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Abstract

The vision of the Internet of Things (IoT) promises novel, intelligent applications to
improve services across all industries and domains. Efficient data and service discovery
are crucial to unfold the potential value of cross-domain IoT applications. Today, the
Web is the primary enabler for integrating data from distributed networks, with more
and more sensors and IoT gateways connected to the Web. However, semantic data
models, standards and vocabularies used by IoT vendors and service providers are
highly heterogeneous, which makes data discovery and integration a challenging task.

Industrial and academic research initiatives increasingly rely on Semantic Web
technologies to tackle this challenge. Ongoing research efforts emphasize the develop-
ment of formal ontologies for the description of Things, sensor networks, IoT services
and domain-dependent observations to annotate and link data on the Web. Within
this context, there is a research gap in investigating and proposing ontology recom-
mendation approaches that foster the reuse of most suitable ontologies relevant to
semantically annotate IoT data sources. Improved ontology reuse in the IoT enhances
semantic interoperability and thus facilitates the development of more intelligent and
context-aware systems. In this dissertation, we show that ontology recommendation
can form a key building block to achieve this consensus in the IoT. In particular, we
consider large-scale IoT systems, also referred to as loT ecosystems, in which a wide
range of stakeholders and service providers have to cooperate. In such ecosystems, se-
mantic interoperability can only be efficiently achieved when a high degree of consensus
on relevant ontologies among data providers and consumers exists.

This dissertation includes the following contributions. First, we conceptualize the
task of ontology recommendation and evaluate existing approaches with regard to IoT
ecosystem requirements. We identify several limitations in ontology recommendation,
especially concerning the IoT, which motivates the main focus on ontology ranking
in this dissertation. Second, we subsequently propose a novel approach to ontology
ranking that offers a fairer scoring of ontologies if their popularity is unknown and thus
helps in providing a better recommendation in the current state of the IoT. We employ
a ‘learning to rank’ approach to show that qualitative ranking features can improve the
ranking performance and potentially substitute an explicit popularity feature. Third,
we propose a novel ontology ranking evaluation benchmark to address the lack of
comparison studies for ontology ranking approaches as a general issue in the Semantic
Web. We develop a large, representative evaluation dataset that we derive from the
collected user click logs of the Linked Open Vocabularies (LOV) platform. It is the
first dataset of its kind that is capable of comparing learned ontology ranking models
as proposed in the literature under real-world constraints. Fourth, we present an IoT
ecosystem application to support data providers in semantically annotating IoT data
streams with integrated ontology term recommendation and perform an evaluation



based on a smart parking use case.

In summary, this dissertation presents the advancements of the state-of-the-art in
the design of ontology recommendation and its role for establishing and maintaining
semantic interoperability in highly heterogeneous and evolving ecosystems of inter-
related [oT services. Our experiments show that ontology ranking features that are well
designed with regard to the underlying ontology collection and respective user behavior
can significantly improve the ranking quality and, thus, the overall recommendation
capabilities of related tools.

Keywords: internet of things, semantic interoperability, ontology ranking, web data
ecosystem, semantic annotation, learning to rank.
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Chapter 1

Introduction

This chapter introduces the Internet of Things (IoT) ecosystem vision and related
problems that form the context of this dissertation. We then describe open research
challenges with respect to the semantic interoperability issues in the broader scope of
the IoT. Subsequently, we present the research questions that are addressed in this
dissertation and provide an overview of the contributions of this research. Finally, we
summarize the thesis outline.
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Chapter 1. Introduction

1.1 Thesis Context

The Internet of Things (IoT) envisions a world in which devices with networking,
sensing and actuating functions (Things) are connected through the Internet, allowing
“people and things [to be] connected anytime, anyplace, with anything and anyone
ideally using any path/network and any service” [216]. As an extension of the IoT,
the Web of Things (WoT) [183, 82] describes a paradigm that leverages World Wide
Web (WWW, referred to as ‘the Web’) standards to establish interoperability among
devices from heterogeneous IoT networks that communicate with different protocols
on lower layers'. The Web has become today’s primary enabler for integrating data
from distributed networks, and more and more Things, e.g., as direct endpoints and
through IoT gateways, are connected to the Web. Realizing the IoT vision is foreseen
to bring societal, environmental and economic opportunities in industries and cities
[246, 1], mainly due to the vast amount of available data that enables humans and
machines to make more informed and efficient decisions. For example, in the context
of smart cities [213], access to near real-time data about drivers, traffic, road conditions,
parking availability and city events allows for the design of systems and services with
increasing intelligence that enables more cost-efficient and sustainable transportation,
such as efficient parking guidance [207].

However, today’s IoT data often remains in isolated, vendor-specific systems and
clouds (so-called ‘vertical silos’) that do not allow for data discovery, access and reuse
across systems [3]. This circumstance imposes significant limitations to the IoT vision
and its opportunities and, as a recent trend, businesses, governments and innovators
realized that it could become more profitable to cooperate in the scope of IoT ecosys-
tems rather than innovate as individual entities [233, 47, 20, 152]. Moving away from
the existing, siloed approach to one of open innovation is a fundamental step to realize
the ToT vision and its potential [216]. With this development, openness becomes an
essential characteristic of systems in a Web-based [oT context that separates its design
from traditional, closed, sensor-based systems [209]. IoT ecosystems are characterized
as ‘open data ecosystems’, for which we adopt the following definition: “a set of net-
works composed by autonomous actors that directly or indirectly consume, produce or
provide data and other related resources (e.g., software, services and infrastructure)”
[160]. Further, “each actor performs one or more roles and is connected to other actors
through relationships, in such a way that actors collaboration and competition promotes
data ecosystem self-requlation” [160]. The distinguishing characteristic of ‘being open’
means that anyone following the ecosystem’s agreement can join it, which typically
creates a strong dependency among the different roles, e.g., the dependence of data
consumers on the metadata that is published by the data providers, resulting in fur-
ther challenges related to policy, technology, organization, culture, etc. [249]. The IoT
ecosystem vision and respective components are illustrated in Figure 1.1. The figure
shows three ecosystem roles, including end-users who own smart objects, data analysts
(startups, SMEs, etc.) who may be interested in accessing smart object-related data
to deliver new services, as well as data consumers that integrate this new knowledge in
their decision-making processes. Moreover, various types of incentives between these
stakeholders can be imagined that could be supported by a digital marketplace act-
ing as an [oT search engine and thus enabling multimodal registration, discovery and
trading of data and services (cf. [187, 29, 169, 170]).

Tn this dissertation, we refer to ‘loT’ as an umbrella term that includes the concepts of ‘WoT".
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Figure 1.1: The IoT ecosystem vision (based on [169)]).

One major obstacle to realizing the IoT ecosystem vision is the lack of interoper-
ability among data providers and consumers caused by today’s vertical silos. In this
regard, several consortia and initiatives have emerged (e.g., AIOTI?, OneM2M?, IEEE
[oT*, Open Platform®, IES-City®) that acknowledge this issue and aim for the creation
of open IoT ecosystems to achieve the required seamless communication in practice.
In the context of IoT ecosystems, the term ‘interoperability’ refers to the capability of
[oT devices and services to communicate and interact with each other with minimal
human intervention. In this dissertation, we follow the Levels of Conceptual Interoper-
ability Model (LCIM) [227] as a framework to discuss interoperability issues in greater
detail. LCIM is one of the first interoperability models and was previously used in the
context of system-of-systems engineering and IoT [226, 184]. It describes the following
six interoperability levels.

Technical. Relates to the transport layer of the Open Systems Interconnection (OSI)
model, meaning there exist well-defined communication protocols and established
communication infrastructure.

Syntactic. Refers to an agreement of the data structure to exchange information and
a commonly agreed data format, which relates to the application layer of the OSI
model.

Semantic. Describes a common understanding of the data model, the meaning of
terms, relations of concepts, language, etc.

Pragmatic. Is reached when systems understand each other’s interfaces, i.e., a com-
mon description of how to access systems’ data.

Dynamic. Systems require the ability to track their evolution and state, including
the discovery of services.

Conceptual. Requires a fully specified and unified conceptual view on the domain of
discourse to be shared among all ecosystem actors.

’https://aioti.eu/

3http://www.onem2m.org/

‘https://iot.ieee.org/
Shttps://www.opengroup.org/forum/open-platform%E2%84%A2-30-forum
Shttps://pages.nist.gov/smartcitiesarchitecture/


https://aioti.eu/
http://www.onem2m.org/
https://iot.ieee.org/
https://www.opengroup.org/forum/open-platform%E2%84%A2-30-forum
https://pages.nist.gov/smartcitiesarchitecture/

Chapter 1. Introduction

This dissertation focuses on challenges that arise from issues at the semantic in-
teroperability level, with the goal of enhancing interoperability in the previously intro-
duced IoT ecosystem vision. However, the LCIM model emphasizes that this is only
one aspect of achieving full interoperability among systems: interoperability solutions
need to fit into a broader technology stack that addresses interoperability at different
levels. Semantic interoperability issues in the IoT are caused by the wide range of data
modeling approaches and vocabularies used on the Web that hinder the efficient de-
velopment of such cross-platform and cross-domain applications [234, 173]. The given
heterogeneity of data and services makes it difficult to efficiently and on-demand dis-
cover, access and integrate relevant IoT data sources [3]. Supporting and maintaining a
multitude of ever-changing standardized and non-standardized approaches to publish
and consume loT-originated data, especially in cross-domain contexts, is a problem
with exponential complexity that is also referred to as the ‘industrial IoT connectivity
challenge’ [184].

However, data heterogeneity and related semantic interoperability issues on the
Web are neither novel nor exclusive to IoT ecosystem use cases. From a Web data
ecosystem perspective, the data produced by IoT devices merely contribute with ad-
ditional complexity, volume, dynamicity as well as the need for Machine to Machine
(M2M) communication to the already existing millions of datasets and services on the
Web [18]. The Semantic Web [23], which emerged in the early 2000s, comprises a
set of technologies that complement the Web intending to make Web data machine-
readable and reusable. Semantic Web technologies, such as the Resource Description
Framework (RDF) [147] and Web Ontology Language (OWL) [8], present a formal
framework to describe the semantics of data and fundamentally employ the Web’s
capability to describe the relation (link) of resources. Extendable data schemas are
referred to as ontologies that allow data to be discoverable and reusable. The previous
success of Semantic Web technologies in the biomedical domain (e.g., BioPortal [157]),
enterprise data integration (based on so-called Knowledge Graphs (KGs) [159]), Web
search enhancements (e.g., based on schema.org [81]) and early success in Web dataset
search (e.g., Google Dataset Search [158]) have proven the real-world feasibility to
establish interoperability in open data ecosystems using Semantic Web technologies.
This motivates subsequent research efforts that continue to investigate the application
of Semantic Web technologies in ToT systems (also referred to as the Semantic Web of
Things (SWoT) paradigm [28]) to tackle semantic interoperability issues in the context
of open and connected IoT systems [18].

While the Semantic Web indeed provides a machine-understandable knowledge
infrastructure on the Web that can be easily integrated into existing software en-
vironments [204], the application of Semantic Web technologies also introduces new
challenges and has been subject to criticism [100]. One of the major challenges is the
cost caused by the additional effort and complexity of sound semantic data annota-
tions. For example, modeling data with ontologies is not trivial, as the fundamental
principle of achieving semantic interoperability between distributed systems is to reuse
existing ontology terms and establish interconnectivity between them [204, 95]. In this
context, various guidelines, recommendations and best practices have to be known
and followed in order to apply Semantic Web technologies in a useful manner (cf. [22,
103, 96, 110, 182, 24]). A continuous consensus on the evolving relevance of ontolo-
gies eventually enhances the semantic interoperability among systems and tools have
emerged to support users of the Semantic Web in their tasks and be more efficient
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in the discovery and reuse of existing ontologies. We use the umbrella term Ontology
Recommendation Tools (ORTs) to refer to such tools that fundamentally aim to pro-
vide users with relevant ontologies, such as ontology repositories and ontology search
engines. Apart from technical solutions, it is worth mentioning that several initiatives
exist that focus on social aspects of ecosystem interoperability. A major initiative in
this regard advocates making data Findable, Accessible, Interoperable and Reusable
(FAIR) [238] — an ambition that aligns with the intent and design of open IoT ecosys-
tems. Global, high-impact initiatives such as FAIR highlight the problem that data
published to the Web (whether in IoT contexts or in general) is often not reusable
and that making Web data actually useful requires awareness and additional effort to
comply with commonly agreed guidelines. Thus, the success of the Semantic Web and
its adoption relies not just on the technology stack itself, but rather on the community
and its tools that enable users to work with these technologies correctly, efficiently and
in a well-integrated manner of the respective processes. This circumstance also holds
true for the SWo'T vision, which, e.g., lead to a subsequent call for efficient tool support
to allow (semi-)automated semantic data management in IoT ecosystems [203].

In this dissertation, we address technical challenges that arise from applying Se-
mantic Web technologies in the context of IoT ecosystems with the goal of establishing
and enhancing semantic interoperability. In the following section, we present a broader
and general overview of existing research challenges in this scope.

1.2 Research Challenges

The realization of the IoT ecosystem vision faces various research challenges that
are rooted in the given heterogeneity of today’s IoT and its subsequent semantic in-
teroperability issues. We present four high-level challenges that are considered in the
literature, which are all concerned with the application of Semantic Web technologies
in the IoT to achieve interoperability.

Challenge 1: Ontology engineering for IoT setups and observations. The first
challenge to establish semantic interoperability in IoT ecosystems is concerned
with the development of ontologies that describe sensor (network) setups, data
streams, services, device capabilities, etc. Early research on the SWoT paradigm
focused on this challenge, resulting in various ontologies, such as the Semantic
Sensor Network (SSN) ontology” [53], Smart Appliance REFerence (SAREF)®
[56], the WoT Thing Description?, and research that aims to define IoT ecosystem
Application Programming Interfaces (APIs) through ontologies, such as the BIG
IoT API [30]. However, it is worth mentioning that the need for ontologies
goes beyond sensor and service descriptions: sensors, e.g., make observations
of the real world that also need to be formally described. This means that
IoT applications almost always rely on ontologies of the respective application
domain, such as health or transportation, that may or may not already have
an existing community of ontology engineers prior to emerging IoT use cases.
Ontology engineering is challenging since it requires a sound understanding of
the domain of discourse in depth and width. The need for defining common
ontologies for the IoT [73, 18, 7] as well as respectively proposed ontologies [219,

"https://www.w3.org/TR/vocab-ssn/
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199, 14] are both reviewed in the literature.

Challenge 2: Mappings and alignments between ontologies/standards. With
the co-existence of various ontologies and standards used in different projects,
another approach essential to semantic interoperability is to create mappings
of concepts from different ontologies and external terminology resources. This
challenge also includes the complex task of ontology matching for ontologies of
the same domain [163], which can be challenging as it may lead to logical incon-
sistencies in the model. Ontology mapping has been the focus in previous loT
research projects, such as the Fiesta [oT project that achieved semantic inter-
operability between the FIWARE and OneM2M platforms (both using different
data models) [128], as well as the SPITFIRE project that was concerned with
aligning IoT ontologies [174]. The need and challenge of ontology mapping for
the IoT are subject in the wider literature [74, 86]. In a recent effort, a mapping
ontology on top of the WoT Thing Descriptions was proposed [49].

Challenge 3: Reuse of IoT and domain ontologies. With existing and contin-
uously evolving ontologies and mappings on the Web, semantic interoperability
can only be assured when users are able to efficiently discover and select the
most appropriate ones for their needs from the pool of all available ontologies.
Due to the distributed and heterogeneous nature of the Semantic Web, finding
and reusing ontologies is not an easy task and has been an important subject
in Semantic Web research [60, 204]. Thus, it has also been a concern of IoT
projects such as LOV4IoT [84]. While these projects primarily aim at building a
collection of ontologies relevant for IoT application domains, the understanding
of the criteria that should be taken into account when recommending one of these
ontologies for reuse is relatively unexplored, particularly in IoT aspects. Provid-
ing efficient recommendations to users to reuse ontologies is a challenging but
essential task to establish an ecosystem-wide consensus on common ontologies,
e.g., for the annotation of IoT data. The challenge of ontology reuse in the con-
text of semantic interoperability in the IoT is further discussed in the literature
[88, 175, 15].

Challenge 4: Ontology-based data annotation and reasoning. Lastly, with one
or more selected ontologies, adding semantic annotations to IoT data streams re-
mains a non-trivial task that comes at a cost. Providing efficient tool support is
thus a crucial aspect to foster adoption and sustainability of ontology-based inter-
operability approaches, from both the data publisher and consumer perspective
[18]. Therefore, another challenge that is addressed by the research community is
concerned with (semi-)automation of respective IoT ecosystem processes, such as
the publication of semantically annotated IoT data as well as their discovery and
integration in intelligent applications [85]. Moreover, such tools would ideally
support respective interoperability guidelines (such as FAIR). The challenges of
IoT data annotation [237] and semantic-based reasoning over IoT data [62] are
both discussed in the literature.

In addition to the challenges outlined above, a much wider range of challenges
exists in the scope of IoT. Respective surveys cover challenges from various perspectives

including enabling technologies [216, 5, 11], IoT middleware [154, 185], IoT platforms
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[149], standards [16], [oT data discovery and search [71], IoT data management [180],
industrial IoT [55], pervasive computing [244] as well as ToT interoperability [155] and
specific focus on semantic interoperability [90, 203, 35]. In the following section, we
present the research questions that are addressed in this dissertation.

1.3 Research Questions

From an IoT ecosystem perspective, no single data model should be imposed at
the data provider level. It is neither feasible nor manageable to create a single data
model/ontology that describes all aspects of the IoT and related domains (i.e., one that
would satisfy all actors) [138]. Moreover, it is not realistic to design a single universal
approach to semantically annotate sensor data for IoT gateways [171]. Nevertheless,
semantic annotations are a fundamental requirement to discover and integrate available
[oT data in intelligent and autonomous systems, e.g., for the enablement of WoT
search engines [228, 71]. This is the key aspect that motivates the investigation of
the role of ontology recommendation in open IoT ecosystems to establish semantic
interoperability. Thus, this dissertation primarily focuses on Challenge 3, i.e., the
following Research Questions (RQs) are concerned with ontology recommendation in
the context of IoT ecosystems. Unlike Challenge 1 and 2, we consider Challenge 3 to be
less explored and as a missing building block for open IoT ecosystem interoperability
and a supportive component for ontology engineering and mapping. We specify the
following RQs to define the scope of this dissertation regarding Challenge 3:

RQ 1. What are the limitations and requirements of existing ontology recommenda-
tion tools to support semantic interoperability in [oT settings?

RQ 2. Are current ontology ranking approaches effective for IoT ontology collections?
RQ 3. Which ontology ranking criteria are important for efficient recommendations?

RQ 4. How can ontology recommendation approaches be evaluated and compared?

Moreover, we consider the integration of ontology recommendation in IoT processes,
i.e., semantic data annotation. The following RQ defines the scope of this dissertation
regarding Challenge 4:

RQ 5. How can ontology recommendation be integrated efficiently in the IoT data
publication process?

In the next section, we present the contributions of this dissertation that answer
the RQs specified above.

1.4 Contributions

In this dissertation, we argue that the efficient recommendation of existing on-
tologies for reuse is a key building block to enable semantic interoperability in IoT
ecosystems. Overall, recommendation is meant to guide providers and consumers in
finding and reusing the most suitable ontologies for their specific intent and circum-
stance, and support the convergence to common, evolving annotation formats in the
ecosystem community. To support this vision, this thesis provides a detailed study of
ontology recommendation for IoT use cases, resulting in the following contributions
that address the previously introduced RQs.
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A taxonomy of ontology recommendation tools and their IoT ecosystem
integration. This contribution aims at the analysis of existing ontology recommen-
dation tools and finding their potential shortcomings in supporting the IoT ecosystem
vision. An extensive survey is conducted and a classification scheme is proposed that
identified 20 features along eight dimensions of related approaches. In total, 40 tools
introduced in the literature are evaluated based on the proposed classification scheme,
allowing the identification of limitations and open challenges of ontology recommen-
dation tools in the context of the IoT ecosystem vision (RQ 1, RQ 2). The identified
limitations through this survey motivate the following contributions of this thesis. The
contribution is based on the work that has been presented in the following paper:

e Niklas Kolbe, Sylvain Kubler, Jérémy Robert, Yves Le Traon, and Arkady Za-
slavsky. “Linked Vocabulary Recommendation Tools for Internet of Things:
A Survey”. In: ACM Computing Surveys (CSUR) 51.6 (2019), p. 127. por:
10.1145/3284316.

Ontology ranking approach for IoT ontology collections. A significant conclu-
sion of the survey is that it is not clear which criteria are important to take into account
when recommending ontologies. One of the most adopted criteria used in existing so-
lutions, as identified through the survey, is a popularity measure that represents how
often an ontology has been used before and is thus more likely to be recommended for
future reuse, fostering convergence to common representation of data. In this contribu-
tion, we show that the critical popularity measure, as computed in the state-of-the-art,
does not hold for IoT ontology collections (RQ 2). Instead, we investigate whether the
ontologies’ search relevance driven by their popularity can be predicted using qual-
itative features, such as availability, consistency and understandability, following a
Learning To Rank (LTR) approach. The results show that qualitative features help
to improve retrieval performance (RQ 3), providing a fairer ranking when no explicit
popularity feedback is available, such as in the current IoT domain. The contribution
is based on the work that has been presented in the following paper:

e Niklas Kolbe, Sylvain Kubler, and Yves Le Traon. “Popularity-driven Ontology
Ranking using Qualitative Features”. In: International Semantic Web Confer-
ence. Springer. 2019. DOI: 10.1007/978-3-030-30793-6_19.

Ontology term ranking evaluation benchmark. The survey and the previous
study further revealed difficulties in evaluating and comparing ontology ranking ap-
proaches — as a general problem in the Semantic Web and thus also for ontology
recommendation approaches in IoT ecosystems. This contribution provides a bench-
mark for ontology term ranking that is created from logged user feedback of the Linked
Open Vocabularies (LOV) [232] ontology term search platform (RQ 4). The implicit
user feedback in terms of views and clicks is used to derive explicit relevance labels for
query and ontology terms. The resulting dataset overcomes several limitations of the
state-of-the-art, e.g., providing sufficient relevance judgments to perform an empirical
evaluation of proposed ranking models using supervised machine learning techniques,
i.,e., LTR. Our study further provides more detailed insights on the effectiveness of
ranking features based on a real-world dataset (RQ 3). In the context of this thesis,
we argue that taking user feedback into account for ontology recommendation would
support convergence to common ontologies continuously, meaning the recommendation
is able to take the ever-evolving schemas and changing relevance for users into account.
The contribution is based on the work that has been presented in the following paper:
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e Niklas Kolbe, Pierre-Yves Vandenbussche, Sylvain Kubler, and Yves Le Traon.
“LOVBench: Ontology Ranking Benchmark”. In: Proceedings of The Web Con-
ference (WWW). ACM, 2020. DOI: 10.1145/3366423.3380245.

IoT ecosystem application to support data stream annotation. The lack of
ontology recommendation’s integration in IoT tools, e.g., supporting IoT data pub-
lication and consumption, was also identified through the survey. This contribution
investigates the integration of ontology recommendation for semi-automated publica-
tion of semantically annotated IoT data streams (RQ 5). The contribution includes a
proof-of-concept that provides a User Interface (UI) to map and annotate data with on-
tology terms and generates agents that transform JavaScript Object Notation (JSON)
data to semantically annotated formats following IoT standards and publish the data
streams through IoT gateways. The evaluation based on a smart parking use case
relies on the technology stack proposed by an IoT ecosystem research project. The
contribution is based on the work that has been presented in the following paper:

e Niklas Kolbe, Jérémy Robert, Sylvain Kubler, and Yves Le Traon. “PROFI-
CIENT: Productivity Tool for Semantic Interoperability in an Open IoT Ecosys-
tem”. In: International Conference on Mobile and Ubiquitous Systems: Com-
puting, Networking and Services (MobiQuitous). ACM. 2017. por: 10.1145/

3144457 .3144479.

1.5 Thesis Structure

The remainder of this thesis is structured as follows. Chapter 2 presents relevant
background of Semantic Web and Information Retrieval (IR). Related work for on-
tology recommendation is presented in Chapter 3. Chapter 4 proposes a taxonomy
and derived research directions that guide the subsequent contributions in the follow-
ing chapters regarding the ranking for IoT ontology collections (Chapter 5), ontology
term ranking benchmarking (Chapter 6) and integration of ontology recommendation
in the [oT data publication process (Chapter 7). The thesis is concluded in Chapter 8,
which further discusses future research. Table 1.1 provides an overview of the chapters,
addressed RQs and related publications on which the chapters are based.

Table 1.1: Overview of Thesis Structure, Research Questions and Publications

Part Chapter RQ1 RQ2 RQ3 RQ4 RQ5 Ref.

I Introduction & 1 Introduction
literature 2 Background
3 Related Work

IT Ontology rec- 4 Taxonomy v v [121]
ommendation 5 IoT ontology ranking v v [120]

6 Ranking benchmark 4 v [124]

ITT Application & 7 Ecosystem application v o [123]

conclusion 8 Conclusion
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Chapter 2

Background

This chapter presents relevant background regarding Semantic Web and Information
Retrieval (IR) technologies. First, we introduce fundamental concepts such as on-
tologies, practical recommendations of the WWW Consortium (W3C) (e.g., ontology
and query languages), provide an illustrative example in an IoT context and present
fundamentals of ontology reuse. Second, the fundamental aspects of search and rank-
ing, such as essential ranking types and evaluation, are introduced. Subsequently, we
present the case of applying ranking techniques to ontology collections and summarize
the chapter.
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Chapter 2. Background

2.1 Semantic Web

The Semantic Web, as envisioned by Tim Berners-Lee [23], defines a technology
stack for formal information representation on the Web that allows encoding the se-
mantics of data (such as the description of concepts and their relations) with the
intention to make the meaning of information on the Web machine-readable. In this
section, we introduce fundamental technologies and aspects such as ontology reuse.

2.1.1 Semantic Web Technologies

In this section, we introduce the underlying technology and terminology of the
Semantic Web.

Unique Resource Identifier (URI). Fundamentally, the Semantic Web relies on
unique identifiers similar to Uniform Resource Locators (URLs) of the Web to
refer to resources such as concepts and data points.

Resource Description Framework (RDF) [147]. Defines a Web-embedded, di-
rected labeled graph data model to represent information. RDF graphs are typ-
ically defined by a set of RDF statements, which are referred to as triples due to
their notation in the form of (subject, predicate, object). The subject and
object represent nodes, while a predicate either represents an edge to describe
the relation (often referred to as property) between two resources (all represented
with URISs) or of a resource and a literal (e.g., string, number, and datatypes
defined by XML Schema Definition (XSD)). RDF can be serialized in various
syntaxes, including extensions of well-known ones such as eXtensible Markup
Language (XML) and JSON (i.e., RDF/XML and JavaScript Object Notation
for Linked Data (JSON-LD)), as well as novel formats such as Terse RDF Triple
Language (Turtle).

RDFS Schema (RDFS) [144]. The first of two currently dominant Web standards
and formal languages that define a vocabulary that adds well-defined semantics
to the RDF data model. RDFS provides a basic vocabulary that includes the
specification of class and property hierarchies as well as statements of the domain
(subject) and range (object) of a property.

Web Ontology Language (OWL) [8]. The second of the two dominant formal lan-
guages extends RDFS and is far more expressive. OWL is based on Description
Logics (DLs) [106] and the WWW Consortium (W3C) recommendations include
several OWL variants with different expressive power that are defined by the set
of supported logical constructors in the respective variant, e.g., equivalence, dis-
jointness, cardinality, enumeration, union, and intersection. Furthermore, OWL
allows imports of statements from other ontologies and to specify metadata prop-
erties. Higher expressive power, however, comes at the cost of higher complexity
(see ‘ontology reasoning’).

Ontology [79]. Following a widely-accepted definition for the term ontology, we de-
fine it as “an explicit specification of a conceptualization” [79], and further, that
ontologies describe the meaning of names used for the entities with human-
readable text and define “formal axioms that constrain the interpretation and
well-formed use of these terms”. In the Semantic Web, an ontology corresponds
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to the data schema definition expressed with technologies such as RDF, RDFS
and OWL. A formal specification of ontologies is presented in [136].

Vocabulary. This term, sometimes also referred to as Linked Vocabulary, is often
used interchangeably with the term ontology. As argued by the W3C, “there
is no clear division between what is referred to as vocabularies and ontologies”™.
However, it is further noted that the term ontology is often used for “more com-
plex” schema definitions, whereas the term vocabulary does not focus on a “strict
formalism”. Tt can be perceived that many popular and lightweight schemas (e.g.,
schema.org?) often use the broader term vocabulary instead of ontology. Thus,
the preferred term to use depends on the domain and the particular use case. In

this dissertation, we use the term ontology.

Term. We use the overarching expression term (in Semantic Web contexts) to refer
to an element in an ontology that is either a class or a property.

Linked Data [25]. Refers to the best practices to publish and interlink structured
data, meaning RDF-based datasets with instances and ontologies referring to
other common ontologies on the Web as well as potential links on the data level.
This typically concerns open datasets, thus coining the term Linked Open Data
(LOD).

Knowledge Base (KB) and Knowledge Graph (KG). Both terms are often used
interchangeably in the context of the Semantic Web. A KB is commonly referred
to as a populated vocabulary/ontology, i.e., ontologies along with instantiations
of its classes that represent data [61]. In DL terminology, a KB encompasses the
Terminological Box (TBox) for the schema, and Assertional Box (ABox) for the
data [75]. While the term KB is often used in contexts where reasoning plays an
important role, the term KG [101], which gained popularity through a product of
the same name by Google, is used in cases where the large scale of the datasets
determines the associated challenges and tasks, in which often semantic- and
graph-based techniques need to be applied to reconcile and enhance the data.

Ontology reasoning [108]. Ultimately, data described based on RDF, RDFS and
OWL need to be accessed and integrated with processing systems. So-called
reasoners prove the semantic consistency of the logical entailments defined in
ontologies and ontology-based datasets and derive explicit statements from the
knowledge that is implicitly defined with previous semantics. Reasoning steps
are referred to as inference and are typically implemented based on the Tableaux
algorithm [108]. The reasoning complexity varies depending on the underlying
formalism used, e.g., existing OWL variants range from Nondeterministic Polyno-
mial time (NP)-complete (OWL 2 RL and OWL 2 QL), EXPTIME (OWL 2 EL),
and undecidable (OWL 2 Full). The development of many available reasoners
is driven by the research community and the support of languages, performance
and other criteria differ significantly among implementations. Reasoners form an
essential building block to make the semantic information practically processable
and usable. Prominent reasoner implementations include Pellet [205] and Hermit

"https://www.w3.org/standards/semanticweb/ontology
’http://schema.org/
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[201]. OWL follows the so-called open-world assumption, in which the absence
of a truth statement does not imply that this statement is not true.

Shapes Constraint Language (SHACL) [119]. SHACL, on the other hand, is a

constraint language that follows the closed-world assumption, i.e., missing state-
ments are considered to be not true. SHACL allows to specify so-called shapes
that can be applied on RDF datasets and validate these based on the defined
constraints. Even though SHACL and OWL are based on different assumptions
and specified for different purposes, the expressiveness and statements largely
overlap. In practice, sometimes OWL statements are simply interpreted under
closed-world assumption instead of developing a corresponding SHACL specifi-
cation.

Rule languages [107]. Apart from reasoners, various rule-based systems have been

adopted to the RDF stack, such as Semantic Web Rule Language (SWRL) [107]
that is based on First Order Logic (FOL). The W3C recommends the Rule In-
terchange Format (RIF) [117] as a standardized layer to exchange rules between
systems. FOL rules can complement ontologies, e.g., by defining concepts with
logical conditions on defined terms in the ontology. Rules can be integrated
seamlessly in ontology documents, such as SWRL in Turtle syntax.

RDF query languages [177]. Another important use case is to query data expressed

in RDF. SPARQL Protocol and RDF Query Language (SPARQL) forms the
Semantic Web standard for this purpose. This query language meets the re-
quirements of the underlying triple data model of RDF with a rich feature set
for formulating queries. While many public SPARQL Protocol and RDF Query
Language (SPARQL) endpoints are exposed to the Web, these can easily break
the underlying system as the query language is very expressive. Instead, simpler

graph query languages that are designed as for service interfaces can be adapted
to RDF datasets, such as GraphQL [220].

Triple store [190]. Triple stores, also referred to as RDF stores or RDF databases,

are optimized for the efficient storage and retrieval of RDF data. Depending
on the implementation, query interfaces further allow applying reasoning and
graph queries. Well-known triple store implementations include Virtuoso [68]
and Stardog?.

Semantic Web Service [140]. This concept, fundamentally based on the OWL-S

ontology [140], describes the adoption of semantic technologies to Web service
design. OWL-S forms the upper ontology to model the services, including aspects
such as service metadata, functions, parameters, etc. Albeit being a sound con-
cept that enables pragmatic and potentially dynamic interoperability, Semantic
Web Services have not gained a lot of traction in the wider Web community so
far.

The following section presents an illustrative example of working with Semantic

Web technologies.
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2.1.2 Ontologies and Linked Data: IoT Example

In the context of the IoT, several research directions have emerged that often rely
on Semantic Web technologies, with the primary motivation being to solve semantic
interoperability issues. In context-aware computing [200, 172], e.g., ontologies are
often used to develop context models that describe entities and their environment.
However, ontologies are also used for context reasoning to understand the system’s
physical surroundings with regard to completeness, accuracy, noise, etc. Semantic
models may also enrich IoT data-driven analytics [137]. In typical IoT scenarios, data
is not published statically but rather as continuous data streams. Thus, being able
to perform event-processing and real-time reasoning on top of data streams has been
subject to research projects [62]. In the following, we present an example that aims to
demonstrate the nature and caveats of working with ontologies in Semantic Web and
IoT settings. Moreover, it serves as a foundation to discuss subsequent challenges and
requirements. The example is presented using the Turtle syntax and is concerned with
the description of sensed parking availability at a parking facility.

Listing 2.1 shows the prefix header of the considered document. Prefixes allow
us to shorten URIs and make terms and documents as a whole easier to read. The
example uses the previously introduced W3C recommendations (RDF, RDFS, OWL)
and further well-known ontologies, i.e., the schema.org vocabulary [81], the Sensor,
Observation, Sample, and Actuator (SOSA) and SSN ontologies [109], and, lastly, the
Open Mobility Vocabulary (MobiVoc) vocabulary that describes mobility concepts.
An overview of all ontologies referenced in this dissertation is provided in Appendix B.

@prefix rdf: <http://www.w3.org/1999/02/22-rdf-syntax-ns#> .
@prefix rdfs: <http://www.w3.org/2000/01/rdf-schema#> .
@prefix xsd: <http://www.w3.org/2001/XMLSchema#> .

@prefix owl: <http://www.w3.org/2002/07/owl#> .

@prefix schema: <http://schema.org/> .

@prefix sosa: <http://www.w3.org/ns/sosa#> .

@prefix mobivoc: <http://schema.mobivoc.org/#> .

Listing 2.1: Prefix header of the turtle file.

N O U W

An excerpt from the mobivoc ontology that describes the parking facility concept is
presented Listing 2.2. It presents the definition of two classes (mobivoc:ParkingFacility
and mobivoc:ParkingFacilityEntrance) and shows how the meaning of the concepts
can be described in different languages through rdfs:1label and rdfs:comment proper-
ties. Other properties defined as part of RDF, RDFS and OWL further allow to specify
relations and constraints of concepts, such as taxonomies by defining relations with
rdfs:subClass0f, as shown in Line 5 and 18. OWL provides more expressive logical
constraints of concepts, such as owl:equivalentClass, meaning two classes, potentially
defined in different ontologies, describe the same real-world concept (Line 6). Lastly,
the example includes the specification of a custom property (mobivoc:entrance), stat-
ing that instances of class mobivoc:ParkingFacility can have an entrance that is
defined by the class mobivoc:ParkingFacilityEntrance.

17


mobivoc

Chapter 2. Background

1 |mobivoc:ParkingFacility rdf:type rdfs:Class ;

2 rdfs:label "Parking facility"Qen ;

3 rdfs:label "Parkeinrichtung"@de ;

4 rdfs:comment "Any facility or area assigned for parking vehicles. [...]"@en ;

5 rdfs:subClass0f schema:CivicStructure ;

6 owl:equivalentClass schema:ParkingFacility .

7

8 | mobivoc:rate0fOccupancy rdf:type rdf:Property ;

9 rdfs:label "rate of occupancy"@Qen ;

10 rdfs:comment "Indicates the percentage value of parking spaces occupied in a parking
facility."@en ;

11 rdfs:domain mobivoc:ParkingFacility ;

12 rdfs:range xsd:string .

13

14 | mobivoc:ParkingFacilityEntrance rdf:type rdfs:Class ;

15 rdfs:1label "Entrance"Qen ;

16 rdfs:label "Einfahrt"@de ;

17 rdfs:comment "Entrance of a parking facility where vehicles can enter the parking
facility."@en ;

18 rdfs:subClass0f schema:CivicStructure .

19

20 |mobivoc:entrance rdf:type rdf:Property ;

21 rdfs:label "hat Einfahrt"@de ;

22 rdfs:label "entrance"@en ;

23 rdfs:comment "Describes the entrance of a parking facility."Qen ;

24 rdfs:domain mobivoc:ParkingFacility ;

25 rdfs:range mobivoc:ParkingFacilityEntrance .

Listing 2.2: Excerpt of an ontology defining the parking facility concept.

Listing 2.3 demonstrates how concepts defined in an ontology can be instantiated
to describe data. The excerpt shows one parking facility in the city of Lyon with two
entrances, one for pedestrians and one for cars.

1 | _:LPAO764 rdf:type mobivoc:ParkingFacility, sosa:FeatureOfInterest, sosa:Platform ;
2 rdfs:label "Parking LPA Hotel de Ville"@fr ;

3 schema:openingHours "Mo-Su" ;

4 mobivoc:entrance _:LPA0764-101 ;

5 mobivoc:entrance _:LPA0764-201 ;

6 mobivoc:capacity [

7 mobivoc:validForVehicle mobivoc:Car ;

8 mobivoc:maximumValue 200 ;

9 ]

10

11 | _:LPA0764-101 rdf:type mobivoc:ParkingFacilityEntrance ;
12 mobivoc:pedestrianAccess "false" " “xsd:boolean ;

13 schema:geo [

14 schema:latitude "45.768522" ;

15 schema:longitude "4.83773" ;

16 ]

17

18 | _:LPA0764-201 rdf:type mobivoc:ParkingFacilityEntrance ;
19 mobivoc:pedestrianAccess "true"”“xsd:boolean ;

20 schema:geo [

21 schema:latitude "45.768241" ;

22 schema:longitude "4.836341"

23 ]

Listing 2.3: A linked dataset describing a parking facility instance based on the
concepts defined in the ontology.

The aforementioned example describes rather static or rarely changing aspects of
the parking facility. This characteristic of data is common in datasets from the Linked
Open Data (LOD) cloud. In IoT settings, however, new data is continuously sensed
and published as data streams. The example in Listing 2.4 illustrates how a sensor
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observation about the percentage of currently available parking spots at the previously
introduced parking facility is represented using the SOSA ontology. The observation
states that 90% of the parking spaces of the parking facility are occupied.

_:LPAO764_availablility_1575361113 rdf:type sosa:0Observation ;
rdfs:label "Parking availability at parking facility LPA0764"Qen ;
sosa:hasFeatureOfInterest _:LPAQO764 ;
sosa:hasSimpleResult "90" ;
sosa:resultTime "2019-12-03T08:18:33Z"""xsd:dateTime ;

sosa:observedProperty mobivoc:rateOfOccupancy .

DU W N

Listing 2.4: A sensor reading describing information about available parking
spaces.

This simple example highlights some of the advantages of using Semantic Web
technologies. Ontologies and vocabularies allow for rich declarations of concepts and
their relations. Logical constraints further allow to match and link resources of dif-
ferent ontologies of similar and related domains. The descriptions are human- as well
as machine-readable, and since best-practices include making the definitions of the
concepts available at their URI, the documentation can be easily accessed on the Web.

To present the example more comprehensively, we visualize the corresponding RDF
graph in Figure 2.1. The graph only includes a few selected concepts for demonstration
purposes, while the actual specifications are much larger. The figure illustrates how
Semantic Web standards, ontologies/vocabularies (i.e., classes, relations, constraints,
etc.) and data (i.e., instances of classes and properties, including metadata) are repre-
sented with the same formalism so that the model- and instance-level are not clearly
separated. Vocabularies themselves are expressed as Web Data, and thus, Semantic
Web tools often do not clearly distinguish these levels. Practically, it can be challeng-
ing to make a clear distinction between these levels: even in the scope of ontologies,
some concepts may be modeled as instances (e.g., mobivoc:Car), highlighting the dif-
ficulty in making a distinction of schema and data. The example will be used in the
following section to demonstrate the challenges for ontology reuse when engineering
ontologies and modeling data.

2.1.3 Ontology Reuse and Recommendation

It is a fundamental best practice in the Semantic Web to reuse existing ontologies
and to establish semantic relations between terms [26]. The key advantage and success
factor of ontologies as knowledge representation are its characteristics of being unam-
biguous, adaptable, shareable, and reusable [116]. However, in practice, ontology reuse
can be a cumbersome task, and the capability of efficiently finding and selecting most
relevant ontologies and terms that already exist on the Web is crucial to ultimately
foster interoperabilty [204]. In this context, this dissertation is concerned with ontology
recommendation, i.e., the task of recommending the most suitable ontology or term to
a user for reuse, with a particular focus on ontology reuse in the IoT. We refer to tools
that support this task with the umbrella term Ontology Recommendation Tool (ORT).

Figure 2.2 provides a conceptual overview of ontology recommendation and its
role in the scope of ontology reuse. We consider four aspects: ontology creation and
publication, discovery, selection, and integration, for which we provide greater insights
in the following.

Creation and publication. Ontology engineering is a typical task that involves the
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Figure 2.1: Example RDF graph visualized.

challenge of ontology reuse and recommendation. When developing new ontolo-
gies, such as the MobiVoc ontology (cf. Figure 2.1), it is vital to establish linkage
to existing concepts [77]. From the perspective of the MobiVoc engineers, it is
crucial to be aware of already existing ontologies and concepts in the mobility
domain, e.g., to decide to make mappings to schema:ParkingFacility and not
to define a new term for vehicles, but rather reusing the term schema:Vehicle.
Similarly, terms and ontologies may exist that contain similar concepts but are
not important or relevant for the purposes and scope of MobiVoc. Moreover,
mappings and linkages among ontologies need to be maintained throughout their
whole life cycle. However, ontology engineering and its sub-challenges are out of
the scope of this dissertation. More details about ontology engineering can be
found in the literature [214, 135, 77].
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Figure 2.2: Ontology recommendation overview.

Discovery. It forms the first step of ontology recommendation, given existing ontolo-
gies on the Web. In order to be able to recommend ontologies, it is required to
build and maintain an ontology collection as a repository of ontology or term can-
didates that may be recommended for reuse. This discovery process comprises
the collection, evaluation, and curation of ontologies, which are respectively con-
cerned with finding/gathering existing ontologies on the Web, assessing their
quality, and maintaining the repository of suitable candidates. Discovery and
assessment of ontology candidates is for example studied in the context of Web
crawling [64] and ontology catalogs [60].

Selection. It forms the second step of ontology recommendation. Given a collection
of ontology candidates, ORT's further need to provide efficient search mechanisms
to users. The selection process is composed of interaction, query matching, and
ranking, which are respectively concerned with providing intuitive interfaces for
users/agents, finding a match of suitable candidates in the repository based on
a query, and ranking these candidates for ontology/term recommendation pur-
poses. The selection of ontologies for reuse is considered in the literature for
ontology search and ranking [38] as well as reuse [115]. The main contributions
of this dissertation relate to selection, which, to a large extend, is an Information
Retrieval (IR) problem. Thus, we present detailed background Information Re-
trieval (IR) techniques relevant in the context of ontology selection in Section 2.2.

Integration. The design and implementation of discovery and selection features of
ORTs are driven by the use cases that they should support. E.g., an ORT may
be designed for a specific domain and only collects ontologies relevant to it,
some tools may be designed to find best-covering ontologies to annotate a text,
while others aim to find a fitting term for a keyword. ORTSs are often designed
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to support a popular use case from the Semantic Web perspective, namely the
ontology engineering task (cf. Figure 2.2). However, this thesis is concerned with
novel use cases that emerged through the IoT ecosystem vision. In the following,
we provide two relevant perspectives.

Data annotation. When adding semantic annotations to data, engineers need
to choose terms from at least one suitable ontology. In an open Web setting,
we assume that there is no industry- or company-wide standard imposed on
the engineer. In case of the sensor reading publication from the example in
Figure 2.1 (white nodes), engineers need to choose one or more ontologies to
represent sensor(s) and sensor observations in general, as well as observed
objects, such as parking facilities and their parking availability based on
SOSA and MobiVoc as in this example. Only in rare cases, a single ontology
will satisfy all needs. Often, the data itself only establishes the relation
between ontologies: SOSA and MobiVoc are completely distinct ontologies,
but the data connects these two, e.g., by defining mobivoc:rate0f0Occupancy
being the sosa:observedProperty of the sensor reading. Since ontologies
and data schemas can be very complex, and many ontologies for the same
domain may exist in parallel, finding and choosing the best combination
of ontologies is a challenging task during data annotation. Respective IoT
use cases include the provisioning of smart city portals [15] and, in general,
exposing IoT data to semantic Web gateways and linking them to existing
knowledge on the Web [174].

Data discovery and integration. Lastly, relying on existing ontologies and
terms can help to find datasets by avoiding ambiguity that is, e.g., imposed
by a keyword-based search, and it allows discovering data in an expected
format that provides eased (or even automated) integration in the sub-
sequent data processing. FE.g., specifying search by looking for instances
of mobivoc:ParkingFacility (and semantically equal concepts) guarantees
that resulting datasets correspond to the given format, while a broader
keyword-based search may result in datasets that cannot be processed by
the system. In the context of the IoT, e.g., this concerns the development
of context-aware applications [200, 172] and respective search engines [71].

In Chapter 4, we provide a novel conceptualization of ORTs along with a detailed
evaluation of the state-of-the-art. We further extend the discussion of ontology rec-
ommendation by identifying its standing and limitations for the integration in today’s
[oT use cases.

2.2 Information Retrieval

Information Retrieval (IR) can be defined as “finding material (usually documents)
of an unstructured nature (usually text) that satisfies an information need from within
large collections (usually stored on computers)” [139]. One aspect of ontology recom-
mendation, i.e., selection, is partially concerned with search, which is defined as an
IR task. In this section, we present the background for relevant IR techniques that
are employed in the context of ontology search, including relevance and importance
scoring, Learning To Rank (LTR), as well as the evaluation of ranking models.
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2.2.1 Relevance and Importance

The simplest case for IR, one that does not allow to rank documents, is the boolean
retrieval: documents either match or they do not, e.g., by selecting all documents in
the corpus that contain all keywords of the query. However, in many cases, this results
in inconvenient results (especially when many documents are matched) as users need to
go manually through the complete set of matched documents. Given that the ranking
algorithm works efficiently, a large number of matches in ranked IR are not an issue,
as the most relevant results are shown on top, and the information need is ideally
satisfied by checking only one or a few documents.

Fundamentally, ranking models assign a score to all documents in the corpus for
a given query, also referred to as query-document pairs. A ranking model outputs
matched documents by the descending order of their scores so that documents with
higher scores appear on top. In this thesis, we refer to such scoring functions as ranking
models, which can be categorized into relevance and importance ranking models [132].
Relevance ranking models rank documents based on their relevance to the query, while
importance models compute scores for documents based on their standing in the corpus
(typically independent from the query).

The intuition behind relevance ranking models is about scoring how close the query
words are to the words in the documents and how frequently they appear in the doc-
uments — the more often a word from the query appears in the document, the higher
should be the assigned score for that document. One of the most well-known and
reliable scoring functions for this purpose is the Term Frequency—Inverse Document
Frequency (TF-IDF) measure [194]. Documents are ranked higher with a higher fre-
quency of the query term in the documents (Term Frequency (TF)) and increased
rarity of that term in the entire corpus (Inverse Document Frequency (IDF)). Several
related models have been proposed that build upon this intuition and have also been
proven to score relevance efficiently in practice, such as the BM25 ranking model [188].

Apart from relevance, one may be interested to take certain characteristics of a
document into account to determine its overall rank, i.e., importance ranking models.
The characteristics that could be useful criteria to be considered for ranking highly
depend on the document type. In Web search, e.g., an importance ranking model may
take into account how often a Web page was referred to from other Web pages, such
as by the well-known PageRank algorithm [164]. In the simplest case, in order to take
the query into account, importance features can be combined with a boolean retrieval,
i.e., only matching documents are ranked based on their importance score. However,
in general, it is reasonable to take several criteria into account when developing a
ranking model, and combining various scoring functions is not trivial, as discussed in
the following section.

2.2.2 Learning To Rank

Several relevance and importance scoring functions are often combined to build
a better performing ranking model, however, manually combined scoring functions
require an expert’s intuition about the weight each function should contribute to the
final ranking score [132]. This is a challenging, error-prone, and costly task, since it
may require a lot of iteration and evaluation steps in order to achieve a satisfying
performance. Machine learning techniques can help to overcome this issue. A class of
supervised machine learning algorithms called Learning To Rank (LTR) allow us to
automatically tune the parameters when combining different ranking models [132]. In
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a LTR context, we refer to scoring functions as features and query-document pairs are
represented by feature vectors.

LTR algorithms can be classified into pointwise, pairwise and listwise approaches
that differ in terms of training input and predicted output, used hypotheses and loss
functions [132]. E.g., the pointwise approach takes as input feature vectors for single
documents and predicts the relevance score for each document; the pairwise approach
relies on pairs of documents (represented by feature vectors) and predicts the pairwise
preference; and listwise algorithms take as input a set of documents and predict a
ranked list [132]. Input formats can be converted to meet the requirements of each of
the three approaches.

A typical LTR workflow consists of the following steps (cf. [134]).

e Following some strategy to sample some query-document pairs (it is usually not
feasible to define all possible queries, nor to judge all documents in the corpus
for each considered query);

e for each query-document pair in the sample, collect target labels that define how
relevant the document for the query is (often expressed through a score from
0-4), forming the ground truth;

e define useful scoring functions for the problem at hand and, for each query-
document pair in the sample, extract the scores (resulting in training, validation,
test sets);

e learn and evaluate the ranking model with a LTR algorithm in a classical machine
learning manner (hyperparameter tuning, evaluation metric selection, cross-validation,
etc.);

e deploy the ranking model, usually realized by re-ranking of top-k documents of a
simple search result since complex ranking models would not be performant on
the whole corpus or large results sets from previous boolean retrieval.

One of the major challenges in this workflow is to evaluate ranking models: it is
difficult to assess whether a ranking model succeeds in satisfying users’ information
needs. In the following, we discuss ranking evaluation in more detail.

2.2.3 Ranking Evaluation

Evaluation of developed ranking models is an important task to assess their ef-
fectiveness in helping users to satisfy their information need. In the LTR workflow,
ranking evaluation is concerned with defining the target relevance labels of the ground
truth as well as the formulation of metrics that measure how well ranking models
perform on the ground truth, as detailed in the following.

Building a representative ground truth can be achieved by relying on human an-
notators or assessors [139] that provide their judgment on how relevant a document
for a certain query is (either in a pointwise, pairwise or listwise form) [132]. However,
manual judgments are very time consuming and thus costly, may require expert as
well as domain knowledge, and could be biased if the number of assessors is low [236].
This is particularly a problem for ranking models built through LTR, as these require
large datasets for training, validation and testing. Thus, particularly in the domain of
Web search, so-called ground truth mining approaches have been proposed to create
large ground truths more cost-efficiently. A common approach relies on implicit user
feedback that is collected by observing query and clicks made by users. This input is
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used by user click models [48] to infer actual relevance labels from the noisy click logs.
Whichever approach is followed to create a ground truth, its correctness is fundamental
to ensure that a ranking model’s evaluation is based on a representative foundation.
Mining approaches usually also come with the disadvantage that they can only eval-
uate ranking models’ performance based on the user’s query, while the actual intent
and information need are not known.

The evaluation of IR methods, given a ground truth, rely on precision (fraction
of relevant documents from all retrieved documents) and recall (fraction of relevant
documents in corpus that were retrieved), however, the importance of these two metrics
depends on the case. For Web search, typically a high precision is more important:
the main criteria is that the most relevant documents are ranked on top, as the user
may be able to satisfy his information need with one or a few documents, and has no
interest in finding and looking at all relevant documents. I.e.; the circumstance that
further relevant documents that are not identified as relevant by the model may exist in
the corpus is often only a secondary concern. Following this intuition, several popular
evaluation metrics are commonly used in the context of Web search to assess a ranking
model’s performance based on a given ground truth. We limit our discussion to the
metrics used in this thesis: Mean Average Precision (MAP), Normalized Discounted
Cumulative Gain (NDCG) and Expected Reciprocal Rank (ERR).

Mean Average Precision (MAP) [13] is an evaluation metric that computes a
single measure between 0 and 1 for a set of queries (e.g., test queries from a ground
truth). MAP computes the average (arithmetic mean) of the Average Precision (AP)
for each query, and the AP determines the average precision value for a set of top k
documents for a single query. The precision at k (PQk) is defined by the fraction of
relevant documents in the top k results returned by the ranking model:

PGk — w (2.1)

where rel(k) equals to 1 if the document at position k is truly relevant and 0 otherwise.
Subsequently, the average precision for a query @) is defined as:

Doy PQE x rel (k)
B relp|

AP(Q) (2:2)
where |relg| corresponds to the number of relevant documents for query @, and m
being the number of associated documents for query @ (i.e., number of documents in
the ground truth with a relevance judgment for query @). Finally, the overall MAP
score for a ranking model is computed by:

1

MAP = —
Q|

> APQ) (2.3)

QeQ

where Q corresponds to the set of test queries that are considered in the evaluation.
MAP has the following characteristics worth mentioning. First, each query factors
equally into the final score, even though some queries might have very few and others
a lot of relevant documents associated with it, often leading to a high variation of AP
scores among queries [139]. Second, MAP, as considered here, is dependent on precision
at k — a practical necessity since it is hard or impossible to obtain an estimation of how
many documents are relevant for a query in the entire corpus. When calculating AP,
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the cut-off value k£ may not be fixed for all queries: it is determined by the number of
judged documents for the query (parameter m). Since the considered k has a significant
impact on the PQFk score, it is considered as one of the “least stable of the commonly
used evaluation measures” [139]. From a LTR perspective, this observation implies
that the design of the ground truth impacts the observed performance of the ranking
model. These effects are studied in the LTR community under sample selection [150]
as well as deep/shallow judgments [245] and are important criteria when interpreting
ranking model performance results. Third, MAP only considers binary relevance: it
only considers relevance determined by rel(k) in terms of 0 and 1; it does not distinguish
between documents that are more relevant than others, e.g., on a discrete scale from 1
to 4. In contrast, the metrics presented in the following do consider such multi-valued
relevance labels. Nonetheless, MAP is widely used and, in general, has shown stability
for the evaluation of ranked IR models [139].

The evaluation measure Normalized Discounted Cumulative Gain (NDCG)
[111] considers graded relevance scales and further a position discount factor, meaning
that more relevant documents receive higher scores and are further penalized when
they appear at later positions in the rankings. Like PQk, NDCG is computed for fixed
top k documents of the result list. NDCG computes the Discounted Cumulative Gain
(DCG) for each query, which is composed of the (cumulative) gain G' and the discount
factor n:

2re1 7)

k k
DCG@MQ)ZEQ }:k%2]+1 (2.4)

Jj=1

where rel(j) corresponds to the relevance score (typically between 0 and 4) of the
document ranked at position j, 2°'0) — 1 being a typical way of computing the gain G
and m being a common implementation of the discount factor n. NDCG further
normalizes the DCG score for each query by its ideal value, i.e., the DCG score of a

perfect ranking:

> 0co DCGAK(Q)

NDCG@k =
cG > geo ideal DCGQE(Q)

(2.5)

where ideal DCGQE(Q) is the DCG score computed based on the ideal order of the
judged documents for query ). Like MAP, NDCG forms a single measure for a ranking
model’s performance with a value between 0 and 1. Similarly, NDCG’s intuition lies
in measuring precision, not recall. The approach to designing the ground truth also
impacts the observed NDCG scores, mainly due to the chosen relevance scale and the
relevance label distribution for judged documents [150]. NDCG is one of the most
popular metrics in Web search settings with graded relevance [139].

The proposed Expected Reciprocal Rank (ERR) [43] metric, which also sup-
ports graded relevance scales, is designed with the consideration of user behavior in
Web search settings. Instead of relying on a simple, position-based discount factor as
in NDCG, ERR follows a cascade model that also considers the relevance of higher-
ranked documents. Following the intuition of the cascading browsing behavior [54], it
takes into account the probability that the user is not satisfied with the first j —1 docu-
ments but satisfied with the document at position j. ERR relies on a mapping function
from the considered relevance grades G (e.g., G = {0,1,2,3,4}) to the probability of
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relevance R:

29 -1

= — 2.
Rlg) = s (2.6
where g is a relevance grade from G (g € G). ERR is then defined as:
1 Uy [
ERROk = — Y Y —[] (1 = R (rel(i)) R (rel(j)) (2.7)
<l QeQ j=1 k i=1

where rel(i) corresponds to the relevance grade of the document at position ¢, and k
corresponds to the top k documents for the result of query () considered for evaluation.
ERR evaluates ranking models with the intuition that users will stop looking at further
documents if they already have seen one or many documents (assuming a cascading
browsing behavior) with high relevance in the ground truth. It is argued that ERR is
thus a better metric for Web search engines [43]. In the following, we summarize the
case of applying IR techniques in the context of ontology search.

2.3 Ontology Ranking

Ontology ranking and ontology search describe applications of IR techniques to
ontology collections. In this section, we present the details and particularities of this
task by applying general IR concepts, as introduced in the previous section, to the
case of ontologies.

Query. The query format remains the same for ontology ranking: keywords. Less
dominant query formats in the scope of ontology ranking include structured
query languages and free text.

Documents. Two different retrieval tasks are (unfortunately) both referred to as
ontology ranking in the literature: documents to be retrieved can either be whole
ontologies or individual terms from a set of ontologies. Whether users are looking
for ontologies or specific terms depends on their use case and in the case of term
ranking, overall criteria of the terms’ ontology are similarly important [196].
Similar to Web search, ontologies and terms are not just plain text but rather
semi-structured documents, which changes the nature of developing relevance
and importance scoring functions.

Relevance. It is essential to determine the relevance of an ontology or term to a query.
In ontology ranking, the URIs might be considered as an indicator, however, in
practice, the URI does not need to carry any meaning. While it is a fairly common
practice to include the concept’s name in its URI, Wikidata?, e.g., creates its
URIs based on generated numeric identifiers that do not indicate anything about
the meaning about the concept that this URI represents. Thus, relevance search
of ontologies needs to consider specific properties of ontologies/terms and apply
query matching scores based on strings defined in these properties. The most
common ones are rdfs:label and rdfs:comment. Approaches that rank ontologies
as a whole may look into the properties of all its terms instead of determining
relevance only based on annotation properties of the ontology.

‘https://www.wikidata.org/
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Importance. The task of determining the importance of ontologies has similarities

with conventional Web search, meaning respective importance ranking models for
Web documents can be adapted for ontology ranking. These ranking models are
complemented with novel criteria that are specifically designed for the ranking
of ontologies and terms. For example, being referred to by other ontologies gives
an ontology a better standing, as it means that it has been used before by others
(following the intuition of PageRank from conventional Web search). On the
other hand, criteria such as logical consistency, ontology status, availability, etc.,
may also form important factors when recommending ontologies for reuse that are
specific to the task of ranking ontologies. Moreover, specific criteria depending
on ontologies’ domain and reuse intent can also be of interest.

Evaluation. Ontology ranking adopts the common assumptions from conventional

Web search for evaluation, meaning it is assumed that users do not want to go
through all matching ontologies/terms, but rather the most relevant ones until
their need is satisfied. Thus, precision-based evaluation metrics are applied for
ontology ranking.

More details on the state-of-the-art and novel insights on ontology ranking are

developed throughout the remainder of this dissertation, in particular in Chapter 3 to
Chapter 6.

2.4 Summary

This chapter presents relevant background material for this thesis by introducing

techniques in the scope of the Semantic Web, IoT use cases and IR. The following
chapter presents state-of-the-art from the literature regarding the application of such
techniques to enable semantic interoperability through ontology reuse.
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Chapter 3

Related Work

This chapter presents related work with regard to ontology recommendation. We
present the proposed tools that fall in the scope of ontology recommendation, studies
that specifically focus on the design of ontology ranking models, and, finally, the state-
of-the-art in the evaluation of ontology ranking models’ ranking quality.
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3.1 Introduction

Several ontology repositories, libraries, search engines and other tools have emerged
in order to discover, search and promote the reuse of already defined ontologies and
terms. Furthermore, studies specifically dedicated to ontology ranking and their eval-
uation have been presented in the literature. In the following, we introduce these
studies. Similar reviews can be found in the literature [60, 193, 95, 235, 36|, which
guided the selection of relevant studies.

3.2 Ontology Recommendation Tools

The ORTs presented in the following are ordered chronologically based on the date
of their first publication.

Ontokhoj [167] is one of the earliest ontology search engines described in the liter-
ature. The project includes an experimental crawling process to find ontologies on the
Web using RDF crawler!. The query interface is not a direct keyword-based search,
but further allows users to select the exact meaning of their search words interactively
based on the WordNet? dictionary [148]. The crawled ontologies are automatically
classified into domains (e.g., university, sports, computer science) and the experiments
include a comparison of several classification algorithms (e.g., Naive Bayes, k-nearest
neighbors). The proposed ranking mechanism is PageRank-based, with the modifica-
tion of giving a different priority (weight) to the type of relationship, i.e., hyperlinks,
differentiating between three groups: rdf:type (highest priority), rdfs:subclass, and
rdfs:domain (lowest priority). The importance-based (i.e., query-independent) rank-
ing model is then applied per domain, scoring respective ontologies. Ontokhoj does not
include a formal evaluation of the ranking effectiveness, nor is the prototype available
online at the time of writing.

OntoSelect [31] was proposed to provide a tool for ontology selection with a
continuous crawling procedure that monitors the Web for newly published ontologies.
Thus, it is also built upon a diverse ontology collection of various domains. Newly found
ontologies are analyzed in terms of used knowledge representation formalisms, used
languages, and size. The proposed ranking mechanism is designed under the aspect
of helping users selecting the most useful ontology. Thus, the ranking is composed of
three aspects: (i) coverage, a more thorough relevance match adjusted to the structure
of ontologies, i.e., taking into account the number of matched labels in the ontology;
(ii) structure, a straight-forward importance score that favors ontologies with a higher
properties-per-class ratio; and (iii) connectedness, a PageRank-based scoring function.
However, no formal evaluation of the proposed ranking model is presented and the
respective application is not available online at the time of writing.

Swoogle [64, 65] is an ontology search engine that had a significant impact and
was actively used. Swoogle is not only designed to enable search for ontologies but
also instances, i.e., linked data, however, it follows a document-centric approach. The
underlying collection of Semantic Web documents is built through continuous Web
crawling and, over time, led to a collection that includes over 10000 ontologies. The
initial set of potential URLs of Semantic Web documents is collected through several
Google searches, and users are able to submit URLs for focused crawling. Similarly to
OntoSelect, the goal of Swoogle includes analyzing characteristics of the Semantic Web,

http://ontobroker.semanticweb.org/rdfcrawl/
’https://wordnet.princeton.edu/
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such as used knowledge formalisms. Swoogle’s ranking for keyword-based search is also
PageRank-based, however, the adapted scoring function considers a more detailed cate-
gorization of relation types among ontologies. Various rdfs and owl terms are grouped
into six relation types: term references, imports, extension, prior version, compatible
prior version, and incompatible prior version. The relation type then defines a weight
of the PageRank scoring function. The ranking evaluation includes a comparison with
an unweighted PageRank approach with the goal of ranking documents that define
ontologies higher than others but does not include a formal evaluation on the ranking
performance. The platform is still accessible online?, yet not always fully functional.

Supekar et al. [217] aim to analyze the quality of existing ontologies and provide
respective interfaces in order to support the ontology engineering process. This work
does not concern the collection of ontologies and relies on the Ontokhoj tool to per-
form analysis on a real-world ontology collection. The authors argue that a qualitative
analysis of ontologies is an important aspects when searching ontologies for reuse and
that “determining the right ontology is still an open issue” [217]. The proposed fea-
tures encompass measures about maintainability, usability, availability, re-useability,
reputations, citations, semantic expressibility and syntactic correctness. Moreover, the
approach proposes a weighted sum for the combination of these features to determine
a preference score of each ontology for reuse. However, the qualitative evaluation is
performed on an ontology collection of one domain and does not consider these criteria
combined with user queries or search features, nor does it provide an evaluation of the
proposed criteria or a prototype that is available online.

OntoMetric [133] proposes a method to compare and eventually choose ontologies
for reuse. The proposed criteria include the dimensions content, language, methodol-
ogy, tool and costs, for which detailed lists of ontology characteristics are defined. The
proposed method to choose an ontology is based on the Analytical Hierarchy Process
(AHP) to select an ontology following these criteria. The tool aims at a manual eval-
uation of several ontology candidates to assess their suitability for reuse, rather than
providing efficient recommendation based on minimal user input (as it is common in
ontology search). The proposed methodology is difficult to automate and not applica-
ble to search, since many specific ontology features rely on subjective judgments for
quality aspects that need to be made by humans. Nevertheless, this perspective of
ontology selection highlights the limitations of search engines and that the results in
terms of a ranked list of ontologies and terms need to be reviewed by the user to make
a final decision — not all criteria can be automatically extracted and considered upfront
in the retrieval system. At the time of writing, the prototype is not available online.

Ontology Auditor [34] suggests several metrics to assess the quality of ontologies.
The metrics relate to syntactic, semantic, pragmatic and social quality of the ontolo-
gies, defining in total 15 attributes. In contrast to OntoMetric, these attributes are
defined in the form of formulas that can be objectively extracted from the ontologies.
The Ontology Auditor tool is composed of a crawling module that collects ontologies
and a rating module that assigns scores based on the suggested quality attributes. Fi-
nally, a total quality score is computed through a fixed weight combination as proposed
by the authors, which, however, is not formally evaluated. The assessment results can
then be retrieved via a Ul and an API, i.e., it does not offer any search capabilities.
As of the time of writing, the tool is not available.

OntoQA [223, 222| forms another approach to analyze the quality of ontologies.

3http://swoogle.umbc.edu/2006//index . php
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The metrics address both the schema level (e.g., relationship richness, attribute rich-
ness, inheritance richness) and instance level (e.g., class richness, average population,
cohesion, importance, fullness, connectivity). The metrics are formally defined and
can be directly extracted from the ontologies. The tool does not provide any search
features, instead, a user is expected to provide an ontology subject to the quality as-
sessment and the tool computes the quality scores for that ontology. No combination
of metric’s scores is provided, meaning it requires further individual interpretation to
reach an understanding of whether the ontology satisfies the user’s information need.
Moreover, the proposed metrics are not formally evaluated. While such a tool does not
help in finding ontologies, it can support users in analyzing a known set of ontology
candidates considered for reuse. To the best of our knowledge, no prototype for this
tool is available.

Ontosearch [248, 112] is a search engine that aims to provide a specific user
interface and visualizations for ontologies on top of the Google search engines: users’
keyword input is forwarded to the Google Web API (which does not exist anymore),
filters the result set to ontologies, and the resulting ontologies can be explored visually
by the user. This tool employs the fact that ontologies are de facto Web pages and
traditional Web search could be applied for ontology search. However, using Google
for this purpose has not become a common practice. Ontologies are more complex
compared to hypertext documents, and efficient ranking demands adjusted scoring
functions for this purpose.

Knowledge Zone and TS-ORS [131, 218] form an ontology repository for biomed-
ical ontologies. The approach focuses on a quality indicator based on user ratings,
which was designed to simplify the ontology reuse process. The ontology collection is
built through user submissions. The final ranking score of ontologies is built upon a
model coined as Web of Trust - it is not only based on the ratings of the ontology by
the users, but also based on the ratings of users made by other users, i.e., measuring
to what degree a review of a user can be trusted. Users are able to tune the weights
of two specific ranking features, the trust and the distrust rank, depending on which
criterion is more important for the user. In ontology reuse, getting user feedback about
ontologies is an important aspect that can help the convergence to common ontologies
in a community. On the other hand, feedback in terms of user ratings requires an
active community. To the best of our knowledge, the Knowledge Zone platform is no
longer available online.

Open Metadata Registry [98] is a platform that goes beyond the discovery
of ontologies: it further provides means to create and maintain ontologies with the
goal to foster reuse and interoperability even when ontologies evolve and new versions
arise. However, the evolution of “external” ontologies is considered out of control. The
tool also provides an interface to explore ontologies, such as defined classes, provides
authorship roles to define who may edit or expand an ontology and tackles various
challenges in the scope of ontology versioning. It further provides a straight-forward
relevance search feature for ontologies and terms (for which no detailed information is
provided). The tool can be accessed online* and highlights the collaborative aspect of
ontology engineering and reuse.

Ontosearch?2 [166, 225] is an ontology search engine that was developed to super-
sede Ontosearch. In addition to the ontology exploration of Ontosearch, Ontosearch2
supports lightweight DL reasoning in order to find implicit relationships between on-

‘http://metadataregistry.org/vocabulary/list.html
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tologies. It further describes the addition of a SPARQL query interface to the keyword-
based one to support users in finding ontologies and terms more efficiently. It is able to
process fuzzy queries in which a confidence threshold can be specified that determines
whether a term matches or not. The formal evaluation of Ontosearch2 is based on
non-functional requirements such as performance, i.e., the effectiveness of the various
search interfaces is unclear. To the best of our knowledge, Ontosearch?2 is not available
online.

Oyster [165] is a distributed repository that was designed to assist researchers in
reusing existing ontologies. It focuses on input provided by users: ontologies and their
metadata, such as their domain, are submitted by users, so-called peers. The Ul offers
a search interface in which queries can be formulated in the form of keywords, and
further restricted to matches in specific ontology properties. Moreover, the search can
be restricted to ontologies provided by specific peers. Due to its distributed nature, a
search may result in a lot of duplicates. Oyster employs a semantic similarity analysis
to show a merged view to the user. However, no formal evaluation of the tool’s efficiency
in terms of ontology reuse is presented. The project’s source code is available online’.

(Web)CORE [72, 41] aims at providing a recommendation for the reuse of ontolo-
gies based on an informal domain description. The tool’s UT allows to specify and refine
the domain description, which is considered as the gold standard of the user’s informa-
tion need. Ontologies from the repository are then evaluated based on several levels
(e.g., lexical, syntactic, semantic) and evaluated based on their similarity to the gold
standard. Additionally, collaborative filtering techniques based on user evaluations are
employed to integrate human judgment about the ontology reuse candidates for more
complex criteria. Lastly, all criteria are combined to measure the similarity between
candidate ontologies and the specified information need by the user, and a ranking
model is proposed based on this measure. The combination of scores is based on fixed
weights and pre-defined by the authors. The ontology recommendation capabilities of
this tool are evaluated based on a user study with 18 participants and 30 ontologies,
in which the participants were given a task and had to specify their satisfaction with
the tool’s recommendation. To the best of our knowledge, WebCORE is not available
online at the time of writing.

SWSE [93, 104] is a Semantic Web search engine that puts emphasis on scalability
through its distributed implementation. SWSE crawls the Web for ontologies as well as
linked data using MultiCrawler [94], and indexes them, resulting in more than 250M
RDF statements. The application provides a Ul to browse the discovered concepts
and entities and furthermore performs reasoning to infer additional facts about the
viewed concepts. The underlying ranking of the keyword-based search is PageRank-
based, which has been separately studied under the name ReConRank (see Section 3.3).
However, as of the time of writing, the tool is not available online.

Sindice [229, 162] is a RDF document-oriented search engine with a continuous
crawling process that updates Sindice’s search index. Through its document-oriented
approach, it considers both ontologies and data. The architecture is designed to provide
an efficient lookup of the index through a keyword-based search. The tool does not
aim to extract further metadata or statistics from the discovered documents, however,
it applies reasoning over the indexed documents in order to make implicit statements
explicit. The ranking of the search feature takes into account a TF-IDF-based query
match, an external ranking score of the document’s hosting page, as well as whether the

Shttps://sourceforge.net/projects/oyster2/
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hostname matches the document’s base URI. The cited publications do not describe
the composition of the final ranking model. At the time of writing, the application is
not available online.

Watson [57, 59] forms a Semantic Web search engine with a particular focus on
the analysis of ontologies, arguing that a Semantic Web gateway should take into ac-
count semantic particularities. Thus, Watson analyses discovered ontologies to extract
metadata, classify their content and identify relations among documents. The ex-
tracted metadata enhances the result lists and provides additional information to the
users. Moreover, it is argued that such metadata can be a crucial factor in terms of
ontology ranking to support the ontology selection task, however, no explicit ranking
model taking these criteria into account is proposed. The UI further offers the option
to explore the resulting ontologies and provides a SPARQL endpoint. At the time of
writing, the application is not available online.

OBO Foundry [206] is targeted to biomedical ontology engineers and advocates
shared principles for ontology design with the goal of maintaining a set of interop-
erable ontologies. The principles include open use, collaborative development, non-
overlapping, and strictly-scoped content. Unlike the Web crawling approach, the OBO
Foundry ontology collection is administered with well-organized oversight, resulting in
an ontology repository with higher quality, more trust by the community, and a higher
tendency of reuse. This, eventually, enabling systems’ interoperability, however, is
restricted to the respective domain and community. The OBO Foundry UI provides
a tabular view of the maintained ontologies and includes a link to the Ontobee (see
below) search interface. The platform is available online®.

(combi)SQORE [230, 231] is an ontology retrieval framework that relies on so-
called semantic queries. The complex query format allows the specification of manda-
tory and optional conditions, e.g., with regard to string matches and relations, and
to specify a weight for each condition. The framework subsequently defines several
scoring functions that are aggregated to a similarity score (that defines how well the
terms used in the semantic query match the concepts in the ontology) and a query
coverage score (that determines how well the defined constraints are covered by the
ontology). The underlying ontology collection is gathered through the Watson search
engine, however, neither the UI nor the API of SQORE are available online at the time
of writing.

Falcons Concept & Entity Search [46, 181] is a search engine for both the
search of concepts (i.e., terms) in ontologies as well as entities from linked data. The
platform also follows a Web crawling approach to create the underlying document
collection, however, unlike previous search engines, it does not only index literal-valued
properties (such as rdfs:label and rdfs:comment) but instead creates a ‘description
graph’ of each concept that enables efficient search with keyword queries that include,
e.g., “subclassof” in the query. The UI further provides a more elaborate summary
of concepts (e.g., the main properties of a concept that may originate from different
documents) and the possibility to browse ontologies. The Falcons Entity Search is
one of the earlier approaches that define a popularity scoring function in addition to a
relevance measure to rank concepts. Popularity is an importance ranking model that is
measured based on the number of Semantic Web documents in which a concept is used
to describe data. In the Falcons ranking model, popularity is integrated as a factor
of the relevance score in the overall ranking model. The evaluation of the platform is

Shttp://www.obofoundry.org
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based on a questionnaire to assess the usability and satisfaction with 23 participants.
The platform is not available online at the time of writing.

VisiNav [92] forms a linked data search engine with a focus on the user interaction
model. One goal is to support the user in defining more complex queries based on the
combination of atomic query operations. Upon a keyword-based search, users are able
to explore the results with several views (e.g., as list and graph and use facets to
explore specific properties of the entities and to navigate through the graph until the
user’s information need is satisfied. The result display follows the notion of ‘topical
subgraphs’, to show the next steps for navigation starting from a focused concept. The
underlying data for the prototype is based on LOD dumps as well as a Web crawl,
and several indexes are constructed, including statement, path, text, facet and out-link
index. The ranking is solely based on relevance, however, the evaluation is restricted to
performance aspects and does not consider recommendation capability. The respective
prototype is not available online as of the time of writing.

BioPortal [157] is one of the most adopted and featured ontology platform for the
biomedical domain. It offers means to add, maintain, browse and visualize ontologies,
a search interface for ontologies and terms, an annotator of free text with terms from
biomedical ontologies, an ontology recommender, the possibility to define mappings
between terms and to provide peer-reviews of ontologies. Thus, BioPortal focuses on
the collaborative aspects of ontology engineering and reuse and has formed a rather
large community. Moreover, most functionalities are also accessible via its API. While
the search features rely on relevance matches with advanced filtering options for users,
the recommender functionality provides a more complex ranking model. The details
of the recommender are presented in the ‘NCBQO2.0’ paragraph in Section 3.3. The
BioPortal can be accessed online”.

Cupboard [58] is a system that is targeted at ontology engineers and users in-
terested in reusing an ontology. Ontologies are not automatically crawled from the
Web but are submitted by users, who are able to further describe and maintain the
ontologies through the features of the tool. As a distinction with other tools, users
can create their own space to maintain their ontologies rather than feeding a central
collection of ontologies. It then relies on external, crawling-based search engines, such
as Watson, for respectively added ontologies to be indexed and searchable for other
users. It further supports ontology engineers in defining mappings among ontologies
within an ontology space. Moreover, it relies on the previously introduced TS-ORS
model to assign ratings to ontologies. To the best of our knowledge, the cupboard
prototype is not available online.

MMI [191] is an ontology repository that was built to foster marine metadata in-
teroperability. The MMI Web portal allows users to submit and maintain ontologies,
provides versioning and collects additional metadata about them. The ontology col-
lection can be browsed and filtered by users based on several criteria, such as ontology
owner, status and type. The tool further offers a keyword and a SPARQL search to
find terms in the ontology collection. Internally, keyword searches are translated to
SPARQL queries that return a simple result list with all triples containing at least one
keyword. Similarly to BioPortal, MMI emphasizes the collaborative aspect of ontology
engineering, e.g., by showing author and user name in the result list. MMI is accessible
online®.

"http://bioportal.bioontology.org
Shttps://mmisw.org/ont/
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Ontobee [241, 161] provides means for sharing, visualizing, querying, integrating
and analyzing ontologies. It serves as the default ontology browser for ontologies
of the previously introduced OBO Foundry and, by 2016, contained 180 ontologies
with more than four million of terms of the biomedical domain. It offers a keyword-
based search for terms and a SPARQL endpoint to query the ontology collection. To
the best of our knowledge, the search feature is solely based on relevance and the
overall recommendation capabilities are not formally evaluated. Ontobee also includes
a feature to extract statistics and to annotate free text with ontological terms. Ontobee
is available online?.

WebOWL [19] is a Semantic Web search engine with a ranking model particu-
larly adjusted to terms. It employs a Web crawler to continuously discover new OWL
and update changes in existing ontologies that form the underlying ontology collection
with over one million terms. The discovered data is stored in a triple store. WebOWL
includes a dedicated ranking algorithm named ‘OWLRank’. The ranking mechanism
is a PageRank-adaptation on the term level, meaning it takes into account the links
between classes and individuals, not just between ontologies as a whole. The query in-
terface allows specifying keywords for specific fields (ontology, characteristics, property
restrictions) as well as an OWL-based input in which the statements form the search
constraints and a dedicated OWL class specifies the information need. As of the time
of writing, the prototype is not available online.

LODstats [12, 69] is a tool that aims to extract statistics from datasets of the
LOD cloud. The 32 considered criteria include, e.g., the use of ontologies, classes and
properties, as well as quality analysis such as the PageRank measure for ontologies.
The underlying document collection is extracted from a LOD catalog. The tool further
offers a keyword search based on relevance to find statistics for certain ontologies and
terms, which can be accessed via a Ul and an API. While LODstats does not primarily
aim at recommending ontologies, it extracts valuable metadata that can be used for
more enhanced recommendation approaches. At the time of writing, the platform is
not accessible online, but the source code is publicly available!®.

vocab.cc [208] provides a search for ontologies used in datasets from the LOD
cloud, specifically those from the Billion Triple Challenge (BTC) dataset''. The huge
datasets are analyzed and the frequency of terms occurring in these datasets is ex-
tracted. The tool offers a keyword-based search and matching terms are ranked ac-
cording to their frequency. The ranking can be accessed via a Ul and an API. For
users who solely want to rely on how often a term has been used in the BTC datasets,
vocab.cc provides easy and efficient access to it and thus potentially recommendations
for term reuse. The tool can be accessed online!2.

BiOSS [142] is a system designed for the selection of biomedical ontologies. The
tool is based on a collection of 200 pre-selected biomedical ontologies. The user input
can be specified in the form of keywords that should describe the domain of interest;
furthermore, users can assign a weight to these keywords to define their relative im-
portance, allowing the system to prioritize matches of more important concepts. The
tool performs interactive pre-processing on the query, such as spell-checking, avoiding
disambiguation and performing query expansion. BiOSS recommends either single or

9http://wuw.ontobee.org
Onttps://github.com/AKSW/LODStats
Uhttp://km.aifb.kit.edu/projects/btc-2011/
2http://vocab.cc/
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combinations of ontologies based on four criteria: input coverage, knowledge richness,
knowledge formality and popularity. The popularity of an ontology is computed based
on the number of papers in PubMed!'? that mention the ontology, whether the ontol-
ogy is contained in the BioPortal platform, and the number of Wikipedia'* articles
that mention the ontology. The final ranking model combines these criteria with a
sum and fixed weights of the criteria. The evaluation includes a questionnaire with 16
participants, which assesses the usability and accuracy of BiOSS. To the best of our
knowledge, the respective Web tool is no longer available online.

Manchester OWL Repository [143] is a resource that advocates the curation of
ontologies and offers means for creating and sharing ontologies. The ontology collection
is composed of crawled ontologies from other repositories such as BioPortal as well as
a manually curated set of ontologies. Ontologies must cohere to minimum quality
standards, such as syntactic correctness. The repository can be accessed via a Ul and
an API. The interfaces rely on a query language that allows defining constraints on
specific metrics, such as the count of classes or axioms (e.g., ‘class_count > X"). The
repository is online available!®, however, as of the time of writing, not with its full
functionality.

smartcity.linkeddata.es [175] provides an ontology as well as a dataset collection
for smart city use cases categorized into twelve domains that were identified as relevant
for such use cases. The collection is built by experts based on IoT project experience,
online search and dataset investigation. For each ontology, preset metadata is added,
such as ontology title, creation date, syntax, domain, etc. Ontologies are further
evaluated based on whether they comply with LOD best practices. The catalog is
made available with a UI through which users can suggest ontologies to be added to
the collection. However, no recommendation and search features are implemented.
The UI solely offers a filter by domain. The catalog is available online!®.

OUSAF [9] is a framework that was designed to analyze the usage of ontologies
from RDF datasets. The ontologies are collected from other search engines (i.e., pre-
viously introduced Watson and Sindice). The tool extracts various statistics, such as
the number of instances, ontology and term usage, interlinkage from the ontology col-
lection. It further computes an importance ranking score for all terms, which is based
on richness, usage, and incentive. All metrics are formally defined and can be directly
extracted from the dataset. The extracted information, including the ranking, can be
retrieved through SPARQL queries. To the best of our knowledge, the prototype of
this tool is not available as of the time of writing.

Ontology Lookup Service [114] provides a Ul and an APT to access biomed-
ical ontologies. It provides a keyword search with optional filters (e.g., term type,
specific ontologies) to retrieve concepts defined in the ontologies. Ontologies are not
maintained within the platform; instead, external sources containing ontologies are
regularly checked for changes and the platform only keeps the most recent version
of an ontology in its collection. New links to ontologies can be added through user
submissions that are reviewed by the maintainers of the platform. The service can be
accessed online!7.

Bhttps://www.ncbi.nlm.nih.gov/pubmed/
Ynttps://www.wikipedia.org/
5http://mowlrepo.cs.manchester.ac.uk
http://smartcity.linkeddata.es
"https://www.ebi.ac.uk/ols
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LOV [232] is a curated ontology collection with the aim of facilitating the reuse of
common ontologies. The tool provides an ontology, term and SPARQL search/query
interfaces that can be accessed through a Ul and an API. LOV keeps track of ontologies’
versions and extracts metadata of the corpus, such as the relationships and their types
among the ontologies, which are further visualized in the Ul. Adding and maintaining
ontologies is a semi-automated process and ontologies need to meet minimum quality
requirements such as dereferencability, syntactic correctness, rdfs:label annotations
for all terms, etc. The process is overseen by human curators to ensure and reinforce the
quality of the corpus. The search feature is keyword-based and the ranking combines
a BM25 query match score with a popularity measure extracted from usages in LOD
datasets. LOV is a popular platform that has been integrated into many external tools
that require ontology or term lookup. The platform is accessible online'®.

Ontohub [50] is a platform that aims to bring ontologies with different knowledge
formalism together, i.e., to enable the mapping to terminologies that are not repre-
sented in RDF. It relies on the Distributed Ontology, Model and Specification Lan-
guage (DOL), an umbrella representation for ontologies in several different knowledge
representation formalisms. Ontohub is merely composed of a set of repositories and de-
scribes itself as repository engine. Furthermore, repositories are Git repositories which
allow straight-forward version control supporting the evolution of ontologies. The use
of DOL expands the potential reuse of schemas and mappings to other terminologies
and standards beyond Semantic Web technologies. The UI offers a keyword search
and filtering options over all ontologies/terminologies across repositories. Ontohub,
currently in its beta stage, is online available®.

In this section, we reviewed a selection of ORT's from the literature. In the following
section, we present related work that focuses particularly on the ontology ranking
aspect.

3.3 Ontology Ranking Models

In addition to the previously introduced tools that aim to collect and eventually
recommend ontologies, there are related studies that focus particularly on ontology
ranking, a fundamental aspect of ontology recommendation. In the following, we
introduce these works, again in chronological order based on the year of publication.

ReConRank [102] is a ranking model designed for the ranking of Semantic Web
data, i.e., it is not specifically designed for the ranking of ontologies. It combines
a collection-wide PageRank-based importance score (ResourceRank) with a relevance
score based on a ‘focus subgraph’ that depends on the query (ContextRank). The eval-
uation of this approach focuses on the efficiency in terms of computing time upon a
query. Since PageRank-based scores are query-independent, they can be pre-computed.
The ContextRank ranking model, however, depends on the subgraph size that depends
on the query. The subgraphs are constructed by selecting in- and out-links of the sub-
ject node of all matching literals, to which the same scoring algorithm is applied. Unlike
standard PageRank adaptations, the latter measures the authority of the matched con-
cepts compared to nearby concepts. ReConRank has been used as the ranking model
in the previously introduced SWSE search engine [93].

AKTiveRank [6] proposes four scoring functions for the ranking of ontologies.

8https://lov.linkeddata.es/
https://ontohub.org/ontologies
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The class match measure is a relevance score based on exact and partial matches
in rdfs:label properties of ontologies’ classes. The density measure is an importance
measure based on the number of subclasses, superclasses, relations and siblings defined
in the ontology. The semantic similarity measure is an adapted general graph scoring
relevance measure based on the shortest path of matched classes in an ontology. Lastly,
the betweenness measure adapts a general graph scoring importance measure that
measures the centrality of a node based on the number of shortest paths that pass
through it. The study further proposed fixed weights for the combination of these
features. The evaluation of the ranking model is performed on a dataset that contains
human relevance judgments for ~ 400 query-ontology pairs.

LOVR |[211] is designed to find ontologies and terms that are most suited to anno-
tate a given Web page. With Web pages forming query input, the framework extracts
relevant concepts, which in turn are used to query the LOV platform for relevant
terms. Moreover, previously introduced vocab.cc and LODStats are used to extract
usage statistics for these terms. The final ranking score combines the LODStats mea-
sure, the vocab.cc measure, the LOV ranking score and a boolean match factor (0 or
1) with a fixed formula and is applied to each extracted concept of the Web page.
LOVR is practically limited because the employed tools do not have the same un-
derlying ontology collection, i.e., not all considered metadata scores can be extracted
for all recommendation candidates. The evaluation only includes a comparison of the
framework’s recommendations with a single real-world Web page that already contains
semantic annotations (thus considered as ground truth). Moreover, the recommenda-
tion only considers individual concepts and does not analyze which ontology might be
able to cover most concepts of the Web page. Lastly, Web page annotations in practice
usually rely on the schema.org ontology, as this is the only one considered by major
search engines. Hence, the applicability of Web pages as query input is limited.

DWRank [40, 37] proposes a combination of three scoring functions for the rank-
ing of ontology terms: a boolean match (scoring 1 if a term matches the query, 0
otherwise), a PageRank-based score (determining the authority of a term), and a
PageRank-based score based on a reversed ontology graph (determining the centrality
of a term). The study also stresses the need to consider implicit relationships between
ontologies, as these are often missing, in order to obtain more reliable PageRank-based
scores. The ranking model is then built using LTR based on the CBRBench dataset
(see Section 3.4). The training data further include two additional features, namely
the maximum and minimum centrality score. The study finds that the combination
of ontology ranking features as proposed outperforms several classical single-feature
retrieval methods adjusted to ontology search. However, this study is limited to the
representativeness of CBRBench and the circumstance that it compares a term ranking
model with ontology ranking models, as discusses in Section 3.4.

TermPicker[197] aims to provide a ranking of ontology terms to complete a triple.
E.g., given a triple with a missing subject, predicate or object (forming the query), it
provides a ranking of terms to fill the gap(s). The underlying data is extracted from
datasets of the LOD cloud based on how often a certain combination of terms in triples
appears. Therefore, such a ranking model does not support users in finding terms from
scratch but helps to complement the user’s work with recommendations when already
some terms are known. Termpicker also adopts a LTR workflow and experiments with
five ranking features; three importance features: number of datasets using the term,
number of datasets using the ontology of the term, total number of occurrences of a
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term; and two relevance features: whether the term belongs to an ontology of a term
already used in the query-triple and the observed number of combinations between
the term and those provided in the query-triple. The tool’s evaluation compares the
use of only using importance feature to using additional relevance features — and the
experiments confirm that relevance features are necessary for effective ranking. This
study simplified the problem of applying LTR to term search: the big challenge is
to create a large, representative ground truth to perform empirical experiments. By
relying on triple patterns, the need for relevance judgments for query-term pairs could
be avoided. However, this limits the application to the ranking model to cases where
some terms are already being used, and its main strength lies in assisting the completion
of triples based on already seen triples.

RecoOn [39] aims at the recommendation of ontologies based on a text corpus as
the query format. The pre-processing includes the extraction of keywords from the
query string and translates the keyword query subsequently into a graph and then
into a SPARQL query. The SPARQL query is used to retrieve matching ontologies
from the repository, which are further considered for evaluation and ranking. The
recommendation, i.e., the scoring functions, considers the matching cost (relevance),
informativeness (relevance) and ‘popularity’ (PageRank-based importance). The three
ranking features are then used to define a knapsack optimization problem using CBR-
Bench. Even though CBRBench only contains query-term pairs for single-keyword
queries, the ground truth is modified to generate query-ontology pairs for multi-term
queries. A user study was performed to compare two variants of RecoOn with AK-
TiveRank, in which users were shown two random lists to a query, for which they had
to choose which one they prefer.

NCBO 2.0 [141] provides a ranking of ontologies and ontology sets based on
a free text corpus or a list of keywords. The ranking fundamentally relies on an
annotator that parses the input text and assigns matching terms from the ontology
corpus to it. The annotated input is then used for scoring, which is based on four
evaluation criteria: coverage (relevance), acceptance (importance), detail (relevance)
and specialization (relevance). Each criterion is composed of several subscores, for
which a fixed aggregation is proposed. However, the weights to combine the four
evaluation criteria to determine the overall ranking score can be changed by the user.
Apart from its detailed approach to scoring ontologies, a novelty is the possibility
to retrieve a ranking of ontology sets. l.e., if no single ontology is able to cover the
input, it makes sense to suggest the optimal combination of ontologies to increase
the coverage. This is a challenging problem due to the high number of potential
combinations (e.g., considering all 2- and 3-combinations for an ontology repository
with size | R| corresponds to (\l;?l) + (u;')). NCBO 2.0 reduces the complexity by applying
heuristics, e.g., by removing ontology combinations that cover the exact same terms of
the input. The ranking model is implemented as part of the BioPortal platform and
provides a detailed scoring output to users. However, to the best of our knowledge, no
user-based evaluation of the ranking model is provided. Moreover, choosing the right
weights manually for the best combination of ranking features may be a difficult task
for inexperienced users.

3.4 Ontology Ranking Evaluation

In the previously introduced ORT's and ontology ranking models, various evaluation
approaches have been followed. Especially in the case of ORTs, however, the quality of
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the ranking model was often not evaluated. In this section, we present a brief overview
of the historical developments of ontology ranking evaluation, the state-of-the-art, and
its limitations.

Early works on ranking in the Semantic Web, such as Swoogle [64], lacked any
evaluation of the ranking quality, which was soon identified as a general problem
[189]. In the following years, authors presented diverse evaluations along with pro-
posed ranking models, either based on small user studies or qualitative discussions on
ranking outputs: Ding et al. [65] made a qualitative comparison between two ranking
models and highlighted the need for relevance judgments in order to perform a formal
evaluation; similarly, Lei et al. agreed that their evaluation is biased based on their
qualitative assessment [130]. A first evaluation based on how well the ranking matches
user judgments was presented in AKTiveRank [6] using the Pearson Correlation Co-
efficient. The evaluation includes a comparison with Swoogle’s ranking, which resulted
in a negative correlation with the ground truth (inverse ranking) and proved the lack
of evaluations to be problematic. A similar evaluation approach has been followed
later in CARRank [239]. Other evaluation approaches that were followed did not
directly assess the ranking performance, but rather the tool’s overall user experience
based on a questionnaire, such as by Falcons [181], which requires extensive efforts
and does not allow for immediate comparisons with newly proposed rankings. Noy
et al. were the first to use more cost-efficient user feedback in the form of clicks to
evaluate ontology rankings [156]. The evaluation is based on the Click Through Rate
(CTR) on the first ranking position for several modifications of the ranking model over
similar time intervals. However, the authors do not mine any relevance labels for the
query-ontology pairs from the search logs. More recently published ontology ranking
models still consider the evaluation as a challenging task. The complex NCBO 2.0
recommender [141] is evaluated with a qualitative discussion based on absolute feature
scores in comparison with a previous version of the NCBO recommender. The authors
state that a user-based evaluation would help to understand the ranking’s real-world
effectiveness, but refrain from it since it would be a laborious task.

Despite the successful emergence of many ORTs over time in various domains,
no attempts to unify ontology ranking evaluation known to us have been proposed
until CBRBench [38] was released. To the best of our knowledge, CBRBench is
the first published dataset with relevance labels for query-term pairs obtained from
experts. It has further been used as input for LTR, such as in DWRank [37]. We
consider CBRBench as the state-of-the-art in ontology evaluation, however, identify
the following limitations.

e First, it only contains a small number of queries and judgments (10 and 819,
respectively), meaning that its size limits its application in LTR settings.

e Second, it only compares a few ranking models individually (eight in total), and
not a (potentially learned) combination of these or in configurations as they have
been proposed in the literature. Moreover, it mostly compares ontology instead
of term ranking features that assign the same score for all classes of the same
ontology [38].

e Third, CBRBench is restricted to class ranking, meaning that it does not provide
any judgments about properties, which limits its potential application to newly
proposed ranking models.

e Fourth, the dataset might become outdated as soon as new ontologies arise and
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relevance of terms changes, and because of its laborious way of obtaining the
relevance labels, it cannot be easily updated.

Apart from CBRBench, other datasets have been proposed for LTR in the context
of ontology ranking. In TermPicker [197], a dataset is automatically derived from
the LOD cloud; however, relevance judgments only indicate whether a certain triple
pattern appears in the LOD cloud or not (binary relevance) and it does not contain
any judgments for keyword-based queries.

3.5 Summary

In this chapter, we present related work from the literature in the scope of ontology
recommendation with regard to proposed tools, ranking models, and evaluation. In the
next chapter, we develop a comprehensive taxonomy of respective approaches, present
an evaluation, identify their limitations as well as open research challenges in more
detail, and place these tools in the context of IoT ecosystems.
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Chapter 4

A Taxonomy and Evaluation of
Ontology Recommendation Tools

This chapter aims to identify the limitations of existing Ontology Recommendation
Tools (ORTs) (RQ 1). Moreover, we discuss the role and applicability of existing tools
including respectively dedicated ontology collections (RQ 2). In order
to identify gaps, we first develop an in-depth taxonomy of existing ORTs, which is
used to classify and discuss previously presented related work. Second, we discuss the
integration of ontology recommendation in the IoT ecosystem context and highlight
shortcomings in the state-of-the-art. Based on these insights, we derive directions for
future research that motivate the remaining chapters of this thesis. This chapter is
based on the work that has been presented in the following paper:

e Niklas Kolbe, Sylvain Kubler, Jérémy Robert, Yves Le Traon, and Arkady Zaslavsky.
“Linked Vocabulary Recommendation Tools for Internet of Things: A Survey”. In:
ACM Computing Surveys (CSUR) 51.6 (2019), p. 127. pDOI: 10.1145/3284316.

for the IoT,
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Chapter 4. A Taxonomy and FEvaluation of Ontology Recommendation Tools

4.1 Introduction

Ontology recommendation is a composition of several processes, which themselves
inherit various challenges. According to [204], the reuse of ontologies is divided into
three aspects; discovery, selection, and integration (cf. Section 2.1.3). Furthermore,
ontology recommendation is performed for a specific purpose or scenario [193], i.e., a
recommendation could differ based on the user’s intent of usage, which motivates the
investigation of existing tools’ applicability for the [oT. In general, such Semantic Web
scenarios and tools include ontology-based query answering and semantic browsing
[193], mapping and publishing data to the LOD cloud [198], ontology and knowledge
engineering [204], as well as semantically annotating loT data streams [84] as addressed
in this dissertation.

Within this context, this survey aims at reviewing and assessing relevant tools (cf.
Chapter 3) with regard to existing state-of-the-art theories, techniques and approaches.
This evaluation is subsequently used as the basis for identifying and discussing chal-
lenges of the integration of ontology recommendation in IoT ecosystem tools. As of the
time of writing, one may find related surveys of ontology recommendation and related
work on architectural design considerations with respect to ontology discovery and/or
selection [60, 193, 95, 235], as well as the integration of semantics in the ToT [203,
219]. However, to the best of our knowledge, no previous work has proposed a joint
conceptualization nor an extensive framework to compare existing recommendation
tools of various types with a similar purpose, nor reviewed the feasibility of such tools
for ToT ecosystems. The term Ontology Recommendation Tool (ORT) is used as an
umbrella term for tools that provide means for discovery and selection of ontologies.

The remainder of this chapter is structured as follows: The ontology recommen-
dation taxonomy is developed in Section 4.2. The taxonomy serves as an evaluation
framework for comparing existing ORT's in Section 4.3, which further presents the find-
ings. Section 4.4 discusses the integration challenges of ontology recommendation in
today’s IoT projects and summarizes the identified research challenges and directions;
the conclusion follows.

4.2 ORT Taxonomy Specification

A first overview of ORTSs is presented in Section 2.1.3 and illustrated in Figure 2.2.
In this section, we provide a complementing in-depth discussion of ontology recommen-
dation by identifying key features for several dimensions. The taxonomy is structured
into general features (Section 4.2.1), discovery features (Section 4.2.2), and selection
features (Section 4.2.3). The enumeration of dimensions/features, as presented in the
following, is kept throughout this chapter. Section 4.2.4 summarizes the final taxon-
omy.

4.2.1 General Features

Before going into detail for ontology discovery and selection, general dimensions and
features are defined to characterize ORTs. Features are associated with two general
dimensions, namely approach and tool characteristics, as summarized in Figure 4.1.

4.2.1.1 Approach

This first dimension is introduced to present the approaches, considering the fol-
lowing features:
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Category

cf. Section 4.2.1 General

Dimensions

cf. Section 4.2.1.X

Features

(1§/Feature) (1) Name (2) Year (3) Reference (4) Type (5) Availability ~ (6) Domain  (7) Scope
Search engine I: Available Ontologies
Statistical Not available I: Knowledge
Evaluation base
Repository

Recommender

Retrieval

Figure 4.1: General dimensions and features to characterize ORTs.

Name: The name of the tool as used in its publication, to uniquely identify the
approach.

Year: Year of the first associated publication that serves for identification of trends
in proposed tools over time.

Reference: Scientific reference of the study used as basis for the evaluation.

4.2.1.2 Tool Characteristics

Secondly, more detailed characteristics of the tools are considered. These general
features include:

Type: Different types of ontology libraries have been identified in [60]. However, as
a broader scope of recommendation tools is considered, an own classification scheme
was used that is based on the dimension(s) a tool puts particular emphasis on. Six
different types of ORTs were identified, namely:

e Search engine: Focus on ontology collection, e.g., discovery and indexing of
semantic documents through Web crawling.

e Statistical tool: Focus on ontology collection and evaluation, e.g., analyzing the
usage of ontologies, often extracted from LOD sources, to guide end-users in
choosing an appropriate ontology/term.

e Fualuation tool: Focus on ontology evaluation, e.g., assessing the quality of the
discovered ontologies to give recommendations (considering a given set of met-
rics).

e Repository: Focus on ontology curation, e.g., the provision of a platform for
a community to manually collect and review ontologies based on pre-defined
requirements.

e Recommender: Focus on ontology ranking, e.g., by applying information filter-
ing techniques or learning over LOD datasets to recommend the most suitable
ontologies/terms.

e Retrieval tool: Focus on ontology interaction and matching, e.g., by proposing
advanced means for querying, exploring, and matching candidates upon a query
from an existing set of ontologies.

Availability: Whether the tool is available or not available!, which also indicates

! Availability as of 09/2018
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whether it could be evaluated experimentally. It is determined by checking whether
an active website or download of the tool could be found by following URLs in the
publication(s) and via a Web search with the tool’s name.

Domain: Covered domains of the ontology collection (if not independent). It is
concluded from the ontologies that are maintained in the tool’s repository.

Scope: Indicates whether the approach focuses on ontologies or further supports
knowledge bases (since schemas and data in the Semantic Web are based on the same
formalism). The scope is inferred by checking whether the tool’s repository exclusively
contains ontologies.

4.2.2 Discovery Features

The discovery of ontologies is a fundamental process of ORTSs, as only discovered
ontologies can be in the set of potential candidates to be recommended upon a query.
Three dimensions with regard to discovery are discussed, namely collection, evaluation,
and curation, as summarized in Figure 4.2.

Category

cf. Section 4.2.2 Discovery

Dimensions )
of Section 4.2.2.X III. Collection

Fetwres /\ ”””””””””” Y ”””””””””” / \ ””””””

(1§/Feature) (8) Crawling (9) Manual (10) Quality assessment  (11) Curators  (12) Tasks
Semantic Web User — Availability Users I: Consolidation
crawlers submissions — Validity Experts Metadata
W Cb search EXpeth — Consistency Automated — Review
engines selection
LOD sources — Accuracy | Interaction with

o authors
. . — Interlinking
External libraries .
R . Relations/
— Reputation — R
mappings
t— Understandability -
t— Versioning
t— Believability
cHevabiity — Classification
— Versatility
— Complexity

Figure 4.2: Dimensions and features related to ontology discovery.

4.2.2.1 Collection

The first step of the recommendation process is concerned with the collection pro-
cess of available ontologies. Two distinct features and associated approaches were
identified through the tools’ evaluation and based on the discussion on ontology col-
lections in [60], namely:

Crawling: In this process, the Web is browsed systematically by a software system,
either realized through Semantic Web crawling, reusing common Web search engines,
processing LOD sources and endpoints, or accessing APIs of existing ontology collec-
tions and ORTs. These approaches rely on a fundamental best practice that states that
ontologies should be hosted and made publicly accessible at the URI of the ontology.

Semantic Web crawlers, also referred to as RDF crawlers, harvest data from Se-
mantic Web Document (SWD) to discover ontologies or data. These crawlers focus
on extracting RDF-based data that can be found in various formats (e.g., XML Syn-
tax for RDF (RDF/XML), Turtle, JSON-LD), or embedded in other documents (e.g.,
RDF in Attributes (RDFa) in Hypertext Markup Language (HTML)). Existing ORT's
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also exploit conventional Web search engines and associated crawlers (Google, etc.)
in order to discover SWDs on the Web (e.g., by filtering specific document types such
as filetype:rdf and filetype:owl). Deploying an RDF crawler faces various design and
implementation challenges, e.g., as discussed in [94]. As an alternative way to brows-
ing the whole Web, accessing LOD endpoints or data dumps to extract used ontology
terms is another way employed for building an ontology collection. However, this ap-
proach is only capable of discovering ontologies that have been used to model data in
the analyzed datasets. Lastly, some approaches crawl ontologies from APIs of existing
external libraries.

Manual: In contrast to automatic approaches, those who rely on a manual collec-
tion process do not aim to discover all available ontologies on the Web, but rather
to fulfill one of the following goals: (i) present a proposed ontology to the commu-
nity, (ii) keep supervised control over the maintained candidate set, or (iii) provide a
platform for community consensus. Manual collection can be achieved either through
user submissions or expert selection. Submission-based approaches are more flexible
and facilitate the evolution of the ontology collection. Expert collections are often
maintained by an official body.

4.2.2.2 Evaluation

The second dimension of ontology discovery is concerned with the assessment of the
quality and correctness of ontologies [99]. In the ontology recommendation process,
the purpose of evaluating ontologies are twofold: (i) assuring a certain quality for the
selected ontology candidates; and (ii) giving the best recommendation for selection
[193, 224]. Thus, as illustrated in Figure 2.2, evaluation serves as an input for curation
as well as ranking, which are respectively discussed in Sections 4.2.2.3 and 4.2.3.3. In
this review, the focus is on evaluation aspects relevant for ontology recommendation,
rather than on ontology evaluation for the ontology engineering process, which has
already been the subject of studies in the literature [99, 212, 27, 76].

In this respect, the Semantic Web community has proposed various best practices
and guidelines for ontology design, development, publication and reuse. These doc-
uments often cover both schema- and data-related aspects, while providing a source
for identifying quality criteria for ontologies. Well-known examples include the 5 star
Linked Data model [22], consumer/publisher recommendations [103], Linked Data de-
sign considerations [96], five star rating for ontology use [110], OntoClean methodology
[80], guidelines for Linked Data generation and publication [182], ontology pitfalls [176],
W3C best practices recipes [24], or still the best practices applied to IoT [87]. Further-
more, quality assessment of ontologies has been extensively studied in the literature
[67].

Quality assessment: The quality attributes considered in the taxonomy are listed
in Table 4.1. The selection of criteria is mainly based on the comprehensive review
presented in [247] and was complemented with those stemming from best practices and
those considered by the ORTs that are subject of the evaluation. From the aforemen-
tioned sources, only quality attributes that are concerned with the schema (TBox) and
deemed relevant for ontology recommendation were selected. In addition, it is shown
whether the quality criteria are typically considered for curation and ranking.

4.2.2.3 Curation

The last identified dimension of the discovery process concerns ontology curation,
which refers to the management and maintenance of the ontology candidates from
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Table 4.1: Ontology Evaluation Criteria and Their Consideration in ORT's

Criteria Synonyms Description Implementation  Used for:
Cur. Rank.
Availability [247, Dereferencability ~ Whether the vocabu- Hypertext Transfer v
22, 217] [103, 96, 110] lary is accessible and Protocol — (HTTP)
Accessibility [103] dereferencable through requests, openness of
its URI. vocabulary license.
Validity [178] Syntactic ~ accu- Whether the vocab-  Parsing the vocabu- v v
racy/correctness  ulary is syntactically lary.
[247, 22, 217] correct.
Syntax evaluation
[212, 103]
Consistency [247, Machine-readable Whether the vocabu- Applying reasoners. v v
99, 76, 103, 67]  [110] lary is free of logical

contradictions with re-
gard to its underlying
representation (RDFS,
OWL-variant, etc.).

Accuracy [247, Domain cohesion Whether the schema Human judgment. v v
99] [99, 212] correctly represents a
Veracity [217] real-world domain.
(Re-)usability [67]
Interlinking [247, Connectedness [31] The extent to which Counting in- and out- v v
22, 96, 110] Coupling [99] the vocabulary in- links at the schema
Structural evalua- cludes sufficient level.
tion [212] semantic relations to

external vocabularies.
Popularity [193] Usage statistics The extent to which Analyzing LOD «x v

[212] the vocabulary/term is datasets  for  in-
often used to model stantiations of the
data of the domain it vocabulary, counting
describes. its presence in ontol-

ogy repositories, or
taking into account
the number of local

requests.
Reputation [247) - Whether users judge User reviews and rat- v v
the vocabulary to be of ings.
integrity.
Understandability Practical quality =~ Whether the vocab- Counting annotation v v
(247, 96] [217] ulary can be under- properties.
Interpretability stood without ambi-
[247] guity; e.g., through
Clarity [99] annotation properties
Metadata [212, like rdfs:label and
110] rdfs:comment.
Believability [247] Provenance meta- Whether the prove- Checking author in- v 4
data [96] nance / metadata formation and his-

about the vocabulary tory.
indicates that it comes

from credible source.
Versatility [247] - Whether the vocabu- Checking labels with v X

lary is available in dif- language  property
ferent languages and (@en etc.).
serialization formats.
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Table 4.1: Ontology Evaluation Criteria and Their Consideration in ORTs (Cont.)

Criteria Synonyms Description Implementation Used for:
Cur. Rank.
Richness [67, Complexity [217] The extent to which Measure based on X v
193] Density [6] concepts in the vocab- number of properties,
Informativeness ulary are described and siblings, subclasses,
[10] specified. and superclasses per
concept.
Centrality [40] Betweenness [6] The extent to which Measure based on X v
a concept is central in amount of relations
the vocabulary graph. of a concept and/or
the count of shortest
paths within the
vocabulary that go
through it.
Importance [64] - A combination of pop- Measures of interlink- X v

ularity and interlink-
ing, meaning that the
importance depends on
the quality of the link.

ing while taking into
account the popular-
ity of the source for
in-links, e.g., PageR-

ank algorithm.

the internal repository. Indeed, curation is often a collaborative effort to ensure and
improve the quality of formalized knowledge [78]. Two features were identified based
on the survey in [78] and the reviewed tools in this respect, namely:

Curators: This feature indicates who oversees the curation and maintenance of the
ontology candidate collection, which could be fulfilled by users, experts or through au-
tomated processes. Whereas human-based curation offers means to improve ontologies
based on reviews and discussions, automated curation is able to handle large sets of
discovered ontologies more efficiently.

Tasks: The curation process can cover different aspects, including metadata com-
pletion and maintenance, review of newly discovered ontologies, add semantic rela-
tions to other ontologies of the corpus, consolidation of discovered ontologies, support
of versioning, as well as classification. It should be noted that the curation process
strongly influences the quality and extent of the ontology candidate repository, which
could potentially enhance ontology selection (e.g., the classification of ontologies can
be exploited to filter domains).

4.2.3 Selection Features

The second fundamental task of ontology recommendation is to select the most
appropriate candidate from the repository. The dimensions with regard to selection
are interaction, matching, and ranking, as summarized in Figure 4.3 and discussed in
the following.

4.2.3.1 Interaction

Recommendation approaches need to provide means to interact with users and
agents to query the recommendation service. The dimension is broken down to the
following features:

Query format: An ORT interface could offer the following means/formats for query-
ing, as identified from evaluated tools (in particular from [91]) and the discussions in
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Category
cf. Section 4.2.3

Selection

Dimensions

. . ; : 7 anki
of Section 4.2.3.X VL Interaction VII. Matching VIII. Ranking
Features / \ \ / \ / \ \
(1§/Feature) (13) Query format  (14) Query exp.  (15) Access  (16) Granularity  (17) Fields (18) Query match  (19) Qualitative m.  (20) Scoring func.
L Single term Disambiguation User SWDs URIs Term frequency L Validity L Simple ordering
[ Keyword(s) Spelling interface Vocabularies Local names TF-IDF [~ Consistency | Feature
L Text corpora correction AP Terms Labels Levenshtein L Accuracy aggregation
L Structured query Synonyms Entities Literals Jaccard L Interlinking L i‘t‘i‘il:‘:lb“‘”“"‘“
etriov
[— Graph-patterns Hyponyms Combinations Metadata Field importance  [— Popularity Vector §
I L | Vector Space
L Knowledge Hypernyms propertics Term proximity — Reputation Model
markup Language S:z:x;:l |- Understandability L Learning to rank
|- Exploration Context ‘ | Believabiliy Optimization
I Facet Personalization Partial ™ probl
cel ors 7 natches L Richness problem
" Restrictions |- Centrality — AHP

L Importance

Figure 4.3: Dimensions and features related to ontology selection.

[97]: single terms, keyword-based search, text corpora (so-called free text retrieval), log-
ical/structured query (e.g., SPARQL), graph-patterns, and tasks expressed with know!-
edge markup. Whereas keyword-based search is the most popular and easy to use
interface, it is often argued that it does not allow for a precise specification of the
information need [97]. Search- and recommendation-based approaches often require
multiple interactions for users to reach their goal, thus, further employed interaction
models include exploration of the ontology collection (e.g., object focus, path traversal
[91]), specification of restrictions, and offering facets.

Query expansion: The idea of query expansion is to express the user’s information
need more precisely for enhanced retrieval results. Available approaches, based on
the comprehensive survey in [42], include disambiguation options (e.g., defining the
sense of a keyword in case it has multiple meanings [242, 83]), perform spelling checks
on the user’s input, expend keywords with synonyms, hyponyms or hypernyms (e.g.,
through WordNet [148]). Some approaches aim to personalize the query and retrieve
more suitable results for a specific user. In semantic search, such user preferences could
represent the interest of the user in a certain concept. Instead of explicitly defining
preferences, another approach consists of taking into account contextual parameters of
a request to improve the recommendation.

Access: ORTs are often designed to provide search that is oriented towards hu-
mans, and thus often offer a User Interface (Ul) to access the information. In more
detail, yet out of the scope of this survey, Uls are concerned with result presentation
and visualization (list, graphs, trees, etc.). However, the need for Semantic Web appli-
cations to discover ontologies lead to the need for specifying A Pls (typically following
Representational State Transfer (REST) principles) to access the service, which further
allows to aggregate several ORTs.

4.2.3.2 Retrieval

The second dimension of ontology selection, retrieval, is concerned with:

Granularity: The importance of granularity for ontology recommendation is dis-
cussed in [193, 186] and served as motivation to collect granularity levels that were
considered by the evaluated tools. Retrieval in ORTs can be done on the level of
matching SWDs, ontologies, terms, entities, or combinations of different ontologies.
The granularity strongly impacts the nature of the recommendation process: Whereas
some approaches aim at recommending complete ontologies that have the best cov-
erage of the queried domain/concepts (also through recommending combinations of

52



4.2. ORT Taxonomy Specification

ontologies), other approaches seek to find a single best term or entity. Indeed, it is not
trivial whether it is best to reuse as little as possible number of ontologies for a user’s
intended task or rather combine “better” terms from various ontologies [196].
Matching fields: The matching process is concerned with retrieving candidates
from the repository that match the query. This feature shows the detail to which
tools match a query against the information contained in an ontology. Due to the
inherited structure of RDF ontologies, matches can be performed on different fields
and properties, including URIs, local names, labels, literals, and metadata properties
such as basic properties like rdfs:comment or properties from ontologies such as the
Dublin Core? and SKOS?. Moreover, in case ontologies are classified during the curation
process, ontologies of a matching domain/concept can be retrieved. In the case of
logical queries, the match is returned from processing the query based on its underlying
language. Furthermore, partial matches could also be taken into account, even though
one may dispute its real impact on the search quality [113]. The matching fields
considered by an approach are relevant for ontology selection, since there is no one way
or guarantee that ontologies are annotated in the same way. Valuable information could
reside in different fields/properties that could help to identify a matching candidate.

4.2.3.3 Ranking

Algorithms to rank matched candidates form a key component of ORTs. Ranking
aims at determining best candidates of the ontologies that matched the query by taking
into account various measures, including:

Query match measures: These enable the ranking of the candidate set determined
by the query match through content- and graph-based similarity measures. Due to
the huge amount of similarity measures in the literature, the taxonomy is limited to
those found in the evaluated tools. However, these were aligned to the literature,
such as [139, 38]. A common approach is to compute the Term Frequency (TF) in an
ontology for all words in a query, which is often combined with the Inverse Document
Frequency (IDF) of the terms (otherwise, rare terms would have no power to influence
the query relevancy), also known as TF-IDF [194]. Another way to calculate the
similarity between query and candidate, at the string level, is to compute the edit
distance (Levenshtein). The Jaccard coefficient allows to measure the overlap between
sets, and thus can be applied to the set of words from the query and those from the
ontology. Further, finding a match in some field types of an ontology might be of
higher importance than others (e.g., a match in the name is more valuable than in the
metadata), which can be represented through assigning different weights to field types
(i.e., field importance or weighted zone ranking [139]). The last query match measure
found is concerned with the prozimity of multiple query term matches within the
ontology graph. This measure is calculated by identifying the shortest path between
matched fields [139].

Qualitative measures: These aim to compute a score for an ontology or term in-
dependent from the query. The approach to the collection of qualitative features is
discussed in Section 4.2.2.2 and those quality criteria relevant for ranking are indicated
in Table 4.1. One scoring algorithm standing out is PageRank [164] to measure the
importance of a document, a popular one for ranking Web pages that can be adopted

2Dublin Core ontology: http://purl.org/dc/terms/ — accessed 09/2018
3SKOS ontology: https://www.w3.org/TR,/2008/ WD-skos-reference-20080829 /skos.html — ac-
cessed 09/2018
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to the needs for SWDs. PageRank falls into link analysis, being based on a random
surfer who, starting from one page/ontology, randomly follows a link. The more often
a node is visited by the random surfer during his walk, the more important it is. For
SWDs, the random surfer needs to consider the semantics of the followed links.

Scoring functions: Lastly, previously presented measures are used as inputs of the
scoring function to compute an overall ranking of matching candidates for a query.
Due to the large number of approaches to achieve a ranking, only those found in the
evaluated tools are listed in the taxonomy. Further reading includes general scoring
functions [139] and ranking of ontologies [215, 45].

Ranking with only one feature requires simple ordering. In a straightforward man-
ner, multiple features can be aggregated, e.g., through weighted or unweighted sum or
factorization. In the Vector Space Model (VSM) [195], documents are represented as
vectors with each component representing a document term, which could be computed
based on the TF-IDF-like measures. Vector space scoring calculates the similarity
between two documents (e.g., between a query vector and an ontology vector) by cal-
culating the cosine similarity, which, however, is expensive to compute [139]. Weights
of ranking features can be defined through experts or learned from a training data set
(learning to rank [132]), with algorithms such as LambdaMART [240]. Calculating
a score for candidates could also be seen as an optimization problem by formulating
features as cost functions. Lastly, features could also be aggregated through the AHP
[192].

4.2.4 Taxonomy Summary

The overall taxonomy for ORT's consists of the different sets of features with regard
to the different ontology recommendation dimensions, which have all been summarized
in Table 4.2. This framework is then used in the following as a basis for evaluating
and comparing various recommendation tools.

4.3 Evaluation of ORT's

This section presents the evaluation of existing ORTs based on the proposed tax-
onomy. Table 4.3 and 4.4 respectively present the results with regard to the gener-
al/discovery and selection dimensions. In the following, the findings of the evaluation
are discussed.

To help readers extract quick and meaningful information, some results of the
evaluation (i.e., from Table 4.3 and 4.4) have been displayed in the form of charts in
Figure 4.4, including:

e Figure 4.4a: number of tools of each type that have been introduced and are still

available;

e Figure 4.4b: how often evaluation criteria were used, and whether it is for quality
assessment or ranking;

e Figure 4.4c: whether tools focus on quality assessment, ranking, or both;

e Figure 4.4d: to show which ranking features were used for each matching gran-
ularity;

e Figure 4.4e: trends of how often interaction features are used.

Shift from semantic search engines and evaluation to repositories, rec-
ommenders and retrieval: One trend that can be observed is the shift from the
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Table 4.2: ORT Taxonomy

Cat. Dimension Feature Description
General 1. Approach (1) Name Tool’s name.
(2) Year Year of first relevant publication.
(3) Reference Reference to the tool’s academic publication.
II. Tool (4) Type The category the tool falls into: Search Engine (M),
characteristics Statistical (i), Evaluation (™), Repository (H),

(5) Availability
(6) Domain
(7) Scope

Recommender (M), Retrieval ().
Whether the tool is available (v/), not available (X).

Domains covered, if not domain-independent.

Whether tool focuses on Ontologies (Ont), or on
Knowledge Bases (KB).

Discovery III. Collection

IV. Evaluation

V. Curation

(8) Crawling

(9) Manual

(10) Quality
assessment

(11) Curators

(12) Tasks

Automatic collection of ontologies through: Semantic
Web crawler (Cr), Web search engines (SE), LOD
Endpoints (LOD), and/or External Libraries (Lib).
Manual collection through: User Submission (U),
and/or Expert Collection (E).

Assessment of discovered ontologies for curation
purposes, based on: Availability (Ava), Validity
(Val), Consistency (Con), Accuracy (Acc),
Interlinking (Int), Reputation (Rep),
Understandability (Und), Believability (Bel),
Versatility (Ver), or Richness (Rich).

Curation handled Automatically (A), by Experts (E),
or Peers/Users (U).

Curation tasks covered: Consolidation (Con),
Metadata (Met), Content Review (Rev), Interaction
with authors (Int), defining Relations and Mappings
(Rel), maintain Versions (Ver), add Classifications
(Clas).

Selection VI. Interaction

VII. Matching

(13) Query
format

(14) Query

expansion

(15) Access

(16) Granularity

(17) Fields

Ways to query the recommendation service,
including: Single Term (Term), Keywords (Key),
Text Corpora (TC), Structured (QL), Graph-pattern
(Gra), Knowledge Markup (KM), Exploration (Exp),
Restrictions (Res), Facets (Fac).

Means to improve the query formulated by the user:
Disambiguation (Dis), Spelling Correction (Spe),
Synonyms (Syn), Hyponyms (Hypo), Hypernyms
(Hyper), Language (Tra), Context (Con), or
Personalization (Per).

Whether information access is provided for Users
(UI), and/or Agents (API).

To which granularity a query is matched and
retrieved from the corpus: Ontology (Voc), Terms
(Term), Entities (Ent), SWDs (SWD), or support of
Combinations of these (Comb).

To which fields of an ontology a query is matched:
URIs (URI), Local names (Nam), Literals (Lit),
Labels (Lab), Metadata Properties (Met), Classified
Concepts (Con), Partial Matches (Par).
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Cat.

Dimension

Table 4.2: ORT Taxonomy (Cont.)

Feature

Description

VIII. Ranking

(18) Query
match measure

(19) Qualitative
measures

(20) Scoring
function

Assessment of the similarity between query and
ontologies in the corpus, based on: Term Frequency
(TF), TF-IDF (TF-IDF), Levensthein (Lev), Jaccard
(Jac), taking into account the Field Importance (FI),
and/or the Term Proximity (TP) of matches in an
ontology.

Assessment of ontologies in the corpus to calculate a
quality score based on: Validity (Val), Consistency
(Con), Accuracy (Acc), Interlinking (Int), Popularity
(Pop), Reputation (Rep), Understandability (Und),
Believability (Bel), Richness (Rich), Centrality (Cen),
or Importance (Imp).

Approach to calculate a final rank based on the used
measures: Simple Ordering (Ord), Feature
Aggregation (Agg), Ranked Boolean Retrieval
(RBR), Vector Space Model (VSM), Learning to
Rank (LTR), Optimization Problem (Opt),
Analytical Hierarchy Process (AHP).
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Table 4.3: Evaluation of ORTs Regarding General and Discovery Features

I. Approach I1. Tool characteristics III. Collection IV. Evaluation V. Curation
)
C)QJ .&Q b ‘\\Qé_) O,{O
& e N > P SENG
& & S8 & & S & &
< N ST o O O S S
3 A I O @ NS &
S
Ontokhoj 2003 [167] | X - Ont Cr - - A Clas
OntoSelect 2004 [31] | X - Ont Cr U - - -
Swoogle 2004 [64] mv - Ont, KB Cr, SE U  Val, Int A Met, Rel, Ver
Ontosearch 2005 [248] | X - Ont, KB SE - - - -
SWSE +
ReConRank 2007 [93] m X - Ont, KB Cr - - A Con, Rel
Sindice 2007 [229] m X - Ont, KB Cr U  Val, Con - -
Watson 2007 [57] m v - Ont, KB Cr, SE, Lib, Swoogle - Val, Con, Rep A Con, Rel, Met, Clas
Falcons Concept & o0 146 18] m x - Ont, KB Cr - Val A Clas
Entity Search
VisiNav 2009 [92] | X - Ont, KB Cr, LOD - - - -
WebOWL 2012 [19] X Ont, KB Cr - Val, Con -
LODstats 2012 [12] a Ont, KB LOD - - A Met
vocab.cc 2013 [208] v - Ont LOD - - - -
OQUSAF 2015 [9] X - Ont Watson, Sindice - Val, Con, Int, Und - -
Supekar et al. 2004 [217] X - Ont Onthokoj - - A Clas
OntoMetric 2004 [133] X - Ont U - - - -
Ontology Auditor 2005 [34] X - Ont Lib - Val, Con, Acc - -
OntoQA 2005 [223] X - Ont, KB Swoogle - Rich, Int, Und - -
Kr}g?lOegg‘]se Zone + 2006 [131, 218] X Biomed. Ont - U Acc, Und, Rep, Bel U Clas, Ver, Rev, Met
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I. Approach II. Tool characteristics III. Collection IV. Evaluation V. Curation
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Ontosearch2 2006 [166] H X - Ont - U  Val, Con - -
Oyster 2006 [165] /- Ont - U - U  Met
OBO Foundry 2007 [206] B v/ Biomed. Ont - U Ava, Int, Und U Met, Ver, Clas, Rev
BioPortal 2009 [157] B v Biomed. Ont - U Int, Acc, Und U Rev, Met, Ver, Rel
Cupboard 2009 [58] m X - Ont - U TS-ORS U TS-ORS, Oyster, Rel
MMI 2009 [191] B / Marine Ont - U  Val, Con U Met, Rel, Ver
Ontobee 2011 [241] B / Biomed. Ont OBO Foundry E - - -
BiOSS 2010 [142] B X Biomed. Ont - E - -
Manchester OWL o4 1143 m- Ont Cr, SE, Lib U Ava, Val, Con A Con
Repository
smartcity 2014 [175] B/ T  Ont ; E, U Ava Tnt, Met, Rev
linkeddata.es
LOV 2014 [232] m v - Ont - U Ava, Val, Und, Int, Bel E, A Met, Rev, Ver, Int
Oniology Lookup 5415 1114 MW v Biomed. Ont ; U Val, Con E, A Ver
Service
Ontohub 2017 [50] m/v - Ont - U Val, Con Rev, Ver, Met, Rel
(Web)CORE 2006 [72,41] W X - Ont Lib U Acc, Und, Rep U Rev, Clas
DWRank 2014 [40,37] W X - Ont Lib - -
TermPicker 2016 [197] m X - Ont LOD - - - -
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NCBO 2.0 2017 [141] B / Biomed. Ont BioPortal - - - -
AKTiveRank 2006 [6] X - Ont Swoogle - - - -
(combi)SQORE 2007 [230, 231] X - Ont Watson - - - -
LOVR 2015 [211] vo- Ont, KB  wvocab.cc, LOV - - -
RecoOn 2016 [39] v - Ont Lib - - - -
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I. Approach VI. Interaction VII. Matching VIII. Ranking
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Ontokhoj Term, QL Con, Dis, UI, API Voc Nam - Imp Ord

Syn, Hyper

OntoSelect KM, Exp - Ul Voc Lab, Par TF Int, Rich Agg
Swoogle Key, QL, Fac - UL, API SWD, Term Lab TF-IDF Imp Ord
Ontosearch Key Per Ul SWD Con TF-IDF - VSM
SWSE + Key, Fac - UI, (API) Ent Nam, Lab, Met, Lit TF-IDF Imp Ord

ReConRank
Sindice Key - Ul Ent URI, Nam, Lab TF-IDF Ava Agg
Watson Key, Exp, QL - UI, API  Voc, Ent, Comb Nam, Lab, Met, - Rich -

Lit, Par, Con

Falcons Concept € Key - Ul SWD, Voc, Ent Nam, Lab, Lit TF-IDF Pop VSM

Entity Search
VisiNav Key, Fac, Exp - Ul Ent Nam, URI, Lab, Lit - Imp Ord
WebOWL QL - UL, API Ent - - Imp
LODstats Term, Exp, QL - Ul Voc, Term, Ent Nam, URI, - Pop -
vocab.cc Key - UI, API Term Nam, URI, Lab - Pop Ord
OUSAF QL - Ul Term - - Pop, Rich Agg
Supekar et al. - - Ontokhoj Voc Con - Ava, Val, Acc, Rich Agg
OntoMetric - - Ul Voc - - Ava, Acc, Und, Rich AHP
Ontology Auditor Exp Syn, Hyper, UI, API  Voc Con - Val, Und, Rich Agg
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Repository
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development of search engines and evaluation-focused tools to recommender and re-
trieval systems. As depicted in Figure 4.4a, only a few search engines and evaluation
tools included in the survey are still available (about 50% of the reviewed ORTSs). Even
though a similar observation can be made about tools of type recommenders, it should
be noted that three out of four tools from this category have been introduced just
in the recent years, indicating a growing interest. Semantic search engines are often
not solely focused on ontologies but also on Linked Data, however, conventional Web
search engines like Google increasingly incorporate capabilities of retrieving Semantic
Web content, as claimed by [153] — a well-known example is the schema.org ontology
embedded in websites which is supported by many conventional Web search engines.
Evaluation tools are able to thoroughly assess ontologies; however, they are often inef-
ficient in finding suitable candidates from an ontology reuse standpoint. Indeed, with
the huge amount of ontologies published on the Semantic Web, the challenge lies not
in discovering as many as possible, but rather in selecting efficiently as few as possible
well-fitting and requirements-meeting ontologies/terms.

Curation vs. ranking: A fundamental aspect of recommendation is the assess-
ment of ontologies’ quality. Figure 4.4b shows how often the evaluation criteria are
used for curation and ranking. Most curation approaches focus on ensuring validity
(13 times), consistency (10) and understandability (7) of newly collected ontologies,
whereas ranking models rather take into account the richness (12), popularity (9), and
interlinking degree (6). Considering Figure 4.4c, it can be added that ORTs often
focus on either the curation of the ontology collection (25%) or efficient ranking for
queries (37%). However, the combination of both, which is implemented by 28% of the
reviewed ORTs, would naturally increase the quality of the recommendation service.
An example thoroughly considering both approaches is the LOV platform [232].

Limited support of combined recommendations: As previously mentioned, it
is not trivial whether a recommendation should be made on an ontology or term /entity
level. When publishing [oT data, rarely a single ontology would cover all required
terms. The most common selection granularity of the surveyed tools is a complete
ontology. Identifying the combination of most suitable and interlinked terms for an
existing non-linked schema cannot be easily achieved with existing ORTSs, as engineers
are still required to pick and combine suitable terms. Combined recommendations are
especially useful when the recommendation service can take into account all the terms
(or other data structures) that the user/agent is looking for. In this evaluation, only
two approaches offer recommendations based on text corpora, namely NCBO 2.0 and
LOVR, whereas the latter takes HI'ML as input with the goal to semantically annotate
websites.

Impact of qualitative measures on ranking quality remains unclear: De-
spite the various evaluations for recommendations presented in the selected studies,
the general importance of qualitative measures to achieve a better quality of ranking
remains unclear, as most approaches focus on a limited set of criteria, and different
metrics are used for same criteria. The selection approach by Semantic Web users is of-
ten driven by the popularity of an ontology, as claimed in [196]. The evaluation reveals
that popularity is also among the most used criteria for selection in the surveyed ORT's
(cf. Figure 4.4d). However, in order to receive good results these query-independent
features need to be combined at least with a reliable query match measure [38]. In gen-
eral, establishing the correct weight between features to optimize the ranking model is a
tedious task [132], and there is no common conclusion on the importance of each rank-
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Figure 4.4: Analysis of the ORTs evaluation.

ing feature for ranking models. Only two approaches of the survey use learning-based
approaches to assign weights to features, namely TermPicker that focuses on different
metrics related to popularity, and DWRank that focuses on learning the weights for
features like centrality and importance. Furthermore, the aggregation of features is
also dependent on the selection granularity. Figure 4.4d shows the features used for
ranking per selection granularity. It can be observed that a large variety of features is
only considered (and suitable) when ranking complete ontologies/SWDs, whereas only
a limited number of features is used for ranking terms/entities.

Simplicity for interaction: The trend of some interaction features is displayed
in Figure 4.4e. It can be observed that simple interfaces are more popular. Most
approaches are keyword-based and increasingly offer APIs. On the other hand, the use
of query expansion features to refine queries for users and alternative query formats
(e.g., query languages or text corpora) are less often implemented by the surveyed

ORTs.
4.4 Discussion

In this section, we propose the conceptual integration of ontology recommendation
in [oT ecosystems in Section 4.4.1, present the consideration of ORTs in today’s IoT
platforms in Section 4.4.2, and conclude research challenges in Section 4.4.2.

4.4.1 Conceptual Integration of ORT's in IoT Ecosystems

As previously mentioned, the process of recommending ontologies can be structured
in three steps, namely (1) discovery of available ontologies, (2) selection of the most
suitable candidates for user queries, and (3) integration of the recommendation for the
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Figure 4.5: Integration of ontology recommendation in the IoT ecosystem model.

user’s task at hand. Figure 4.5 illustrates the integration of ORTs in the scope of an
[oT ecosystem model, which is dependent on the user’s intent.

Five distinct use cases (denoted by @ — ® in Figure 4.5) provide insight into dif-
ferent users/agents who query ontology recommendation for different purposes. Case
@® shows the most fundamental use case from the Semantic Web, in which ontology
engineers use recommendation tools during the ontology development process in order
to link to, and potentially extend already existing definitions during the development
process instead of redefining them. Cases @ — ® show integration cases in the IoT
ecosystem model. @ shows the case of smart object owners, who use the recommen-
dation not only to define a semantic schema, but also to create mappings from local
sensor data to the newly defined schema. With these mapping rules, sensor data
streams can be transformed and published with semantic annotations, which is a core
requirement to efficiently join IoT ecosystems (e.g., to be easily and efficiently dis-
covered). Cases @ and ® represent queries from developers and domain experts, who
respectively intend to discover available [oT data/services and specify knowledge for an
intelligent IoT application. Some of these processes could also be automated through
artificial agents requesting for ontology recommendation (@). Eventually, the ontology
recommendation fosters interoperability and allows for more efficient and elaborate
knowledge extraction.

4.4.2 Consideration of ORT's in IoT Platforms

As thoroughly reviewed in [149], existing open IoT platforms lack unified and in-
teroperable data models. Ongoing analysis, discussions and [oT project efforts with
regard to ontologies for the IoT domain indicate that this issue is thoroughly ad-
dressed by the community, as evidenced by [14, 73]. Despite the fact that more and
more [oT platforms support Semantic Web technologies, and that ontologies to de-
scribe Things are becoming more mature, solely the use of ontologies is not enough to
achieve global interoperability [18]. As a first step, this only makes those platforms
interoperable that either use the same ontologies, or ontologies that have been suc-
cessfully mapped/matched. Recent efforts in this regard include, e.g., the Fiesta IoT
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project that achieved semantic interoperability between the FIWARE and OneM2M
platforms (both using different data models/ontologies) [128]. Before, the SPITFIRE
project was concerned with aligning IoT ontologies [174].

ORTs form a key building block to support users of semantic-aware IoT platforms,
for all the [oT ecosystem use cases that have been previously introduced in Section 4.4.1
(i.e., linked sensor data publication/transforming sensor data streams, discovering IoT
data/services, defining domain knowledge). However, it can be observed that existing
IoT platforms — despite the support of Semantic Web technologies — do not yet follow
the IoT ecosystem model, and do not consider ontology recommendation in their scope
of tools and platforms. One reason that could explain this is that ontologies for IoT-
related domains (mobility, city, home, etc.) have not yet reached full maturity, many
still being under specification and development (such as MobiVoc). However, the
expectation is that developers can easily extend platforms to their needs, integrate data
from and model data in a format that is understood by various platforms [149]. ORTs,
in their essence, support this goal through collecting and offering means for selecting
appropriate ontologies. The recent and promising Industrial Ontologies Foundry (IOF)
initiative?, to some extent, agrees with this vision and aims to adapt the success story of
the OBO Foundry from the medical domain to the industrial domain (including IoT),
in order to provide a collaborative tool suite that helps to build and collect jointly
interoperable ontologies. Nonetheless, the idea of sharing and reusing data models
defined by the community has already found its way to the IoT, e.g., the information
model repository (based on a domain-specific language) of the Eclipse Vorto tool®.

Despite the lack of consideration of ORTs in IoT platforms, they have been con-
sidered in other ontology-based tools. For example, [197] describes the integration of
TermPicker in Karma [118], which is a linked data integration tool based on map-
ping rules. Still, such tools do not satisfy IoT specific requirements, e.g., applying
the transformation on data streams, while considering specific characteristics of sensor
data streams [17], and publishing the data in a SWoT gateway. On the other hand,
IoT-specific tools often do not consider ontology recommendation. Instead, they are
built upon a pre-selected set of ontologies, like tools/approaches presented in [168, 127,
151, 89].

In an open IoT ecosystem in which data is not modeled to suit a single IoT platform,
but instead based on common, community-based ontologies that could be understood
by many platforms, ORTs are essential. The ORTs surveyed in this chapter could
be used for this purpose, however, the variety of tools and that the recommendation
differs based on the chosen tool (due to different ontology collections and selection
capabilities) can be frustrating for users. Further, the success of ontology usage in the
biomedical domain indicates that domain-dependent, administered ORT's have a higher
chance of being used and adopted by the community and to achieve a consensus. An
ORT specialized on IoT-related domains could provide unique collection and selection
features, e.g., taking into account the number of IoT platforms and their capabilities
that comply with a certain ontology.

4.4.3 Research Challenges and Directions for ORT's

The following discussion on challenges for ontology discovery is based on the di-
mensions of ORTs as previously introduced (cf. Figure 4.2 and Figure 4.3).

‘https://www.industrialontologies.org/
Shttp://www.eclipse.org/vorto/
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4.4. Discussion

Collection. The collection of ontologies for IoT domains is a challenging task be-
cause most ontologies are still being proposed in the scope of research projects.
LOVA4IoT [84], e.g., is dedicated to classify proposed ontologies and to make them
accessible by integrating them into the LOV platform [232]. One challenge for
ontology collections of IoT domains is the restriction to certain domains, as sen-
sors are deployed in an increasing number of settings (e.g., in cities and factories)
and thus in new contexts that are required to be modeled. However, projects
such as LOV4IoT indicate that ontology collections can be eventually maintained
domain-independently. Future efforts to collect ontologies for IoT domains will
help recommendation tools to build a better ontology candidate set.

Evaluation. The evaluation of IoT ontologies as such can rely on the quality criteria
identified in the survey. However, since many ontologies are still being proposed
for the same domain and due to the rapid pace of developments in the 10T,
ontologies are being continuously improved. Hence, more emphasis can be put
on the evolution of ontologies, i.e., focusing on ontologies that are being actively
maintained and extended, and, on the other hand, filtering those that become
out-of-date. The most critical qualitative evaluation of an ontology, its domain
accuracy, requires human judgment. Future ontology evaluation tools, designed
as collaborative platforms integrated in ORTSs, will help to achieve a community
consensus about proposed IoT ontologies.

Curation. The number of ontologies available on the one hand, and the complex task
of reviewing ontologies on the other hand, call for semi-automated curation pro-
cesses. A particular challenge for the IoT is to keep track of the developments,
classify, and collect metadata of proposed ontologies that can be of interest to
users and provide valuable information for matching and ranking ontologies. De-
spite its importance, a trend was identified in which recent tools rather focus only
on curation or on ranking of ontologies. The combination of both and the pro-
visioning of curated data to ranking models will benefit future recommendation
tools. Moreover, the importance of matching of existing, well-known ontologies
to achieve interoperability has been highlighted in the survey. A collaborative
curation platform could support the ontology matching process and could serve
as a documentation of the achieved matches, which can be taken into account
when recommending an ontology based on a query.

Interaction. One challenge is the requirement for more expressive ways to formulate
the information need of the different IoT ecosystem actors. This could, for ex-
ample, correspond to query formats based on outputs from IoT gateways with
proprietary data models (i.e., text corpora such as JSON, XML, etc.). and the
specification of the intended use, such as data stream annotation, knowledge
specification for a context-aware system, and IoT data discovery. Such improve-
ments of tool’s interfaces will foster the adoption of ontology recommendation
by users and developers in IoT settings.

Matching. As highlighted previously, it is not a trivial task to decide whether a
recommendation should be made on an ontology, term/entity level or based on
combinations from different ontologies. This may not only depend on the in-
teraction mechanisms provided but also on the intentions of the user. The de-
velopment of more sophisticated matches with different levels of granularity and
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considering the user’s intent, such as its [oT use cases, will help to optimize the
recommendation task.

Ranking. The survey revealed that the popularity of ontologies/terms is a desirable
feature for ontology recommendation. However, in the surveyed tools, this fea-
ture is computed only by analyzing datasets from the LOD cloud, which do not
represent semantically annotated IoT data. This may result in miscalculated
qualitative scores for IoT ontologies and does not provide an objectively appro-
priate ranking. One challenge is thus to define a popularity measure that is
suitable for IoT ontologies. Possible directions include the employment of mod-
ern information retrieval techniques, such as analyzing the user click behavior
of existing ORTs (that contain IoT ontologies and are used by IoT actors) to
calculate the popularity of ontologies and terms. Lastly, existing ORTs do not
consider more complex features for advanced users of ontologies, such as the
reasoning complexity of an ontology [21, 244]. Understanding how the ontology
recommendation influences reasoning capabilities and constraints in loT appli-
cations is not trivial and opens new challenges. Specialized ranking models for
[oT use cases, e.g., through additional information generated during the curation
process, will significantly improve the overall recommendation and foster further
convergence to most suitable ontologies for IoT use cases.

4.5 Conclusion

In this survey, the process of ontology recommendation was thoroughly reviewed
and placed into the context of IoT ecosystems. ORTSs help to guide actors of IoT
ecosystems when publishing, discovering and integrating IoT data and services from
heterogeneous sources. A comprehensive taxonomy was defined based on dimensions
regarding the discovery (i.e., collection, evaluation, and curation) and selection (i.e., in-
teraction, matching, and ranking) of appropriate ontologies. This framework served to
evaluate 40 ORT from the literature and trends/findings with regard to the identified
features were highlighted. Moreover, the conceptual integration of ontology recommen-
dation in IoT ecosystem use cases and the consideration of ORT's in today’s landscape
of ToT platforms were discussed.

In conclusion, two dimensions of ontology recommendation are important: curating
an ontology collection and providing simple, yet efficient selection mechanisms. The
survey revealed that tools often focus on either one, and that implemented strategies
for both differ greatly. It is not completely clear, however, how different features
impact the overall recommendation quality. Even though first advancements of sharing
and reusing data models defined by the community for the IoT could be evidenced,
today’s scope of [oT platforms does not yet consider ORTs. Whereas ORT's have been
integrated in tools that support traditional Semantic Web use cases, only a few tools
supporting use cases of [oT ecosystems with ontology recommendation could be found.

The presented framework is limited to functional requirements that impact the
output of ontology recommendation. Non-functional requirements (e.g., performance,
reliability, scalability) impose additional challenges (e.g., efficient indexing of ontolo-
gies) on the implementation of ORTs which have not been considered in the scope
of this survey. The evaluation presented in this survey can support Semantic Web
developers and IoT researchers in getting an overview of the state-of-the-art in ontol-
ogy recommendation, and help to choose the most appropriate tool. Furthermore, the
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presented taxonomy can be used to compare newly proposed approaches to improve
ontology recommendation with previous work.

We claim that a tool that serves as a platform to share, extend, curate, and recom-
mend ontologies of loT-related domains could serve as a fundamental building block for
the convergence to interoperable IoT ecosystems. In the following chapters, we address
several of the identified shortcomings of ORTs, focusing on the key recommendation
dimension: ranking.
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Chapter 5

Efficient Popularity-driven Ranking
For IoT Ontology Collections

This chapter investigates challenges of conventional ontology ranking models for IoT
ontology collections (RQ 2) and investigates the ranking effectiveness of qualitative
ranking features (RQ 3). In particular, this study highlights issues that emerge from
the evaluation criteria popularity, which in its common definition is ineffective for
[oT ontology collections. Instead, we derive popularity-driven relevance labels from
scientific publications of ontologies from the LOV4IoT ontology collection. We employ
a LTR workflow and compare ranking models that rely on qualitative features that do
not require any external metadata, but can be directly extracted from the ontologies.
The study is motivated based on the review of the previous chapter, which highlights
the circumstances that the impact of ranking features and especially in the context of
IoT ontology collections is fairly unexplored. This chapter is based on the work that
has been presented in the following paper:

e Niklas Kolbe, Sylvain Kubler, and Yves Le Traon. “Popularity-driven Ontology Rank-
ing using Qualitative Features”. In: International Semantic Web Conference. Springer.
2019. por: 10.1007/978-3-030-30793-6_19
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5.1 Introduction

In the Semantic Web, efficient ontology reuse is a key factor to enable and enhance
the interoperability of computing systems [204]. Approaches to ontology ranking are a
key component in finding and selecting the most relevant ontologies based on a query
[193]. The importance of ontology reuse and recommendation is also increasing in ToT
environments that aim for the seamless discovery, access and integration of heteroge-
neous, sensor-originated data through the Web. This chapter concerns limitations in
the ranking effectiveness of state-of-the-art ontology ranking models for IoT ontology
collections.

Motivation. This work is motivated by the need of researchers and practitioners
to discover and select the most relevant ontologies for their needs. The large num-
ber of available ontologies and the fast-paced developments in domains often make it
difficult to find and select the most appropriate ontologies. For the IoT case, this is
evidenced through extensive surveys in the literature [70, 126, 88, 7]. This does not
only concern ontologies with regard to sensors and sensor network setups, but further
to sensor observations [88] (e.g., in the context of smart city use cases with regard to
the environment, transportation, health, homes, and factories). At the core of many
state-of-the-art tools that facilitate ontology reuse — such as repositories, search en-
gines and recommender systems — lies the ranking of ontologies for a user query in the
form of keywords.

Importance of popularity. Fundamental ontology reuse strategies rely on on-
tologies’ popularity, which is typically understood as the measure of how often an
ontology is used to model data in the LOD cloud [196]. While rankings foremost take
into account the semantic match of query and ontologies in the collection, current
state-of-the-art tools such as LOV [232], TermPicker [197], and vocab.cc [208] further
incorporate such a popularity measure in their ranking model. This is crucial because
it reflects the community’s consensus on ontologies’ relevance, instead of solely relying
on how well ontologies semantically match the query. Thus, the approach of computing
the popularity measure has an important influence on the performance of the ranking
model.

Problem statement. We find that the approach to derive popularity from datasets
of the LOD cloud, as computed in many state-of-the-art tools, can be problematic for
ontologies of some domains. We illustrate this problem in Figure 5.1, which shows
the number of ontologies contained in the well-known LOV platform that have never
been reused in LOD datasets'. In total, only ~ 35% of the ontologies in the repository
have been reused. We identify particular critical domains with no reuse in any LOD
dataset for any ontology in the collection, namely: Services, Industry, IoT, Transport,
and Health. We consider all these domains highly relevant to loT application domains
(e.g., smart mobility, smart health care, industry 4.0), which thus forms our motivating
case to investigate qualitative ontology ranking from this perspective. From a more
general viewpoint, this case highlights the problem that the likeliness of missing rele-
vant information to explicitly determine popularity for all ontologies in a collection is
high, leading to the computation of ineffective popularity scores in the ranking model.

Contributions. This research contributes to the extension of scope and effective-
ness of popularity-driven ontology ranking models, aiming to make these models less

!Extracted from the LOD SPARQL endpoint: https://lov.linkeddata.es/dataset/lov/
sparql
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Figure 5.1: Count of ontologies per category in the LOV repository that were never
reused in LOD datasets, which is often used as underlying popularity measure in state-
of-the-art rankings. It shows that this score is inefficient for many domains related to
WoT applications, for which none of the ontologies appear in any LOD dataset.

dependent on the underlying popularity measure, such as the selection of LOD datasets
(and the way these datasets are assembled). In this respect, we investigate whether the
relevance degree in terms of popularity can be predicted with qualitative properties
of the ontology instead of relying on an explicit popularity feature as it is common in
the state-of-the-art. We perform this study (based on the problematic IoT case) by
learning a ranking model that uses the popularity as relevance degree for the prediction
target. This approach to ontology ranking results in fairer scores for ontologies that
were developed for use cases other than LOD publication, such as semantic sensor data
annotation and the development of context-aware applications. In general, obtaining
relevance labels for LTR is perceived as a major challenge and a costly process [132].
We propose a popularity measure for ontologies of IoT domains that relies on scholarly
data (i.e., the citation history of ontologies’ associated scientific publication) to deter-
mine relevance degrees in terms of popularity. This approach overcomes limitations
of existing approaches, and we ensure that this measure approximates popularity in
terms of reuses by evaluating the model on state-of-the-art rankings.

The remainder of this chapter is structured as follows. Section 5.2 defines the key
ranking features and introduces the approach to relevance mining from scholarly data.
The experiments, data collection and results are presented in Section 5.3. The findings
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Table 5.1: Overview of Selected Ranking Features

Category  Feature Description
@1  Lucene A Lucene match with property boost.
Relevance ®5  Word2Vec Score based on closely related words of the query.
@3  WordNet Score based on senses and synonyms of the query.
&, Availability Whether the ontology is accessible at its URI.
&5  Believability Whether provenance information is provided.
@  Understandability To which degree terms are labelled and commented.
Importance &7 Interlinking To which degree the ontology refers to external terms.
&g PageRank The importance derived through owl:imports statements.
@9  Consistency Whether a reasoner does not detect inconsistencies.

@19 Richness (Width)  The size of the ontology in terms of width.
@17 Richness (Depth)  The size of the ontology in terms of depth.

are further discussed in Section 5.4; the conclusion follows.

5.2 Ranking Features and Relevance Mining

This section presents the selected ranking features that are considered to constitute
our proposed model as well as our approach to derive relevance labels for ontologies of
IoT application domains. The selection of ranking features is based on comprehensive
studies in the literature on ontology ranking and quality [121, 247]. We include all
attributes identified in survey [121] except for subjective features and those that only
concern term ranking, not ontology ranking. Table 5.1 provides an overview of the
selected features. Our interpretation of these features, as presented in the following,
is guided by the review presented in [247].

5.2.1 Relevance Features

Relevance features aim to determine most suitable matches for a query and an
ontology corpus, for which the following features are selected:

Lucene match (®;). Our fundamental feature to find relevant ontologies based
on keywords is a Lucene match [145]. As argued in [232], ontologies are structured
documents and more meaningful matches should be given a higher score. We adopt the
approach of [232] and apply a property boost to the Lucene match that aims at reward-
ing more important matches, such as local names, primary labels (e.g., rdfs:label),
and secondary labels (e.g., rdfs:comment). The definition of the Lucene score is given
in Eq. 5.1.

Lucene(Q@, O, R) = coord(Q, O) - queryNorm(Q)-

- 5.1
Z (TF(qi, O, R) - IDF(g;, R)? - propertyBoost(g;, R)) (5:1)
i=1
Word2Vec (9,). Word2Vec [146] trains a neural network to predict the surround-
ings of a word. We employ this approach to find closely related words of the input
search terms and compute a score based on the cosine distance and the Lucene match.
The respective matching score is given in Eq. 5.2.

Word2VecMatch(Q, O, R) = Z cosineDistance(Q, w;, M2, ) - Lucene(w;, O, R)

w EcosineDistance(Q,M )

(5.2)
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WordNet (¢3). WordNet [148] is a lexical database in English. We use this source
to find senses and synonyms of the keyword input and compute a score for these words
based on the Lucene search, as given in Eq. 5.3.

WordNetMatch(Q, O, R) = Z Lucene(w;, O, R) (5.3)
w; €sense(Q, DwordNet) U
w; €synonym(Q, DwordNet)

5.2.2 Importance Features

Importance features aim to assign a score to an ontology within a collection inde-
pendently from the query. The selected features that represent the ontologies’ quality
are defined as follows:

Availability (®4). The availability indicates whether ontology O can be accessed
at its indicated URI. We derive this feature as given in Eq. 5.4.

1, if httpResponseCode(URI(O)) = 200

. (5.4)
0, otherwise

Availability (O) = {
Believability (®5). The believability of a published ontology increases with the
presence of provenance data (e.g., specification of authors and descriptions), and is
computed based on Dublin Core Metadata Initiative (DCMI) metadata terms?, as
given in Eq. 5.5.

1, if {URI(O) dcterms:creator 7c} U
Believability (O) = {URI(O) dcterms:description ?7d} # & (5.5)

0, otherwise

Understandability (&g). The better an ontology is documented, the easier it is
to reuse it. We measure the understandability of an ontology by computing how many
of all defined terms in ontology O are labeled and commented.

_ [labelledTerms(O)| | commentedTerms(O)]

derstandability (O) =
Understandability (O) | defined Terms(O)| | defined Terms(O)|

(5.6)

Interlinking (©;). Ontologies foster interoperability by establishing links to pre-
viously defined terms. Thus, we count the out-links found in an ontology as formalized
in Eq. 5.7.

Interlinking(O) = | outlinks(O)| (5.7)

PageRank (95). PageRank [164] is an algorithm that helps to compute the im-
portance of ontologies based on how often they have been referred to by others (i.e.,

in-links). We compute the PageRank score based on owl:imports statements, as given
in Eq. 5.8.
1—-d
PageRank(O;, R) = TR Z
| | OjeimportedBy(O;)

PageRank(O;, R)
| imports(O;)|

(5.8)

Consistency (®9). Ontologies are expected to be logically consistent, which can
be derived through OWL reasoners. We compute the consistency feature as given in
Eq. 5.9.

1, if {inconsistencies(O)} = @

. (5.9)
0, otherwise

Consistency(0) = {

2http://purl.org/dc/terms/
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Richness (9190 & ®11). We further consider the size of the ontology in the form
of its width (see Eq. 5.10) and depth (see Eq. 5.11).

Width(O) = | typeStatements(O)| (5.10)
Depth(O) = | subClassOfStatements(O)| + | subPropertyOfStatements(O)| (5.11)

5.2.3 Relevance Mining Approach

The employed LTR is a supervised machine learning approach that requires rel-
evance labels for query-ontology pairs. We propose to derive a popularity measure
based on corresponding scientific publications associated with an ontology. We are
inspired to follow this approach as a large number of ontologies for IoT application
domains emerge from research projects, as evidenced in [70, 126, 88, 7]. Furthermore,
it overcomes several limitations of other approaches: (i) as previously discussed, LOD
does not provide a reliable source for ontology reuse in IoT application domains; (ii)
deriving relevance through user click logs requires access to closed back-ends of exist-
ing ontology search engines with a large user base; (iii) human labeling is costly and,
unlike mining relevance from scholarly data, does not come with the benefit of being
reproducible.

Our popularity score is based on two measures; (i) citationsPerYear(O): cita-
tions per year are counted and divided by the number of ontologies described in
the same publication to represent the overall impact of the ontology; and (ii) the
linearTrend(O): a linear regression of the citation history to reward positively trend-
ing ontologies combining the intercept and the slope of the linear model. The final
relevance score, as given in Eq. 5.12, is the mean of both min-max normalized measures
and used to derive the total order 7; for the set of ontologies associated with a query,
for which an ontology with a higher popularity score is more relevant than another,
i.e., Rel, = Rely, if popularity(O,) > popularity(Oy).

citationsPerYear(O) + linearTrend(O)

popularity (O) = 5 (5.12)

A ground truth mining process is always assumed to contain bias and noise: for
relevance mining from scholarly data, all self-citations are subtracted from the citation
history, and incomplete years are not considered (i.e., citations of the current year and
of the year of publication). Although the citation history is often used to measure a
study’s impact, the associated reason for the citation remains unknown, which is a
potential threat to the validity of our popularity scores. We assume that the proposed
measure reflects the overall ontologies’ relevance for the scientific community (e.g., we
assume that for outdated ontologies, the citation count will decline and the score is
penalized accordingly through the linear trend). In the following experiments, the pro-
posed ranking model is tested on completely independent datasets to evaluate whether
our training data is accurate and the assumptions hold.

5.3 Experiments

This section presents the experiments following the LTR approach to build a rank-
ing model with qualitative properties of the ontologies to predict the relevance degree.
An overview of the following experiments is illustrated in Figure 5.2, whose aims are
twofold; (i) to investigate whether qualitative features in the ranking model help to im-
prove the ranking performance with regard to the relevance degree, and (ii) to confirm
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Figure 5.2: Experiment overview.

the validity of the results by testing the model on data sets derived from state-of-the-art
ontology rankings.

5.3.1 Experiment Design

The design choices to learn and evaluate the ranking model are as follows:

Learning algorithm: various LTR algorithms were proposed by the machine learning
community. The ranking model is trained using the list-wise LambdaMART algorithm
which has successfully been applied for real-world ranking problems [33] and has also
been previously selected in related work for ontology ranking [37]. We rely on the
LambdaMART implementation of the RankLib? library.

FEvaluation metrics: the performance of the ranking model is validated and tested
based on the Mean Average Precision (MAP) [132], Normalized Discounted Cumulative
Gain (NDCG) [132] and the Expected Reciprocal Rank (ERR) [43], considering the
first ten elements (k=10). A unified point-wise scale for relevance labels is required
for some evaluation metrics, so popularity scores of query-ontology pairs are mapped
to a scale of 0-4 for the experiments. While MAP is only a binary measure (i.e., 0:
considered not relevant, 1-4: considered equally relevant), the NDCG and ERR scores
do consider the multi-valued relevance labels (i.e., these metrics consider how well the
ranking model matches the relevance degree 0-4). Whereas NDCG only depends on the
position in the ranking, ERR discounts the results appearing after relevant ones, which
supposedly better reflects the user behavior of search engines [43]. The ranking model
is trained by optimizing the ERR@10 score using 10-fold cross-validation, meaning that
the training data is randomly partitioned into ten equal-sized subsamples. Iteratively,
nine of these folds are used for training and the remaining one for validation.

Feature sets: the training dataset is prepared by extracting the feature vectors for
each query-ontology pair as introduced in Section 5.2. We rely on the Lucene search
engine of the Stardog? triple store, the openllet?® OWL reasoner to infer consistency
and the GloVe word vector model® to compute the Word2Vec feature.

3https://sourceforge.net/p/lemur/wiki/RankLib/
‘https://www.stardog.com/
Shttps://github.com/Galigator/openllet
Shttps://github.com/stanfordnlp/GloVe
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5.3.2 Ranking Model Training and Validation

In the first experiment, we train and validate the ranking model, as presented in
the following.

Data collection: the data for training and validation is collected from the LOV4IoT
catalog”. 455 ontology files related to IoT applications could be downloaded through
the catalog (each file being treated as a separate ontology). Only 433 files were syntac-
tically correct and stored as named graphs in a local triple store. We derive training ex-
amples by using the available classification labels from the LOV4IoT catalog as queries
(i.e., ontologies” domain® and described sensor devices?), and consider the correspond-
ingly tagged ontologies as relevant. As previously motivated, we rely on scholarly data
to derive degrees of relevance. From the initial collection, 395 ontologies could be as-
signed to 125 different scientific publications based on the LOV4loT metadata. This
collection resulted in 1.1M triples with 133K distinct terms and formed the ontology
repository for the experiments. The citation history from Google Scholar of the as-
signed publications is used to derive a relevance score for the ontologies based on the
approach presented in Section 5.2. The resulting scores are mapped to relevance labels
1-4 by dividing the range of the highest and lowest popularity score for each query
into four equal-sized intervals, and a random set of irrelevant ontologies is added with
the relevance label 0. The resulting ground truth contains 1028 query-ontology rele-
vance judgments with 25 different queries, for which the previously introduced ranking
features are extracted to finalize the training set.

FEzxperiment and results: the first experiment aims at investigating whether the se-
lected qualitative importance features improve the ranking performance with regard to
the relevance degree. Thus, we first train and validate a model only based on relevance
features, and use this as a baseline to evaluate the performance of a model that further
considers the importance features. The results are summarized in Figure 5.3, showing
the performance of two ranking models: the relevance model (a) is only trained with
the relevance features (@, - @3), whereas the full model (b) also includes the importance
features (1 - @11).
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N | o
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A, == © T |5 T~
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Figure 5.3: Comparison of trained models with regard to MAP, NDCG@10 and
ERR@10 on the validation set, for model (a) using only relevance features (@, - ®3)

and model (b) using further the importance features (®; - @11). The red lines indicate
the difference of the respective metric’s mean between the two models.

The results show that the trained ranking models appear to appropriately rank
ontologies with regard to their relevance. We observe that the addition of qualita-

"http://lov4iot.appspot.com/
8Denoted by m3:hasContext
9Denoted by m3:hasM2MDevice
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5.8. Experiments

tive features only has a small impact on the MAP score, but significantly improves
the NDCG@10 and ERR@10 scores. This behavior is expected, as MAP effectively
only measures the semantic match of query and relevant ontologies, whereas the qual-
itative features aim at ranking relevant ontologies according to their relevance de-
gree. NDCG@10 and ERR@10 both reflect this degree, as they take into account
multi-valued relevance labels. We thus conclude that qualitative features helped to
improve the ranking with regard to the popularity-based relevance degree captured in
the ground truth. Subsequently, this implies that the proposed approach can extend
the scope of state-of-the-art rankings, by improving the performance for domains in
which ontologies were never reused in LOD datasets. In such cases, the explicit popu-
larity feature always results in the same score for all ontologies (i.e., zero) and effective
ranking is only based on relevance (i.e., corresponding to model (a)). The presented
approach, in contrast, predicts the popularity based on the qualitative features (i.e.,
corresponding to model (b)), even when no explicit information of popularity or reuse
is present.

5.3.3 Ranking Model Evaluation and Comparison

The second experiment aims at evaluating and comparing the model with indepen-
dent datasets derived from state-of-the-art rankings. We do this in order to ensure
that our assumptions for the ground truth, as introduced in Section 5.2, hold and to
confirm whether the findings from the first experiments are valid. Due to the lack of
existing benchmarks and implementations of ranking models proposed in the literature,
we derive test sets from state-of-the-art tools which must: (i) provide an open API
that returns the computed ranking score of the top-ranked ontologies for a query; (ii)
make the underlying ontology collection available for download; and (iii) incorporate a
popularity measure in their ranking model. We choose to compare the proposed rank-
ing model to approaches from two different domains that fulfill these requirements:
the LOV repository [232], which measures popularity based on LOD occurrences (by
excluding the problematic domains without any reuse in LOD for the test sets); and
the NCBO 2.0 of the BioPortal [141], which ranks biomedical ontologies and covers on-
tology’s popularity in its notion of acceptance, derived by the number of other curated
repositories that also keep an ontology in its collection.

Data collection: we create the test sets based on the LOV REST APIY and the
BioPortal REST API!. For each platform, we (i) derive a set of test queries by extract-
ing nouns and verbs from names and descriptions of all ontologies in the respective
repository, (ii) use each test query to retrieve the ranking from the respective API that
forms the ground truth, (iii) use the same strategy as for the training data to map
the ranking scores to a scale of 1-4 and add a random set of irrelevant ontologies with
a relevance of 0, and, lastly, (iv) complete the test set by extracting the features for
all query-ontology pairs from a local triple store that contains the respective ontology
collection. For the LOV test set we only consider domains with at least five ontologies
that have been reused in LOD datasets, in order to ensure that the derived ground
truth sufficiently reflects the ontologies’ popularity (see Figure 5.1). This process re-
sulted in test datasets with 2998 (LOV) and 4313 (BioPortal) query-ontology relevance
scores.

Ezxperiment and results: in the second experiment, we test both the validated

Onttps://lov.linkeddata.es/dataset/lov/api
Uhttp://data.bioontology.org/documentation
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relevance model (a) and the full model (b) from the first experiment on the newly
derived datasets. The results are illustrated in Figure 5.4, showing the comparison of
the performance for the LOV and BioPortal test set, as well as the mean performance
of the full ranking model from the first experiment (indicated by the dashed lines).
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Figure 5.4: Comparison of the validated ranking models from the first experiment with
the LOV and BioPortal rankings. The dashed lines indicate the mean performance of
the full model on the 10 fold validation sets, showing that the model performs similarly
well on the test datasets. The red lines indicate the difference of the respective metric’s
mean between the two models.

The experiment results lead to two important conclusions. First, it shows that
the learned models behave reasonably well on these completely independent datasets,
evidenced by a similar performance compared to the first experiment. This confirms
that the underlying ground truth to train our model is valid and, subsequently, implies
that the citation history of ontologies in IoT domains is a fair approximation of their
popularity. Secondly, we observe a similar behavior of the relevance and the full ranking
model as in the first experiment, for which the full model improves the ranking in terms
of relevance degree. Albeit the improvement on test sets is lower as in the previous
experiment, it shows the same trend and thus validates our previous conclusion that
the selected qualitative features help to predict the popularity-driven relevance degree
of ontologies. The experimental results are further analyzed and discussed in the
following.

5.4 Discussion

Experiment summary. This study reveals that the prediction of ontologies’
relevance for a query in terms of popularity can be improved with qualitative features.
This confirms the hypothesis of a correlation between ontologies’ popularity and its
quality, based on the intuition that ontologies with better quality are more likely to
be reused than others of the same domain. The presented approach extends the scope
and applicability of the ranking model, as it is not dependent on measures of LOD
occurrences. As motivated previously, this approach gives a fairer score to ontologies
that are not engineered for LOD publication purposes, such as IoT application domains,
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Table 5.2: Full Model Feature Frequencies Averaged Over All Folds

Category Feature Avg. Freq.
®; Lucene 1056.9
Relevance @,  Word2Vec 680.0
@3  WordNet 1375.5
&, Availability 697.7
&5 Believability 55.8
®s  Understandability 1237.9
Importance ¢, Interlinking 634.8
&g PageRank 1302.1
®9  Consistency 7T
@19 Richness (Width) 535.1
&11  Richness (Depth) 646.5

and furthermore also for newly proposed ontologies without any reuses that are well-
defined.

Influence of qualitative attributes. The LambdaMART algorithm applied in
the experiments creates an ensemble of regression trees that can be further analyzed to
better understand the model and its consequences. One way to infer the importance of
each feature on the ranking model is the frequency it was used for classification of the
training examples. We use these counts to discuss the model’s implications and direc-
tions for future research. Table 5.2 reports the results for feature frequency. We derive
the following insights based on the feature statistics, albeit detailed experimentation
would be required to confirm them. One interesting observation is that the feature be-
lievability (@5) barely contributes to the model and would be the first candidate to be
replaced with another feature. This is surprising, as other approaches fundamentally
rely on provenance information such as ontologies’ authorship to compute the rank-
ing [210]. Other observations include that an ontology’s incoming links (®g) appear
to have much more significance than outgoing links (®7). This is intuitive, as being
imported by another ontology often requires the ontology to be considered relevant
by ontology engineers other than the original authors. In addition, it can be observed
that features that solely reflect the internal graph structure (919 and @1;) are less often
used by the model than more expressive qualitative scores such as understandability
(Pg), consistency (Pg) and availability (Py).

Implications of the proposed ranking approach. The experimental results of
this study show that the proposed approach is promising to extend the scope of on-
tology ranking models. As evidenced through the experiments, this approach can also
be adapted for other domains and we expect a model trained on domain-specific on-
tologies to perform better. This encourages further experimentation with more quality
attributes, new interpretations of them, and with training sets from other domains in
order to confirm the findings and achieve the development of better performing ranking
models. The quality of LTR approaches also highly depends on the size of the training
data. We expect future research to provide larger benchmarks that allow for the study
of more complex models and better comparisons of ranking approaches, such as ground
truths derived from user click logs of existing search engines. In a broader context,
this approach to ranking could also encourage ontology engineers to put even more
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emphasis on qualitative traits of proposed ontologies in order to increase exposure and
reuse in applications. Albeit the extraction of qualitative features can be computa-
tionally very expensive, these scores are independent of the user query and can be
pre-computed. Thus, the lookup of these scores and re-ranking of relevant ontologies
only has a minor impact on the run-time performance compared to the complexity of
the semantic similarity search in the entire ontology corpus.

Novel ontology ranking model for the IoT. To the best of our knowledge,
the proposed full ranking model is the first that effectively considers popularity for on-
tologies in IoT application domains. We thus conclude that the proposed full ranking
model contributes to ontology selection for these domains in the scope of open IoT
ecosystems, e.g., for ontology collections such as the LOV4IoT catalog. The ranking
model can be integrated in more complex user interfaces and combined with various
other selection criteria in IoT domains, that, e.g., further consider important standard-
ization efforts.

Limitations. A potential threat to the validity of this study’s experimental find-
ings is the ground truth derived through popularity measures from scholarly data.
While it is a common approach to use implicit user feedback as relevance score (such
as user clicks), using citations arguably is a more ambiguous measure. Yet, as previ-
ously mentioned, this approach overcomes limitations of alternatives and our evaluation
showed reasonable performance. We conclude that further experimentation is required
in order to confirm whether similar observations can be made for other domains than
WoT, by using training examples with a relevance score derived from other popularity
measures. From an ontology reuse perspective, this study is limited as it only considers
the ranking of single ontologies. However, practitioners often search for terms (e.g.,
as offered by LOV [232]) or combinations of ontologies (e.g., as offered by NCBO 2.0
[141]).

Resource availability. The derived datasets, source files to replicate the exper-
iments, as well as more detailed results of the ranking models are available online!?,
and may be used for future experiments and comparison studies.

5.5 Conclusion

In this chapter, we show that the prediction of ontologies’ relevance in terms of
popularity can be improved with qualitative features in the ranking model, making
the model independent from explicit computed popularity metrics such as LOD occur-
rences. Moreover, we present a ranking model that effectively ranks ontologies of IoT
domains with respect to their popularity. We show that the proposed model performs
similarly well on test set derived from rankings of state-of-the-art tools, which is en-
couraging to adopt the presented approach also in other domains. Lastly, we discuss
the importance of the qualitative features on the overall performance of the rank-
ing model. The proposed model can be integrated in ontology selection mechanisms
for practitioners and researchers in IoT use cases and thus contributes to establish-
ing semantic interoperability in emerging large-scale IoT ecosystems. x As evidenced
through this study, evaluation of ontology ranking models is a challenging task. In
the next chapter, we address the challenge of ontology ranking evaluation as a general
problem in the Semantic Web.

12Supplemental material: https://tinyurl.com/y64sa6le
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Chapter 6

Ontology Ranking Benchmark

This chapter is concerned with the lack of sufficient benchmarks in order to compare
different ontology ranking models as proposed in the literature (RQ 4). In order to
develop a representative benchmark, implicit real-world user feedback of the LOV
platform in the form of views and clicks is analyzed to derive a large dataset with
relevance labels for ontology term search. This dataset, named LOVBench, is then
used for an empirical comparison of ranking models as proposed in the literature to
provide further domain-independent insights about their effectiveness (RQ 3). This
chapter is based on the work that has been presented in the following paper:

e Niklas Kolbe, Pierre-Yves Vandenbussche, Sylvain Kubler, and Yves Le Traon. “LOV-
Bench: Ontology Ranking Benchmark”. 1In: Proceedings of The Web Conference
(WWW). ACM, 2020. pDOI: 10.1145/3366423.3380245
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Chapter 6. Ontology Ranking Benchmark

6.1 Introduction

Ontology search provides users with a ranked list of either ontologies' or their
terms for a given query. Efficient ontology search helps users to find and reuse existing
knowledge on the Web [60, 115, 38, 95, 186], which benefits communities by establishing
consensus on domain conceptualizations (e.g., as in the biomedical domain [206]) as
well as the breakup of vertical data silos (e.g., as in Open Data [25] and the IoT [121]).
This, ultimately, eases the discovery and reuse of Web data, fostering interoperability
among computing systems.

However, the evaluation of ontology ranking models that were proposed in this
context is relatively unexplored. The heterogeneity of evaluation strategies and un-
derlying ontology collections makes it difficult to understand, interpret and compare
the performance of proposed ranking models. Existing datasets for ontology ranking
evaluation, such as the state-of-the-art benchmark CBRBench [38], are often built
based on explicit judgments from human experts. However, the laborious approach to
building such benchmarks led to relatively small datasets (in the case of CBRBench,
only comprising ten queries with 819 relevance judgments). Given that ontology col-
lections typically contain hundreds of ontologies and thousands of terms, benchmarks
that only comprise ten queries are not sufficient for the evaluation of ranking models
in real-world settings.

To overcome this issue and address the lack of ontology ranking comparison stud-
ies, we propose the ontology ranking benchmark LOVBench. It comprises both a
dataset including a ground truth for ranking evaluations and an empirical comparison
of state-of-the-art ranking models. The LOVBench dataset contains more than 180,000
inferred relevance judgments for more than 7,000 queries. LOVBench’s ground truth
relies on implicit, real-world user feedback in the form of queries and clicks that were
collected from the LOV platform? [232], which comes with the following advantages.
First, the relevance judgments for ontology terms to a query in LOVBench stem from
feedback of many actual users, which is more representative than judgments from a few
experts; second, collecting user feedback through search logs does not require manual
effort, meaning the benchmark can be continuously updated to capture the evolution
of ontologies and their relevance in the Semantic Web. The empirical evaluation is
performed based on Learning To Rank (LTR) [132]. Compared to combining rank-
ing features manually, LTR allows to learn the optimal combination of the considered
features using supervised machine learning techniques and, thus, allows for a fair com-
parison of complex ranking models. We measure the models’ ranking quality using
the Normalized Discounted Cumulative Gain (NDCG) [111] as evaluation metric and
we compare ranking configurations as proposed in DWRank [37], AKTiveRank [6] and
CBRBench [38]. Our experiments confirm that all considered models outperform a
straight-forward Lucene search [145]. We further show that the consideration of fea-
tures that are well-suited to the user behavior as well as the consideration of much
larger feature sets (given a large enough dataset like LOVBench), can significantly im-
prove the ranking performance. The insights gained in this study help to understand
the effectiveness of ontology ranking models and can serve as guidelines for the design
of more efficient ontology ranking tools in terms of ranking quality.

In summary, the main contributions of this chapter are as follows:

'In the Semantic Web, ontologies are also referred to as linked vocabularies.
?https://lov.linkeddata.es/dataset/lov/
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1. We provide insights of real-world user behavior in ontology search of which some
dissent dominant assumptions in the literature;

2. we introduce and publish the LOVBench dataset, a large-scale ontology ranking
benchmark based on actual and timely user feedback that allows for continuous
updates and enables comparison studies using LTR;

3. we provide an experimental evaluation of ranking effectiveness of three state-of-
the-art ontology ranking models (composed of 13 distinct ranking features) and
propose feature variations and configurations that outperform them (using in
total 33 distinct ranking features);

4. we conclude with recommendations for the design of efficient ontology search
tools.

An overview of existing benchmarks and LOVBench is presented in Table 6.1. In
contrast to the related work, LOVBench satisfies all the following: it relies on keyword-
based queries, ranks classes as well as properties of ontologies from various domains,
graded relevance labels are mined cost-efficiently from actual, real-world user feedback
(views and clicks), and it provides sufficient judgments for complex models in LTR
settings (7,395 queries and 184,224 relevance judgments). Moreover, our comparison
of state-of-the-art ranking models considers best combinations of originally proposed
along with newly designed features (in total 33), and we make the dataset as well as
the feature implementation publicly available.

The remainder of this chapter is structured as follows. We present our approach
to building an ontology ranking benchmark based on user clicks in Section 6.2. We
evaluate the usefulness of user feedback collected through LOV in Section 6.3 and
describe the details of the LOVBench dataset in Section 6.4. We report the subsequent
empirical evaluation in Section 6.5 and discuss our findings in Section 6.6. Finally, we
conclude the chapter in Section 6.7.

6.2 Approach

In this section, we present our approach to benchmarking ontology ranking models.
As illustrated in Figure 6.1, our approach comprises four main steps: (1) analyzing
the collected LOV search logs (containing users’ queries and clicks), (2) inferring and
evaluating relevance labels, (3) creating the LOVBench dataset, and (4) performing
the empirical evaluation of ontology ranking models. In the following, we present an
overview of each step and respective outcomes, including key features for the design
of LOVBench.

Analyzing LOV search logs. In the first step (cf. Section 6.3.1), we analyze the
LOV search logs to confirm whether the logs fulfill basic requirements to generalize user
behavior for ontology search. Moreover, we extract fundamental insights concluded
from the observed real-world user actions in the context of literature assumptions
on ontology ranking design, which guide our later feature design and discussions on
experimental results.

Inferring relevance labels. In the second step (cf. Section 6.3.2), we learn a
user click model [48] based on the LOV search logs in order to infer relevance labels for
query-term pairs. Considering user’s reactions (i.e., clicks) on presented terms for a
query to infer relevance labels has several advantages. Compared to obtaining explicit
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Table 6.1: Comparison of Existing Benchmarks and the Proposed LOVBench Dataset

AKTiveRank [6] CARRank [239] CBRBench [38] TermPicker [197] IoT Ranking [120] LOVBench

Year
Query
Ranking
Source
Labels
Queries
Judgments
Features
Dataset
Impl.

2006 2008 2014 2016 2019 2020
Keyword Keyword Keyword Triple-Pattern Keyword Keyword
Ontology Class Class Triple-Pattern Ontology Term

Four experts Four experts Ten experts Mining (LOD) Mining (scholar) Mining (logs)

List List Point (graded) Point (binary) Point (graded) Point (graded)

7 80 10 5,650 25 7,395
13 ~ 400 819 3,010,620 1,028 184,224
4 1 8 5 11 33
No No Yes Yes Yes Yes
No No No No No Yes
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Figure 6.1: Overview of the LOVBench approach.

judgments from human experts, which may contain bias and become outdated, col-
lecting implicit user feedback through logs is cost-efficient and further captures actual,
potentially time-varying user preferences [236]. This helps to overcome the problem
that the amount of training data in LTR settings is often low [4, 120]. However, clicks
cannot be used as direct relevance judgments due to user’s inherent biases (e.g., posi-
tion bias), click incompleteness (missing feedback for relevant terms), and noise (a click
does not necessarily imply relevance of a term) [2]. The purpose of user click models is
to take these considerations into account and allow for the inference of actual relevance
based on observed user clicks. In order to evaluate whether the LOV search logs allow
us to infer meaningful relevance labels, we pursue the following steps:

1. We learn and compare several user click models with well-established assumptions
of user behavior in Web search,

2. subsequently infer relevance judgments for query-term pairs contained in the
logs, and

3. evaluate these relevance predictions by comparing them with judgments from
human assessors of CBRBench [38].

These steps allow us to build a benchmark with relevance labels that are best
aligned with both, observed user clicks as well as expert judgments.

Creating LOVBench. In general, an ontology benchmark is composed of two
main components: first, a set of sampled query-term pairs with relevance judgments
(the ground truth) and second, the extracted scores of selected ranking features for
these query-term pairs (used as input for LTR experiments). In the third step of our
LOVBench approach (cf. Section 6.4), we first sample terms for the ground truth
based on common practices (similar to the one followed by LETOR [179]). Second,
our strategy for the selection of ranking features for LOVBench is guided by related
literature surveys [121, 60, 247], and respectively discovered features are selected based
on applicability constraints. In summary, we build the LOVBench dataset as follows.
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1. For each query contained in the search log, we sample relevant and non-relevant
terms following common practices,

2. we infer the relevance labels based on the best-performing user click model of
the previous step,

3. we select ranking features from the literature and propose variations, and

4. we extract corresponding feature scores for each query-term pair of the sample.

As a result, we derive a ground truth file for ontology evaluations and a dataset
that can be used for LTR experiments.

Evaluating ranking models. The last step of our benchmark (cf. Section 6.5)
is concerned with the comparison of the ranking models’ performance based on the
LOVBench dataset. We follow a standard LTR experimental methodology [132] and
use standard evaluation metrics for information retrieval (NDCG). In addition to fea-
ture configurations as proposed in the literature, we propose novel variations that are
motivated by the observed user behavior from the LOV search logs.

6.3 LOV User Feedback Evaluation

In this section, we provide insights of real-world user behavior for ontology search.
We analyze the search logs in Section 6.3.1 and present the inference of relevance labels
in Section 6.3.2.

6.3.1 Search Log Analysis

The ontology collection of LOV, at the time of writing, consists of 680 ontologies
associated with 43 different domains. User interactions with the LOV interface are
logged upon queries and clicks, without storing any user information. Figure 6.2
provides details of the query and click log files collected from LOV’s term search of a
7-months period starting from 01,/2019.

The raw log files contain 10,579 user sessions with 59,398 queries and 17,125 clicks
(see Figure 6.2a). In Figure 6.2b, we illustrate the amount of terms that are defined
in the LOV corpus that have also been viewed and clicked by users. The coverage
shows that the LOV search logs are sufficient to generalize search behavior with regard
to the corpus size. The pre-processing for the clean logs include removing sessions
without clicks, queries containing personal information, as well as queries beyond the
first Search Engine Result Page (SERP). The latter is motivated by our observation
that only very few users made use of the pagination feature (i.e., only few actions
were logged beyond the first page), as shown in Figure 6.2c. We further made the
following observations regarding the user behavior of which some are in contrast with
assumptions made in the literature.

Importance of property ranking. The literature often focuses on class ranking,
and some ranking and evaluation approaches do not consider properties [6, 38,
37]. As illustrated in Figure 6.2b, we observe equal amount of views and clicks
of classes and properties in LOV, which should be considered when designing
ranking features.

Multiple words in keyword query. Some approaches assume that user queries
contain multiple words, e.g., when considering the number of words that match
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Figure 6.2: LOV search log analysis.

the term [37] and relying on the distances in the ontology graph of matched
terms for each word in the query [6]. However, as shown in Figure 6.2d, we
observe that the majority of queries in LOV are single words, which means the
potential usefulness of these ranking models is limited to a small fraction of
queries.

Position for evaluation. The frequency of click positions of the first SERP is illus-
trated in Figure 6.2e, which shows a strong bias towards the first position in
the result list. Ranking evaluations should thus not only consider the complete
SERP (first ten positions), which is a common choice in the literature [38, 37],

but further based on metrics that only consider the more important top positions
of the SERP.

These considerations guide our approach for the creation of LOVBench, as well as
the design and discussion on the LTR experiments in later sections.

6.3.2 Relevance Inference

In this section, we learn several user click models from the cleaned LOV search
logs in order to infer meaningful relevance labels from the implicit user feedback. We
then evaluate their accuracy through a comparison with CBRBench, which contains
judgments from human experts. We first describe the setup and subsequently present
the evaluation results.

6.3.2.1 Learning User Click Models

In order to model user click behavior from the LOV search logs, we learn several
models that were proposed in the literature to later select the best performing one for
the inference of relevance judgments in LOVBench. We choose to experiment with the
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two best-performing modeling approaches presented in [48], i.e., the User Browsing
Model (UBM) [66] and the Dynamic Bayesian Network model (DBN) [44]. As a
baseline, we consider a simple Document-based Click-Through Rate model (DCTR)
[54]. We randomly select 75% of the logged LOV search sessions for training and hold
the remaining 25% out for testing to learn each model?.

After learning the user click model, we can infer relevance for the query-term pairs
contained in the search logs. In general, inferring relevance Rel for a query ) and
a document (i.e., a term t) from a learned click model is based on user satisfaction
probability [48].

where S;, C;, and E; are binary random variables corresponding to the user’s satis-
faction probability, click probability, and examination probability for a term ¢, respec-
tively. The considered user click models differ as follows. UBM — unlike DBN — does
not consider actual user satisfaction in the model, meaning this formula simplifies to
the attractiveness probability (i.e., perceived relevance). Another fundamental differ-
ence of UBM’s and DBN’s assumptions concern the examination probability, which in
UBM depends on previous clicks and their ranks, while in DBN it depends only on
the term position [48]. In DCTR, relevance corresponds to the click-through rate, i.e.,
how often a term was clicked compared to how often it was shown.

6.3.2.2 Click Prediction Evaluation

As a first step, we evaluate the learned models with common evaluation measures
on the held-out test set with regard to click prediction. One evaluation measure for
this purpose is the standard log-likelihood [48].

LL(M) =YY log Pi(C, = ci|Cep = c2,) (6.2)

seS r=1

where Py, corresponds to model’s M click probability measure at rank r for a session
s € S in the test set, and ¢, being the actual click information. We further consider
perplexity based on full probability and perplexity gain [48].

I~ 1 _ _
Perplexity(M) - — Z 2 |é| > ses(crlogy +(1—cr) logy (1—pr))
n

r=1 (6.3)
Perplexity(Mp) — Perplexity(My)

Perplexity(Mp) — 1

Gain(MA, MB) =

where p, corresponds to the model’s predicted click probability (Py(C, = 1|q,t)).

The results on the model’s ability to predict the clicks are summarized in Table 6.2.
Both, DBN and UBM outperform the baseline DCTR model. However, UBM clearly
shows a better performance for log-likelihood as well as perplexity compared to DBN.
We thus find that the learned model using UBM is able to predict clicks well and
should be preferred over the others. However, we continue the evaluation based on a
comparison with human judgments.

3Implementation taken from https://github.com/markovi/PyClick
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Table 6.2: Evaluation of learned LOV click models with regard to click and relevance
prediction. Best performance for each metric is highlighted in bold.

Model Click Relevance

Log-likelihood Perplexity Gain  7cBRBench
DCTR —0.274 1.299 - 0.448
DBN —0.271 1.227 0.240 0.282
UBM —-0.173 1.187 0.375 0.613

6.3.2.3 Relevance Prediction Evaluation

In addition to the previous evaluation on the held-out test set, we leverage existing
term relevance judgments from the literature for evaluation purposes. By evaluating
the models’ performance with regard to their relevance predictions we ensure that
inferred relevance labels are accurate and we gain more confidence in the ground truth.
In particular, we rely on the expert judgments from CBRBench [38]. CBRBench
is composed of ten queries with 34 to 137 term judgments per query. We are able
to compare six queries from CBRBench that have overlapping judgments with the
relevance predictions of the learned click models based on the results shown in the
LOV logs (i.e., location, address, organization, event, music, and person). We use the
Pearson Correlation Coefficient r to evaluate the similarity of the total order of terms
based on the predicted satisfaction probability with the total order of terms based on
the CBRBench judgments.

The results of the relevance prediction evaluation are also summarized in Table 6.2,
showing the correlation r for each model with respect to the CBRBench judgments.
On the one hand, this evaluation step confirms the previous results that the UBM
should be preferred over DCTR and DBN. Furthermore, UBM demonstrates a strong
correlation with CBRBench'’s relevance judgments (0.613), meaning that the relevance
predictions of the UBM model learned from the LOV logs are close to the expert
judgments from CBRBench. We explain the better performance of UBM compared
to DCTR and DBN due to its consideration of previous clicks and their position in
the same session, based on the experimental findings and intuition presented in [48],
where UBM also performs best. Thus, we consider the relevance labels inferred from
the UBM model in the LOVBench dataset.

6.4 LOVBench Dataset

In this section, we introduce the considered ranking features and the sampled
ground truth for the proposed ontology ranking benchmark dataset. We present the
considered features in LOVBench with a joint conceptualization in Section 6.4.1, intro-
duce our term sampling strategy in Section 6.4.2, and finally summarize the LOVBench
dataset in Section 6.4.3.

6.4.1 Feature Description

We first introduce the notation used to describe the features in a joint framework.
Subsequently, we provide an overview and more details about the considered ranking
features.
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rdfs:domain

dbpedia-owl:Person
dbpedia-owl:Place
(a) RDF graph O

dbpedia-owl:residence
dbpedia-owl:Person > dbpedia—o@

(b) Ontology graph G(O)

voaf:specialises
dbpedia-owl ~@

(c) Repository graph G(R, {p € voaf})

dbpedia-owl:residence

rdfs:range

Figure 6.3: Hlustration of graph definitions used for ranking.

6.4.1.1 Notation

Let O be an ontology in a repository R. An ontology O is defined by a set of RDF
triples (subject, predicate, object), which is referred to as RDF graph. A term
t in an ontology can be of type class ¢* or property p®. A user query is denoted by
@, with ith word denoted as ¢;. The set of ontology terms that matches the query
is denoted by o7(Q,0), where T corresponds to the type of matched terms, i.e.,
T € {t,c,p} (corresponding to all terms, only classes, or only properties, respectively).
In addition to the RDF graph O (illustrated in Figure 6.3a), two more graph structures
can be derived and used for ranking, namely the ontology graph (Figure 6.3b) and
the repository graph (Figure 6.3c). These graph structures allow the application of
conventional graph scoring algorithms.

Ontology graph. The ontology graph of O represents classes and properties of the
ontology. Unlike the RDF graph, properties are modeled as edges instead of
nodes. The ontology graph is denoted by G(O) = (C, &, ,), where C is a set of
nodes representing all classes (¢ € O) and € is a set of directed edges. These
are derived based on the ontologies’ properties (p € O) and the semantics of
rdfs:domain and rdfs:range, i.e., &, ., = {(ci,¢;) € O : (p, rdfs:domain, ¢;)
& (p, rdfs:range, c;)}. A more detailed description of the mapping from O to
G(O) can be found in [239].

Repository graph. The repository graph expresses the relationships among ontolo-
gies in the repository. It is denoted by G(R,P) = (O, &p, 0,), where O is a set of
nodes corresponding to the ontologies contained in the repository (O € R) and
€o,,0; is a set of edges representing all considered properties p € P that exist
between ontologies, i.e. o, 0, = {(0;,0;) € R:(0;, peP, Op}.

6.4.1.2 Feature Selection

Our strategy for the selection of ranking features for LOVBench is guided by related
literature surveys [121, 60, 247], and respectively discovered features are selected based

4Considered class types: rdfs:Class, owl:Class.
5Considered property types: rdf :Property, rdfs:Property, owl:0bjectProperty,
owl:DatatypeProperty, owl:AnnotationProperty, owl:0OntologyProperty.
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on the following applicability constraints.

e The feature must rely on a keyword-based query format and rank ontologies
or terms. We choose to consider both, term and ontology ranking features in
LOVBench because the consideration of the overall quality of an ontology in
which a term is defined is often an important factor for reuse [196], and thus,
ontology features are often applied for term ranking, such as in CBRBench [38].

e The feature must not depend on metadata information that cannot be derived
from the ontology collection itself. Such features are often considered in ontology
ranking by formulating scores involving user feedback such as ratings and clicks
[141], ontology and term usage in LOD [197], etc. While these features can be
very useful for ranking, applying these features to different ontology collections
can be problematic because the respective metadata is often not available or
difficult to obtain for other ontology collections [120]. Since ranking models
evaluated by LOVBench should be applicable to any ontology collection, we
choose to exclude them.

e The feature must form a significant distinction to already considered features.

e Priority is given to features for which the complete ranking configuration as
proposed in the literature can be replicated.

Other considerations for a fair comparison of ranking models include the constraints
that define whether a term matches a query or not. We choose to harmonize the query
match for all features independent from the respective feature’s original approach. This
gives a more accurate query match for all features by considering the meta vocabularies
used in the LOV collection. Lastly, some ranking features depend on hyperparameters
that need to be set by experts. In LOVBench, we stick to the hyperparameters as
suggested in the original source of the feature. However, our large ground truth for
the application of LTR further allows us to decompose some of these features (e.g., in
case of weighted sums) and implicitly learn the parameters from the data instead.

6.4.1.3 Feature Description

An overview of LOVBench’s ranking features, based on the previously introduced
notation, is presented in Table 6.3. The subscript after the feature name indicates
whether the feature assigns scores to terms (t), ontologies as a whole (O), or only to
the query (Q). We would like to note that Q-features cannot be used stand-alone for
ranking and that O-features assign the same score for all terms from the same ontology.
The feature category indicates the feature’s parameters for scoring. We further organize
the features in four groups (query match, repository graph analysis, ontology graph
analysis, and RDF' graph analysis), for which we provide more details in the following.
As motivated previously, it is possible to use LOVBench for comparisons of rankings
using metadata-based features (as an additional group of features), however, it is
considered out of scope.

Query match (Feature 1-7). Query match features assess how well the words in
the query match the words that describe a term in the ontology. The boolean match
(Feature 1), e.g., simply states whether a term is contained in the query match or not
and the text relevancy (Feature 4) measures how many words in the query match a
term. The original matching features followed in LOV (Feature 2 and 3) are based on a
standard BM25 matching score [188]. Feature 2 further assigns weights depending on
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which property of a term matches the query and Feature 3 is based on properties that
describe the ontology [232]. We propose two more features in addition to those used
in the state-of-the-art. First, we propose a variation of the class match (Feature 5)
for properties (Feature 6). These features are based on different weights for exact and
partial matches of query words. Albeit not directly related to matching, we further
consider a simple feature that counts the number of words in the query (Feature 7). The
following details were considered when extracting query match features for LOVBench.

e A term matches the query (i.e., t € o) if at least one word ¢; € @) matches
the domain of at least one of the following properties of the term: rdfs:label,
dce:title, dcterms:title, skos:preflabel, rdfs:comment, rdfs:description,
dce:description, dcterms:description, skos:altLabel, or the local name of the
term’s URI. These are the same properties that were considered in the original
LOV term property boost [232].

e The exact and partial matches (¢ and Paal) of the class and property match
(Feature 5 and 6) only consider matches in rdfs:label. The hyperparameters
are set to a = 0.6 and § = 0.4 [6].

We would like to note that features that use terms or ontologies contained in the query
match as input for scoring are not classified as query match features, but assigned to
one of the following groups to which the scoring algorithm relates.

Repository graph analysis (Feature 8-10). These features determine the importance
of ontologies in the corpus based on the repository graph G(R,P). PageRank has been
the most commonly adapted ranking algorithm for this purpose, especially in the do-
main of ontology search engines [121]. The repository graph is usually constructed
based on owl:imports statements (Feature 8), however, it has been pointed out that
explicit owl:imports statements are often missing, and considering implicit imports
derived from term URIs appearing in the ontology (Feature 9) showed better perfor-
mance [37]. We further propose to build a repository graph using ontologies’ properties
based on the vocabulary of a friend® (voaf), which in LOV are automatically derived
from the ontology collection [232], and to consider this graph as input for PageRank
(Feature 10).

e PageRank pr for repository graphs G(R,P) is computed as follows [38].

B ﬂ pr(0j,G(R,P))
PO, G(R.P) =~ > [0;, peP, O]

(6.4)
OjE(Oi, peP, Oj)

where d corresponds to the damping factor (set to d = 0.85). Since PageRank
computes very small scores, we multiple these with 10°.

Ontology graph analysis (Feature 11-16). These features assign scores to terms and
ontologies based on the ontology graph G(O). PageRank has also been adapted for
this purpose. In particular, [37] proposes a Reversed PageRank approach to identify
hubs in an ontology (Feature 11-13). However, this approach is limited to classes since
PageRank only assigns scores to nodes and not to edges (i.e., these scores ignore prop-
erties). Other considered graph scoring algorithms include betweenness (Feature 15),
for which we propose a variation for scoring on terms (Feature 14), as well as the
semantic similarity measure (Feature 16). The following details are considered for
creating LOVBench.

Shttps://lov.linkeddata.es/vocommons/voaf/v2.3/
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e The betweenness measure scores classes based on the number of shortest paths
passing through it [6].

A(Civ Cj (C>7 G(O))
betweenness(c, G(O)) = g (6.5)
ciFe; #c€0 e ¢, G(0))

where \(¢;, ¢j, G(O)) corresponds to the total number of shortest paths from ¢;
to ¢j, and A(¢;, ¢j(c), G(O)) defines the number of shortest paths passing through
c.

e Semantic similarity is a measure based on the shortest path between two classes
to capture how close these concepts are laid out in the ontology [6].

1 e
ssm(c;, ¢;, G(O)) = { [min(Acs,c;,G(O)))] * ifi#j

1, ifi=j (6.6)

RDF graph analysis (Feature 17-33). Features based on the RDF graph O extract
statistics about terms in an ontology, which, e.g., can give an indication about the
importance of terms in the repository and to which detail a term is defined. TF-IDF-
based measures (Feature 17-25) differ in ontology ranking compared to conventional
text retrieval since scoring is adapted to compute the importance of term URIs in
the repository [38]. This implies that TF-IDF-like term features (Feature 17-19) are
query-independent. TF-IDF ontology features (Feature 20-22), however, are computed
based on all terms in an ontology that match the query [38], and thus remain query-
dependent. Since the intuition of TF-IDF does not apply to ontology ranking (IDF
assigns a low score when a term appears in many ontologies, even though it is a
desirable trait), we decompose the measures into separate features (Feature 17-18 and
20-21). In addition to TF-IDF-based features, simple statistics of the RDF graph are
also considered for the ranking of terms and ontologies (Feature 26-33). We propose
variations of features from the literature which are adapted for ranking of terms instead
of ontologies (Feature 26-30) as well as for the consideration of properties instead of
classes (Feature 32-33). The following details were considered for LOVBench.

e Term frequency tf(t,0) and inverse document frequency idf(t, R) are computed
as follows [38].

B 0.5 % f(t,0)

f8,0) =05+ 7 #.0) £ € O (6.7)
o R |
idf(t, R) = log (y{o 1€ 0,0 € R}!>

where f(t,0) is the frequency of a term ¢ in ontology O.
e The adapted notion of BM25 for ranking of terms ¢ is defined as follows [38].

TF(t,0) %k + 1

TF(t,0) + k * (1 —b+bx MJOOS‘(R))

bm25(t, 0, R) = IDFy(t, R) = (6.8)

where k and b are hyperparameters (k = 2.0, b = 0.75), the ontology size |O| is
computed by its number of triples, and avgos(R) is the average ontology size in
the repository.
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Table 6.3: LOVBench Ranking Features

ID Feature Cat. Description Ref
Query match
1 Boolean match; Q, t 1,if t € 0y; 0, otherwise [38]
2 Match-boost; @, t, R bdm25(Q,t, R) + boost(cy) [232]
3 Match-descr.o @, O, R btm25Q,0,R) [232]
4 Text relevancy, @, t H{gi € Q : 0r # T} [37]
5 Class matcho @, O >k ot 4 B B (6]
7€Q
6 Prop. match, @, O S ax |<pgxa“] + B * |<p£artia1|
7:€Q
7 Query lengthy, @ Hai € Q}
Repository graph analysis
8 PR-imports, O, R pr(O, G(R, {owl:imports})) [38]
9 PR-implicitp, O, R pr(O, G(R, {implicit imports})) [38]
10 PR-voafp O, R pr(O,G(R,{p € voat}))
Ontology graph analysis
11  Huby c, O pr(¢, G(Oreversed ) ) [37]
12 Max hubo @) max({Hub; : c € O}}) [37]
13 Min hubp O min({Hub, : c € O}}) [37]
14 Betweenness; ¢ betweenness(t, G(O)) [6]*
15 Betweennessp @Q,0 ﬁ > cco, Betweenness; [6]
16 Semantic sim.po @, O m 2 ssm(ci, ¢, G(O)) [6]
€,Cj €0
RDF graph analysis
17 TF, t, O tf(t, O) [38]H*
18 IDF, t, R idf(t, R) [38]
19 TF-IDF, t, 0 TF, * IDF, [38]*
20 TFo Q0 Y, TF (38
21 IDF, QR Y., IDF; [38]
92 TF-IDF, Q,0,R Y., TF-IDF, 38]
23 BM25, t,O, R bm25(t,0,R) [38]*
24 BM250 Q,0,R Y., BM25, [38]
25 VSMp Q,0,R wvsm(Q,O0,R) [38]
26  Subclasses; c |subclasses(c)| [6]***
27 Superclasses, ¢ |superclasses(c)| [6]**
28 Relations; c |relations(c)| [6]***
29 Siblings, c |siblings(c)| [6]%**
30 Density, c w1 * Subclasses; +wq * Superclasses, + wz*  [6]*
Relations; + w4 * Siblings,
31 Density, Q, O ﬁ > ceo, Density, 6]

32 Subproperties; p
33 Superprop.; P

|subproperties(p)|
| superproperties(p)|

* Adapted for terms, originally only proposed for ontology ranking.

** Originally not considered as individual feature.
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e The Vector Space Model (VSM) [195] feature (Feature 25), adapted to ontology
ranking, measures similarity of query and ontology using #f and idf to compute
the weights of query words ¢; in the query and ontology [38].

vsm(Q, 0, R) = 22 0.0) (6.9)
> (TF-IDF(t;, 0))% = [ 3 (tf-idfy(a:, Q, R))?
t;€0 %GEQ
where tf-idf of a query word g; is defined as follows.
. flai, Q)
tf-id 2] 7R =
Fillala O 1) =l @ e @) 610

|B]
log <‘{O :teO,te Ut(an)}‘>

e The density (Feature 30) depends on a weighted sum, for which the original
weights were used: w; = 1.0, wy = 0.25, w3 = 0.5, and wy = 0.5 [6].

In summary, we presented the selected state-of-the-art ranking features and pro-
posed variations and features that are motivated by our observations made from the
LOV search logs. In the next step, we describe our strategy to select samples for the
ground truth.

6.4.2 Term Sampling

When building a ground truth, it is usually impractical to judge and extract features
for all terms in the repository [132]. In the context of LTR, the chosen strategy
of sampling some documents for each query for learning will impact the observed
effectiveness of the learned ranking model, referred to as sample selection bias [134,
150]. Given the discussions of document sampling’s impact [134], our goal is to ensure
that the LOVBench dataset contains a similar distribution of relevance labels and
average sample size compared to well-known state-of-the-art datasets for conventional
ad-hoc Web retrieval tasks. We follow a similar strategy to the one presented in
LETOR [179], by (i) considering all query-term pairs without judgment as non-relevant
and (ii) selecting samples from an existing ranking, i.e., the term search results of LOV.
For each query of the LOV search logs, the relevance of the first ten terms is inferred
from the best-performing click model using UBM (see Section 6.3.2), and an additional
amount of non-relevant terms is randomly sampled from the remaining query match.

As a popular convention, we map the relevance inferred from the click model, which
is measured in terms of satisfaction probability (0 < Relg: < 1), to relevance labels
lo+ on a scale from 0-4, and further consider a junk grade (—2). We denote the set
of labeled data for query @ and term t by £ = {(Q,t,lg.)}, the standard input for
supervised LTR settings, and refer to £ with all relevance predictions as ground truth.
As shown in Table 6.4, this approach results in a dataset with a similar distribution
of relevance judgments compared to established LTR datasets, such as TREC Web
2013 & 2014 [51, 52] and a selection of ClueWeb127 entries as presented in [4]. On
the other hand, it reveals a different distribution for CBRBench, which is a potential
explanation for the differences in our inferred relevance judgments and those made by

"https://lemurproject.org/cluewebl2/
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Table 6.4: Breakdown of relevance labels in LOVBench, well-known ad-hoc Web re-
trieval datasets, and CBRBench.

Label LOVBench TREC Web ClueWeb12 CBRBench
Total 73,950 + 110,274 28,906 5,392 819
Very high (4) 0.34% 0.14% 0.07% 4.64%
High (3) 1.63% 1.42% 1.15% 10.01%
Low (2) 7.26% 8.77% 5.47% 19.90%
Very Low (1) 24.10% 23.64% 20.83% 25.76%
Non (0) 66.59% 63.31% 68.64% 39.68%
Junk (—2) 0.06% 2.73% 3.84% 0.00%

experts from CBRBench. The authors of CBRBench only consider a term as relevant
with a score of 2 or higher [38], while we follow the common practice to consider a score
of 1 or higher as relevant. Finally, LOVBench is composed of 73,950 judgments inferred
through the user click model and 110,274 randomly sampled non-relevant judgments,
with an average sample size of ~ 26 judgments per query.

6.4.3 Final LOVBench Dataset

In summary, the LOVBench dataset contains: (i) extracted ranking features (Sec-
tion 6.4.1.3) and (ii) inferred relevance judgments (Section 6.4.2) for 184,224 query-
term pairs. We provide a single csv-file containing the query-term pairs and their
relevance judgments which can be used as ground truth for evaluation purposes. More-
over, the full dataset (including extracted features) is provided in a format for LTR
experiments. It is randomly split by query into five equal-sized partitions, which in
turn are used to derive five folds with three partitions for training and the remaining
two for validation and testing.

6.5 Empirical Evaluation

In this section, we apply LOVBench to evaluate several ranking configurations
using LTR. We first describe our experiment setup and then present our experimental
results.

6.5.1 Experimental Setup

The experiments are based on the standard framework for LTR evaluation [132].
In the following, we describe the considered feature configurations, baselines and eval-
uation metrics. We rely on the previously introduced LOVBench dataset for the eval-
uation.

Configurations. We experiment with feature configurations that are associated
with three different groups: baseline, literature, and variations. An overview of all
configurations subject to the experiments is given in Table 6.5. The purpose of our
baseline (a standard Lucene search on terms’ rdfs:label properties) is to provide
the performance of a straight-forward search approach as a reference point. We then
compare several ranking models as they have been proposed in the literature with the
baseline using the feature sets from AKTiveRank [6], DWRank [37], and CBRBench
[38]. Lastly, we propose variations that are designed to meet the requirements observed
in the LOV search logs. We compare three models to the baseline and literature:
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Table 6.5: Overview of feature configurations. The feature IDs correspond to those
presented in Table 6.3.

Category  Name Feature configuration Count
Baseline Baseline Lucene search (rdfs:label) 1
Literature DWRank [37] 4,9, 11-13 5
AKTiveRank [6] 5, 15-16, 31 4
CBRBench [38] 1, 5, 9, 15-16, 22, 24-25, 31 9
Variations LOV-based 2-3 2
LOVBench full 1-33 33
LOVBench light 2, 10, 14, 17-19, 26-29, 32-33 12

first, a simple model only using current LOV features as a reference point (LOV-
based), second, a model using all features of LOVBench (LOVBench full), and third,
a model with features that are chosen based on low computational complexity, high
informativeness and meeting the LOV requirements (LOVBench light). In total, we
evaluate ranking performance of seven different configurations with up to 33 different
features.

Learning to rank. Each model configuration is trained with well-known LTR tech-
niques. We experiment with both, a pairwise approach (RankNet [32]) as well as a
listwise approach (AdaRank [243])%. Evaluation and comparison to the baseline is
based on five-fold cross-validation.

Metrics. We rely on standard evaluation metrics for information retrieval. We
measure the retrieval performance in terms of multi-valued relevance based on NDCG
[111]. Motivated by the discussion in Section 6.3.1, we report the NDCG for the first
3, 5, and 10 ranked terms. We further report MAP [13] as a consideration of ranking
models’ effectiveness, which, however, only considers binary relevance.

6.5.2 Experimental Results

In this section, we present the experimental results and compare each configuration
to the baseline.

6.5.2.1 Originals

In Table 6.6, we compare the performance of several feature configurations using
two LTR algorithms with the baseline. The first row shows the baseline performance
based on a Lucene search. The first group of configurations (DWRank, AKTiveRank,
CBRBench) for both LTR algorithms shows the performance of original models from
the literature.

When comparing the results of the original configuration with the baseline, we ob-
serve that all configurations manage to significantly improve the baseline performance
in all metrics. Compared with each other, all models show similar performance, albeit
DWRank performs slightly better when using RankNet and AKTiveRank performs
slightly better when using AdaRank. Another interesting observation is that the addi-
tional features considered in CBRBench, which also includes the features proposed in
AKTiveRank, barely improve (RankNet) or even harm (AdaRank) the ranking perfor-

8Implementation taken from https://sourceforge.net/p/lemur/wiki/RankLib
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Table 6.6: Results for ranking models with considered feature configurations using
LOVBench. Best results for each algorithm and metric are highlighted in bold. All
configurations significantly improve the performance in all metrics compared to the
baseline (p-value < 0.05).

LTR Configuration @ NDCG@3 NDCG@5 NDCG@10 MAP

- Baseline 0.261 0.299 0.358 0.433
DWRank 0.497 0.508 0.536 0.572
= AKTiveRank 0.459 0.469 0.499 0.563
E CBRBench 0.480 0.484 0.512 0.564
=
ch LOV-based 0.646 0.688 0.724 0.717
LOVBench full 0.841 0.868 0.883 0.845
LOVBench light  0.762 0.781 0.803 0.806
DWRank 0.372 0.382 0.404 0.481
= AKTiveRank 0.454 0.454 0.478 0.548
cfg CBRBench 0.378 0.379 0.411 0.492
§ LOV-based 0.638 0.679 0.716 0.710
LOVBench full 0.881 0.902 0911 0.918
LOVBench light  0.780 0.825 0.860 0.871

mance. This is surprising, given that the comparison in CBRBench [38] based on single
features shows some of these features to perform well. This indicates that ranking mod-
els should always be evaluated with all features and weights taken into account, since

individually poorly performing features can still perform well when combined using
LTR.

6.5.2.2 Variations

The second group for each algorithm (LOV-based, LOVBench full, LOVBench
light) in Table 6.6 shows the results of the adapted models.

First, we can observe that all three configurations that use the original LOV term
matching feature (Feature 2) significantly improve the performance of the baseline as
well as the models from the literature. However, we need to keep in mind that the
sampled ground truth is biased on the existing ranking of LOV, which includes Fea-
ture 2 [232]. Moreover, when comparing the LOVBench full model with the simple
LOV-based configuration, we observe that the additional features in LOVBench sig-
nificantly improve the performance. Given that real-time computational requirements
can be a major concern, we are also interested in increasing the ranking performance
with a reduced number of features compared to the full configuration. As the results
of the LOVBench light configuration show, the smaller feature set is also able to signif-
icantly improve ranking performance compared to the LOV-based model, albeit not as

much as the full model. All these observations hold true for both learning algorithms,
RankNet and AdaRank.

6.6 Discussion

In this section, we discuss the practical implications of the results and state the
limitations of our approach.
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6.6.1 Practical Recommendations

One of our key findings is that ranking features should be designed with regard to
the actual user behavior of the targeted domain. The performance results of the consid-
ered literature models can be explained with the mismatch of the assumptions for these
ranking models and the user behavior we observe in LOV (cf. Section 6.3.1). First, the
original AKTiveRank configuration does not include any term features, meaning that
if the ranking contains multiple terms from the same ontology, these receive the same
score. Second, in DWRank, three out of five features (Feature 11-13) relate to the hub
score, which only scores classes, meaning that this configuration lacks the ability to
rank properties, which we have found in LOV to be equally important as the ranking of
classes. Furthermore, the text relevancy feature that is also part of this configuration
(Feature 4) assumes multiple words in the query, which in LOV is often not the case.
Third, CBRBench is, similar to AKTiveRank, mostly composed of ontology features,
and further of many complex features with predefined hyperparameters, not allowing
the LTR algorithms to learn these from the data. As shown by our experiments, adapt-
ing the ranking features to these requirements significantly improved the performance.
Our results also demonstrate that increasing the number of ranking features, given a
large enough dataset like LOVBench, allows increasing ranking performance. However,
in practice it is often necessary to form a reasonable trade-off between effectiveness
and computation cost. This especially concerns query-dependent features that cannot
be pre-computed and have to be extracted at run-time.

As previously mentioned, the experimental results need to be interpreted in the
context of the biases imposed by the current LOV ranking from which the relevance
labels for the ground truth are derived. The LOV search relies on a Lucene-based
match with property boost and a popularity score measured in term of usages in LOD
datasets [232]. Thus, it is reasonable that relevance features and qualitative importance
features such as PageRank perform better on our dataset than graph-structural criteria
such as density.

In conclusion, the following considerations should be taken into account when de-
signing ontology ranking models, which were also followed for the LOVBench light
configuration:

1. mixing and prioritizing of ranking granularities depending on the platform (on-
tologies/terms and classes/properties),

2. diverse coverage of all feature categories (query match, repository graph, ontology
graph and RDF graph analysis),

3. preferring decomposed features when possible,
4. being aware of the user behavior of targeted platform,
5. the number of query match features should be minimized.

Lastly, LOVBench can be used not only to evaluate, but also to train ranking
models and integrate these for re-ranking of ontology terms in other applications with
different ontology collections. In this case, we would like to highlight that the query
match constraint should be adjusted to the meta-vocabularies considered in the respec-
tive ontology collection and all features need to be extractable for the LOV ontology
collection.
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Chapter 6. Ontology Ranking Benchmark

6.6.2 Limitations

The applicability of LOVBench for the evaluation of ontology rankings is limited
as follows. First, only ranking models that use a keyword-based query format to rank
ontology terms can be evaluated. Albeit this is the most popular approach in existing
search interfaces [121], this means that LOVBench cannot be considered as a general
benchmark in the broader context of ontology reuse. E.g., in some tools other search
interfaces and rank granularities are used (such as the ranking of the best combination
of ontologies [142]). However, the current lack of search logs from respective platforms
hinders the application of our approach to other search interfaces. We believe that the
adoption of our approach to other ontology search platforms could ultimately result
in a landscape of benchmarks for all variations. Second, applying LOVBench for the
evaluation of ranking models that include features that rely on metadata information
such as user ratings can be difficult, as this metadata needs to be collected for the LOV
collection. However, using metadata-based features in the ranking model in general can
be problematic, depending on the way the metadata is collected. Instead, sufficient and
well-designed ontology and term features directly derived from the ontology collection
might be able to substitute such features [120].

6.7 Conclusion

In this chapter, we address the problem of ontology ranking evaluations and com-
parisons in LTR settings. We analyze logged user interactions of a real-world ontology
search platform (LOV) and use this implicit user feedback to infer relevance judgments
for query-term pairs. Our evaluation shows that inferred relevance judgments are close
to those made by human experts. We create the LOVBench dataset that comprises
184,224 relevance judgments for 7,395 queries and considers 33 different ontology rank-
ing features. We then evaluate and compare three state-of-the-art ranking models from
the literature based on this ground truth. We explain the results in the context of the
observed user behavior in LOV and propose variations and configurations that out-
perform the baseline. The LOVBench dataset, the code for the extraction of selected
features, the code to run the experiments presented in this chapter, and the cleaned
search logs collected from LOV are available online®.

This chapter concludes the part on efficient ontology recommendation. The follow-
ing chapter presents an IoT ecosystem application that demonstrates the integration
of ontology recommendation in the case of IoT data stream publication.

9LOVBench resources: https://github.com/nut-hatch/LOVBench
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Chapter 7

IoT Ecosystem Application:
Semantic Data Stream Publication

A consensus on ontologies is a necessary condition for semantic interoperability in IoT
ecosystems, however, this requires efficient tool support for data annotation and inte-
gration within such ecosystems to enable efficient processes and foster wide adoption
of the approach. Often, the complexity of Semantic Web approaches and ontologies
may form an additional burden. In this chapter, we propose a productivity tool that
supports users in publishing semantically annotated IoT data streams. The approach
incorporates ontology recommendation in its design, and expands the discussion in
this dissertation to other interoperability levels. The practicability of the tool and
the resulting IoT gateway is evaluated based on a smart parking scenario within the
bloTope IoT ecosystem. This chapter is based on the work that has been presented in
the following paper:

e Niklas Kolbe, Jérémy Robert, Sylvain Kubler, and Yves Le Traon. “PROFICIENT:
Productivity Tool for Semantic Interoperability in an Open IoT Ecosystem”. In: In-
ternational Conference on Mobile and Ubiquitous Systems: Computing, Networking
and Services (MobiQuitous). ACM. 2017. DOI: 10.1145/3144457.3144479
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Chapter 7. IoT Ecosystem Application: Semantic Data Stream Publication

7.1 Introduction

Recent research initiatives started to investigate open IoT ecosystems that offer pro-
visions to efficiently consume data and other digital services, i.e., to access, discover,
aggregate, and semantically understand — both from a human and machine perspec-
tive — heterogeneous information sources from various platforms [129]. However, IoT
platforms and systems remain isolated silos [234] as there is no established standard-
ized open API that is widely accepted and used by the IoT community. Today’s Web
consists of a huge amount of custom APIs, and similarly, mobile and IoT services join
the so-called Web API Economy, thus facing issues related to Web service design and
are expected to contribute to the growth of the number of available open Web APIs
[105, 221].

This chapter proposes a productivity tool called PROFICIENT to support IoT
data/service providers in wrapping custom interfaces with an open and standardized
APT incorporating ontology recommendation. We rely on the respective technologies
for IoT data and service provisioning proposed by an IoT ecosystem project named
bloTope! [129], which are introduced later in this chapter. This enables actors to join
(if desired) the open IoT ecosystem and gain benefits such as better visibility, new
collaboration opportunities and revenues. A prototype of PROFICIENT is developed
and presented in this chapter, which is discussed in the context of the LCIM stack (cf.
Chapter 1). Ontology recommendations are integrated from the LOV platform since
no sufficient ORT dedicated to IoT ontologies exists. Furthermore, the approach is
illustrated with a smart parking use case, and the generated [oT gateway is evaluated
through a performance analysis.

This chapter is structured as follows. Section 7.2 introduces the conceptual ar-
chitecture of the proposed productivity tool, whose practicability is demonstrated in
Section 7.3 by applying it to a smart parking use case. The proposed approach is
finally discussed in Section 7.4; the conclusion follows.

7.2 Productivity Tool Approach

Composing and maintaining [oT services that consume [oT data coming from het-
erogeneous and custom systems/interfaces is a very complex task. The combination
of different protocols (e.g., HTTP, MQTT, XMPP), serializations (e.g., JSON, CSV,
XML), and semantic models (e.g., UML models, standard specifications, RDF-based
ontologies) impose huge efforts on the consumer to understand, parse, transform and
aggregate information for processing. Formally, the complexity can be denoted by

n(n —1)
c= 5 (7.1)
where n represents the numbers of different accessed APIs. Therefore, the effort for
maintaining the integration of APIs grows exponentially. The same issue has been
identified for protocol translation [63] and was presented as the industrial IoT connec-
tivity challenge [184].

PROFICIENT is intended to overcome parts of this problem, whose primary objec-
tive is to provide data/service providers with a semi-automated solution to easily de-
velop a standardized fagade on top of their proprietary interfaces. This is a prerequisite
to join and benefit from IoT ecosystem features (e.g., enhanced data/service discovery

https://biotope-project.eu/
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Chapter 7. IoT Ecosystem Application: Semantic Data Stream Publication

capabilities, micro-payment opportunities, etc.), like the ones developed through the
IoT-EPI initiative [129]. The key motivation is to reduce the development effort (i.e.,
costs) to create a standardized IoT gateway, and incentivize data and service providers
to join open innovation marketplaces. The proposed tool aims to hide the technical
complexity of achieving semantic M2M interoperability from the user, which is key
to improve user acceptance of semantic-based approaches to a broader audience [18,
202]. The next section provides greater insight into the underlying building blocks of
PROFICIENT.

The API harmonization process of the productivity tool is depicted in Figure 7.1,
which is a two-step approach denoted by @ and @ in the figure. The first step consists
of creating a semantic data structure, while the subsequent step consists in creating
a schema- and entity-level mapping of the proprietary data to the newly created data
structure. These two steps are further discussed hereinafter:

Step 1: Defining a semantic-based data structure. As a first step, the provider
is expected to describe the data/service that is intended for publication. To
simplify the usage for users with no experience in Semantic Web technologies,
the structure is represented in a tree format. This approach is inspired by the
presentation of more popular ontologies like schema.org and the JSON-LD rep-
resentation. Other standards and data models could be used in a similar manner
to create the semantic schema. The tool supports the selection of ontology terms
based on string searches by accessing repositories of semantic ontologies. Explo-
ration of attached elements of a chosen ontology term should also be abstracted
from the underlying concept, and selected terms may be added to any part of the
targeted schema tree. The example in Figure 7.1 shows a user who intends to
publish information about a smart home and creates a tree structure of semantic
terms related to his/her facilities/Things (e.g., House, Car, etc. in @).

Step 2: Defining a schema- and entity-level mapping. In this second step, the
assumption is made that the user is already able to access the data (e.g., in
the local network or through already implemented Web gateways). To put it
another way, the tool’s user has to specify the access to the data sources he/she
would like to expose to the WoT. Given this assumption, the end-user needs
to perform a mapping between the existing data sources and elements of the
semantically annotated tree resulting from step 1. These mappings can be of
the ones described in Table 7.1. In the second part of the mapping (cf. @ in
Figure 7.1), specific entity-based configurations can be made. This could include
the specification of transformation rules for certain objects, such as exemption
of certain data objects from publication and addition of metadata.

The goal of creating the semantic schema and specifying mappings is to generate a
deployable image of an IoT gateway agent which is in charge of pulling the data from
the proprietary APIs (e.g., the Netatmo weather station or car examples in Figure 7.1)
and to perform the transformations/aggregation of this data, and ultimately publishing
the harmonized data to the WoT. From an IoT ecosystem viewpoint, this gateway and
the exposed data/services could then be automatically indexed by IoT search engines,
be available for trade through IoT service marketplaces (e.g., as the one presented in
[129]), etc. All this is illustrated at the top of Figure 7.1.
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7.3. Smart Parking Use Case

Table 7.1: Types of Schema- and Entity-level Mappings

Type of mapping I/0 Description

Simple mapping (1:1)  One term of the targeted schema is mapped to only one property
from the proprietary format. Transformation rules, e.g., include
conditional expressions to transform proprietary values to
ontology terms.

Splitting (1:n) When mapping a property from the proprietary format to
multiple terms of the target schema, a splitting occurs and
transformation rules for all terms of the target schema need to
be defined. This case could, e.g., occur if coordinates are
represented as two comma-separated values in one string, but
the targeted semantic schema requires it to be split explicitly to
longitude and latitude. Easy-to-use splitting rules can be defined
via techniques such as tokenizing the string based on delimiters,

based on regular expressions, etc.
Aggregation (m:1) Aggregation forms the counterpart to splitting, i.e., it occurs

when multiple properties are linked to a single term of the target
schema. The transformation rule in this case needs to define how
to combine the values from different properties (e.g.,
concatenating two or more values, applying mathematical
operations).

7.3 Smart Parking Use Case

The context of the proposed use case falls within the scope of the bloTope H2020
project, which is part of the IoT-EPT initiative [129]. The bloTope ecosystem is built
upon three building blocks that aim to form a trade-off between RESTful principles
using open standards (while also supporting remote procedure calls for heavier Web
services) and developing ecosystem components that provide interoperability among
all levels under IoT requirements. These three building blocks are briefly introduced
in the following.

e Open Data Format (O-DF)? standard: It defines a hierarchical data structure of
objects which are comprised of Infoltems with values and potentially associated
metadata. In addition to O-DF, that solely defines the taxonomy of the data,
data models and ontologies are used to define the meaning of the objects and
Infoltems.

e Open Messaging Interface (O-MI)? standard: It acts as a messaging interface
that defines how to call the services, either with resource-oriented requests like
read, write and subscribe, or by remote procedure calls. O-MI, in combination
with O-DF, forms a service description and is thus applied to achieve pragmatic
interoperability.

e IoT service marketplace [129]: It holds a repository of available O-MI/O-DF
services and their specifications. Based on the integration of ontologies, it is
possible to discover relevant data and services, which can then be accessed in a
peer-to-peer fashion in a common publish-find-bind manner. Consumers are also
able to track changes in the state of published services, which allows for dynamic
interoperability through the marketplace.

’https://www2.opengroup.org/ogsys/catalog/C14A
3https://www2.opengroup.org/ogsys/catalog/C14B
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7.3. Smart Parking Use Case

In order to demonstrate the practicability of our productivity tool, a smart parking
use case has been defined and implemented. This use case extends the one presented
in [122], and is illustrated in Figure 7.2. Considered is a scenario in two distinct smart
cities, namely Grand Lyon and Brussels Region, both being official partners of the
bloTope project. Step @ in Figure 7.2 illustrates how various data providers of smart
things (e.g., of parking sensors or charging stations) in the city expose the data through
traditional, proprietary APIs. In step @, PROFICIENT is used to create a standard-
ized gateway around these APIs. In this demonstrator, two O-MI gateway agents —
exposing information of parking facilities in Lyon and in Brussels — are deployed based
on the productivity tool prototype (which is presented in following Section 7.3.1). The
two existing formats of the parking data (custom JSON-based model and the Datex IT*
vocabulary defined in XML) are mapped to the MobiVoc ontology. Step ® shows the
implementation of an IoT service that relies on the published data, namely a service
that is able to discover available parking data and gives recommendations to drivers for
best parking locations based on the location and other vehicle-related features. Step @
shows the bloTope service flow through the O-MI gateway, whereas step ® shows the
traditional way of collecting data from vendor lock-in systems and proprietary APIs.

In the following, the implementation of PROFICIENT is presented in Section 7.3.1.
A performance evaluation of the generated O-MI gateway is carried out in Section 7.3.2.
This performance evaluation is briefly illustrated in Figure 7.2 as well, for which an
O-MI gateway has been hosted in Metz, France (step ®). Furthermore, the two dif-
ferent approaches to access IoT data/services (i.e., @ vs. ®) are assessed from a
client perspective by comparing the parsing time of the message payloads (cf. @ in
Figure 7.2).

7.3.1 Prototype

The productivity tool concepts presented earlier in Section 7.2 are implemented as
a prototype to meet the bloTope requirements. This implies that O-DF is the targeted
format and that the generated loT gateway agent pushes the O-DF structured data
into an O-MI server node. However, the internal representation is based on a generic
semantic format, which is JSON-LD.

The implementation of the PROFICIENT prototype is depicted in Figure 7.3.
Steps 1 and 2 are illustrated through two distinct screenshots of the Web interface of
the productivity tool. In step 1, the user can define the targeted semantic schemaf(s)
of the data to be published by accessing ontology terms from the LOV repository (cf.
Section 3.2). The user is able to add terms individually or browse through attached
properties and add parts of the tree structure to the targeted schema. An example for
a schema of parking data is given for step 1. Subsequently, through step 2, the user is
able to link the proprietary API/schema to the targeted schema. Different sources can
be defined for the mapping; the example shows a proprietary JSON file that contains
information about parking facilities in Lyon. The tool is able to automatically suggest
mappings based on a similarity measure of the source string and the ontology terms.

The third screenshot in Figure 7.3 shows the Web interface of a running instance
of the O-MI reference implementation®. The data is pushed to the node by a gener-
ated agent, whose behavior is determined through the defined schema, data sources,
mappings, and configurations in PROFICIENT. The final export is a Docker image

‘http://www.datex2.eu/
Shttps://github.com/AaltoAsia/0-MI
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7.3. Smart Parking Use Case

including the setup for the O-MI agent and the O-MI node reference implementation,
which is thus ready for immediate deployment to be hosted as an loT gateway:.

O-DF is a tree-based data model and thus not designed to represent RDF-based
annotations. However, semantic tags can be added in the O-DF payload by using the
type attribute of Objects and Infoltems. These semantic tags are used for the discovery
of published data at the IoT service marketplace. An example of the resulting O-DF
structure, which is published through the generated O-MI agent of PROFICIENT, is
shown in the bottom right corner of Figure 7.3. It shows the O-MI/O-DF response of
a read request of some parking facility properties.

nternet
Gateway

oo @;rfa ‘

O-MI gateway

FRANCE

Figure 7.4: Experimental setup for performance assessments.

7.3.2 Performance Evaluation

The previously presented smart parking use case is considered to assess the per-
formance and scalability of the O-MI gateway. More concretely, the objective is to
evaluate the feasibility to deploy such gateways on resource-constrained devices. The
experimental setup is depicted in Figure 7.4. The O-MI server (version 0.8.2 of the ref-
erence implementation) is set-up on a resource-constrained device, a cubieboard, with
the following features: i) CPU: 1 ARMv7 Processor rev 2 @[624 — 1008] MHz; ii)
operating system: ARMBIAN 5.25 stable Debian GNU/ Linux 8 (jessie); iii) memory:
1GB. It is hosted in Metz, France. The objective of the performance evaluation is to
perform a stress test to observe the behavior of the O-MI gateway — mainly in terms of
response time — under heavy load. The open-source software Apache JMeter® is used
to simulate the load on the O-MI gateway for the experiment. The requests are sent
from the university network in Luxembourg from a MAC Book Pro Retina (mi-2015)
with a CPU Intel Core i7 2.8GHz and the memory of 16GB 1600MHz DDRS3.

The experiment is designed as follows. The simulated users send O-MI/O-DF re-
quests to receive, in return, parking-related information generated by the O-MI gate-
way (cf. Figure 7.3). The number of concurrent users increases gradually (in groups
of 10 users), as depicted in Figure 7.5d, up to 30 concurrent users request the same
information. After 500 seconds, the number of users is decreased 10-by-10 until the
end of the experiment (1000 seconds). Two load scenarios are considered: in the first
one, users only request data about a single parking facility (‘small’ request of size
2605 bytes each), whereas in the second one the request is extended to the whole data

Shttp://jmeter.apache.org/
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of parking facilities published by the O-MI node (‘large’ request of size 19740 bytes
each). Each scenario is run only three times since the observed response times do not
significantly evolve, as evidenced through Figure 7.5¢ in which the response time of
the first simulated user is displayed. Figures 7.5a and 7.5b respectively provide an
aggregated view of the results for both scenarios, as a boxplot provides the minimum,
1% quartile, median, 3"¢ quartile, and maximum of the response time for the three
different user groups over each 100 second period (i.e., corresponding to the interval
of time over which the number of users varies).

Based on the resulting response time boxplots of the first scenario (cf.Figure 7.5a),
the following conclusions can be drawn:

e When the load is relatively low (i.e., between 1 and 10 concurrent users [0s; 200s]),
the response time is about 2-4 seconds, which is already high for such Internet
communications. This can be explained by the fact that (i) the O-MI gateway is
hosted on a resource-constrained device (behind an Internet gateway with port
redirection to be more precise) and (ii) each request/response needs five TCP
segments in total (excluding the opening/closing connection and the acknowl-
edgement frames).

e When the load increases (due to the increase of users [200s; 600s]), the response
time increases accordingly. The response time can even reach more than 15 sec-
onds depending on the synchronization of the concurrent requests on the O-MI
server. It follows that the O-MI gateway cannot handle 30 users at the same time
with low latency. However, the server is still capable to reply to all requests since
the number of errors is very low, as shown in Table 7.2. Furthermore, the HT'TP
error code associated to all these errors is 400 Bad Request, which implies that
the errors occurred either at the sender or at the network level (e.g., an erroneous
bit), but not at the server.

e Finally, when the number of users is reduced back to 10, the server progressively
adapts itself and the response time decreases.

A similar conclusion can be drawn from the response time boxplots in Figure 7.5b
(scenario 2). However, the response times are significantly higher (around 20-40 sec-
onds for 30 concurrent users) due to the increased number of TCP segments (i.e.,
16 segments excluding the opening/closing connection and acknowledgment) that are
needed to generate and to transport all parking information. The maximum goes up
to more than 150 seconds. In addition, the number of errors is substantially more
important in scenario 2 (‘large’ request). As evidenced in Table 7.2, the O-MI node is
not able to handle all the requests. The HTTP error codes associated to these errors
are of type (i) 502 Bad Gateway or (ii) 503 Service Unavailable. It implies that
(i) one gateway did not receive an answer from the server, or (ii) the service provided
by the server is unavailable at that time. In both cases the server was unable to handle
the request due to too many incoming requests at the same time.

Even for a smart mobility application, which does not require (hard) real-time
data, this might become a serious problem for the development of applications. Thus,
requests should be kept as small as possible. To this end, it is important that developers
and/or connected Things can first discover one or more service items (e.g., only one
parking item in Brussels) instead of requesting the whole data structure (e.g., all
parking-related data) exposed by the O-MI gateway. The IoT service marketplace
developed in bloTope can eventually help developers to search for and access such
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Table 7.2: Experiments Summary

Scenario Exp Group No. of Req. %FError
1 3115 0.35%

1 2 242 0%

3 117 0.41%

1 2045  0.10%

‘Small’ request (2605 bytes) 2 2 1166  0.09%
3 241 0%

1 3099  0.32%

3 2 1171 0%

3 255 0%

1 544  1.47%

1 2 203 2,96%

3 39 28.21%

1 549  0.91%

‘Large’ request (19740 bytes) 2 2 199  1.51%
3 34 11.76%

1 538  1.30%

3 2 189 4.23%

3 40 7.5%

service items depending on their location, service type and/or reputation, etc. Such
an architecture — having resource-constrained devices at the edge of the network and
a powerful server at the marketplace level — helps unload the incoming traffic at the
O-MI gateway level, thus offering low response times. The effort is therefore drifted
from the IoT data publishers to an IoT intermediary service, namely the IoT service
marketplace.

In a second experiment, it was investigated whether the harmonized data formats
(O-DF-based) impact the application performance compared to the direct access to the
proprietary APIs. To this end, the parsing time of the two (proprietary) data sources
— namely (i) Brussels-related data accessed from the open data portal of Brussels
Region (formatted using XML), and (ii) Lyon-related data accessed from the open
data portal of Grand Lyon (formatted using JSON) — is compared with the parsing
of the harmonized O-DF structure (in XML) considering the two corresponding O-MI
gateways (one exposing Brussels-related data and one exposing Lyon-related data, as
depicted in Figure 7.2). The experiment is run with Java™, relying on the JAXB
library for parsing XML and the native Java library to parse JSON objects. The
experiment results are shown in Table 7.3 (considering only the time required to parse
the string response into internal objects). It can be noted that the time for accessing
the both non-standardized APIs is significantly higher to the one for accessing the O-MI
gateway, even though this does not really impact on the quality of user experience. The
reason for this time difference is that the data is already pre-processed when accessing
the O-DF payload at the gateway level. However, compared to the overall latency
in collecting the O-MI/O-DF messages (cf. previous experiment), the absolute values
are not significant (ms against s). Nonetheless, one of the main benefits remains the
reduced complexity and development effort for developers to understand and integrate
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Table 7.3: Parsing Performance Comparison (in Java)

Approach Payload (bytes) Avg. (ms) Std. dev. (ms)

Traditional Overall: 24766 100.74 2.96
Brussels (XML): 10212
Lyon (JSON): 14554

O-DF Overall (XML): 47537 34.42 2.04

heterogeneous data sources.

7.4 Discussion

To open the discussion section about the approach for enhanced interoperability
proposed in this chapter, the links between the building blocks of the bloTope ecosys-
tem and LCIM are presented in Table 7.4, while highlighting which layers the produc-
tivity tool prototype directly and indirectly supports. The presented productivity tool
directly contributes to semantic and pragmatic interoperability. Supporting the design
of a standardized data structure by suggesting known semantic terms for annotation
aims at semantic interoperability. The application of the tool to O-MI/O-DF addresses
pragmatic interoperability, as O-MI and O-DF together form a service description, i.e.
define how to read data objects and call methods.

Table 7.4: LCIM Mapped to bloTope Building Blocks

Interoperability layers bloTope approach Prod. Tool

6 Conceptual Open policy (V)
5 Dynamic IoT marketplace (V)
4  Pragmatic O-MI v
3 Semantic O-DF + ontologies v
2 Syntactic XML compliant
1 Technical HTTP, etc. compliant

This table reveals that our approach relies indirectly on existing interoperability
mechanisms for the lower layers. The O-MI standard (used for the presented prototype)
is mainly built upon the HTTP stack (technical interoperability) and uses XML as a
serialization (syntactical interoperability). The presented productivity tool prototype
does not contribute to these levels, but relies and complies with existing solutions of the
bloTope initiative. The indirect influence of the proposed productivity tool on dynamic
and conceptual interoperability is more significant. This is because the discovery of
data and services via the IoT marketplace (at the dynamic interoperability level) highly
depends on the semantic annotations. At the same time, the bloTope ecosystem follows
an open vision that does not statically impose a conceptual model on all data/service
providers and consumers, but rather aims to guide data/service providers to find the
right model for their use case. Such a guidance can be achieved thanks to an approach
(and associated productivity tools) like the one presented in this chapter.

The proposed productivity tool, as of now, relies on the LOV repository. If a certain
term is not available in existing ontologies, the user is able to add custom elements to
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the data structure. This could be an advantage in terms of flexibility, however, it also
leads to inconsistencies in the semantic model. In addition, the selection of the right
ontology term(s) is not very intuitive from the ranking of terms returned by LOV’s
API. Users might have a different technical and domain-related background and might
want to reuse ontology terms based on custom preferences. As discussed throughout
this dissertation, an ORT specifically designed for this purpose could enhance this
process. Furthermore, even though the tool aims at reducing the overhead for such a
process, it is still challenging to motivate IoT data/service providers to publish their
IoT resources based upon open, standardized APIs as long as the process is not fully
automated. However, from an ecosystem perspective, such a productivity tool could
also be applied by consumers themselves, e.g., by system integrators of companies
who aim to provide all company departments with a harmonized way of accessing
and understanding data from various and disparate information systems. Another
limitation for the bloTope prototype arises through the design of O-DF, which was
not designed to represent RDF but rather for describing IoT resources in a simple
manner. The integration of terms from RDF ontologies can be done through certain
attributes of the O-DF standard that allow for the specification of URIs as values.

7.5 Conclusion

This chapter presents a productivity tool that allows to publish IoT data and
services with minimal effort to the WoT. The steps introduced by the conceptual
design of the tool include the development of the data structure based on semantic
ontologies, mapping of proprietary formats and entities, and the generation of an IoT
gateway agent that can be deployed on any devices at the edge of the WoT. The
prototype and use case is implemented in the framework of the H2020 bloTope project
(part of the loT-EPI initiative), whose resulting IoT gateway agents are deployed to
expose smart city-related data (i.e., Grand Lyon and Brussels Region in the presented
use case) through the adopted open standardized API named O-MI and O-DF.

In conclusion, if O-MI nodes are hosted on resource-constrained devices, the re-
quests should be formulated as specific as possible. The discovery of relevant IoT
data or services (referred to as Objects and Infoltems in O-DF) can be optimized
through potential IoT search engines and associated service marketplaces (as the one
investigated in bloTope), which is designed as a scalable cloud service.

This chapter presents an application that integrates ontology recommendation in
the context of an IoT ecosystem. In the next chapter, we conclude the dissertation
and present future work.
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Chapter 8

Conclusion

This chapter concludes the dissertation. We summarize the contributions, outline
directions for future work and present concluding remarks as an outlook.
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8.1 Summary of Contributions

According to Gartner, the number of “loT endpoints” in the industry is expected
to increase by 21% in 2020, compared with 2019, to reach 5.8 billion endpoints!. With
more and more IoT endpoints, networks, vendors, and platforms, handling the hetero-
geneity of respectively generated data becomes an increasing challenge. In order to
develop intelligent and pervasive systems that could improve everyday life in domains
such as healthcare, transportation, production, environmental protection and assisted
living, the ability for these system to discover, access and understand relevant data on
demand is crucial. We refer to this issue as the semantic interoperability challenge.

One way to start moving towards a truly connected IoT setting is the establishment
of an open data ecosystem. Conceptually, the IoT ecosystem provides incentives and
regulations for data publication and consumption, e.g., through data trading via an
IoT marketplace component. An open ecosystem with respective platforms is designed
in a way that allows any actor to join by adapting to the respective technologies. The
research community and industry alike actively explore the use of Semantic Web tech-
nologies to enable semantic interoperability in such IoT ecosystem settings. In Chap-
ter 1, we identify four challenges that arise when applying Semantic Web technologies
in order to achieve semantic interoperability in IoT ecosystems: the development of
respective ontologies, ontology mappings, enabling ontology reuse and supporting the
use of ontologies in IoT use cases. This highlights that semantic interoperability in the
[oT is not simply achieved by enabling respective tools and platforms with Semantic
Web technologies. The fundamental assumption and practical challenge rather lie in
establishing a real-world, continuous consensus on the data models to be used within
the ecosystem, so that both actors and systems are able to understand and reuse the
data.

In this dissertation, we present a vision that proposes ontology recommendation as
a key building block of IoT ecosystems in order to achieve semantic interoperability.
Unlike administering a standardized set of data models in a top-down manner, relying
on Semantic Web technologies, including open ontologies, allows data models to evolve
dynamically following ecosystem actors’ consensus. Under this vision, this dissertation
investigates the applicability of existing ontology recommendation techniques for the
IoT, and further addresses several identified shortcomings in the scope of ontology
recommendation and the IoT ecosystem vision. The contributions are summarized in
the following.

A taxonomy for ontology recommendation tools. Chapter 4 presents a thorough
review and conceptualization of state-of-the-art in ontology recommendation and
the consideration in IoT ecosystems. We identify several limitations and future
directions for six key dimensions of ontology recommendation, namely ontology
collection, evaluation, curation, tool interaction, matching and ranking. Among
other gaps, this survey reveals that the evaluation of recommendation criteria is
relatively unexplored. Also, many domain-dependent solutions exist, for which
respective use cases fundamentally drive the design of the ORTSs, however, we
find that the application of ontology recommendation for IoT use cases has not
been investigated in the literature.

'https://www.gartner.com/en/newsroom/press-releases/2019-08-29-gartner-says-5-8-
billion-enterprise—and-automotive-io
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8.2. Directions for Future Work

Efficient ranking for IoT ontology collections. In Chapter 5, we highlight and
address key issues in state-of-the-art ontology ranking approaches: the main
criteria for ontology reuse, popularity, in its form as commonly used in existing
tools, is not efficient for IoT ontology collections. This is caused by the currently
missing feedback of ontology usages in real-world IoT projects. We address this
issue by proposing a novel approach to ontology ranking, which integrates known
popularity measures in the learning target of a ranking model trained using
Learning To Rank (LTR). We show that incorporating qualitative attributes that
can be directly extracted from the ontology (i.e., without relying on external
metadata) helps to improve the efficiency of ontology ranking models and are
thus more suitable to be applied for ORTs targeting the IoT domain.

Domain-independent ontology ranking benchmark. Ontology ranking forms
one of the most important aspects of ontology recommendation, since the rank-
ing typically incorporates many recommendation criteria. However, we identify
several limitations in the state-of-the-art of evaluating the ranking models of ex-
isting ORTs. Ranking evaluation in this context is a challenging task, mainly
due to the different ontology repositories used and the complex issue of defining
relevance labels. In an effort to move towards a domain-independent, large-scale
ontology ranking benchmark, we propose LOVBench in Chapter 6. LOVBench
exploits real-world user click logs collected from the LOV platform to derive
relevance labels. LOVBench outperforms the state-of-the-art in terms of granu-
larity (classes and properties), number of queries and judgments, and number of
features considered for the ranking comparisons. Our analysis further allows to
observe real-world user behavior and our findings dissent dominant assumptions
in the literature, e.g., that users actually do not often use multiple words for
their keyword query and that users equally look for classes and properties. We
propose adapted ranking features that take these considerations into account and
outperform the state-of-the-art.

Ontology recommendation integration in an IoT ecosystem application. Fi-
nally, Chapter 7 presents an application in an IoT ecosystem context that benefits
from ontology recommendation. We propose a methodology to efficiently map
data from IoT gateways to semantically annotated, standardized ones, fundamen-
tally relying on ontology term recommendations. We apply this approach to a
smart parking use case and adopt the [oT ecosystem technology stack developed
in the bloTope project. The use case considers data from different cities (Lyon
and Brussels) to emphasize the interoperability issue. Furthermore, we evaluate
the performance of the respective gateways based on several load scenarios.

8.2 Directions for Future Work

This section describes future research directions and potential extensions of the
presented work.

Towards a unified, real-world ontology ranking benchmark. With LOVBench,
we propose the first ontology ranking benchmark that is applicable to real-world
ontology term ranking evaluation. Nevertheless, it is limited to the user feedback
that could be collected from the LOV platform. By adopting the LOVBench to
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click logs from other ORTs and integrating these in the benchmark, it could
become a more general, representative ground truth for evaluation. This, poten-
tially, could extend LOVBench also with other query formats. Lastly, we kept
LOVBench purposely domain-independent — adopting LOVBench with domain-
specific ranking features would further allow novel insights in the impact of on-
tology ranking features. Since, to the best of our knowledge, user clicks have not
been used for the evaluation of ontology ranking models before, an adoption of
the LOVBench approach to other ORT's could eventually result in a ‘landscape’
of benchmarks, applicable to all variations of respective selection dimensions.

Improved ranking evaluation through online experiments. The ultimate test
of a ranking model is to deploy it and to observe the user behavior. E.g., if
users in average perform clicks at a higher position, it is an indicator that the
ranking model performs better in ranking the most relevant documents at the
top. Both experiments in Chapter 5 and 6 have been performed offline on a
previously collected ground truth. To strengthen the evaluation and to confirm
the validity of the insights, these ranking models could be deployed in an existing
ORT and compared to their predecessors with actual user feedback. Such online
experiments have previously been conducted for ranking evaluation purposes (cf.

[156]).

Combination of ontologies and terms. The contributions of this dissertation with
regard to ontology ranking are focused on ranking single ontologies and terms.
However, the IoT is a great example in which many terms of different ontologies
from various domains need to be combined. To the best of our knowledge, it is
not at all explored how combinations of ontologies and terms should be recom-
mended. Should higher coverage or higher ontology quality be preferred? Should
the number of ontologies be minimal when recommending term combinations?
Which input types are most useful in common use cases, and particularly in the
[0T? An ideal solution for the IoT would be to take a conventional reading from
an loT gateway with a custom data model (e.g., in the form of JSON or XML)
and provide a complete and automated mapping to ontological terms. Future
work could follow this direction, starting from the ranking and its evaluation of
ontology /term combinations. Existing work that provides ranking for combina-
tions of ontologies includes NCBO 2.0 [141], yet lacking a thorough evaluation
and term-level recommendations.

Understanding user intent and information need. The studies in this disserta-
tion are further limited by the circumstance that they are evaluated based on
implicit user feedback: the intent and actual information need are unknown.
However, user intent and behavior in the context of ontology reuse has been in-
vestigated in the literature before (cf. [196]). Future work, nevertheless, should
include further user studies, especially in the context of [oT, to understand how
ontology recommendation can be best designed and integrated in tools to support
users.

Ontology search integration in productivity tools. With PROFICIENT, we solely
demonstrate with a prototype the feasibility of integrating ontology recommen-
dation to support IoT use cases. However, state-of-the-art tools that support,
e.g., ontology mapping and data transformation are much richer in functionality.
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The majority of these tools assume that the targeted schema is known, such as for
the named entity recognition task that aims to find the best formally specified
concepts (from a given knowledge representation) from natural language text.
Given that neither the data nor the schema are static in [oT settings, it may not
be appropriate to consider the development of a target schema and the mapping
from a source to a target schema as independent. We believe future research
could further explore the conceptual integration of ontology recommendation in
such tasks.

8.3 Concluding Remarks

The realization of IoT ecosystems faces various obstacles and, from a technical per-
spective, this dissertation contributes to ontology recommendation approaches that
can facilitate this vision and enable the provision of efficient ontology recommendation
for actors in such ecosystems. We can observe that industrial and academic research
initiatives are developing future IoT platforms and, in this scope, ontology recommen-
dation allows the establishment of community consensus on common data models for
the ToT.

However, the current development can still be seen critical. As stated in the motiva-
tion of this dissertation, the sole use of ontologies does not yet establish cross-platform
interoperability. As long as semantics of data and design of software/services are not
strictly independent from each other, and as long as key ecosystem building blocks,
such as the IoT market place, have semantics hard-coded in their software, we are es-
sentially adding new vertical silos to existing set of vertical silos. Prof. James Hendler’s
famous quote “a little semantics goes a long way” of course remains true — with the
platforms already relying on Semantic Web technologies, it certainly becomes easier
to integrate data from different platforms, and the W3C WoT Thing Descriptions is a
good example that will foster the important high-level understanding of different data
sources. However, this approach does not at all prevent a scenario in which a few IoT
platforms will emerge and simply dominate the markets (establishing their standards
and models) based on the huge amount of data that is controlled through these plat-
forms. We can easily disclose similarities with today’s social media, in which user’s
data is owned by large, market-dominant companies. Decentralized Web movements
aim to tackle the issues that arise from this situation and are gaining more traction.
The Social Linked Data (SOLID) project? lead by Tim Berners-Lee, e.g., aims to move
data ownership from platforms (as we can see today) to users — promoting an approach
that is solely built on existing Web technologies, including the Semantic Web. The
[oT is at the risk of facing the similar fate as social media by being dominated by a few
large ToT service providers. Such circumstance will, ultimately, limit interoperability,
innovation, and the value creation that could be ideally achieved. The vision of a
decentralized Web thus applies similarly well to the IoT, however, this development is
out of the scope on technical issues considered in this dissertation. From a technology
perspective, however, the decentralized Web still faces semantic interoperability issues.
Instead of relying on a single standard, the goal is to support different data models
that represent local truths and future software and services may need to be able to
cope with partial understanding of data.

Independent from the way in which the IoT and future Web data ecosystems will

’https://solid.mit.edu/
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develop, we believe that it will always be a fundamental task to find and reuse existing
data models. The Semantic Web and its public ontologies provide a perfect infrastruc-
ture and starting point to achieve this, and may in the long run help to reach a higher
degree of interoperability among computing systems. However, the IoT ecosystem vi-
sion and ontology reuse in general also faces various non-technical obstacles. For a
variety of reasons, ecosystem actors may simply not be interested in ontology reuse.
Examples include actors who want to remain in control over their vocabulary, want to
add a ‘novel” approach to their portfolio, and purposely not to interoperate with cer-
tain other ecosystem actors and systems. The designs of forthcoming IoT ecosystems
need to provide the right incentives to make actors interested in ontology reuse.

Lastly, it is worth mentioning that the use of (IoT) data, metadata and development
of services as of today varies a lot in sciences and industry. It is reasonable to believe
that achieving interoperability in industrial settings is much more difficult than in
the sciences, and would require an overarching body that promotes and negotiates
ecosystem principles, such as FAIR. The Semantic Web with efficient ORTs in place
for respective domains may foster and support the convergence to commonly accepted
principles.
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Chapter B

List of Ontologies and Terms

In Table B.1 we provide an overview of all ontologies and terms that are referred
to in this dissertation.

Table B.1: Overview of Ontologies and Terms

Prefix Ontology and Terms

rdf http://www.w3.0rg/1999/02/22-rdf-syntax-ns#
The fundamental RDF concepts.

rdf :Property

rdf:type

rdfs http://wuw.w3.org/2000/01/rdf-schema#
Basic vocabulary for RDF.

rdfs:Class

rdfs:subClassOf

rdfs:label

rdfs:comment

rdfs:

rdfs:domain

rdfs:range

owl http://www.w3.0rg/2002/07/owl#
Extended vocabulary for RDF, complements RDF'S.
owl:Class

owl:0bjectProperty
owl:DatatypeProperty
owl:AnnotationProperty
owl:0OntologyProperty
owl:imports

schema  http://schema.org/

Vocabulary maintained and used by major search engines.
schema:CivicStructure
schema:ParkingFacility
schema:Vehicle
schema:openingHours
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Table B.1: Overview of Ontology and Terms (Cont.)

Prefix Ontology and Terms

schema:geo
schema:latitude
schema:longitude

sosa http://www.w3.org/ns/sosa#
Describes the concepts Sensor, Observation, Sample, and Actuator (SOSA).
sosa:FeatureOfInterest
sosa:Platform
sosa:0bservation
sosa:hasFeatureOfInterest
sosa:hasSimpleResult
sosa:resultTime
sosa:observedProperty

mobivoc http://schema.mobivoc.org/#

The Open Mobility Vocabulary (MobiVoc).
mobivoc:ParkingFacility
mobivoc:ParkingFacilityEntrance
mobivoc:Car
mobivoc:entrance
mobivoc:rate0fOccupancy
mobivoc:capacity
mobivoc:validForVehicle
mobivoc:pedestrianAccess
mobivoc:maximumValue

dcterms http://purl.org/dc/terms/

Metadata terms defined by the Dublin Core Metadata Initiative (DCMI).
dcterms:creator
dcterms:title
dcterms:description

dce http://purl.org/dc/elements/1.1/
Metadata Element Set maintained by DCMI.
dce:title

dce:description

skos http://www.w3.0rg/2004/02/skos/core

A common data model for sharing and linking knowledge organization systems.
skos:prefLabel
skos:altLabel

m3 http://sensormeasurement.appspot.com/m3#
Ontology that describes types of sensors, measurements and units.
m3:hasContext
m3:hasM2MDevice
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Chapter C

List of Symbols

A summary of the most commonly used variables in this dissertation is provided

in Table C.1.
Table C.1: Notations

Symbol  Meaning

R Ontology repository, i.e., a set of ontologies O

@) Ontology, i.e., a set of RDF triples (subject, predicate, object)

t Term defined in an ontology

c A term of type class

P A term of type property

Q A keyword user query

i 1th word in query @)

D Dictionary, a set of words

w A word

oT Set of terms in ontology O that match query (), where T
corresponds to the type of matched terms, i.e., T € {t, ¢, p}
(corresponding to all terms, only classes, or only properties,
respectively)

G(0) Ontology graph of O

G(R,P) Repository graph of R considering the ontology relations in P

Relg 4 Relevance for a query-term pair

Sy User’s satisfaction probability

Cy User’s click probability

b, User’s examination probability

M A model

S A set of search sessions (e.g., from a training set)

s A search session

0 Ranking scoring function
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