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Resumen

En esta investigacion presentamos técnicas de autocompletado para sugerir términos en tar-
eas de exploracion y consulta sobre conjuntos de datos RDF de gran escala. Nuestros métodos
asisten a los usuarios a generar consultas sobre un conjunto de datos existente. Funciona
mediante un indice especializado, creado a partir de las entidades y las propiedades: los tipos
de sujetos y objetos; y las propiedades entrantes y salientes. Utilizamos PageRank para
priorizar las sugerencias més importantes. Dado que sugerir los términos correctos puede ser
demasiado costoso para ciertas construcciones de grafos, el objetivo de nuestra investigacion
es sugerir términos relevantes en cada paso, que no conduzcan a tiempos de espera indefinidos,
como ocurre con las técnicas de autocompletado existentes. Para lograr este objetivo se hace
un balance con la precision de los resultados y los tiempos de respuesta. En este balance,
se pueden proponer términos adicionales no-relevantes que conducen a resultados vacios en
la consulta, pero se propondran siempre todos los términos pertinentes. Nuestra investi-
gacion permite tanto a los usuarios técnicos, como a los no técnicos, seleccionar el término
deseado, ya sea para tareas de consulta o exploracion, incluidos los casos en que el usuario
no esté familiarizado con el conjunto de datos. Hemos probado nuestros métodos indexando
un repositorio (dump) de Wikidata, demostrando la escalabilidad. Hemos implementado
nuestros métodos dentro de una interfaz de usuario llamada RDFExplorer: un sistema de
consulta y exploracion visual para SPARQL, que permite a los usuarios no-técnicos, crear
consultas de forma visual. Nuestros métodos también pueden aplicarse a otras interfaces
SPARQL existentes, como la Wikidata Query Tool; y también pueden ocuparse con otros
conjuntos de datos RDF.



Abstract

In this work we present a novel interface to suggest terms for exploration and query tasks
over large-scale RDF datasets. Our method can be applied to help users express queries
over an existing triplestore. It works by creating an index of the dataset’s entities and
properties, based on the outgoing and incoming subject and object types. PageRank is used
for ranking the suggestions. Given that finding precisely the correct set of terms is often
too expensive for certain graph constructs, the goal of our research is to efficiently suggest
only relevant terms at each step that will not lead to timeouts, rather than all possible terms
as are currently displayed by existing autocompletion techniques. In order to achieve this a
trade-off with correctness is done. In this trade-off, additional irrelevant terms that lead to
incorrect results may sometimes be proposed, but all relevant terms will be proposed. Our
research empowers both technical and non-technical users to select the right term, either for
querying or exploration tasks, including cases where the user is not familiar with the dataset.
We have tested our method by indexing a Wikidata Dump, proving its scalability. We have
implemented our methods within a user interface called RDFExplorer: a Visual Query and
Exploration System for SPARQL that allows non-technical users to visually create queries.
Our method can also be applied to other existing SPARQL interfaces such as the Wikidata
Query Tool and can also be adapted to other RDF datasets.

i



This work is dedicated to my family, wife and friends.
Thanks for always being there.

il



Contents

(1.2 Objectives| . . . . . . . . . .
(1.2.1  Main Objective] . . . . . . . . . . . .
[1.2.2 Specific Objectives| . . . . . . . . . . . . ...

(1.3 Methodologyl . . . . . . . . . . ..

(1.4  Expected results] . . . . . . .. ...

Il,:i :Sl]“‘:! “lf: Szl lhis H()lkl ..............................

[2

Background]

P.1 Semantic Webl . . . . . . . .

[2.2.2 Ranking| . . . . . . . ...

System Overview|

[3.1 System Architecture| . . . . . . .. ...

[3.2.1 Keyword search| . . . . . . ... ...
[3.2.2  SPARQL query term suggestions] . . . .. ... ... .. ... ....

Autocompletion Techniques|

K1 Overviewl. . . . . . .,
4.2  Inmitializationl. . . . . . . ..o

[4.2.2 Inverse relations and sorting| . . . . . . .. ... ... ... ...

[4.3.2  Properties| . . . . . . ...
4.4 Query Parser| . . . . . . . . . ...
[4.5 Graph Exploration| . . . . . . . ...

v

O O O = e = -

10
12
13
13
15
15
16
17

21
21
23
23
23



[4.6 Query Execution| . . . . . . ...
[4.6.1 Remote Endpoint Requests| . . . . . .. ... .. ... ... .....

[4.6.3 Approximations| . . . . . . . . ..o
[4.7 Application Interface| . . . . . . . .. ... o L

[6_Use casel

.1 RDFExplorer| . . . . . . . . . .
[5.2 Integration as proof of concept|. . . . . . . . ... L.

6 Evaluation!

[6.1 Experimental setup| . . . . . . . ... oo
0.2 Index]. . . . . ..

[6.3.1 Sample queries| . . . . ...
[6.3.2  Query runtime] . . . . . ...
[6.3.3 Results approximations|. . . . . . . .. ... ... L.

[Bibliography|

52
52
o4

59
99
60
60
61
64
64
65

67
68
69
70

72



List of Tables

4.1 Document and field representation of example triples describing the universe|
[>.1 Ul and Endpoint interactions before our integration.| . . . . . ... ... ..
[>.2 Ul and Backend interactions after our integration.|. . . . . . . . . . .. ...
[>.3  Backend and Endpoint interactions after our integration. . . . . . . . . . ..
6.1 Overview of preprocessing in terms ot space and time| . . . . . . . . . .. ..
[6.2  Overview of indexing in terms of space and time| . . . . . . . . .. ... ...
[6.3  Sample properties, part 1|. . . . . . . . ...
[6.4 Sample properties, part 2|. . . . . ...

vi

26
o7
58

60
60
62
63



List of Figures

[2.1 Eritrea in both Wikipedia in Spanish and English.|. . . . ... ... ... .. 8
(2.2 Semantic Web Stack [40l . . . . . . ... oo 9
2.3  Example of RDF data in the Turtle format| . . . . . . . ... ... ... ... 10
2.4 Graph representation of our Figure 2.3 example data [IS]| . . . . . . ... .. 11
2.5  Example of a SPARQL query| . . . . . .. ... o000 13
2.6 Wikidata Model. From the Wikidata introduction site |41 . . . . . . . . .. 14
2.7 Example RDF data for Douglas Adams in Wikidata (Q42).. . . . . . . . .. 15
[3.1 System Architecture. . . . . . . . ... 21
[4.1  Example graph: siblings that have directed a film together| . . . . . . . . .. 26
[4.2  Example of the underlying RDF data tor the query in Figured.1{| . . . . . . 27
[4.3  Example of the Wikidata RDF data representation of Figure|4.2; proper iden- |

tifiers and namespaces are used.| . . . . . . . ... L. 27
[4.4  Without some knowledge of the underlying RDF data, a user could create a |

query where the properties are variables. A query like this will time out in a |

SPARQL endpoint such as https://query.wikidata.org/ . ... ... .. 28
[4.5 Our system can provide users with suggestions for entities and properties, so |

that they can easily identify resources.| . . . . . . . . . . ... ... ... .. 28
[4.6  Representation of the entity index for the Figure|d.2ldata) . . . . . . . . .. 29
[4.7  Representation of the property index for the Figure|d.2{data.|. . . . . . . .. 30
[4.8  Preprocessing workflow| . . . . . . . . . .. Lo 32
[4.9 Indexing workflow|. . . . . . . .. ... 35
[4.10 Pseudo-code used to explore 1t edges and nodes are constants or instances of |

atypel . . . . 42
[4.11 Local index access for a sitmple graph.|. . . . . . . . ... ... .. ... ... 45
[4.12 Example graph for expanding domain- and range-types.|. . . . . . . . .. .. 47
[4.13 Pseudo-code for expanding node types.| . . . . . . ... ... ... 48
[4.14 Pseudo-code for expanding edge domain- and range-types.| . . . . . . . . .. 49
[4.15 Pseudo-code for returning node results.| . . . . . . . .. ... ... L. 50
[4.16 Pseudo-code for returning edge results.| . . . . . . . . ... ... L. 51
[>.1 Building a query with RDFExplorer| . . . .. .. ... ... ... ... ... 53
[6.2  Getting suggestions for ?propl takes around 45 seconds on direct queries to |

the Wikidata Endpoint.| . . . . ... .. ... .o oL 53
[>.3 A timeout query on RDFExplorer.,| . . . . . ... .. ... ... ... .. 54
[>.4 Requests before mtegrationl. . . . . . . .. ... 55

vil


https://query.wikidata.org/

viil

[5.5 Architecture and requests after integration| . . . . . . . . .. ... ... ... 55
[6.1 Comparison of local and remote query times| . . . . . . . .. ... ... ... 64
[6.2  Local query times| . . . . . . . . ... 65
[6.3  Precision, Recall, K1} . . . . . ... ... . ... .. o 66
[7.1 For our Wikidata index, we specity our matching criteria. In this case, the |
predicate for a label field should match the http://www.w3.0rg/2000/01/
rdf-schema#label URI. In reality, all strings are constants in a single file to |
[ centralize these values] . . . . . . . . . . ... 70


http://www.w3.org/2000/01/rdf-schema#label
http://www.w3.org/2000/01/rdf-schema#label

Chapter 1

Introduction

1.1 Motivation

The World Wide Web is the broadest, widest, deepest source of information we have ever
created. Nevertheless, most of this information is difficult to access unless it is available from
a single data source since there is no efficient]] way to interface or to combine multiple data
sources and types of information [6].

A proposal to overcome this limitation is through a graph structured model called the
Resource Description Framework, or simply RDF [14]. RDF is a World Wide Web Consor-
tium (W3C) Data Model specification that describes an agreed-upon way to organize data,
providing a common platform for web sites to communicate with each other. This approach
for modelling and exchanging information across the Internet is commonly known as the
Semantic Web.

Even though RDF proposes how the data is modelled, there are still open issues on
accessing this data, particularly in terms of usability. To address such issues, there has been
interesting research related to visualization, exploration, querying and presenting data.

Regarding querying, SPARQL [5]E] is the W3C recommended language for querying RDF
data structures and is based on graph pattern matching. According to existing literature
e.g.: [13, 17, B7], there seems to be two main issues regarding SPARQL usage difficulties by
non-technical users: learning SPARQL language syntax and the lack of helpful user interfaces.

There have been several approaches proposed to broaden the use of SPARQL among
non-experts: natural language approaches [20} 19, B3] 21], faceted search [2| [18], query by
example |3, [LT], visual query builders [7, 38|, visual RDF explorers [22, [34], etc. All of these
techniques have their own pros and cons. Some of them abstract the syntax of the query
language completely for users while limiting the types of queries that can be built. Others
focus only on single entities and their facets. Others still can only process tree queries, leaving

LAPIs are a way to interface different data sources, still they need to be hand crafted and this is a costly
and tedious process.
2A recursive acronym that stands for SPARQL Protocol and RDF Query Language.
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cyclic queries out of scope, etc.

Based on the available research and applications, we have identified that although query
building can be approached in different ways, a trade-off between usability and expressiveness
exist where simpler systems e.g.: faceted search, are easy to use but fail to express complex
queries. In those complex scenarios SPARQL syntax or a similar query representation is
required. However, we have identified that SPARQL systems lack some mechanics that are
supported by (for example) systems of programming languages, in particular autocompletion,
and that implementing these mechanics in SPARQL is not straightforward and requires
research for a specialised approach.

In this work we provide some techniques for allowing users to easily and efficiently approach
the SPARQL query building process. Our aim is to help users create queries in an assisted
way. Our proposal is inspired by helpful mechanics that other programming language systems
have to help users approach the syntax/language. We will try to describe the problem we
are trying to solve by an example familiar from software development tools.

We will start with the following piece of code:

class Person {
int Age;
string Name;

}
[...]

john = new Person();
john.//(trigger)

We will assume that most of the readers have worked before with a software development
IDE. If this is the reader’s case, it would then be familiar that, on line 9, after typing the ‘.’
(autocomplete trigger) after john, the IDE would propose suggestions like Age and Name.
This helpful feature, known as autocompletionﬂ7 allows users to easily select the properties
or methods they want.

Now, in SPARQL query editors, this feature is currently not available. If you were to
write the following triples in the Wikidata SPARQL Endpoint:

#In SPAR(L, comments start with the '#' character

#The next line expresses that '?vartable’ s an instance O0f 'Human'
?var wdt:P31 wd:Q5 .

?var #(trigger)

In the second triple, on line 4, as suggestions for ?var, with the existing systems in place,
a user could be suggested properties such as publishedBy or sharesBordersWith. The user
might agree that these suggestions make no sense for a variable declared to be of type Human.

3 According to Wikipedia, the term was originally popularized as "pick-list" and some implementations
still refer to it as such. From https://en.wikipedia.org/wiki/Intelligent_code_completion
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This can also be extended to the following triples:

#?variable <placeOfBirth> ...
?var wdt:P19 #(trigger)

This time, we would use our autocomplete for suggesting object terms, which are the value
for a property. It would make no sense to suggest other Humans or Mowvies after the P19
(placeOfBirth) predicate, but rather we would expect suggestions that are Places (Clities
or similar). The same principle could also be used for suggesting terms in more complex
declarations.

In programming environments, behind the code editor in an IDE, a local tags index of the
source code is built as the code is modiﬁedF_f]. This index suggests the available methods and
properties for all types, so that you can have a pleasant journey accessing and using them.

Without a specialised index, these suggestions would not be immediate, since the IDE
would have to traverse the whole code each time to prepare the suggestions. This is something
that on large RDF datasets can take minutes. On endpoints as the Wikidata Endpoint, this
would result in a timeout in case of more complex queries (> 60 seconds). On a local endpoint,
without the timeout restriction, these exploration queries could take tens of minutes, or more.
This is because finding all and only relevant suggestions for terms to fill a graph query is
NP-hard, being directly related to the graph homomorphism problem [24].

The goal of our work is to allow users, while exploring datasets, to be suggested with
realistic proposals in real time. This partially removes the need to previously know the
structure of the dataset, and guides the users in their query building process.

In this work, we propose a specialised index based on types, domain and ranges. As an
example, in RDF we can represent a triple such as "Jon was born in Ireland”. In this triple,
Jon is a subject of type Human and Ireland is an object of type Country. Our index will
identify that the property placeOfBirth, has domain Human (or others, such as Dog) and
range Country (or others, such as City).

We have tested this proposal for large-scale RDF datasets, such as the Wikidata RDF
dataset with positive results, where the available terms are displayed in under three seconds.
Nevertheless, we have found that in our implementation a trade-off is required between
correctness and performance when dealing with elaborate graph constructions.

This trade-off is implemented as part of our index. We build our index using the subject
types and the object types (e.g., Human, Country), not the instances (e.g., Jon, Ireland).
Because of this, we display all available properties between two entities types, while in reality,
the available triples could have some restrictions due to other edges that would have prevented
some results from being shown.

To overcome this trade-off, our query evaluation runs two parallel threads. One runs on
the query endpoint’], requesting the SPARQL engine to return the instance-based results.

4The most common implementation is ctags: http://ctags.sourceforge.net/
SWikidata Query Endpoint Service in our case
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The other one runs on our local index. For our index, we have allowed a configurable waiting
time for the SPARQL engine. This would allow the engine to return the correct results from
the query endpoint when an exact calculation is possible and approximate results from our
index when not possible.

To test our work, we have applied our index to RDFExplorer [38], a SPARQL Visual
Query System for exploration and query building. We have chosen this work due to the
simplicity that it offers users for interactively building SPARQL queries without any knowl-
edge of the language syntax. It also provides some helpful tools for navigating entities and
displaying the results while building the query. Currently, this system allows users to search
for entities through keyword search but also by selecting suggesting terms. The system gets
the suggestions by querying the endpoint directly. While for some cases this will return the
proper results, other cases, such as searching incoming properties for an instance of Human,
could result in a timeout, in which case the system fails to provide any suggestions.

In this work we address some open issues that we have identified: Most users have in-
complete knowledge of the entities and properties they are trying to query for. Moreover,
users should be able to write queries with just intuitive knowledge about the queried dataset.
We have also identified that available tools either do not provide autocompletion based on
available valid terms [43], or aim to return precise suggestions for which timeouts are in-
evitable [38]. While efficient autocompletion is available in most systems for programming
languages, it is not available in SPARQL systems. Based on our research, tools with auto-
completion have the potential to enrich the SPARQL exploration and query building user
experience. Some research works have developed autocompletion techniques that focus on
previous query logs [25] or sampling via endpoint requests [I12]. While these tools have pro-
vided good results, they are focused either on query snippets for helping with syntax, or in
literals and literal-related properties, which excludes entities completely and the properties
that relate to them.

1.2 Objectives

1.2.1 Main Objective

The main goal of this work is to provide a class-based autocompletion index for SPARQL
querying and exploration. This index will suggest to users the most relevant entities and
properties, based primarily on the observed domain classes and range classes of properties.
This index would enable users without knowledge of the RDF dataset structure and SPARQL
query syntax to explore and query such datasets.

1.2.2 Specific Objectives

The specific objective of this work is to build a specialised index from an RDF dataset
dump that enables more efficient, approximate, autocompletion primitives. This involves the
following sub-objectives:

e Index the data, making it possible to build hierarchical relations between entities, their
types and properties.



e Implement ranking mechanisms to sort the most relevant entities and properties first.
e Parse partially built triples to identify candidates for proposals.

e Generate suggestions for partially built queries that allow users to select available prop-
erties and entities on the go.

e Test and optimize the implementation for a large-scale dataset such as Wikidata.
e Encapsulate the implementation as a backend endpoint.

e Integrate this backend with an existing user interface for testing, evaluation and opti-
mization.

1.3 Methodology

To accomplish the previous objectives, this work will be done following these steps:

e Revise the existing literature on autocompletion for SPARQL editors.
e Revise existing techniques for code autocompletion.

e Select an appropriate indexing framework to support the necessary user interactions
(e.g. keyword search, autocomplete, ranking).

e Create the index with a structure that enables autocompletion and keyword searching.
e Create a parsing method for partial SPARQL queries.

e Traverse those queries and calculate the correct suggestions.

e Develop, test and optimize the system to allow for real-time usage.

e Integrate the index with an existing user interface.

e Run and compare correctness and performance test results against the non-specialised
indexed endpoints.

1.4 Expected results

This work focuses on providing an easy way for users, with no prior knowledge of the SPARQL
query syntax, nor the data structure, to query and explore a large-scale RDF dataset. The
main contribution of our system is to provide efficient, over-approximated auto-completion
features for users building their SPARQL queries.

A second contribution is that entities and properties stored in an indexed triplestore
can then be queried via keyword search and the results are displayed sorted by relevance.
This enriches the usage experience of RDF datasets by providing lookup access via labels,
descriptions or alternative labels for the queried data.

We have developed a prototype autocompletion index working as a backend for RDFEx-
plorer [38], an open source visual query system working with the Wikidata Query Service [43].
Our index has been built with the Wikidata N'Triples dump, consisting of over 4.5 billion

triples’]

6As per February 2020




Our system acts as a Web Service that sits between the user interface and a SPARQL
query endpoint. It is worth noting that our methods are not tied to a specific datasource nor
a user interface. Our system is also able to work with other RDF data sources and queries
can be sent directly without the user interface.

The main evaluation criteria for our system are defined as follows:

e Performance of the implementation

e Correctness of the autocomplete suggestions

1.5 Structure of this Work

This work is divided as follows: in Chapter [2] we talk about the background of this work
to understand the chapters that follow; we will introduce some basic concepts such as the
Semantic Web, RDF, SPARQL and explain the state of the art in query builder interfaces.
After this, in Chapter [3] we give an overview of the system: how the system is designed
and what user interactions are available. We continue with Chapter (4] in which we propose
indexing and approximation techniques for generating suggestions based on an existing RDF
dataset, an inverted index and partially completed user queries. In Chapter [5| we introduce
our proof of concept: we integrate our system with an existing query builder interface. With
this proof of concept ready, we will present our results in Chapter [6f here we discuss the
performance and correctness of our system. We finalize this work in Chapter [7], where we
explain the existing limitations of our system, and present a discussion of future work.



Chapter 2

Background

This work touches upon two topics in Computer Science: Semantic Web and Information
Retrieval. The Semantic Web aims to add structure and semantics to the content of the
Web. Information Retrieval focuses on providing users with answers to their queries. Our
system is built upon user interfaces to provide users with suggestions of terms while building
SPARQL queries. We thus conclude the chapter by discussing related works on the topic of
User Interfaces for the Semantic Web.

2.1 Semantic Web

Every second, a humongous amount of data is added to the Web. This data comes in
diverse flavours: photos, songs, movies, tweets, research papers, proprietary format files,
blog posts, chats, database records, source code, weather data, you name it. It can also be
in either the public domain like social media, news sites, knowledge bases; or in the private
domain: corporate groups, closed forums, authorization required sites, etc. In either case, in
order to access this information we depend on machines that crawl these sites and parse the
information available using a variety of techniques: image classification, audio fingerprints,
natural language processing, among others. In most cases, machines do not understand what
the content is or how it is connected to other content. This leads to a number of shortcomings
in how the content of the Web is managed, processed and used.

If you go to a Wikipedia article page about any topic, and then visit the same article page
in a different language, it is quite likely that you will not find the same information in both
pages. Factual information should not be different for different languages. As an example,
let us consider Figure 2.1 In both Spanish and English articles, Eritrea has a one million
population difference. Likewise, comparing other articles written in English and Spanish,
the USA has 3 million and China has 4 million of a difference in population. While it may
be argued that population is hard to measure, the Web is full of factual differences for the
same subjects in different languages: in Wikipedia, users are in charge of manually editing
documents, and they might not use the same data across different languages, or data may
not be updated so quickly in languages with fewer active editors.



Capital Asmara

(y ciudad mas @) 15°20'00°N 38°55'00°E #
poblada)
Idiomas

Capital
and largest city

Official languages

.-'-‘-.smar_a )
&) 15°20'N 38°55E

MNone''! (see working

Ninguno languages)
oficiales ) . Recognised Tigrinya
Lenguas de trabaje: Tigrifia, national languages Beja
arabe, nara, saho, afar, italiano, Tigre
1 Kunama
entre otros. Saho
Gentilicio Eritreo, -a Bilen
Forma de Republica unipartidista zf?f
gobierno Worki ot
. . S S orking igrinya
. Presidente |saias Afewerki languages Arabic
Organo Asamblea Nacional Englishl<!
islati >
legislativo : — Other languages  italign[31%
Independencia de Etiopia
Reconocida 24 de mayo de 1993 Ethnic ur'[:'s'l:l ps ggi Pgrinya
Superficie Puesto 98.° (2010 est™) 4% Saﬁge
+ Total 117 6002 km?® 2% Kunama
v 2% Rashaida
» Agua (%) 014 %, Bilan
Fronteras 1840 kmé 5% Others Afar, Beni-
Linea de costa 2234 ki Amer, Mara
Punto mas Soira # Religion Christianity (53%), |slam
e {36%), other [1%6)!
Poblacion Pueste 109° Demonymis) Eritrean
total Government Unitary one-party
« Censo 7 000 839 hab. T
-Densidad 61 hab./km? republic!EEEEE
* President Isaias Afwarkd
Legislatura National Assambly

Independence from Ethiopia

= Defacho State of 24 May 1991
Eritrea
» Da jure State of 24 May 1903
Eritrea
Area
» Total 117,600 km?
(45,400 sq mi) {95th)
« Waler (%) 0.14%
Population

= 2020 estimate 6,081,195 ZIN1214)15118]

Figure 2.1: Eritrea in both Wikipedia in Spanish and English.

Current research is opening many paths for parsing different types of data. Regarding text,
a different approach is proposed by the W3C (World Wide Web Consortium). Instead of going
from unstructured text to data, the Semantic Web proposes that data can be expressed on the
Web in such a way that both humans and machines can make use of it. In this proposal, the
data is represented in a simple data model structure where common identifiers and standard
vocabularies are used to connect the data across different Web domains. With this approach,
pages (or parts of pages) could be generated from data and machines would have a better
grasp of what the contents are. In the same way, information can be consolidated so that
sites present the same information for different language versions.

This architecture proposal, known as the Semantic Web Stack, is composed of different
hierarchical language layers where higher layers are supported by lower ones (as in an OSI
model or similar). As can be appreciated in Figure the stack is composed of several layers:

8



a lower layer for identifiers and character set; a syntax layer; a data model layer; a query
layer where also taxonomies, ontologies and rules are applied; a unifying logic layer; a proof
layer; and a trust layer. All these layers together support user interfaces and applications.
A transversal cryptography layer is proposed to support identity verification and encryption
of sensitive data. It is important to mention that the stack is under evolution: there are
several research proposals for changes to its structure. We will focus on the main layers in

this section.

User interface and applications

Proof
Unifying Logic
Ontologies: Rules: a
Querying: OWL RIF/SWRL g
SPARQL . g
Taxonomies: RDFS Q
o
=
=
L=

Data interchange:RDF

Syntax: XML

Identifiers: URI Character Set: UNICODE

Figure 2.2: Semantic Web Stack [40]

The lowest layer defines character encoding and identifiers. The Unicode standard is used
for character encoding and IRIs (Internationalized Resource IdentiﬁeIED for identifiers. This
two-part layer supports unambiguous identification of each resource using characters and
symbols from different alphabets.

Above this layer sits the syntax layer. This layer defines the grammar and how the
identifiers are structured. While XML is the defined standard, N-Triples [26] and Turtle [31]
are the most commonly used for syntax and structure. According to their own definitions,
"N-Triples is a line-based, plain text format for encoding an RDF graph." [26] and "Turtle
allows RDF statements to be completely written in a compact and natural text form, with
abbreviations for common usage patterns and datatypes" [31]. We can see an example of
RDF data in Turtle format in Figure 2.3

1An IRI is a generalization of an Unified Resource Identifier (URI) on Unicode.
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Eprefix ex: <http://example.org/> .

ex:Earth ex:highestPoint ex:MountEverest .

ex:Asia ex:partOf ex:Earth .

ex:Asia ex:sharesBorderWith ex:Europe .

ex:Europe ex:part0Of ex:Earth .

ex:MountEverest ex:continent ex:Asia .

ex:MountEverest ex:namedAfter ex:GeorgeEverest .
ex:GeorgeEverest ex:country0fCitizenship ex:UnitedKingdom .
ex:GeorgeEverest ex:place0fDeath ex:London .
ex:UnitedKingdom ex:continent ex:Europe .

ex:UnitedKingdom ex:capital ex:London .

Figure 2.3: Example of RDF data in the Turtle format

In our example, prefixes stay on top of our file and define abbreviations for our data. On
the bottom are our subject-predicate-object triples. The same example could be written in
N-Triples format

Following the Syntax layer are the data interchange or data model layer and the query
layer. We will discuss more about these in Section and Section [2.1.2] The taxonomies,
ontologies and rules layer define how the data fits together: relations and vocabularies are
defined in these layers.

On top of these layers we can find the unifying logic, proof and trust logic. While these
layers are not completely theoretically defined, they are defined as a proof-of-concept. The
unifying logic layer combines ontological reasoning with querying. The proof layer provides
a proof of procedures or information to the client, and the trust layer defines access control
between services and data.

Regarding the Semantic Web, the state of the art is constantly expanding with new re-
search methods to improve reach, performance or usability in order to bring the Semantic
Web closer and closer to users. Some well-known fields where Semantic Web has had notable
contributions are drug discovery, patient care management and reporting, publication of sci-
entific knowledge, drug approval procedures, music and movie databases, geospatial data,
etc. Interesting works for the author are applications in the industrial sector, for instance
where process data from [oT or RFID sensor data is added every second to RDF datastores
[44, [T, 16]. In the author’s national context, the Chilean Library of Congress has its data
available in RDF format [§].

2.1.1 Data Model RDF

The Resource Description Framework (RDF) [4, 14] is at the core of the Semantic Web. RDF
proposes a data interchange model for structuring factual content for interoperability between
different data sources (usually the Web, but it can be applied to anything). The goal of the
standard is to "facilitate data merging even if the underlying schemas differ, and it specifically

2To see how these formats compare, the EasyRdf web service: http://www.easyrdf.org/converter
allows users to translate data formats in a simple way.
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supports the evolution of schemas over time without requiring all the data consumers to be
changed." [29]. The standard defines RDF terms, triples, graphs and vocabularies. RDF is
currently on version 1.1, published in 2014.

An RDF term represents a resource. A resource can either be an IRI, a literal value or a
blank node. An IRI is an unambiguous identifier for a resource. Literal values can be text
strings or datatypes (integer, boolean, double, datetime, etc.). Literal text strings can be
defined in a specific language by adding a language tag: i.e.: "@Qen" represents a literal text
string in English. A blank node (or bnode) is used to represent a resource whose identifier or
literal is not given. Blank nodes can be seen as denoting anonymous resources.

RDF triples or simply triples allow the construction of a statement that relates RDF terms.
Three RDF terms can be grouped to create a 3-tuple subject-predicate-object statement:
"Mary eats pizza". This format allows for both humans and machines to easily read, query
and reason about a data statement. In this 3-tuple, the subject identifies which resources
the statement is about; the predicate indicates the relationship, traits or aspects between
the subject and the object; the object identifies the value of the statement. From this basic
3-tuple structure and using blank nodes, statements can grow in complexity: for example,
we can represent the statement "Mary eats (pizza madeOf mozzarella)" using a blank node
to represent the pizza.

RDF defines certain grammar rules or semantics [27] for building triple statements:

e Subjects must be an IRI or blank node.
e Predicates must be an IRI.

e Objects can be either an IRI, literal or a blank node.

A collection of triples represents a labeled directed multi-graph or simply an RDF graph.
In RDF graphs, subjects and objects represent nodes and predicates represent labels on
directed edges connecting them. In Figure 2.4 we can appreciate how our RDF data from
Figure [2.3] visually looks like.

part of _ﬁ‘s\\\\\\\\\\\\\\
<~ part of shares border < continent {United Kingdomj

highest point / /

country of citizenship capital
highest p01nt/ continent v P cap

Mount Everest} named after »[George Everest} place of death »

Figure 2.4: Graph representation of our Figure example data [18§]

RDF vocabularies are built on top of the RDF standard. They add meaning to the rela-
tionships within our data. Classes (aka types) and properties (aka relationships) are defined
for resources. Classes support class hierarchies, grouping, organization and processing of
resources. For example, we may define the classes City and Country and define them to be
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subclasses of the more general class Place. Properties are extended by the use of vocabular-
ies: ontologies, taxonomies and thesauri are defined to simplify data sharing across diverse
applications and enable richer integration and interoperability of data among descriptive
communities. Properties may also form a hierarchy, and may have domain and range classes
to indicate the types of the subjects and objects that they relate to. For example, we may
define a property hasCapital as a subproperty of hasCity, both of which have the domain
Country and range City.

Vocabularies are defined in their own standards: RDF Schema (RDFS) [28], Web Ontology
Language (OWL) [32] and Simple Knowledge Organization System (SKOS) [30] are powerful
technologies to structure and organize data. As per their own reference sites: "RDFS is
a general-purpose language for representing simple RDF vocabularies on the Web" [2§].
"OWL is a computational logic-based language such that knowledge expressed in OWL can
be exploited by computer programs, e.g., to verify the consistency of that knowledge or to
make implicit knowledge explicit" [32]. "SKOS is a common data model for sharing and
linking knowledge organization systems via the Web" [30]. From these vocabularies, we use
the following properties in this work: label, alternative label and description. We will not use
ontologies and reasoning in this current work, and thus we will not dive deeper into these
topics.

2.1.2 SPARQL

In the previous section we went through the data model to store Semantic Web data. In
this section we will focus on how to retrieve this data. SPARQL [5] is the W3C standard
for querying RDF data. As per the SPARQL reference site: "SPARQL can be used to
express queries across diverse data sources, whether the data is stored natively as RDF
or viewed as RDF via middle-ware. SPARQL contains capabilities for querying required
and optional graph patterns along with their conjunctions and disjunctions. SPARQL also
supports extensible value testing and constraining queries by source RDF graph. The results
of SPARQL queries can be results sets or RDF graphs." [5]

SPARQL uses a syntax similar to SQL (Structured Query Language) for RDF triples.
SPARQL query statements are expressed in the RDF Turtle syntax extended with SPARQL
keywords. In these statements, clauses are expressed. A clause can contain triple patterns, in
which elements of the triple (subject-predicate-object) can be replaced by variables in order
to query for specific data.

In our following example, based on our Figure example data, we present a simple
query on how to get the highest mountain on Earth and in which continent it is located.
This query will return the pair ex:MountEverest, ex:Asia because 7highest matches in
the WHERE clause with ex:MountEverest in the dataset and the same with ?continent
matching ex:Asia.

12
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SELECT 7highest 7continent

WHERE {
ex:Earth ex:highestPoint 7highest .
7highest ex:continent 7continent

Figure 2.5: Example of a SPARQL query.

2.1.3 Linked Data

While the Semantic Web refers to the standards used for storing, relating and querying our
human /machine-friendly data, Linked Data is the term used for best practices or principles
applied to this data. These principles, according to the reference site [42] are as follows:

e Use URIs as names for things
Use HT'TP URIs so that people can look up those names.

e When someone looks up a URI, provide useful information.

e Include links to other URIs so that they can discover more things.

Using these principles, our goal is to use the Semantic Web standards to represent and
access data on the Web, while being able to link (thus the name Linked Data) different
resources. The idea is to be able to connect all resources into a global data graph on the
Web that users can easily navigate and refer to.

The Linked Data principles have been growing in adoption since their proposal, with
multiple community and private RDF datasets available. Many of these Linked Data sites
provide clients with user interfaces, APIs and query endpoints for accessing the data using
SPARQL or direct navigation.

A compilation of publicly available linked data sites can be found on https://lod-cloud.
net. Currently the site contains 1,255 datasets with 16,174 links between them (As of
May 2020). Datasets in this site are classified in the following categories: Cross-Domain,
Geography, Government, Life Sciences, Linguistics, Media, Publications, Social Networking
and User-Generated. In this work, we are going to use the Wikidata dataset as our proof of
concept [43], but our methods extend likewise to other datasets. We will talk more about
this dataset in the following section.

2.1.4 Wikidata

In this work we are going to use RDF data from the https://www.wikidata.org/ site for
evaluating our proposal. Wikidata is a free, collaborative, multilingual and open knowledge
base that can be read and edited by both humans and machines [10]. Wikidata acts as
central storage for collecting structured data to provide support for Wikipedia, Wikimedia
Commons, the other wikis of the Wikimedia movement, and to anyone in the world.

To date, Wikidata describes over 84 million resources with over 5,126 million statementsﬂ

3https://www.wikidata.org/wiki/Wikidata:Statistics
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Wikidata resources are uniquely identified by a letter ) followed by a number, such as
Douglas Adams (Q42). Statements describe detailed characteristics of a resource and consist
of a property and a value. Properties in Wikidata have a letter P followed by a number, such
as with educated at (P69). For Douglas Adams’ example, he was educated at the St. John’s
College (Q691283). The previous example, taken from the Wikidata introduction site, also
provides Figure to show how this RDF data could be presented to users.

YA item
e ——ouglas Adams Gentie
identifier
— English writer and humorist
description Douglas Noél Adams | Douglas Noel Adams aliases
» In more languages
Statements
property [educated a[l = |StJohn's College
end time 1974
academic major English literature ra
academic degree Bachelor of Arts qua“flers
starttime 1971
rank v 2 references
stated in Encyclopzedia Britannica Online
Creference URL b httpu/iwww.nn do.comipeople/7 31/000023667 opened
original language of work English
references
statement retrieved 7 December 2013
group publisher NNDE
title Douglas Adams (English)
+ add reference
4 Brentwood School
end time 1970
starttime 1959
» 0 references | CD”apSEd
| reference
+ add (statement)

Figure 2.6: Wikidata Model. From the Wikidata introduction site [4I]

It is possible to download a copy of the whole Wikidata knowledge base in RDF /N-
Triples format. This 41 GBytes compressed RDF dump contains the previously mentioned
information as RDF triples. The RDF triples that model the previous example are pre-
sented in Figure 2.7, This data is publicly available at the https://dumps.wikimedia.org/
wikidatawiki/entities/ site. While it is possible to instantiate different SPARQL engines
to query this database [I5], we will be working with the plain N-Triples data dump. For
querying purposes, we will use the Wikidata API available at https://www.wikidata.org/
w/api.phpl
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# Single line comments begin with the '#' character

# Label

wd:Q42 rdfs:label "Douglas Adams"Qen .

# Alternative labels

wd:Q42 skos:altLabel "Douglas N. Adams"Qen .

wd:Q42 skos:altLabel "Douglas Noel Adams"Qen .

# Description

wd:Q42 schema:description "English writer and humorist"Qen .

# Propertties, such as place of birth (P19), country of cttizenship (P27),
# instance of (P31), educated at (P69) and residence (P551).

# The nexzt line reads: Douglas Adams' place of birth is Cambridge (§350).
wd:Q42 wdt:P19 wd:Q350 .

wd:Q42 wdt:P27 wd:Q145 .

wd:Q42 wdt:P31 wd:Q5 .

wd:Q42 wdt:P69 wd:Q691283 .

wd:Q42 wdt:P551 wd:Q84 .

Figure 2.7: Example RDF data for Douglas Adams in Wikidata (Q42).

2.2 Information Retrieval

In the previous section we introduced some key Semantic Web concepts. While these concepts
will be relevant in terms of the type of information that we process, we require techniques from
another field of Computer Science to be able to process and manage this information. The
field called Information Retrieval is concerned with finding information from large collections.
In order to find this information, this field uses indexes and relevance measures to store
and classify the information. For our work, we will be using Inverted Indexes to store and
search information, while using Term-Frequency-Inverse-Document-Frequency (TF-IDF) and
PageRank for ranking the results.

2.2.1 Inverted Index

In our research we take information about Semantic Web resources described using RDF
and store it in a specialized index. In this index, we will store information about RDF
resources, such as the identifier (subject id), the label, description, alternative labels, outgoing
properties (predicates available) and so on. This information is extracted from the triples
associated with a resource. We will go into more detail on this in Section 4.3

Since much of the information that we are going to index is text based, a suitable index is
an inverted index. In a forward index, like relational databases, each resource is stored by its
id and all available fields are accessed through that id. In an inverted index, fields are stored
and the resource ids are accessed by searching over the fields. Inverted indexes are commonly
used for text document indexing, where a collection of words are indexed. Every time a user
searches for something, they will query these words and the documents containing them will
be returned as results.

In this work we will build a document for every resource described by the RDF graph,
where our label, alternative labels and descriptions will work as our different text fields.
With this index, we will be able to search for words, such as "capital of Seychelles" and as an

15



answer we would get all documents that contain these words. Among the results we will get
Victoria and also Seychelles (while also getting other capital-related documents). In order
to get this to work properly, our index will deal with different kinds of fields:

e Text fields contain text and ignore stop words and group similar words.

e Numeric fields allow us to store integers or doubles, while providing support for sorting
and range queries.

e String fields look for exact matches, such as the name of our resource subject name.

e Stored fields allow us to save information that is not required for querying, such as our
predicates.

There are two more points worth mentioning for inverted indexes. Since we are processing
some input data while building our index, inverted indexes take longer to create than forward
indexes. The other point is relevance: Inverted indexes can sort the queried results by certain
criteria:

e Matching a word in the label of a document might be more relevant than matching a
word in the description of it.

e Rare words that might appear less frequently in the collection of documents boost the
relevance of our results.

e Matching several words in our query pattern might also bump the relevance of our
results up.

e Words occurring more frequently in a document indicate higher relevance.

A ranking measure based on these criteria is known as TF-IDF and is one of the ranking
measures that we will implement for our text-based lookups. In the following section, we will
cover how TF-IDF is not the only measure that we will implement, and we will also cover
why another measure is helpful.

2.2.2 Ranking

In the previous section we mentioned which indexing method we will use and how it inherently
implements a ranking measurement for sorting query results. We mentioned that, while this
TF-IDF is in place, another ranking measure may help our users to get better results.

Let us take for example "Jordan". On the one hand we have the country, while on the
other we have the basketball player. If you go to Google and search for Jordan, what would
you expect to be shown first? This is a hard question to answer. In order to estimate the
resources relevant to a keyword search that a user is most likely to be interested in, an
importance metric algorithm is implemented next to our relevance ranking metric: based on
how many references links-to and how many other resources are linked-from a resource, an
importance ranking value can be set to better optimize results.

A similar approach for link-based ranking, proposed in 1998 by Google’s founders Larry
Page and Sergey Brin, is known as PageRank [23]. It was first conceived to add importance
ranking to web sites. In their proposal, web sites are modelled as a directed graph: Each
web site is a node, web sites may have incoming links (links that direct to that site) and
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outgoing links (links that direct to other sites). After modelling the web like this, a recursive
algorithm takes place: A page with lots of inlinks from important pages with few outlinks is
more important. There are some scenarios to consider: when a document has no links and
when two documents link only to each other. In order to avoid high relevance from these
cases, there is a probability to not follow any link and jump to a random document.

The PageRank process sets an initial value to all documents: this value is the same for all,
such that the sum of all document’s rank is 1. The next step will be to share the document’s
rank to all documents it links to: a higher ranked document gives a higher rank to its links,
while documents with lots of links give a low rank because its rank is divided across all its
links. With the probability to jump randomly (usually set as 0.15), this process is recursive
and guarantees convergence, so after a number of iterations each document’s rank is fixed.

For our research, we are not dealing with web sites but with RDF resources that link
to other RDF resources, thus this application also fits our needs. PageRank will work by
considering the incoming and outgoing edges between RDF resources (see Figure as the
incoming and outgoing links in web sites. Using both our PageRank importance and the
TF-IDF relevance, query results are sorted and returned to our users. This approach can be
used to rank the nodes of an RDF graph, namely the terms appearing as the subject and/or
object of one or more triples. However, PageRank is not directly applicable to rank property
terms. In order to rank properties, we rather use the frequency of the property in terms of
how many triples in the RDF graph use that property. We assume that users will often be
interested in properties that are most frequently defined in the data.

2.3 User Interfaces

In Section we covered SPARQL, the W3C standard for creating RDF queries. While
this approach serves the purpose of creating queries, it requires an understanding of both the
SPARQL language syntax and the underlying RDF data structure: which properties exist and
how they interrelate resources. As we mentioned before, other authors have identified that
these are two main issues limiting Semantic Web adoption by non-technical users: SPARQL
language syntax and the lack of helpful user interfaces [13] [17, [37].

The third field of Computer Science that will take part in our research will be User
Interfaces. How will our users engage with our system? How will we support their journey
of using Linked Data? There are two pieces that fit our work: We will use visualization and
query interfaces to help users explore, navigate and create SPARQL queries in an interactive
way (without dealing with SPARQL); and we will use autocomplete to support the selection
of results from a collection of candidate suggestions.

Autocomplete or picklists allow users to narrow a collection of results by typing characters
that get the users closer to their desired result. There are several techniques that can be
implemented under an autocomplete user control. Fuzzy search or approximate string match-
ing is a technique to find strings that match a pattern approximately, rather than exactly.
Debounce timers allow autocomplete user controls to wait some time before submitting a
query: this makes the system more fluent, skipping immediate changes (like adding/remov-
ing single characters) and waiting for users to elaborate on their query terms before firing
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another search event.

In other application fields, autocomplete can be easily implemented since the scope is
relatively fixed or small. In relational databases the structure or schema of the database is
fixed independent of the size of the database. While the schema can change, its modifications
are not as dynamic as the data itself. In IDEs on the other hand, the source code structure
is dynamic, but the size of this structure is not a problem for a modern IDE and changes are
handled on the go. This autocomplete indexing process can be experienced when importing
a large codebase into a modern IDE. The system will require several minutes before any
suggestions can be provided. In contrast with relational databases, RDF graphs do not have
something analogous to a relational schema, likewise the scale of RDF graphs is often greater
than the scale of a codebase.

Visualization and query interfaces aim to help users navigate, explore and build queries
without necessarily writing code by means of displaying resources and connecting them in
an easy-to-use visual user interface. These systems also support users in navigation tasks,
by displaying information of a subject and its relation with others. Most such systems are
designed for a specific language. While there are multiple recommendations and studies
related to these types of user interfaces [7), 22], there are no defined rules or standards that
guide the development of these systems. In the following section we will cover some existing
research work available for these topics in the context of RDF data.

Regarding visualization and exploration of RDF data, we have studied two surveys that
cover this topic. Dadzie et al.’s work: "Approaches to visualising Linked Data: A survey" [7],
studies several existing systems, classifies and evaluates them according to their scalability,
as well as their features for filtering, data overview, text/graph view, faceted search, among
others. Their statement is that for users to better understand the underlying structure
of RDF triplestores, a key solution "is to visualise Linked Data in a coherent and legible
manner, allowing non-domain and non-technical audiences to obtain a good understanding
of its structure, and therefore implicitly compose queries, identify links between resources
and intuitively discover new pieces of information."

A follow-up survey conducted in 2016 by Bikakis et al.: "Exploration and Visualization
in the Web of Big Linked Data: A Survey of the State of the Art" [22] makes a sweep
through the state of the art systems for exploration and visualization. Their work states how
"exploring and visualization of very large dataset has become a major research challenge, of
which scalability is a vital requirement". They also describe some major prerequisites and
challenges that should be addressed by modern exploration and visualization tools. In their
research, they identify that most traditional exploration and visualization tools operate in
an offline way, limited to small datasets, and not being able to explore large-scale datasets,
such as the one that we will be using in this work.

Regarding autocomplete, some authors have approached the idea of adding autocomplete
support to SPARQL queries. In their research work "Designing scientific SPARQL queries
using autocompletion by snippets" Rafes et al. [25] have conducted a two-year study on
SPARQL queries expressed by a community of scientific users. In this work they have stud-
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ied different text query editord’] with autocomplete features and classified them into four
main techniques: Autocompletion using relative IRIs via keywords; Autocompletion by pre-
fix declaration; Autocompletion by template; and Autocompletion by suggestion of snippets.
They have also identified that users usually fail to express SPARQL queries due "to imper-
fect knowledge on the ontologies involved in the queries or the need to follow a syntax rather
complex to master" [25]. Their work is based on "suggesting fragments of queries made
by other previous users to complete the partial query already written by the user" [25]. It
works by "extracting representations of subpatterns from previous queries (in the form of
linegraphs’) and construct a hierarchical clustering of such subpatterns to generate snippets
that are most compatible with the portion of the query considered by the user" [25]. Our
methods are similar in that we provide suggestions to users, but based on the data that exists
in the triplestore itself.

Another approach to autocompletion has been proposed by El-Roby et al. [12]. In their
work "Sapphire: Querying RDF Data Made Simple", they propose "a tool that helps users
write syntactically and semantically correct SPARQL queries without prior knowledge of the
queried datasets." [I2] In their study, they have identified that Natural Language approaches
for querying are good for simple queries, but not for complex queries. For complex queries,
they remark that "the user needs to know the structure of the dataset, the vocabulary used
to represent different concepts, and the literals used in the dataset including their data types
and format." [12] Their system "provides data-driven suggestions to complete the predicates
and literals in the query" [I2]. As in our work, their architecture is based on a server that sits
between the user and the SPARQL endpoint. The indexing mechanics between Sapphire and
our work differ mainly on two points: They build their index with a sample of the data, built
by running multiple queries (17 hours of queries for DBpedia), on the remote endpoint for
hierarchical relations and predicates; the second difference is that their proposals are based
on properties that point to literals and not entity-to-entity relations.

There are a couple of visual query/exploration systems that we found interesting in the
context of this work: "VIQUEN: A visual query engine for RDF" by Dell [9], "Node-centric
RDF Graph visualization" by Sayers [36], "ViziQuer: a Web-based tool for visual diagram-
matic queries over RDF data" by Cerans et al. [39], "FedViz: A Visual Interface for SPARQL
Queries Formulation and Execution" by [35], among others. From studying these works, we
have noted that some rely either on domain specific, offline local triplestores, SPARQL-
syntax-based queries or direct-to-endpoint queries for data retrieval. These works set impor-
tant precedents for exploration and navigation of triplestores.

The visual query system "Smeagol: A 'Specific-to-General’ Semantic Web Query Interface
Paradigm for Novices" by Clemmer et al. [3] helps users to build queries that "guides the
user from a specific example to a general result set". This novel approach is very helpful
since it allows users to navigate and explore the data until they build a concrete subgraph of
interest which then can be generalized to find other subgraphs similar to the one identified.
Their work provides some interesting features such as autocompletion, dynamic results (query
results are generated and used during query construction, which in turn helps to build a better
query), and non-emptiness guarantees. We find two drawbacks on their work: their system

4Flint Editor, iSPARQL, LODatio+, BioCarian, Gospargled, Wikidata Query and YASGUI. All cited by
Rafes et al. [25]
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is only able to build tree-shaped queries and does not support general graph patterns; and
their exploration tasks are done directly over the remote SPARQL endpoint, which faces the
problems described before.

Vargas et al. in their "RDFExplorer: A Visual SPARQL Query Builder" research take
Smeagol as a base system to develop further. Their work, as we mentioned before, supports
users in navigation and query building tasks while displaying dynamic results during query
building. We have found their interface to be very easy to use and supports keyword lookups
for entities and properties with autocomplete features. An improvement upon Clemmer’s
work is that this research supports multiple graph patterns with cycles. Still, the system gets
the suggestions by querying the endpoint directly, which can end in timeouts for many user
queries. An additional advantage of this research, is that the source code is publicly available
at https://github.com/hvarg/RDFExplorer while also having a live version available at
https://www.rdfexplorer.org/.
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Chapter 3

System Overview

In this chapter we present an overview of our system. We will start by providing an overall
description of the system: the main components and how these relate to each other. This
will be followed by the possible user interactions: the different types of queries that can be
requested to our backend as well as how these requests are handled.

In this section we intend for readers to get a general overview of the work; we will go into
finer detail for the individual components in Chapter [4] and Chapter [5]

3.1 System Architecture

Our system architecture is as depicted in Figure [3.1]

e ™
( ) Y
Keyword Search _
- /ﬁ Index
Query to >
Web Graph Graph
ul Service Exploration o
N
API b S
Query R
B Execution SPARQL
~
Backend
N J N J

Figure 3.1: System Architecture.

Our system allows users that are building SPARQL queries to get entity and property
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suggestions from a triplestore. This works in two ways: A first contribution is to allow
users to query entities or properties via keyword search. The second and most important
contribution of our work is to provide suggestions for SPARQL terms, based on the query
that is being built. All given suggestions are sorted by relevance and importance.

Our system is built entirely as a web service backend. This backend sits between the user
interface and a remote SPARQL query endpoint. The entry point of our system is an API
that will take requests from different services, such as SPARQL query editors or SPARQL
visual explorers.

Depending on the query type, the system can do a keyword search directly on the index,
or it can parse the query for SPARQL triple patterns. In the latter case, the SPARQL query
will be converted to a graph. This graph will be processed and then sent for execution. The
execution of the query is sent in parallel to both the remote SPARQL endpoint and the local
index. The results are then post-processed and sent back to the user for display and selection.
We will expand some more on these steps in the following sections.

These last interactions, related to the UI, are not in the scope of our work; nevertheless, we
have integrated our system to a visual query system for demonstration. This Ul integration,
both for the request and the display of results, is explained in detail in Chapter 5

It is important to mention that before our system can provide results, it has to be initialized
with an RDF dataset dump. This initialization process can be divided into two sub-processes:
Preprocessing and Indexing. The details of this initialization are described in Section

All the source code for the back-end is written in C'# as a .Net Standard Library. The
following dependencies are used:

o Lucene.Netlllis used for the index.

e DotNetRDFPis used for handling, reading and writing RDF.
. SharpZz’pLibﬂ is used for handling compression.

e MimdTis used for identifying file types checks.

e zUniff]is used for Unit Testing.

e NLogl|is used for logging.

o ASPNetCord|is used for the Application Interface (API).

e Newtonsoft.Json| is used for handling JSON.

The integration code for the front-end is written in JavaScript. The code is available at
the following locations:

"https://lucenenet.apache.org
’https://www.dotnetrdf .org
3http://icsharpcode.github.io/SharpZipLib
“https://github.com/hey-red/Mime
Shttps://xunit.net

Shttps://nlog-project.org
"https://docs.microsoft.com/en-us/aspnet/core
8https://www.newtonsoft.com/json
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e https://github.com/gabrieldelaparra/SPARQLforHumans. This project.

e https://github.com/gabrieldelaparra/RDFExplorer. Forked and modified version
of RDFExplorer.

e https://github.com/hvarg/RDFExplorer. RDFExplorer [38].

3.2 User Interactions

As mentioned before our system has two different ways for users to request information:
Keyword search and SPARQL query term suggestions.

3.2.1 Keyword search

The keyword search feature enriches the user experience of RDF datasets by providing lookup
access via labels, descriptions or alternative labels for the queried data. Keyword search
functionality is one of the most natural ways of looking for information. While this feature
is the de-facto way for users to search for something (e.g. DuckDuckGo) it is not included as
part of the SPARQL standard. Keyword search allows users with no or limited knowledge
of prefixes or ids to get to their desired results. The keyword search mechanics are quite
straightforward; a keyword request is sent to the backend and a list of possible entities or
properties, sorted by relevance, are returned.

Example 3.1 A user wants to search for the type Human in the Wikidata dataset. They
could have no idea that wd: Q5 is the identifier for this entity. They could search for "person”
or "people” instead. Since person and people are alternative labels for Human, the latter is
displayed in the results. As per the results, Human is displayed before Grammatical Person,
since human is deemed to be more likely to be of relevance to the user, and thus is given a
higher order than what the alphabetic order would sort.

Example 3.2 A user would like to search for the head of government (wdt:P6) property,
once again, in the Wikidata dataset. As keywords, the user could enter "president”, "mayor”
or "prime minister”, since this would be a more natural way of looking for that property,
depending on the user and query context. Once again, suggestions including head of gov-
ernment are returned and ordered by a measure of how likely they are to be relevant to the
user.

Example 3.3 A user is trying to search for Reykjavik. Since typing the name correctly
would be a challenge for certain users, this author included, the "capital (of) Iceland” could
be used to search. Since the system has been indexed for descriptions, the desired result
would appear as the first result.

3.2.2 SPARQL query term suggestions

The term suggestions help users to create SPARQL queries. A SPARQL query is composed
of multiple triple patterns. As seen in Section [2.1.2] a triple pattern can be something like
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"Mary eats pizza". Lucky Mary. Each triple in the SPARQL grammar is composed of three
terms: a subject ("Mary"), a predicate ("eats”) and an object ("pizza”).

We will now briefly describe this process’ overview; the details will be revised in more
detail in Chapter ] We will accompany this description with some examples about the
delicious pizza Mary was eating.

Query construction starts by supposing that a triple pattern is always available, even when
there are only variables, such as in ?var! ?propl 9var2. However, triple patterns will often
contain specific terms in combination with variables, as seen in the previous example.

As a first step, an application uses our service for getting suggestions. The user of this
application still has not added anything to its query. For a blank string, a triple pattern with
only variables is added. The following triple pattern represents the current query:

?varl 7propl 7var2 .

During query construction, a user will start adding terms to their triple patterns. At this
stage, if everything is a variable, the keyword search will return results. In this context, a
user might start by typing "Ma" and several suggestions will be displayed. For this example,
the results will include "Mary", "Marocco” or "Mango". The user selects "Mary" between
the suggestions and Mary is added to the query as the subject term. The system recognizes
that Mary is of type Human. The triple should now look like this:

Mary ?propl ?7var2 .

Next the user moves to the predicate ?prop. The user will get suggestions like "eats”,
"parent of" or "studies at”, which are defined on subjects of type Human in the data, but
not "capital of”, which is not defined on any subject of type human in the data. The user
selects eats. The predicate is replaced with that property. The query at this stage looks like:

Mary eats ?7var2 .

Next the user moves to the object, which is a variable. Several suggestions like "cake”,
"tofu”, etc. are displayed. The user can type in "pi” and will be suggested "pie”, "pizza”,
"pineapple”; etc., but not "pillow" or "pictures”; etc., as these are not eaten by anything in
the data, nor "pine cones”, "pigeons”, etc., which though eaten in the data are not eaten by
instances of Human.

This process might continue until the user has finished building the query. At any stage
the user can leave a term as a variable and query for all the values that the variable takes.
The user can also join statements, creating more complex queries.

Behind the curtains, during this query construction process the input data is read from
the SPARQL query, parsed and stored into a data structure for further processing. Our
system will convert that query into a graph. More about the conversion between SPARQL
query and such graphs will be covered in Section

This graph will be then explored to check for relations between the nodes and the edges.
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Each of the nodes and edges will be classified as either variables, given types or inferred
types. If other statements are given at this stage, a decision process involving given-types
and intersections between inferred types for different incoming/outgoing properties would
occur. This helps the system to correctly assign types based on the explicitly given ones and
the inferred ones. All of this will be covered in more detail in Section [4.5

Once all nodes and edges have been classified, the information will be requested in parallel
threads from both sources: Local Index and Remote SPARQL Endpoint. The request to
the remote endpoint is sent with a configurable timeout, usually of a few seconds. If the
remote endpoint returns values within this time, this results will be returned; otherwise, our
internal local index results will be returned. The local results will only be returned if the
remote endpoint request fails/times-out. This double request mechanism allows us to suggest
possible results that would otherwise keep the user indefinitely waiting or in the worst case,
never return. More on this in Section

Once the results are consolidated, they will be returned to the UI which made the request.
For testing purposes, we have integrated our system within an existing visual SPARQL
building frontend. This integration is described in Chapter [f|

Before ending this chapter, we would like to emphasize something that was mentioned
before. Our system can provide approximate results for some triple patterns in complex
queries. We will try to explain these approximations by example. Consider that in our input
dataset, there is no such triple for Mary (Mary eats Pizza), but that triple does exist for Bob
(Bob eats Pizza). While constructing a complex query, where the remote endpoint times out,
the local index results for an instance of type Human and for the eats predicate, will return
Pizza as one of the alternatives. This is due to the nature of our index. Our index is not
based on complete triples, but types, domains and ranges. This way of indexing supports
the query term suggestion tasks, but approximates results for such cases.
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Chapter 4

Autocompletion Techniques

In this chapter we describe the details of our system. Per Figure 3.1, our implementation
works as a backend that sits between the user interface and a remote SPARQL query endpoint.
It takes SPARQL queries as input and returns suggestions for the variables in those queries.
Since we are focusing on dealing with large datasets (480 GB for the uncompressed Wikidata
dump), direct in-memory storage/query is not possible; rather a specialized on-disk index is
required. Before we describe the details of our backend, we introduce an extended example
in order to provide an overview of the system.

4.1 Overview

Let us consider that a user is looking for "siblings that have directed a film together".
Since the user might not be very familiar with the available properties in a dataset such as
Wikidata, it would be hard for them to directly specify the properties they require. Since
they might not be familiar with SPARQL syntax it might be even harder for them to specify
the required query directly on the SPARQL endpoint. Rather they choose to use a graphical
query builder, like RDFExplorer [38]. Let us consider that they have built a graph query
such as the one in Figure [L.1}

: e2: instanceOf /_\
= - ?human

Human

—_?director

| N

\ 2sibling
\

?sibling el: instanceOf ni-

?maovie Fi|n_1

|

a3 |

N ',I"?S
t, .
f"?cﬁ, Or \ ?director

— -

Figure 4.1: Example graph: siblings that have directed a film together
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For the example given in Figure let us consider that some RDF triples, such as the
ones presented in Figure |4.2] exist.

[...]

ex:LanaWachowski ex:instance0Of ex:Human .
ex:LanaWachowski ex:sibling0f ex:LillyWachowski
[...]

ex:LillyWachoski ex:instanceOf ex:Human .
ex:LillyWachoski ex:sibling0f ex:LanaWachowski .
[...]

ex:Matrix ex:instanceOf ex:Movie .

ex:Matrix ex:directedBy ex:LanaWachowski
ex:Matrix ex:directedBy ex:LillyWachoski .

[...]

Figure 4.2: Example of the underlying RDF data for the query in Figure

Depending on the Linked Data source that is used (e.g.: DBPedia, Wikidata) triples may
have different identifiers and namespaces. In Figure [1.3] we present the Wikidata representa-
tion for these triples.

[...]

wd:Q9545711 rdfs:label "Lana Wachowski"Qen .

wd:Q9545711 wdt:P31 wd:Q5 . # Instance of Human

wd:Q9545711 wdt:P3373 wd:Q9544977 . #Sibling Lilly Wachowsk?t
[...]

wd:Q9544977 rdfs:label "Lilly Wachowski"Qen .

wd:Q9544977 wdt:P31 wd:Q5 . # Instance of Human
wd:Q9544977 wdt:P3373 wd:Q9545711 . #Sibling Lana Wachowskz
[...]

wd:Q83495 rdfs:label "The Matrix"@en .

wd:Q83495 wdt:P31 wd:Q11424 . # Instance of Film

wd: Q83495 wdt:P57 wd:Q9545711 . # Director Lana Wachowsk?
wd:Q83495 wdt:P57 wd:Q9544977 . # Director Lilly Wachowskz
[...]

Figure 4.3: Example of the Wikidata RDF data representation of Figure : proper identi-
fiers and namespaces are used.

Without knowing the resource identifiers, or knowing a few of them, and using the Wiki-
data Query Service [43] a user might create a query that could be something like in Figure .
For the example query, we have added some basic identifiers, such as wdt :P31 (instanceOf),
wd:Q5 (Human) and wd:Q11424 (Film), but these might also be variabled'] In such a case,
users could search values to replace variables via keyword lookup (or leave them as variables
and use our system to select a value). We have added these values to further explain our

We differentiate constant from variables: a constant in our example would be Human (Q5) or instance
of (P31). All the other elements, starting with ’?’ are variables. Our system will propose results only for
variables.
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backend. We have also added some properties, such as ?sibling and ?director as vari-
ables; we will explain how a user can get suggestions for these variables. We remark that
in practice these variables will likely have generic labels such as ?varl, ?var2, etc., where
we add variables with more intuitive labels for illustration purposes. Furthermore, we would
also like to note that some relations, like director, can be tricky. One could think that the
relation is in the other way: e.g.: 7human directed 7movie. We will discuss more about
this in our future work Section [7.3]

SELECT * WHERE {
# 2?humanl and 2?human2 are instances of (P31) Human (§5)
7humanl wdt:P31 wd:Q5 .
7human?2 wdt:P31 wd:Q5 .

# 2?movie is an tnstance of (P31) Film (§11424).
?movie wdt:P31 wd:Q11424 .

# ?humanl and ?human2 are ?siblings.
7humanl 7sibling 7human2 .
7human2 7sibling 7humanl .

# ?movie has as ?director both ?humanl and ?humanl.
?movie 7director 7humanl .
?movie 7director 7human2 .

Figure 4.4: Without some knowledge of the underlying RDF data, a user could create a query
where the properties are variables. A query like this will time out in a SPARQL endpoint
such as https://query.wikidata.org/

The purpose of our system will be to guide users in going from the previously constructed
query in Figure [4.4] to a more complete query such as in Figure

SELECT * WHERE {
# 2humanl and ?human2 are a Human (§5), ?movie is a Film (§11424).
7humanl wdt:P31 wd:Q5 .
7human?2 wdt:P31 wd:Q5 .

?movie wdt:P31 wd:Q11424 .

# 2humanl and ?human2 are siblings (P3373).
7humanl wdt:P3373 7human2 .
7human2 wdt:P3373 7humanl .

# 2movie was directed by (P57) both ?humanl and ?human2.
?movie wdt:P57 7humanl
?movie wdt:P57 7human2 .

Figure 4.5: Our system can provide users with suggestions for entities and properties, so that
they can easily identify resources.
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Our system can also provide suggestions for 7human1, 7human2 and ?movie (such as Lana
Wachowski, Lilly Wachowski and The Matriz); which is not what we need in the current
scenario, but could be in other scenarios. Once a query is shaped as presented in Figure [£.5]
it can be evaluated to get values for these variables. The query expressed in Figure [4.5]
can be run directly on a SPARQL endpoint such as https://query.wikidata.org/ and to
date, 125 siblings will be displayed as results. Likewise, we could in theory run the query in
Figure [4.4] over the SPARQL endpoint to generate results, and thus return suggestions for
replacing individual variables towards constructing the query of Figure 4.5l However, the
query of Figure [4.4] times out on the public Wikidata endpoint: with so many variables, it
generates too many intermediate results for the endpoint to process in the time limit of 50
seconds. For this reason we propose methods to generate approximate suggestions to replace
individual variables of such queries.

For our system to work (in order to get from Figure to Figure , first our specialized
index must be built and then queries will be processed. Our index differs from a SPARQL
endpoint index in that for each triple’s property, our index does not store the values of the
entities linked to that property, but rather the types of those entities. This removes the
one-to-one relation in triples, thus creating approximations of the possible available values
while improving query times.

Our system will actually build two indexes. The first is an entities index with the structure
shown in Figure |4.6 For each resource we will add a database entry. In the example of
Figure [4.6] the ‘..." as in line 1, are to show that our data could have other values not listed
in the example.

LanaWachowski.Type = [Human,...]

LanaWachowski.Properties = [instanceOf, siblingOf,...]
LanaWachowski.InverseProperties = [sibling0f, directedBy,...]
[...]

LillyWachoski.Type = [Human,...]

LillyWachoski.Properties = [instanceOf, siblingOf,..]
LillyWachoski.InverseProperties = [sibling0f, directedBy,...]
[...]

Matrix.Type = [Film,...]

Matrix.Properties = [instance0f, directedBy,....]
Matrix.InverseProperties = [...]

[...]

Human.Type = [...]

Human.Properties = [...]

Human.InverseProperties = [instanceOf,...]

[...]

Film.Type = [...]

Film.Properties = [...]

Film.InverseProperties = [instanceOf,...]

Figure 4.6: Representation of the entity index for the Figure data.

Afterwards, a properties index will be built as in Figure[d.7] As before, we are adding ‘...’
on the fields to show that our fields could have additional values not included in our example.
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sibling0f .Domain = [Human,...]
siblingOf .Range = [Human,...]

[...]

director.Domain = [Film,...]
director.Range = [Human,..]

[...]

instanceOf .Domain = [Human, Film,...]
instanceOf .Range = [...]

Figure 4.7: Representation of the property index for the Figure data.

Once the index is built, queries can be processed. Given a query graph, our system will
first check all the graph’s nodes and edges for constants. For each constant element, we will
annotate that element: nodes with the types of that constant; and edges with the constant’s
domain- and range-types (as seen on Section .

From our example, we know the following:

Constants:

Human (Q5)

Film (Q11424)
InstanceOf (P31)

Variables:
7humani
7human?2
?movie
?sibling
?director

Since we know some constants, we have information about the types of some nodes and
edges. This gives our system some data about variable-nodes and -edges linked to known
constants.

Types:

7humanl is Human
7human? is Human
?movie is Film

At this point, we can provide approximated suggestions for every element that links to our
known constants. The next step is to retrieve the domain- and range-types for our variables
from our index over the data.

Domain and range types:

?sibling has domain Human and range Human.
?director has domain Film and range Human.

Additionally, our database might contain several domain- and range-types for constant
properties:
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mother (P25), spouse (P26), child (P40) have domain Human and range Human.
producer (P162) has domain Film and range Human.

studiedAt (P69) has domain Human.

ownedBy (P127) has range Human.

genre (P136) has domain Film.

basedOn (P144), derivativeWork (P4969) have range Film.

Our system will evaluate the domain and range types of our inferred values:

Human.Domain = [sibling, mother, child, studiedAt, ...]
Human.Range = [sibling, mother, child, ownedBy, ...]
Film.Domain = [director, producer, genre, L.l]
Film.Range = [basedOn, derivativeWork, ...]

In order to get proper suggestions, we need to intersect the inferred types and provide
relevant suggestions for those inferred values. Intersecting types is required to match the
information we know about linked constants. If a node, for instance, has incoming and
outgoing edges, the possible types of that node will be the ones that are a match for all of
those incoming and outgoing edges. Since we may know the domain- and range-types of some
properties of those edges, we can estimate that the possible types for a node would be those
in the intersection of the incoming-edges-range-types and the outgoing-edges-domain-types.

Suggestions:
?sibling = [mother (P25), child (P40), sibling (P57), ...]
?director = [director (P57), producer (P162), ...]

With these suggestions at hand, a user can select the values that they are looking for,
instead of trying to figure out the structure of the RDF data that they are querying for.

We will now proceed to explain the details of our backend. The system is composed of
four modules, here ordered by their relevance to the system: the entities and properties
index, a query parser module, a graph exploration module and a query execution module.
An additional application interface (API) acts as the entry point for our system.

This chapter starts off by detailing the specialized index. The index section includes the
preprocessing and indexing of an RDF dataset dump.

We will then proceed by describing the graph parser module, which converts an input to
our own data structure. In our case, a graph data structure is used to store our SPARQL
statements. In this graph, the nodes will represent statements’ subjects and objects, while
edges are labelled with predicates.

This graph is then processed by the graph exploration module. At this stage, basic
information about the nodes, edges and certain relations between them are identified and
added to the data structure. With this information in place, the graph is passed on to the
query execution module.

The execution of the query is sent in parallel to both the remote SPARQL endpoint and the
local index. The request to the remote endpoint is sent with a configurable timeout, usually
of a few seconds. If the remote SPARQL endpoint returns values within this time, these
results will be returned; otherwise, the specialized local index results will be post-processed
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and returned.

The local index will return information about certain types, entities and properties. These
results will be processed; mainly some intersections and duplication removal is required at
this stage. The post-processed results are then sent back to the user for display and selection.

This double request mechanism allows us to deliver exact results in the case that the
remote SPARQL endpoint does not time out, or otherwise, the over-approximated results
from our local index in case it does time out. Thus, the system can return possible results
that would otherwise keep the user indefinitely waiting or in the worst case, never return.

The chapter concludes by describing our application interface, which works as the entry
point of our system. It will take requests from different services, such as SPARQL query
editors or SPARQL visual explorers and send the information either to the graph parsing
module, for SPARQL queries; or directly to the index, for keyword search. The integration
with a user interface will be left for Chapter [o]

4.2 Initialization

Before indexing the data, some preprocessing is required. The preprocessing filters what are
considered valid triples and adds certain inverse relations between some triples that are read.
The system will process an RDF dump to make the following changes to it:

e Filter valid triples.
e Add inverse relations.

e Sort the file.
{ Filter }—{ R'g?;‘?rsﬁs }—{ Sort J

Pre-process

Figure 4.8: Preprocessing workflow

Another important aspect of the system is that it takes compressed files as inputs, and
generates compressed output files. This is important mainly due to space restrictions. The
Wikidata dumpﬂ is ~36 GB compressed and ~480 GB decompressed. A preprocessed output
file is ~8 GB compressed.

4.2.1 Filter

The first preprocessing task is to filter the input data. We will focus on Wikidata labels and
descriptions in the English language. We will also remove triples with datatype values or

2 As of February 2020
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external IDs. While this step could be optional depending on the use-case, the RDFExplorer
system that we currently support does not consider such values, and filtering them, currently
helps to reduce the number of triples that the system will have to index later. Multiple
filtering criteria are implemented in the system. At the current development stage, these
criteria are hard-coded, but they could be extended to use regular expressions or other types
of filtering rules. We have left this as a point of future work.

We include triples that match the following rules in our data:

o Where subject starts with http://www.wikidata.org/entity/.
o Where predicate starts with http://www.wikidata.org/prop/direct/
and object starts with http://www.wikidata.org/entity/.
or predicate is label, description or alt-label

and object is literal and ends with Qen.

Example 4.1 We now present some examples of both filtered and non-filtered triples. We
have used prefixes when required for shortening lines.

Examples of triples that are kept:

#Entity or Property Subject, Label predicate in english:

wd:Q27 rdfs:label "Ireland"Qen .

#Entity or Property Subject, Description predicate in english:
wd:Q147 schema:description "young of a cat"Qen .

#Entity or Property Subject, Alternative Label predicate in english:
wd:P22 skos:altLabel "dad"Cen .

#Entity subject, Property predicate, Entity subject triples:
wd:Q465 wdt:P277 wd:Q251 .

Examples of triples that are removed:

#Non-english literal objects:

wd:Q27 rdfs:label "Irlanda"@it .

#Non -Label, -Description or -AltLabel predicates:

wd:Q298 skos:preflLabel "Chile"Qen .

wd:Q348 <http://www.wikidata.org/prop/direct-normalized/P349> <object> .
#Non-Entities or -Property subjects:

<http://wikiba.se/beta#Dump> <http://schema.org/softwareVersion> "0.1.0" .
<https://www.wikidata.org/wiki/Special:Entity/Q27> rdfs:label "Irland"Qen .
#Non-literal or -entity objects:

wd:Q47 wdt:P1082 "1852168"~~<http://www.w3.org/2001/XMLSchema#decimal> .

4.2.2 Inverse relations and sorting

Following the filtering process, the system adds the inverse relation for triples patterns
containing non-literal objects. For every (subject, predicate, object) triple with only
non-literal objects, the system adds the inverse (object, inverse/predicate, subject)
triple. This will allow us to treat the subject and object positions of triples equally for the
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purposes of generating suggestions, while requiring minimal additional code in later compo-
nents.

Example 4.2 For example, the following triples:

<uri:/subjectA> <uri:/type> <uri:/subjectTypeB> .
<uri:/subjectA> <uri:/predicate> <uri:/objectC> .

Produces a new file with the original triples, plus the new inverse relation triples:

<uri:/subjectA> <uri:/type> <uri:/subjectTypeB> .
<uri:/subjectA> <uri:/predicate> <uri:/objectC> .

[...]
<uri:/subjectTypeB> <uri:/inverse/type> <uri:/subjectA> .
[...]

<uri:/objectC> <uri:/inverse/predicate> <uri:/subjectA> .

The separation [...] between subject, object and subject Type statements are due to the final
preprocessing task: sorting the output dump file. This keeps entity related triples grouped
together, which in turn makes indexing more efficient.

The second benefit of this approach is that with this sorting, finding if an entity is a
type is immediate, since it will contain predicates as /inverse/type within its triples. The
preprocessing could exclude this step; nevertheless, adding the inverse triples significantly
reduces indexing time, while without it, several iterations through disk access would have
been required.

The final step is to sort the preprocessed file. Sorting is done via merge sort. At the
current development stage, the process is called from the command line. It is to be noted
that for sorting of the file, ~3x the size of the input file is required as free disk space. The
command used for sorting is as follows:

gzip -dc {input} | LANG=C sort
-S 200M
--parallel=4
-T tmp/
--compress-program=gzip | gzip > {output}

s s

This command takes an {input} compressed file as a parameter. It sorts it using the
tmp/ folder for storing temporary files, where each chunk during the merge-sort process is as
large as 200 Mbytes. During the process, it uses 4 threads. Finally, the sorted results are
compressed to an {output}?} file.

4.3 Index

After a preprocessed dump has been created, the system can start indexing it. Indexing
occurs in two steps: once for entities and once for properties. In the end, two indexes are
created, one for each.
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Entity indexing involves the following steps:

e Rank entities via PageRank

e Index entities
Properties indexing has the following steps:

e Rank properties by frequency

Build a domain dictionary

Build a range dictionary

Index properties

A depiction of both of these processes can be seen in Figure [1.9

Rank - Index
Entities
-
Rank QOutgoing Incoming Index ‘
\.
Properties
Indexing

Figure 4.9: Indexing workflow

4.3.1 Entities
Inverted Index

Data relating to entities is indexed using Lucene. As discussed in Section [2.2.1 Lucene is
a search engine library, mostly suitable for text indexing and searching capabilities. This
enables out-of-the-box keyword-search for entities and properties. As mentioned previously,
Lucene adds a relevance metric based on TF-IDF, which complements the PageRank value
that we will calculate later.

The index in Lucene is a document database index. Each document of this database has
fields. In our case, each document corresponds to an Entity and each Entity has fields such
as Label, Description or a collection of Properties. We now present each Field that every
Document in our index has, and the description of those Fields.

Each entity-document contains the following fields:
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e Id: String field. The IRI of the entity. In our case, it is stored without the prefix. For
Wikidata, this identifier is a letter Q followed by the identification number.

e Label: Text field. Value that represents a name for the resource (that may be am-
biguous). In the Wikidata dump, the label is the value of the triples with the predicate
http://www.w3.0rg/2000/01/rdf-schema#label.

e AltLabel: Text field. Other names the resource is known by. The predicate for these
values in the dump is http://www.w3.0rg/2004/02/skos/core#altLabel. This field
can store multiple values for the same document.

e Description: Text field. Small description of the resource, which helps to disam-
biguate the resource from others with the same or similar labels. Triples with a de-
scription have the predicate http://schema.org/description.

e InstanceOf: String field. Indicates if the entity is a type. For example, Barack Obama
(Q76) is type Human (Q5). Human has a InstanceOf field with a "true” value while
Barack Obama has an InstanceOf field with "false”. This is based on having a property
inverse/instance0f (P31) on at least one incoming edge. This is possible due to
adding the previously mentioned inverse relation for properties in the preprocessing
stage, which when sorted groups both incoming and outgoing edges for a particular
entity.

e Property: String field. The collection of the outgoing properties that this resource
has. This field can store multiple values. All values in this field are stored without their
prefix. Property predicates start with http://www.wikidata.org/prop/direct/

e InverseProperty: String field. Same as the Property field, but for incoming proper-
ties. As was mentioned before, these triples were added in the preprocessing step to
the dump file.

Ranking

Lucene offers relevance-based ranking (using a variant of TF-IDF) for searches. But we need
importance too: a user might be searching for the term ‘Obama’. The reader might think
about Barack Obama as a first suggestion; though Tom Obama or Mount Obama might have
the same relevance in terms of TF-IDF and keywords, one result is much more important
than the other and thus we assume it to be of higher prior probability to be relevant to the
user.

In order to get the results sorted by both relevance and importance, a ranking value,
calculated via PageRank, is added to our index. As seen in Section [2.2.2] PageRank was
originally designed for directed graphs such as websites and their links. PageRank works
by iteratively setting relevance values on nodes based on the incoming and outgoing nodes
(edges pointing to other nodes). In the same way, our PageRank implementation works by
iteratively setting the relevance of incoming and outgoing entities through their edges.

Our implementation of PageRank works in memory, and is not different from other im-
plementations. Due to the amount of data, for our implementation we have considered using
value types (e.g.: int, double, arrays) instead of more complex reference types (e.g.:
List, Dictionary, etc.) in favor of performance. Twenty iterations have been considered
for this ranking process.
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PageRank values are stored in the index as Lucene’s Boost value. This helps Lucene to

sort the results of a query by their importance, as well as relevance. PageRank values are
stored in both the Label and AltLabel fields.

Example 4.3 As an example, a collection of triples from a single entity is presented. Its
indexed document and field representation is also presented. We have taken a partial sample
of the Universe (Q1) as an example reference.

wd:Q1 schema:description "totality of space [...]"Gen .
wd:Q1 rdfs:label "Universe'"Gen .

wd:Q1 skos:altLabel "Our Universe"@en .

wd:Q1 skos:altLabel "The Cosmos'"Qen .

wd:Q1 wdt:P31 wd:Q36906466 .

wd:Q1 wdt:P361 wd:Q3327819 .

wd:Q1 wdt:P793 wd:Q323 .

wd:Q1 wdt:P828 wd:Q323 .

wd:Q1l <http://www.wikidata.org/prop/reverse/P1542> wd:Q323 .

The index document representation for these triples is shown in Table [4.1]

Field Value

Id Q1

Label Universe

AltLabel Our Universe
AltLabel The Cosmos
Description totality of space |...]
InstanceOf Q36906466
Property P361

Property P793

Property P828

InverseProperty P1542

Table 4.1: Document and field representation of example triples describing the universe

4.3.2 Properties

The next step in the initialization stage is to create an index for the properties contained in
the input dataset.

Inverted Index

As was done with the Entities Index, an index for the properties in the dump is also created.
In this case, each document corresponds to a property and each property has fields such as
label, description or a collection of domain and range. We now present each field in our
index, and the properties of those fields.

Each property-document contains the following fields:
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e Id: String field. The IRI of the property. In our case, it is stored without the prefix.
For Wikidata, this identifier is a letter P followed by the identification number.

e Label: Text field. Value that represents a name for the resource. For the properties
in the dump, the same predicate (http://www.w3.org/2000/01/rdf-schema#label))
is used for labels.

e AltLabel: Text field. Other names the resource is known by. The predicate for these
values in the dump is http://www.w3.o0rg/2004/02/skos/core#taltLabel. As in the
entities index, this field can store multiple values for the same document. Frequency
relevance values are stored here as well. This helps Lucene to sort the results of a query
by their relevance.

e Description: Text field. Small description of the resource, which helps to disam-
biguate the resource from others with the same labels. Triples with a description have
the predicate http://schema.org/description.

e Domain: String field. The collection of the entity-types with one or more instances
that have one or more edges with the given property directed outwards from them.
This field can store multiple values. All values in this field are stored without their
prefix.

e Range: String field. The collection of the entity-types with one or more instances that
have one or more edges with the given property directed inwards towards them. This
field can store multiple values. All values in this field are stored without their prefix.

Ranking

For ranking Properties, the frequency of appearance is used as our relevance metric. We are
using frequency since PageRank, which is good for ranking nodes in a directed graph, is not
very good for ranking edge labels. In order to calculate these values, a Dictionary is built
with the Key being the Propertyld and the Value being the amount of times this property
appears in the dataset.

Frequency relevance values are used as Lucene’s Boost, which are multiplied with the
reference scores computed based on TF-IDF. This helps Lucene to sort the results of a query
by relevance. The Boost values are added again to both Label and AltLabel fields.

Type Domains

Given a triple pattern statement, Type Domains allow the system to provide suggestions in
the following two scenarios:

e Given a Property: the system provides suggestions for the Subject.

e Given a Subject: the system provides suggestions for the Property.

Type Domains work by creating a Dictionary with Propertyld as Key and all the Typelds
that each Property has as Domain.

Example 4.4 Given the following data:
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<uri:/BarackObama> <uri:/instanceO0f> <uri:/Human> .
<uri:/BarackObama> <uri:/bornIn> <uri:/Honolulu> .

And given the following triple pattern:

?varl <uri:/bornIn> ?var2 .

As suggestions for ?varl the system provides instances of Human as suggestions, sorted by
relevance. Among the results BarackObama can be found.

This type of query usually times out when run on the remote endpoint (when no or a not
low enough LIMIT statement is present) and will not offer ranked options. Our claim is that
this feature of our system will provide users with ranked suggestions in a predictable amount
of time.

Example 4.5 Given the following data:

<uri:/BarackObama> <uri:/instanceOf> <uri:/Human> .
<uri:/BarackObama> <uri:/bornIn> <uri:/Honolulu> .

And given the following triple pattern:

<uri:/BarackObama> 7propl ?var2 .

As suggestions for ?propl the system provides properties that direct outwards from in-
stances of Human, sorted by frequency. Among the results bornIn can be found.

It is worth mentioning that for this scenario, the baseline system queries the remote
endpoint, which returns the properties only available for BarackObama. In case that this
query fails, our system would do as mentioned before and return the approximated results
from our local index.

Type Ranges

Given a triple pattern statement, type ranges allow our system to provide suggestions in the
following two scenarios:

e Given a Property: the system provides suggestions for the Object.

e Given an Object: the system provides suggestions for the Property.

Type Ranges work similarly as Type Domains: by creating a Dictionary with Propertyld
as Key and all the Typelds that each Property has as Range.

Example 4.6 Given the following data:
<uri:/BarackObama> <uri:/bornIn> <uri:/Honolulu> .

[...]

<uri:/Honolulu> <uri:/instance0f> <uri:/City> .
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And given the following triple pattern:

?varl <uri:/bornIn> ?var2 .

As suggestions for ?var?2 the system provides instances of City as suggestions, sorted by
relevance. Among the results Honolulu can be found.

This type of query times out on a SPARQL endpoint in most cases. As in the Type
Domain example, we claim that this indexed feature will once again provide users with
ranked suggestions in a predictable amount of time.

Example 4.7 Given the following data:

<uri:/BarackObama> <uri:/bornIn> <uri:/Honolulu> .

[...]

<uri:/Honolulu> <uri:/instance0f> <uri:/City> .

And given the following triple pattern:

?varl 7propl <uri:/Honolulu> .

As suggestions for 7prop1 the system provides properties that point to instances of City,
sorted by frequency. Among the results bornIn can be found.

In contrast to what was described for the type domains, our experience has shown that
these values are not always returned before a timeout from the remote endpoint since in
Wikidata, objects such as cities, countries, types, etc., may have very high in-degree. This
feature of our system will provide users ranked suggestions in a predictable amount of time.

4.4 Query Parser

Once both entities and properties have been indexed, the system can go into online mode.
After receiving a user request, the first action of the system is to parse the given request.

We have previously mentioned that the system can work in two ways: keyword search and
query term suggestions. Keyword search is quite straightforward: a keyword is given and the
inverted index searches and returns the relevant values. These requests go directly to the
inverted index, which in turn returns the desired results. No further processing is involved.

Regarding the query term suggestions, there are two possible inputs that the system can
take:

e Query as a graph: A graph object is passed to our system. This integrates better
with graphical user interfaces, such as RDFExplorer.

e Query as text: A SPARQL query is passed to our system. This approach is most
suitable for text query clients, such as the Wikidata Query Endpoint.

For both query term suggestion cases, the goal of the Query Parser is to convert the input
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into a graph data model.

In SPARQL query input scenarios, the input query text is converted using the following
triple pattern rules:

e Only SELECT WHERE queries are supported in the current version. The system will
ignore the SELECT variables (since suggestions can be generated for both projected and
unprojected variables when building the query) and take the WHERE statements.

e Each triple pattern statement follows a Subject Predicate Object construction.
e Fach term can be either a constant or a variable.
e FBach variable will start with the question mark character 7. E.g.: ?varl, ?prop7

e Fach constant can be either an IRI in the form of <http://iri> or prefix:iri, when
the prefix is given.

Given such inputs, parsing an incoming request is straightforward and the queries are
converted to the input graph.

4.5 Graph Exploration
After a request has been received and the data has been converted into the graph data model,
the system explores this graph to check existing relations between nodes and edges.

The first step of the graph exploration process checks the following:

e Which nodes and edges are variables and which are constants.

e Which variable nodes have an instanceOf outgoing edge.

As a first step, all edges are marked as constant or variable: if an edge has a URI as its
property, then that edge is considered constant; otherwise it is considered to be variable.
All nodes are checked in the same manner: if a node has a provided URI, then that node is
considered to be a constant, otherwise it is considered to be a variable.

The next step is to mark the variable nodes as Typed: If a node is the source of an
instanceOf property edge with a target constant, then the node is considered to be typed.
To expand on this, let us consider the following statement: ?varl instanceOf Human. As a
remark for this case, no other incoming and outgoing edges are available for 7varl. We can
then consider ?var1l to have the type Human.

We can summarize this graph exploration with the pseudo-code shown in Figure 4.10]

41



© 0 N O Uk W N

I R =T = T~ ~ T = S = O
O © N O O A W N = O

ExploreGraph (graph) {
//We will start by the edges:
foreach (edge in graph.Edges) {
//If the edge has a given URI, then it ts a constant:
if (edge.Property.IsURIQ))
edge.IsConstant = true;
//If the URI ts instancelf, then we mark it as such:
if (edge.Property.IsInstance0fURI())
edge.IsInstance0f = true;
}
//Then with nodes, same as before:
foreach (node in graph.Nodes) {
if (node.IsSURIQ))
node.IsConstant = true;
//Now we check the outgoing edges.
//If any outgoing edges is Instancelf, then the node is also:
foreach (outEdge in node.OutgoingEdges)
if (outEdge.IsInstanceOf &% outEdge.TargetNode.IsURI())
node.IsTyped = true;

Figure 4.10: Pseudo-code used to explore if edges and nodes are constants or instances of a
type.

As the last step we check if the input query has enough valid information. We first
check if the input is conformed by multiple disconnected subgraphs. If so, we evaluate each
disconnected subgraph to find if any constants are given in that subgraph. Consider the
following example:

?vl 7pl 7v2 .
?7v2 7p2 7p3 .

In the two statements, only variables and no constants are provided. Since a plethora of
values could be returned for this subquery, our system avoids this subgraph and lets the
remote SPARQL endpoint decide a selection of values that should be returned in such cases.

The graph exploration allows us to annotate certain nodes and edges, and consider them
valid for query execution. To summarize the different exploration scenarios:

e Nodes and edges are classified as constants or variables: if a node or edge is a constant,
then we do not return any suggestions for it.

e Nodes are classified as typed.

e Edges are classified as instanceOf.

e Typed nodes with no other incoming or outgoing edges are directly queried over our

local index.

e Subgraphs with only variables are directly queried over the SPARQL endpoint.

Once all nodes and edges have been annotated, our system will proceed to evaluate the
graph query and fetch the suggestions.

42



=W N =

4.6 Query Execution

The goal of our Query Execution module is to get results for our graph’s variable nodes and
edges, which become suggestions for the user. The results will be retrieved from either the
local index or the remote endpoint, but a request will be sent to both, with priority on the
remote endpoint. In other words, we will query the remote endpoint for exact results: if it
times out, the local approximated results will be returned.

Before diving into the details of how the results are retrieved, we will present an example
that covers what we have seen so far and what comes ahead.

Example 4.8 Let us consider the "siblings that have directed a film together" example given
in Figure [£.1] and the query written for it in Figure [4.4]

Building such a query in a Visual Query Builder, such as RDFExplorer; or directly into
the Wikidata Query Service, will time out since the graph pattern is quite complex and has
many variables that can match millions of nodes in the data. We recall that our goal in such
a scenario is to provide users with over-approximated suggestions, so that they can assign
values to the variables until the query does not time out and the correct results are provided.

Let us go through how our system will process this query. As a first step, our system
will explore the graph to retrieve information about it using the algorithm described in

Figure 4.10¢

nl, n2 are constants (Film, Human);

el, e2, e3 are constants (instanceOf);

?movie is an instance of type Film;

7humanl, 7human2 are instances of type Human;

Our proposals for the ?movie, 7humanl and 7human2 variables are currently limited to
the information available in our index for instances of those types: instances of Human and
Film. As readers might suspect, there are millions of values that these individual variables
can take in Wikidata. The suggestions for entities are unlikely to be of relevance because the
query is still too broad.

Our system in this case will support users in narrowing the options for the rest of variables:
the properties, which in turn support our users in completing the missing information in the
graph.

Looking at the graph, we can make the following observations:

?director has domain Film and range Human;
7sibling has domain and range Human;

Our index contains the domain- and range-types for all properties, from here we know:
for each type, the incoming and outgoing properties. We can use this information at this
point to annotate that each variable-property must be both in the incoming-properties for
the target-node-type and the outgoing-properties for the source-node-type.
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Let us ground this last paragraph with some focus on our given example. Let us focus on
7director. The following is noted by our system:

?director has source 7movie and target 7humanl;

?movie is instance of type Film;

Type Film has a collection of outgoing properties: FilmOutProps;
FilmOutProps could be properties like: director, filmedIn, nominatedFor;

7humanl and 7human2 are instances of type Human;

Type Human has a collection of outgoing properties: HumanOutProps
Type Human has a collection of incoming properties: HumanInProps;
HumanQOutProps could be properties like: sibling, bornIn, workLocation;
HumanInProps could be properties like: sibling, namedAfter, director;

?director must be in the intersection of FilmOutProps and HumanInProps;
?sibling must be in the intersection of HumanInProps and HumanOutProps;

Using the previous process, we can now provide a list of proposals to our users:

?director: [producer, director, actor, ...]
?sibling: [motherOf, fatherOf, sonOf, siblingOf, ...]

At this stage, a user can select their desired property from the suggestions. Every time new
information is added to the query graph, the query is sent to the remote SPARQL endpoint,
in our case Wikidata. Since more properties and entities are now assigned and fewer results
need to be handled in general, the query will eventually not time out and the exact results
will be provided to the user.

It is worth mentioning that, since we do not know if the remote endpoint will time out,
both queries are sent in parallel threads. The remote endpoint query is sent right before the
graph exploration. In our experience while testing our system, we have observed that some
user queries can be sent to the remote SPARQL endpoint and the response can come in a
fraction of a second, while others can take minutes, or even time out. We have run several
tests with different values and the response time can vary significantly for the same query at
different times. We will explore query times in more detail in section Chapter [0}

In this section we will go into more detail about how both queries are built and sent. First,
the details of the remote endpoint requests are revised, before discussing the local index.

4.6.1 Remote Endpoint Requests

As was mentioned before, after processing the user query, it is sent to the remote endpoint.
Since the focus is on enriching the user experience, in order to send the queries to the remote
endpoint, the query is first simplified.

During our tests we have realized that using services such as the Wikidata Label Service,
or querying for labels, can dramatically increase the query response time and time out for
several queries. In order to overcome this and provide the users with useful information
about the queried entities, the label and description for all the endpoint results are retrieved
from the local index.
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Finally, filters and operators that may exist in the query are removed. While we acknowl-
edge that this can have an impact on the intent of the query, we have considered that this
could be included in future versions of the system, and it is not included for now.

The following modifications are handled:

e A query will be sent for each disconnected subgraph.
e Both labels and descriptions for each element are added from the local index.

e Filters and operators are removed from the query.

With the previous conditions at hand, the system will send the request to the endpoint
and wait for the response.

4.6.2 Access to Local Index

For the local specialized index, additional graph exploration is required. The goal is: if a prop-
erty is constant, project the property’s domain- and range-types onto the adjacent variable-
nodes; if the node is constant then project its properties onto incoming- and outgoing-
variable-properties; otherwise if the node is typed, project the properties with those node
types in their domain and range onto the incoming- and outgoing-variable-properties.

We previously presented the example "siblings that have directed a film together" (Fig-
ure : we covered the high-level process of how suggestions are made for variables given
some constants and instanceOf edges. We explained how by providing suggestions, users
could complete their queries with approximate suggestions until the remote endpoint returned
exact results before time out.

In this section, we are going to explain in more detail how we do our final graph exploration
and which results we will get from our local index. For this, we will start with a simple graph
pattern and later progress to a more complex one.

Example 4.9 Let us consider the graph of Figure [4.11]

v > v2

Figure 4.11: Local index access for a simple graph.

The graph on Figure can be described by the following triple pattern: vi pl v2. We
consider that each term may be constant or variable. If all the elements are variables, we
would let the remote endpoint handle this case (as was described in Section [4.5]). For this
reason, we will assume that something in this graph is a constant: v1, p1 or v2.

Let us consider that pl and v2 are variable, but v1 is constant. Moreover, let us consider
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that v1 is known to be an instance of type Human.

Let us also consider that we have the following data in our index:

humanl.Properties = [favoriteFood, gender, ...]
humanl.Type = [Human]

[...]

human?2.Properties = [studiedAt, bornIm, ...]
human2.Type = [Human]

From the information above, we also know the following for our type Human:

Human.OutgoingProperties [favoriteFood, gender, studiedAt, bornIn, ...]
Human.IncomingProperties = [namedAfter, president, author, ...]

[...]

Given this information, we could provide our users suggestions for pl. This includes
properties such as favoriteFood, gender, bornIn, among others.

The previous case shows how we can provide property suggestions for users with no knowl-
edge about the existing structure of a dataset. We would also like to highlight what we
have mentioned before about approximated results: since our index is not storing individual
triples, but relationships between types, we could provide suggestions that might not be in
the original dataset.

Additional to what we could suggest for p1, and given that we have a collection of possible
results for p1, we could also infer certain information about the types for v2: instances of
the range types for the previous properties, e.g.: instances Food, Gender or City, sorted by
relevance.

While this can be costly, the amount of properties in for a large dataset such as Wikidata
is around 13007, which limits the possibilities for each domain to a few hundred at most. We
have decided to also calculate the possible inferred types for v2 in this process, since this
allows us to provide users with approximate information while building their queries.

As a summary, for a vl pl v2 triple pattern, where v1 is constant, the following occurs:

e The incoming and outgoing properties of all types are indexed.
e pl is an outgoing property of the type of v1.

e v2 is an instance of the range of one of the possible properties for p1.

Readers might notice that the previous reasoning would also apply if only v2 is constant:
we would be able to get suggestions for both p1 and v1.

Example 4.10 In the same graph as before, let us now consider that only p1 is constant

3The total number of properties are around 8000, but those going from entity-to-entity are only 1300.
Other properties go to strings or other datatypes.
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e.g.: bornIn. From our index, we can retrieve both the domain and range for bornIn.
Let us consider the following values in our index:

bornIn.Domain = [Human, Monster, Star, ...]
bornIn.Range = [City, Hospital, Dungeon, SolarSystem, ...]

Our system will provide suggestions for v1 that are instances of Human, Monster or Star,
sorted by relevance. The same will occur for v2: instances of City, Hospital or Dungeon
could be proposed.

As a summary, for a vl pl v2 triple pattern, where p1 is constant, the following occurs:

e The domain and range of all properties are indexed.
e v1 is an instance of one of the classes in the domain of p1

e v2 is an instance of one of the classes in the range of p1

In our previous example we covered the simplest of all cases. Now we would like to
generalize: any node has multiple incoming and outgoing edges.

Example 4.11 Let us consider the graph of Figure [4.12]

Figure 4.12: Example graph for expanding domain- and range-types.

We will consider that any number of elements (nodes or properties) are constant. For each
of these constants, we will propagate their types: nodes will contribute with their types to
adjacent variable properties; properties will contribute with their domain- and range-types
to subject and object variable nodes.

Our first step will be to expand known types among neighbours. The pseudo-code in
Figure and Figure depicts how this task is done for both nodes and properties (i.e.,
edge labels).
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// Input: A4 query graph with triples as edges;
// Output: The query graph with annotated types for nodes;
// We will use them to populate our domatin and range types (Figure 4.1/)
// and our edge suggestions (Figure 4.16).
// We refer by DB to our Index database;
ExpandNodes (graph) {
//We first expand node types:
foreach(node in graph.Nodes){
if (node.IsConstant)
// The DB.GetTypes() method, will query our DB
// for types (eg.: given Feliz, will return Cat)
node.Types = DB.GetTypes(node) ;

//Get types from instancelf-edges:

else if(node.IsTyped)
// This GetTargetNodeTypes() method will get all types
// for the instancelf edges of a node.
// eg.: given: node - instancelf - Cow; will return Couw.
// This applies for multiple instancelf edges of the mnode.
node.Types = graph.GetTargetNodeTypes (node) ;

Figure 4.13: Pseudo-code for expanding node types.

For properties, more logic is required. Checking if the property is constant is not enough,
since for example bornIn can have domain Human, Cat, Dog, etc. and range City, Hospital,
Country, etc. If in the graph, a specific source type is given, then that type is used instead
of the domain, thus further narrowing the available types.

Once we have all known types in place, we can now get values for both nodes and edges.
For nodes, we will focus on the outgoing and incoming edges. From these edges, we collect:
for the outgoing edges, the domain types (our node must be inside this domain); and for the
incoming edges, we collect the range types (our node must also be in this range). In other
words, we are going to intersect the outgoing-edges-domain-types and the incoming-edges-
range-types. A high-level detail of this process can be appreciated in Figure .15

For edges (Figure , we will focus on both the source- and target-node of our edges.
We first do some checks on if these nodes are constants or instances of another type. If either
our source or target nodes are constant, then we have certainty of the possible values that
our edge can have (we recall that we have added these values directly into our DB).

If the source or target node is an instance of another type (thus a variable), then we query
the outgoing or incoming properties for that type: while indexing, we have collected these
properties for all instances of that type. But in this case, we also explore other possible
relations existing in our graph.

Focusing on each node, we will check all outgoing edges with constant properties. Being
constant, the properties on these edges can provide information about the values for their
domains, and with these, the type of our node. We intersect the domains for all such prop-
erties. We will do the same for the incoming edges with constant properties of our source
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// Input: A4 query graph with triples as edges;
// Output: The query graph with annotated domain and rTange types on edges;
// We will use them to populate our node types (Figure 4.15)
// We refer by DB to our Index database;
ExpandEdges (graph) {
foreach (edge in graph.Edges) {

property = edge.Property;

source = edge.Source;

target = edge.Target;

//Source domain types first:
if (source.IsConstant || source.IsTyped)
// if the source is given, then the domain are
// the types of the source node.
edge.DomainTypes = source.Types;
else if (property.IsConstant)
// Otherwise, get the domains from the DB.
edge .DomainTypes = DB.GetPropertyDomains (property) ;

//Then target range types.
if (target.IsConstant || target.IsTyped)
// if the target is given, then the range are
// the types of the target node.
edge.RangeTypes = target.Types;
else if (property.IsConstant)
// Otherwise, get the types from the DB.
edge .RangeTypes = DB.GetPropertyRanges (property) ;

Figure 4.14: Pseudo-code for expanding edge domain- and range-types.

node. If there are such incoming edges, then our node type must be in the range of each of
those properties, and thus we again intersect the ranges. Finally, after getting approximate
results for both our nodes and edges, a list of entities and properties are now available.

Something else that must be mentioned is that for remote queries: both the label and the
description are retrieved from the local index and the results are returned to the user.

4.6.3 Approximations

We have discussed how our system provides suggestions to our users, but we would like to
cover the scenario where our system will provide over-approximated results.

Example 4.12 Let us consider the following data:

<uri:/SeattleSlew> <uri:/instanceOf> <uri:/Horse> .
<uri:/SeattleSlew> <uri:/winner> <uri:/KentuckyDerby> .
# [...]

<uri:/Seabiscuit> <uri:/instance0f> <uri:/Horse> .
<uri:/Seabiscuit> <uri:/sibling> <uri:/Lottery> .

#[...]
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// Input: A4 query graph with triples as edges;
// Output: The query graph with annotated results for suggestions of instances on nodes;
// We refer by DB to our Index database;
GetNodesResults (graph){
foreach (node in graph.Nodes){
// We already know what it is, we do not propose suggestions
if (node.IsConstant) continue;

if ('node.IsTyped) {
// In practice we initialise types with the types from one of the edges.
// We present it this way for simplicity.
node.Types = DB.GetAllTypes();

foreach (outEdge in node.outEdges) {
if (outEdge .DomainTypes.IsNotEmpty())
node.Types = Intersect(node.Types, outEdge.DomainTypes);
}
foreach (inEdge in node.inEdges) {
if (inEdge.RangeTypes.IsNotEmpty())
node.Types = Intersect(node.Types, inEdge.RangeTypes) ;
}
X
// Finally we get instances for our types.
// If our node is of a given type, we get instance values:
// mode.IsType = Cat --> node.Results = Simon, Feliz, Grumpy, etc.
// Results will be sorted by relevance and importance.
node.Results = DB.GetInstances0f (node.Types);

Figure 4.15: Pseudo-code for returning node results.

And given the following triple pattern:
7horse <uri:/instance0f> <uri:/Horse> .

?horse <uri:/winner> 7race .
7horse 7prop 7object .

In our sample data, only Seattle Slew has the winner property (and no sibling prop-
erty), but since our data is indexed based on our domain- and range-types, for ?prop, we
will also get sibling as a suggestion property, although our data has no triples with both
properties there.

4.7 Application Interface

The last module of our system is the application interface. It will allow our system to take
requests from front-end clients and use our backend.

As was mentioned before, our system supports several types of requests:

e Keyword search for entities.

e Keyword search for properties.
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// Input: A4 query graph with triples as edges;

// We refer by DB to our Index database;
GetEdgesResults (graph){
foreach(edge in graph.Edges){
property = edge.Property;
// We already know what it is, we do mot propose suggestions.
if (property.IsConstant) continue;

source = edge.SourceNode;
target = edge.TargetNode;

suggestions = new Set();
// Properties of the instance (Like outgoing properties for Barack Obama);
sourceProps = DB.GetOutgoingProperties(source);
targetProps = DB.GetIncomingProperties(target);
// Properties of the Type (like outgoing properties of Type Human);
domainProps = DB.GetPropertiesWithDomainIn(source.Types);
rangeProps = DB.GetPropertiesWithRangeIn(target.Types);
if (source.IsConstant && target.IsConstant) {
suggestions = Intersect(sourceProps, targetProps);
} else if (source.IsConstant) {
suggestions = sourceProps;
} else if (target.IsConstant) {
suggestions = targetProps;
} else {
// In Figure 4.15 we added all types for nodes that had mo constants or types.
suggestions = Intersect(domainProps, rangeProps);

// Output: The query graph with annotated results for suggestions of properties on edges;

}
edge.Results = suggestions;
}
}
Figure 4.16: Pseudo-code for returning edge results.
e Keyword search for types.

Get information about a Q-code entity: label, description, etc.

Get information about a P-code property: label, description, etc.
Query term with a SPARQL query text.
Query term with a graphical representation of a SPARQL query.

The keyword search directly reverts to the specialized index. The query term works as
was previously described in this chapter.

With all of these components in place, our backend can accept and respond to requests
from a frontend client. In the following chapter we will describe how to integrate our system
with RDFExplorer as the client in order to apply our approach for a concrete use-case.
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Chapter 5

Use case

As a proof of concept, we have integrated our backend with a user interface. Originally
we planned to build one from scratch, but while doing our research on the state of the
art, we stumbled upon several existing alternatives. A very interesting one is RDFExplorer,
developed by Vargas et al. [38]. In their design, Vargas et al. propose a language and a visual
interface that allow users to build and execute graph-based queries in an intuitive way. Their
claim is that their work allows non-expert users to express graph-pattern queries better than
existing interfaces with similar expressiveness.

In this chapter we will focus on the proof of concept of our design: providing users query-
term suggestions while they are building SPARQL queries. That said, while we are using
RDFExplorer as our user interface, any user interface that would provide users suggestions
for their SPARQL query building process would be a valid candidate.

We will start by describing the RDFExplorer system and some issues it exhibits while pro-
viding suggestions, mainly because of the way it gets suggestions directly from the Wikidata
endpoint results. We will then proceed to describe an integration with our backend API to
get better response times while parallelizing access to both our local specialized index and
the remote endpoint.

5.1 RDFExplorer

RDFExplorer is a query building interface that allows users to visually create queries by
adding entities and properties as they would add nodes and edges in a graph. The following
is an example of a query built via RDFExplorer. In it, ?varl refers to instances of human
with place of birth in Honolulu.

In the process of building the graph of Figure users can go through the state of
Figure [5.2] In this intermediate state neither place of birth nor Honolulu are yet given. In
fact, this might be a very common state in the initial queries built by users, where they
construct the graph structure of the query and then look to replace variables with specific
constants.
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Figure 5.1: Building a query with RDFExplorer.

?vart 4—"[ human ]

instance of

?prop1 4’[ 2var2 ]

Figure 5.2: Getting suggestions for ?prop1 takes around 45 seconds on direct queries to the
Wikidata Endpoint.

In order to get results, RDFExplorer will construct a query based on the graph that the
user is visually building, send a request to the remote endpoint and await for results: in our
case, the Wikidata SPARQL endpoint. It is to be noted that this is not the query that is
shown in the user interface, but the one that is sent to the endpointﬂ For our example, the
graph in Figure [5.2] is represented by the following SPARQL query:

PREFIX wdt: <http://www.wikidata.org/prop/direct/>
PREFIX wd: <http://www.wikidata.org/entity/>
PREFIX wikibase: <http://wikiba.se/ontology#>
PREFIX rdfs: <http://www.w3.org/2000/01/rdf-schema#>
SELECT DISTINCT ?7propl ?proplLabel WHERE {
?varl 7propl 7var2 .
FILTER isIRI(?var2)
?varl wdt:P31 wd:Q5 .
?propltmp wikibase:directClaim 7propl .
OPTIONAL {
?propltmp rdfs:label 7propllLabel .
FILTER (lang(7proplLabel) = "en")
}
} LIMIT 10

One of the issues that users of the current version of RDFExplorer face, is that suggestions
directly from the Wikidata remote endpoint can take a long time, or even time out. For
example, the suggestions for #prop! in Figure[5.2] take around 45 seconds to return, which is
not the best user experience while building queries. It is also important to consider that the
user might change, add or remove any of the edges and nodes during that time, with which
the query will change and be re-sent to the endpoint, resulting in users having no suggestions
that allow them to properly explore a dataset.

In other cases such as in Figure [5.3 the results will never return if the user asks for
suggestions for ?prop4, as the underlying query will require a join that generates a very
large number of intermediate results. Such queries can be encountered frequently as users

1 As appears in the browser’s developer tools
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will commonly create various nodes to represent the initial structure of their query and then
begin to replace variables with the terms they require.

vari

Tprop4

2var2 ]

?varQ

location

Figure 5.3: A timeout query on RDFExplorer.

One of the issues that our research is trying to solve, in the context of user interfaces such
as RDFExplorer, is to enable users to navigate through RDF datasets in almost real—timeﬂ
while also not limiting the results to 10, but to 100 for backend queries. We do this by
approximating results as was seen in Chapter [4

Our focus during this integration is to compare how different endpoints affect response
times. It is not in our focus to make changes to the RDFExplorer interface.

5.2 Integration as proof of concept

In this section we present our backend integration to the RDFExplorer frontend client. The
RDFExplorer original source code is currently hosted on github: https://github.com/
hvarg/RDFExplorer. The source code is written in JavaScript. We forked this repositorylﬂ
and did our integration in this branch.

Some code changes were required for our integration:

e Replace the Wikidata endpoint with our local backend.
e Replace the request: instead of a SPARQL query, send the graph JSON object.

e Convert the response from our backend to the RDFExplorer expected response format.

To get into the details of our integration, we will start by showing the existing architecture
of RDFExplorer in Figure 5.4l In it, we can see how the system is originally directing its
request directly to the Wikidata Endpoint.

The requests and responses were originally sent as SPARQL queries and the Wikidata API
was in charge of returning results as a JSON data object. Both the requests and responses
depicted by A and B in Figure [5.4] are detailed in Table [5.1]

After our integration, the system architecture is as seen in Figure[5.5 It can now be seen
that the system directs its requests to our backend, where the requests are parallelized to
both our local specialized index and to the remote Wikidata endpoint.

2Less than 3 seconds
3Forked to https://github.com/gabrieldelaparra/RDFExplorer
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Figure 5.5: Architecture and requests after integration

As can be seen in Table [5.2] and Table [5.3] the requests and responses in this integration
have changed. The most important changes are as follows:

e A: The Ul now sends a JSON object of the query graph.

e B: Our response has changed from the original Wikidata response. We now send a

different JSON Object.

e C1 and D1 are internal, so no requests and responses are sent; nevertheless, they are
shown in the schema for reference.

e C2: Is a SPARQL basic graph pattern.

e D2: Is the same Wikidata response. The results from either D1 or D2 will be parsed by
our system and converted to B depending on the timeouts set and the response times
encountered.

Without going into the code nuances for our integration, we rather provide some high-level
details on the changes required for our integration.
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Action Data

A
1 PREFIX ...
2 SELECT ...
3 |WHERE {
4 ?s 7p 70 .
5 FILTER isIRI(70)
6 ?p_tmp wikibase:directClaim 7p .
7 OPTIONAL {
8 7p_tmp rdfs:label 7label .
9 FILTER (lang(?label) = "en")
10 }
1 |}
12 LIMIT 10
B
1 |{"head" :
2 { "vars" :
3 [ "propl", "proplLabel" ]
4 },
5 | "results" : {
6 "bindings" : [ {
7 "propl" : {
8 "type" : "uri",
9 "value" : "http://www.wikidata.org/prop/direct/P611"
10 },
11 ‘other‘ ‘bindings/variables‘
12

Table 5.1: UI and Endpoint interactions before our integration.

Regarding A, originally RDFExplorer sent a SPARQL request to the Wikidata Endpoint,
but internally handled a graph object. We considered that using the graph model, which is
one step above before the graph-to-SPARQL conversion, could be more flexible for future
integrations, so we started our integration there.

The RDFExplorer graph model is a common graph implementation, and also very similar
to the one that we are using. In fact, the RDFExplorer implementation has more data values
for nodes and edges, which we do not require and thus trimmed for the request. The graph
model using for the requests is based on the following structure:

{"nodes" : { "id", nurisn[ ], ||name|| },
"edges" : { "id", "uris"[ ], "name", "sourceId", "targetId" }}

Some additional changes, while not required, are that we now check whether the graph
changes during the query construction. Originally, the RDFExplorer Ul will send a new
request for any changes in the node/edge coordinates or selection. While this is not required,
it improves the overall performance since changes to the nodes positions do not trigger a new
request now.
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Action Data

{"nodes": [ {
llidll : O, llnamell : llvarO” s
"uris": [ ]

iy
1,
"edges": [ {
Ilidll: O’ Ilnamell: Ilpropoll s
"uris": [1,
"sourcelId": 0, "targetId": 1

}:
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{"nodes": [ {
"id": 0,
"suggestions": {
"Q2": {
"label": "Earth",
"uri": "http://www.wikidata.org/entity/Q2"
1},
‘other‘ ‘suggestions‘
}
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Table 5.2: UI and Backend interactions after our integration.

The response that we return in B has also changed. Initially RDFExplorer is waiting for
a JSON response from Wikidata. Our integration response will include all the data required
by the UI, but with some changes in the structure.

The response from our system is as follows:
{"nodes": { "id", "values": [ { "uri", "label" 1}, - 1, - 1,
"edges": { "id", "values": [ { "uri", "label" }, - 1, - }}

With these changes in place, our RDFExplorer client can now query to our local endpoint
and give users suggestions while building SPARQL queries in the graph-based user interface.

The remaining C2 and D2 work just as they had previously worked from Wikidata to the
UL, but this time, the requests and responses are handled by our backend and converted from
and to the previously mentioned data structures.
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Action Data

C2
1 PREFIX ..
2 SELECT ...
3 WHERE {
4 ?s 7p 70 .
5 FILTER(STRSTARTS(STR(?7s), "wd:")
6 FILTER(STRSTARTS(STR(?7p), "wdt:")
7 FILTER(STRSTARTS(STR(70), "wd:")
s |}
9 LIMIT 100
D2
1 |{"head" :
2 { "vars"
3 [ "propl", "proplLabel" ]
4 },
5 "results" : {
6 "bindings" : [ {
7 "propl" : {
8 "type" : "uri",
9 "value" : "http://www.wikidata.org/prop/direct/P611"
10 },
11 ‘other‘ Tbindings/variables‘
12 i3

Table 5.3: Backend and Endpoint interactions after our integration.

As was mentioned in Section [4.6] we will send two queries to both indexes: via C1 to
our local index and via C2 to the remote endpoint. If we receive a response from the remote
endpoint (D2) within a configurable timeout threshold, we return these remote endpoint exact
results, otherwise if the remote endpoint times out, we return our local approximated results

(D1).
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Chapter 6

Evaluation

In this research we have built a specialized inverted index to support users during dataset
exploration and SPARQL query building tasks on large-scale RDF datasets. In this chapter
we present an evaluation of both the indexing and querying processes described in this work.
We will start by posing some questions that our evaluation will address:

e How long does the indexing process take?
e How much space does indexing require?
e How are our times compared against SPARQL endpoint query times?

e How do our approximation suggestions compare to precise results?

In order to answer these questions, we will first present the experimental settings used for
this research.

6.1 Experimental setup

For this work, we have used a personal computer with an i7-4600M CPU @ 2.9 GHz and 16
GB of RAM, running on Windows 10.

We based our development on the Wikidata dump of March 4" 2018 (20,821,216,963
bytes); and our evaluation of the system with the dump of May 23" 2020 (41,285,029,233
bytes). We had originally developed results from our first Wikidata dump, but we found out
that the information in our dataset was outdated, and as a consequence, that results against
the Wikidata query service were too different to compare.

Regarding the source code, it was written in C# and tested with zUnit with 217 tests and
89% code coverage. As external packages we have used the following:

e For logging, we use NLog (v.4.5.10)

e dotnetRDF (v.2.2.0) is used for RDF handling

e For Zip file handling we are using SharpZipLib (v.1.0.0)

e File types (zip or plain text NTriples) are detected using Mime (v.3.0.2)
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e JSON objects are handled via Newtonsoft.Json (v.12.0.2)
e Sorting of filtered and inverse triples files is done using gzip (v.1.9)

6.2 Index

In this section we present metrics for both preprocessing and indexing.

The preprocessing phase gave us the following results:

Task Value

Size of input file 41,285,029 KBytes
Number of input triples (lines) 5,126,548,635

Size of output file 9,184,248 KBytes
Number of output triples 1,098,606,588

Runtime duration 34:59:22  hh:mm:ss

Table 6.1: Overview of preprocessing in terms of space and time

The indexing process has the following metrics:

Task Value

Number of input triples 1,098,606,588

PageRank runtime duration 11:16:25 hh:mm:ss
Entity index runtime duration 58:10:11 hh:mm:ss
Number of entities 84,623,017

Size of entity index 9,721,912 KBytes
Property index runtime duration 5:07:50 hh:mm:ss
Number of properties 7,559

Size of properties index 9,992 KBDBytes
Total index size 9,731,904 KBytes

Table 6.2: Overview of indexing in terms of space and time

6.3 Queries

We have mentioned before that our system will provide over-approximated suggestions. Read-
ers might wonder how can we measure this? In this section, we would like to show how ap-
proximated our results are compared to the exact ones provided from the Wikidata SPARQL
endpoint. We will use precision and recall to measure how similar our approximated results
are to the exact Wikidata results.

For this, we are going to create a list of sample properties and run queries using these.
We expect to get an over-approximation of our suggested values, while not leaving any values
outside. In other words, we are expecting that we return all true positives while also having
a considerable amount of false positives and low-to-zero false negatives: we expect our over-
approximation model to have 100% recall, with any drop in recall being due to changes in the
data between our indexing process, and running the queries on the live SPARQL endpoint.

60



6.3.1 Sample queries

For our queries, we have created a list of sample properties. Selecting a sample set of
properties can be a daunting task: what makes a property a good candidate for testing? A
straightforward approach would be to randomly sample properties with equal probability, but
most properties in Wikidata have very few triples, while those few properties with more triples
are more likely to appear in user queries. Hence, the straightforward sampling approach
does not seem appropriate. We would rather prefer to have an evaluation set that includes
properties with differing numbers of triples (frequency), domain classes and range classes.

We thus decided to create a sample set based on two approaches: random and cherry-
picking. Since picking properties randomly could return some not-so-interesting properties
(low frequency, domain or range), we followed the following approach: First we sorted the
properties randomly; we calculated the total sum of the value (e.g.: Sum of all frequencies)
that we were looking for and calculated the cumulative contribution to the total. From
that total, we took 10 random values between 0-1: this way, we compute a weighted sample
where properties are sampled with a probability proportional to their value. This gives us
30 properties: 10 for frequency, domain and range.

For the cherry-picking approach, we took an additional 37 properties that had a mix of
frequency/domain/range values. We manually selected some properties that had values in
between the spectrum of values and added them to the previous list, e.g.: We picked P21
(sex or gender) that has a high frequency, a high domain and a low range. Furthermore,
P301 (category’s main topic) was also picked, which has a high frequency, a low domain and
a high range.

We took 67 sample properties in total for our tests. In Table[6.3] and Table we present
these. In this table we can observe that there is a mix of high and low values for frequency,
domain and range.

With these properties, we will build four types of queries. For each of our properties, we
will consider an incoming or outgoing edge from our source or target nodes. We will represent
each one of these queries by A, B, C and D, as per the following queries:

A: 7?vl pl 7v2 . B: 7vl pl 7v2 . C: ?vl pl 7v2 . D: 7vl pl 7v2 .
?vl 7p2 7v3 . 7v2 7p2 7v3 . 7v3 7p2 vl . 7v3 7p2 7v2 .

These queries would commonly be encountered as intermediary graphs in query builder
interfaces. In each of these four cases, we are going to replace p1 with our sample property
and query for the values of ?p2. This will give us a total of 268 test queries. We will run these
queries on both our local index and the remote endpoint without an internal timeout (but
still observing the external timeout of 50 seconds from the Wikidata API). We will record
both the query execution time on both indexes and the results returned for them both. In
the next section we will go into the details of the query execution times and proceed with a
comparison of the results from both indexes.
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Prop Label Freq Domain Range
P17  country 12418513 37642 664
P19  place of birth 2460395 938 3344
P21 sex or gender 6053686 2341 13
P31 instance of 82929158 70082 2470
P50 author 8812954 2357 1019
P102  member of political party 380027 116 245
P106 occupation 4426526 1684 1366
P112  founded by 44475 3766 1378
P127 owned by 386560 5262 2821
P131 located in the administrative territorial entity = 9077756 20858 3482
P135 movement 49381 1358 365
P138 named after 252683 10147 7129
P150 contains administrative territorial entity 76236 1155 1875
P155 follows 962127 8064 7955
P156 followed by 955311 7837 8146
P159 headquarters location 309781 5825 2390
P180  depicts 151551 2134 4989
P184 doctoral advisor 24767 10 16
P276 location 1701029 14419 4892
P279  subclass of 2427200 9631 4915
P287  designed by 9745 1292 242
P301 category’s main topic 624932 68 16273
P361 part of 2137841 20309 12870
P364 original language of film or TV show 291691 952 101
P413  position played on team / speciality 337554 39 62
P421 located in time zone 1491148 3004 92
P511  honorific prefix 47040 61 58
P527  has part 551031 11313 17077
P531 diplomatic mission sent 303 4 44
P611  religious order 26152 319 92
P641  sport 1539461 7673 185
P682  biological process 370975 46 22
P710  participant 67173 1601 1639
P793  significant event 107608 4342 1528
P805 statement is subject of 353 201 155
P807  separated from 878 157 171
P873  phase point 23 19 0
P910 topic’s main category 624952 16489 262
P915 filming location 18844 175 1334
P921 main subject 7551197 3374 11388
P971  category combines topics 790631 75 5702

Table 6.3: Sample properties, part 1
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Prop Label Freq Domain Range
P1204 Wikimedia portal’s main topic 1654 4 726
P1344 participant of 240027 966 1771
P1423 template’s main topic 14554 21 2041
P1424 topic’s main template 14095 2048 46
P1433 published in 35181414 1118 1008
P1435 heritage designation 1766767 7444 59
P1445 fictional universe described in 318 25 197
P1464 category for people born here 34767 1295 4
P1478 has immediate cause 343 156 155
P1889 different from 399217 10053 10019
P2156 pseudo crystal habit 30 1 0
P2239 first aid measures 698 6 18
P2522  victory 5644 110 977
P2614 World Heritage criteria 2717 691 2
P2860 cites work 7358255 937 559
P2894 day of week 189572 1341 12
P3092 film crew member 683 21 11
P3096 KML file 11125 221 1
P3259 intangible cultural heritage status 539 135 8
P3919 contributed to creative work 2451 26 165
P3985 supports programming language 34 21 49
P4000 has fruit type 2992 22 2
P4224  category contains 688147 41 420
P4599 monomer of 36 35 6
P4809 sets environment variable 2 6 1
P4878 symbolizes 17 17 26

Table 6.4: Sample properties, part 2
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6.3.2 Query runtime

In the previous section we described how we created a collection of 268 sample tests: 4 query
types for 67 properties. In this section we compare the query runtime for both our local
index and the remote endpoint.

In Figure|6.1]a comparison is depicted between our local and remote endpoint query times.
In this figure we order the queries by runtime individually for local and remote execution.
From these 268 queries, 190 queries, around 70% of the total, will time out at 50 seconds:
the Wikidata Remote Endpoint API timeout; and just 78 queries will return results before
the timeout. The local index times cannot be visibly identified, so we have also introduced
Figure [6.2]

Local vs. Remote

0.20 0.40 0.60 0.80

Figure 6.1: Comparison of local and remote query times

In our local query times, all queries run in under 3 seconds, with around 8% running in
under 1 second, and 25% running in under 2 seconds.

6.3.3 Results approximations

In our previous section we presented the query runtimes for our 268 queries. In this section
we present the results of those queries: How similar are the values that our system suggests
compared against the exact values from the remote endpoint? It is worth mentioning that we
can only compare results for the 78 queries that did return values from the remote endpoint.

For this, we expect to get an over-approximation of our suggested values, meaning that
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Local

Figure 6.2: Local query times

we return all the exact values and some incorrect values as well.

In Figure [6.3| we present the minimum and maximum results for precision, recall and F1.
At the start of this chapter we mentioned that we expected a high value of recall, given that
we should suggest all true-positives and that we should not have false-negatives inside our
suggestions. The results in this sense are very similar to what we expected: Our results have
an average of 99.40% of recall, where the slight drop in recall is due to changes in the data
between our indexing process and querying the live endpoint. Regarding precision: since
we are providing over-approximated suggestions, our precision is expected to be low. As an
average, we have 22% precision and 35% F1.

It is important to note that the results that we can provide are based on the dataset dump,
where any changes on the remote endpoint database will not be reflected in our local index.
This implies that for any changes in the remote database, our measures will deteriorate in
time against the live ones.

6.4 Discussion

We started this chapter by raising some questions about our system performance. Regarding
the required time for indexing the Wikidata dump, from our results we can see that indexing
is a time-consuming process that can take up to 109 hours to run. Considering that a new
dump is generated every week or every two weeks, our system could be scheduled to run after
one of the dump generation tasks.
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Figure 6.3: Precision, Recall, F1

We also considered the space requirements involved for our backend. The system require-
ments regarding disk space allow our system to keep a version running; sorting our index
files requires a peak physical disk space of 300 GB, which is not too demanding for modern
hardware.

Comparing our result times and correctness against SPARQL, our system can deliver
results within 3 seconds with 25% precision on average versus exact results. While interactive
user suggestions usually can be expected within the milliseconds range, we consider that our
3-second suggestions are acceptable while using the system, especially if compared against the
timeouts that most of the tested queries encounter when computed on the remote SPARQL
endpoint.

Related to correctness, since our specialized index is built from a dump, which is generated
every week, the correctness of the suggestions will gradually reduce: some triples which
establish domain and range relations might be removed or new ones might be added in the
online dataset, which in turn generates a difference between our results and the SPARQL
endpoint results. This might be avoided by periodically generating a new specialized index,
or implementing a delta mechanism to keep the system up to date. This however is out of
our current scope.
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Chapter 7

Conclusion

This research intends to support users in finding data from the web. More specifically, we
intend to help users to explore, navigate and build queries within the Semantic Web context.
During the research and development of this project, while learning about the theory and
the technology behind, we have collected some observations that we would like to discuss.

Graph databases and especially RDF databases require users to start thinking in terms of
graphs or triple patterns. While some may argue that we unconsciously do this all the time,
our current data modelling approach is far from naturally expressing ideas and questions in
subject-predicate-object triple patterns or other graph data structures.

While this user-to-graph gap is continuously being approached by researchers with works
such as: translations between natural language and RDF, ontology mappings, user interfaces
or others; there is still a gap between how users think and model relationships within the
data and how it is actually stored in RDF datasets.

As an example of this, let us present a simple use case example of how this kind of
technology could be used for: It would be interesting to query for songs from a composer
that wrote the music for a movie, and search for other albums/songs that were written by
the composer. A direct approach to this would be to search (e.g.: Google) for information
about the songs, search for the movie, composer and search his works. While this is what
most users would probably do, the information about each of these steps can be in different
sources: songs could be in Spotify, movies in IMDB, composers in Wikipedia. It is also
possible that all the data is already in RDF datasets.

Going for an RDF approach, the first step would be to express the query in s-p-o triple
patterns; but there is a second and more important requirement: users need some knowledge
about how the data is stored: are songs writtenBy composer or is the composer authorOf
a song? Going a bit further, what if the data is structured in a way that the album was
writtenBy and the songs are partOf the album? In this case, an additional triple pattern
statement is required to properly formulate the query. Situations like these are not naturally
understood by users and require some extra work for proper technology adoption.
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This work is set in the context where users already understand that they need to express
their thoughts in s-p-o triple patterns and that they might need to explore the data in order to
understand the existing relationships in the dataset, while possibly needing to invert relations
or make assumptions about the data in order to get some answers.

In this existing context, translating user queries into answers (based on RDF data stores),
is accessed through SPARQL queries and endpoints. While there are some interesting alter-
natives to the SPARQL query syntax that could aid users to intuitively build queries, these
still rely on SPARQL endpoints, which have some time out issues for retrieving results.

Given this scenario, our goal is to help users navigate through existing large-scale RDF
datasets: "which properties exist between different types of entities" or "how are entities
linked through properties" are some questions that we would like users to be able to answer
while exploring RDF triplestores. In the same context, we would like to provide users with
or without any SPARQL syntax knowledge and with little knowledge about the RDF dataset
structure to be able to answer these questions.

From our tests and results, we can conclude that our system works according to our expec-
tations: for user-specified graph patterns that would usually timeout in SPARQL endpoints,
our system can provide suggestions for both nodes and edges (entities and properties) that
can help users complete their queries and get exact results in reasonable time.

In this chapter we are going to cover the main results of our work: we will discuss some
methods used for our implementation and summarize the main results for both runtimes and
correctness. We will finish the chapter with certain known limitations and some proposals for
future work: like in every research work, there are several open questions and paths for im-
provement. While usage and adoption could help identify more use-cases and optimizations,
we will discuss those points that we currently consider the most relevant.

7.1 Main Results

Our claim is that our system can provide users over-approximated suggestions with full recall
in a fraction of the time required to generate exact results using the remote endpoint. We also
expect our system to provide reasonable precision, although some incorrect suggestions will
be returned (by which we mean suggestions that, if chosen, will lead to a query generating
empty results).

To achieve this we first preprocess and index a large-scale RDF dataset dump, which
takes about 109 hours for the 41 GB Wikidata compressed dump with 5,130 million of triples
(around 75 seconds for a million triples). The final index output is less than a quarter of the
size of the original compressed input: around 9 GB.

For our indexing engine, we have used Lucene for storage along with PageRank and TF-
IDF for sorting our data. This approach allows for out-of-the-box text-based lookups with
relevance and importance ordering, while taking advantage of the existing data relationships
to prioritize results. For accessing our service, our system is built as a backend that sits
between the client’s user interface and a remote SPARQL endpoint. Several types of requests
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can be done: term lookup, query for entity/property Id, input a SPARQL query or input a
graph query.

For our tests we have integrated our system with the RDFExplorer visual query builder
interface and, as mentioned before, we have indexed the Wikidata dataset dump. To get an
understanding of our performance, we have selected 67 properties and generated four types
of queries with each, providing 268 test cases. For each test, we run queries in parallel on
both the local specialized index and the remote SPARQL endpoint. From the 268 test cases
we are only comparing the results for 78 tests: most tests time out on the remote endpoint
(50 seconds) and provide no results to compare with.

The results of these 78 tests show, as we had expected, that our system returns over-
approximated results: we achieve a high recall (99.4% ~ 100%) and a low precision (0.38%
~ 59.27%). Since our methods for indexing avoid the individual triple relations between
subject-predicate-object, all local results will be calculated using the types of the entities
and this expands the results to all possible triples in the involved types. This explains both
the low precision and the high recall. The non-100% recall is explained due to changes in
the Wikidata content after building our local index. We have examined triples from previous
dumps and several changes are made to the data: properties are replaced, predicates are
modified, added, removed and new relations are constructed. Based on this, it is expected
to get a performance degradation as the time passes and the data changes.

Regarding runtime comparisons, we have identified that certain queries, especially those
with incoming edges are harder for the remote Wikidata SPARQL endpoint to resolve and
usually turn into timeout. This timeout can be handled by setting a limit in user queries,
but since our intent was to compare the whole set of results, we left this limit out of the
queries. Another point to mention is the response times of our work: while we consider
that the results make the user interface usable during query building, 2-3 seconds is quite
high for current day standards of millisecond response times and some improvement could
be achieved there.

7.2 Generalizing this work

While our project has been built using the Wikidata dataset, the proposed techniques can
be extended to other RDF datasets. The code has been designed with this in mind and relies
on class interfaces for filtering and indexing. These interfaces require implementing the logic
to match the URIs and fields of a new RDF dataset.

As an example, we present the code that is used for indexing a label field in Wikidata.
Extending this to other datasets should be straightforward: in Figure [7.1] line 8 should be
replaced with the URI for the label property of the new RDF dataset.
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public class Labellndexer : FieldIndexer<TextField> {

// Here we specify what the label in our index will be.
public override string FieldName = "Label";

// With this method, we filter the triples that match our criteria.
public override bool FilterValidTriples(Triple triple) {

return triple.Predicate.Uri == "http://www.w3.0rg/2000/01/rdf-schema#label";
}

// With this method, we return the field.

public override TextField GetField(IEnumerable<Triple> triples) {
var value = GetFieldValue(triples.Find(FilterValidTriples));
return new TextField(FieldName, value, Field.Store.YES);

}

// With this method, get get the walue that we want from the triple.
public override string GetFieldValue(Triple triple) {
return triple.Object.LiteralValue;
3
X

Figure 7.1: For our Wikidata index, we specify our matching criteria. In this case, the pred-
icate for a label field should match the http://www.w3.0rg/2000/01/rdf-schema#label
URI. In reality, all strings are constants in a single file to centralize these values.

We highlight that our techniques are general and do not rely on any specific aspects
or optimizations on Wikidata. We think that the results should generalize to other RDF
datasets, though further experiments would need to be conducted to confirm this.

Regarding generalizing this project to other user interfaces, the most straightforward way
to do this would be to use our server API to request suggestions. Our API can take a
SPARQL query and compute the suggestions for all the variables in the query. The API will
return a JSON object with all the queried variables, their labels and URIs.

7.3 Limitations and future work

In this section we present some of our known limitations and some points that we think are
open for future work.

The first constraint of our system is that our system currently supports English-only labels
and descriptions. While this limitation is easy to overcome, it implies that our preprocessing
and indexing process will take longer and in the end, become larger in size.

Also related to the input triples, we have excluded all triples with datatypes objects (as in
subject-predicate-object). We foresee that this could be integrated in our system by adding
several additional parent types: string, integer, datetime and so on. In our study of the
Wikidata triplestore, we found out that of the 7,559 properties available in Wikidata, only
1,282 or 17% are used in our system. This has major implications: indexing as was mentioned
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before (times and size), but also in the query execution times. Having 589% more properties
would definitively impact not only the system performance, but also the queries that involve
string types would probably take longer.

Another limitation of our system has to do with complex queries. Currently, our system
only takes SELECT/WHERE queries (i.e., basic graph patterns) without nested queries nor filters
or optionals, etc. While such features broaden the types of queries that can be expressed in
SPARQL, it is not in the scope of our project to process these types of queries, but rather to
support users with no SPARQL knowledge in using core features. It is worth noting however
that the RDFExplorer interface provides access to the SPARQL query being built, which can
be extended manually by the user in order to add such features.

Something that we would like to address in the future is to keep our system up-to-date
with the endpoint data. There are several ways that this can be approached: taking diffs
from the remote endpoint and updating the data would be an interesting option to consider,
since this task could be run on a periodic basis with low runtimes.

In Chapter 4| we discussed how ?movie ?director 7human could often be queried by
users in the inverted relation form, which generates no results: ?human ?directed 7movie.
We believe that since our system already contains domain and range types, and calculates
suggestions for the correct relation direction, our system could also be used to propose inverse
relations that might help users in choosing the right property in certain scenarios.

Another option would be to improve the performance of our code: while several changes
could be done to optimize our code to run with the Wikidata triples, we tried not to implement
hard-coded rules only valid for that specific dataset, but to make it easy to change the
dataset and allow future users to implement their own filtering rules. We also agree that the
presented runtimes could be improved with code changes and this would also be one of the
future changes that our work could implement.

71



Bibliography

1]

2l

3l

4]

[5]

(6]

7]

8]

19]
[10]

[11]

[12]

A. Soylu and E. Kharlamov and D. Zheleznyakov and E. Jimenez-Ruiz and M. Giese
and M. G. Skjaeveland and D. Hovland and R. Schlatte and S. Brandt and H. Lie and
I. Horrocks. Optiquevgs: A visual query system over ontologies for industry. Seman-
tic Web, 9(5), August 2018. The final publication is available at IOS Press through
http://dx.doi.org/10.3233 /sw-180293.

Arenas, Marcelo and Grau, Bernardo and Kharlamov, Evgeny and Marciuska, Sarunas
and Zheleznyakov, Dmitriy. Faceted Search Over RDF-Based Knowledge Graphs. SSRN
Electronic Journal, 01 2016.

Clemmer, Aaron and Davies, Stephen. Smeagol: A “Specific-to-General” Semantic Web
Query Interface Paradigm for Novices. In Database and Expert Systems Applications,
volume 6860, pages 288-302, Berlin, Heidelberg, 08 2011. Springer Berlin Heidelberg.

World Wide Web Consortium. RDF, Resource Description Framework Concepts. https:
//www.w3.org/TR/rdf-concepts/.

World Wide Web Consortium. SPARQL 1.1 Query Language. http://www.w3.org/
TR/sparqlll-query/.

World Wide Web Consortium. W3C Architectural and philosophical Design Issues.
https://www.w3.org/Designlssues/.

Dadzie, Aba-Sah and Rowe, Mathew. Approaches to visualising Linked Data: A survey.
Semantic Web, 2:89-124, 01 2011.

Biblioteca del Congreso Nacional de Chile. Sitio Datos abiertos enlazados de la Biblioteca
del Congreso Nacional de Chile. http://datos.bcn.cl/.

Nicola Dell. VIQUEN: A visual query engine for RDF. 11 2010.

Denny Vrandecic and Markus Krotzsch. Wikidata: A Free Collaborative Knowledge
Base. http://cacm.acm.org/magazines/2014/10/178785-wikidata/fulltext, 2014.

Diaz, Gonzalo and Arenas, Marcelo and Benedikt, Michael. SPARQLByE: querying
RDF data by example. Proceedings of the VLDB Endowment, 9:1533-1536, 09 2016.

El-Roby, Ahmed and Ammar, Khaled and Aboulnaga, Ashraf and Lin, Jimmy. Sapphire:

72


https://www.w3.org/TR/rdf-concepts/
https://www.w3.org/TR/rdf-concepts/
http://www.w3.org/TR/sparql11-query/
http://www.w3.org/TR/sparql11-query/
https://www.w3.org/DesignIssues/
http://datos.bcn.cl/
http://cacm.acm.org/magazines/2014/10/178785-wikidata/fulltext

[13]

[14]

[15]

[16]

[17]

18]

[19]

[20]

[21]

[22]

23]

[24]

[25]

querying RDF data made simple. volume 9, pages 1481-1484, 09 2016.

Ferré, Sébastien. Sparklis: An expressive query builder for SPARQL endpoints with
guidance in natural language. Semantic Web, 8:405-418, 12 2016.

Guus Schreiber and Yves Raimond. RDF 1.1 Primer. W3C Working Group Note, June
2014. https://www.w3.org/TR/rdf11-primer/.

Hernandez, Daniel and Hogan, Aidan and Riveros, Cristian and Rojas, Carlos and
Zerega, Enzo. Querying Wikidata: Comparing SPARQL, Relational and Graph
Databases. In The Semantic Web — ISWC' 2016, pages 88-103, Cham, 10 2016. Springer

International Publishing.

Kharlamov, Evgeny and Grau, Bernardo Cuenca and Jiménez-Ruiz, Ernesto and Lam-
parter, Steffen and Mehdi, Gulnar and Ringsquandl, Martin and Nenov, Yavor and
Grimm, Stephan and Roshchin, Mikhail and Horrocks, lan. Capturing Industrial Infor-
mation Models with Ontologies and Constraints. In The Semantic Web — ISWC 2016,
pages 325—343, Cham, 10 2016. Springer International Publishing.

Lehmann, Jens and Isele, Robert and Jakob, Max and Jentzsch, Anja and Kontokostas,
Dimitris and Mendes, Pablo and Hellmann, Sebastian and Morsey, Mohamed and Van
Kleef, Patrick and Auer, Séren and Bizer, Christian. DBpedia - A Large-scale, Multi-
lingual Knowledge Base Extracted from Wikipedia. Semantic Web Journal, 6, 01 2014.

Jose Moreno. A faceted browsing interface for diverse Large-Scale RDF Datasets. http:
//repositorio.uchile.cl/handle/2250/168108, 2018.

Ngonga Ngomo, Axel-Cyrille and Bithmann, Lorenz and Unger, Christina and Lehmann,
Jens and Gerber, Daniel. Sorry, I don’t speak SPARQL: translating SPARQL queries
into natural language. 05 2013.

Ngonga Ngomo, Axel-Cyrille and Bithmann, Lorenz and Unger, Christina and Lehmann,
Jens and Gerber, Daniel. SPARQL2NL - Verbalizing SPARQL queries. 05 2013.

Ngonga Ngomo, Axel-Cyrille and Moussallem, Diego and Biihmann, Lorenz. A Holistic
Natural Language Generation Framework for the Semantic Web, 11 2019.

Nikos Bikakis and Timos K. Sellis. Exploration and Visualization in the Web of Big
Linked Data: A Survey of the State of the Art. CoRR, abs/1601.08059, 2016.

Page, Lawrence and Brin, Sergey and Motwani, Rajeev and Winograd, Terry. The
PageRank Citation Ranking: Bringing Order to the Web. 11 1998.

Jorge Pérez, Marcelo Arenas, and Claudio Gutiérrez. Semantics and complexity of
SPARQL. ACM Trans. Database Syst., 34, 2009.

Rafes, Karima and Abiteboul, Serge and Cohen-Boulakia, Sarah and Rance, Bastien.
Designing Scientific SPARQL Queries Using Autocompletion by Snippets. 09 2018.

73


https://www.w3.org/TR/rdf11-primer/
http://repositorio.uchile.cl/handle/2250/168108
http://repositorio.uchile.cl/handle/2250/168108

[26]

27]

28]

29]

[30]

[31]

32|

[33]

[34]

[35]

[36]

[37]

[38]

[39]

|40]

RDF Working Group. N-Triples: A line-based syntax for an RDF graph. https:
//www.w3.org/TR/2014/REC-n-triples-20140225/.

RDF Working Group. RDF 1.1 Semantics. https://www.w3.org/TR/rdf11-mt/.

RDF Working Group. RDF Vocabulary Description Language 1.0: RDF Schema
(RDFS). https://www.w3.0rg/2001/sw/wiki/RDFS.

RDF Working Group. Resource Description Framework (RDF). https://www.w3.org/
RDF/.

RDF Working Group. Simple Knowledge Organization System (SKOS). https://www.
w3.org/2001/sw/wiki/SKOS.

RDF Working Group. Turtle: Terse RDF Triple Language. https://www.w3.org/TR/
turtle/.

RDF Working Group. Web Ontology Language (OWL). https://www.w3.o0rg/2001/
sw/wiki/0WL.

Rico, Mariano and Unger, Christina and Cimiano, Philipp. Sorry, I only speak nat-
ural language: a pattern-based, data-driven and guided approach to mapping natural
language queries to SPARQL. 10 2015.

Rietveld, Laurens and Hoekstra, Rinke. The YASGUI family of SPARQL clients. Se-
mantic Web, 8:373-383, 12 2016.

Sana, Syeda and Sana E Zainab, Syeda and Hasnain, Ali and Saleem, Muhammad and
Mehmood, Qaiser and Zehra, Durre and Decker, Stefan. FedViz: A visual interface for
SPARQL queries formulation and execution. volume 1456, 10 2015.

Sayers, Craig. Node-centric RDF Graph Visualization. 05 2004.

Unger, Christina and Freitas, André and Cimiano, Philipp. An Introduction to Question
Answering over Linked Data, pages 100-140. Springer International Publishing, Cham,
2014.

Vargas, Hernan and Buil-Aranda, Carlos and Hogan, Aidan and Lopez, Claudia. RDF
Explorer: A Visual SPARQL Query Builder. In The Semantic Web — ISWC' 2019, pages
647-663, Cham, 10 2019. Springer International Publishing.

éeréns, Karlis and Sostaks, Agris and Bojars, Uldis and Ov¢éinnikova, Julija and Lace,
Lelde and Grasmanis, Mikus and Romane, Aiga and Sprogis, Arturs and Barzdins, Juris.
ViziQuer: A Web-Based Tool for Visual Diagrammatic Queries Over RDF Data. In The
Semantic Web: ESWC 2018 Satellite Fvents, pages 158-163, Cham, 08 2018. Springer
International Publishing.

Wikimedia Foundation, Inc. Semantic Web Stack. https://en.wikipedia.org/wiki/
Semantic_Web_Stackl

74


https://www.w3.org/TR/2014/REC-n-triples-20140225/
https://www.w3.org/TR/2014/REC-n-triples-20140225/
https://www.w3.org/TR/rdf11-mt/
https://www.w3.org/2001/sw/wiki/RDFS
https://www.w3.org/RDF/
https://www.w3.org/RDF/
https://www.w3.org/2001/sw/wiki/SKOS
https://www.w3.org/2001/sw/wiki/SKOS
https://www.w3.org/TR/turtle/
https://www.w3.org/TR/turtle/
https://www.w3.org/2001/sw/wiki/OWL
https://www.w3.org/2001/sw/wiki/OWL
https://en.wikipedia.org/wiki/Semantic_Web_Stack
https://en.wikipedia.org/wiki/Semantic_Web_Stack

[41] Wikimedia Foundation, Inc. Wikidata:Introduction. https://www.wikidata.org/
wiki/Wikidata:Introduction.

[42] World Wide Web Consortium. LinkedData. https://www.w3.org/wiki/LinkedData.

[43] World Wide Web Consortium. Wikidata Query Service. https://query.wikidata.
org/.

[44] Zhang, Wei Emma and Sheng, Quan Z. Cache Based Optimization for Querying Curated
Knowledge Bases, pages 19-46. Springer International Publishing, Cham, 08 2018.

75


https://www.wikidata.org/wiki/Wikidata:Introduction
https://www.wikidata.org/wiki/Wikidata:Introduction
https://www.w3.org/wiki/LinkedData
https://query.wikidata.org/
https://query.wikidata.org/

	Introduction
	Motivation
	Objectives
	Main Objective
	Specific Objectives

	Methodology
	Expected results
	Structure of this Work

	Background
	Semantic Web
	Data Model RDF
	SPARQL
	Linked Data
	Wikidata

	Information Retrieval
	Inverted Index
	Ranking

	User Interfaces

	System Overview
	System Architecture
	User Interactions
	Keyword search
	SPARQL query term suggestions


	Autocompletion Techniques
	Overview
	Initialization
	Filter
	Inverse relations and sorting

	Index
	Entities
	Properties

	Query Parser
	Graph Exploration
	Query Execution
	Remote Endpoint Requests
	Access to Local Index
	Approximations

	Application Interface

	Use case
	RDFExplorer
	Integration as proof of concept

	Evaluation
	Experimental setup
	Index
	Queries
	Sample queries
	Query runtime
	Results approximations

	Discussion

	Conclusion
	Main Results
	Generalizing this work
	Limitations and future work

	Bibliography

