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Abstract. The advent of Wikipedia as the best digital representation of cross-domain knowledge is now a reality. The DBpedia
project aims at converting Wikipedia content into structured intelligence through the Linked Open Data paradigm and currently
holds a vital role in the growth of the Web of Data as a multilingual interlinking kernel. However, its main classification system
relies on a time-consuming manual procedure that aims at mapping Wikipedia infobox data to a common ontology. We present
Airpedia, a tool that automatically generates class and property mappings for any DBpedia language chapter. We support our
findings with the deployment of the Swedish, Ukrainian, and Esperanto DBpedias. Evaluations demonstrate that Airpedia is not
only comparable to humans in terms of precision, but also provides a recall leap, with special regard to entities lacking infoboxes.

Keywords: Wikipedia, Data Quality, Kernel Methods, Supervised Learning, Linked Open Data

1. Introduction

A major portion of the World Wide Web content is
nowadays represented as unstructured data, namely doc-
uments. Understanding its meaning is a complex task
for machines and still relies on subjective human inter-
pretations. The Web of Data envisions its evolution as
a repository of machine-readable structured data. This
would enable an automatic and unambiguous content
analysis and its direct delivery to end users. The idea
has not only engaged a long strand of research, but has
also been absorbed by the biggest web industry players.
Companies such as Google, Facebook and Microsoft,
have already adopted large-scale semantics-driven sys-
tems, namely Google’s Knowledge Graph,1 Facebook’s
Graph Search,2 and Microsoft’s Satori.3 Moreover, the
World Wide Web Consortium, together with the Linked
Data4 initiative, has provided a standardized technol-

*Corresponding author. E-mail: aprosio@fbk.eu.
1http://bit.ly/goog-kg
2http://bit.ly/facebook-gs
3http://bit.ly/ms-satori
4http://linkeddata.org

ogy stack to publish freely accessible interconnected
datasets.

On the other hand, Wikipedia is the result of a crowd-
sourced effort and stands for the best digital approxi-
mation of encyclopedic human knowledge. Its data has
been growingly drawing both research and industry in-
terests, and has driven the creation of several knowledge
bases, the most prominent being BabelNet [27], DBpe-
dia [20], Freebase [1], YAGO [18], WikiData [39], and
WikiNet [25]. In particular, DBpedia5 acts as the central
component of the growing Linked Data cloud and ben-
efits from a steadily increasing multilingual community
of users and developers. Its stakeholders range from
journalists [16] to governmental institutions [3], all the
way to digital libraries [17]. The core contribution of
DBpedia is to automatically extract structured data from
unstructured (e.g., article abstracts) or semi-structured
Wikipedia content, typically infoboxes.6

An infobox is a set of attribute/value pairs which
serves as a richly informative summary and is typically
rendered as a box on the top-right part of a Wikipedia
article. It is crucial to highlight that each Wikipedia

5http://dbpedia.org
6http://bit.ly/wp-infobox
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chapter is maintained by different communities, with
different guidelines that may critically affect the con-
tent of infoboxes. For instance, the Italian edition has
the infobox Carica_pubblica (counterpart of the
English Officeholder one), which only contains
domain-specific attributes, while generic ones usually
appear in Bio. Moreover, values are generally not con-
strained. Hence, in some editions there can be a sin-
gle attribute born containing both place and date of
birth, while other languages decide to split this piece
of information into different attributes. Such data het-
erogeneity issues are alleviated by DBpedia through a
mapping procedure that connects infobox attributes to
the DBpedia ontology,7 which is maintained via a col-
laborative paradigm similar to Freebase. Infoboxes can
be perceived as the expression of a specific language
and culture, while the ontology is the representation of
the whole world of all Wikipedia chapters, thus acting
as a multilingual glue to homogenize the data.

However, the current mapping paradigm weakens the
data consumption capabilities, since it is affected by
three major drawbacks, namely (a) the need for a heavy
manual effort to create mappings, (b) its language-
dependent nature (for each new language, a new set of
mappings is required), and (c) the lack of synchroniza-
tion whenever changes in the Wikipedia infoboxes oc-
cur. Furthermore, a clear problem of coverage has been
recently pointed out in [34,33,35,10]. For instance, al-
though the English Wikipedia contains over 4.2 million
pages, DBpedia has only classified less than 2.2 million
pages into its ontology. One of the major reasons is
that a significant amount of Wikipedia articles do not
contain an infobox, which is a valuable piece of infor-
mation to infer the type of an article. This results in a
large number of untyped entities, thus restraining the
exploitation of the knowledge base.

The core contributions of this paper can be resumed
as follows.

1. We present the first public release of Airpedia, a
tool that tackles the aforementioned issues through
a completely data-driven methodology and ulti-
mately leads to the automatic construction of new
DBpedia language chapters from scratch.

2. We illustrate three case studies that support the
effectiveness of both the approach and the tool.
More specifically, we deploy:

– three previously missing DBpedia chapters,
namely Swedish, Ukrainian, and Esperanto;

7http://bit.ly/dbp-ontology

– class and property mappings for each of
them;

– type coverage extension for articles lacking
infoboxes.

The remainder of this paper is structured as follows.
Section 2 reviews the state of the art. We illustrate the
core approach and summarize the results we collected
in Sections 3, 4 and 5. Section 6 describes the tool, how
to use it and where to find its download and documen-
tation links. We present our case studies in Section 7,
before drawing our conclusions in Section 8.

2. Related work

The recently proposed automatic methods for type
inference may be considered as bootstrapping resources
to extract classes from Wikipedia data. [34] leverages
a data-driven statistical strategy to assess and repair
class declaration inconsistencies. [30] uses extracted
datatypes to train a named entity recognizer. [19,11]
identify the most appropriate class of a Wikipedia arti-
cle by parsing its page abstract using natural language
processing tools and resources. In this context, only En-
glish Wikipedia is considered, therefore this classifier
cannot be easily adapted to other languages. Similarly,
[35] only considers the English DBpedia and therefore
does not take advantages from inter-language links. In
addition, there is some manual effort to classify biogra-
phies (using tokens from categories8), that leads to very
good results, but is not automatically portable to other
languages; again linguistic tools are used to extract the
definition from the first sentence. The approach pre-
sented in [12] classifies people over an excerpt of the
WordNet ontology, using kernel functions that implic-
itly map entities, represented by aggregating all con-
texts in which they occur, into a latent semantic space
derived from Wikipedia. This approach queries online
the name of the entity to collect contextual information.
[13] proposes an unsupervised method based on lexical
entailment, consisting in assigning an entity to the cate-
gory whose lexicalization can be replaced with its oc-
currences in a corpus preserving the meaning. [9] pro-
vides a deep analysis of several tools, either conceived
specifically for knowledge extraction on the Semantic
Web, or adaptable to it, or even acting as aggregators of
extracted data from other tools.

8For example, articles that belong to Living people category
or categories ending with births or deaths were classified as Person

http://bit.ly/dbp-ontology
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On the other hand, large-scale knowledge bases are
experiencing a steadily growing commitment of both
research and industry communities. A plethora of re-
sources have been released in recent years. We re-
port below a summary of the most influential exam-
ples, which all attempt to extract structured data from
Wikipedia, although with different aims. BabelNet [27]
is a multilingual lexico-semantic network, which re-
cently moved towards a Linked Data compliant rep-
resentation [4]. BabelNet emanates from the lexical
databases community, with WordNet [5] being the most
mature approach. DBpedia [20] leads current efforts
based on the automatic extraction of unstructured and
semi-structured content from all the Wikipedia lan-
guage chapters. It serves as the kernel of the Linked
Data cloud, gathering a huge amount of research ef-
forts in the Web of Data and Natural Language Pro-
cessing. The underlying framework is strengthened by
a vibrant open source community of users and devel-
opers. Freebase [1] is the result of a crowdsourced ef-
fort, bearing a fine-grained schema thanks to its con-
tributors. MENTA [2] is a massive lexical knowledge
base, with data coming from 271 languages. WiBi [6]
attempts to build a merged taxonomy by taking into
account Wikipedia knowledge encoded both at the cat-
egory and at the page layers. WikiNet [25,26] is built
on top of heuristics formulated upon the analysis of
Wikipedia content to deliver a multilingual semantic
network. YAGO [18,38] provides a linkage facility be-
tween Wikipedia categories and WordNet terms.

3. Class mappings creation

Given a Wikipedia template classified as infobox, the
first part of the workflow would try to map it, when
possible, to a DBpedia ontology class. Using the same
example described in the introduction, our goal is to
map the Carica_pubblica infobox in the Italian
Wikipedia to the OfficeHolder class in the DBpe-
dia ontology. The presented approach is instance-based
and exploits the already mapped Wikipedia pages (in-
stances) and their cross-language links to the pages that
contain the template to be mapped.

A simple method based on the frequencies of the re-
sulting classes can be used to tune the tradeoff between
precision and recall. For example, consider the Polish
template Wojna_infobox (“War” in English), which
is employed in 3,770 pages in the Polish Wikipedia. By
leveraging cross-language links, we notice that 2,842
have a counterpart in one of the six pivot languages,
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Fig. 2. Evaluation of the infobox mapping system.

and 2,716 are classified in one of the corresponding DB-
pedia chapters. In particular, 2,697 pages are classified
as MilitaryConflict. Since 2,697 corresponds
to 99% of the classified pages, we can assume that
MilitaryConflict is the class that best approxi-
mates the possible mapping of the Wojna_infobox
template. In this case, the Polish word “Wojna” means
“War”, clearly a synonym of MilitaryConflict.

Consider now another example, involving a more
ambiguous template, namely Park_infobox (“Park”
in English). Although its translation does not give rise
to ambiguity, the cross-language links bring to a differ-
ent situation: the Park class has the majority, but its
percentage is low (46%). Therefore, using a threshold
L “ 0.5, this solution is discarded and the superclass
Place is assigned instead.

The mapping algorithm is detailed in [32] and is
summarized in Figure 1.

3.1. Evaluation

Experiments have been carried out on 5 languages
(Bulgarian, Czech, Indonesian, Dutch, and Catalan) for
which manually mapped infoboxes can be downloaded
from the official DBpedia mapping website.9 Specifi-
cally, the 5th April 2013 versions are used. Precision
and recall values of the proposed method are calculated
using these sets of mappings as gold standard. Figure 2
shows the precision/recall curves. The grey dashed lines
join points with the same F1, showing that F1 values
range from 0.8 and 0.9. The different precision/recall
points are obtained by varying the threshold L.

9http://mappings.dbpedia.org/

http://mappings.dbpedia.org/
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Fig. 3. Description of the evaluation.

These curves confirm the differences between the
various versions of Wikipedia: in some cases the pre-
cision is high (e.g, 1 in Catalan), while in other lan-
guages it does not exceed .95. The different shapes
of the curves reflect the heterogeneous structure of in-
foboxes, as the policies on infoboxes change from lan-
guage to language [28].

The evaluation is performed as proposed by [22]
for a similar hierarchical categorisation task. Figure 3
shows an example of the evaluation. The system tries
to classify the infobox Philosopher and maps it to
the ontology class Astronaut, while the correct clas-
sification is Philosopher. The missing class (ques-
tion mark) counts as a false negative, the wrong class
(cross) counts as a false positive, and the correct classes
(ticks) count as a true positive. The obtained results
demonstrate the reliability of our system. Once gener-

ated, the mappings can be checked by a human and can
be used to start a new chapter of DBpedia or to extend
an existing one, saving time in the mapping task.

4. Property mappings creation

In addition to class mappings, the DBpedia mappings
also involves properties. For instance, the Italian in-
fobox Carica_pubblica is not only useful to as-
sign the OfficeHolder DBpedia ontology class for
pages that include the infobox, but also carries a lot
of additional information, such as the office held, the
order, the party, and so on. These pieces of informa-
tion are stored in the infobox attributes, which can be
mapped to the DBpedia ontology properties, similarly
to what happens to infoboxes and ontology classes (cf.
previous Section).

Given an infobox I and an attribute AI contained
in I , the Airpedia tool maps the pair pI, AIq to a DB-
pedia ontology property R. The approach exploits the
redundancy of Wikipedia across different language edi-
tions, assuming that, if values of a given infobox at-
tribute are similar to values of a given DBpedia prop-
erty, then the attribute can be mapped to the property.
In fact, a piece of information expressed in a particular
page of Wikipedia is often repeated in different chap-
ters. For instance, Barack Obama’s page in the En-
glish Wikipedia contains an infobox with his birth date,
birth place, etc. The same kind of data is often included
in the infoboxes of the corresponding pages in other
Wikipedia editions. Thus, we leverage such redundancy
to perform the alignment between Wikipedia attributes
and DBpedia properties.
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The main challenge relies in the comparison between
data collected from DBpedia and attribute values stored
in Wikipedia infoboxes. This is due to the fact that DB-
pedia is strongly typed, while Wikipedia does not have
an explicit type system. Attribute values often contain
a mixture of dates, numbers, and text, represented, for-
matted, and approximated in different ways depending
on the Wikipedia edition and on the human editors. To
tackle these issues, a function (detailed in [33]) is de-
fined using a set of heuristics for numbers and dates, in
order to extract structured information for each attribute
value.

Existing versions of DBpedia are required to train
the system. Specifically, we test the English, German,
French, Spanish, and Portuguese editions. Given a tar-
get language l, the procedure extracts the mappings
between DBpedia properties and infobox attributes in
such language. l can be included in the set of languages
chosen as training data. However, the experiments ig-
nore l, since the main purpose is to build mappings for
those Wikipedia chapters for which the corresponding
DBpedia does not yet exist (such as Swedish, Ukrainian
and Esperanto, cf. Section 7).

4.1. Mapping extraction

The algorithm used to determine whether an attribute
AI contained in the infobox I in Wikipedia can be
mapped to a given property R in DBpedia is detailed
in [33]. To find the mappings, we compute the pairwise
similarities between the elements in the set of all the
possible attributes AI and the elements in the set of
all the possible properties R. The candidates are repre-
sented as pairs pAI , Rq, the pairs with the highest simi-
larity SpAI , Rq are considered correct mappings. The
similarity is an average result calculated using instance-
based similarities between the values of property R
in different DBpedia editions and the values of the at-
tribute AI in different Wikipedia pages in the target
language.

4.2. Evaluation

Experiments have been carried on Italian, using exist-
ing DBpedia editions in five languages (English, Span-
ish, Portuguese, German, and French) as training data.
To perform the evaluation, three annotators created a
gold standard by manually annotating 15 infoboxes (for
a total of 100 different attributes), randomly extracted
from the first 100 most frequent infoboxes in the Italian

 0.2

 0.3

 0.4

 0.5

 0.6

 0.7

 0.8

 0.9

 1

 0.3  0.4  0.5  0.6  0.7  0.8  0.9  1

Pr
ec

isi
on

Recall

System
Human

f1 = 0.5

f1 = 0.6

f1 = 0.7

f1 = 0.8

f1 = 0.9

Fig. 4. Precision/recall curve of our system compared with the DBpe-
dia original manual mapping in Italian. From left to right, λ value is
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Wikipedia. The gold standard is available online on the
Airpedia website.10

Figure 4 shows the precision/recall curve, using dif-
ferent parameters in the mapping algorithm [33]. The
results show that the coverage of the baseline (Human)
is around 38% with a precision of around 88%. Our sys-
tem is able to achieve comparable results in term of pre-
cision (87%), but it leads to a significant improvement
in recall maintaining acceptable precision. Specifically,
by exploiting existing mappings, we can cover up to
70% of the attributes with a precision around 80%.

5. Type coverage extension

In the last step of the workflow, our tool attempts
to map a Wikipedia page to the corresponding class,
in case the infobox is missing or the previous steps
could not find a candidate. When the page is already
classified in DBpedia, the tool tries to look for more
specific classes. For instance, at the time of writing this
paper, the Wikipedia page describing the writer John
Gay11 is classified as Artist using the original DB-
pedia mappings. Airpedia classifies the same entity as
Writer (subclass of Artist).

The system is able to guess a type for pages without
infobox by exploiting Wikipedia cross-language links
to assign pages to a DBpedia class. For each entity
described in Wikipedia, the tool looks for every page
in every edition of the encyclopedia. In other words,
the entity Barack Obama appears across multiple

10http://bit.ly/air-gs
11https://en.wikipedia.org/wiki/John_Gay

http://bit.ly/air-gs
https://en.wikipedia.org/wiki/John_Gay
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pages in several Wikipedia language chapters. In our ap-
proach, we first extract information (features) from each
of these pages, and then we train a classifier with the
Wikipedia pages appearing in any DBpedia mapping-
based types dataset.12 Finally, we exploit the resulting
model to classify any Wikipedia page in any language.

Both the algorithm and the evaluation are detailed
in [31].

5.1. Kernels for Entity Classification

The strategy adopted by kernel methods [37,36] con-
sists of splitting the learning problem in two parts. First
they embed the input data in a suitable feature space,
and then use a linear algorithm (e.g., the perceptron) to
discover nonlinear patterns in the input space. Typically,
the mapping is performed implicitly by a so-called ker-
nel function. The kernel function is an inner product,
which can intuitively be considered as a similarity mea-
sure between the input data, that depends on the specific
data type and domain. A typical similarity function is
the inner product between feature vectors. Character-
izing the similarity of the inputs plays a crucial role
in determining the success or failure of the learning
algorithm, and it is one of the central questions in the
field of machine learning.

In practice, we combine five different kernel func-
tions that calculate the pairwise similarity between
entities using their corresponding Wikipedia articles
as source of information. They are the only domain-
specific elements of the proposed classification system,
while the learning algorithm is a general purpose com-
ponent. Many classifiers can be used with kernels, and
we opt for k-nearest neighbor (k-nn).

The five basic kernels used are:

Bag-of-templates KT . A count of how many occur-
rences of templates their corresponding Wikipedia
articles in a specific language share.

Bag-of-categories KC . Wikipedia categories are in-
tended to group together articles on similar sub-
jects and have proven useful in text classification
[40], ontology learning [24], and ontology popula-
tion [38].

Bag-of-sections KS . Wikipedia articles are structured
in several sections that might provide relevant cues
for classification. For example, biographical arti-
cles typically include sections like Early life, Ca-
reer, and Personal life; while articles referring to

12http://wiki.dbpedia.org/Datasets#h434-10

Table 1
Results of the most frequent class baseline (MF), the basic kernels
(see Section 5.1) and the composite kernel K, using z “ 10

MF KT KC KS KW KL K

Prec. 0.35 0.97 0.90 0.94 0.81 0.84 0.91
Rec. 0.38 0.31 0.40 0.16 0.22 0.41 0.48
F1 0.31 0.47 0.55 0.27 0.34 0.55 0.63

cities usually include sections like Places of inter-
est, Demographic evolution, and Administration.

Bag-of-words KW . The use of infoboxes, categories,
and sections ensures highly accurate classifica-
tion, however it produces extremely sparse feature
spaces that compromises the recall. To overcome
this problem, content words of the text article are
also exploited as additional sources of informa-
tion.

Latent semantic analysis KL. Since the bag-of-words
representation does not deal well with lexical vari-
ability, latent semantic kernels are employed and
an effective semantic vector space model using
(unlabeled) external knowledge [37] is defined.
It has been shown that semantic information is
fundamental for improving the accuracy and re-
ducing the amount of training data in many nat-
ural language tasks, including fine-grained clas-
sification of named entities [7,12], question clas-
sification [21], text categorization [14], and word
sense disambiguation [15]. For each language, we
derive the proximity matrix Π from the 200,000
most visited Wikipedia articles. After removing
terms that occur less than 5 times, the resulting
dictionaries contain about 300,000 terms. We use
the SVDLIBC package13 to compute the singu-
lar value decomposition (SVD), truncated to 100
dimensions.

Having defined all the basic kernels, representing dif-
ferent characteristics of entity descriptions, we finally
define the composite kernel as

Kpe1, e2q “
ÿ

n“1

Knpe1, e2q
a

Knpe1, e2qKnpe1, e2q
, (1)

where Kn is a valid basic kernel. The individual kernels
are normalized. This plays an important role in allowing
us to integrate information from heterogeneous feature
spaces.

Table 1 reports the results of the most frequent class
baseline, the basic kernels (KT , KC , KS , KW , and

13http://tedlab.mit.edu/~dr/svdlibc/

http://wiki.dbpedia.org/Datasets#h434-10
http://tedlab.mit.edu/~dr/svdlibc/
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Fig. 5. Precision/recall curve of the page classification system using
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tion.

KL), and the composite kernel K. The experimental
results show that the composite kernel K significantly
outperforms the basic kernels. To assess the statistical
significance between the obtained results (p-value “
0.05), approximate randomization [29] is used.

5.2. Evaluation

Experiments are carried out on a set of Wikipedia
articles that contains 500 randomly extracted entities
not already present in DBpedia in any language. The
dataset is split in development set (100 entities) and test
set (400 entities). All entities have been manually an-
notated by the authors, with the most specific available
class in the version 3.8 of the DBpedia ontology. 50
more entities have been annotated by three different an-
notators, resulting in an inter-agreement of 78% (Fleiss’
kappa measure [8]). An additional Unknown class has
been introduced to annotate those entities that cannot
be assigned to any class in the ontology. When an entity
is assigned to a class, it is also implicitly assigned to
all its super-classes. For instance, classifying Michael
Jackson as a MusicalArtist, the system implicitly
classifies him also as Artist, Person and Agent.

The evaluation is performed using the same hierar-
chical model as in Section 3.1.

Figure 5 shows the precision/recall curves obtained
using four different setups (for additional information,
see [31]).

6. The tool

Airpedia14 includes a set of tools15 for processing
Wikipedia XML dumps, DBpedia RDF datasets and
finally for creating new mappings for a target DBpe-
dia chapter. More specifically, the tools implement the
entire workflow described in the previous sections.

The core Airpedia module is written in Java. It con-
tains multiple runnable main classes that perform the
following tasks:

1. Wikipedia dumps download and processing;
2. class and properties mappings extraction;
3. pages classification.

An additional set of bash scripts help the user speed up
the whole procedure.

The package is released open-source under the
Apache License 2.0.16 Exhaustive documentation can
be found in the wiki section of the project,17 including
an additional part, showing how to upload mappings to
the DBpedia website (username and password needed)
and how to create the RDF triples using the DBpedia
Extraction Framework. The documentation describes
also all the preprocessing steps needed to implement
the whole workflow (for instance, downloading the
Wikipedia dumps and the existing DBpedia mappings,
extracting the dumps, identifying the infoboxes, and so
on).

7. Some experiments on missing DBpedias

To assess the approach detailed in this paper, we
generated three new DBpedia chapters from scratch,
namely Swedish, Ukrainian and Esperanto.18

We applied the Airpedia tools to extract mappings
and classified pages starting from the Wikipedia XML
dumps and we uploaded the mappings to the DBpedia
mapping website. We also published the datasets in
the Airpedia website19 and made a SPARQL endpoint
available for queries.

14http://www.airpedia.org
15https://bitbucket.org/fbk/airpedia/
16http://www.apache.org/licenses/
17https://bitbucket.org/fbk/airpedia/wiki/Home
18Esperanto is a constructed language spoken by about 2M people

in the world. The Esperanto Wikipedia is – with its 200K+ articles –
one of the biggest Wikipedia for which the corresponding DBpedia
chapter has not been created yet. It is ranked 34th in the list of
Wikipedias sorted by the number of articles, and it is constantly
updated by a community of almost 100K users.

19http://www.airpedia.org

http://www.airpedia.org
https://bitbucket.org/fbk/airpedia/
http://www.apache.org/licenses/
http://www.airpedia.org
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Table 2
Statistics on the Swedish DBpedia.

Number of pages in Wikipedia 1,935,569
Automatically created mappings for classes 228
Automatically created mappings for properties 1,136
Pages classified using the mappings (Section 3) 1,565,041
Additional classified pages (Section 5) 177,900
Total classified pages 1,742,941
Extracted properties 3,395,380

Website: http://sv.dbpedia.org
SPARQL endpoint: http://sv.dbpedia.org/sparql

Table 3
Statistics on the Ukrainian DBpedia.

Number of pages in Wikipedia 534,545
Automatically created mappings for classes 281
Automatically created mappings for properties 888
Pages classified using the mappings (Section 3) 305,779
Additional classified pages (Section 5) 75,749
Total classified pages 381,528
Extracted properties 822,220

Website: http://uk.dbpedia.org
SPARQL endpoint: http://uk.dbpedia.org/sparql

Table 4
Statistics on the Esperanto DBpedia.

Number of pages in Wikipedia 202,236
Automatically created mappings for classes 96
Automatically created mappings for properties 345
Pages classified using the mappings (Section 3) 83,320
Additional classified pages (Section 5) 52,128
Total classified pages 135,448
Extracted properties 330,798

Website: http://eo.dbpedia.org
SPARQL endpoint: http://eo.dbpedia.org/sparql

Tables 2, 3 and 4 show statistics on the deployed
chapters.

8. Conclusions and future work

In this paper, we presented Airpedia, a tool for the
construction of a DBpedia chapter from scratch. The
workflow consists of three major phases:

1. Class mapping generation;
2. Properties mapping generation;
3. DBpedia ontology type coverage extension.

We evaluated our approach upon existing DBpedia
editions and a manually annotated dataset of 400

Wikipedia articles. Tradeoff between precision and re-
call can be varied in all steps. Although the mapping
generation procedure is not generally error-prone, the
system can be used to speed it up, and serves as an
initial step for the release of missing DBpedia chapters,
or for the extension of existing ones. The quality of the
obtained mappings may be further curated on account
of a manual validation. We argue that such task is faster
than the mapping one starting from scratch (i.e., from
Wikipedia infoboxes).

There remains room for further improvements, es-
pecially with respect to the generation of properties
mapping. For instance, the similarity function between
values in different languages can be refined with a
smarter normalization and a better recognition of typed
entities (such as temporal expressions, units, and com-
mon abbreviations). In addition, the distant supervision
paradigm [23] may be leveraged to extend the coverage
over properties when the infobox is missing in the page
or does not contain the required attribute.
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