ? propertyLabe l ?Datatype
8 where {
9 ?datatypePropURI rd f : t y p e owl :DatatypeProperty .

10 ?datatypePropURI r d f s : r a n g e ?Datatype .
11 OPTIONAL
12 {?datatypePropURI r d f s : l a b e l ? propertyLabe l .}
13 {?datatypePropURI rdf s :domain insee:Commune .}
14 UNION{
15 ?datatypePropURI rdf s :domain ? super .
16 insee:Commune rd f s : subC la s sO f ∗ ? super .
17 }
18 }

Figure 6.2: SPARQL to retrieve the datatype properties having the concept “in-
see:Commune” as domain

Full Name Profession Lab City PostC Country
M. Ben Ellefi PhD Student LIRMM Montpellier 34090 France
K. Todorov Assoc. Pr. LIRMM Montpellier 34095 France
Z. Bellahsene Pr. LIRMM Montpellier 34095 France

Table 6.1: LIRMM Open Data Team Example.

6.2.1 Example Scenario

Imagine a designer who wants to model the data in Table 6.1 using an ontology
editor. Datavore will guide him/her to find vocabularies to reuse, returning a sorted
list of concepts for each column name. For the column ”City Name” Datavore
queries the LOV using the keyword ”City” and returns the sorted list of concepts
{”akt:City”, ”place:City”, ”lgdo:City”, etc.}. When the designer selects the concept
”akt:City”, Datavore presents to him/her the following metadata: (i) literals (like
rdfs:label, rdfs:comment, etc.) and the hierarchical relations of ”akt:City”, (ii) a
set of datatype properties like ”foaf:name” that have ”akt:City” as rdf:domain to
represent the column ”City Name”. After the concepts extraction, Datavore queries
the LOV again to extract inter-columns triples and recommends to the user a set
of relations between column names. In our example, the recommended relation
between the two columns ”Person Name” and ”PostalAdress” is the triple: < foaf :
Person >< akt : hasAddress >< akt : PostalAddress >.
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Figure 6.3: Datavore User Interface

6.2.2 Discussion

For a proper use of Datavore, we take note of the following. First, it should be noted
that Datavore is not an RDF transformation tool neither an ontology development
tools, but, a support and assist tool for metadata designer (+ domain expert) in
the identification of suitable vocabulary terms for reuse. Hence, the main contribu-
tion of Datavore is the benefit of the whole LOV up-to-date catalogue in service of
mapping the untransformed data to the recommended vocabularies terms. An addi-
tional contributions is the recommendation of suitable triples models (inter-concept
relations) corresponding to the selected terms.

To our knowledge, there is only one comparable tool Karma [140] (see section 6.1.2).
As there is no gold standard for such methods, we believe that Datavore can be
evaluated in a user study manner. In other words, by asking the participants to
model a number of datasets as LOD using three different methods:

• {Datavore + protégé}.

• {Karma}.

• {the LOV keywords search + protégé}.

Hence, Datavore will be evaluated against the two mentioned baselines in term of
the following evaluation metrics: (i) the processing time – the total working time,
(ii) the recommendation acceptance rate – the number of times that the participants
chose the recommended term vs. the manual searching process), and (iii) the model
quality – we can assess the quality by comparing the participants’ models to models
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generated by domains experts independently, i.e., did the participants choose the
same vocabulary terms as the experts. A similar evaluation is done in the work of
[144].

Considering the complexity, the tool is interactive, only the inter-concept relations
task which is calculated automatically in term of the selected terms. The complexity
of this task is of order O(N2M1M2), where, N is the cardinality of the source
terms, M1 and M2 are respectively the cardinalities of the two compared lists of
recommended concepts.

Finally, Datavore has been implemented in Java and it is available as a GUI desktop
application16 together with a demonstration video17.

6.3 Conclusion

This chapter contains literature overview on Linked Data modeling process. We start
by highlighting the different steps for transforming of domain model, in particular
row data, into a Linked Data model. After transforming the data into well structured
RDF, we discussed current strategies that explore existing vocabulary terms to be
reused by metadata designers.

Next, we introduced our tool, Datavore - a vocabulary recommender system based
on LOV assisting linked data modeling. Among the original features of the tool is
the fact of providing metadata of recommended items as well as the recommendation
of potential RDF relations which is particularly useful in the modeling step.

16Download and unzip this file: http://www.lirmm.fr/benellefi/Datavore_ExeFile
17http://www.lirmm.fr/benellefi/Datavore_VideoDemo
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This chapter aims to summarize the main contributions of this thesis and to outline
a number of research directions for future work. Section 7.1 highlights our contri-
butions that deal with different challenges addressed in this thesis. Next, in Section
7.2, we discuss the future directions in order to extend and to broaden the research
conducted in this dissertation.

7.1 Summary of Contributions

As stated in the introduction, challenges that we are dealing with, can be like
“looking for a needle in a haystack”, whether when looking for candidate RDF
datasets for the interlinking task or looking for candidate vocabulary terms for the
linked data modeling task. Furthermore, to this end, we need to extract the most
representative set of features that better describe an RDF dataset for the given task.

Our first contribution consisted on the introduction of a new notion of features-
based RDF dataset profiling which aim to be a guide for features extraction methods
with respect to a given application scenario (see chapters 2 and 3). We provided a
broad definition of dataset profiles where a profile can be seen as a comprehensive
set of commonly investigated features that describe an RDF dataset. Furthermore,
this definition has led to the creation of a new taxonomic classification of existing
approaches in the field of profiles extraction systems. The proposal is structured
around four main areas: semantic, qualitative, statistical and temporal. We stress
on the fact that the organization of the taxonomy is in a non-strict hierarchy and the
profile features are essentially selected with respect to a given application scenario.

Next, our work concerns the challenging problem of candidate dataset identification
for a data linking scenario. To this end, the second contribution is the develop-
ment of a Collaborative Filtering-like recommendation approach aiming to identify
target datasets, potentially candidates to be linked with a source dataset (see Chap-
ter 4). In line with the profiles features taxonomy, the proposed approach adopts
an existing topic profiling method to represent different datasets. Furthermore, the
approach uses the current topology of the LOD as learning data in order to learn the
connectivity behavior of datasets using their topics profiles. Over the learning step,
we have also discovered a new method that allows the propagation of topic profiles
to the unprofiled LOD datasets in inexpensive manner. Extensive experiments aim-
ing to evaluate the approach have been conducted using real world LOD datasets.
Our approach showed a superior performance compared to the considered baselines.
Moreover, our technique showed a generally good performance with respect to the
evaluation data where it achieves a reduction of the original (LOD) search space of
up to 86% on average. The main weak spot of this strategy is its dependence from
the current topology of the LOD considered as weak learning data, which led to a
precision of 19%.
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In order to break away from this learning data, our further contribution con-
sisted on providing another new candidate dataset recommendation approach that
adopts different profile features, defined as intensional profile (see Chapter 5). To
this extent, each dataset is profiled by a set of schema concept labels enriched by
their corresponding textual descriptions. This intensional profiling method can be
easily applied for any given dataset in a simple and inexpensive way. Based on this
profile representation, the proposed approach recommends candidate datasets using
a semantico-frequential concept similarity measure and a ranking criterion based on
the tf*idf cosine similarity model. In line with the first approach, experiments were
conducted using current LOD topology as evaluation data. This intensional ap-
proach showed a high recommendation efficiency by achieving an average precision
of up to 53% for a recall of 100%. Hence, this learning break-off has led to a consider-
able improvement of our ranking efficiency, which confirms our hypothesis. Further
contribution of this method is the ability to return mappings between the schema
concepts across datasets, which is particularly useful in the linking configurations.

While the quality of our first recommendation approach is dependant on the learn-
ing step, we demonstrated that intension-based recommendation approach is totally
dependant on the datasets schema description. To this extent, our final contribu-
tion aims to ensure high quality datasets intensional profiles by providing assistance
in the Linked Data modeling process. To this end, we introduced Datavore - a vo-
cabulary recommendation tool that assists metadata designers in the Linked Data
modeling process. Our tool is designed to provide a ranked lists of vocabulary terms
to reuse together with the descriptive metadata. Furthermore, Datavore provides a
list of existing cross-terms relations in the form of triples. The current version of
our prototype relies on the LOV ecosystem for acquiring existing vocabularies and
metadata. Finally, Datavore is made available for download as a GUI prototype.

7.2 Open Issues

In the following, we outline various avenues for future work and research directions
in order to improve or extend the main focuses that we are concerned with.

Dataset Profiling

• We introduced the notion of profiles features which, to the best of our knowl-
edge, has been the first study of its kind. The introduced taxonomy is in a
non-strict hierarchy, in particular, we can envisage the possibility of expand-
ing and collapsing hierarchical levels of a node. Furthermore, since it will be
always new approaches for profiles features extraction, we intend to keep the
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introduced taxonomy up-to-date by integrating new approaches or deleting
outdated ones as possible.

• We provided a structured RDF vocabulary -VoDP- describing dataset profiling
features which can be used to identify features as part of a dataset descrip-
tion. However, explicit mappings with available vocabularies have not been
provided yet. In order to simplify dataset representation, we are currently
working on providing explicit mappings between our dataset profiling features
vocabulary and existing vocabularies meant for describing individual features.
For instance, a range of potential existing vocabularies can be mapped to
VoDP from which we can cite:

VoID - the Vocabulary of Interlinked Datasets [145] which provides a core
vocabulary for describing datasets and their links.

DCAT - the Data Catalog Vocabulary 1 which follows a similar rationale
as VoID and has been created based on a survey of government data
catalogues[146].

WIQA-PL - the Information Quality Assessment Policy Language 2 which
is a vocabulary for modeling content access policies.

SCOVO - the Statistical Core Vocabulary3 can be used for statistical infor-
mation.

Identifying Candidate Datasets for Data Linking

• Our collaborative filtering-like recommendation approach gets its full perfor-
mance from learning the connectivity behaviour of the existing linksets be-
tween LOD datasets. However, we demonstrated that the current topology
of the LOD cloud group is far from being complete to be considered as a
ground truth. Henceforth, in the future, we plan to improve the learning data
quality by developing a more reliable and complete ground truth for dataset
recommendation. To this extent, one future direction can be the use of crowd-
sourcing methods that can be implemented as follows:
(1) The identification of new possible relations among Web datasets, i.e.,
the recommendation results of the CCD-CosineRank approach: http://www.
lirmm.fr/benellefi/CCD-CosineRank_Result.csv.
(2) The implementation of a questionnaire asking for the validity of these new
relations. Each dataset will be represented by its descriptive profile, e.g., the
title, the set of schema concepts, the accessibility point, the publishers and

1http://www.w3.org/TR/vocab-dcat/
2http://wifo5-03.informatik.uni-mannheim.de/bizer/wiqa/#wiqapl
3http://purl.org/NET/scovo
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maintainers, etc.
(3) A rigourous validation of these relations can be done by Semantic Web
researchers who are trusted by the community.

Moreover, this ground truth can be used as an evaluation data. Hence, a
further future work can be to improve the evaluation framework in order to
deal with the false positives overestimation problem.

• Regarding the intension-based dataset recommendation approach, further work
can go into obtaining higher quality intensional profiles, in particular by:
(1) Assessing the population of the schema elements which can lead to assign-
ing a weight to each label profile or even filtering out certain concepts schema
based on a given threshold.
(2) Including the dataset context in its profile which can lead to avoid some
ambiguities, such as special cases when datasets with similar intension may
have extensional overlap, i.e., two datasets talking about books and authors,
but from different domains science vs. literature.
(3) Considering different natural languages, in particular by comparing multi-
lingual label profiles, i.e., ”country” vs. ”land” vs. ”pays”.

Vocabulary Selection for Linked Data Modeling

• Our prototype Datavore is based on the trustworthy LOV search engine. How-
ever, it should be noted that this vocabulary catalogue, in its current version,
contains only less than 550 vocabularies. Hence, one future direction can be
to look for the possibilities of extending Datavore recommendation via larger
vocabularies catalogues like Swoogle and even providing a new cross ranking
approach for the combined search results via multiple catalogues.

In addition, Datavore can be integrated with an ontology development tool,
such as Protégé, in order to reduce the user effort by having one GUI tool for
Linked Data modeling.

Moreover, another future direction can be the provision of a new evaluation
framework for the linked data modeling community notably in a user study
manner and crowdsourcing-based in order to ensure a fair evaluation for LD-
modeling support systems.

• Many works have studied the strategies of vocabulary reuse and the rank
factors for linked data vocabulary term recommendations. To the best of our
knowledge, there is no study which empirically examines the vocabulary terms
ranking strategies based on the data structure factors. More insights about the
difference between tabular sources modeling and web pages annotation which
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influence the metadata designers in their decision to select reusable classes
and properties. We observed that there is a need of an empirical study of
different ranking approaches and recommender systems to identify these two
strategies and factors requirements. We plan to provide a guideline survey
about the modeling process in order to assist metadata designers in deciding:
which ranking strategy is the best for their needs?

The ultimate goal of our work is to contribute to the improvement of the quality of
the current “global search space”, which, in the long run, will benefit the society as
a whole by providing better means to access and interpret information.
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[36] R. Q. Dividino, A. Scherp, G. Gröner, and T. Grotton, “Change-a-lod: Does
the schema on the linked data cloud change or not?,” in Proceedings of the
Fourth International Workshop on Consuming Linked Data, COLD 2013, Syd-
ney, Australia, October 22, 2013, 2013.
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[52] C. Böhm, F. Naumann, Z. Abedjan, D. Fenz, T. Grütze, D. Hefenbrock,
M. Pohl, and D. Sonnabend, “Profiling linked open data with prolod,” in
Workshops Proceedings of the 26th International Conference on Data Engi-
neering, ICDE 2010, March 1-6, 2010, Long Beach, California, USA, pp. 175–
178, 2010.



104 BIBLIOGRAPHY
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