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ABSTRACT The deep web is a huge source of domain-specific information (sale of houses, medical
information, e-commerce, science, etc) stored in database servers accessible through HTML forms called
web query interfaces (WQIs). Information in the deep web is retrieved by querying one database server at a
time, which results inefficient. A more attractive approach is to create an integrated WQI (IWQI) that acts
as single entry point to query several database servers at a time for a given domain. Schema matching and
string (labels in WQIs) comparison have been the most popular techniques to create IWQIs. In this work,
we propose a new method for the integration of web forms based on linked data and the VDIS (View-based
Data Integration System) architecture. We present WebQuIn-LD, an alternative and novel approach relying
on linked data principles to combine individual WQIs into a single IWQI for a given domain is presented.
WebQuIn-LD follows a data integration system architecture, starting from the wrapping of domain-specific
WQIs until the creation of the IWQI. A domain-independent ontology is created to describe WQI elements
as linked data resources and to exploit semantic integration between the WQI’s elements. WebQuIn-LD was
evaluated on performance metrics (precision, recall, and F1) using the state-of-the-art WQIs datasets for
different domains (airfares, books, autos, jobs, music, movies, hotels, jobs). The obtained results demonstrate
the effectiveness of the linked data approach presented in this work for the WQI integration problem.

INDEX TERMS Web query interface, automatic integration, semantic web, linked data, deep web.

I. INTRODUCTION
The deep web is a dynamically generatedWeb whose content
is retrieved from different data sources such as databases or
file systems [1], only accessible through web query interfaces
(WQIs). A WQI [2] is an HTML form out of reach of con-
ventional search engines, such as Google or Bing [3], [4]. The
deep web was estimated to be at least 500 times larger than
the surface Web, and it continues to grow at an accelerated
rate [5].

A WQI has an intermediary role between an end-user and
a deep web database. Initially, a user submits a query to
the WQI, considering the semantics of each WQI element,
the metadata of each element, and how the WQI is orga-
nized [4]. Since there are several WQIs for a given domain
(e.g., e-commerce), information retrieval from the deep web
requires filling in each WQI, sending the query, gather-
ing, inspecting and integrating the results. Thus, information

The associate editor coordinating the review of this manuscript and

approving it for publication was Mansoor Ahmed .

retrieval in the deep web is a very time-consuming task.
To alleviate that problem, an integrated WQI represented a
set of relatedWQIs in a given domain could receive the query
and automatically transform and submit query conditions into
each individual WQIs [6] (one for each database server).

According to Furche et al. [7], the automatic processing of
WQIs to create a single integrated WQI in a given domain
presents the following challenges:

• The different type of WQI’s elements (text box, check
box, radio button, etc.) used to represent the same con-
cept in the domain. For example, in the flights domain,
the Age label can be represented by a textbox or by a
selection button.

• The different labels to describe the same concept in
differentWQIs. For example,City, Town, or Address can
all them refer to Location.

• Existence of ambiguous search criteria. For example,
Tenure might refer to the choice of buying or renting
something.
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The WQI integration problem has been approached by
different authors mainly considering the schema matching
technique [2], [8], [9]. These works consider the following
interface matching problem: given a large set of sources
in a domain, find semantic correspondences called map-
pings between the attributes of the query interfaces of the
sources [10], [11]. Interface matching plays an important role
in the integration of WQIs, involving three major tasks [6]:
interfacemodeling, schema extraction, and schemamatching.

A. INTERFACE MODELING
AWQI typically consists of multiple attributes, where related
attributes are placed near each other, forming a group. Closely
related attribute groups may be further grouped into a super-
group. Attributes and attribute groups are intuitively ordered
into the WQIs.

B. SCHEMA EXTRACTION
A WQI is typically rendered as an HTML form. The
form is concerned with the visual representation of the
attributes. However, the form does not explicitly specify
the attribute-label and attribute-attribute relationships in the
WQI. The structural aspect of the WQI needs to be inferred
from its visual representation via schema extraction.

C. SCHEMA MATCHING
Given a set of WQI schemes, it is necessary to accurately
determine the mappings of attributes among the different
WQIs. There are two types of mappings: simple and complex.
A simple mapping is a 1:1 semantic correspondence between
two attributes. A complex mappings, e.g., 1-mmappings, is a
mapping where an attribute in a WQI semantically corre-
sponds to multiple attributes in another WQI.

This paper presents a method named WebQuIn-LD that
relies on linked data technologies for creating Integrated
Web Query Interfaces. Linked data [12] is a way to publish
structured data based on the fundamentals of the World Wide
Web. It makes use of open W3C standards such as RDF and
SPARQL [13] to construct meaningful information.

WebQuIn-LD is a method that facilitates WQI integration,
flexible to be applied to any domain. The idea of using
a linked data approach is to achieve an easy exploration,
retrieval and comparison of labels extracted from each web
form. This approach allows the analysis of content in WQIs
through a structured format and then to achieve a better iden-
tification of specific labels such as dates or ranges. SPARQL
language was used for retrieving the largest possible number
of elements contained by each form (text boxes, drop-down,
check box, among others).

WebQuIn-LD is based on a domain-independent ontol-
ogy, that is, an ontology suitable for any domain of interest,
including the exploitation and use of semantic information by
means of linked data technologies. This ontology identifies
the general elements of a WQI. The proposed ontology con-
siders a set of general rules to identifyWQIs elements such as
radio buttons, text box, drop-down list, etc., and map them to

elements in a structured format based onW3C standards. The
advantage to represent a WQI as a linked data structure is the
discovery of relationships between elements from different
WQIs based on string (label of a WQI’s element) similarity
which favors the integration process. The linked data struc-
ture can be queried bymeans of the SPARQL language, which
is a standardized query language for linked data.

The main contributions of this work are listed below.

• A new WQI integration method based on linked data
technologies and on the VDIS (View-based Data Inte-
gration System) architecture.

• A domain-independent ontology to map a WQI schema.
• A novel integration measure to determine the relevance
of each element in individual WQIs to the integrated
WQI.

WebQuIn-LD was validated and evaluated using well
known datasets for theWQI integration problem, the ICQ and
Tel-8 datasets for the domains of airfare, automobile, book,
job, hotel, movies, music, and car rental. The obtained results,
particularly for the label selection evaluation are competitive
with the state-of-the-art works, which demonstrate the effec-
tiveness of the linked data solution approach for the WQI
integration problem.

The rest of the document is divided as follows.
Section 2 presents the related work. Section 3 details the
design of WebQuIn-LD. Section 4 explains the experiments
and results obtained from the performance evaluation of
WebQuIn-LD. Finally, Section 5 presents the conclusion of
this work and outlines future work directions.

II. RELATED WORK
The approaches in the state-of-the-art for integrating
domain-specific WQIs [2], [4], [7]–[9] are mainly based
on schema extraction, by serializing the WQIs content in a
structured data format such as XML. The schema extraction
process traverses all the elements from the different WQIs to
determine their similarities by means of mapping rules.

The WQIs integration problem has been generally tackled
by describing the features of each WQI element, e.g., label,
name, hierarchy position, etc., and then finding similarities
of such element to elements in other WQIs. Wang et al. [15]
proposed a domain ontology construction to describe the
most representative WQI elements and a schema match-
ing process to integrate them. Wu et al. [6] proposed a
schema extraction system called ExQ to integrate WQIs.
In both approaches, the integration task is based on a schema
matching process. While ExQ relies on visual representation,
the proposal by Wang et al. relies on building a domain
ontology. Unlike these approaches, WebQuIn-LD defines a
domain-independent ontology to describe the WQI elements.
For the integration process, WebQuIn-LD uses linked data
technologies instead of schema matching.

Another approaches [4], [7], [14] parse and/or classify
WQIs to integrate their elements based on statistical models
or machine learning algorithms. DeepPeep [4] is a web search
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TABLE 1. Related works in the literature for the WQIs integration problem.

engine to discover WQIs from the deep web, web databases
and web services. However, it only identifies and classifies
WQIs, the integration is not considered. StatParser [14] is a
query interface parser based on the maximum-entropy prin-
ciple to learn from parsed WQIs. StatParser starts with a
small set of parsed WQIs to create a statistical model which
increases its size by parsing new WQIs. OPAL [7] is based
on a domain ontology to derive a WQI schema. It combines
structural, textual and visual features to map labels to ele-
ments. The integration of WQIs is based on a domain schema
classification.

Jou [2], [9] proposed a schema matching and merging
based on string similarity and synonyms of labels [9] tomerge
elements from different WQIs. In [2], a schema extraction
method is proposed based on heuristic rules, considering their
previous work. VSearch [8] is a vertical search tool for the
deep web that crawls WQIs from the web to create a local
repository used to classify and integrate WQIs.

WebQuIn-LD is the first approach that uses linked data
technologies to construct a strategy for addressing the WQI
integration problem. It uses string similarity to associate
relatedWQI elements and merges the rules defined in [2] and
in [8] to identify and extract element’s label and element’s
features, respectively. Table 1 summarizes the most relevant
approaches to the WQI integration problem.

III. METHODOLOGY
WebQuIn-LD follows a pipeline process inspired in a
view-based data integration system (VDIS) architecture (see
Fig. 1). VDIS was inspired by multi-databases and federated
systems [16], providing the grounds to study the problem
of specifying the correspondence between the sources and
the unified view. VDIS provides a single point of access to

all heterogeneous data sources. It is based on four modules:
i) source, ii) wrapper, iii) mediator and iv) applications. The
first module (source) is constituted by structured data (XML
files, web pages and data bases) and unstructured data (text
file). The second module (wrapper) maps source’s content
into a schema representation, solving the heterogeneity from
each source. The local schema information is used to gen-
erate a mediator (third module) which represents a global
version of the wrapped data. The last module (applications)
represents the mediator’s applications. A query to the unified
view (mediator) retrieves integrated results from all sources
and shows them in the application module.

WebQuIn-LD is based on the first three modules of the
VDIS architecture: source, wrapper and mediator. The pro-
cess begins (source module) by collecting the source files,
that is, the HTML files representing a set of heterogeneous
WQIs for a given domain. The wrapping module maps (1-1)
a WQI into an Ontology Representation (OR-WQI), where
each WQI element (input text, radio button, etc.) is described
as a linked data resource. The mediator module integrates
the information provided by each OR-WQI, resulting in an
integrated WQI (IWQI). The integration process is based on
a Global As View (GAV) approach (see Fig. 2). The global
schema, represented by the GAV approach, is described in
terms of the local information from each OR-WQI.

The steps followed by the wrapper and mediator are
explained in the following sections.

A. WRAPPER MODULE
The wrapper module identifies and extracts all the WQI’s
elements with their corresponding labels. These elements are
described as a linked data resource. The extraction process
follows the rules proposed by Castro et al. [8]. The authors

115666 VOLUME 9, 2021



J. Hernandez et al.: WebQuIn-LD: Method of Integrating WQIs Based on Linked Data

FIGURE 1. View-based data integration system (VDIS) architecture.

FIGURE 2. WebQuIn-LD, a view-based architecture.

defined a field (radio button, checkbox, text input box, selec-
tion list) as the basic semantic unit in a WQI, and how these
elements are organized and the position of the element’s label
in the WQI.

The wrapper module is divided in two mapping tasks:
i) HTML-JSON and ii) JSON-RDF. The first mapping task
persists the structure of a WQI into JSON format (structured

format). The second mapping task transforms the JSON for-
mat into a semantic representation RDF.

1) FROM HTML TO JSON
In general, a WQI is composed of several fields (see Fig. 3)
to retrieve information from a domain. Each field describes a
strategic piece of information to query the web database.

The WQI’s fields are mapped to a JSON structure consid-
ering the following attributes (see Fig. 4):

• elementId: it is an integer number to define the position
of an element in the WQI (right to left and top to bottom
as defined in [8]).

• elementLabel: corresponds to the label associated with
a WQI’s element (text box, radio button, check box,
etc.).

• name: corresponds to the name associated with an
attribute, which is defined by the WQI designer.

• value: corresponds to the value associated with the
WQI’s element. Generally, a text box does not contain a
value but a radio or checkbox element has an associated
string value.

• isChecked: defines which radio or check box value is
set as predefined. Usually, the element’s value (radio or
checkbox) narrows the information provided in a text
box field.

• type: defines if the WQI’s element is an input or a select
list element.

• elementType: defines if the WQI’s element is a text box,
a radio, a check box, an image, etc.

Additionally, the provenance information from the source
of the WQI such as page title, source code, and the issued
date is part of the JSON structure. Once the WQI’s elements
information is collected and serialized as a JSON schema,
the next step adds semantics to the data by mapping the JSON
data into a RDF representation.

2) FROM JSON TO RDF
The HTML to JSON mapping process persists the WQI
elements as a set of key-value data. The JSON structure
is considered as a middle step to persist WQIs as a struc-
tured data, describing each element’s feature as an isolated
key-value information. WebQuIn-LD defines a semantic rep-
resentation to describe the WQI’s elements as resources
based on a domain-independent ontology (see Fig. 5). The
semantic representation is based on a linked data structure
and a query mechanism. The state-of-the-art approaches [2],
[8], [9] are focused on mapping WQI’s content as XML
format, thus providing a limited semantic representation.
WebQuIn-LD is based on a rich semantic representation
where WQI’s elements can be linked by means of semantic
relations.

In the WebQuIn-LD semantic representation, each WQI
element is a resource. A resource is defined by a unique
URI and described by a set of properties. For example,
the class Element (in Fig. 5) is defined by the prefix
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FIGURE 3. Example of a WQI in the ‘Books’ domain.

FIGURE 4. Mapping example of HTML components in a WQI (A) to
JSON (B).

wqi:Element with seven associated properties. The proposed
domain-independent ontology is constituted by the following
classes:

• Element: The main class. It defines the general proper-
ties of aWQI’s element such as attribute name, label and
type.

• Input: It defines an input element by means of three
properties: 1) _:attrValue defines the element’s
value, e.g., the label of a checkbox; 2) _:isChecked
applies only for radio and checkbox elements to denote
a default value; 3) _:parentLabel defines a group
label, e.g., a group label to describe the year, month and
day.

• Text, Radio, Check box, Hidden and Submit: Sub-classes
of the Input class.

• Select: It defines a drop-down list of options.
• Option: It is a sub-class of Select. It defines an option of
the drop-down list.

• HTML: This class describes the title and URI of the
WQI’s web page.

• Form: It describes the general information of the WQI
such as the submission string, the name of the WQI,
the method (POST or GET) and its ID.

• Provenance: It defines the source of the WQI, e.g.,
an URI or an HTML file. Additionally, it defines the
issued date and the provenance ID.

For example, Fig. 6 shows aWQI (part A) and how the first
input text element is described by means of a RDF subject
(part B), predicates and objects (part C), following the linked
data rules. Fig. 7 shows a graph representation for the WQI.
The mapping processes (HTML to JSON and JSON to

RDF) define the wrapper module of the integration archi-
tecture to describe all WQIs as linked data resources. This
representation enables the integration of all WQIs through
SPARQL queries based on the type of each element, their
associated label and their provenance information.

B. MEDIATOR
The mediator step integrates the WQIs based on the GAV
approach [17], [18]. GAV defines a global schema in terms
of the elements from the local schemas (wrappers), described
by Eq. 1.

Vi→ I (Ri) (1)

where Vi is the view (query) over the combined schemes of
the sources. Ri is a relation in the global schema and I (Ri)
is the identity query over Ri, i.e., a query that returns all the
attributes of Ri.
In this work, the constructed queries are SPARQL queries

over RDF files. I (Ri) is the join of all the provenance infor-
mation instead of a join of tables, as in the original definition
of GAV.

The integration process is based on label matching, which
has been already used in the WQI problem. However, in this
work label matching is not a critical part in the solution, but
a tool that is benefited from the inclusion of a preprocessing
strategy (not previously used) that discovers relevant nouns.
This preprocessing is useful because the label matching effort
is reduced. Label matching is also improved by including
SPARQL to help discover labels with particular meaning,
as for example dates (from-to) or ranges (before-after). Fur-
thermore, as pointed out by Nguyen et al. [19], labels can be
placed in many different positions in relation to their asso-
ciated elements due to miscellaneous design methodology.
In [2], author mentioned that the content of a label could be
different for each WQI, containing explanatory information
to describe the required information, e.g., ‘author name’ label
in WQI1 and ‘insert the author’s name’ label in WQI2. Also,
six rules are defined in [2] to extract an element’s label. In this
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FIGURE 5. The WebQuIn-LD schema.

FIGURE 6. (A) WQI from the book domain. (B) The URL to identify the input text element (RDF subject). (C) Attributes of
the input text element (RDF predicates and objects).

work, label extraction follows the steps proposed in [2]. Also,
a label matching step is used, which selects the most relevant
noun in a label. The noun selection step is as follows:

1) Pre-processing: Features such as part-of speech, tok-
enization and lemmatization are extracted for each
label.

2) Sorting: Original labels are sorted by length.
3) Selection: A gold label (constituted by only one noun)

is selected.
4) Clustering: A cosine similarity measure is applied over

gold labels and noun label’s tokens.
5) Rewriting: If a label is miswritten, it is rewritten with a

gold label based on a cosine similarity measure.
The pre-possessing step defines the label’s features. The

sorting step arranges the labels based on their length (number

of words). The selection step defines a set of descriptive
labels. The clustering step groups labels with similar con-
tent based on the set of gold labels. The final step, rewrit-
ing, helps to fix any word misspelling based on the cosine
similarity.

The cosine similarity measure is extensively used in the
state-of-the-art [20], [21] to determine if two strings are
similar. In this work, it is defined a threshold of 0.8 based on
a basic experimentation to determine the similarity between
two strings. The experiment compares a noun against the
same noun without the first or last letter and without the first
or last two letters. For one deleted letter, the results are closed
to 0.9 and for two deleted letters, the results were closed to
0.8. The compared nouns were lemmatized and lowercased
to provide a fair comparison between them.
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FIGURE 7. Graph representation of a WQI in Fig. 6.

The noun selection process is relevant for most of the
WQIs. However, as it is pointed in [2], there are labels which
denote a special meaning, e.g., dates, adverbs like before and
after to define ranges. To denote this particular situation,
a range rule is defined as follows:

1) RANGE RULE
If a label denoting beginning of a range is discovered in the
set of labels from the WQI, then a label denoting the ending
of that range must be part of the same set.

An advantage of representing a WQI as a linked data
structure is the possibility to search any WQI’s element in
the structure. A SPARQL query is defined to apply the range
rule (Listing 1).

LISTING 1. Query to search for a range start label.

The startRangeLabel variable will be empty if no a
beginning of range label is found in the WQI’s labels set.
If the variable is not empty, the presence of the complemen-
tary label is validated through a new query (Listing 2).

The ASK query in Listing 2 returns true if the ending of
a range label is found. The validation helps to discover any
error in the mapping process.

LISTING 2. Query to validate a range label.

A rule for the ’date’ data type is also defined in this work.
The basic structure of a date label is confirmed by three
elements: day, month, and year.
Date rule: If a date label is found, then day, month and year

labels must be part of the labels set. The validation of the
Date rule follows the same steps as the Range rule
considering the previous three elements.

The next section presents the experiments to validate and
evaluate WebQuIn-LD.

IV. EXPERIMENTS AND EVALUATION
The experiments were conducted in a Linux machine with an
Intel core i5 and 16 GB of RAM. Tel-8 and ICQ [22] datasets
were used as experimental data as they are broadly used in the
stated-of-the-art [2], [8], [9]. The ICQ dataset contains WQIs
from four domains: airfare, automobile, book and job (see
details in Table 2). The Tel-8 dataset is a collection of original
and manually extracted query interfaces from eight repre-
sentative domains, divided in three groups: Travel (Airfares,
Hotels, and Car Rentals), Entertainment (Books, Movies, and
Music Records), and Living (Jobs and Automobiles). See
more details in Table 3.
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TABLE 2. Statistic information of ICQ dataset.

TABLE 3. Statistic information of Tel-8 dataset.

The evaluation ofWebQuIn-LD is divided in twomain pro-
cesses: label extraction and WQIs integration. The following
subsection presents the results from these evaluations.

A. LABEL EXTRACTION EVALUATION
The label extraction process was evaluated considering the
performance metrics of precision, recall and F-measure. Pre-
cision (Eq. 2) measures how many of the returned labels
are correct. Recall (Eq. 3) measures how many of the labels
that should have been returned are actually returned. Finally,
the F1 metric (Eq. 4) is a balance between the quantity and
the quality of labels. The label extraction process (Fig. 8)
compares the label from the original WQI against the auto-
matically extracted label from the OR-WQI using the met-
rics mentioned before. The comparison between the WQI’s
elements label and the OR-WQI resources label property
(odis:formElementLabel) is made by means of the element’s
position, i.e., the WQI element’s position is used to look
for the corresponding resource in the OR-WQI through a
SPARQL query. If the resource is found, the comparison
between the resource label property and the WQI element’s
label is made.

Precision =
TP

(TP+ FP)
(2)

Recall =
TP

(TP+ FN )
(3)

F − measure =
2 ∗ Precision ∗ Recall
(Precision+ Recall)

(4)

The evaluation results for the ICQ dataset (Table 4) demon-
strate an overall F-measure above 96% for most of the
cases. The Job domain contains the lowest number of WQI
elements, which makes the label extraction process more
difficult. On the contrary, the Book domain contains the
highest number of WQI elements. The best F-measure was

FIGURE 8. Label extraction evaluation process in WebQuIn-LD.

FIGURE 9. Example of a WQI from job domain.

obtained by the Auto domain and the worst F-measure was
obtained by the Job domain. The main problem to select the
correct label was the extraction of labels with explanatory text
which affects precision and recall, e.g., Figure 9 shows an
example of an extensive explanatory text before the Location
label.

The evaluation results for TEL-8 dataset (Table 5) demon-
strate good F-measure in the extraction label process with an
overall result above 97%. TheMusic Records domain gets the
lowest precision value and Airfares gets the highest precision
value. The explanatory text problem shown in ICQ is also
presented in this dataset, e.g., explanatory text is added to
the correct label. However, the correct label is part of the
extracted label. This problem does not impact the integra-
tion results since the correct label is part of the solution.
The noun selection method, applied in the integration pro-
cess, helps to alleviate this problem by selecting the correct
label.
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TABLE 4. Label extraction using the ICQ dataset.

TABLE 5. Label evaluation using the TEL8 dataset.

TABLE 6. The most representative labels selected by WebQuIn-LD during the integration process for the ICQ dataset.

B. WQIs INTEGRATION EVALUATION
The integration process evaluation was carried out using the
ICQ (Table 6) and TEL-8 datasets (Tables 7, 8, 9). The
results show the label’s frequency from the same domain,
e.g., the Airfare domain is constituted by 9 documents and
the label Adult appears in 6 of them (66.67%). For each label,
some variants were considered referring to the same concept,
e.g., the labels Actor, Actress, or Star refer to the same kind
of job in WQIs from the Jobs domain.

The selected labels during the integration process were
defined according to the average frequency calculated from
all labels of the same domain. For example, in the Airfare
domain the average frequency value is 5.5, then every label
with a frequency greater than 5.5 was selected in the inte-
gration process. As a result, the most representative labels
(highlighted rows) are part of the final result.

Table 6 shows the integration results of the ICQ dataset
based on the automatic label selection. The elements selected
for each domain correspond to the most frequent labels (high-
lighted rows in Table 6). For example, the most frequent label
in the Autos domain is theMake label which appears in 10 of
14 documents. The frequencies shown in Table 6 demonstrate
that WQIs from the same domain not always share the same
fields (labels). The domain with the best integration results,
based on the label frequency, is Books with two labels with a
frequency of 100% (Title and Author).

The TEL-8 results are divided in three categories: Travel
(Table 7), Entertainment (Table 8), and Living (Table 9). The
integration results in travel category (Table 7) are based on
the most frequent labels for Airfares, Car Rentals, and Hotels
domains (highlighted rows in Table 7). The Airfares domain
got the best integration results becausemany of its labels have
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TABLE 7. The most representative labels selected by WebQuIn-LD during the integration process for TEL8 Travel category.

TABLE 8. The most representative labels selected by WebQuIn-LD during the integration process for TEL-8 Entertainment category.

a high frequency in most of the documents. The labels Des-
tination, Departure/Return date, and Depart were part of all
WQIs. The Hotels domain has the lowest integration results
due to the low homogeneity of labels in this domain, being the
labels Adults, Children and Rooms the most important with a
frequency below %50.

The results of the integration process in the Entertainment
category are obtained from the Books, Movies, and Music
Records domains (Table 8). The domains from this category
showed a high sparsity in their labels, being Artist the most
frequent label in the Music Records domain.

The Living category results (Table 9) are obtained from
the Automobile and Jobs domains. The Automobile domain
contains the shortest set of labels, where the labelsMake and
Model are the most relevant. The Jobs domain contains a
high diversity of labels, being the label Keywords the most
representative.

The integration results show the most representative labels
for each domain. The frequency obtained for each label
demonstrated the diversity in some domain’s labels, e.g.,
the Artist label, from the Music Records domain, and the
Destination label, from the Airfares domain, were part of
all input WQIs, meanwhile the Children label, from the
Hotels domain, and theGenre label, from theMovies domain,
appears in a few WQIs.

The results of WebQuIn-LD in different domains demon-
strate its feasibility as an alternative solution to the WQI
integration problem. The ontology proposed in this work,
on whichWebQuIn-LD is based, was determinant to improve
the analysis and selection of the most valuable labels for the
WQI integration task. We provide and make available to the
community the semantic models (RDF files) from the URL
https://www.kaggle.com/nhernandeztorres/webquinld.

C. DISCUSSION
According to the evaluation process, the label extraction con-
siders the source and wrapper modules from the view-based
architecture of WebQuIn-LD. The results for both datasets,
ICQ and TEL-8, got a performance higher than 92%. In con-
trast to the state-of-the-art approaches, WebQuIn-LD repre-
sents a WQI as a semantic structure, mapping each WQI
element into a linked data resource. The semantic repre-
sentation facilitates the label extraction evaluation providing
a mechanism to easily recover the target resource through
SPARQL queries. Additionally, the proposed label extraction
process takes advantage of SPARQL queries for the noun
selection step and to apply the rules defined in [2] and [8].

The integration process considers the mediator module
from the view-based architecture of WebQuIn-LD. Accord-
ing to the results, labels with explanatory text represent a
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TABLE 9. The most representative labels selected by WebQuIn-LD during the integration process for TEL-8 Living category.

challenge during the integration phase. The noun selection
step helps to reduce this problem by selecting the most rep-
resentative nouns from each label. In contrast to domain-
dependent approaches, the experimental results demonstrate
that WebQuIn-LD can be used as a domain-independent
solution based on the GAV approach, generating a global
solution considering the local information from the semantic
representation of the WQIs (OR-WQI).

The integration results demonstrate the lack of consis-
tency in the use of some WQI elements labels. For example,
the Music Records category from the TEL-8 dataset contains
several labels which are used by a few WQIs, e.g. the label
Song appears only in 8 of 65 WQIs. In this case, the use of
synonym dictionaries or domain ontologies could improve
the results in a specific domain. These resources could help to
improve the semantic of the labels in each domain by defining
synonyms as rules between different concepts. WebQuIn-
LD is able to determine the relevance of each WQI’s ele-
ment according to its label and independently to the type
of element (radio, text box, etc.). Additionally, it is possi-
ble to query any kind of information from the WQIs, thus
providing information for statistical purposes. This statisti-
cal information demonstrates the high diversity of domain’s
labels.

V. CONCLUSION
The domain-specific WQIs integration process tries to sim-
plify the task of querying several WQIs with the aim of pro-
viding a unique input and an integrated output. The schema
matching technique is the most common way to tackle this
problem. This technique is based on the comparison between
two or moreWQI structures. The schema matching considers
special features (e.g., the position of an element in the WQI)
and text features (e.g., the name and label of an element)
as the most important attributes during the integration of
WQIs.

This work presented WebQuIn-LD, a linked data-based
method for the integration of WQIs. It is based on a
view-based data integration system architecture, divided in
three main components: a source, a wrapper and a media-
tor module. The source module is constituted by the WQI
dataset. The wrapper modules map each WQI into an
Ontology Representation of the WQI (OR-WQI). The last

module (mediator) integrates the content from all OR-WQIs
to produce a unique WQI. The WQIs integration process
considers a label selection step to identify the most rep-
resentative noun from a label, especially for labels with
explanatory content. This step is based on a WQI noun selec-
tion process and a noun frequency calculation. WebQuIn-
LD includes a mechanism to automatically select the most
relevant labels and elements from a set of domain-specific
WQIs.

The label selection evaluation gets an overall result above
93%, which is competitive with the state-of-the-art works.
In comparison with other solutions for the domain-specific
WQIs integration problem, mainly based on structured for-
mats like XML, WebQuIn-LD provides a semantic solution
based on linked data. According with the obtained results,
WebQuIn-LD selects the most representative WQI elements
from a domain-specific dataset, providing a label analysis
based on their frequency.

As future work, the WebQuIn-LD method will be studied
and evaluated into a user-oriented system to query the deep
web. Such system considers the stages of WQI collection,
WQI integration, querying the deep web using the result-
ing IWQI, and the collecting, ranking and visualization of
results. Furthermore, WebQuIn-LD could be evaluated in a
user-oriented system for consulting integrated web forms.
Label matching can be further improved by providing useful
algorithms that reduce labels with the samemeaning but writ-
ten differently (e.g., children and infant). A possible solution
could be to establish a metric for the most used labels by
using a semi-supervised method, trying to create ‘‘same as’’
relationships between resources sharing the same meaning
(for example Children sameAs Infant) and to determine the
most used for each domain of study.
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