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Abstract: This paper introduces Wikipedia as an exten-
sive knowledge base which provides additional informa-
tion about a great number ofweb resources in the semantic
web, and shows howRDFweb resources in theweb of data
can be linked to this encyclopedia. Given an input web re-
source, the designed system identifies the topic of the web
resource and links it to the corresponding Wikipedia arti-
cle. To perform this task, we use the core labeling proper-
ties in web of data to specify the candidate Wikipedia ar-
ticles for a web resource. Finally, a knowledge based ap-
proach is used to identify the most appropriate article in
Wikipedia database. Evaluation of the system shows the
high performance of the designed system.
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1 Introduction
In recent years, the web has evolved from a global infor-
mation space of linked documents to a space where both
documents and data are linked [1]. Linked data refers to
the published data on the web, where the data is machine-
readable, has explicit meaning, is linked to other external
datasets, and can be linked to from external datasets [1].
Recently, various datasets have been published in the web
of data following linked data principles [2] including DB-
Pedia, DBLP, Freebase, GeoSpecies, etc. Moreover, various
domains such as biology [3], and art [4] have applied these
principles to publish their linked data.
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Theweb of data introduces an environment where var-
ious researches and applications including information re-
trieval systems benefit from its specifications [5, 6] and var-
ious tools have been introduced for linked Data consump-
tion [7]. One of the main specifications of the linked data
is RDF¹ links which can determine the relationships be-
tween web resources. The RDF links in linked Data gener-
ate triples where the subject and object resources are URI
references in the namespace of initial dataset and target
dataset respectively [8] and the predicate part shows the
relationship between them. These predicates are seman-
tic terms which are selected from ontologies. Ontologies
introduce different terms to represent various meanings;
for example, owl:sameAs, and rdf:type show the equality
relationships and type relationship between two entities
respectively.

One of the widely used predicates in semantic web
is rdfs:seeAlso. It has been defined in RDF schema and
links two related web resources. TheWorldWideWeb Con-
sortium, a community which develops standards in web,
states that rdfs:seeAlso is an instance of rdf:property that is
used to indicate a resources that might provide additional
information about the subject resource². The link seealso
is extensively used in traditional web to link related web
documents. Generally, users decide about the target doc-
uments which provide additional information. In [9] dif-
ferent possible meanings of this predicate in the semantic
web are discovered by analyzing the web data. This predi-
cate can be used to link the same entities or to link web re-
sources to the documents which provide additional infor-
mation about the subject resource. However, linking web
resourcesmanually is time consumingandhence interlink-
ing datasets and linking the web resources to pages which
provide additional information has been turned to an im-
portant topic in the web of data.

Wikipedia is one of the largest online repositories
of encyclopedic knowledge that can be seen as a target
database. It is continuously growing and the number of ar-
ticles in English Wikipedia has increased from less than 1

1 Resource Description Framework
2 https://www.w3.org/2001/sw/RDFCore/Schema/200203/
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million in 2006 to more than 5.7 million articles in 2018³.
Moreover, Wikipedia is available for more than 302 lan-
guages and the number of articles ranges from a few
pages per language to millions of articles per language⁴.
Wikipedia is a free knowledge repository which is sup-
ported by the Wikipedia foundation and the fact it is col-
laboratively edited is one of its important characteristics.
It has been used in various researches such as named
entity recognition and disambiguation [10–15], document
topic identifications and relatedness [16–18], information
retrieval [19], WorldNet to Wikipedia mapping [20, 21], etc.
Wikipedia uses hyperlinks between pages to connect re-
lated articles. These links have beenused in various knowl-
edge bases such as YAGO and DBpedia and play an impor-
tant role in our designed system. In [22] a rule mining tech-
nique is presented to propose semantic relations for these
hyperlinks.

In this paper,webenefit fromWikipedia datasetwhich
contains information about millions of entities. These en-
tities belong to different domains and there is a lot of in-
formation about each of them in each wiki page. The goal
of our designed system, which we call RDFWikify, is link-
ing web resources to the corresponding Wikipedia pages
which provide additional information. Our system mainly
consists of four parts: 1) extracting candidate pages, 2) con-
structing contexts of web resources, 3) constructing con-
texts of candidate pages and 4) mapping contexts step
which is able to link RDF pages in the web of data to the
corresponding pages in the Wikipedia knowledge base.

We apply a knowledge-based method to find the
most appropriate sense of a RDF page in the Wikipedia
database. There are several knowledge-based approaches
to solve the word sense disambiguation problem [23, 24].
Knowledge-based approaches are based on the informa-
tion in the sense definitions provided in the knowledge
base. Lest algorithm (a knowledge based approach) was
introduced in [24] where it tries to identify the most appro-
priate sense of a word in a context based on the overlap of
contexts of the ambiguous word and the candidate senses
in the target knowledge base.

The rest of the paper is organized as follows: in section
II, related works are presented. In section III, Wikipedia
knowledge base and its specifications are introduced. In
section IV, the architecture of the designed systems is illus-
trated. In section V, the evaluation of the designed system
is provided and in section VI, conclusion and future work
are presented.

3 https://en.wikipedia.org/wiki/Main_Page
4 https://meta.wikimedia.org/wiki/List_of_Wikipedias

2 Related Work
There have been various researches about enriching texts
and web pages [25, 26]. In [25], links are added to web
pages to improve the users’ navigation and in [26], book
sections which are not well written, are identified. Gen-
erally, annotating web pages and linking web resources
leads to more information provision. Linking web re-
sources which describe the same entity is a research area
in semantic web environment and various tools have been
designed to consume linked data [27]. In recent years, sev-
eral approaches and tools [28–30] have been designed to
do the interlinking process in semanticweb. In [29] utilizes
the mathematical characteristic of metric spaces to filter
out a largenumber of instancepairs frommappingprocess.
Approximate distances betweenpairs are calculated based
on triangle inequality. In [30] an approach is suggested
which reduces the role of user in interlinking process. In
this research, property filtering is used to remove prob-
lematic attributes and instance profiling is applied to rep-
resent each resource by a relevant sub-graph to enhance
the mapping process. Using string matching and similar-
ity measures is one of the widely used approached in this
area [31–33]. In [31], user identifies the correspondence be-
tweenattributes and then the values of each attribute pairs
are compared using a string similarity measure. In similar-
ity measurement, various metrics such as jaro similarity,
jaroWinklerSimilarity, etc. can be used. In [32] a similar
string similarity measure is used in interlinking process.
However, there several steps are performed before map-
ping including preprocessing, checking, materialization,
translation and ontology evolution. In these steps, opera-
tions such as checking the consistency of ontology, trans-
lation of given properties from one language to another,
andmodifying properties values are performed. In [33] the
similarity between strings in the object parts of triples and
adaptive learning are used to make the fusion ontology. In
several researches [32, 33] fusion ontology can also be cre-
ated. In fusion process datasets are fused according to the
alignment and a new ontology is created.

There are several features which we can use them to
categorize the existing approaches. These features include
domain of data, ontology alignment ability, the extent of
user contribution, etc. Some of researches are mainly fo-
cused on designing approaches for interlinking datasets
in specific domains such as linking movie datasets [34],
linking music datasets [35], linking spatial data, inter-
linking video programs [36], interlinking multimedia [37]
and linked data in education [38]. In [39], a domain inde-
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pendent approach for interlinking instances is proposed
which uses matching histories in its process.

Most of the designed approaches use the alignment be-
tween attributes (ontology terms) in interlinking process.
Therefore, some of these approaches do not support multi
ontology environments [33]. In other words, datasets have
to be described with the same ontologies. Another cate-
gory of the interlinking methods require inputs from the
users. For example, the alignment of ontologies is needed
as input to do the interlinking process [31] or user contribu-
tion and comment is another way to interlink datasets [40]
which is not efficient for large datasets.

In several domains, there are primary keys, similar to
ones that exist in database systems, which can be used to
recognize the described entities. For example, ISSN num-
bers are used in thepublishingdomain.However, theprob-
lem is the lack of such keys in most of the domains.

One of the widely used approaches in interlining
datasets is analyzing and comparing the content of the
web resources where ontology matching can play an im-
portant role. The greater the more similarity between web
resource descriptions means the greater the more proba-
bility of their equivalence. It is possible to use an ontology
learning model [41] and ontology mapping and ontology
fusion approaches [42, 43] to perform the interlinking pro-
cess. However, themain obstacle with these approaches is
schema heterogeneity. Dataset owners usually use various
and different ontologies and properties to describe their
dataset, makes it more difficult to compare and to identify
the web resources describing the same entity.

We use core labeling properties [44] and context of
the web resources to perform the mapping process in our
designed system. In the Web of Data, web resources de-
scribe entities and usually in these descriptions there are
properties which are used to present the name of entities.
The set of properties i.e. core labeling properties includes
rdf-schema#label, foaf:name, po.owl#atomname, etc. For
example consider the following information in dbpedia
dataset:

URI: http://dbpedia.org/resource/Plant

Part of description: http://dbpedia.org/resource/Plant
foaf:name Plants

In this example, property foaf:name is a core labelingprop-
erty.

To analyze the Wikipedia knowledge base, various
semantic–related text mining approaches [45–47] can be
applied. However, we benefit from several characteristics
of Wikipedia (described in the next section) to retrieve the

relevant articles and texts and to identify the topics and
their meaning in articles.

While the goal of RDFWikify is to find the most appro-
priate article (each article may act as a sense for a title
term) from Wikipedia, which is big sense repository, sev-
eral researches in Word Sense disambiguation topics [48–
50] useWikipedia as an external repository to increase the
performance of finding the best sense of a word, and com-
puting word relatedness [51].

Entity linking and linking terms in a text to Wikipedia
knowledge base to find additional information about them
waspreviously investigated in [12, 16, 52, 53]. In [52] extract-
ing keywords in a text and linking them to the Wikipedia
repository are the main objectives. The overlaps between
the contexts of Wikipedia pages and ambiguous words are
computed to find the corresponding pages and we apply
a similar approach in our system to find the pages which
provide additional information about the input web re-
sources.

3 Wikipedia knowledge base
Wikipedia is a free multilingual online encyclopedia. Its
articles are written collaboratively by volunteers. It has
about 100 thousand active contributors and it has become
one of the largest andmost popular reference works in the
internet. It consists of millions of pages each of which de-
scribes an entity or a concept or an event. In Wikipedia
structure, some of the pages are called “redirect”. A redi-
rect page is a page that does not have any content it-
self and leads the readers or applications to another page
or in some cases to a section of a page. For example, if
you search “Persia” or type http://en.wikipedia.org/wiki/
Persia in your browser, then you will be directed to a page
that describes “Iran” and the expression “redirected from
Persia” is stated in the top of the page. There are sev-
eral reasons thatWikipedia employ redirects⁵. Redirecting
mechanism makes users able to define alternative names
for a page.

Another structure that is highly relevant to our work
is the disambiguation page. Sometimes, one title can refer
to several entities. In such situations, the users are taken
to a disambiguation page which shows the different pos-
sible meanings of a title. For example, when you search
“Persian” or type “http://en.wikipedia.org/wiki/Persian”

5 For more information visit http://en.wikipedia.org/wiki/Wikipedia:
Redirect
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in your browser, a disambiguation page is shown which
contains the different possible meanings for term “Per-
sian” and each meaning has a link to the corresponding
Wikipedia article.

Sometimes, when a user searches a title, the returned
page is not a disambiguation page. However, the user
is able to go to the disambiguation page related to the
searched title by the link provided in the top of the page.
This link contains the name of searched title and the
phrase “(disambiguation)”. For example, when searching
title “Persia”, a non-disambiguation page is returned that
contains a link named “Persia (disambiguation)” in the
top of the page. Clicking that link navigates the user to the
page which has the different meanings of “Persia”.

The first part of each article in Wikipedia, which can
contain several paragraphs, provides the most important
information related to the article’s title. This part usually
has enough information for readers to recognize the entity
that is described in the article without knowing the title
of the page. After the first part of an article, usually there
are several sections which provide additional information
about the entity in different point of views.

4 RDFWikify System
Themain technical goal of thiswork ismappingRDFpages
to the corresponding Wikipedia articles. The architecture
of the system is shown in Figure 1. The steps to link a RDF
page to a Wikipedia article are as follows:

– Recognizing the name of entity which is described
in the page

– Identifying and extracting candidate articles from
Wikipedia

– Building the context of the input page
– Building the context of candidate articles
– Mapping contexts and link generation

4.1 Identifying titles of RDF pages

Labeling properties are ontology terms which are used to
present the title or the nameof the entity. Given aRDFpage
p, we benefit from core labeling properties used in the se-
mantic web to identify the title of the input page.

In the web of data environment, there are various on-
tologies. So, datasets owners can use some of them or they
can even create their own ontologies to describe their enti-
ties. So, in the heterogeneous web environment, there are
many labeling properties such as foaf:name, and dc:title.

Figure 1: Architecture of the RDFWikify system

Table 1: Labeling terms

Ontology Terms
http://www.aktors.org/ontology/portal#name
http://xmlns.com/foaf/0.1/givenName
http://www.w3.org/2000/10/swap/pim/contact#fullName
http://xmlns.com/foaf/0.1/surName
http://swrc.ontoware.org/ontology#title
http://swrc.ontoware.org/ontology#booktitle
http://www.aktors.org/ontology/portal#has-pretty-name
http://purl.uniprot.org/core/orfName
http://purl.uniprot.org/core/name
http://www.daml.org/2003/02/fips55/fips-55-ont#name

In [44], a data mining approach is presented to discover
the most important labeling properties in the web of data.
Some of these terms are shown in Table 1.

For each web resource, a query is built to retrieve the
object part of the triple(s) which its predicate is equal to
the one the labeling properties. For example, consider the
web resource address http://dbpedia.org/resource/Berlin.
There are several triples in its description including:

http://dbpedia.org/resource/Berlin dbp:name berlin
(subject) (predicate) (object)

Predicate dbp:name is one of labeling properties.
Therefore, the object part i.e. “berlin” represents the entity
name.

4.2 Extraction of Candidate Wikipedia
Articles

Millions of articles exist in Wikipedia repository each de-
scribing an entity or concept or event. Given a RDF page
p, considering all articles inWikipedia as candidate target
pages is not an efficient solution. In this step, we identified

http://www.aktors.org/ontology/portal#name
http://xmlns.com/foaf/0.1/givenName
http://www.w3.org/2000/10/swap/pim/contact#fullName
http://xmlns.com/foaf/0.1/surName
http://swrc.ontoware.org/ontology#title
http://swrc.ontoware.org/ontology#booktitle
http://www.aktors.org/ontology/portal#has-pretty-name
http://purl.uniprot.org/core/orfName
http://purl.uniprot.org/core/name
http://www.daml.org/2003/02/fips55/fips-55-ont#name
http://dbpedia.org/resource/Berlin


Linking Web Resources in Web of Data to Encyclopedic Knowledge Base | 361

candidate Wikipedia articles for the given input RDF page.
WequeriedWikipedia repository using entity name (identi-
fied in previous step) to retrieve the candidate articles. We
used the dumpfiles ofWikipedia⁶ to identify the candidate
articles and disambiguation pages. We stored Wikipedia
articles and their data in MySQL database and then used
the freely available JWPLWikipedia API [54] to access and
query them. The outputs of a query are articles (including
the addresses of the pages and the whole content) which
their titles correspond to the input title which was identi-
fied using labelling properties.

Since the title of the input page may have various
meanings, we extract several articles (as candidates) from
Wikipedia, each describing one of the meanings. To do
that, we extract different senses of the input title from the
corresponding disambiguation page. Each of the senses
in disambiguation page represents an article in Wikipedia
encyclopaedia and these articles are the candidate target
pages. For example, consider that “Persia” is the title of
the input web resource. We query Wikipedia with this ti-
tle to retrieve the corresponding target pages. Due to the
fact that the retrieved page is not a disambiguation page,
we retrieve the content of the Persia (disambiguation) page
which holds the senses of the Persia. Finally, candidate
articles are extracted regarding the identified senses. In
some cases there is only one sense for the title. It means
that there is not a disambiguation page for that title and
the retrieved page represents the only candidate page.

4.3 Making candidate articles’ contexts

We use the information provided in the content of articles
to build the contexts. Each Wikipedia article usually con-
sists of several paragraphs and each paragraph includes
sentenceswhich are related to the topic of the page. Hence,
thewords provided in eachpage canbeused as the context
of the page. But, each page usually contains thousands of
words and most of the words may not be useful to make a
rich context.

One of the important characteristics of Wikipedia that
we used is the provided links in each article. The style
manual of Wikipedia states that the links in each article
should be relevant and helpful in the context⁷. Hence, we
use these links to construct the context of the pages. The
most related part which describes the topic of an article

6 The dump files are available in “http://dumps.wikimedia.org/”
7 For more information visit http://en.wikipedia.org/wiki/Wikipedia:
Manual_of_Style#Wikilinks

is the first paragraph. We used the links in these parts to
build the contexts of articles.

4.4 Making web resources’ contexts

In this step,we constructed thedisambiguation contexts of
the input web resources. The existing data in a given web
resource, are related to the main topic of the page. These
data are presented by RDF data model. The following al-
gorithm describes the process of disambiguation context
construction.

Algorithm:

Given web resource w, we extracted related data to con-
struct the disambiguation context C(w). These data are
connected to w directly or indirectly. Direct data are those
which are available in the description ofw and the indirect
data are acquired by analyzing web resources which are
linked to w. We assign different weights to the extracted
data based on their distance with w. The pseudo code of
the process is shown in algorithm 1. Several parameters
such as local distance, distance,weight,MaxSize, andMax-
URI are used in this algorithm. The descriptions of the pa-
rameters are as follows:

Local Distance: analyzing web resource w, several triples
are extracted as follows:

pi predicate qi

We define the local distance between w and qi as fol-
lows:

dis (w, qi) =
{︃
1, w = pi
2, w ≠ pi

(1)

Where qi = ̸ w
In the description ofw, if the subject resource is equal

tow, then the object resource is connected directly tow. In
situations where neither pi nor the qi are equal to w, the
local distance is 2.

It is possible that the distance between w and a web
resource qi be identified through different triples. In such
situations theminimum local distance is considered as the
final local distance.

Distance: to build the context of w i.e. C(w), several RDF
web resources (which are extracted from w’s description)
are analyzed. As it is shown in algorithm 1 (line 6), this pro-
cess is repeated until the end criteria. In this process, there

http://dumps.wikimedia.org/
http://en.wikipedia.org/wiki/Wikipedia:Manual_of_Style#Wikilinks
http://en.wikipedia.org/wiki/Wikipedia:Manual_of_Style#Wikilinks
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is a collection of web resources. Some of these resources
are connected to w indirectly. We define the distance be-
tween w and the other web resources yi as follows:

dis (w, yi) = dis (w,m1) + dis (m1,m2) (2)
+ dis (m2,m3) + . . . + dis (mn , yi)
mi ∈ intermediated web resources

Algorithm 1
Input: uri, w, α, β, θ and λ
Output: context
Output: bag*
1: initialize a queue, q=empty, initialize context=empty;
2: initialize bag=empty*;
3: nwords=0;
4: nuris=0;
5: add (w, 0) to q; //q contains pairs (web resources, distance to w)

// that will be investigated unless terminitation condition
6: While (q is not empty) && !(termination condition)
7: object=retrieve the first object in q and remove it from q
8: uri=object.firstfield // uri address
9: distance=object.secondfield //distance of the uri to w
10: nuris++
11: initialize tp=triples in uri description
12: for every triple in tp do

//building the context of w (find
// values and strings in uri, add them to
// context, retrive new uris, add them to q

13: if the object-part of triple is a value
14: add value to the bag*
15: if (subject-part==uri) //triple directly describes the

web resource
16: weight = α/(distance + 1)
17: Else
18: weight = β/(distance + 1)
19: end if
20: if (object-part does not exist in context)
21: add (object-part, weight) to context
22: nwords++;
23: end if
24: end if
25: if the object-part is a uri
26: if (subject-part=w)
27: add(object-part, distance+1) to q
28: Else
29: add(object-part,distance+2) to q
30: end if
31: end if
32: end do
33: endWhile
34: return context
end criteria= (θ< nwords) or (λ< nuris)

* The codes with star will be used in algorithm 2.

The distance is calculated by adding the distances be-
tween web resources located virtually between w and yi.

Weight: while building the disambiguation context of a
web resource w, various values are added to the context.
However, these values have different importance regard-
ing their relationships to the input web resources w. Con-
sider that data l is extracted from web resource wl. We
define parameter weight which shows the relative impor-
tance of the data l. This parameter is calculated based on
the distance between w and wl i.e. dis(w,wl) as follows:

weight (l) =

⎧⎨⎩ α
dis(w,wl)+1 if subject resource of l = wl

β
dis(w,wl)+1 if subject resources of l ≠ wl

0 ≤ β, α ≤ 1 (3)

Where α and β are constant coefficients and generally, α
must have a greater value than β. As it is shown in for-
mula (3), the weight of a data has a reverse relation with
the distance of the web resource where the data is located
in.

Max_Size (θ) and MAX_URIs (λ): in context making algo-
rithm i.e. algorithm 1, there are two termination criteria.
The first one (θ) shows the maximum allowed size of the
context and the second one (λ) shows the maximum num-
ber of web resources which can be analyzed. Both of these
parameters are related to the performance issue. While an-
alyzing web resources related to the input web resource
w, we should take care about the distances. The data ex-
tracted fromweb resourceswith longer distances have less
connection and relationshipwithw andmay provide unre-
lated information. Moreover, analyzing a high number of
web resources is time consuming. Therefore, we limit the
number of web resources (λ) for higher performance. Sim-
ilarly, bigger size of the bag of words (θ) allows unrelated
information to be entered to the contexts,making themap-
ping process (which will be discussed in a later section)
inefficient. Therefore, these parameters are defined to con-
trol the performance issues.

4.5 Mapping Algorithm and Link Generation

In previous steps, the contexts of the input w and can-
didate Wikipedia articles are made. The goal of this step
is identifying the most appropriate article explaining the
same entity described inw. However, it does notmean that
a corresponding article necessarily exists in theWikipedia
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knowledge base. Therefore, we have:

map (w) =
{︃
articlew entityname (w) = title(articlew)
∅ no correspandence exists

(4)

Where entityname(w) is the title of the entity described
in w.

In sectionB, an approach for identifying the candidate
articles is presented. We store them in a collection as fol-
lows:

candidate − articles = {a1, a2, a3, . . . ., an} (5)

We use conditional probability p(ai|w) to identify the
target article. Among the articles in article-collection set,
the one which maximizes the conditional probability is re-
garded as the target article. This probability is calculated
as follows:

map (w) = argmaxa∈candidate articles(w)p (aw) = (6)

argmaxa∈candidate articles(w)
p (a, w)
p(w

The denominator part is equal and constant for all
probabilities. Therefore, we have:

map (w) = argmaxa∈candidate articles(w)p (a, w) (7)

Where:

p (a, w) = u(a, w)∑︀
ai∈candidate_articles(w) u(ai , w)

(8)

We define a utility function to estimate the probability
p(a,w). This utility represents the size of intersection be-
tween two contexts as follows:

u(a,w) = |C(a) ∩ C(w)| (9)

Higher contexts overlap between w and ak increases
the chance of ak to be the target article.

4.6 Web Resource context enrichment

Web resources are described using arbitrary ontology
terms and their corresponding values. Object part of the
triples can be a string, digit, text, etc. Our approach to
make the disambiguation context is adding these data
with their weight to a bag of words and finally the contents
of the bags are compared with the contexts of candidate
articles. However, there are situations which make these
values (data) useless. They may contain text (especially
long text)which usually consists of several sentences. This
condition happens when some specific properties such as

Algorithm 2
Input: bag, µ
Output: Enriched_context
1: Enriched_context =context
2: bag is tokenized resulting in bag_token
3: For each literal in bag_token
4: If literal is a Stopword remove it
5: size = size of (bag_token)
6: For each literal in bag_token
7: calculate frequency (literal) and frequency_percentage(literal)
8: AM=average (frequency_ percentage) //arithmetic mean
9: For each literal in bag_token
10: If frequency_percentage(literal)> µ * AM
11: Add literal to Enriched_context
12: Return Enriched_context

rdfs:comment, dbpedia-owl:abstract are used in predicate
part. These properties naturally are more probable to have
text values in their object part. Values which contain sev-
eral words or sentences usually cannot have an effect on
the contexts comparison result. There is a very low prob-
ability that the same value (for example, a text) exists in
the candidates’ contexts. For example, consider the URI
address “http://dbpedia.org/resource/Plant” which con-
tains the following triple:

Subject: http://dbpedia.org/resource/Plant

Predicate: dbo:abstract

Object: Green plants have cell walls with cellulose and
. . . ... The scientific study of plants is known as botany, a
branch of biology.

While the object part of this triple has valuable informa-
tion, it is long enough that there is a very highprobability it
does not exist exactly in the same form in other texts (here
Wikipedia articles). Therefore, to make such texts usable,
we need to extract the main keywords from them. The al-
gorithm of key words extraction is depicted in algorithm 2.
The steps are as follows:

– In line 14 of Algorithm 1, each value is added to
the variable bag. Finally, bag has all the literals and
texts in the string format.

– In line 1, the enriched context is initialized. Its ini-
tial value is the context which is generated in Algo-
rithm 1.

– In lines 2-4, bag is tokenized and all tokens are put
in a collection of literals and then the Stopwords are
deleted from the collection

– Through lines 5-7, the percentage use of each literal
and then the average of percentages are calculated.

http://dbpedia.org/resource/Plant
http://dbpedia.org/resource/Plant
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These percentages show the relative frequency of
each term in the description of a web resource.

– In lines 8-11, the arithmetic mean of the literals’ per-
centage is calculated (AM) and then the literals with
percentages higher than µ * AM are added to dis-
ambiguation context of a web resource. Variable µ
is a parameter which is used to decide what literals
to be inserted to the context regarding to their sig-
nificance. This parameter takes values above 1 and
choosing higher values means the fewer literals and
of course the more important ones are inserted into
the context.

The returned contexts by algorithm 2 are used as the
contexts of the web resources in mapping process.

5 Experiments
We have conducted several experiments to evaluate the
performance of theRDFWikify system. Experiments are im-
plemented in Java environment (NetBeans IDE) and vari-
ous APIs are used in these experiments⁸.

5.1 An Example

First of all, we describe an example. Consider the follow-
ing URI address:
https://semanticweb.cs.vu.nl/europeana/browse/list_reso
urce?r=http%3A//purl.org/vocabularies/princeton/wn30/
synset-earth-noun-5

We query this URI using core labeling properties and
the following triple is retrieved:

URI: https://semanticweb.cs.vu.nl/europeana/browse/list
_resource?r=http%3A//purl.org/vocabularies/princeton/w
n30/synset-earth-noun-5

Predicate: rdfs:label

Value: "earth"@en-us

Therefore, this URI is about “earth”. We query the
Wikipedia knowledge base and extract various articles re-
lated to earth using disambiguation page⁹. Parts of con-
texts of three candidate articles (out of more than ten ar-

8 Jena, JWPL, Lucene
9 https://en.wikipedia.org/wiki/Earth_(disambiguation).

ticles) are as follows:

Context of the input URI
= {elements, universe, thought, . . .}

Context of the candidate article − 1 = {Planet, sun, . . .}
Context of the candidate article − 2

= {electerical, engineering, fuses, . . .}
Context of the candidate article − 3

= {elements, plato, . . .}

Finally, the input URI is linked to the third sense of
earth. In other words, the input URI is not about “planet
earth” or other meanings. It is about one of the four ele-
ments composing the universe.

5.2 Evaluation of the Mapping Algorithm

In the first experiment, we evaluated the performance of
the mapping algorithm regarding the different values of
the used parameters using a gold standard dataset. We se-
lected 550 RDF pages from BTC-2014¹⁰ dataset randomly
and three expert users identified the corresponding arti-
cles in Wikipedia. In cases of conflict between them, we
voted to identify the most appropriate article. The average
number of candidate articles was 5.54 per input page.

We conducted several executions of our algorithm
with different parameter values.We assigned input param-
eters µ=2, α=1 and β=0.3 and executed our mapping algo-
rithm with different values for the other input parameters
θ and λ.

Figure 2: Precision of the mapping algorithm with different values
for parameters θ, λ

10 This dataset ideally includes web resources exists in the web of
data. The dataset was crawled during February to June 2014. Several
seed sets collected from multiple sources are used. More information
in: http://km.aifb.kit.edu/projects/btc-2014/

https://semanticweb.cs.vu.nl/europeana/browse/list_resource?r=http%3A//purl.org/vocabularies/princeton/wn30/synset-earth-noun-5
https://semanticweb.cs.vu.nl/europeana/browse/list_resource?r=http%3A//purl.org/vocabularies/princeton/wn30/synset-earth-noun-5
https://semanticweb.cs.vu.nl/europeana/browse/list_resource?r=http%3A//purl.org/vocabularies/princeton/wn30/synset-earth-noun-5
https://semanticweb.cs.vu.nl/europeana/browse/list_resource?r=http%3A//purl.org/vocabularies/princeton/wn30/synset-earth-noun-5
https://semanticweb.cs.vu.nl/europeana/browse/list_resource?r=http%3A//purl.org/vocabularies/princeton/wn30/synset-earth-noun-5
https://semanticweb.cs.vu.nl/europeana/browse/list_resource?r=http%3A//purl.org/vocabularies/princeton/wn30/synset-earth-noun-5
https://en.wikipedia.org/wiki/Earth_(disambiguation
http://km.aifb.kit.edu/projects/btc-2014/
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Figure 3: Precision of the mapping algorithm with different values
for parameters θ, λ

The results are shown in Figure 2 and Figure 3. The
best results were acquired with the values (θ, λ)=(150,30)
and (200,40). However, using the pair (150,30) is more effi-
cient than the other one due to its lower running time.

5.3 Evaluation of the Mapping Algorithm:
comparing with other approaches

To the best of our knowledge, the RDFWikify system is the
first system that is able to map RDF web resources to the
corresponding Wikipedia articles automatically. However,
there are several methods which can be applied to find the
target Wikipedia articles:

a) Random selection

In this approach, after identifying the candidate senses,
one of them is selected randomly.

b) First sense selection

Various knowledge bases such as Wikipedia and WordNet
act as sense repository and provide the different senses of
a term. WordNet ranks the senses of a term based on their
usage and popularity. The first sense is more frequent¹¹
and therefore more probable to present the real meaning
of the input term. Based on this idea, first sense selection
approach selects the first sense as the target sense.

11 https://wordnet.princeton.edu/documentation/wndb5wn

c) Naming schemas

Using naming schemas is one of the approaches to identify
the name of the entities described in web resources. This
approach can be applied in domains which have accepted
naming schemas. For example, BookMaushup database
uses ISBN in the URL address. These unique identifiers are
used for mapping web resources.

d) Title matching

One of the approaches for linking web resources uses
the URI or URL address of the web resources to find the
corresponding web resources. In this approach, the last
parts of the URL addresses of Wikipedia articles are used
to identify the title of the web resource. For example,
the URL address “http://en.wikipedia.org/wiki/Plant” de-
scribes the term “plant”. One of the drawbacks of this
approach is that it is unable to discover and identify
various meanings of term “plant”. This approach links
web resource “http://wordnet.rkbexplorer.com/id/synset-
plant-noun-1” (whichdescribes term“plant”) to the article
“http://en.wikipedia.org/wiki/Plant”. But the URL of the
corresponding article inWikipedia is “http://en.wikipedia.
org/wiki/Physical_plant” which is one of the senses of the
term “plant”. Therefore, using the last part of the URL ad-
dress may not provide the correct results.

We have compared the performance of our proposed
system with the other approaches. Table 2 shows the
precision and recall of the RDFWikify system and the
other approaches. Precision shows the number of correctly
mapped pages divided by the total number of mapped
pages by the system, and recall shows the number of cor-
rectly mapped pages divided by the total number of user
created mappings.

Table 2: Performance of the mapping algorithm with the values µ=2,
α=1 and β=0.3 θ=150, and λ=30. F-measure=2*P*R/(P+R)

Precision Recall F-measure
Random selection 46.31% 41.75% 43.91
First sense selection 54.86% 49.46% 52.02
Naming schema 100% 0.36% 0.7174
Title matching 54.86% 49.46% 52.02
RDFWikify system 92.39% 83.29% 87.61

The results show that using naming schemas approach
results in the best precision, but it has a poor recall, be-
cause there is no naming schema for most of the web re-

https://wordnet.princeton.edu/documentation/wndb5wn
http://en.wikipedia.org/wiki/Plant
http://wordnet.rkbexplorer.com/id/synset-plant-noun-1
http://wordnet.rkbexplorer.com/id/synset-plant-noun-1
http://en.wikipedia.org/wiki/Plant
http://en.wikipedia.org/wiki/Physical_plant
http://en.wikipedia.org/wiki/Physical_plant
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sources. The results of first sense selection and title match-
ing approaches show that they have the same perfor-
mances and are able to find nearly to 50% of target arti-
cles. RDFWikify system is able to find more than 83% of
the corresponding Wikipedia articles with precision more
than 92% which dominates the performance of the other
approaches.

5.4 Evaluation of Mapping Algorithm: other
benchmark datasets

One of the main characteristics of interlinking tools is the
level of automaticity. Several tools [29, 31, 35] need the user
configuration effort. For example, in Silk, user specifies
the properties which should be considered in interlinking
process. In RDFWikify, there are just several parameters
which can be tuned (such as similarity threshold).

In this experiment, we compare the performance of
RDFWikify with several other interlinking approaches on
two benchmarks. These benchmarks are selected from
OAEI-2017 instance matching task. The results of the eval-
uation are presented in Table 3.

Table 3: Results on different benchmarks, compared to other linking
approaches

Benchmark Precision Recall F-measure
HT Legato 0.930 0.930 0.930

AML 0.851 0.479 0.613
I-Match 0.680 0.071 0.129
LogMap 0.406 0.882 0.556
Silk 0.34 0.12 0.18
RDFWikify 0.66 0.53 0.58

FPT Legato 1.000 0.980 0.990
AML 0.914 0.427 0.582
I-Match 1.000 0.053 0.101
LogMap 0.119 0.880 0.210
Silk 0.45 0.2 0.27
RDFWikify 0.51 0.76 0.61

The results show that in the HT dataset the precision
and recall of the designed system is 66% and 58% respec-
tively. The Lagato systemhas the best performance andRD-
FWikify system has better performance than three other
systems (I-Match, LogMap, Silk). In FPT dataset, RDFWik-
ify system has shown better performance compared with
the HT dataset. While Lagato has the best precision and re-
call, the RDFWikify system has the second best F-measure.
In the FPT dataset, most of the approaches have better pre-

cision than recall. Three of the approaches were able to
find less than 27% of the target resources. However, the
RDFWikify system was able to identify more than 60% of
target resources.

Of the main contributions of RDFWikify is that it
is able to filter out many unrelated articles and only a
few articles are selected as candidates using disambigua-
tion pages. Other target datasets do not have such fea-
tures (disambiguation pages). Moreover, RDFWikify fo-
cuses on identifying senses of entities while the goal of
OAEI datasets is instance matching. Eliminating the step
which filters out unrelated articles can affect the perfor-
mance of the designed system. However, we can observe
that RDFWikify has comparable performance to the other
systems. As mentioned before, we have used core labeling
properties to extract candidate entities and links are gen-
erated based on context matching.

6 Conclusion and Future Work
In this paper, we introduced Wikipedia as an extensive
database of sense inventory that provides additional in-
formation about web resources belonging to various and
different domains. The RDFWikify system is able to iden-
tify the title of web resources, make contexts of web re-
sources, analyze the information in the Wikipedia repos-
itory, and discover the corresponding article. The results
of the conducted experiments show that the links defined
in each article can be highly helpful to construct the con-
texts of the articles and therefore these links represent the
keywords in the texts of articles. The designed systemben-
efits from these keywords, labeling properties, and avail-
able data in linked data to enrich web resources. This sys-
tem has showed noticeable performance regarding to the
heterogeneous nature of the web of data.

In future, wewill extend and update the labeling prop-
erties set and will extend the RDFWikify system to become
able to interlink various datasets in the web of data us-
ing generated links between each dataset and Wikipedia
knowledge base.Moreover, in another trend,wewill aggre-
gate this system with word sense disambiguation systems
to make a connection between texts (social texts, educa-
tional texts, . . . ) and web data to improve the performance
of the information retrieval systems.
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