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Abstract. Linking Open Data (LOD) facilitates the emergemfea web of
linked data by publishing and interlinking openalat the web in RDF. One
can explore linked data across servers by followhglinks in the graph. The
LOD cloud has 203 datasets and more than 14 biRiD# triples (http://lod-
cloud.net). This paper describes an approach tesadbese data by means of
a single ontology, matched to the schemata desgribéveral of the most
common LOD datasets. They are presented in a restserview - FactForge
(http://factforge.net) - the biggest and most hegeneous body of factual
knowledge on which inference is performed. Techesqwf (a) making
matching rules with “ontology expressions”, (b) ednew instances with
inference rules, and (c) extending the upper lemtblogy with classes and
properties are employed. They succeed to align legigs designed
according to different principles and displayingnceptual and structural
mismatches.
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1 Introduction

Linking Open Data (LOD) initiative [1] aims to fditate the emergence of a web of
linked data by means of publishing and interlinking open datathe web in RDF.
One can explore linked data across servers bywoilp the links in the graph in a
manner similar to the way the HTML web is navigaté®D cloud’s (figure 1)
constantly increasing volume has a wealth of inftion which is of more than 14
billion RDF triples coming from a vast variety oitd sources - 203 datasets. They
are highly heterogeneous covering different subjgehains with contribution from
companies, government and public sector projestsyell as from individual Web
enthusiasts. Accessing this wealth of data andingalise of their full potential is
still problematic. Linked data poses issues witbpeet to different dimensions: (a)
open-world assumption of WWW data, combined withhhcomplexity of reasoning
even with OWL Lite, (b) some datasets are not bigtéor reasoning, (c) publishing
OWL datasets without accounting for its formal setiws. Linked data are generally
unreliable as no consistency can be guaranteed; ateehighly heterogeneous and
hard to query. One way of accessing them is bygusdason-able views [7] - an



approach for reasoning and management of linkeal dateason-able view (RAV) is
an assembly of independent datasets, which cansee as a single body of
knowledge with respect to reasoning and query ewan. FactForge is such a
reason-able view of the web of data.

Fig. 1. Linking Open Data cloud (LOD), [9].

It gathers 8 datasets from the LOD cloud - galnenowledge (DBPedia, Freebase,
UMBEL, CIA World Factbook, MusicBrainz), linguistiknowledge (Wordnet,
Lingvoj), geographical knowledge (Geonames). Fag&ds the biggest and most
heterogeneous body of factual knowledge on whiférémce has been performed. It
comprises an overall of 1.4 billion loaded statetse?.2 billion stored statements and
10 billion retrievable statements. FactForge iseflgped as an evaluation case in the
European research project LarKC [8] and is used @stbed for different large scale
reasoning experiments like WebPIE [11]. It is aallié as a free public service at
http://factforge.com offering the following access facilities: (a) inorental URI
auto-suggest; (b) one-node-at-a-time exploratioough Forest and tabulator linked
data browsers; (c) RDF Search: retrieve ranked distURIs by keywords; (d)
SPARQL end-point. One can compose SPARQL querieth wredicates from
multiple datasets, as shown in figure 2.

Datasets Datasetl Dataset2 Dataset3 Dataset4

Ontology 1 Ontology 2 Ontology 3 Ontology 4

Query
triples

Fig. 2. SPARQL query construction for FactForge datasets.

For example, the query

SELECT * WHERE
{

?Person dbp-ont:birthPlace ?BirthPl ace ;
rdf:type opencyc: Entertainer ;
?BirthPl ace geo-ont: parent Feat ure dbpedi a: Ger nany .

}

connects 4 datasets — DBPedia, OpenCyc, GeonamdsRBF. This powerful
method to access the data from the LOD cloud hagithwback that one has to be
familiar with all schemata and predicates of altadets in FactForge in order to
formulate the queries. It is even more difficultdotomate the access to FactForge
data and use the SPARQL end point in algorithmabse of its heterogeneity. That



is why we envisaged a simplified way to accesgitita by providing an intermediary
layer - a single ontology, as shown in figure 3. dm this, we chose to align the
separate schemata of FactForge with the upper-tawelogy — PROTON (the Base
upper-level ontology (BULO)) [14].

Datasets Datasetl Dataset2 Dataset3 Dataset4
Ontology 1 Ontology 2 Ontology 3 Ontology 4

Intermediate
layer Ontology

——
triples g =

Fig. 3. SPARQL query construction for FactForge datagetee proposed approach.

The unified access point to FactForge using a simgitology as an interface to
connect to all datasets in FactForge is designepréooide an easier and simpler
access to the wealth of data, higher degree afapéability and better integration of
the datasets in FactForge. It allows obtainingrimtion from many datasets via one
single ontology schema. This unified access pa@stimportant applications such as
semantic search and annotation using the entit@s factForge, semantic browse
and navigation, querying FactForge in natural lagg and many others. It should be
clear however that the upper-level ontology doesamwer the full diversity of the
data in the datasets. Still, for specific fine-ged queries the original data schemata
and ontologies should be used.

Thus, the main objective of our project was to ¢l foundational ontology to
explore FactForge with a balanced class hierardllycansistent three to four levels
of depth. This implied extending PROTON to obtagatimal coverage of the rich data
in FactForge. In addition, the structural and cpeal differences between PROTON
and the schemata organizing the datasets of FagtHdte DBPedia inspired the
introduction of a method for extending FactForgtasets with new instances. So, the
matching model of PROTON with FactForge schematasists in a series of
iterations of enrichments at conceptual and at leatzls.

2 Approachesto Matching Ontologies

Ontology matching is a key interoperability enalite the Semantic Web, as well as
a useful tactic in some classical data integratasks. It refers to the activity of
finding or discovering relationships or correspamzis between entities of different
ontologies or ontology modules. Matching ontologiesbles the knowledge and data
expressed in the matched ontologies to interopebaséinct methods are employed to
perform ontology matching. There are syntactic aaohantic matching systems [3].
In the syntactic matching the relations are congbetween labels at nodes, and they
are evaluated as [0, 1]. In the semantic matctiiegelations are computed between
concepts at nodes, and they are evaluated as esatetic relations. The semantic
matching discovers semantic relationships acrosgndt and autonomous generic



structures and recognizes relationships betweeamdtentities, such as equivalence,
subsumption, disjointness and intersection. Whégghating two models, substantial
difficulties may arise in transforming informatidrom one model to the other in a
heterogeneous context. Harmonising semantics isappeoach for model integration
by formal mapping between two domains. In this apph reference ontology is built
to provide the link between the two models [3].c&pt for the types of relationships
that are matched between the ontologies, distinsti@re made in the way the two
initial ontologies are accessed. Thus, there arbrdational and unidirectional
matching methods. The bidirectional method ensaecess to the two ontologies
from the two ontologies, whereas the unidirectionathod ensures access from one
to the other ontology only [3]. Another differenitethe matching methods is in the
way the matching is done. There is manual and aateinmatching. Automated
mapping is suitable for simple ontologies and semplatching tasks, where the exact
accuracy of the matching is not of highest imparé&anin automatic matching
structures that are being matched are labeled matbral language typically using
WordNet. This is the vocabulary mapping. It consists in canmy Classes,
Properties and Instances of two ontologies in atiml one to one. Automated
matching competitions are carried out for seveegrg now with tracks on different
evaluation parameters [2], [4]. The benchmark tigakin on one particular ontology
dedicated to the very narrow domain of bibliogragmd a number of alternative
ontologies of the same domain for which alignmemts provided. The best result on
this track of the 2009 matching competition is Fasure of 80% [4]. Extensive
surveys of automated ontology matching methods bmrfound in [12], [13]. The
main drawback of automated ontology matching systsnthat they cannot cope with
ontological heterogeneity. The fact is ignored tinat classes and the properties may
be described in different unrelated ontologiesstthe algorithms cannot discover
hidden relationships that hold between unrelatetitien Mapping by hand is
considered difficult, time consuming and too lobgt it derives the most accurate
results. Manual mapping is suitable when maximumliguof mapping is seeked for
a small quantity of concepts.

Our adopted approach is unidirectional semanticuakalignment of PROTON and
the ontologies of the selected datasets of Facé-org

3 TheData

This section describes the data on which the magcim our approach is being
performed, e.g. PROTON (the Base upper-level ogiol¢dBULO) [14]) and

DBPedia, Freebase and Geonames of FactForge. Taentologies built according
to different design principles. PROTON is built amting to the OntoClean method
[5], [6] where, for example, type and role areidigtiished. It consists in evaluating
the ontology concepts according to Meta propesdied checking them according to
predefined constraints helping to discover taxomoetirors. Using the OntoClean
methodology one can discover confusions betweencemia and individuals,



confusions in levels of abstraction, e.g. objegtleand meta-level, constraints
violations, different degrees of generality.

The ontologies of FactForge datasets are madedingato different methodologies.
The ontologies of DBPedia and Geonames are daterdriThey provide structure
and semantics to a large amount of entities inadlah structure, but are however
very different: DBPedia ontology includes many ait lpredicates which appear in
only one or several statements reflecting the taré knowledge included in it.
Geonames ontology has a concise conceptualizatiganzed in very few well
structured concepts and instances.

The upper level ontology — PROTON - is one sidehef alignment process. An
upper ontology is a model of the common objects$ #ne applicable across a wide
range of domains. It contains generic conceptsdduatserve as a domain independent
foundation of other more specific ontologies. PROI®s built with a basic
subsumption hierarchy comprising about 250 classed 100 properties which
provide coverage of most of the upper-level corgepécessary for semantic
annotation, indexing, and retrieval.

DBPedia (http://dbpedia.org) is an RDFized vergibiVikipedia. It is a collection of
the structured information of Wikipedia, containiedits Infoboxes, represented in
RDF and published on the Web. DBPedia ontology to@#d first level concepts of
very different degree of generality ranging frore ghilosophical concept of “event”
through “person” and “place” to very specific copte like “beverage”, “drug”,
“protein”. Not all of DBPedia is comprised in tleisting ontology. Many of the
properties from the infoboxes are described seglgras stand alone properties which
pertain to ontological dimensions, but are not nledein the ontology. Nevertheless
some of these concepts are used in our alignment.

Freebase (http://freebase.com) is a large colléiver&knowledge base, an online
collection of structured data harvested from mamyrees, including individual wiki
contribution. Freebase contains data from Wikipe@lemoz, NNDB, MusicBrainz
and individually contributed data from its usetshds 5 million topics and no defined
ontology. The entities described in this knowledigese are in structured predicate
names, which reflect a hidden class hierarchy. base has an overall of 19632
predicates with a structure of the predicate nametiich the left most word denotes
the subject domain of the property; the middle wdehotes a class which is the
domain of the property denoted by the last right smoword, e.g.

government.legislative_session.date_ended

celebrities.romantic_relationship.end_date

Geonames (http://geonames.org) is a geographibaksgahat covers 6 million of the
most significant geographical features on Earth. ctintains over 8 million
geographical names and consists of 7 million unitpeures whereof 2.6 million
populated places and 2.8 million alternate namédeAtures are categorized into one
out of nine feature classes and further subcateggrinto one out of 645 feature
codes. Geonames is integrating geographical data & names of places in various



languages, elevation, population and others fromoua sources. All lat/long
coordinates are in WGS84 (World Geodetic Systen#)198

4 The Methodology

The project of building an intermediary layer bedwethe heterogeneous data of
FactForge and the end user requires matching oflagies built according to
different methods, e.g. data-driven ontologies amd upper-level ontology. This
implies a translation from the one method to théeotmethod. Further, the
heterogeneity of the data in FactForge prompts lihitdding of a unidirectional
matching scheme, e.g. making FactForge accessitdiagh PROTON predicates and
entities, but not vice versa - PROTON through FadE predicates and entities. The
alignment was performed manually as the most deitapproach to find the
correspondences of the small amount of upper-levetepts.

Our approach summarizes a method of matching agitdo with different
methodological background — data-driven ontologies an upper level ontology.
The upper level ontology (PROTON) was chosen tahgebasis for the mapping
decisions, e.g. the representations of the othéolamies were translated into its
model by(a) makingmatching rules with “ontology expressions”, (b)dady new
instances with inference rules, and (c) extendimegupper level ontology with classes
and properties.

Thus, the adopted matching method includes:

e mapping of the concepts from PROTON to the conceptxribed in the
datasets of FactForge, more precisely DBPediabbsse Geonames

e assigning subsumption relations between entitied @noperties from
FactForge to PROTON

« extending PROTON with classes and properties t@iobiapping at a
conceptual level with FactForge

e using OWL class and property construction capaddlito represent classes
and properties from FactForge and map them to PROdI@sses

« extending FactForge with instances to account fbe tconceptual
representations of the matching

The matching of the concepts and properties betviz®Redia and PROTON and
between Geonames and PROTON took place based goacogn the definitions of
the concepts and their use. Respecting the conanttfior unidirectional matching
we have designed the rules with subsumption relatioom FactForge to PROTON,
as shown in the example below:



(a) dbp:Place
rdf s: subCl assOf ptop: Location .

(b) geo-ont:parentFeature
rdf s: subPropertyOf ptop: subRegi onOf

But first, the upper level ontology PROTON was exted with new classes and
properties. This was done after analyzing the cdrdéthe available data in DBPedia
and Geonames with a result - a list of classespmogerties which are represented
within the data, and analyzing the structure of¢heent version of PROTON with
respect to the new classes and properties. Wenelota classification of the new
classes and properties using inheritance from @yreaisting classes to the new ones.
We have also used properties assigned to the ressead in order to structure them in
a better way. Thus, we built a new version of PROT®ith more classes and
properties. Adding a new class or a new propertP ROTON followed specific. A
new class was added when the instances in Factfamged a distinguishable group
for which there was no concept description in PROT®Gor example, DBPedia has
instances for Fictional Characters, like Harry Botwhich are classified as Persons,
the class FictionalCharacter was introduced in PENTas a subclass of Person. A
generic criterion for adding a new class to PROTBNhe compliance with the
principle of completeness of the ontology. This ges when for a given concept
there are subconcepts represented in the ontolmgysiblings of these concepts are
missing. For example, if car and bicycle are sagszs of vehicle, but motorcycle is
not, then we add motorcycle into the ontology.

To match Freebase predicates to PROTON the clasdraotion capabilities of OWL
have been used, to bind Freebase properties iagsed and then match them to
PROTON concepts as shown in the example (c) below:

(c) pfb: Location
rdf:type ow : Restriction ;
ow : onProperty
<http://rdf.freebase. coni ns/type. object.type> ;
ow : hasVal ue
<http://rdf.freebase. conins/| ocation.|location> ;
rdf s: subCl assOf pt op: Location .

Here a class pfb:Location is created which is ietstl to a Freebase type Location.

Another aligning method used is expression mappgingonsists in construction of
classes on the basis of one of the ontologies, raagdping them to classes, or
expressions of the other ontology, satisfying atreh of type many to many. For
example, PROTON has a class Person and a clasesBimf. The subclasses of
Person are Man and Woman and the subclasses ofsBimf are different
professions, e.g. Architect, Teacher, etc. In DB&ederson is represented with the
profession he exercises. Architect is a subclasthefclass Person. Here we see a
structural and conceptual difference between th© RBRN model and the DBPedia



model with this respect. To perform the alignmer have adapted the DBPedia
model to PROTON’s model in the mapping rule, asxshim figure 3.

PROTON DBPedia
Person Profession Per§on
Man  Waman Architect Architect
Mapping:
dbp:Person = proton:Person  and  proton:Profassion

Fig. 3. Mapping of concepts in ontologies designed acogrtt different principles
(PROTON, DBPedia).

Technically, the mapping rule looks like this:

(d) dbp: Archi t ect
rdf s: subCl assOf
[ rdf:type oW : Restriction ;
ow : onProperty
pupp: hasPr of essi on ;
ow : hasVal ue p-ext: Architect

]

The professions are modeled as instances of the Blefession in PROTON, and the
single entity of DBPedia is matched to an expresgicPROTON which restricts the
property hasProfession to the value of the probessf interest.

The method of expression matching is not univeysatiplicable as described above.
In some cases the expressions require a referennstances which are not included
in the datasets of FactForge. This triggered thet melopted aligning method -

extending the dataset of FactForge with the necgsisstances, ensuring their

availability to cover the entire model of the chodasic ontology - PROTON.

FactForge is loaded into BigOWLIM, the most scada®WL engine
(http://www.ontotext.com/owlim/) supporting lighteight and higkperformance
reasoning with inference based on OWL Horst. Big@wdllows the definition of
custom semantics via special rules and axiomagies which are exploited in the
process of full materialisation performed duringdong. This last mechanism was
used to extend FactForge with new instances byngddference rules to the built-in
ruleset. The inference rules provide the insigimtsvbat triples have to be added into
the repository. They are resolved at the timeafling of the datasets into the
semantic repository. For example, the inference (&) below:

(e) p <rdf:type> <dbp-ont:PrimeM nister>



p <ptop: hasPosition> j
j <pupp:hasTitle> <p-ext:PrimeM nister>

translates the DBPedia representation of someotdinigoa position of a Prime
minister into PROTON representation. In DBPedia fki done with a type relation,
whereas in PROTON this is a complex relation betwagerson holding a position
with the title of Prime minister.

The translation of a single type relation in DBRedan require more complexe
representations, such as the ones given in exa(fjplelere the Freebase predicate
gover nnent . us_pr esi dent is represented as a person who holds a position in
the US with the title president.

a <fb:type.object.type> <fb:governnent.us_president>
a <rdf:type> <ptop: Person>

a <ptop: hasPosition> vy

y <ptop:w thinOrganization> <dbpedi a: Uni t ed_St at es>

y <pupp: hasTitl e> <p-ext:President>

Except for making the process of querying hetereges datasets easier, using one
upper level ontology as an entry point to such thasanother advantage. It allows to
obtain information from many datasets via one singuery. For example, one
PROTON predicate covers three data driven predicate. PROTON ocat edl n
takes Freebadei ne. event . | ocati ons, and DBPedigl ace andl ocati on,
as shown in the example (g) below.

(9)
dbp: pl ace
rdf s: subPropertyOf ptop:locatedln .

dbp- prop: | ocati on
rdf s: subPropertyOf ptop:locatedin .

<http://rdf.freebase.com ns/tinme.event.|ocations>
rdf s: subPropertyOf ptop:locatedin .

This makes the exploration of FactForge richer simpler, as a query with the
single PROTON predicate will retrieve informationthwvthe three other predicates
from the two different datasets.



5 Resultsand Statistics

The outcomes of this work can be summarized aevistl (1) a new layer of unified
semantic knowledge over FactForge was created lbghing PROTON to FactForge
schemata (2) we produced an original approach awiging similar layers to other
datasets; (3) and developed a new version of PRO®@blogy, which will be used
in other projects. The extension of PROTON was guee by two main principles:
(1) to provide coverage for the available data; @)do reflect the best approaches in
the design of ontologies such as OntoClean metbggdb]. Table 1 shows statistics
about the datasets of FactForge before and akemtitching rules have been added
to the semantic repository with full materializatiperformed. The alignment brought
close to 800 million more statements and 50 millieew entities available for
exploration, while the matching rules cover 554 pep classes and 103 mapped
properties. The biggest number of mapped classesesdrom the mapping of
PROTON to Geonames’ feature codes (368). As faPROTON enrichment is
concerned, 166 new classes and 73 new propertiesheen introduced. They cover
the classes which were identified during the anslgEthe instance data in FactForge
and their ontologies as described in section 4.

FactForge Initial FactForge with Difference
State Alignments
Number of Statements 1,782,541,506 2,630,453,334 7,984,828
Number of ExplicitStatements  1,143,317,531 1,942,348 799,032,047
Number of Entities 354,635,159 404,798,593 50,163,434

Table 1. Statistics of FactForge

The adopted method was tested on 27 evaluation SRAdRIeries selected to cover
different domains, e.g. public administration, taily conflicts, art and entertainment,
business, medicine and to use multiple datasets fractForge. Table 2 presents an
example of an evaluation query. It is about citegeund the world which have
“Modigliani art works”. This query is consideredethultimate test for the Semantic
Web [10]. To our knowledge FactForge is the onlgiee capable of passing this test.
The right column of the table gives the query writivith PROTON predicates only.
It is simpler and more intuitive than the FactFosgendard one as the mapping has
put all FactForge location predicates into one PRQTpredicate. The number of
results returned with PROTON query and with FaajEostandard query are the
same, presented in a slightly different way. This/ps the validity of the approach.

FactForge — Standard FactForge - PROTON
PREFI X fb: <http://rdf.freebase.com ns/> PREFI X dbpedi a: <http://dbpedia. or g/ r esour ce/ >
PREFI X dbpedi a: <http://dbpedi a.or g/ resource/ > PREFI X rdf: <http://wwv. w8. or g/ 1999/ 02/ 22- r df - synt ax- ns#>
PREFI X dbp-prop: <http://dbpedi a. or g/ property/ > PREFI X ot: <http://ww. ontotext.con >
PREFI X dbp-ont: <http://dbpedi a.or g/ ont ol ogy/ > PREFI X ptop: <http://proton. semanticweb. or g/ prot ont #>
PREFI X unbel -sc: <http://unbel . or g/ unbel / sc/ > PREFI X ploc: <http://proton. semanticweb. or g/ prot onl #>
PREFI X rdf: <http://wwy.w3.org/ 1999/ 02/ 22-r df - synt ax- ns#> PREFI X p-ext: <http://proton.semanticweb. or g/ pr ot onue#>

PREFI X ot: <http://www ont ot ext.com >
SELECT DI STINCT ?painting ?owner 2city
SELECT DI STINCT ?pai nting_| ?owner_| 2city_fb_con 2city_db_| oc
2city_db_cit VHERE {
2p p-ext:author dbpedi a: Atedeo_Mbdi gl i ani ;
WHERE { p-ext:ownership [ ptop:isOmedBy 2ow] :
2p fb:visual _art.artwork. artist ot :preferredLabel ?painting
dbpedi a: Aedeo_Mbdi gl i ani ; 20w ot : preferredLabel 2owner .
fb:visual _art.artwork. owners [ 20w ptop:locatedin [ rdf:type ploc:City ;
fb:visual _art. artwork_owner_relationshi p. owner ot:preferredLabel ?city]
Zow]

ot: preferredLabel ?painting_|.
20w ot : preferredLabel 2owner | .




GPTIONAL { 0w fb: | ocati on. | ocati on. cont ai nedby
[ ot:preferrediabel 2city_fb_con ] }
OPTIONAL { 20w dbp- prop: | ocati on 2/ oc.
2loc rdf:type unbel-sc:Gity ;
ot:preferredLabel 2city_db_loc }
OPTIONAL { 20w dbp-ont:city [ ot:preferredLabel
2city_db_cit ] }

Table 2. Modigliani Test Query

L

In cases where several FactForge predicates arehathto a single PROTON
predicate, like the location predicates mentionadier in the paper, the PROTON
queries return more results than FactForge — Stdrglzeries. Thus, the advantages
of the approach to have a single access pointetd itked Open Data (LOD) cloud
are twofold: they provide access by simpler quesied they provide leveraged query
results.

5 Future work

We envision in the future building a two level imteediary layer to access
FactForge and then LOD cloud mapping PROTON to UMBE
(http://mww.umbel.org/documentation.html) — *“a Iltgkeight subject concept
reference structure for the Web” with about 20 GMbject concepts based on
OpenCyc (http://www.cyc.com/opencyc/). We intenctctwer more datasets from the
LOD cloud, and to experiment with the balance betwthe data from the LOD and

FactForge datasets and the ontological schematzilieg them.
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