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Abstract: Since the task of accessing RDF datasets through structured query languages like SPARQL
is rather demanding for ordinary users, there are various approaches that attempt to exploit the
simpler and widely used keyword-based search paradigm. However this task is challenging since there
is no clear unit of retrieval and presentation, the user information needs are in most cases not clearly
formulated, the underlying RDF datasets are in most cases incomplete, and there is not a single
presentation method appropriate for all kinds of information needs. As a means to alleviate these
problems, in this paper we investigate an interaction approach that offers multiple presentation
methods of the search results (multiple-perspectives), allowing the user to easily switch between these
perspectives and thus exploit the added value that each such perspective offers. We focus on a set
of fundamental perspectives, we discuss the benefits from each one, we compare this approach with
related existing systems and report the results of a task-based evaluation with users. They key
finding of the task-based evaluation is that users not familiar with RDF (a) managed to complete the
information-seeking tasks (with performance very close to that of the experienced users), and (b) they
rated positively the approach.
Keywords: keyword search; RDF; interactive information retrieval

1. Introduction
The Web of Data contains thousands of RDF datasets available online (see [1] for a recent
survey), including cross-domain knowledge bases (KBs) (e.g., DBpedia and Wikidata), domain specific
repositories (e.g., DrugBank [2], ORKG [3], and recently COVID-19 related datasets [4]), as well
as Markup data through schema.org. These datasets are queried mainly through structured query
languages, i.e., SPARQL. Faceted Search is a user-friendlier paradigm for interactive query formulation
and exploratory search, however, the systems that support it (see [5] for a survey) also need a keyword
search engine as a flexible entry point to the information space. Consequently, and since plain users are
acquainted with web search engines, an effective method for keyword search over RDF is indispensable.
Moreover, keyword search allows for multiple-word (even paragraph-long) queries that can address
many topics, and such information needs could be difficult to formulate even in structured query
languages. The results of such queries allow users to detect associations of entities that they were not
aware of, thus favoring the discovery of new information.
In general, we could say that structured queries (e.g., using SPARQL) and unstructured queries
(keyword search) are fundamental components of all access methods over RDF. Figure 1 shows the
general picture of access services over RDF. Apart from Structured Query Languages and Keyword
Search we can see the category Interactive Information Access. That refers to access methods that
are beyond the simple “query-and-response” interaction, i.e., methods that offer more interaction
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options to the user and exploit also the interaction session. In this category, we have methods
for browsing, methods for faceted search [5], methods for formulating OLAP queries (e.g., [6]),
and methods for assistive query building (e.g., [7]). Finally, in the category natural language interfaces
we have methods for question answering, dialogue systems, and conversational interfaces. As the
figure shows, both interactive information access and natural language interfaces pre-suppose effective
and efficient support of structured and unstructured queries.

Figure 1. Access Methods over RDF.

However, keyword search over RDF datasets is a challenging task since (a) in RDF there is no
clear unit of retrieval and presentation, (b) it is difficult to understand, from a usually small keyword
query, the intent of the user, (c) the data are in most cases incomplete (making the provision of effective
retrieval difficult), and (d) there is not a single presentation method appropriate for all kinds of
information needs.
To tackle these challenges, in this paper we focus on the value stemming from offering
multiple-perspectives of the search results, i.e., multiple presentation methods, each presented as
a separate tab, and allowing the user to easily switch between these perspectives, and thus exploit the
added value that each such perspective offers. To grasp the idea, Figure 2 shows the search results for
the query “El Greco museum", as presented in each of the five currently supported tabs.

Figure 2. Search results for the query “El Greco museum”.
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As basic keyword-search retrieval method, we assume the triple-centered approach proposed in [8]
(which in turn relies on Elasticsearch) because it is schema-agnostic (and thus general-purpose),
and it offers efficient and scalable retrieval services with effectiveness comparable (as evaluated
using DBpedia-Entity test collection for entity search [9]) to the effectiveness of dedicated systems
for keyword search over RDF (more in [8]). Over this basic service, in this paper we motivate the
provision of certain fundamental perspectives, we showcase the benefits from each one, and we evaluate
what users can achieve if they have all of them at their disposal.
In comparison to previous works (the demo paper [10]), in this paper: we motivate the
multi-perspective approach, we discuss the added value of each perspective, we introduce additional
perspectives, we compare the functionality of the implemented system with other systems over
DBpedia, and mainly we report the results of a task-based evaluation with users that provides interesting
insights related to the validation of the main research hypothesis of this paper, i.e., whether the
provision of more than one tab is helpful for the users. The key finding is that the success rate of all
users was very high even of those users not familiar with RDF.
The rest of this paper is organized as follows: Section 2 discusses the related work,
Section 3 provides the motivation for the multi-perspective approach and describes its architecture,
while Section 4 describes each individual perspective and the tab-switching interaction approach.
Section 5 compares the proposed approach with related (and comparable) systems and presents
the results of a task-based evaluation with users. Finally, Section 6 concludes the paper and identifies
issues for further research.
2. Related Work
At first we provide some background about RDF (in Section 2.1), then we discuss the existing
approaches for keyword search over RDF (in Section 2.2), and finally, we discuss the visualization of
RDF search results (in Section 2.3).
2.1. Background: RDF
RDF stands for Resource Description Framework and it is a framework for describing resources
on the web. Essentially it is a structurally object-oriented model. RDF uses Uniform Resource
Identifiers (URIs), or anonymous nodes, to denote resources, and literals to denote constants.
Every statement in RDF can be represented as a triple. A triple is a statement of the form
subject-predicate-object hs, p, o i, and it is any element of T = (U ∪ B) × (U ) × (U ∪ B ∪ L), where
U, B and L are the sets of URIs, blank nodes and literals, respectively. Any finite subset of T
corresponds to an RDF graph (or dataset). We can divide the URIs in three disjoint sets: entities
(e.g., http://dbpedia.org/resource/Aristotle), properties (e.g., http://dbpedia.org/property/dateO
fBirth) and RDF classes (e.g., http://dbpedia.org/ontology/Philosopher).
2.2. Keyword Search over RDF Datasets
Keyword search over RDF data can be supported either by translating keyword queries to
structured (SPARQL) queries (like in [11,12]), or by building or adapting a dedicated information
retrieval system using classical IR methods for indexing and retrieval. This paper builds upon
approaches that follow the second direction. In general, systems of that kind construct the required
indexing structures either from scratch or by employing existing IR engines (like Lucene and Solr),
adapt the notion of a virtual document for the RDF data, and rank the results (entities, triples or
subgraphs) according to commonly used IR ranking functions. There are various systems that fall in
this category, like [13–15]. Most such systems rely on adaptations of the TD-IDF weighting, as in [16]
where the keyword query is translated to a logical expression that returns the ids of the matching
entities. Another direction is to return ranked subgraphs instead of relevant entity URIs, like in [17],
while in [18] the returned subgraphs are computed using statistical language models.
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Ranking is usually based on extensions of the BM25 model, e.g., in [19,20]. The work in [21]
introduced the TSA+VDP keyword search system, which first builds offline an index of documents
over a set of subgraphs via a breadth-first search method, and at query-time, it returns a ranked list of
these documents based on a BM25 model. Regarding the retrieval unit, most works return either URIs
or subgraphs, except [8,22] that follow a triple-centered approach.
With respect to works that rely on document-centric information retrieval systems, LOTUS [22]
makes use of Elasticsearch and provides a keyword-search entry point to the Linked Data cloud,
focusing on issues of scalability. Elasticsearch has been also used for indexing and querying Linked
Bibliographic Data in JSON-LD format [23]. Finally, Kadilierakis et al. [8] adapts Elasticsearch for
supporting keyword search over arbitrary RDF datasets. Through an extensive evaluation, the authors
studied questions related to the selection of the triple data to index, the weighting of the indexed fields,
and the structuring and ranking of the retrieved results. In our work, we make use of the approach
proposed in [8] because it is schema-agnostic and returns ranked lists of triples, which offers us the
flexibility to provide different visualizations of the search results.
2.3. Visualization of RDF Search Results
There are several approaches for browsing, exploring and visualizing RDF datasets in general,
e.g., see the surveys [24,25]. Regarding the visualization of SPARQL results, there are a few works,
however, since the form of the results of such queries is essentially that of a relational table,
these approaches provide amenities for the visualization of tabular data, i.e., various plots and charts
for analytics [26–28].
As regards the visualization of keyword search results over RDF, which is the main focus of
our work, DBpedia Precision Search & Find (http://dbpedia.org/fct/) returns entities and for each
one it shows its URI, its title, the URI of the named graph it belongs to, as well as a description
with highlighted the query terms. Also, the user can browse on the Linked Data by clicking on the
shown resources. The keyword search systems LOTUS [8,22,29] do not focus on presentation and
visualization. LOTUS returns triples by providing the full URIs of the resources, while [8] returns
triples and/or entities using an API. In general, most works (including [30,31]) do not pay attention to
the presentation of results; they focus on the ranking of entities/subgraphs that they compute.
Finally, Stab et al. [32] and Kontiza et al. [33] the exploitation of semantics in the visualization of
search results. The work in [32] uses visualization techniques for offering visual feedback about the
reasons a set of search results was retrieved and ranked as relevant. In [33] the authors performed an
analytical inspection and a user study of the interface offered by two semantic search engines: Kngine
and Sig.ma (both are not active anymore). In particular, the authors investigated if the exploitation of
semantics enables a better visualization of search results and thus a better user experience.
To our knowledge, our work is the first that investigates and evaluates (with real users)
a multi-perspective interactive approach to present the search results of a keyword search
system over RDF.
3. Multi-Perspective Presentation of Search Results: Rationale and Architecture
3.1. Rationale
The rationale for the multi-perspective (and tabs-switching interaction) approach that we propose
can be summarized as:
•

No Clear Unit of Retrieval and Presentation. In RDF data, there is not the notion of document or web
page as is the case in web searching. Therefore, the retrieval, presentation and visualization of
RDF data is challenging due to the complex, interlinked, and multi-dimensional nature of this
data type [25].

Big Data Cogn. Comput. 2020, 4, 22

•

•

•

5 of 19

No Clear Information Need. The user query is just an attempt to formulate his/her information
need. Some user needs require a single fact, others a list of entities or a set of facts, other how a set
of entities are connected, other have an exploratory nature, and so on.
Incomplete Data. The underlying dataset is in most cases incomplete [34] (also demonstrated by
the number of papers that aim at completing the missing data [35]), therefore the retrieved triples
cannot be considered neither complete, nor appropriately ranked. However, the provision of
more than one method, each consuming different proportions of the list of top hits (and of their
context), increases the probability that one method achieves to return something that is useful for
the user’s information need.
There is not a single presentation method appropriate for all kinds of information needs. An established
method on how to present RDF results for arbitrary query types does not exist yet, and it seems
that a single approach cannot suit all possible requirements. Different kinds of information needs
need different ways to present the results.

For the above reason we propose a multi-perspective approach, where each perspective is presented
in a different tab, stressing a different aspect (and proportion) of the hits. The user can inspect all tabs
and get a better overview and understanding of the search results. The tabs-switching interaction that
we propose is easy to understand and perform by the user, just like plain Web search engines offer
various such tabs (for images, videos, news, etc.). Below, in Section 4, we shall discuss the rationale
(added value) of each particular tab and how it is defined. An orthogonal but important challenge is
how to provide several such presentation methods at real time, for enabling the user to switch fast
between the different perspectives, i.e., the multi-perspective and tab-switching approach should not
add a noticeable latency to the responses.
3.2. Architecture
As keyword search service we adopt the approach proposed in [8] because it is schema-agnostic,
directly applicable, has good evaluation results, and its triple-centered approach facilitates the
multi-perspective approach. Specifically, we exploit the REST API that is offered by that service
which accepts keyword queries and returns results in JSON format (code available at https://gith
ub.com/SemanticAccessAndRetrieval/Elas4RDF-search). On top of this search service we build the
multi-perspective approach.
The full DBpedia 2015-10 dataset has been indexed using 2 approaches (i.e., baseline and extended,
described in [8]). We have used that version of DBpedia because it is the version used in the
DBpedia-Entity test collection for entity search [9], which allowed us to get comparable results related
the effectiveness of the approach (as detailed in [8]). The number of virtual documents (triples) in both
cases is 395,569,688. In our setup and experiments, the average query execution time is around 0.7 s
for the baseline method and 1.6 s for the extended, and depends on the query type.
4. The Fundamental Perspectives of Keywords Search Results
Below we describe each individual perspective (for short tab) and then (in Section 4.6) we discuss
the role of each in tab in the general search process. In the description of each perspective we consider
the DBpedia 2015-10 dataset and the query qrun = “El Greco museum" as our running example.
4.1. Triples Tab
Rationale: This tab is generally the most useful one since the user can inspect all components of each
triple, and understand the reason why that triple is returned. The addition of images help the user to
easily understand which triples involve the same entities.
Description: A ranked list of triples is displayed to the user (as fetched from the search service
described in Section 3.2), where each triple is shown in a separate row. For visualizing a triple,
we create a snippet for each triple element (subject, predicate, object). The snippet is composed of:
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(i) a title (the text indexed by the baseline method), (ii) a description (the text indexed by the extended
index; if any), and (iii) the URI of the resource (if the element is a resource). If the triple element is
a resource, its title is displayed as a hyperlink, allowing the user to further explore it. We also retrieve
and show an image of this resource (if any). For the query qrun = “El Greco museum”, more than
4.2 million triples are retrieved. The first two triples are about the Museum of El Greco in Crete,
the third about the El Greco Museum in Toledo, the fourth about the entity El Greco, the fifth is a triple
about a list of works by El Greco, and so on.
4.2. Entities Tab
Rationale: If the user is interested in entities, and not in particular facts, this view provides
the main entities.
Description: Here the retrieved triples are grouped based on entities (subject and object URIs), and the
entities are ranked following the approach described in [8] which considers the weighted gain factor of
the ranking order of the triples in which the entities appear. Then, a ranked list of entities is displayed
to the user, where each entity is shown in a different row. For visualizing an entity, we create the
same snippet like previously. The title is displayed as a hyperlink, since the entities are resources,
allowing the user to further explore the entity. For qrun the returned entities include “El Greco”, the two
museums of El Greco (in Crete and Toledo), particular paintings, like “Saint Peter and Saint Paul”,
the music album “El Greco” by Vangelis, the film “El Greco (2007)”, and so on.
4.3. Graph Tab
Rationale: This tab allows the user to inspect a larger number of triples without having to scroll down.
Most importantly, this view reveals the grouping of triples, how they are connected, and whether there
is one or more poles and interesting connections.
Description: The retrieved triples are visualized as a graph for stressing how the triples are
connected. By default, the graph shows the top-15 triples; however, the user can increase or decrease
this number, while the nodes are clickable, pointing to the corresponding resource in DBpedia.
In our implementation we use JavaScript InfoVis Toolkit (https://philogb.github.io/jit/). For qrun the
user can see how the top ranked triples are connected and can easily spot the nodes that have high
connectivity.
4.4. Schema Tab
Rationale: The objective is to show which are the more frequent schema elements of the retrieved
triples. This is useful for (a) understanding the conceptual context of the hits, (b) for exploring
(restricting) interactively the triples or entities of the answer (by filtering with respect to class
or property), and (c) for helping an experienced user to inspect which classes and properties occur in
the answer, if after the keyword search, the user would like to formulate a SPARQL query (directly or
through a faceted search system, or through a query builder in general like [7,36]).
Description: The schema tab is divided in four frames as shown in Figure 3.
Upper Left Frame: It shows the more frequent classes and properties, accompanied by their frequency.
Let A be the top-K triples retrieved for the current query, P the properties in A, i.e., P = { p | (s, p, u) ∈
A}, and C the classes of the URIs in the triples of A, i.e., C = { c | (s, rd f : type, c), s ∈ SP}. For each
c ∈ C, its frequency is defined as f req(c) = |{ o ∈ SP | (o, rd f : type, c) ∈ KB}|, while for each
p ∈ P, f req( p) = |{(s, p, o ) ∈ A}|. Through a parameter F we control the number of visible elements,
i.e., initially the user can see only the F in number elements of C with the highest frequency, and the F
in number elements of P with the highest frequency (however, the user can expand the visible elements
to see all of them). By clicking a class or a property the user can see the corresponding triples and
entities in the frames at the right side that will be described later.
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Figure 3. The Schema Tab (Tesla).

Bottom Left Frame:
It shows graphically the more frequent classes and properties.
A parameter K (just like in the graph tab) controls the number of triples that feed
the schema tab (the user can increase decrease it as she wishes to).
In particular,
the graph Γ
=
( Nodes, Edges) that is visualized is defined as Nodes
=
C,
and Edges = {(c, c0 ) ∈ C × C 0 | (s, p, o ), (s, rd f : type, c), (o, rd f : type, c0 ) ∈ A},
i.e.,
an
edge
connects two classes c and c0 if there is at least one triple in A that connects an instance
of c with one instance of c0 .
Ideally the graph visualization should make evident the
frequencies, i.e., the more frequent classes and properties should be visualized with bigger
boxes and arrows. It is not hard to see that the number of edges, i.e., | E|, can be higher than
the number of distinct properties that occur in A, e.g., if (s, p, o ) ∈ A and s is classified to
two classes c1 and c2, and o to two classes c3 and c4, then the graph will contain the four
edges {(n(c1), n(c3)), (n(c1), n(c4)), (n(c2), n(c3))(n(c2), n(c4))}. The reverse is also possible,
i.e., | E| can be less than the number of distinct properties, e.g., if (s, p1, o ) and (s, p2, o ) belong to A,
and each of s and o is classified to one class, then only one edge will be visible between these two
classes. Please note that several variations and extensions are possible from the area of semantic model
visualization and summarization.
Right Upper and Right Bottom Frames: These frames show the triples and entities, related with the user’s
click. Suppose the user has clicked on a frequent class “c1(18)”. The triples frame will show all triples
{(s, p, o ) ∈ A | (s, rd f : type, c1) ∧ (o, rd f : type, c1)}, and let call this set T. The entities frame will
show the more frequent entities that occur in T. If the user clicks on a frequent property “p2(10)”,
the triple frame will show the 10 triples A that have p2 as property, let call this set T, and the entity
frame will show the more frequent entities of those occurring in T. The above behavior is supported
also by the graph, i.e., clicking on a node is interpreted as if the user had clicked on the corresponding
frequent class.
Returning to qrun , we can see the classes Person, Agent, Location, Work, etc. and various
properties. The right frames show the triples and entities after having clicked on “Architectural
Structure”, i.e. triples and entities that are related to the query and classified under the class
“Architectural Structure” (we can see information about a museum in Florina, another in
Bilbao, etc.).
As another example, for the query “Tesla", the user is getting what is shown in Figure 3, enabling
him to focus on the desired triples or entities, i.e., to those related to: Tesla Motors (Organization),
Nicola Tesla (Agent), Tesla Model X (Mean of Transportation), Tesla West Virginia (Place). By increasing
the number of triples he can also find Tesla Band (Group). By clicking on the property “author” the
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user can directly see the triple related to works authored by Nicola Tesla. In general, in this tab the
user can increase a lot the number of consumed triples: although more classes and properties will
appear their number is not high, hence in most cases they will not clutter the diagram (in the example
of Figure 3 the schema tab consumes 75 triples).
4.5. Question Answering (QA) Tab
Rationale: Here we attempt to interpret the user’s query as a question and try to provide a single compact
answer. The challenge is to retrieve the most relevant triple(s) and then extract natural language answers
from them.
Description: QA over structured data is a challenging problem in general (e.g., see [37] for a
recent survey), and any QA over KB approach could be applied in this tab. In our current
implementation, we only support questions that can be answered by a single triple. We extract
a set of terms from the question by applying lemmatization and expansion to multi-word expressions.
Then we attempt to retrieve triples where two components (subject, predicate, or object) are similar to
terms extracted from the question. To do that, we use Elasticsearch’s query Domain Specific
Language to search for combinations of terms in the positions of subject, predicate, or object.
For example, for the question “Who developed Skype?” we find the answer “Microsoft” from the
triple: http://dbpedia.org/resource/Skype–http://dbpedia.org/ontology/developer–http://dbpe
dia.org/resource/Microsoft. The system returns the more probable answer accompanied by a score,
plus a list of other possible answers. In our running example, this tab returns the Museum of El Greco
(in Crete).
4.6. Tabs’ Roles and Extra Tabs
There are several other tabs that could be supported and could be useful in certain kinds of
information needs, e.g., image tab, geo tab, time tab, etc. Each can be construed as a tool that could aid
the user to focus on a particular aspect, based on the task/information need at hand, each enacted by a
simple click (therefore the required effort is minimal). One rising question is how to provide an overview
of these in an effortless manner, and/or how to rank them if that is desired. For reasons of transparency
and exploration, it is beneficial to make the user aware of the existence of these, instead of promoting
and showing only one, as some Web Search Engines (WSE) do. However, we should mention that it is
the task of QA to identify the question type and the expected answer type, therefore, based on the analysis
of the QA perspective, a short answer (presented in the appropriate way), could be promoted (just like
WSE do), therefore, one direction for further research is to investigate the applicability of approaches
like [38,39] for complex questions.
In this current paper we confine ourselves on the previous five tabs since we believe that they are
both KB-independent and task-independent, hence they can be considered to be fundamental. The added
value from each of these basic perspectives is summarized in Figure 4. The diagram also shows some
main paths that indicate why a user may decide, in a tab-switching interaction, to move from a tab to
another (of course, the user is free to follow any order). Below we provide a few additional examples
showcasing the benefits from using more than one tab.
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Figure 4. The Added Value of each Perspective.

For the query q=“El Greco and Kazantzakis” in the Entities Tab, as shown in Figure 5, the user
can find in the first two positions the two main entities of the query, i.e., “El Greco” (the painter),
and “Nikos Kazantzakis” (the writer and philosopher), while in the Triples Tab the user can find a
triple that connects these two entities. From the Graph Tab the user can see the triples grouped in
two poles (one for each entity) and the user can realize that there is only one triple that connect these
two poles (in the top-35 triples). Finally, with the Schema Tab the user can refine to Location and find
entities whose name is related to the main entities, like “El Greco Apartments” and “Nikos Kazantzakis
(municipality)”.

Figure 5. Search results for the query “El Greco and Kazantzakis”.

As another example, for the query “Paintings with dogs” in the Triples Tab, as shown in
Figure 6, the user can find relevant specific information including information about “Painted Dog
Conservation” (a non-profit organization for the protection of the painted dog, or African wild
dog), information about particular paintings, information about “Greg Rasmussen” the founder
of the “Painted Dog Conservation”, etc. In the Entities tab the user can find the main entities,
including the “Painted Dog Conservation”, the species “African Wild Dog”, one painting of Goya
(The Dog), the “Dogs Playing Poker” (the series of 16 oil paintings by C. M. Coolidge), etc. The Schema
Tab shows the classes and properties of the found triples, through which the user can understand
that there are related: species, (art) works, locations, etc. Moreover, the user can refine/explore the
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information space as she wishes to. In Figure 6 the user has refined using the class “Work” and in
the right bottom frame he can find various paintings with dogs including: “The Dog (Goya)”, “The
Sentry (painting)”, “The Hunt In The Forest”, “Interior With A Young Couple And A Dog” “Portrait Of
Charles V With A Dog” etc. Finally, the QA Tab returns two entities “Francisco Goya” (the painter of
the painting “The Dog”), and “Coenraad Jacob Temminck” (a Dutch aristocrat, zoologist, and museum
director who first described scientifically in 1820 the species African Wild Dog).

Figure 6. Search results for the query “Paintings with dogs”.

For list questions, i.e., questions with a set of elements as the correct response, like “Which cities
does the Weser flow through?” the user may decide to inspect only the QA Tab and the Entities Tab as
shown in Figure 7.

Figure 7. Search results for the query “Which cities does the Weser flow through?”.
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Longer queries are also possible, for instance for the query “Greek philosopher from Athens who
is credited as one of the founders of Western philosophy”, from the Entity Tab (as shown in Figure 8)
the user we can see that Socrates received the higher score, while from the QA tab the user can see
various other philosophers as candidate answers.

Figure 8. Search results for the query “Greek philosopher from Athens who is credited as one
of the founders of Western philosophy”.

5. Evaluation
Below we evaluate the proposed approach by (a) comparing its functionality with those of related
systems, (b) proving its feasibility by discussing efficiency, (c) discussing the retrieval effectiveness of the
system, and (d) reporting the results of a task-based evaluation with users that examines the usefulness of
the proposed multi-perspective approach, as well as some results by log analysis.
5.1. Comparing the Functionality with Related Systems
Since DBpedia is a core dataset of the Linked Open Data cloud [40], we decided to compare
with interactive systems (not just APIs) that offer a kind of access/search facility over DBpedia.
For this reason, we considered the following systems: LOTUS [22], GraFa [41] (http://grafa.dcc.
uchile.cl/), RelFinder [42] (http://www.visualdataweb.org/relfinder.php), DBpedia Search & Find
(http://dbpedia.org/fct/), SPARKLIS [43] (http://www.irisa.fr/LIS/ferre/sparklis/), and our system
Elas4RDF (https://demos.isl.ics.forth.gr/elas4rdf/).
The results are summarized in Table 1. The table has a column for each of the following features:
triple search, entity search, graph-view, faceted search, QA, relation finder, SPARQL query support. The last
column sums up the number of features each system supports: we count each supported feature with
1, and each partially supported feature with 0.5, as an indicator of the spectrum of the provided access
services. We can see that most systems focus on only one or two access methods, while our system
offers four, hence it provides a wider spectrum of access services.
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Table 1. Search Systems over DBpedia.
System

Triple
Retrieval

Entity Search

Graph View

Faceted
Search

QA

Relation
Finder

SPARQL
Support

SUM

Yes

No

No

No

No

No

No

1/7

No
No

No
Partial (through
auto completion)
No

No
Partial (only of
related entities)
No

Yes
No

No
No

No
Yes

No
No

1/7
1/7

Partial
(simple)

No

No

2/7

Yes (Very
Expressive)
No

No

No

Partial
(query
display)
Yes

2/7

Yes

No

No

4/7

LOTUS [22] (no
online demo)
GraFa [41]
RelFinder [42]
DBpedia Search &
Find

Yes (no
images)

SPARKLIS [43]

No

No

No

Elas4RDF

Yes

Yes

Yes

5.2. Efficiency
The efficiency of the back-end search service (i.e., of the ranking service) was evaluated in [8].
Here we focus on the cost for providing the multiple perspectives of the search results. The key point
is that the implementation of the perspectives on top of the search service, described in Section 3.2,
does not add significant overhead, preserving the real-time interaction. Furthermore, the triples and
entities retrieved from the search service are cached, further improving load times when the same query
is issued on different perspectives.
In Table 2, the average load time of each perspective is displayed (with and without caching),
considering 10 queries of varying length from 1 to 8 words and using an instance of the system that
runs on a machine with 6 physical cores and maximum memory allocation size set to 8GB. We can
see that even without caching all responses are returned in less than 3 seconds, while with caching
enabled, the average time is around 150 ms.
Table 2. Average load times for each perspective.
Perspective

Triples

Entities

Graph

Schema

QA

Without caching
With caching

980 ms
145 ms

2582 ms
124 ms

1018 ms
91 ms

924 ms
175 ms

2869 ms
118 ms

5.3. Evaluation of Effectiveness
Another evaluation aspect is the effectiveness of the system, i.e., its capability to fulfill the
information needs of the user. Note here that since one can use his own retrieval, ranking or
visualization method in any of the fundamental perspectives, evaluating the performance of the
method used in each different tab is out of the scope of this paper. As regards the implementation
of the tabs in our prototype (described in Section 4), the ranking of the entities in the entities tab has
been extensively evaluated in [8], demonstrating a high performance. This provides a very positive
evidence about the quality of the triples that feed all tabs, in the sense that if triple-ranking were not
effective, then it would be hard for the entities tab to be effective. More importantly, the results of the
user study (that we shall see in Section 5.4) validate the good quality of the results shown in each tab.
Specifically, the large majority of users managed to find correct answers for most of the requested tasks.
That would be impossible if most of the results in the tabs were irrelevant (more about the user study
below in Section 5.4).
5.4. Evaluation with Users
Since there is no dataset that could be used for evaluating the particular multi-perspective
interaction we decided to carry out a task-based evaluation with users. Specifically, we wanted
to understand how users would use such a system, whether they find useful and/or like the
multi-perspective approach, and for collecting general and specific feedback.
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5.4.1. Information-Seeking Tasks
Since we are in keyword-search setting (and not in a structured query building process),
we selected several tasks that have IR nature, and at the same time are not trivial (some of them
are hard to answer, and/or DBpedia has related but not exactly the requested information). We also
tried to capture various kinds of information needs, while keeping the list of tasks short for attracting
more participants. The selected 11 tasks are shown in Table 3. They include queries of various kinds
(entity property queries, entity relation queries, fact checking queries, entity list queries). In total,
answering these questions requires at least 30 min.
Table 3. Evaluation Tasks.
ID

Task

T1
T2
T3
T4
T5
T6
T7
T8
T9
T10
T11

Is there any person that is fisherman, writer and poet? Provide at least 3 related names (or URIs).
Is there any writer and astronaut from Russia? Provide related names or URIs.
Find information that relates Albert Einstein with Stephen Hawking.
Find if El Greco was influenced by Michelangelo.
Is there any reference of Freud to the ancient Greece?
How is Mars related to Crete?
Find mathematicians related to Pisa.
Find painters of the Ancient Greece.
Are there drugs that contain aloe?
Which cities does the Weser flow through?
Find at least 5 rivers of Greece.

5.4.2. Participants, Questionnaire and Results

ϲ

ϭ;ϰйͿ
ϭ;ϰйͿ

Ϯ

ϭ;ϰйͿ
ϭ;ϰйͿ

ϰ

ϯ;ϭϮйͿ
Ϯ;ϴйͿ
ϭ;ϰйͿ
ϭ;ϰйͿ
Ϯ;ϴйͿ
Ϯ;ϴйͿ
ϭ;ϰйͿ
Ϯ;ϴйͿ
ϭ;ϰйͿ
ϭ;ϰйͿ

ϱ;ϮϬйͿ

We invited by email various persons to participate in the evaluation voluntarily. The users
were asked to carry out the tasks and to fill (anonymously) the prepared questionnaire. No training
material was given to them, and the participation to this evaluation was optional (invitation by email).
Eventually, 25 persons participated (from 5 May 2020 to 18 May 2020). The number was sufficient
for our purposes since, according to [44], 20 evaluators are enough for getting more than 95% of the
usability problems of a user interface. In numbers, the participants were 32% female and 68% male,
with ages ranging from 20 to 54 years; the distribution is almost uniform, only the age of 23 is the more
frequent 20%, as shown in Figure 9.

Ϭ
ϮϬ

Ϯϯ

Ϯϱ

Ϯϴ

ϯϬ

ϯϯ

ϱϬ

ϱϰ

Figure 9. Age distribution of participants.

As regards occupation and skills, all have studied Computer Science, except one Physicist.
In detail, 20% were undergraduate students, 15% of them postgraduate computer science students,
and the rest computer engineers, professionals and researchers. Students came from at least 3 different
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universities, while 40% of all the participants have never used DBpedia before. The questionnaire is
shown below, enriched with the results of the survey in the form of percentages written in bold:
E1
E2
E3
E4
E5
E6
E7
E8
E9
E10

How would you rate the Triples tab?: Very Useful (40%), Useful (44%), Little Useful (16%),
Not Useful (0%)
How would you rate the Entities tab?: Very Useful (44%), Useful (28%), Little Useful (24%),
Not Useful (4%)
How would you rate the Graph tab?: Very Useful (32%), Useful (52%), Little Useful (12%),
Not Useful (4%)
How would you rate the Schema tab?: Very Useful (16%), Useful (40%), Little Useful (36%),
Not Useful (8%)
How would you rate the QA tab?: Very Useful (16%), Useful (36%), Little Useful (40%),
Not Useful (8%)
Did you find it useful that the system offers multiple perspective of the search results?: Very much (48%),
Fair (48%), Not that Useful (4%), Not Useful (0%)
Mark the perspective(s) that you think are redundant: Triples Tab (0%), Entities Tab (8%), Graph Tab
(8%), Schema Tab (40%) QA Tab (16%) All tabs are useful, none is redundant (44%)
Have you used DBpedia before: Never (40%), Only a few times (without using SPARQL) (16%),
Quite a lot (I have used SPARQL to query it) (44%).
How would you rate the entire system? Very Useful (32%), Useful (60%), Little Useful (8%),
Not Useful (0%)
You can report here errors, problems, or recommendations. (free text of unlimited length)

5.4.3. Results Analysis and Discussion
User Ratings. As regards ratings, most users appreciated the multi-perspective approach (the positive
options of E6, Very Much and Fair, sum to 96%). Moreover, all tabs received positive results by some
users. By adding the percentages of Very Useful and Useful, the ranked list of more preferred tabs is:

h {GraphTab (84%), TriplesTab (84%)}, EntitiesTab (72%), SchemaTab (56%), QATab(52%) i.
The less preferred tabs, according to the sum of Little Useful and Not Useful percentages, is:

h QATab (48%), SchemaTab (44%), EntitiesTab (28%), {GraphTab (16%), TriplesTab (16%)} i.
Please note that these numbers correspond to the percentages of users that would not be satisfied if only
the corresponding perspective were provided to them.
It is also clear that different users have different preferences for perspectives: there are persons
that rated the Schema Tab as Very Useful, while others marked is as Redundant. Probably this depends
on the background of the participants: a person with no knowledge of RDF would not be able to
understand (and exploit) the notion of schema, and we have seen that 20% of the participants were
undergraduate and 40% have never used DBpedia. This is also evident from Figure 10 that depicts the
sum of Very Useful and Useful percentages per tab; the black bars correspond to the users that had
never used DBpedia, while the white bars correspond to the users that had used DBpedia before.
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Figure 10. ‘Very Useful’ and ‘Useful’ preference percentages per tab and category of users.

By looking at the responses of the questionnaire, we can see that the group of users that had never
used DBpedia, preferred the Triples Tab and the Graph Tab (40% found them Very Useful, 50% Useful,
and 10% Little Useful, for both tabs), and the least useful tab for them was the Schema Tab (10% Very
Useful, 40% Useful, and 50% Little Useful), because a basic understanding of the RDF data model is
required to use it. Regarding this user group’s opinion of the multi-perspective approach, 30% found it
to be Very Useful, and 60% found it Fair. Only one user did not find the approach useful. Also, 50% of
these users responded that None of the perspectives are redundant.
Statistical Significance. As regards statistical significance, by assuming as positive the options Very
Useful and Useful, and as negative the options Little Useful and Not Useful, the lower bound of
Wilson score confidence interval shows that with 95% confidence, the percentage of users (of the entire
community) that would upvote each perspective would be:

h TriplesTab (65%), GraphTab (65%), EntitiesTab (52%), SchemaTab (37%), QATab (33%) i
Now by considering all 4 options quantified as: Very Useful (4), Useful (3), Little Useful (2),
Not Useful (1), we can use Bayesian Approximation to compute the expected average rating for each
perspective, in the scale 1 (Worst)–4 (Best), in the entire community of users. These expected ratings are:

h TriplesTab (2.84), GraphTab (2.73), EntitiesTab (2.69), SchemaTab (2.30), QATab (2.27) i
where a perspective with score X means that it will have an average rating greater than X,
with 95% confidence.
Task Performance. As regards task performance, i.e., the responses to the 11 tasks, from the 11 × 25 = 275
responses, 46 (16.7%) reported failure to find the requested information. The failure rate was 20.9% in
the (10) users that had never used DBpedia, and 13.9% in the rest (15) users. As shown in Figure 11,
the participants faced problems, mainly in T2, T4, T5: T2 is tricky (there is such a space-engineer
not astronaut), while T4 and T5 are hard to answer, due to dataset issues (non-existing information,
wikiPageWikiLink with no explanation) therefore, these cannot be considered to be failures of the
system. Another interesting observation is that for most tasks inexperienced users were almost as
successful as experienced ones.
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Figure 11. Success rates for experienced and inexperienced users.

Free form Feedback. With respect to the free form feedback, 18 of the 25 users provided very
interesting and lengthy comments. For reasons of space, here we only summarize the main ones.
In general, they (a) spotted problems related to the DBpedia dataset (missing relationships, unexplained
wikiPageWikiLink relationships, duplicates), and (b) they made suggestions for improving the tabs:
Triples Tab (not score with 1.0 a triple if not all query terms are included in that triple, addition of
property filters), Schema Tab (add the more frequent labels in the edges of the schema graph, highlight
the query words in the hits), Graph Tab (set the size so that all related entities are shown).
General Remarks. Overall, the rating and the feedback that users provided was very positive. Of course,
it is not hard to understand that the results depend on the quality of each individual perspective (which
in turn depends also on the effectiveness of the underlying search service). Moreover, the order of
tabs affects the results that concern user preferences: in information needs that the first tab(s) provide a
satisfying answer, the user will not visit the subsequent tabs (or just a few for verification purposes).
That means the harder an information need is, the higher the probability the user visits all tabs.
However, our main research hypothesis is not related to the comparison of the individual tabs, but on
the usefulness of the multi-perspective approach, and the results of the evaluation provide positive
evidence about the value of the multi-perspective approach. Overall, they key finding is that users not
familiar with RDF (a) managed to complete the information-seeking tasks (with performance very close
to that of the experienced users), and (b) they rated positively the approach.
5.4.4. Log Analysis
Since the system became public and was disseminated in social media on 27 April 2020, below we
report some points related to the total traffic of the system; not only from the task-based evaluation
with users. More than half of the users (102, in total) have interacted with at least 3 different tabs.
The most visited tab is the Triples Tab (35.7% of requests for a tab) which is expected since it is the
first tab presented to the user, followed by the Entities Tab (19.1%), the Schema Tab (18.7%), the Graph
Tab (16.8%), and the QA tab (9.7%). On average, a user issued 4.6 requests per query (where a request
involves: clicking a tab, changing page, adjusting the number of shown triples, or clicking a class or
property in the schema tab). Also, a user in average performed 6.7 interactions per query in the schema
tab. This is expected since the Schema Tab allows for interactive exploration of the data by clicking on
classes and predicates, and adjusting the number of retrieved triples.
5.4.5. Discussion: Related Systems
To our knowledge, the only system that is currently available and offers unrestricted free-text
search (which is the focus of our work) is DBpedia Search & Find (http://dbpedia.org/fct/).
This system offers a single visualization of the results, in particular it returns entities, so it is like using

Big Data Cogn. Comput. 2020, 4, 22

17 of 19

only the Entities Tab provided by our system. The objective of our evaluation is to investigate if a single
visualization method is enough, what is answered by the user study; if the Entities Tab were enough,
this would be evident in the evaluation results, e.g., in the answers of the questions E1–E7.
6. Concluding Remarks
Keyword search over RDF datasets is a challenging task. To help the user find and explore
the requested information, we have investigated a multi-perspective approach for keyword search
in which multiple perspectives (tabs) are used for the presentation of the search results, each tab
stressing a different aspect of the hits. The user can easily inspect all tabs and get a better overview and
understanding of the search results. We have focused on five fundamental (i.e., KB and task agnostic)
perspectives (triples, entities, graph, schema and QA) and we have implemented this approach over
a general keyword search engine over DBpedia.
With respect to related systems that provide keyword access over DBpedia, we could say that the
proposed approach is probably the more complete with respect to the access methods that it offers.
The task-based evaluation with users has shown that (a) 96% of the users liked the multi-perspective
approach (48% Very much, 48% Fair), (b) the success rate of all users was very high (even of those not
familiar with RDF), (c) users seem to have quite different preferences on perspectives.
There are several issues that are worth further work and research. We plan to advance the
QA tab, to improve the Graph Tab, and to add additional tabs. Moreover, we would like to
investigate how to exploit the equivalence (owl:sameAs) relationships. The system is available to
all at https://demos.isl.ics.forth.gr/elas4rdf/.
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Abbreviations
The following abbreviations are used in this manuscript:
API
TF-IDF
KB
OLAP
QA
RDF
REST
SPARQL

Application Programming Interface
Term Frequency - Inverse Document Frequency
Knowledge Base
Online Analytical Processing
Question Answering
Resource Description Framework
Representational State Transfer
SPARQL Protocol and RDF Query Language
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