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Abstract

The representation of information through digital data has changed many
times over the years, as has the way we interpret and use the data. Today,
the increased use of AI technologies has led to an impressive amount of online
data that needs to express the information it contains in a very precise and
concrete way, for two main reasons. (i) To concretely express the information
diversity of the geographical, social or even personal context for which the
data was created, and (ii) to reduce the cost of data reuse, which is essential
to support the development of data-based applications. However, the data
currently available is not suitable to fully satisfy such requirements. Most
of the time, data reuse is based on data transformation to better fit the
purpose to be fulfilled, but the original diversity of information that the
data carries is lost. This leads to a distortion of the reality represented by
the reused data. A concrete case is the well-known AI services, which collect
data from different local contexts, but transform this data to fit a unique,
usually Western and business-oriented data model. This data reuse problem
is exacerbated by a lack of data representation models that can concretely
represent local information diversity. And a lack of methodologies to support
data reuse. We propose iTelos, namely a methodology for data reuse based
on the production, integration and distribution of diversity-aware Knowledge
Graphs (KGs). iTelos is based on three main processes. The first aims at
representing a new type of data, based on the Entity Base data model,
capable of concretely representing the information diversity of a context.
The second is a KG completion process, for the integration of diversity-
aware data. The third one is a data distribution process, which aims to
enhance the reuse of diversity-aware data by supporting the collaboration
between those who produce data and those who are interested in using it,
within a data distribution network called LiveData. The iTelos methodology
supports both expert users in the creation of diversity-aware data and non-
expert users in the development of data-based applications by providing
them with the necessary data and support, and ultimately by establishing
collaboration with expert users. The methodology has been tested in the
Knowledge Graph Engineering (KGE) Masters course at the University of
Trento (Italy), where students used iTelos to develop KGs suitable for solving
several real-world problems. The first version of the LiveData network has
also been developed by the University of Trento (Italy) and the National
University of Mongolia (Ulaanbaatar, Mongolia).

Keywords: Information Diversity, Data Representation, Knowledge Rep-
resentation, Data Integration, Knowledge Graphs, Data Distribution, Data
Intermediary.
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Preface

How many times have we asked ourselves “Who am I ?” or “What am I able
to do?”, “How can I improve myself and the world around me ?”. During
the past years, in parallel with, and thanks to, my PhD research, I tried to
answer the above questions. This preface aims to give an idea of what I’ve
learnt and to provide a key for reading the following chapters.

We always act with the constant of our own "point of view" over ourselves
and the world, which in the thesis will be defined as “The Purpose”. Our daily
activities, at work and in our free time are led by a Purpose that somehow
encodes our way to perceive ourselves, the world in which we live, and how
we interact with it. We use our Purpose to transform what we perceive into
our knowledge. The clearer our Purpose is, the more we can focus on the
right things, people, events, and information that interest us. Not only that,
but a clear Purpose allows us to reason about what we perceive and thus
transform such perception into knowledge. In other words, the more you
know who you are, the more you will understand what and how to do what
you need to do. The Purpose is different for everyone, not only regarding
the ideas we have (for example, I want to travel around the world to know
foreign cultures, while my best friend’s objective is to actively participate in
his village community, to maintain and support it) but also considering the
way we perceive ourselves and the world around us. For example, as a PhD
student, I can see the university as my workplace, while a master’s student
who is also working in a company can see the university as a place to improve
the skills required for her job in the company. We are both students, but
we perceive ourselves differently as well as different is our perception of the
same real-world entity (the university, in this case). I have learnt that it is
very important to have doubts about our perceptions of other people, things,
or events, it allows us to increase our vision (and knowledge) by perceiving
not only our own point of view but also the others. Understanding someone
else’s Purpose allows us to get closer to them. Even when we are fully
committed to someone else’s initiative or objective, the way we perceive,
interpret and subsequently act on that, is our own prerogative. We are the
knowledge built on our Purpose. We build this knowledge over time, thanks
to the continuos perception of ourselves, as well as with the interaction with
the rest of the world. My house, a supermarket, a mountain, a festival, a
university course; but also my heart, my hand, my body, my thoughts. All
of this is part of me. However, from the moment we are born, we begin to
perceive and transform the information that other people or the environment
give us. Therefore, we can say that our own knowledge is generated by the
combination of perceiving and transforming the knowledge of someone (or
something) else. At this point, the first question becomes stronger: "Who

1
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am I?". Am I the product of my own knowledge, or just a mixture of bits
and pieces of other people’s knowledge? In other words, are we the result of
the world around us, or a unique part of it? At any moment in our lives, we
perceive new knowledge, and we elaborate and learn about that. Considering
this, it is impossible to define a person as a portion or a static composition
of knowledge, since the knowledge defining us is dynamic and in constant
motion. For this reason, my answer to the above question is, that we are our
own way to build our knowledge, through the definition of our Purpose. We
are not defined by static knowledge created uniquely by ourselves or taken
from someone (or something) else, we are instead our own unique way to
process such knowledge. Our learning process is more important than what
we learn, thus enabling us to see the benefit of both errors and good results.
The key ingredient of such a learning process is the Purpose. Not only our
Purpose but also the others around us. Only by defining ourselves, we can
clearly perceive ourselves and the world around us. But, we will never be
fully aware of us without considering the others, in a continuous process of
constructing us as individuals and as a society. What really matters is not
the destination but the journey about me and you.
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1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . 3
1.2 Problem . . . . . . . . . . . . . . . . . . . . . . . . 5
1.3 Solution . . . . . . . . . . . . . . . . . . . . . . . . 11
1.4 Research Publications . . . . . . . . . . . . . . . . 14

1.1 Motivation

The use of data, and the way we see it, has changed over time along with
the environments and Purposes for which data is used. In more detail, we
can identify three different moments in time, or ‘eras’, where the concept of
data, and its use accordingly, has changed the most.

The Corporate Data era. This first period started in a moment around 1970s,
which can be also identified by the term "Industry 3.0", until the end of the
’90s. In this period, the data was only used by those organizations and com-
panies having the power to manage it, with the objective of improving their
internal work management or providing services to their customers. Some
example of actors and applications involved in this period are mobile phone
companies or big companies adopting corporate Data Base Management Sys-
tems (DBMS) solutions to digitize (and partially automate) their work. The
usage of Databases (DB), in this period was limited to a restricted context
defined by the company having the technology and the expertise to handle
it. The company, in this case, defined the requirements to be satisfied by
the DB, as well as how to model the information within the DB itself. The
representation of the data to be stored and maintained was defined by the
company’s Purpose and was not intended to be changed for reuse or sec-
ondary Purposes (like sharing the data with other companies for example).
In such an environment, the modeling of a DB, its maintenance, as well
as the DB exploitation through a DBMS, were all activities defined over a
single Purpose (the company one), thus a single "point of view" over the

3
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representation of the data to be used.

The (Semantic) Web era. The second period in which we identified a signifi-
cant change in the data representation and usage, starts with the beginning
of the 21st century (2000) and lasts little more than a decade (until 2012).
It has been characterised by more widespread use of the Internet and the
Web, which have become more available in these years. In this period a
more massive usage (and availability) of Browsers, allowed more users to
handle the data, thus effectively expanding the context in which the data
is considered, from a narrow set of companies to a broader set of actors.
The data becomes a way to discover the world, as an information source,
but also a way to represent the world around us (Wikipedia, e-commerce,
web journals). The single "point of view" leading the data usage and rep-
resentation, turned into a variety of interpretations of the world captured
by different data representations. The advent of multiple data representa-
tions related to data exchange, data retrieval, and data exploitation led, as
a natural consequence, to the need to understand the different interpreta-
tions of the real-world entities represented by the data. As a consequence of
such a diversified environment, the contents available on the Web changed
becoming more sensitive to the representation of the semantic of data. The
Semantic Web is defined, in this period, by Tim Berners-Lee, as a Web of
data that can be processed by machine, or as he wrote "The Semantic Web
is a web of data, in some ways like a global database" [7]. To support such
a new vision of the Web, Knowledge Representation (KR) [21] became the
key research area, and knowledge models like ontologies, Knowledge Bases
(KBs), as well as the newest Knowledge Graphs (KGs), started to be largely
used to express the data semantic, thus actually providing a different and
more informative way to define real-world entities (see section 2 for more
details about KR and KGs). A huge amount of information, and data, that
before was privately maintained in corporate environments, becomes in this
period available and "browsable", by any user having access to the Web. As
a consequence, the reuse of existing data starts to have a strong impact on
the development of new applications and services. In this period, different
types of applications were born to support people’s daily lives (mobile ap-
plications like Google Maps and social networks). The web era has changed
the way data is presented and improved the availability of data, extending
it to individuals. However, the technology capable of handling this new type
of data remains in the hands of a few actors, such as companies, universities,
and research centers, which have the resources and expertise to deal with it.

The Artificial Intelligence (AI) era. The last period we consider starts from
2012 with the advent of neural network usage and deep learning approaches
applied to machine learning and, more in general, for AI applications. The
AI era is currently ongoing with an increasing number of AI applications and
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new approaches in AI research and innovation. If the research on AI was
born in the middle ’90s, its boom into real-world applications and services
(Google Assistant, Amazon Alexa) started from the exploitation of Big Data
and deep learning (2012-2017), and increased its power, together with the
interest for research and business Purposes (ChatGPT, Microsoft Copilot),
with the advent of Large Language Models (LLM), around 2020. In these
years, the context of data use undergoes further expansion, not only thanks
to a major amount of data available for an even wider set of individuals
but also thanks to the technology used for data production and transforma-
tion, that becomes available to individuals too, thanks to AI services. In
other words, the context in which the data is considered has become even
wider, reaching more people with less technical experience. AI needs data
to be trained and to learn from, for this reason, the re-use of existing data
becomes even more important for the development and the accuracy of AI
applications, but also for their capacity to deal with the diversity of the
world. The Free Model (Google, Facebook), is an excellent example of such
a data reuse need. It disrupts the market with an “if-you are-not-paying-
for-the-product-you-are-the-product” ethos. To achieve this business model,
vendors radically migrated their primary function from “providing excellent
products” to “harvesting data from excellent free products” [70]. However,
it is important to consider how the power of creating and reusing data is,
now, in the hands of individuals, each having their own interpretation of the
world. As a consequence, AI applications working on such data, have to be
able to understand such interpretations, based on local geographical and so-
cial knowledge. In other words, the key requirement for AI applications has
become to understand the "point of view" of their users, without obscuring
it with more overbearing (and usually western, business-oriented) cultural
views.

1.2 Problem

The three different historical moments described above introduce, at their
time, specific needs to be satisfied regarding the representation and the man-
agement of data. The evolution of such needs along the years led to an always
more informative form of data, suitable to be exploited by the relative appli-
cations and services. In parallel the problems of creating, transforming, and
handling the data have changed themselves. More in detail, the problem
of representing the data by using a different data model respects the one
adopted in the previous "data era". As well as, the problem of reusing and
integrating those new types of data. In this section, we report the evolu-
tion of such problems, by highlighting the most important difficulties to be
addressed in the past and, most important, in the current time data repre-
sentation and management environment.
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In the corporate data era, where the data "lived" in more restricted and
Purpose-specific environments, the main problem was to create data to sup-
port internal (relative to companies and organizations) tasks. The Purpose
of the data application was quite clear, and the representation of the infor-
mation through the data was, as a consequence, unambiguous due to the
restricted context considered. The cost to be paid was, and it is still paid
nowadays for similar applications, over the data generation and maintenance.
It is important to mention that, even if the data models and the technolo-
gies are nowadays more advanced with respect to the 90s, the evolution and
maintenance of data is still today one of the higher cost to be paid for the
development of Purpose-specific apps and services. Nevertheless, in the cor-
porate data era, the data representation did not consider a secondary use (or
a data reuse), the data had to fit the requirements given by a single context
and to satisfy a single (main) Purpose. This means that there was no need
to consider multiple interpretations of the same real-world entity, due to a
possible multi-Purpose application.

In the (semantic) Web era, instead, the multi-Purpose data representation
introduced the need of representing the semantics of data. People from
different parts of the world can access and search the information contained
in the data. As a result, a real-world entity is no longer represented based on
a single set of requirements, as in the corporate use case, but it is represented
differently by users who live in different geographical and social contexts, or
by users who live in the same context but having simply a different "point
of view" (Purpose) over the entity to be represented. In other words, the
environment in which the data "lives" has become more heterogeneous, thus
leading towards more heterogeneous data representations. More in detail,
such data heterogeneity appears differently depending on the type of data.

• Language data: the Web era has driven the use of the Web on a global
scale. This implied also the representation of data in different natural
languages. The heterogeneity of language data refers to the different
ways of representing a concept in different languages. Such kind of data
heterogeneity brought not only the need to translate the data for multi-
lingual Purposes but also to represent the semantics expressed by data
in a given language, by using a different language. For example, the
concept identified by the term "Malga" in Italian means: "a relatively
small alpine hut dedicated to the sheltering of cattle and deposit for
milk and cheese"; however, it cannot be properly represented by a
single word in English. A different representation may be required for
the same concept expressed in two different languages.

• Knowledge data: the semantics of data is not only expressed by the
meaning of its concept into a specific language but also by the way we
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represent its information (real-world entities and entity types) through
its properties. For example, a person can be represented through the
following set of properties [name, surname, date-of-birth], but also with
a different one, like [Identifier, date-of-birth]. The first representation
can be quite efficient for a specific Purpose, while the second one can
be adopted for Purposes where people’s privacy needs to be more pro-
tected. Both the two data schema represent the entity "Person" but
in two different ways. More formally the heterogeneity of knowledge
data refers to the different data schema used to represent the same
real-world entity. Such kind of data heterogeneity is also defined by
the Entity Matching problem [69, 44].

• Data value: even assuming to use of a single language to represent
data, as well as to agree on a single representation for each type of
entity, the values associated with the entity properties could be rep-
resented in multiple ways. For example, the "date-of-birth" property,
used to represent the "Person" entity type, can be associated with
values expressed as timestamps, or by adopting the format ISO-86011

which represents date and time through a standardized format. The
data heterogeneity in the values of data refers to the different ways
that can be used to represent a data value. While the knowledge data
heterogeneity leads to multiple ways to represent an entity type, the
data value heterogeneity introduces multiple possibilities to define the
entities instantiating a single entity type. It is important to notice
how the entity representation became stratified, having in particular
a well-defined and separated knowledge layer (entity type) and data
value layer (entity values).

• Data source: the last type of heterogeneity is not intrinsic to the data,
but more related to how the data is provided and retrieved. The Web
era introduced new sources from which the data can be collected. Nev-
ertheless, the choice of the data source could implicitly define how the
information carried by its data is represented, as well as the quality of
such information. For example, collecting data provided by Wikipedia
could be more reliable with respect to data collected from an unknown
website. Moreover, different data sources could provide data contained
in different dataset formats, like CSV, JSON, PDF, and many others.
The dataset format can be more or less suitable for a specific Purpose
(or data representation), and therefore more or less effort to consider
for data exploitation.

The data heterogeneity, as defined above, introduced the need to handle the
specific information carried by different types of data. In other words, data

1ISO-8601

https://www.iso.org/iso-8601-date-and-time-format.html
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is no longer just a value in a dataset, but also the meaning of the terms used
to represent it, by using a specific language, as well as its relative set of data
properties (data schema). The Semantic Web changed the way of thinking,
and reasoning about real-world entities, by adopting ontologies and knowl-
edge bases to express the data semantic. As a consequence of the increased
data availability, data reuse became more important with the objective of
reducing the cost of data production. However, data reuse implicitly requires
the cost of integrating different data (data coming from different sources), a
cost that is made more expensive by the heterogeneity of the data itself.

The Web era increased heavily the complexity of the data representation
and data exploitation scenarios. In particular, the lack of methodologies
and well-defined processes supporting the users in the transformation and
integration of the data produced in the previous era into data suitable for
the Semantic Web significantly hinders the data reuse activities and the de-
velopment of data-based applications and services. Such a lack of method-
ologies for data reuse and data integration is still today a crucial issue to
be addressed, especially for those applications requiring a high level of data
interoperability. For example, we report the InteropEHRate 2 EU project
[65, 13], where different EU countries having different interpretations of the
healthcare systems, need to share data about patient’s diseases, drugs, med-
ical history and other. The differences in the healthcare data interpretations
appear at multiple levels, involving the different natural languages, and the
different medical systems used to encode names of drugs or diseases, but
also with the differences in the dataset formats and different ways of rep-
resenting the same information entities (i.e., different set of properties used
to represent a patient health record). The development of such a project
highlighted that information and data standards for the representation of
healthcare information, like SNOMED3 and LOINC4, are not sufficient to
guarantee the required data interoperability among the different healthcare
systems involved. A common methodology, applied within different contexts
(countries with different healthcare systems) to fit the local requirements, is
necessary for representing and transforming the data into a more interoper-
able version, without losing the local information diversity.

In the Web era, the Web’s content starts to be a large data source from
which the data can be explored but also collected through scraping and
downloading activities. If on the one hand, the large availability of data has
been a benefit for the data reuse, on the other hand, the low quality and
interoperability levels of the Web data require an additional pre-processing

2InteropEHRate
3SNOMED
4LOINC

https://www.interopehrate.eu/
https://www.snomed.org/
https://loinc.org/
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cost to be paid, to be exploited. Even today, the majority of the data
collected, or downloaded, from the Web must be adapted somehow before
being used. Such kind of adaptation includes activities like data formatting,
data cleaning to remove "data noise", as well as data transformation to
fit the desired requirements. Open Data initiatives play a crucial role in
partially covering such need for quality data distribution. However, these
initiatives are not always (most of the time) effective in supporting the reuse
of data. Data sharing is not just about making data downloadable, but also
about ensuring data quality and interoperability, and making data findable
and discoverable by the users who want it. As a consequence of such data
distribution needs in the Web era two distinct roles appeared:

• The data consumer : people interested in collecting data and exploiting
it for the development of Purpose-specific applications and services.
Often, the data consumers do not have technical expertise, thus making
it difficult for them to address the pre-processing activities required
to handle the Web data, as well as to exploit the data itself for the
implementation of the desired application.

• The data producer : people having data management expertise (i.e.,
computer scientists, data and knowledge engineers), thus having the
ability to create new data, or reuse existing data by addressing the
required pre-processing activities. Data producers have the ability to
produce high-quality and interoperable data and then distribute it on
the Web, but often they lack a (application-specific) Purpose to moti-
vate them to do so.

Usually the data producer and consumer are not interpreted by the same
person. This situation generates a gap between the two roles. Such a gap is
the cause of the high costs paid by both the producer and the consumer, for
Purpose-specific data distribution and high-quality data production, respec-
tively. Different Open Data initiatives tried to cover the gap between data
producers and consumers 5 6. However, the lack of a concrete process able
to guide the two roles actors close to each other requirements, hindered the
achievement of a concrete and efficient solution to this problem.

If the Web era introduced the need to transform, integrate, and distribute
data, the AI era clearly states such need as a mandatory requirement. With
the advent of AI services and applications development, the demand for
data increased enormously. Therefore, if the Semantic Web ages required
new data models to structure the information (i.e., Knowledge Bases and
Knowledge Graphs), the AI era needs to exploit such data scaling up its

5https://www.esri.com/it-it/home
6https://osmfoundation.org/

https://www.esri.com/it-it/home
https://osmfoundation.org/
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size and automating the generation of such models. Big Data became the
main ingredient for the development of Machine Learning (ML) systems,
Deep Learning implementations, Large Language Models (LLMs) [99], AI
services, and real-time application development for many Purposes. On the
other hand, AI technology became available to a larger set of individuals thus
actually increasing the need to express their own local geographical and so-
cial information diversity through the data. It clearly shows how the support
for AI should not be only focused on Big Data, but also on information and
data diversity. The current advanced technologies, applying the research on
AI, allow nowadays individuals to easily access tools supporting their daily
life. Such tools are based on the reuse, and interpretation, of existing data
to support specific user interests, in other words, a user Purpose. Like in
the Web era, the data representation problem remains a crucial issue to be
addressed, to the extent that now the data has to represent the interpreta-
tion of each user’s Purpose. This means that, ideally, an optimal AI must
consider the diversity of each of its users, as well as express the data diversity
coming from each of them. Unlike the corporate and the Web eras, the data
representation for AI cannot remain focused only on a domain of interest,
a context, or a specific application, it has to support every single person’s
"point of view", who has access to the new AI technology. The interpretation
of the information, thus the representation of data, processed and provided
by AI technologies starts to be a problem affecting the representation of
the reality [55]. Some of the currently available technologies are centralized,
in the sense that they interpret the inputs, coming from different cultural
and social context users, in a unique way based on a single contexts-specific
information model. Such a model is in most cases unable to represent the
diversity of the users who implicitly use it because the model builder does
not have sufficient knowledge of all the geographical and social contexts from
which the training data were collected. This kind of approach, based on a
unique centralized data interpretation and representation, at one hand, al-
lows for a reduction of the data integration and data reuse costs, from a
procedural point of view. On the other hand, it is a distortion of reality
that directly implies the loss of local information diversity characterizing a
geographical and social context, as well as a group of people, or even single
individuals, living in such contexts. The risk, very dangerous, is to cancel the
local diversity with the adoption of a unique centralized data representation
model. Another important risk associated with data reuse and data gener-
ation for AI systems, particularly for generative AI models, is the further
concentration of the economy [55]. This means that, as reported by Huang
et al., "if certain capital-intensive models are privately owned with limited
or no outside access (e.g. Google’s PaLM, DeepMind’s Gopher, OpenAI’s
DALLE-2) or significant control over applications built on top, this could
contribute to economic concentration. Access may be limited particularly
if the high costs of creating GFMs (Generative Foundation Models) don’t
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decrease soon.".

Such a scenario enhances even more the need for concrete methodologies and
processes for the three problems identified in the previous years (Web era)
that now become crucial to support the development of AI-based applications
and services. More in detail there is the need for:

• a precise process of data representation supporting a transformation of
data towards the creation of more stratified data (including multiple
types of data, like language, knowledge and data values) and diversity-
aware data able to express the local diversity for each, domain, context,
application, and even single user. Such a process has to enhance the
production of a new generation of data, where the heterogeneity is not
considered a bug but instead a feature to be exploited to highlight local
diversity.

• A process of data integration that, by exploiting the above data repre-
sentation process, allows for the integration of a larger amount of data
produced for different Purposes and with different levels of quality and
interoperability.

• A process of data distribution supporting the reuse of data by covering
the gap between the data producer and the data consumer roles. This
process should exploit the diversity-aware data representation as well
as be strictly linked to the data integration process, with the objective
of supporting the data production and data exploitation requirements.

The need to address the three problems listed above started during the shift
from the corporate era to the Web era, and became a consolidated require-
ment in the AI ages. In our research, we aim to provide a methodological
solution covering the three needs defined above.

1.3 Solution

In the previous section, we identified the problems of transforming, integrat-
ing, and distributing data to enhance the local diversity of the data users,
all of which fall under the more general problem of reducing the cost of data
reuse. The research reported in this thesis aims to provide a solution to the
above problem, by defining a methodology that includes the design of three
main processes encapsulated with each other, for data representation, data
integration, and data distribution respectively. We propose iTelos [37, 11,
13, 39, 38] namely a methodology for data reuse based on the production,
integration, and distribution of diversity-aware Knowledge Graphs (KGs).
iTelos is a structured methodology that can be defined by three different
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processes encapsulated with each other progressively as described here be-
low.

The data representation process. The first process included in the iTelos
methodology aims at supporting data reuse by transforming existing data
into diversity-aware data. The input data considered by this process is
the data originating from the period we defined above as the corporate era
(mostly single-layer, non-stratified data, like tabular data values set), which
is however the type of data that continues to be most used for several Pur-
poses. The data produced by this process, instead, is the diversity-aware
data, namely a novel type of stratified data [45] that better represents the
diversity of the local geographical, social and individual (human) context in
which the data has been produced, or where it needs to be exploited. More
in detail, the process aims at generating data based on the Entity Base (EB)
data model. This data model aims to represent concretely the real-world
entities shaped as interlinked nodes of a KG. To this end, the data model
defines an entity through three different components or layers, namely the
entity layers of language, knowledge, and data values, which concretely rep-
resent the diversity of the respective entity as expressed by the data hetero-
geneity that appears within three types of data - language data, knowledge
data, and data values, respectively. Each entity layer is shaped as a graph,
and composed together they define an EB object, in which an additional
layer represents the Purpose for which it has been created, thus contextual-
izing the information diversity for each of the three layers mentioned above.
The idea behind the EB data model is to provide a representation of real-
world entities closer to the way humans have to think and reason about it,
instead of providing an entity representation that fits the requirements of
a DBMS or a software application. The data representation process aims
at transforming the data heterogeneity, initially seen as an issue to be ad-
dressed, into local diversity, seen as an exploitable data feature. Therefore,
the process enhances the reuse of data in support of Web-based and AI-based
applications which require a more stratified type of data, able to capture the
local diversity of a given context or individual.

The Knowledge Graph Completion process. The second process included in
the iTelos methodology is a KG Completion (KGC) process. It represents
the core of the iTelos methodology by defining the structure of the different
steps, or phases, to be executed with the objective of reusing and integrating
different types of data into one, or a set of KGs. The KGC process, provided
by the iTelos methodology, uses the above described data representation pro-
cess by adopting the EB data model as the final representation of the KG
it creates. While the data representation process provides the data model
for diversity-aware data, the iTelos KGC process encapsulates the EB data
model into a more concrete process supported by a dedicated framework.
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It guides the users along four well-defined phases where a (diversity-aware)
KG is created starting from the user’s Purpose, formalized into a set of user
requirements to be satisfied by exploiting the final process output, and a
set of already existing data. More in detail the four phases of the iTleos
KGC process are focused on: (i) the formal definition of the user Purpose,
as a knowledge model specifying the requirements to be satisfied by the final
KG; (ii) the handling of the input data heterogeneity at language level, with
the generation of the language entity layer; (iii) the handling of the input
data heterogeneity at knowledge level, with the generation of the knowledge
entity layer; (iv) the handling of the input data heterogeneity at data value
level, with the generation of the data value entity layer. Specific activities
and dedicated tools support the KGC process users in the execution of each
phase. Moreover, the iTelos KGC process supports both the two types of
roles that a user (or different users) might interpret as a data producer or a
data consumer. When the KGC process is used as a data producer, the in-
put data are collected from "external" data sources, where "external" means:
data source not certified by the iTelos methodology, thus not compliant with
the data quality and interoperability standards, as well as not distributing
diversity-aware data. The KGC process output is then uploaded into the
iTelos official data distribution source (or internal source), called LiveData
[12], namely a worldwide diversity-aware data space. Therefore, the iTelos
data producer uses the iTelos KGC process to get "external" data and to
transform it into diversity-aware data that is then pushed into the "inter-
nal" LiveData space. When, instead, the KGC process is used as a data
consumer, the input data are collected from the LiveData space, and inte-
grated together to satisfy specific application requirements. The input data
in this case is already shaped as diversity-aware KGs. For this reason, data
integration is cheaper, in terms of pre-processing and integration, on the
consumer side than on the producer side. It is important to mention that,
also the output of the KGC process used by the iTelos data consumer can
also be pushed into the LiveData space, as it is a new diversity-aware data
resulting from the composition of the consumer process inputs.

The data intermediary process. The third process defined by the iTelos
methodology is a process designed to support the generation and the reuse
of data, by exploiting the process and tools provided by the iTelos KGC
process. In particular, it is based on the role of the Data Intermediary (DI).
The DI is defined in different ways in [76]. As it is better detailed in chap-
ter 5 We have been inspired by such DI definitions, but by DI we mean an
agent (a human actor that can be semi-automated by an agent-based sys-
tem) that aims to provide a concrete solution to the problem of data reuse
by bridging the gap between the roles of data producer and data consumer.
The iTelos DI offers the methodology users the required support to achieve
their objective and satisfy their own Purposes, both for the data producer



1. Introduction 14

and data consumer side, by providing access to the iTelos KGC process for
the production or integration of diversity-aware data, respectively. The iTe-
los DI is responsible for the management of the LiveData space, namely a
network for the distribution and retrieval of diversity-aware data. When
the DI supports a data producer user, it will allow the user to upload and
eventually publish, the output diversity-aware data into the LiveData space.
On the other hand, when the DI is supporting a data consumer user, it will
allow the user to get the required data from the LiveData space, as well as
to upload and publish the results at the end of the process. Moreover, the
iTelos DI aims at improving the relationships between the data producer
users and the data consumers, by helping the data consumers find the data
producer who can generate the diversity-aware data required to support the
consumer’s Purpose. In other words, the DI aims at creating links between
who has the expertise of producing and managing data, and who has the
Purpose-specific idea for the development of applications and services. For
this reason, the iTelos methodology includes the DI process, which defines
how to navigate "external" and "internal’" (LiveData) data spaces to obtain
the data required for a given Purpose. But also how to move the data (store,
publish, and distribute) to enable global collaboration on data reuse, which
can drastically reduce the cost of dealing with data for applications and ser-
vices development.

The iTelos methodology is the clue linking together the information repre-
sentation, the transformation and integration of the data carrying it, and the
data distribution without which the reuse of data, necessary to reduce the
overall cost of data-based applications, would not be sustainable. The whole
methodology aims at reusing existing data for the generation and distribu-
tion of Purpose-specific diversity-aware KGs. It is important to notice how
the cost reduction given by data reuse becomes impactful only if a distribu-
tion of quality and interoperable data is considered in the overall process.
The iTelos methodology defines a reuse and share approach over interopera-
ble diversity-aware data, which aims to create over time a worldwide network
where diversity-aware data is produced and shared through the collaboration
of the users participating in that, with their local interest. In other words,
iTelos provides a methodology for the development of Purpose (user) specific
objectives (applications and services), through participation in a cooperative
community of data users. The three components of the iTelos methodology,
described above, are detailed in chapters number 3, 4, and 5 of this thesis.

1.4 Research Publications

The following research publications and pre-prints have been considered in
the ideas expressed in the thesis. The results of the following works have
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The research work of this thesis aims to define a methodology to enable
the generation of diversity-aware interoperable data, shaped as Knowledge
Graphs (KGs), as well as to reduce the cost of their reuse and integration.
To this end, in this chapter, we have studied the background and related
work in terms of the history and current state of data representation, data
integration, and data distribution, which are the key aspects influencing
the proposed methodology. In addition, the history and current state of
data reuse were studied first, since data reuse is the basic principle of the
iTelos methodology, which includes data representation, integration, and
distribution.

2.1 Data reuse

The entire iTelos methodology is based on the reuse of data. Data reuse is
the key principle underlying the three main iTelos processes. First, the data
representation process transforms existing data into diversity-aware data by
following the Entity Base (EB) data model. Second, the iTelos KGC pro-
cess, aims at reusing as much as possible already existing (diversity-aware
and non-diversity-aware) data, to produce, and integrate, diversity-aware
KGs. Last but not least, the data intermediary process makes data reuse
the fundamental objective through a high-quality distribution of diversity-
aware data. For this reason, the design of the iTelos methodology required a
study of the reuse of data, to better understand the benefits and the issues
to be addressed.

16
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Academic research was the first sector to consider the re-use of data, in
the first half of the twentieth century, as reported by a recent work by
Mannheimer, S. [73], which addresses the problem of data reuse for big so-
cial research. Researchers began reusing survey data in an effort to “save
time, money, careers, degrees, research interest, vitality, and talent, self-
images and myriads of data from untimely, unnecessary, and unfortunate
loss [46]. As early as 1962, Glaser wrote about the reanalysis of observa-
tion notes, unstructured interviews, and documents [47], thus indicating a
data (re)interpretation activity for a secondary reuse (a secondary Purpose).
However, as already mentioned in section 1.1, in the period identified as
the corporate era (’70s to ’90s), data reuse was not strongly considered by
other sectors involving big data users, like companies and governments. The
reuse of data became a common practice and continued to grow through
the 1990s and 2000s [73], thus becoming an activity more involved in the
period identified as the Web era (see section 1.1). In this period different
benefits have been identified from different points of view. The scientific ben-
efits of data reuse (through data sharing) are: (i) building new knowledge,
new hypotheses, new methodologies, comparative research, and critiquing
or strengthening existing theories [24]; (ii) promoting interdisciplinary use
of data; (iii) providing data for teaching purposes (educational data) [9].
Between the moral benefits, we can mention the transparency and account-
ability of data, reached by sharing and making such data publicly available.
The reuse of data has also major economic benefits by avoiding duplica-
tion of effort and allowing the conservation of time and resources, therefore
supporting a higher return on investment [73] about the development of in-
formation systems. As mentioned in section 1.1, the above benefits of data
reuse became even more impactful in the period identified as the AI era
(from 2012 onwards), where the reuse of data has been strongly considered
for the training of machine learning and deep learning models, first, and for
generative AI and LLM afterward [55]. The issues to be addressed for the
reuse of data need to be considered as well. In particular, we report here
below three main criticalities of the reuse of data.

The context of data. As reported in [73], the reuse of data for qualitative
research, but also for other types of secondary purposes, involves the analysis
and understanding of the context in which such data were generated, as well
as the study of the subjects described by the data, or using the data. As
Hinds et al. [53] writes, “context is a source of data, meaning, and under-
standing. . . Ignoring context, underusing it, or not recognizing one’s own
context-driven perspective will result in incomplete or missed meaning and
a misunderstanding of human phenomena.”. Again, Pasquetto et al. [82]
state that “removing data from their original context necessarily involves in-
formation loss”. The works cited above reported a need to keep the data to
be reused and connected with the information about the context in which



2. Background & Related Work 18

such data has been produced. However, it is often the case that it is difficult
to extract contextual information from the data published or distributed for
secondary purposes, resulting in a loss of information (a loss of information
diversity about the relative context) and reducing the reusability of such
data.

The paradox of reuse [75]. This phenomenon is mentioned in relation to
generative AI systems whose use can be a disincentive for humans to con-
tribute to the open digital ecosystem [55]. Meaning by this, as described by
Huang et al., that "people may stop producing text/code/images in favor
of using generative models, or never visit the websites from which data is
sourced (i.e., Reddit or Wikipedia) in favor of using generative AI systems
as search engines, and thus lead to lower contributions to them". In such a
case, the reuse of AI-generated data leads to a reduction in the reuse of data
collected from a greater variety of data sources that better express their own
local diversity, as opposed to the AI that generates data based on a central,
unique interpretation.

Data reuse process. Data reuse is usually more complicated than expected.
By considering also the criticalities mentioned above, it appears that the
reuse of data is a composition of different activities that need to be orga-
nized and properly executed. Different studies have been conducted over
the steps, or phases, of data reuse [97, 83]. The activities involved in the
reuse of data are often more specifically defined by the objective (Purpose)
of the reuse. The integration of data is a task strongly involved in the reuse
of data. It is possible to consider data integration as a structured process
enabling the reuse of data. In [22] is described how the back-end of Business
Intelligence (BI) technologies is constituted by a data integration pipeline
for populating data warehouses (or other types of BI data management ar-
chitectures) by extracting data from distributed and usually heterogeneous
operational sources; cleansing, integrating and transforming the data; load-
ing it into the data warehouse. Extract-Transform-Load (ETL) techniques
are heavily involved in such integration processes [58]. The implementation
and maintenance of ETL pipelines is often a huge fraction of the effort to
be considered in BI projects. With the advent of AI-based systems, the de-
velopment of real-time applications and services has increased significantly.
As a result, data reuse and integration processes need to be scaled up to
address the increasing complexity of the entire pipeline. It clearly appears
that the reuse of data cannot properly scale up without a methodology able
to adapt itself to the Purpose of the reuse, by supporting the users with
the automation required by the real-time applications, as well as by keeping
the human (data domain expert) in the loop to avoid the loss of the data
diversity. A methodology that does not seem to be available at present.
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2.2 Data representation

The design of the iTelos methodology required a study of the representa-
tion of the data, being the data representation is the key to encoding the
information to be reused and exploited by applications, services, and hu-
man users. The iTelos methodology proposes a novel data representation
model based on the stratification of the information. In other words, the
methodology aims at representing, at different layers, the information about
real-world entities [45]. Nevertheless, the definition of multiple information
layers, denoting different types of information (like linguistic information,
ontological or structural information, and the information carried by the
values of data), is not a novelty defined in this research work. The novelty
introduced by the iTelos methodology is to consider those layers together by
concretely defining a new data model to represent real-world entities. A lot
of research has been conducted on language data definition, and knowledge
representation, as well as about data formats and data standards. In the
following subsection, we provide the current state and related work about
the three types of data mentioned above, as well as the definition and usages
of KG, as the data structure used by the iTelos methodology to represent
the diversity-aware data.

2.2.1 Language data

Research on language data representation is broad and covers multiple pur-
poses, like information representation, information translation, natural lan-
guage processing (NLP), formal language definition, word sense disambigua-
tion, and others. However, the objective of the iTelos methodology is to
represent the language diversity of real-world entities as data that compose
the language layer of an EB. To this end, we focused the study of language
data representation over the definition of language data structures able to
represent and disambiguate the meaning of the terms (or words) used to
express the real-world entities, and their properties, represented within a
generic dataset. A more precise description of such kind of language data
representation has been provided by Bella et al. [6] defining the Language of
Data (LoD), namely languages formed by short labels typically found within
structured datasets. The disambiguation [93, 94] of the terms used within
the structured dataset, is one of the key issues to be solved in the iTelos
data representation process (see chapter 3), as well as in the iTelos KGC
process (see chapter 4). As better described in [10], the labels that compose
the LoD of generic datasets can be classified within two main categories of
languages, or vocabularies, being focused in this case over the word repre-
sentation only, without considering a grammar required to formally define
a language. The first category contains the labels to be parsed as natu-
ral language vocabulary (i.e., Italian, English, Mongolian) labels [98]. The
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second category contains the labels coming from domain vocabulary, namely
Controlled Natural Languages (CNL) [90] for the relative domain of interest.
Some examples of domain vocabularies can be found in the healthcare sector
(and many other areas) where specific terminologies are adopted are used
to identify and describe health measurements, observations, and documents,
but also drugs and diseases (i.e., LOINC1, SNOMED2).

The representation of the terms defining a LoD has been addressed by using
different kinds of resources, such as large-scale lexical structures like Word-
Net [78]. This kind of lexical architecture is focused on the representation
of concepts through their lexicalizations [79]. For example, in WordNet 3,
the word "house" can be used to represent different concepts. The house as
"a dwelling that serves as living quarters for one or more families" (Word-
Net concept identifier: house.n.01), or the house as "aristocratic family line"
(WordNet concept identifier: house.n.06). On the other side, a concept can
be represented by different words, sometimes considering different natural
languages or domain vocabularies. For example, the WordNet concept, used
above, identified by "house.n.01", can be represented by the English word
"house", and by the Italian word "casa". In addition, such linguistic ar-
chitectures are hierarchically structured to define more general (hypernym
or supertype) or more specific (hyponym) concepts. For example, by using
always the same example, the concept represented by the word "house" is
a more specific concept than the concept represented by the word "build-
ing", and vice versa, the concept "building" is more general than the concept
"house".

By considering this kind of linguistic architectures, it appears how the anal-
ysis, as well as the disambiguation, of a word extracted from a dataset it
always requires an additional contextual check over the vocabularies seman-
tic structures, to identify the right concept, the one to be associated to the
dataset’s word. This is because, as stated by Binding C. et al. in [8], "The
requirement is concept alignment not term alignment". As reported again
in [8], different criteria con be used for such a semantic check. The analysis
of concept’s scope notes, if present in the linguistic data structure, is used
to understand if two concepts are similar, as well as the analysis of syn-
onyms, ancestors and descendants, of the concept examined. Nevertheless,
the existing solutions always need to pass through the concept’s lexicalisa-
tion in order to verify its semantic. This is because, within the vocabularies
semantic structures, the concepts are defined by their lexicalisations. The
complexity of such solutions, increases with the number of concept’s lexicali-

1https://loinc.org/
2https://www.snomed.org/
3WordNet Explorer

https://loinc.org/
https://www.snomed.org/
https://camrobjones.com/gist/wordnet
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sations to be checked. In the worst case, all words associated with a concept
have to be checked in order to correctly identify that concept. It is clear how
the choice of the right semantic structure to represent the LoD of a dataset
becomes crucial to support concept identification or word disambiguation
processes (as in the case of the iTelos methodology).

A very efficient linguistic architecture has been defined to mitigate the above
described complexity. A large-scale multilingual lexical resource, called Uni-
versal Knowledge Core (UKC) [36, 35]. The key idea in the UKC architec-
ture is that the linguistic information is split into two concretely different
sub-structures: (i) the conceptual one, containing the concept expressed by
a word, which is not dependent on any domain vocabulary or natural lan-
guage; and (ii) the linguistic one, containing the lexical representations of the
concept, namely the words, thus based on domain vocabularies and natural
languages. As separated sub-structures, within the UKC knowledge base,
each concept is associated with one, or more, linguistic elements (words).
Each concept is defined separately from its linguistic part through a numeric
id, and an international English description called gloss. The gloss aims to
provide the meaning of a concept, allowing UKC users to recognize a specific
concept without considering all its possible lexicalizations. Being a multilin-
gual resource, the UKC requires a reference natural language for each word,
thus allowing the definition of several translations (as different words) for
a single concept’s word. Following this structure, within the UKC architec-
ture, we can identify two different sets of elements related to each other. The
first, called UKC Concept Core (UKC-CC), collects all the concepts present
in the UKC. The second, called UKC Language Core (UKC-LC), includes all
the possible words used to represent the elements in UKC-CC. Thanks to the
separation between concepts and their representation, the contextual seman-
tic check required concept identification and word disambiguation processes,
is focused on the UKC-CC only, thus reducing the complexity of dealing with
the multiple concepts lexicalizations. For this reason, the UKC has been se-
lected as linguistic architecture to represent the language data produced by
the iTelos methodology.

2.2.2 Knowledge data

Knowledge Representation (KR) and Reasoning (KRR, KR&R, or KR²) [21]
is a field studying how to represent the information about real-world enti-
ties in a form that a computer system can use to solve complex tasks. This
research field started to have a strong impact with the advent of the Seman-
tic Web [7] in the period described above as the Web era (see section 1.1).
The KRR was then widely used to model the information that AI systems
would use in the AI era mentioned above (see section 1.1). Unlike the re-
search about language data representation, which focuses on the linguistic
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part of information, used to assign meaning to real entities, knowledge (data)
representation is focused on structuring or schematising classes or types of
real-world entities, called Entity Types (ETypes). ETypes are defined by a
set of properties to represent classes of entities that instantiate their respec-
tive ETypes. Such properties can be used to define characteristics of the
single EType (data properties), or relationships with other ETypes (object
properties). Ontologies are special kinds of information objects or computa-
tional artifacts, used to formally model the structure of a system, i.e., the
relevant entities and relations that emerge from its observation, and which
are useful to our purposes [49]. Therefore, ontologies are used to model
ETypes, thus structuring the real-world entities as they are perceived by an
ontology producer having a specific Purpose, or point of view over the enti-
ties she wants to represent. Based on the above definition, it appears that
ontologies can be used to define different types of information. In particu-
lar, during the study of the knowledge data representation required by the
iTelos methodology, we focused on three categories of ontologies, described
here below.

• Top-level (Upper) ontologies: the ontologies included in this category
are used to model foundational knowledge, namely very general onto-
logical notions to be used for a large variety of Purposes. One of the
most famous top-level ontologies is SUMO [80] intended as a founda-
tion ontology for a variety of computer information processing systems.
Some examples of the most famous top-level ontologies, about differ-
ent domains of interest, are listed in the Wikipedia page describing
upper ontologies 4. Some work [33] has explored the connection and
integration of top-level ontologies with large lexical databases such as
WordNet or the UKC, the latter being a way of giving understand-
able names to ontological entities, thus aligning the lexical meaning
provided by lexical database concepts with the semantic structures of
top level ontologies. For this reason, we consider the UKC Language
Ontology (LO) as top-level ontology to model the diversity-aware data
produced by the iTelos methodology.

• Domain-level ontologies: the ontologies included in this category are
used to model reference knowledge about specific domains of interest.
These ontologies are more specific than the top-level ones, however,
they are still applied for different Purposes in the the relative domain
of interest. Examples of domain-level ontologies, which have been ex-
plored and used over the years during the research work for the defi-
nition of the iTelos methodology, are the HL7 5 FHIR ontology 6, for

4Wikipedia - Upper Ontologies
5https://www.hl7.org/fhir/
6FHIR ontology

https://en.wikipedia.org/wiki/Upper_ontology
https://www.hl7.org/fhir/
https://w3c.github.io/hcls-fhir-rdf/spec/ontology.html
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the healthcare domain, adopted within the InteropEHRate EU project
7, and the EMMO ontology 8, in the material domain, adopted in the
JIDEP EU project 9. Moreover, the EMMO ontology has been consid-
ered to model the Material Passport Ontology [91] adopted within the
JIDEP project.

• Purpose-specific ontologies: unlike those described above, the ontolo-
gies included in this category model Purpose-specific knowledge. These
ontologies are adopted to satisfy very specific requirements. Unlike top-
level and domain-level ontologies, purpose-specific ontologies are very
performant for the purpose for which they were modelled, but they are
less reusable for other purposes. Even if not recognized formally as
ontologies, an example of this kind of knowledge representation is the
modelling of DB schema, usually very specific to the DB context and
to the DBMS used. Since this particular type of ontology is strictly re-
lated to the Purpose for which they have to be used, important research
work has been done on the definition of purpose within an ontological
model. In [42] Giunchiglia et al. propose Teleologies as an ontological
model to encode the purpose as knowledge representation. This work
has been previously inspired by the research over context modelling
[34], in which a context is defined as: "subset of the complete state
of an individual that is used for reasoning about a given goal". And
subsequently by the idea of modelling knowledge as a set of contexts
[74, 43].

The related work about ontologies, and more in general about knowledge
representation, was born from the need to include, as part of the iTelos
methodology, an ontology engineering process able to consider the integra-
tion of different types of ontologies, to build the EB knowledge layer. To
this end, existing ontology modelling methodologies have been studied [30,
29], to understand how to model the information diversity, intrinsic to a spe-
cific user’s Purpose. But also how to model ontologies that can be reused in
different contexts and for different purposes, thus reducing the overall cost
of knowledge representation when modelling an EB. Although the contribu-
tion of KR work has been crucial to the iTelos methodology, we have not
identified studies on the composition of knowledge, language and data value
representation into a unique KGs engineering process.

2.2.3 Data values

The third type of data considered by the iTelos methodology is the datasets
carrying data values. More specifically, as already described in section 1.2,

7InteropEHRate
8EMMO ontology
9https://www.jidep.eu/

https://www.interopehrate.eu/
https://emmo-repo.github.io/
https://www.jidep.eu/
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these datasets contain the values to be associated with the ETypes properties
in order to instantiate the corresponding Etype with concrete entity repre-
sentations. This type of data is the input of the iTelos methodology since one
of the objectives of the methodology is to reuse such data by turning that
into diversity-aware KGs. The analysis of the background and related work
about data value representation has been focused on methods and standards
to make data interoperable and reusable. In particular, the FAIR principles
10 for the definition of data to be Findable, Accessible, Interoperable, and
Reusable, have been strongly considered for the design of the iTelos method-
ology. FAIR principles make an important contribution to the development
of high-quality resources. A report of the European Commission, about the
Cost-Benefit analysis for FAIR research data [20], reported the estimated cost
of not having FAIR data within important activities included in the research
data lifecycle, such as data collection, analysis of data, data integration,
data pre-processing, data publication and peer review. The estimated cost
reported by the study is €10.2bn per year. Another very important data
model to be considered to produce high-quality data value datasets is the 5
⋆ (5 stars) Open Data model 11. Defined by Tim Berners-Lee, the 5 ⋆ model
is an open data deployment scheme that aims to improve the functionality of
open data. Although such a scheme focuses on open data, it contains impor-
tant data representation requirements that non-open data must also meet
to improve the interoperability and reusability of the data itself. Between
them we can mention the need to represent data by using standard datasets
and data value formats, thus allowing more applications and services to ex-
ploit such data. Moreover, the usage of URIs denotes things (entities, and
entity’s values) within datasets. The use of identifiers allows specific ele-
ments within the data to be uniquely recognised and referenced from other
datasets. We have been inspired by the use of identifiers to improve the qual-
ity of data and, in particular, we have applied URI identification to the other
types of data considered by iTelos (language concepts and knowledge types).
The further vision that this choice implies is the automation of the iTelos
methodology, thanks to automatic recognition of the information elements
identified by URIs at several levels (language, knowledge and data values).
Other important contributions in the area of data representation have been
made by projects that have defined a data representation standard in their
own domain of interest, thus improving the reuse and interoperability of
such data. A very important example of such a domain data representation
standard is Open Street Map (OSM) [52], which defines a representation of
geographic data that is currently adopted by a large number of applications
and data-based services.

10FAIR principles
115-star open data

https://www.go-fair.org/fair-principles/
https://5stardata.info/en/
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2.2.4 Knowledge Graphs

The key idea behind the iTelos data representation approach is to create
a new type of data where the information diversity, expressed at different
levels by the above mentioned data types, is combined into a single data
structure. Since the period defined in section 1.1 as the Web era, language
and knowledge data started to be represented by using graph structure, to
better represent the relationships between the information elements (con-
cepts, ETypes) the data carries. In addition, the graph-based representation
of data is closer to the way humans need to think and reason about real-world
entities than the data representation adopted by databases in the so-called
corporate data era. As reported in [1], graph-based data models have some
benefits like:

• "it allows for a more natural modelling of data. Graph structures are
visible to the user and they allow a natural way of handling applications
data, for example, hypertext or geographic data."

• "Graphs have the advantage of being able to keep all the information
about an entity in a single node and showing related information by
arcs connected to it."

• "Queries can refer directly to this graph structure. Associated with
graphs are specific graph operations in the query language algebra,
such as finding shortest paths, determining certain sub-graphs, and so
forth. Explicit graphs and graph operations allow users to express a
query at a high level of abstraction."

As a consequence of that, we studied the Knowledge Graphs (KGs) as data
structures suitable to represent all the three types of data considered by
the iTelos methodology, namely language, knowledge and data values. Since
2007, DBpedia [3] and Freebase [14] projects have been defined as graph-
based knowledge repositories. However, the first case of KG officially recog-
nized was the Google KG 12 built on DBpedia and Freebase among other
sources. In describing Google’s KG, Amit Singhal wrote "Introducing the
Knowledge Graph: things, not strings", noting the shift from a data-based
view to a human-based view. Various definitions of KG have been proposed
over the years, without an official one being established. In [25], Ehrlinger
et al. selected some of the representative definitions and demonstrated the
lack of a common core. What has been done by Paulheim in [84], was to
list the minimum set of characteristics that must be present to distinguish
knowledge graphs from other knowledge collections. The definition proposed
by Paulheim, considering such requirements, was the following:

12Google KG

https://blog.google/products/search/introducing-knowledge-graph-things-not/


2. Background & Related Work 26

“A knowledge graph (i) mainly describes real-world entities and their
interrelations, organized in a graph, (ii) defines possible classes and

relations of entities in a schema, (iii) allows for potentially interrelating
arbitrary entities with each other and (iv) covers various topical domains.”

In the above KG definition, as well as in the other definitions reported in
[25], three elements always appear. The first is the presence of a schema that
defines the structures of the entities (ETypes) considered by a KG. The sec-
ond is the presence of concrete entities represented by their property values,
which distinguishes a KG from an ontology where only the classes of entities
are specified. The third element is the reference to the possible domains in
which a KG can be used to represent entities. The last element is a more
general reference to the always present Purpose in a data representation,
thus including the definition of a KG. However, the concrete implementation
of KGs lacks the representation of the domain, context or Purpose relative
to the entities they aim to represent, thus limiting the definition of KG to
its schema and entity layers, as formally summarised here below.

A Knowledge Graph KG, can be defined as follows:

KG = (E, D, R, A)

Where:

• E : is the set of ETypes.

• D : is the set of real-world Entities representation. The Entities are
ETypes instantiation.

• R: is the set of properties used to denote the ETypes. The elements
of R, can be properties related to a single EType, (data properties),
or properties used to define relations among different ETypes (object
properties).

• A: is the set of property’s values denoting the attributes of the set
of Entities. Each attribute, associated to one and only one EType
property, instantiates the relative data/object property.

The adoption of KGs into different domains and for different Purposes is
demonstrated by many examples. Frequently mentioned implementations
are Wikidata, Yahoo’s semantic search assistant tool Spark, Google’s Knowl-
edge Vault, Microsoft’s Satori and Facebook’s entity graph [77, 84, 95, 67].

2.3 Data integration

If the study of the data representation provided an overview of the types of
data suitable to represent the information diversity into KGs, another key
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aspect to be considered is how to integrate such different types of data. The
study of existing Data Integration (DI) techniques has been instrumental in
defining the iTelos KGC process as a process capable of addressing different
types of integration requirements. This means considering integration be-
tween and across language, knowledge, data values and KG data. Thanks to
the studies on Semantic Web, the Ontology-Based approach to DI (OBDI)
is now considered for many applications. The core element of OBDI tech-
niques is the representation of the information (or the data domain) of each
data source involved. Ontologies have been largely used to represent such
information, becoming one of the most used objects to share data models.
OBDI approach aims to share the models of the data sources considered
by the integration requirements, with the consequent objective of building
a global data model (global ontology) able to provide a unified view of the
data. The existing OBDI strategies can be collected within two different
categories, called virtualization and materialization.

Virtualization strategies aim to provide a unique virtualization of the data
source, without extraction and transformation of their data. That is why
they are also known as Ontology Based Data Access (OBDA). Virtualization
strategies build a global ontology on which the queries are posed, allowing
software applications to exploit the integration result. The unified ontol-
ogy’s queries are then translated into queries on single sources data models,
allowing effective data retrieval. In [96] Wache et al. define three different
approaches to classify OBDA strategies. The single-ontology approach pro-
vides a single ontology to which all source data models are mapped. The
single ontology is queried to access the different data sources. The second
approach, called multiple-ontology, aims to build a local ontology on each
data source, on which the queries are performed. The ontology’s role is to
facilitate the access to each data source. The third approach called hybrid,
exploits the definition of a vocabulary shared among the local ontologies,
defined as in the second approach, facilitating in this way the construction
of queries over the multiple local ontologies. Later in [26] Ekaputra et al. im-
prove the OBDA strategies classification by adding a fourth approach. Such
an approach, called Global-As-View (GAV) OBDI, is based on the definition
of both locals and global ontologies plus independent mappings defined be-
tween them, simplifying in this way the data transformation from the local
ontologies into the global one exploited by the software applications to query
the data. After the analysis of the four approaches, summarizing the current
status of OBDA solutions, we recognized that the virtualization strategies
are not suitable for the objective of this research, mainly for two key ob-
servations: (i) leaving out the single-ontology approach (having more high
maintenance cost [26]), adopting OBDA strategies the user has to define
multiple ontologies as well as the respective mappings between them (GAV
OBDI). As a consequence there is a higher level of knowledge representation
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expertise required to use such kind of DI strategies; (ii) the definition of the
ontologies is strongly focused on the data sources considered (data-driven
modelling), leading to a unified view of the information to integrate, more
focused on the data sources then on the user’s requirements. We consider
this category of DI techniques more suitable to corporate situations, where
already defined databases need to communicate and exchange data.

The second main category of DI techniques is called Materialization strate-
gies. These techniques are based on Extraction-Transformation-Load (ETL)
procedures used to extract the data to be integrated from the respective data
sources. The subsequent objective is to create a single information structure
able to maintain the heterogeneous data collected. Compared with virtual-
ization strategies, materialization ones work directly on the data extracted
from the sources, building a single global view (interpretation, with a sub-
sequent representation) of the data, thus reducing the amount of work in
building ontologies (and mappings which are not required anymore). Ma-
terialization strategies have to deal with the heterogeneity of the data ex-
tracted from different data sources. Such heterogeneity can be recognized
on different levels within the datasets collected (as already mentioned in sec-
tion 1.2), at language level (in case of cross-country data integration), at the
conceptual level (when a real word entity is represented by different ETypes
and properties in different datasets) and at single data values level (different
data format and standards adopted by different datasets). In our previous
work [45], we proposed a solution which aims to handle the different levels
of heterogeneity through different Knowledge Graphs (KGs) which are then
composed together to build a single object able to maintain and exploit het-
erogeneous data. More in general the usage of KGs increased a lot within the
data integration community, thanks to their exploitability in many different
domains of interest (see previous section 2.2.3), such as sustainable trans-
portation [64], biomedical data [101] as well as disaster management [87],
and many others. DI based on KG Completion (KGC) is a process that in-
volves different sub-problems to be solved, which can be summarised within
four classes: data collection, schema alignment/definition, entity mapping,
and DI workflow. The current status of research in data integration, and its
application in practice, is hindered by a lack of quality frameworks and tools
able to address all the classes of problems listed above. As a consequence,
researchers and practitioners (as well as data consumers interested in ap-
plications and services development) cannot improve their expertise in this
field [4]. Very few solutions have been proposed to cover this gap, such as
BigGorilla [17] an open-source DI platform developed in Python. BigGorilla
provides an environment, divided into four main packages containing specific
tools adopted to solve the above classified DI sub-problems. Another inter-
esting and efficient solution is FarsBase [2], a KG built by the integration of
different Persian language information sources, which involves information
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extraction techniques, as well as entity linking features allowing the compo-
sitionality with other KGs. Other tools have been developed to solve specific
problems. Among them, one of the most important is Karma [66], a data
mapping tool allowing data scientists to map different datasets on a unique
schema, as well as OpenRefine [57], an open source project providing tools
for data cleaning and formatting.

After the analysis of the (few) existing solutions to the challenging KGC-
based DI, we discovered that materialization DI strategies are more suitable
for the objective of this research, but there are still some issues to be con-
sidered. Firstly, there is a considerable problem of accessibility to data inte-
gration platforms by users without technical skills [63]. Due to the need of
data management and knowledge representation skills, it will be difficult for
users without such expertise, to use a framework like BigGorilla. Secondly,
as per our knowledge, there are no general-purpose methodologies to build
KGs. More in detail, almost every existing frameworks and tools rely on a
fixed domain of interest, having thus a fixed background knowledge adopted
to build the KG’s schema. In other words, there is always a fixed upper or
domain-specific ontology, that is used on top to construct the KG’s purpose-
specific ontology for the integration requirements. Some approaches have
been proposed considering as base knowledge a more general ontology, thus
allowing suitability for more domains (like Schema.org13), by adding exten-
sions to the standard schema to represent more domain-specific aspects to
be considered for the integration objective [28]. Nevertheless, this approach
produces KGs that are more specific and, thus less reusable in other domains,
the higher the number of extensions added to the original standard schema
(i.e. Schema.org). The lack of reusable resources is the cause of additional
costs in building exploitable KGs, and in turn leads to the production of
more specific and less reusable resources, enforcing a negative loop [38].

2.4 Data distribution

Data distribution is a fundamental requirement for data reuse. For this rea-
son, the final topic addressed by the analysis of the background and related
work required by this research work focuses on the key principles, actors and
infrastructures for data distribution. Such analysis has been crucial to better
understand how to share the diversity-aware data generated by the iTleos
methodology, thus enhancing its reuse.

The distribution of data goes in parallel with the data reuse (see section
2.1). The need to reuse data directly involves the need to find, discover, and
access the data to be exploited for different Purposes. While talking about

13https://schema.org/

https://schema.org/
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data distribution an important distinction to be considered is between Open
Data (OD) and non-OD. As reported in [54], "Open data is a ‘philosophy’ or
‘strategy’ that encourages mostly public organisations to release objective,
factual, and non-person-specific data that is generated or collected through
the delivery of public services, to anyone, with a possibility of further oper-
ation and integration, without any copyright restrictions". On the contrary,
non-OD refers to data that is not publicly available, is usually produced by
private services, and contains sensitive information that requires protection
and security requirements that OD does not. Nevertheless, data distribu-
tion involves non-OD too, by considering privacy policies, appropriate data
licenses, as well as dedicated distribution process ensuring the required data
protection. To be considered is also the economic value of non-OD with
respect to OD. Since, non-OD often carries sensitive information about cit-
izens, companies, products, and other potentially private entities, it is ac-
tually considered a bargaining chip in the information market. It is well
recognized that OD plays a primary role in research and innovation [68, 61,
72]. A particular case of OD is Open Government Data (OGD), namely
data that is processed and published by government organisations with the
aim of making it available for the development of the country through digi-
tal applications and data-based services provided for the benefit of citizens.
More in detail, in [59] Janssen et al. report the benefits and the barriers of
using OD and OGD. Between the benefits, they reported transparency over
the information distributed, democratic accountability of data, more par-
ticipation and self-empowerment of citizens (data users), new governmental
services for citizens, improvement of citizen satisfaction, more visibility for
the data provider, and stimulation of knowledge developments. From a more
technical point of view, the benefits reported are: the ability to reuse data,
thus not having to collect the same data again and counteracting unneces-
sary duplication and associated costs; easier access to data and discovery of
data; creation of new data based on combining data (DI); external quality
checks of data (validation); sustainability of data (no data loss); the ability
to merge, integrate and mesh public and private data (non-OD). However,
some of the barriers to using OD and OGD, as reported by Janssen et al.
are: making public only non-value-adding data; no process for dealing with
user input; lack of ability to discover the appropriate data; no access to
the original data (only processed data); no explanation of the meaning of
data; no information about the quality of the open data; even if data can
be found, users might not be aware of its potential uses; data formats and
data sets are too complex to handle and use easily; focus is on making use
of single datasets, whereas the real value might come from combining var-
ious datasets; lack of knowledge to make use of or to make sense of data;
no central portal or architecture. In terms of quality, non-OD is considered
more reliable, as a consequence of a more precise data curation implemented
by private organizations and users, having usually the resources and more
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(economic) interest, in producing high-quality data. However, non-OD is less
available or accessible with restricted and controlled access, thus supporting
a smaller number of innovative applications and services. Considering both
OD and non-OD, it becomes clear how difficult it is to establish the connec-
tions between the data itself and the use, or re-use, of it. As reported in [59]:
"Open data on its own has little intrinsic value; the value is created by its
use.". But if the data is not accessible or understandable to those who can
use it, its value remains unexplored. Several barriers to the use of OD are
caused by a lack of cooperation between data producers and users who need
to develop applications and services using such data (data consumers).

One way that has been considered to address this issue and enhance the
efficiency of data ecosystems, is based on the role of the so-called Data
Intermediaries [89]. As described by Oliveira et al. in 2019 [88] "a data
intermediary is a role that facilitates the use of data for other actors.". More
details about data intermediaries have been provided by a report of the
Centre for Data Ethics and Innovation (UK government), in 202114, where a
more detailed definition of different types of data intermediaries is provided.
To provide a more complete overview of the role of data intermediaries and
the activities for which they are responsible, the definition of such types of
data intermediaries is provided below.

• Data trusts: Provide fiduciary data stewardship on behalf of data sub-
jects.

• Data exchanges: Operate as online data platforms where datasets can
be advertised and accessed commercially or on a not-for-profit basis.

• Personal Information Management (PIM) systems [62]: Seek to give
data subjects more control over their persona data. etc.). PIM activ-
ities are an effort to establish, use, and maintain a mapping between
user’s information and user’s need.

• Industrial data platforms: Provide shared infrastructure to facilitate
secure data sharing and analysis between companies.

• Data custodians: Enable privacy-protecting analysis or attribute checks
of confidential data, for example, via the application of Privacy En-
hancing Technologies (PETs).

• Data cooperatives: Enable shared data spaces controlled by data sub-
jects.

• Trusted third parties: Assure those looking to access confidential datasets
that the data is fit for purpose (e.g. in terms of quality or ethical stan-
dards).

14Unlocking the value of data: Exploring the role of data intermediaries

https://assets.publishing.service.gov.uk/media/60f83e4ce90e0764c7950d09/Data_intermediaries_-_accessible_version.pdf
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From the data intermediaries definitions reported above, it clearly appears
how data intermediaries perform different activities, in different contexts.
The data intermediary role can be played directly by the data user, if she
has to handle personal information, like in the PIM systems case. However,
by considering the above definition and according to recent work [92], the
data intermediary is a third-party actors who provide specialized resources,
like data protection, data exchange, data sharing/distribution and data stor-
age. For this reason, the development of a business model, which is necessary
for the sustainability of a data intermediary, is a matter of complex analysis,
as reported in [60]. The complexity comes from the need to merge the inter-
ests of public and private sectors, when public data needs to be exploited by
private data consumers, as well as on the opposite side when private data has
to be integrated or used for the development of public data-based services.
In a recent work [85], Pilshchikova et al. described how Non-Profit Organ-
isations (NPO) playing the role of data intermediaries can reduce the user
barriers and increase the reusability of OD (especially OGD). As reported
in the paper, "NPOs help create spaces for the users to come together with
potential data providers. For example, the Open Knowledge Belgium NPO
organises a conference: “It’s a day where data publishers sit next to users, cit-
izen developers and communities to network and to openly discuss the next
steps in [. . . ] Open Data.” Creating spaces for such communication helps
users share knowledge and access the data providers to discuss data needs in
person, establishing more lasting connections.". Another important aspect
of NPOs as data intermediaries, reported by Pilshchikova et al., is about
the presence of the NPOs within the local context, thus being able to "nav-
igate the country context and its legislation around OGD to know what is
available, what is expected, and what can be demanded". In other words,
NPOs that are not driven by personal economic interests not only improve
the necessary connection and cooperation between data producers and data
consumers in a specific context, but they are also more aware of the diversity
of this local context. They are therefore more committed to enhancing this
diversity in the data produced, used and reused in their respective contexts.

As defined by Oliveira et al. in [81], "the conceptual elements of the (data)
ecosystem identified are resources, roles, actors, and relationships. Resources
can be datasets, data-based software, and hardware, which may be exchanged
individually or in combination, through relationship transactions. A role is a
function of an actor in the ecosystem. Actors are autonomous entities such as
businesses, public institutions, and individuals serving one or more specific
roles. Relationships are the interactions among actors in the (data) ecosys-
tem.". It becomes clear that data distribution, as part of this ecosystem, is
not only about the data itself but also about the roles (data producers, data
consumers, data intermediaries) and actors that deal with it, as well as the
architectural systems required to support the data distribution. Actually,
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there is no evidence of a base architectural model for systems dedicated to
data distribution, which involves all the issues mentioned above. Currently,
the most updated systems for data distribution are based on data catalogues.
In [51] Guptill describes a data catalogue as "A collection of metadata records
combined with data management and search tools.". This definition encom-
passes different architectural approaches, from the management and visuali-
sation of internal (private) data indexes to more open and widely distributed
architectures spread across the Internet. The functionalities of data cata-
logues range from simple listing of content to interaction with users seeking
data, including other specific functionalities such as searching, ordering and
downloading data, as well as collecting and processing users’ comments and
feedback on the data (to improve the quality of the data and the catalogue
itself). Data catalogues are nowadays largely adopted for data distribution
purposes. Very important example to be mentioned is the catalogue15 of
UK Data Archive16 that is UK’s largest collection of social, economic and
population data for over 50 years. As indicated in [27], in February 2022,
the European Commission published a document providing an overview of
the state of play of the ten common European data spaces initially listed in
the European strategy for data, together with several additional ones. The
goal of that work was to "set out a vision for a single European data space,
which it describes as “a genuine single market for data – open to data from
across the world – where personal and non-personal data, including sensitive
business data, are secure and businesses have easy access to high-quality in-
dustrial data, boosting growth and creating value” (European strategy for
data 17 of February 2020). The development of data spaces and data cat-
alogues is nowadays supported by data management systems, like CKAN18

a powerful platform for cataloguing, storing and accessing datasets with a
rich front-end, full API (for both data and catalogue), visualization tools.
CKAN is the world’s leading open-source data portal platform, adopted by
several public and private organisations to manage and distribute their data.

Although the current background to data distribution is well studied and
efficient solutions can be adopted, it seems that we still lack a precise and
clear methodology for data distribution that can meet the needs of all actors
involved. Even if platforms such as CKAN provide important solutions for
data distribution, they require non-trivial technical expertise to be properly
set up and used. Such expertise is usually lacking for non-specialist citizens
or domain experts who might be interested in sharing their own data to
support the improvement of applications and services based on their needs.
It is important to note that the latter case is becoming more and more

15UK Data Archive catalogue
16UK Data Archive
17European strategy for data
18https://ckan.org/

https://ukdataservice.ac.uk/find-data/
https://www.data-archive.ac.uk/
https://digital-strategy.ec.europa.eu/en/policies/strategy-data
https://ckan.org/
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common in the current era, defined above as the AI era. (see section 1.1).
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This chapter aims to describe the iTelos data representation process.
This is the first of the three processes which compose the iTelos method-
ology. The main objective of such a process is to transform existing data,
where data heterogeneity (as described in section 1.2) hinders its interpre-
tation and reuse, into stratified diversity-aware data, namely a novel type of
data where the different layers of data heterogeneity have been transformed
into layers of information diversity. More in detail, the diversity-aware data
concretely represents the diversity of the local geographical, social or indi-
vidual (human) context in which (or by whom) the data has been produced,
through four diversity layers, namely the language layer, the knowledge layer,
the data value layer and a specific layer representing the Purpose for which
the data has been created. In this chapter, we describe how the iTelos second
main process of the iTelos methodology, namely the data representation pro-
cess, represents the four diversity layers as four different Knowledge Graphs
(KGs), which composed together provide a novel data model, namely the
Entity Base (EB) data model, in which the stratified diversity is available to
be (re)used.

35
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Figure 3.1: The iTelos data representation process applied to a relational
database.

The key idea is that the novel type of data, represented by using the EB
data model, can be more supportive for the applications and services work-
ing with AI technologies, being such data more rich of information able to
capture the diversity of a context. Following such an idea, we decided to
report in this chapter (section 3.1), the issues to be addressed to support
such AI-based applications and services, by using relational data, and, as a
consequence, the motivation to apply the iTelos data representation process
to transform such a relational data into diversity-aware data represented by
following the EB data model. However, the iTelos data representation pro-
cess can be applied to transform different types of data models, therefore
the considerations and the application of the same process principles can
also be applied to non-relational data models. Figure 3.1 depicts how the
iTelos data representation process is adopted as a key process to transform
the data taken from a relational DB in input, into diversity-aware data fol-
lowing the EB data model. Moreover, the figure indicates the fundamental
contribution given by the UKC (more detail about the UKC is provided in
section 2.2.1) and the iTelos Data Intermediary (DI) through its data distri-
bution network (detailed in chapter 5), for the generation of the output EB.
The first section of this chapter (section 3.1) motivates the application of the
iTelos data representation process over relational DBs, by highlighting the
lack of diversity representation in the data handled by such kinds of DBs.
The second section (section 3.2), instead, defines the EB data model as a
solution for the above mentioned lack of diversity representation in relational
DBs. Section 3.3 concludes this chapter with the definition of the represen-
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tational process, showing how to concretely define the diversity of the entity
extracted from a relational DB, into an EB.

3.1 Data heterogeneity in relational DBs

The objective of this section is to describe the motivation for applying the
iTelos data representation process to relational data, to transform it into a
concrete representation of the interested real-world entities, following the EB
data model. As described in chapter 1, the need for such a transformation
was born with the advent of what has been defined as the (Semantic) Web
era, first, and grown up in the AI era (see section 1.1). Within these periods,
the data are used, and re-used, in a wider range of applications and there-
fore have multiple representations depending on the context and Purpose
for which they are adopted. Due to the increment of data availability and
data-based applications, the reuse of data plays a crucial role in reducing the
cost of applications and services development. Open data, data catalogues
and other data distribution approaches are largely exploited to reduce such
a cost, by reusing already existing data. However, most of the time, if not
always, the reusable data is domain, context or Purpose-specific, thus bring-
ing intrinsically the diversity of the geographical, social, or even individual,
context in which (or by whom) such data has been created. The presence of
such a data diversity raises the need to deal with data heterogeneity at dif-
ferent layers, as described in section 1.2. The data heterogeneity is the cause
of a cost that cannot be ignored during data reuse. Such costs are expressed
in terms of the time, tools and human effort required when the data diversity
is not explicitly defined in the data, which then needs to be pre-processed
by different actors (with respect to the data producer) who can implicitly
replace the original data diversity with the one defined by their own point
of view. In other words, the lack of a concrete representation of the data
diversity hinders the possibility of interpreting and exploiting it. Here be-
low, we examine how the phenomenon of data heterogeneity affects relational
DBs at different levels, resulting in a lack of representation of data diversity,
and thus a lack of information. More specifically we report how such a lack
of diversity representation in relational DBs, can be considered over three
diversity layers, namely at language layer, knowledge layer and data values
layer. Then, in the following section, we define the Entity Base data model,
as a solution to preserve and concretely represent such a diversity for each
of the three layers mentioned above.

Language heterogeneity in relational DBs

The first layer affected by lack of a concrete diversity representation is the
language layer. Often the construction of a DB, following the relational
data model, starts with the definition of the requirements that such a DB
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has to satisfy. This involves a domain expert (often the end user of the
DB) working with someone with the technical skills to model and develop
the DB structure. In such a case, the meanings of the terms used to name
the relations (DB tables) and their attributes must be agreed between the
two actors mentioned above. However, such terms, representing specific
concepts adopted to define the information to be handled by the DB, are
not concretely described in the DB itself. The terms are only used, without
providing a concrete way to check their meaning to someone who did not
participate in the DB development. The situation described above leads to
a more complex reuse of the relational DB data, due to the difficulties of
new data users in understanding the meaning of the terms used to define
the DB information. A new user interested in reusing the relational DB
data will always have her own interpretation of the term used in the DB.
This interpretation may (as is usually the case) differ from the meaning
of the terms intended by the domain experts and developers who created
the relational DB. Such ambiguity, inherent in the terms used in the DB,
represents data heterogeneity at the language layer, as described in section
1.2. However, it is important to note that the meaning of the DB’s terms,
provided by the DB’s creators (domain experts and developers of the DB),
represents their own "point of view" (their Purpose) about the information
handled by the DB itself. In other words, the meanings of these terms
define the language layer diversity specific to the data domain considered
by the relational DB, as well as specific to the people who created the DB.
Nevertheless, such language diversity is only implicitly defined, it remains in
the minds of the DB creators, but it is not available or clearly understandable
to new developers interested in reusing the relational DB’s data.

Knowledge heterogeneity in relational DBs

We examined the relational DB’s over a second layer to investigate the lack of
a concrete diversity representation, namely the knowledge, or data schema,
layer. This layer considers how the types of real-world entities are struc-
tured, in a heterogeneous way, within the relational DB’s model [56]. The
knowledge, or data schema layer, of a DB is the way it structures its infor-
mation through a set of entities (or better Entity Types) with the relative
properties, or attributes (as they are called in the Entity Relationship (ER)
model specification). The modelling, and the subsequent development of a
relational DB, are divided in two macro phases that we summarize as follows:

• Phase 1 - Logical model definition: a logical schema of the DB is
modelled to shape the real-world entities to be considered by the DB.
In the case of relational DBs, the relational model was proposed in
1970 by Edgar F. Codd [19] to define the logical schema of a DB. The
relational model is still used nowadays, and is represented usually by
using the Entity-Relationship (ER) formalism defined by Peter Chen
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[18]. The DB’s logical model represents through a graphical model (not
concretely implemented) how the DB’s knowledge is structured. The
logical model definition is supervised by the expert of the data domain
involved in the DB creation.

• Phase 2 - Physical model definition: the physical model of a DB, is
the specification of how the logical model is concretely implemented.
In the case of relational DBs, the physical model specifies how the re-
lations (DB’s tables) are defined, the data types, the ranges and the
constraints of their attributes, and attribute values. Moreover, the
physical model of relational DBs represents the status of the DB’s
knowledge representation after the normalization process. Normaliza-
tion is the process of organizing data in a database. It includes creating
tables and establishing relationships between those tables according to
rules designed both to protect the data and to make the database more
flexible by eliminating redundancy and inconsistent dependency1. The
DB’s physical model is strictly related to the implementation of the
DB itself, thus also dependent on the Data Base Management System
(DBMS) adopted for the DB implementation. The physical model def-
inition is executed by the DB’s developer, due to her expertise about
the DBMS to be adopted.

The two phases described above have different impacts on the representation
of the DB’s knowledge. First of all, it is important to notice that the logical
and physical schema are independent of each other. In fact, while the log-
ical schema is modelled to provide a structured representation of the DB’s
creator’s Purpose, the physical one is an adaptation of the logical schema
to fit the protection and consistency constraint for the DB implementation
given by a specific DBMS. To better understand this main difference, it is
possible to analyse how the logical model structure changes after the nor-
malization process is applied to define the physical model. During such a
process, new relations, and attributes, are added to the DB structure, thus
actually changing the initial representation of the ETypes, as it was given by
the domain expert. In other words, the relational DBs do not provide a con-
crete representation of the real-world entities, they only model logically such
entities and then later change its logical representation to best fit the de-
velopment constraints. The result is that the representation of the entity in
relational DBs no longer fully incorporates the knowledge diversity provided
by the domain expert, but is instead represented according to the DBMS
constraints. The reuse of relational DB data is more complex because it is
more difficult for new data users to properly understand the representation
of entities by domain experts by only looking at the (physical) structure of
the DB. Even assuming that the logical model of the DB is made available

1Microsoft - Normalization process

https://learn.microsoft.com/en-us/office/troubleshoot/access/database-normalization-description
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to the users interested in reusing the DB data, they will need to preprocess
such data to properly represent it according to the logical schema.

Data value heterogeneity in relational Data Bases

The third layer of the relational DBs that we examined to investigate the
lack of explicit diversity representation is the data value layer. This layer is
focused on the heterogeneity of the data values that are associated with the
entity types attributes modelled in the knowledge layer. Since the knowledge
layer specifies the structure of each type of entity to be included in the DB,
the data values are used instead to define each single entity, by assigning to
the EType properties different values, for each entity considered. In rela-
tional DBs, such a representation is given in a tabular format, where each
row of a table (relation) identifies part of the values characterizing an entity.
This is only partially due to the fact that the logical schema representing the
ETypes has been split over multiple tables (see section 3.1). However, to be
compliant with the constraints introduced during the normalization process,
the rows values of a table, in a relational DB, are not independent row by
row. The row data values need to respect the consistency constraints given
by each normal form, like the atomicity of each value (first normal form) and
the dependency from the primary key only (second and third normal forms).
This means that the values used in a row to represent an entity, need to be
consistent with the values used to represent a different entity in another row
in the same table. In other words, there are constraints which introduce a
dependency between the DB’s entities, but such constraints are imposed by
the DBMS to properly access the DB data, not by the Purpose for which
the data has been created. As a result, the choice of data values and the
data types to be used for those values is also limited by those constraints.
Static data types, like String, Integer and DateTime are less restricted by
those constraints. However, more complex data types, which require a ded-
icated structure composed of its own set of properties (i.e., the date data
type expressed as [< dayV alue >,< monthV alue >,< yearV alue >,<
hoursV alue >,< minutesV alue >,< secondsV alue >]), must be properly
structured to conform to the values of the entities from which they are used.
The direct consequence is that more complex or dynamic (that needs to
change in time) definitions of data types increase the complexity of the DB’s
structure, and limit the power of expression of the DB’s data values. The
scenario described above also hinders the concrete definition of the diversity
defined by the domain expert (the user who has a clearer understanding of
the information to be included in the DB) through the values of the data
to be handled by the DB itself. In other words, the diversity of the domain
expert, expressed by her Purpose, is not fully preserved in the relational DB
due to the above-mentioned representational limitations, and consequently,
it is also more difficult to be exploited as a feature by new users interested
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in reusing such relational data.

3.2 The Entity Base data model

The lack of an explicit representation of the data diversity in relational DBs,
as reported above, is a major obstacle to the reuse of relational data. In par-
ticular for applications based on AI technologies where the data diversity,
which expresses the uniqueness of a context, becomes the key information
during the AI learning processes. To cover the above described lack of data
diversity representation, we propose a new data model, namely the Entity
Base (EB) data model, based on a concrete and explicit representation of the
data diversity at different levels (language, knowledge and data value). The
EB data model is based on two key principles: (i) the concrete representation
of the data diversity expressed by the data producer, through her Purpose;
(ii) an explicit and Purpose-centric definition of "Entity", which in the re-
lational DBs is only logically expressed. The first principle is fundamental
to the production of diversity-aware data, where the richness of information
about geographical, social and individual contexts can be exploited directly
without re-interpretation. The second principle, instead is fundamental for
representing such a diversity in a concrete and (re)usable form, namely an
explicit representation of real-world entity.

The definition of the EB data model was born with the need to define a
structured collection (or a "base") of entities (base of entities, or Entity
Base) explicitly defined through their diversity at different layers. For this
reason, before defining EB, it is necessary to define such a diversity-aware
representation of the entity. A single real-world entity E, maintained into
an EB, is defined by the EB data model as follows:

E :=< p(E), c(E), t(E), v(E) >

Where:

• p(E) is the Purpose for which the entity E exist. Such a Purpose is
expressed by a portion of a knowledge model (ontology, data schema,
ER model) which aims at describing the context in which (or for which)
the entity has been created.

• c(E) is a Concept Set containing the concepts used to name the infor-
mation carried by the entity E. Each concept in such a set is repre-
sented by three components: an identifier, a word, and a description
(or gloss). Such concept representation comes from the one adopted
by the UKC, as described in section 2.2.1.

• t(E) is an Entity Type (EType) defining the structure (or data schema)
of the entity E. It is defined as a set of data and object properties.
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More detail about the EType definition is provided in section 2.2.2.
The name of the EType and the names of its properties are the words
of the concepts defined in c(E).

• v(E) is a Value Set containing the data values used to represent the
entity E following the structure indicated by t(E). Therefore, the
values of this set instantiate the properties of t(E).

The first component of the above entity definition is the entity’s Purpose
(p(E)). It models the interpretation of the real-world entity as it has been
expressed by the person who created it. In other words, the entity’s Purpose
represents the point of view of the data producer over that specific entity.
This component plays a crucial role in the reuse of the entity created follow-
ing the EB data model. Thanks to the description of the entity’s Purpose, a
new user, different from the entity producer, will be able to understand the
context for which the entity was created, and thus also the representation of
its diversity, as concretely defined by the other entity components, will be
more understandable.

The second component in the entity definition aims to concretely represent
the language diversity layer of an entity. Such a component (c(E)) is a set of
concepts containing all the concepts that are used to describe the EType as
well as the properties which shape such EType. The concepts are formally
defined by three elements. The first one is an identifier used to uniquely
identify, in a language-agnostic way, a specific concept between one or more
conceptual structures (like the UKC). In addition, the identifier is machine-
readable and can be read immediately to automatically recognise one concept
among others, without having to examine the linguistic components (word
and gloss). The second element is a word, or a term, which is the language-
dependent representation of the concept. This word is used to name the
EType and the relative properties of the entity to be defined. The third ele-
ment is a description of a concept, or a gloss, which allows human readers to
disambiguate the meaning of the concept concerning other similar concepts.
For example, for some Purposes and contexts, the concept described by the
word "human" might be a synonym for the concept represented by the word
"person", while in other contexts they might be different. The key idea is
that the concepts in c(E) concretely define the language diversity that is not
explicitly expressed by the relations and attribute names in the relational
DBs.

The third entity definition component is the EType which defines the struc-
ture (or the schema) of the entity. This component (t(E)) aims to concretely
represent the knowledge diversity layer of an entity. The EType, as already
mentioned in chapter 2, is defined by three elements. Also in this case the
first one is an identifier which is used to uniquely identify the EType among
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other ETypes into one or more knowledge bases (like other ontologies). As
for the concepts defined in the first entity’s component, the EType identifier
is machine readable thus allowing for an automatic recognition of ETypes,
without comparing the property sets of two or more ETypes. The second
element of an EType is its name, a word that represents, in a meaningful and
language-dependent way, a specific class of entities (like the EType named
"car" defines, for a specific Purpose p(E), the structure of all the entities
representing a car). One of the concepts defined in c(E) is used to give a
name to each EType of t(E). The third element of an EType is its prop-
erty set, namely a set of properties which concretely define the structure (or
schema) of an EType. It is important to note that the EType’s property
set is the most informative component of an EType, since an EType with-
out properties is actually useless, so no entities can be represented by it.
The property set of an EType is composed of data properties, describing the
characteristics of the single ETypes, and object properties describing the re-
lationships that the EType has with other ETypes in a specific context (the
difference between data and object properties is more detailed in chapter 2).
The ETypes in t(E) concretely define the knowledge diversity of the entity,
as it has been described by the data producer through the Purpose p(E) (or
the domain expert, having the highest level of expertise in the domain being
considered). The key idea is that the logical representation of the entity in
p(E) is exactly the same as the relative EType in t(E), thus eliminating the
differences between the logical and physical representation of the entities,
and preserving the knowledge diversity given by the data producer.

The fourth and last component in the above entity definition is a data value
set (v(E)) which concretely defines the real-world entity. If the EType de-
scribed above (t(E)) represents the schema of the entity E (or, more pre-
cisely, of a class of entities) through a set of properties, the values associated
with those properties (instantiating the properties of the EType) are what
concretely define each entity structured with that EType. The values set
component aims to concretely represent the data values diversity layer of an
entity. Unlike what happens in the relational DBs, the values representing
each entity in the EB data model, are independent of each other, due to the
fact that each entity is now defined independently from the others, not as a
table row (relation) with values dependent on other rows. This allows the
user responsible for the entity generation, to adopt the values that best rep-
resent the entity information, as well as to define more complex data types,
to be eventually modelled at the knowledge layer into the EType definition.
In the EB data model, an entity is a stand-alone object, with its own struc-
ture and values which are subject to constraints defined for the single entity
only, by the Purpose p(E). For this reason, the diversity, at the data values
layer, is preserved as it is expressed by the data producer through her Pur-
pose (p(E)).
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As a consequence of the above entity definition, the EB data model defines an
EB as a stratified collection of the elements defining the four entity diversity
layers, for a set of entities interacting together into a context to satisfy a
specific common Purpose. More formally, the EB data model defines an EB
as follows:

EB :=< P,LT,ETG,EG >

Where:

• P is the Purpose expressed by the data producer as the leading expert
about the domain and context in which the data has been created, as
well as where the data is used. A more detailed definition of the EB
Purpose is provided in the section below (section 3.3.1) describing how
the EB Purpose is composed and used by the iTelos data representa-
tion process. More in detail, the Purpose P is the composition of the
entity-specific Purposes p(E) of all the entities to be considered for the
construction of the EB.

• LT is the Purpose-specific Language Teleontology. The LT is an on-
tological model defining the hierarchical conceptual structure of the
concepts defining the meaning of the information carried by the enti-
ties considered by the EB. The LT collects the entity-specific concept
sets c(E), for each EB’s entity E, into a Purpose-specific language
ontology following the UKC structure. More details about the com-
position and usage of the LT to build the EB, are provided in section
3.3.2.

• ETG is a Purpose-specific Entity Type Graph (ETG). It collects into
the same ontological model the entity-specific t(E) for all the entities
considered by the EB. The ETG defines the schema of the EB by
preserving the language, and knowledge layer diversity of the entities
it models. More details about the composition and usage of the ETG
to build the EB, are provided in section 3.3.3.

• EG is an Entity Graph (EG), namely a knowledge graph of entities.
Such a KG is composed of the representation of all the EB’s entities
E described by their entity-specific values set v(E). The EG is the
instantiation of the ETG including all the entities considered by the
EB. More details about the composition and usage of the EG to build
the EB, are provided in section 3.3.4.

The EB data model defines the shape of the single entities and how they
are composed together to satisfy a specific Purpose. The iTelos methodol-
ogy adopts this data model to generate stratified diversity-aware data, by
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reusing already existing data. To this end, the iTelos data representation
process, described in the next section (section 3.3), defines how to represent
the different components of an EB. Subsequently, the iTelos KGC process
(described in chapter 4) reports all the activities required to concretely build
an EB by following the representational stages indicated by the first method-
ology process.

3.3 The representation process

If the EB data model provides a new approach to concretely define a real-
world entity and an EB, the iTelos data representation process, depicted
in figure 3.2, is a representational process which defines how to concretely
build each EB’s components. It shows how an entity that in the input rela-
tional DB (left side of the figure) is only logically defined, is explicitly and
formally defined into an output EB (right side of the figure). More in de-
tail, The process inputs are two: (i) the logical schema of the relational DB,
where the definition of the real-world entities is more detailed, even if such
a definition is not concretely implemented in the relational DB; and (ii) the
physical definition of the relational DB, represented by the tables (relations)
containing the data. The two inputs are used to define the process output
composed instead of four elements, namely the EB Purpose, the EB Lan-
guage, the EB Knowledge and the EB Data values. The process follows the
EB data model, defined in section 3.2, and it is composed of four main rep-
resentational stages (represented by the vertical sections of the dashed table
in figure 3.2) that aim at defining concretely the different diversity layers
of each entity extracted from the input relational DB, to be then composed
into the output EB. In other words, at each stage, the process shows how to
define a single diversity layer for the entities implicitly defined in the input
relational DB, with the aim of composing such layers representations into
the EB, where the entities become explicitly defined. The four diversity lay-
ers, namely Purpose, Language, Knowledge and Data values, are concretely
defined by the iTelos data representation process as layer-specific diversity-
aware data which are used to build the EB. The definition of the language
and knowledge layers of the EB, defined by the process described below,
adopts the result of the work defined in [5]. The following section of this
chapter details the generation of the process output, and how it is used to
represent the four components of an EB. The following sections also describe
the fundamental contribution of the UKC and the iTelos DI to the definition
of the EB, shown at the top and bottom of figure 3.2, respectively. Their
contribution to the iTelos representation process allows for the creation of
more interoperable and reusable diversity-aware data.
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Figure 3.2: The iTelos data representation process.
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3.3.1 EB Purpose representation

The Purpose is the first component of the EB, based on the EB data model.
As already anticipated in chapter 1, the Purpose of data concretely expresses
the diversity of the specific context in which the data has been created and
used. Moreover, the Purpose expresses the diversity (the "point of view") of
the person who created, or re-used, the data (the concept of Purpose can be
applied to all the existing types of data, not only to the diversity-aware data
generated and shared by the iTelos methodology). The Purpose intrinsically
carries the information diversity which characterizes a person and a context,
which can be considered as the person itself as an individual context, by
highlighting the details that distinguish such a context from the others. For
this reason, the Purpose is the first and most important component of the
EB, being the definition of the diversity that will be used to create the
diversity-aware data at the language, knowledge and data values layer, thus
composing the other elements of the EB.

Figure 3.3: The Purpose representation phase of the iTelos data represen-
tation process.

As depicted in figure 3.3, extracted from the more complete figure 3.2, the
EB Purpose is defined, in the first process representational phase, by taking
in input the logical schema of the relational DB. Such an input schema, in
fact, can be considered as an informal representation of the EB Purpose,
shaped as an ER diagram (as it comes from the input DB design). How-
ever, the iTelos data representation process aims at providing a concrete
and formal definition of each EB’s components. For this reason, the input
DB logical schema is formalized into a Purpose Teleology. To define the
Purpose’s Teleology, it is first necessary to define what teleology is. The
word teleology builds on the Greek words "telos" (meaning: end, Purpose)
and "logia: (meaning: a branch of learning). A teleology is defined as a
flattened knowledge model of specific aspects of reality, more in detail, the
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aspects considered by a specific Purpose. A teleology is always associated
with a Purpose, and it aims at modelling the Purpose-specific EType and
properties. Concretely speaking, teleology is a knowledge RDF file, defined
in OWL language, modelling the ETypes, the data and object properties
of a specific Purpose. By considering the above definition of teleology, the
Purpose Teleology, depicted in figure 3.2, is a teleology that models all and
only the ETypes and properties described informally by the ER model rep-
resenting the input DB logical schema.

The EB Purpose representation defined by the iTelos data representation
process, is described in this chapter to explain how a Purpose Teleology is
represented, as part of the EB. However, the operational process for the
construction of EB, included in the iTelos methodology and described in
chapter 4, provides a more concrete definition of the activities to be executed
for the formalization of the Purpose by considering also the cases in which
an informal version of the Purpose is not given as DB logical schema.

3.3.2 EB language representation

The second representational phase of the iTelos data representation process
aims at defining the EB language component. Such a component is defined
above (see section 3.2) as a set of concepts, where each concept is used
to define part of the information considered by the final EB. To be more
precise, the concepts represented by the EB language component, define a
Purpose-specific domain vocabulary, or what is described as a Controlled
Natural Language (CNL) [90] in section 2.2.1. Such a domain vocabulary
concretely defines the language diversity layer of the EB. However, since the
iTelos methodology aims at producing formal and reusable resources, such
Purpose-specific domain vocabulary has to be formalized into a Language
Teleontology (LT). To define Language Teleontology, it is first necessary to
define what teleontology is. The meaning of the word "teleontology" builds
on the Greek words: "telos" (meaning: end, Purpose), "onto" (meaning:
being) and "logia" (meaning: a branch of learning). Therefore, given what
exists, teleontology refers to a formal, explicit hierarchical specification of
objects, entities, functions and actions representing a shared conceptualiza-
tion of a specific Purpose. A teleontology is written with a specific Purpose
and there is no claim of generality beyond the Purpose for which it is mod-
elled. More concretely, a teleontology is a knowledge model that uses four
primary representational constructs: classes, object properties, data prop-
erties and data types, to define, as an RDF file using the OWL language,
the ETypes for a specific Purpose, plus the ETypes defining more general
aspects related to the Purpose (OWL super-classes). Unlike teleology, the
teleontology is more hierarchically defined, by extending the description of
the Purpose-specific ETypes with the description of more general ETypes
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which categorize (classify at a more general level) the Purpose-specific ones.
The Language Teleontology, depicted in figure 3.4, is a teleontology where
the ETypes are represented by the UKC concepts related to a specific Pur-
pose. In other words, the LT is the part of the UKC structure that contains
the conceptual hierarchy that makes up all the concepts needed to define the
Purpose’s information. It is important to notice how, the LT is actually a
representation of the EB language diversity where all the required concepts
are formalized into a hierarchical structure which therefore provides a precise
description of each concept’s meaning, as well as how it is located into the
Purpose-specific hierarchical structure.

Figure 3.4: The Language representation phase of the iTelos data repre-
sentation process.

As depicted in figure 3.4, extracted from the more complete figure 3.2, the
iTelos data representation process defines an LT by collecting concepts from
two inputs. The first input is the Purpose Teleology, modelled in the previous
representational phase. The concepts extracted from the Purpose Teleology,
are represented by the names of the ETypes and their properties. The second
input, instead, is the data of relational DB. The concepts extracted from the
second input are terms used to define specific values in the DB’s tables
(relations). For example, to define the gender of a person, some possible
values are "Male", "Female" or "Other". Such values are all terms which
represent specific concepts that need to be disambiguated into a diversity-
aware language resource. The second representational phase models the LT
executing two internal steps, described here below:

• UKC alignment : the first step aims at collecting all the concepts re-
quired to define the Purpose-specific domain vocabulary, concretely
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represented by the LT, and to align such concepts with the UKC’s LO.
For this reason, in figure 3.4 the UKC’s LO concepts are considered as
process input. The UKC alignment is described by the first two steps
of the process described in [10], summarized here below;

– Step 1 - Terms collection. The first step aims to identify and
collect, from the Purpose Teleology and the DB’s data, the terms
representing all the concepts to be used for the modelling of the
LT. The terms are collected within a term set (TS) from which
they are extracted one by one in order to be processed.

– Step 2 - Concept integration. In the second step, for each term t
extracted from TS, it is required to check if a concept c exists, in
the UKC-CC (see chapter 2 for more detail regarding the UKC
Concept Core), suitable for t. In this operation, the gloss asso-
ciated with each concept is exploited to identify the right one.
If such a concept is available, the term t will be added in the
UKC-LC (see section 2.2.1 for more detail regarding the UKC
Language Core), namely a representative word t for the concept
c. If, instead, c is not available, a new concept c (with its gloss)
is added in the UKC-CC, adding subsequently t(c) in UKC-LC,
as in the previous case.

At the end of the concept integration step, all the concepts collected
in the first step (terms collection) are properly aligned with the UKC
structure (the UKC’s LO) both in the UKC-CC and in the UKC-LC.

• Language Teleontology definition: the second step, for the representa-
tion of the LT, exploits the UKC’s LO updated previously, to extract
the hierarchical structure including all the concepts interested by the
Purpose which, as mentioned in section 3.3.1, is leading the entire pro-
cess. It is important to notice that, during the execution of this step,
all the interested concepts have been already formalized and struc-
tured into the UKC’s LO, thus becoming ETypes of the UKC’s LO.
Therefore, to concretely define the LT, the process considers one by
one, each concept taken in input in the current representational phase
(Purpose Teleology concepts and DB data concepts), and extracts from
the UKC’s LO, the portion of the hierarchical structure including all
the parent and children ETypes of the specific EType representing the
concept processed. Once all the concepts have been processed, the
portion of the UKC’s LO extracted is a hierarchical structure defin-
ing a formal version of the domain vocabulary specific to the Purpose
considered.

The two steps defined by the iTelos data representation process, to represent
the LT as an EB language component, are described in this chapter to ex-
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plain how an LT is represented, as part of the EB. However, the operational
process for the construction of EB, included in the iTelos methodology and
described in chapter 4, provides a more concrete definition of the activities to
be executed for the selection and formalization of the concepts used to gener-
ate the LT, as well as tools and instruments supporting the users interested
in producing such kind of language resources.

3.3.3 EB knowledge representation

The third representational phase of the iTelos data representation process
aims at defining the EB knowledge component. Such a component is de-
fined above (see section 3.2) as a knowledge model called Entity Type Graph
(ETG). As the name suggests, the ETG is a graph-based knowledge model
describing the ETypes representing the classes of entities considered by the
final EB, as well as the relationships linking such ETypes. To be more con-
crete, the ETG is again a Teleology (like the Purpose Teleology described
in section 3.3.1), namely a flattened knowledge model related to a specific
Purpose. Although the ETG and the Purpose Teleology refer to the same
Purpose (within a single execution of the process) they differ in how they
model the Purpose ETypes. In fact, while the Purpose Teleology is mod-
elled to fit as much as possible the input Purpose, the ETG aims to be
both Purpose-specific and highly interoperable, and as a consequence more
reusable too. The key idea to satisfy the interoperability requirement is to
reuse, whenever possible, ETypes and properties from already existing refer-
ence domain knowledge to model those Purpose-specific ETypes and proper-
ties that describe the same information. In this way, the resulting ETG will
be focused on the Purpose to be supported, but representing a portion of its
ETypes and properties in a standard way already adopted by largely used
(in different contexts and for different Purposes) domain reference knowledge
models.
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Figure 3.5: The Knowledge representation phase of the iTelos data repre-
sentation process.

As depicted in figure 3.5, extracted by the more complete figure 3.2, such a
feature of the iTelos data representation process, which leads to the definition
of the EB’s ETG component, is implemented in two steps, described here
below.

• Step 1 - Knowledge Teleontology definition. The objective of the first
steps is to identify and collect the reference domain knowledge which
can be reused to model the information considered by the Purpose.
To this end, two of the three representational phase inputs are used,
namely the LT previously produced, and the domain knowledge pro-
vided by the iTelos DI. The LT is used to indicate which is the knowl-
edge, considered by the Purpose, for which the reuse of already existing
knowledge models needs to be maximised. This is possible thanks to
the LT’s ETypes and properties, which are clearly described by dis-
ambiguated concepts. On the other side, instead, the DI (described in
chapter 5) acts as a collector of existing reference domain knowledge,
for different domains, contexts and Purposes. Therefore, the LT drives
the selection of already existing knowledge models, among those col-
lected by the DI, by matching the ETypes meaning through their repre-
sentations. Such a selection is concretely implemented by the ETypes
Recognition (ER) algorithms presented by Giuchiglia and Fumagalli
[41]. The matching between ETypes is supported by the fact that both
the LT and the knowledge models provided by the DI are represented
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as graph-based ontological models (RDF-OWL file). It is important to
mention that, the reference knowledge models provided by the iTelos
DI are knowledge resources which have been already handled by the
iTelos methodology. This means that the ETypes within such knowl-
edge models are also defined by using concepts already aligned with
the UKC’s LO. This is an important feature, since the selection of the
ETypes to be reused, according to the LT’s EType description, could
be performed automatically by checking whether the ID of the con-
cept used to define the EType to be reused is the same as the concept
defining the EType specified by the LT. The DI intermediary provides
also well-known standard domain knowledge models, like Schema.org2

and FOAF3, which have been processed by the iTelos methodology, to
be aligned with the UKC’s LO. Therefore, such models can be actu-
ally reused by the automatic EType selection, through the algorithm
mentioned above.

Since the ETypes considered by the LT can be reused from different
domain knowledge models, they need to be collected and composed
into a single knowledge resource. For this reason, the iTelos data rep-
resentation process defines, in this phase, the Knowledge Teleontology
(KT). A KT is a teleontology, as described in section 3.3.2, compos-
ing reference domain knowledge collected from one or more domains
of interest, as well as different contexts and Purposes within a single
domain. Two observations have to be made over the KT. First, a KT
is always compliant with the hierarchy of the UKC by construction.
This first observation ensures that the meaning of the ETypes and
their properties, as they are specified in the LT coming from the EB
language definition phase, remains aligned with the initial Purpose.
The second observation is that the KT aims to reuse as much as pos-
sible from the knowledge provided by the iTelos DI, thus representing
the ETypes and the relative properties following such reference do-
main knowledge. If the first observation guarantees the modelling of a
Purpose-specific KT, the second one aims to increase its reusability and
interoperability, thanks to the adoption of standard domain knowledge.
It is important to notice the main difference between the LT and KT.
While the LT is modelled to express the language diversity of the Pur-
pose, thus representing ETypes and properties associated with specific
UKC concepts, the KT aims to enrich the meaning of such ETypes at
the knowledge level, by representing their structure through data and
object properties. In other words, even if LT and KT are both teleon-
tologies, they are focused on two different information layers, one on
the language layer and the other on the knowledge layer, respectively.

2https://schema.org/
3http://xmlns.com/foaf/spec/

https://schema.org/
http://xmlns.com/foaf/spec/
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• Step 2 - ETG definition. The second step aims at producing the knowl-
edge model that best fit the Purpose leading the entire process, namely
the ETG. To argue the need for this process step, it is important to
note that the KT produced in the previous step is modelled by reusing
knowledge from "external" knowledge models, where "external" means
not defined for the specific Purpose guiding the current process execu-
tion. In other words, this means that the diversity at the knowledge
layer indicated by the Purpose is not fully represented in the KT. This
happens because the objective during the construction of the KT is
to enhance interoperability. However, the KT, being a teleontology,
includes the representation of additional general knowledge (super-
classes) not strictly required to represent the information indicated
by the Purpose. This introduces complexity, which must be paid with
more effort when the KT is used to support applications and services
(i.e. more complex queries). For these reasons, the iTelos data repre-
sentation process defines in this phase the ETG as a teleology, obtained
by composing the Purpose Teleology, received in input in the current
phase (indicated by the arrow labelled with "Purpose Knowledge" in
figure 3.5), and the KT previously defined. Such a composition aims
to replace the ETypes and properties representation of the Purpose
Teleology with a more interoperable version given by the KT, if and
only if such a replacement does not change the interpretation of the
ETypes given by the Purpose Teleology. In other words, in this step,
the goal is to increase the interoperability and reusability of Purpose
Teleology. Moreover, since this step is driven by the Purpose Teleology
(the subject ETypes are all and only the ETypes of the Purpose Tele-
ology), the resulting knowledge model, the ETG, will be composed of
all and only the ETypes considered by the Purpose-specific teleology.
This makes it possible to prune away unnecessary knowledge objects
present in the KT and to reduce the complexity of the ETG produced
with respect to the KT. It is important to note how the generation of
the ETG is aided by the fact that the KT has previously been aligned
with the LT (see previous step), which in turn has previously been
aligned with the Purpose Teleology. Therefore, the meaning defined
by the UKC concepts, and the conceptual structure maintained by the
ETypes defined using such concepts, allow for a reduction in ambiguity
during the composition of the ETypes of the ETG.

To summarise the execution of the two representational steps described
above, the key idea is to model an interoperable diversity-aware knowledge
model, namely the ETG. Where the ETG has to be firstly Purpose-specific,
being the Purpose the reference for the diversity to be expressed at differ-
ent levels, and secondly interoperable and reusable thanks to the reuse of
standard domain knowledge.
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3.3.4 EB data value representation

The fourth and last representational phase of the iTelos data representation
process aims at defining the EB data values component. Such a component
is defined above (see section 3.2) as a knowledge graph of entities, called
Entity Graph (EG). Such a KG composes together all the entities extracted
from the input relational DB and concretely represented in the final EB.
The EG is a KG (see chapter 2 for a more precise definition of KG) whose
schema follows the ETG, modelled in the previous phase, where the nodes
are the instantiation of the ETG’s ETypes and properties. The data values
extracted from the relational DB are taken in input to be associated with the
properties of each EType, thus representing concretely each entity expressed
by the uniqueness of those data values. The EG concretely defines the entities
by following the structure of the ETG that has been modelled starting from
the logical schema of the relational DB. This means that, unlike a relational
DB where the logical and physical schema are not aligned, in an EB the
alignment of the EG and the ETG guarantees that the entities are modelled
as they were logically interpreted at the beginning of the EB creation process.
It is important to notice how the EG expresses the diversity of the entities at
the data values layer, by generating a KG’s node for each entity considered.

Figure 3.6: The Data values representation phase of the iTelos data repre-
sentation process.

Unlike the relational DB, the representation of entities in the EG is inde-
pendent entity by entity. Moreover, the independent representation of each
entity as a KG’s node, allows for the definition of more complex data types
(i.e., DateTime is defined as the composition of "Year", "Month", "Day",
"Hours" and "Minutes") without violating constraint given by the physical
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structure, as it is the case in relational DB to align the entity representations
into the same relation (table) following the normal forms. Figure 3.6 shows
how the EG is represented by merging the ETG, modelled in the previous
phase, and the DB data coming directly from the input relational DB, into
a single object, the EG. This operation is a mapping of the DB data values
over the ETG’s ETypes and properties [50].

The four phases of the iTelos data representation process, produce the four
components of the EB (blue arrows in figure 3.2). As a consequence, the
entities that are implicitly defined in the input relational DB, become ex-
plicitly represented in the EB, as defined by the EB data model (see section
3.2). However, the iTelos data representation process, as the name suggests,
aims to describe how the EB is represented, by defining the shape of its com-
ponents. Instead, the following chapter (chapter 4) presents an operational
KG Completion (KGC) process, which shows how the iTelos methodology
concretely supports a user in the production of an EB by following the four
phases of the data representation process according to the EB data model.
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This chapter aims to describe the iTelos KGC process. The process
represents the core of the iTelos methodology being the main instrument
used by users to create the data they require for the development of digital
applications and services. The principal goal of the iTelos KGC process is
to reduce the cost of creating KGs by reusing as much as possible already
existing data. In this chapter, we describe how the iTelos KGC process
adopts the EB data model defined by the iTelos data representation process,
and how such data model is applied to provide a Purpose-driven KGC process
based on data diversity. Moreover, this chapter describes how the iTelos
KGC process aims at enabling a cooperative circular data economy where the
data users can benefit from a reduced cost of data reuse thanks to the data
produced, and shared, by other users. The rest of the chapter is organized
as follows. Section 4.1 provides more details about iTelos basic principles
and objectives. From section 4.2 to section 4.5, the chapter reports the
description of the four iTelos KGC process phases. Section 4.6 describes the
evaluation activities included at the end of each process phase. Section 4.7
concludes the chapters with a description of the metadata that the iTelos
KGC process uses to share the diversity-aware data it produces after each
execution.
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4.1 Process overview

In this section, we provide a general overview of the process, by describing
its high-level structure, the roles of the users involved in the process, and
the principles at the base of such a process design.

4.1.1 Process structure

The iTelos KGC process is a phase based structured process, which takes at
the beginning two inputs:

• the informal definition of the user Purpose. Given by the process user,
this first input refers to a statement expressed by the user in a natural
language. It represents the objective the user aims to satisfy through
the creation of a KG. However, the user (who can be a person with-
out technical expertise and without previous experiences in data and
knowledge engineering) expresses such an initial Purpose statement
with her own perception of the world (with her own vocabulary and
mental structures) therefore it can result in an ambiguous definition.
For this reason, it is defined as an "informal" user Purpose.

• A list of data sources providing information to be considered for the
satisfaction of the user Purpose. The second input can be a set of
links or a list of data source names, which will be considered for two
main objectives. The first one is to better understand the informal
user Purpose, thus supporting its following formalization. The second
is to concretely collect the data to be handled by the whole process
and to be integrated into the final KG.

The process output, instead, is a KG, or more in detail an EB as defined
by the EB data model, which satisfies the requirements which have been
extracted from a formalized version of the initial informal user’s Purpose.
Moreover, the final KG is built by integrating the data collected from the
data sources indicated as input.

Figure 4.1: iTelos KGC process - top level structure.
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Figure 4.1 depicts the iTelos KGC process structure, together with the inputs
and output above described. In particular, the figure depicts the four phases
of the process, namely Purpose Definition (PD), Language Definition (LD),
Knowledge Definition (KD) and Entity Definition (ED). Each phase has its
own internal structure, requires phase-based inputs, and produces specific
outputs which have to be moved forward to be considered as inputs of the
subsequent phase. In the figure, are also depicted the UKC (on top) which
provides the Language Ontology required by the iTelos data representation
process to build the Language Teleontology (see the previous chapter), and
the Data Intermediary (on bottom) collecting the intermediate output of
each phase to be then reused as diversity-aware data. In the next chapter,
the DI will be better detailed. The different phases of the iTelos KGC process
are described in detail in the following sections, nevertheless, we report here
below a top-level description of the main objective of each phase.

• Purpose Definition: this phase has a twofold objective. The first one is
to define formally the informal Purpose given as input by the user. By
formally we mean a clear definition of the requirements to be satisfied
by the final KG. The second objective of this phase is the collection of
the data required to build the final KG. Such data is collected from the
data sources indicated as input, as well as from the DI which is actually
a source of diversity-aware data (having a reduced cost of integration
and reuse). In this first phase, the iTelos KGC process addresses the
issue of data heterogeneity at the data source layer.

• Language Definition: this phase receives as input what has been pro-
duced by the previous one, namely the formalized version of the user
Purpose and the data collected. Additionally, the iTelos KGC process,
in this phase, has access to the UKC. The objective of this phase is to
build the Language Teleonotlogy (LT) as indicated by the iTelos data
representation process. In the Language Definition phase, the iTelos
KGC process addresses the issue of data heterogeneity at the language
layer.

• Knowledge Definition: the third phase of the iTelos KGC process
takes as input the formal user Purpose, the LT produced by the pre-
vious phase, as well as the set of reference domain ontologies and data
schema collected with the objective of building the final KG. The ob-
jective of this phase is to build the Knowledge Teleontology (KT) first,
and then the Purpose-specific Teleology representing the Entity Type
Graph (ETG) of the final KG. In the Knowledge Definition phase, the
iTelos KGC process addresses the issue of data heterogeneity at the
knowledge layer.

• Entity Definition: the last phase of the iTelos KGC process takes as
input the formal user Purpose, required, as in all previous phases, to
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drive the process and evaluate the satisfaction of the user requirements.
Moreover, this phase takes as input the data collected by the first phase
of the process, and the teleology defined in the Knowledge Definition
phase. The objective of this phase is to build the Entity Graph (EG)
by merging the input teleology with the data values carried by the
collected datasets representing the real-world entities to be included in
the final KG. In the Entity Definition phase, the iTelos KGC process
addresses the issue of data heterogeneity at the data value layer.

It is important to notice how the output of the four phases of the iTelos
KGC process compose an EB as it is defined by the EB data model through
the iTelos data representation process. Therefore, the KGC process provided
by the iTelos methodology produces not only the EG satisfying the user’s
Purpose, but also the LT representing its language diversity, the Teleology
(and KT) representing its knowledge diversity, as well as the formal version
of the Purpose explaining why and how the previous outputs have been built
like that.

4.1.2 Process users roles

It is important to detail better who are the users of the iTelos KGC process,
and which roles they can cover along the whole process execution. In general,
as already mentioned in the previous chapters, the user of such a process is
a person who aims to generate KGs to support data-based services or appli-
cations. However, this definition is quite broad because it can include users
having different levels of expertise and technical skills in data management
and knowledge modelling, which are all competencies required to build a
KG. Based on such prerequisites for building KGs, we can distinguish three
main roles that can be played by the iTelos KGC process users:

• Domain Expert : this role is played by the person (one or more) who
has the highest level of understanding about the domain of interest for
which the initial Purpose has been defined. Usually, the user covering
this role has no particular technical skills, however, its contribution
is fundamental for the definition (and formalization) of the Purpose,
that actually drives the whole process. The domain expert is also
responsible for the validation of the final KG, with the objective of
testing if it is suitable to satisfy the Purpose expressed. For these
reasons, this role is mainly involved in the first and last phases of the
iTleos KGC process.

• Knowledge Engineer : this role requires expertise in knowledge repre-
sentation and knowledge modelling. The person (one or more) who
plays this role is responsible for the modelling of the LT, the KT and
the ETG, as well as partially involved in the formalisation of the initial
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Purpose. A high level of expertise in ontologies and data schema, as
well as in the tools for their definition, is required, being those the
main data structures to be used by the person playing this role. This
role is mainly involved in the first, the second and third phases of the
iTleos KGC process.

• Data Scientist : this role requires expertise in data management, and
ETL techniques (Extract, Transform, Load)1, as well as data science
techniques. The person (one or more) who plays this role is responsible
for collecting the data required to build the final KG. If the knowledge
engineer is focused on ontologies and data schema modelling (knowl-
edge datasets), the data scientist is responsible for the quality of the
datasets carrying data values, or data values datasets (i.e., row datasets
like CSV, TSV, and others. But also object-oriented datasets like
JSON and others), that will be used to properly define the real-world
entities. Moreover, the data scientist ensures a high-quality level for
the datasets she handles, by executing data cleaning and data format-
ting (standardization) activities. For this reason, this role is mainly
involved in the first phase of the iTelos KGC process, as well as in the
last one where this person is responsible for the merging of the ETG
and the data values datasets to produce the EG.

The three roles described above can be played by different people, all par-
ticipating in the same project by executing the iTelos KGC process, or even
by a single person if she has all the competencies to cover the different roles.
Even if each role is more active in some phases of the process, they are always
involved in the four phases to help the other users better understand some
of the work they have done in the previous phases. If the iTelos methodol-
ogy is employed to implement a huge project, a fourth role could be needed,
namely the Project Manager. The objective of this role is to coordinate the
whole project by supervising the execution of all the iTelos KGC process
phases and assessing the intermediate, and the final, outputs. Moreover, the
project manager is responsible for the efficient communication and coopera-
tion between the users covering the other roles. Figure 4.2 depicts a possible
work breakdown between the iTelos KGC process roles, into a ten-weeks size
KG development project.

1https://it.wikipedia.org/wiki/Extract, Transform, Load.
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Figure 4.2: iTelos KGC process - Roles effort

4.1.3 Base principles

The iTelos KGC process, but in general the overall iTelos methodology is
based on two base principles that actually link this process with the iTelos
data representation process described in the previous chapter, and the iTelos
data distribution process, which is detailed in chapter 5.

The first base principle is to provide a Purpose-specific KGC process based
on data diversity. This first principle focuses on the methodology user and
the context in which she lives. It aims at providing the user with a tool for
the satisfaction of her Purpose (her goals). The key idea is to help the user
to realize herself, by achieving her own objectives. The need for the first
principle came from the fact that the reuse of existing data is the key fea-
ture adopted by the iTelos methodology to reduce the cost of building KGs.
Nevertheless, the data reuse directly implies a re-interpretation of the data
itself, from the data producer’s "point of view" (or Purpose), to the "point
of view" of the user who has to reuse it (the data consumer). As already
discussed above, the representation of the data to be reused is affected by
heterogeneity at different layers. However, such heterogeneity is the key to
concretely defining, through the data, the local diversity of geographical, and
social contexts and the interests of the individuals living in such a context,
like the user of the iTelos KGC process. Our Purpose defines our own local
(and personal) diversity, or, in other words, our diversity is expressed by the
(different) Purpose(s) we have during our life. For this reason, the first base
principle of the iTelos KGC process is to generate diversity-aware KGs, by
maintaining the user Purpose at the centre of the overall process. The iTe-
los KGC process starts with the formal definition of the user Purpose with
the objective of identifying those implicit or explicit aspects carried by the
informal Purpose as it is initially expressed by the user. Such a formalized
Purpose is the object that will be used to drive the iTelos data representation
process, within its different layers, to generate an EB suitable to satisfy the
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user’s Purpose.

If the first principle is focused on the user’s Purpose realization, the second
one aims at sharing the personal results with a community. The second base
principle of the iTelos methodology, implemented into the KGC process too,
is the enabling of a circular data economy into a community of data users.
The key idea under the second base principle is to facilitate the work of other
users, in achieving their own Purposes, by sharing the personal results built
in accordance with the first principles. Such results are shared in the form
of diversity-aware data representing at different layers (language, knowledge
and data value) a local context as well as local individuals. More concretely,
the iTelos KGC process is actually creating a new more informative and
exploitable type of data, that allows for a more smart integration with a
reduced cost of pre-processing (quality stratified data enriched with a formal
definition of the Purpose for which it has been created). However, the cost
reduction introduced by the iTelos KGC process will scale in time only if such
a new type of data is available in the data spaces (data sources considered
by the iTelos KGC process), therefore available to be reused too. While the
implementation of the first principle is achieved thanks to the iTelos data
representation process following the EB data model, the second principle is
implemented by applying firstly the iTelos KGC process for the creation of
(or transformation of existing data into) diversity-aware data, and secondly
for the exploitation (or consumption) of such a data for application-specific
Purposes. In other words, the iTelos KGC process is designed to be used
both by the data producer, to create the data to be distributed, and by the
data consumer to integrate the available diversity-aware data to satisfy a
specific Purpose. The joint execution of the iTelos KGC process by both
data producers and data consumers enables a circular use of data among the
users of the iTelos methodology.

Figure 4.3: The iTelos KGC process for data producer.
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Figure 4.3 depicts how the iTelos KGC process is considered when it has to
support the data producer. From left to right, in the figure, it is possible
to notice how the Purpose plays a crucial role also for the data producer.
As already discussed above, the Purpose defines the contextual, or individ-
ual, local diversity to be represented in the data. The data producer aims
at creating (or transforming existing data into) diversity-aware data able to
represent such diversity. It is important to note that the data producer may
not have in mind a specific application for the data to be supported. In
this case, the Purpose describes as much as possible a geographical, social or
individual context, rather than specifying application requirements. A list
of data sources is provided as input together with the Purpose, to transform
already existing data into diversity-aware data. Then the data producer ex-
ecutes the iTelos KGC process, which, with the support of the DI and the
UKC produces an EB where the language, knowledge and data value diver-
sity is represented through KGs, as defined by the EB data model. The DI,
from the data producer side, supports the iTelos KGC process execution by
providing the reference domain standard knowledge required for the inter-
operability of the KGs to be generated. Such process support is driven by
the Purpose that indicates which are the information domains considered by
the data. This interaction is described by two arrows in figure 4.3, one going
from the Purpose to the DI and the second from the DI to the iTelos KGC
process. Moreover, in this case, the DI collects the outputs of the iTelos
KGC process, in order to be available for future data production, as well
as for the data consumers. This interaction is depicted in the figure by the
arrow going from the EB to the DI. At the end of the data producer use
case described in figure 4.3 (right side) there is the data consumer who can
benefit from the diversity-aware data (EB) produced.

Figure 4.4: The iTelos KGC process for data consumer.

Figure 4.4 depicts how the iTelos KGC process is considered when it has to
support the data consumer. Like in the previous case, starting from the left
side of the figure, the Purpose expressed by the data consumer is the main
input of the iTelos KGC process. However, the Purpose on the consumer side
is focused on a specific application or service to be developed. Concerning
the data producer’s Purpose, the Purpose on the consumer side provides few
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details about the broader geographical and social context, but more about
the application-specific requirements to be satisfied. Looking at figure 4.4
immediately appears the missing input data sources. This is because the data
consumer, as defined by the iTelos methodology, will be more facilitated by
the reuse of the diversity-aware data distributed by the DI, thus actually
considering the DI data space as a unique source of data (and second main
input for the iTelos KGC process). As in the data producer case, the data
consumer Purpose is used by the DI to understand which diversity-aware
data has to be provided as input to the iTelos KGC process. The difference
from the previous case is that the DI now provides the process with all the
data (language data, knowledge data and data values) needed to build the
KGs, not just the reference standard knowledge supporting interoperability
on the producer side. It appears that the data consumer execution of the
iTelos KGC process is mainly a matter of data integration, by considering
as input only KGs already created to be highly integrable. As a result, the
integration of diversity-aware data, that takes place at the data consumer’s
end, generating an application-specific EB, is like putting together a jigsaw
puzzle. At the end of the data consumer use case, described in figure 4.4
(right side), is present the application for which the EB has been developed.
However, the integration of KGs, on the consumer side, itself produces new
diversity-aware data which can be distributed by DI, under the permission
of the data consumer. The dashed arrow in figure 4.4 going from the EB to
the DI, highlights such a possibility.

Figure 4.5: The iTelos methodology spiral approach.
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The first and the second base principles underlying the iTelos methodology,
and implemented through its processes, can be summarized into the cooper-
ative execution of the iTelos KGC process, between data producer and data
consumer, finalized to the creation of an increasingly wide diversity-aware
data space. Such a data space is called LiveData (detailed in chapter 5) and
it is handled by the iTelos DI through the iTelos data distribution process.
Nevertheless, to better understand how the iTelos KGC process is the core
instrument to support the two base principles, we report in this chapter how
the data consumer and the data producer are linked together and can benefit
from the LiveData space. Figure 4.5 depicts such interaction between the
three main actors, namely the data producer (right side), the data consumer
(left side) and the DI represented in the figure by the LiveData space (bot-
tom side). In the centre of the figure, the iTelos KGC process takes place,
represented as a spiral that includes multiple executions of the process. Each
spiral loop represents an execution of the iTelos KGC process, thus including
its four phases (Purpose Definition (PD), Language Definition (LD), Knowl-
edge Definition (KD), and Entity Definition (ED)). The blue squares in the
spiral loops represent the iTelos KGC process phases executed by the data
producer, while the red ones are the phases executed by the data consumer.
The data producer collects the existing data from the "external" Data Space
(different sources with respect to the LiveData space), and uses the iTelos
KGC process to transform such data into diversity-aware data that is col-
lected by the DI into the LiveData space. This data producer process is
represented in the figure by the blue arrows, where the solid ones go from
the data space to the Producer and then as input to the KGC process, while
the dashed one represents how the KGC process internally transfers the data
to populate the LiveData space. It is important to notice how the LiveData
space grows after each execution of the iTelos KGC process, collecting more
and more diversity-aware data. On the data consumer side, instead, the
iTelos KGC process, driven by the data consumer Purpose, collects the data
from the DI’s LiveData space to build the application-specific KG (or the en-
tire EB). The red arrows in figure 4.5 show the data consumer execution. In
particular, the solid ones represent, firstly, how the data consumer drives the
selection of the data into the LiveData space (arrow from the consumer to
LiveData), and secondly, the use of the iTelos KGC process by the data con-
sumer (arrow from the consumer to the spiral). The red dashed arrows from
the LiveData space to the red spiral loop, represent the iTelos KGC process
data retrieval at the data consumer side. The Spiral Approach adopted by
the iTelos methodology, enables a collaborative production and exploitation
of diversity-aware data, through the growth over time of a dedicated data
space (LiveData) that collects and distributes quality and interoperable data
that can be integrated with a reduced cost of pre-processing.

In the next sections of this chapter, we detail the iTelos KGC process phases,
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by describing their internal activities, as well as their intermediates inputs
and outputs. For each phase, we will discuss how the process supports both
the data producer and the data consumer’s needs. The last two sections of
this chapter will be dedicated to the definition of the evaluation activities,
and the metadata definition activities, present in the structure of each phase
of the iTelos KGC process.

4.2 Phase 1 - Purpose Definition

This section is dedicated to the description of the first phase of the iTelos
KGC process, namely the Purpose Definition (PD) phase. As already men-
tioned above this phase takes as input the informal user’s Purpose and a
list of data sources, and aims at producing a formal version of the initial
Purpose, as well as at collecting the data required to satisfy such a Purpose,
from the indicated data sources. Figure 4.6 shows a more detailed version
of the PD phase, by specifying its internal activities and process flow. As
can be seen in the left-hand side of the figure, the inputs to the phase are
represented by the objects numbered 0 and 1, namely the informal Purpose
and the data source list, respectively. In the right-hand side of the figure,
instead, the two outputs, represented by objects 2 and 3, are the formal
Purpose and a data package containing three different types of data, namely
language data (3L), schema (or knowledge) data (3S) and data values (3D).
The key intuition in the PD phase is to formalize a Purpose that is able to
guide the entire process along all its phases. In particular, in this phase, the
Purpose represents a unique "point of view" to be used as an interpretative
key when collecting data from multiple sources, each of which has its own
interpretation and representation of the data it provides. In other words,
the Purpose acts as a unity across the source layer of data heterogeneity, by
considering the local diversity in each data source. The following subsections
describe in detail, the internal activities, their process workflows, as well as
the tools and standards provided by the iTelos methodology to concretely
implement the first iTelos KGC process phase.
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Figure 4.6: The Purpose Definition (PD) phase structure of the iTelos
KGC process.

4.2.1 Purpose Definition - Activities

The PD phase of the iTelos KGC process includes different activities which
aim at satisfying its twofold goal, namely formalising the initial user’s Pur-
pose and collecting the data required to build the final KG. In this subsection,
we report a description of all the phase activities depicted in figure 4.6, by
describing their inputs, outputs and objectives.

Scenarios and Personas Definition - The first activity of the PD phase,
executed by the user playing the domain expert role, begins the process of
formalization of the initial user’s Purpose. Such an activity takes as input the
object number 0, namely the informal Purpose. The informal Purpose is a
natural language sentence expressed by the iTelos KGC process user (Domain
Expert), which states the objective for which the process needs to be applied.

Figure 4.7: Purpose formalization
approach

The formalization of such initial Pur-
pose follows the approach, depicted
in figure 4.7, which aims at extract-
ing specific information with the ob-
jective of extracting all the possible
details about the data domain con-
sidered and the possible scenarios and
personas (or actors) considered by the
Purpose. Moreover, such an approach
provides for the definition of possible
Competency Questions (CQs) [48] rep-
resenting more concretely the require-

ment set to be satisfied by the final KG. A dedicated activity is responsible
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for the definition of the CQs (see below, Competency Question Definition).
More in detail, the first three elements to be described following the Purpose
formalization approach are:

• Domain: also defined as "Domain of Interest" (DoI), it refers to the
area of knowledge or field of study of interest [40]. Examples of DoI,
are the domains capturing knowledge about daily lives, such as music,
tourism, and healthcare, or geographical domains, like Italy or Trentino
autonomous province (Province of Trento, Italy), or even the city of
Trento (Italy). The DoI is better detailed if it is defined with its
boundaries:

– Geographical boundaries: aspects that geographically constrain
the problem. For example, the DoI extracted from the user’s
Purpose is contained within the city of Trento, thus it will not
consider data regarding other cities.

– Temporal boundaries: aspects that constrain the problem in time.
For example, the DoI extracted for the user’s Purpose considers
data within a certain period of time (i.e., from 1992 to 2025).

– Domain boundaries: domain-specific aspects constraining the prob-
lem. This boundaries are defined by the DoI itself. For example,
if the DoI is "Healthcare", the user’s Purpose can be restricted to
(and thus consider data about) pharmacies only, without consid-
ering hospitals, even if hospitals are actually considered as part
of the healthcare domain.

• Scenarios: a set of possible situations considered by the Purpose. The
scenarios definition aim at detailing a given a DoI. For example, if the
DoI is again the "Healthcare" a possible scenario could be the surgery
department within a certain (or a set of) hospital during daytime (or
during the night).

• Personas: also defined as scenario actors, the personas are semi-fictional
subjects characterising the perception and needs of larger groups of
end-users. The aim in defining the personas is to further specify the
information implicitly represented by the informal Purpose, by pro-
viding a definition of the possible target users of the KG, suitable to
satisfy the relative Purpose. An example of persona, related to the
healthcare DoI is:

"Matthew, 35 years old, is working as a surgeon in the hospital and
used to work the night shift."

Source Identification - the second activity in the PD phase aims at identi-
fying the data source provided as the second main input of the entire iTelos
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KGC process. The input data source list is intended to be a list of data
source names and, in the best case provide the link to access them. The
goal of this activity, executed by the user playing the data scientist role,
is to check each item of the data source list, and asses if the relative data
source is actually available and accessible, as well as which kind of data it
provides. It could be that a data source is no longer available, or that its
access policy is changed. The data source may be a private repository, re-
quiring permission from the owner to access it. In addition, one of the input
data sources may provide very low-quality data, making it effectively useless
to the project due to the high cost of accessing the data. In general, the
sources considered can be different and distribute different types of data.

• Low-quality sources: the data distributed by these sources are less
understandable (low-quality metadata) and less interoperable (non-
standard, non-diversity-aware). The data is not always distributed,
sometimes it is only published or visualized online. It is not always
clear how to concretely access the data. Sometimes the source has
to be processed to get the data (i.e., Scraping web pages), or it is
required to ask for datasets directly to owners (if the owner contacts
are indicated).

• High-quality sources: these sources are usually data catalogues where
interoperable and reusable datasets are distributed (i.e. LiveData cat-
alogues (see chapter 5), where the iTelos diversity-aware data is pub-
lished). The data distributed by these sources requires less effort to be
collected, adapted and integrated, due to clear policies of data distribu-
tion, direct distribution/download or distribution on demand through
a request to the data owner (easy communication with data owners), as
well as high-quality metadata, describing the available resources. This
increases the findability and accessibility of the resources distributed.

The source identification activity focuses not only on the data sources re-
ceived as input, but also on potential new data sources that should be con-
sidered to satisfy the user’s Purpose. To this end, the activity benefits from
the Purpose details extracted in the previous activity. Such more precise
information, extracted from the informal Purpose, helps the user to better
perform the source identification activity, being able to better understand
what data is required to build the KG.

Dataset Collection - The third activity of the PD phase, follows on from
the work done in the previous activity, by collecting the data from the sources
previously identified. Even if the previous activity filtered out the part of
the low-quality data sources, this activity, executed by the user playing the
data scientist role, requires considerable effort. While some of the data to be
collected can be directly downloaded from the sources, it could be the case
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in which the data needs to be collected by processing the sources. For ex-
ample, when the indicated source is a web page, the data collection activity
requires a data scraping task to collect the required data directly from the
web page source code. It could be the case, for specific Purposes, that the
data are not available at all, so that it must be produced according to the
Purpose. Among the several ways to produce the required data from scratch
we mention the iLog methodology for fostering valid and reliable Big Thick
Data [15]. As already mentioned above, describing the PD phase, the data
collection activity aims at collecting not only data values dataset (i.e., row
datasets like CSV, TSV, and others), but also object-oriented datasets like
JSON and others), as well as data schema (knowledge data) and language
data to be used in the next phases of the iTelos KGC process.

Competency Question Definition - The fourth activity of the PD phase,
executed by the user playing the domain expert role, adds one more step
in the formalization of the initial Purpose, by defining the last element con-
sidered by the Purpose formalization approach adopted by the process, as
depicted in the figure 4.7. The goal of this activity is to extract and define
concretely the requirements to be achieved by the final KG, shaped as Com-
petency Questions (CQs). The CQs are a list of natural language questions,
each of them defining a need that is satisfied by exploiting the KG to be
produced. Each CQ is defined by considering one of the previously defined
personas, acting in one, or more, previously defined scenarios. It clearly ap-
pears how the CQs define the set of natural language questions that will be
then turned into possible KG’s queries. During the definition of the CQs,
one persona can be associated with more scenarios, as well as one scenario
can include the interaction between two or more personas. This means that
the more scenarios and personas that have been previously defined, the more
opportunities there are to define a rich set of CQs. However, a rich list of
CQs is not only a matter of quantity, but also a matter of diversity. In fact,
a list of CQs where the same persona (thus having always the same needs)
acts in the same scenario in different ways, introduces little variation regard-
ing the information to be considered by the final KG to satisfy such CQs.
On the other hand, instead, a set of CQs where all the personas have been
associated with all the scenarios, represents properly the implicit diversity
of the Purpose being defined, by introducing a huge variation regarding the
information to be modelled and included into the final KG.

Concept Identification - The fifth activity of the PD phase is executed by
the user playing the knowledge engineer role in the process. Such activity is
the penultimate step to achieve a formal version of the initial user’s Purpose.
Even if the CQs, produced by the formalization approach implemented in the
previous activities, already give a more detailed overview of the Purpose’s re-
quirements, after the Competency Question Definition activity the Purpose
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(and its requirements) is still defined into a "textual" informal version. The
goal of the Concept Identification activity and the subsequent ER Modelling
activity is to produce a formal, and machine-readable, version of the Pur-
pose. To this end, the current activity aims at identifying all the terms and
expressing concepts, which represent the names of Entity Types (ETypes)
as well as the names of their properties. The idea is to use such terms to
model an Entity Relationship (ER) diagram in the next activity, for this rea-
son, the terms collected by the current activities need to be representative
of specific concepts, thus having a specific meaning to be then associated
to ETypes and properties. Such terms have to be extracted from the CQs
produced previously, thus including the definition of the scenarios and the
personas. It is important to notice how the Concept Identification activity
starts to put the focus on the ETypes and properties which will constitute
the knowledge layer of the final KG. The terms collection is supported in this
activity by a spreadsheet, where specific columns allow the user to specify
from which scenarios, personas and CQs a relative term was extracted. A
snapshot example of such a spreadsheet, called Purpose Formalization (PF)
sheet, is reported in figure 4.8.

Figure 4.8: Example of PF sheet.

As can be seen in the figure, there is a last column in the PF sheet which
aims at categorizing the concepts identified (and represented by the relative
terms) based on their focus on the relative Purpose. The Focus, as described
in [32], is a value that indicates how much a generic object (in this case the
concepts in the PF sheet) is related to a specific Purpose. In the PF sheet
the Focus value is selected between three options:

• Common: the concept used to represent ETypes and properties with
this Focus value are very general for the Purpose considered. In other
words, this means that common concepts are useful for the Purpose,
thus also for modelling the final KG, but they do not play a crucial role
in supporting the Purpose requirements. They are usually concepts
expressing general information, like time and space aspects.

• Core: the concept used to represent ETypes and properties with this
Focus value are more important than the common one to satisfy the
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Purpose requirements. The core concepts are used to represent ETypes
and properties which constitute the base of the user’s Purpose. They
are usually concepts expressing information about the Purpose’s DoI.

• Contextual : the concept used to represent ETypes and properties with
this Focus value are very specific for the relative user’s Purpose. The
contextual concepts are used to define ETypes and properties which
are fundamental for the satisfaction of the Purpose, without which it
would not be possible to support the KG’s queries.

It is important to note that as we move from common Focus values to con-
textual values, the information carried by the categorized concepts becomes
more and more focused on the local diversity carried by the Purpose itself.
Moreover, the Focus values provide information about the reusability of the
concepts, and thus of the ETypes and properties represented by them, be-
ing common concepts more reusable for different Purposes, while the core
and contextual concepts are less reusable due to their specificity about the
relative Purpose. For this reason, the Focus values associated with the con-
cepts in the PF sheet, represent an important information to be distributed,
with the objective of enhancing the reusability of the diversity-aware data
produced by the iTelos methodology.

ER Modelling - The sixth activity in the PD phase completes the process
of formalizing the initial Purpose. The goal of this activity, executed by the
user playing the knowledge engineer role in the process, is to produce an
ER model representing a formal and machine-readable version of the user’s
Purpose. An ER model describes interrelated (real-world) entities of interest
in a specific domain of knowledge. It is composed of classes of entities, or
entity types (ETypes) which classify the real-world entities as instances of
those ETypes and specify relationships that can exist between them. The
ER model is, therefore, an abstract data model that defines a knowledge
structure which can be implemented in a data/knowledge base. Although
the ER model was born for relational database (DB) modelling, it is still
a good instrument for modelling the structure of a KG, nevertheless the
user, during the formal Purpose modelling has to be careful about the dif-
ferences between database and KG modelling (see chapter 3). For example,
the relationships between nodes (ETypes) are expressed in the KG modelling
by using the object properties, while in relational DBs modelling they are
expressed by using the the connection with primary and foreign keys. This
difference is reflected also in the ER model where different graphical solutions
can be adopted to represent such relationships. In the current activity, the
user models the ER diagram of the Purpose, by taking as input the PF sheet
with all the Purpose-specific concepts previously identified, as well as the list
of CQs and the data collected by the Dataset Collection activity, to have a
full overview about of the information to be included in the final KG (thus to
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be represented in the Purpose ER model). With the execution of ER Mod-
elling activity, the user achieves the formal definition of the initial, informal,
Purpose. More in detail, the iTelos KGC process defines the formal Purpose
as an object composed of the CQ list and the ER model. These two elements
of the formal Purpose provide both the set of human-readable requirements
and the standard formal version of the Purpose knowledge representation,
respectively. Noticed that the latter element can be easily described using
the RDF-OWL language, thus providing the machine-readable version of the
formal Purpose.

Dataset Filtering - The generation of the ER model performed by the
previous activity allows the process user(s) to have a clearer and precise
understanding of the information, and the data, to be considered for the
creation of the final KG. This situation enables the work to be done in the
Dataset Filtering activity where the user, who plays the role of data scientist,
under the guidance of the ER model, filters out the dataset collected in the
Dataset Collection activity, to keep only those carrying the information rep-
resented by the ER model itself. This activity avoids working and spending
effort on datasets that are not required to satisfy the formal Purpose. To
this end, this activity takes as input the ER model and the set of datasets
previously collected and produces in output a filtered set of such datasets.

Data Quality Evaluation - The eighth activity of the PD phase is exe-
cuted by the user who plays the role of data scientist in the process execution,
and it aims to ensure the quality of the data obtained from this phase. More
in detail, this is an evaluation activity which can lead to the delivery of the
data as they are, If the quality check is positive, or to perform an additional
activity to achieve the desired level of data quality. The quality check per-
formed in this activity aims to check if the datasets collected and handled by
the previous activities are compliant with the FAIR principles 2. Moreover,
the quality check passes through the evaluation of the data in accordance
with the 5 ⋆ open data scheme 3. The comparison with both the FAIR and
5 ⋆ criteria has to be done by considering also the data owner or the iTelos
KGC process users’ data requirements (i.e., if the data needs to be kept pri-
vate the 5 ⋆ open data scheme cannot be fully applied but only part of it
will be considered.).

Dataset Cleaning And Standardisation - The last activity of the PD
phase (the evaluation and metadata definition activities, for each phase, are
defined separately at the end of the chapter.) is executed only if the quality
check described in the previous activity has been negative. If that is the case,

2FAIR principles
35-star open data

https://www.go-fair.org/fair-principles/
https://5stardata.info/en/
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the user who plays the data scientist role executes this activity by cleaning
and standardising the data collected previously. The cleaning task included
in this activity has the objective of removing the "noise" from the data to
be handled by this activity. The data noise can be defined at different levels:

• dataset level: between the set of datasets to be cleaned there are cor-
rupted datasets, namely datasets that cannot be read or opened, thus
not processable. These datasets are recognized as noise and are not
taken into account in the generation of the final KG.

• EType or entity level: in the datasets handled there are some ETypes
(knowledge datasets) or entities (data values datasets) that are cor-
rupted, thus having missing values or missing data structures. Those
ETypes and entities are noise that also in this case will be removed
from the set of data considered for the KG generation.

• Properties or attribute level: in the datasets handled there are some
specific attributes (data values datasets) or properties (data or ob-
ject properties into knowledge datasets) having corrupted values (like
"null" values) thus resulting in useless for the generation of the final
KG. Also in this case such values or properties are recognized as noise.

The standardisation task, instead, aims at aligning the data with respect
to the FAIR and 5 ⋆ criteria (always by considering the user/Purpose spe-
cific requirements). It is important to notice how FAIR and 5 ⋆ are quality
reference data standards supporting this activity. More in detail, they in-
clude the adoption of standard interoperable data formats, like CSV, TSV
and JSON (and others), and also the adoption of standard data types for
specific data values. For example, the date and time information can be
expressed in different ways, and it is not rare to see the date encoded as
a non-standard string (i.e., "23MAY2024", or "23052024"). The usage of
standard date representation like Unix Time Stamp or ISO 8601, improves
a lot the interoperability and reusability of the data.

4.2.2 Purpose Definition - Process

The above described activities are executed following a specific process that
actually defines how to execute the PD phase, thus leading the user from
the transformation of the phase’s inputs into the above described final, and
intermediate, outputs. To better describe such a process in this subsection we
report the pseudocode describing the algorithm of the PD phase’s process.
The algorithm 1 is not included in the PD phase, but it is mandatory to
describe it, as it shows the process that initialises the execution of the whole
iTelos KGC process.
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Algorithm 1 iTelosKGC(0, 1, UKC)

1: LO = UKG.getLonguageOntology()
2: DI = DataIntermediaryLiveDataSpace
3: EB = PurposeDefinition(0, 1)
4: Return EB

The pseudocode describing the algorithm 1 takes as input the objects number
0 and 1, in figure 4.6, namely the informal Purpose and the data sources list,
respectively. Additionally, the iTelosKGC algorithm takes as input the UKC
object allowing the user to access the language resources provided by the
UKC. The algorithm starts by getting the UKC Language Ontology (LO) as
it is described in chapter 3. Then, the algorithm obtains access to the second
external component supporting the overall iTelos KGC process, the DI data
space (the LiveData space as described in chapter 5). The initialization
algorithm continues by defining the variable that will contain, at the end of
the whole iTelos KGC process execution, the final result, namely the EB.
The EB object, which will be returned by this top-level algorithm as the
main output, is assigned to the result of the PurposeDefinition function,
described here below by the pseudocode of the algorithm 2.

Algorithm 2 PurposeDefinition(0, 1)

1: PS = ScenarionAndPersonaDefinition(0)
2: S = SourceIdentification(1)
3: 3 = DatasetCollection(S)
4: CQ = CompetencyQuestionDefinition(0, PS, 3)
5: C = ConceptIdentification(CQ, 3)
6: ER = ERModelling(C,CQ, 3)
7: 2 = {CQ,ER}
8: 3 = DatasetF iltering(3, ER)
9: if DatasetQualityEvaluation(3) is False then

10: 3 = DatasetCleaningAndStandardisation(3)
11: end if
12: if EvaluationPD(2, 3) is False then
13: PurposeDefinition(2, 3)
14: Return null
15: end if
16: MetadataDefinition(2, DI)
17: LD = LanguageDefinition(2, 3)
18: if LD is null then
19: Return null
20: end if
21: Return {2, LD}
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The PurposeDefinition function defined by the algorithm 2, takes as input
the objects numbered with 0 and 1, already described above. It is imme-
diately clear how the different functions involved in the PurposeDefinition
function pseudocode implement the activities with the same name described
in the previous sub-section. The first algorithm statement executes the Sce-
narionAndPersonaDefinition activity by taking as input the informal Pur-
pose (object number 0). Then the SourceIdentification activity is executed
taking as input the data source list (object number 1) and identifying the
available data sources. At this point, the identified data sources (object S
in the algorithm 2) are provided as input to the DatasetCollection activity
that collects the language, knowledge and data values datasets, identified
by the objects named 3L, 3S and 3D in figure 4.6 composed together into a
single stratified data package (object number 3). The next statement in the
pseudocode is the definition of the CQs, executed by the CompetencyQues-
tionDefinition activity taking as input the informal Purpose (object num-
ber 0), the Personas and Scenarios definition (PS object), and the collected
resources (object number 3). Then the algorithm continues by executing
the ConceptIdentification activity taking as input the CQ and the dataset
collected, and subsequently the ERModeling activity which takes as input
the concept identified and defined previously (C object), the CQ list and
the collected dataset. At this point, the algorithm 2 evaluates the result
of the DatasetQualityEvaluation activity which takes as input the collected
datasets. If the returned value is negative (False), the algorithm executes
the DatasetCleaningAndStandardisation activity over the datasets collected
to obtain a new version of them with the proper level of quality and interop-
erability. If instead, the output of the DatasetQualityEvaluation is positive
(True) the algorithm continues its execution with the current version of the
datasets collected. A second conditional statement is then executed by the
algorithm, testing the result of the phase-specific evaluation activity, called
EvaluationPD. Such evaluation activity, which will be better described in sec-
tion 4.6, aims at checking if the datasets collected are suitable, in this phase,
to satisfy the formalized Purpose. If the result of such a test is negative, it
means that the datasets or the formalized Purpose need to be revised, thus
the algorithm continues with a new execution of the PurposeDefinition func-
tion taking as input the formal Purpose and the datasets generated in the
current algorithm iteration. If, instead, the result of the evaluation activity
is positive the algorithm continues its flow with the execution of the Meta-
dataDefinition activity to produce the metadata relative to the formalized
Purpose produced by the current iTelos KGC process phase. The activity
that, at each phase is focused on the definition of the metadata is better de-
tailed in section 4.7. The last statements of the algorithm 2 aim to execute
the next phase of the iTelos KGC process, by passing as input the formal-
ized Purpose and the datasets collected to the LanguageDefinition function,
described in details by the pseudocode of the algorithm 3. A last test in the
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current algorithm aims at evaluating if the output of the LanguageDefinition
function is properly defined. The algorithm describing the process of the PD
phase returns as output a single object containing the formalized Purpose
and the result of the process describing the LD phase.

The process above, describing the PD phase, has been designed to be suitable
for both the data producer and the data consumer, thus being compliant with
the two base principles of the iTelos methodology. On the data producer
side, the formalization of the Purpose is focused on the details describing
the geographical, social and individual context that needs to be expressed
by the data. If the data producer is already aware of possible applications
of the data she has to produce, then the application requirements will be
part of the Purpose formalization process too. On the data consumer side
instead, the Purpose formalization process is completely focused on a precise
definition of the application-specific requirements to be satisfied. The key
difference between the two top-level roles in this phase regards the effort to
be spent for the data source identification, as well as for the dataset collection
and their subsequent management. The data producer aims at producing
new diversity-aware data, for this reason, she will consider what has been
defined as external data spaces/sources, in section 4.1.1. The quality of
the data collected by these sources is lower, thus requiring a major cost
of pre-processing along the PD process activities. On the other hand, the
data consumer considers as input data sources, the DI (internal) data space
(LiveData), thus browsing and handling with diversity-aware data only. Such
data has been already created by the iTelos KGC process, and, due to that,
it is more suitable to be handled by the process itself (higher level of data
quality and interoperability). This situation allows the data consumer to
spend less effort on the data pre-processing.

4.2.3 Purpose Definition - Tools & Standards

The process implementing the PD phase, described by the algorithm 2, is
executed by the joint collaboration of the users playing the roles of a domain
expert, data scientist and knowledge engineer. To support the process execu-
tion, the iTelos methodology provides standard templates for the definition
of some of the process intermediate outputs. More in detail the templates
provide are:

• a project report template: this template is a document (provided PDF
or LaTex) internally structured following an index which involves the
description of each iTelos KGC process phase, as well as the description
of the internal activities for each phase. Regarding the PD phase,
the project report template provides specific sections for the textual
definition of the DoI, the scenarios, the personas and the competence
questions.
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• The PF sheet template: already depicted in figure 4.8, it is used to
collect all the concepts, extracted from the scenarios, personas and
CQs, required to model the Purpose’s ER diagram.

• Entity Relationship (ER) standard: the ER model is already a stan-
dard used to model the logical schema of relation DB. The PD phase
is used to formalize the Purpose-specific information. In particular, we
push the ER IDEF1X notation 4 for such a modelling task.

4.2.4 Purpose Definition - Example

We start in this subsection an example that will be carried out for each
phase of the iTelos KGC process. In particular, in the current subsection, the
example reports a simple Purpose used to drive the representation of an EB
capable of satisfying it. The example Purpose is first expressed informally by
a natural language sentence. Such an informal purpose identifies the data
sources from which the data to be transformed into EB will be extracted
and provided as input to the iTelos KGC process. The informal Purpose is
defined as follows.

"A user is interested in developing a data-based service providing
information about the train stations available in the Trentino Autonomous
Province (Italy). The user collected the data to satisfy the above objective

from the OpenDataTrentino 5 web portal, and OpenStreetMap 6."

The formal version of the above informal Purpose, obtained by following the
iTelos KGC process, is depicted by the graph in figure 4.9. The graph shows
a graphical representation of the Purpose Teleology obtained from the above
informal Purpose. The small example of Purpose Teleology depicted in figure
4.9 has two entity types (Train Station, and Location) linked by an object
property (has). The data properties, representing the structure of the entity
types, show how the Train Station type has two data properties defined
following the schema of the data collected form OpenDataTretnino source
(Name and Code, linked to OpenDataTretnino source by the dashed lines),
and one data properties defined by the OpenStreetMap source data schema.
The Location type structure, instead, has been fully defined following the
OpenStreetMap source data schema (the two data properties are linked to
the OpenStreetMap source by the dashed lines).

4https://en.wikipedia.org/wiki/IDEF1X
5OpenDataTretnino
6OpenStreetMap

https://en.wikipedia.org/wiki/IDEF1X
https://dati.trentino.it/
https://www.openstreetmap.org
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Figure 4.9: Purpose teleology example

Below we present the example data collected from the two data sources used
to support the above purpose, representing the information about the railway
station of the cities of Rovereto (Italy) and Trento (Italy).

Figure 4.10: OpenStreetMap Train Station entities
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stop_id stop_code stop_name stop_lat stop_lon zone_id

4813 3100PI Rovereto. Stazione Trenitalia 45.89182 11.034134 3100

247 20125p Trento Piazza Dante Stazione Fs 46.071756 11.119511 10110

Figure 4.11: OpenDataTrentino Train Station entities

4.3 Phase 2 - Language Definition

This section is dedicated to the description of the second phase of the iTe-
los KGC process, namely the Language Definition (LD) phase, depicted in
figure 4.12 which provides more details about the phase’s internal structure.
This phase takes as input the outputs of the previous phase, thus the formal
Purpose and the dataset package containing the datasets cleaned, formalized
and standardised in the PD phase. The two inputs are the objects numbered
2 and 3, respectively, on the left side of figure 4.12. In the right-hand side of
the figure instead, the objects labelled 2, 3S, 3D, and 4 represent the outputs
of the LD phase process. The output objects are the formal Purpose (2),
the schema and data values datasets (3S and 3D) that are propagated to
the following phase, plus the Language Teleontology (4) which is the main
output of the LD phase. The objective of the LD phase is to generate the
second diversity-aware data object, focused on the language diversity layer,
that will compose the EB, following the iTelos data representation process,
defined in chapter 3. As already mentioned, such an object is the Language
Teleontology (LT) which defines the concepts, and their representation, com-
posing the domain vocabulary specific for the Purpose that is leading the
iTelos KGC process execution (the formal Purpose received in input at this
phase). The LD phase aims to address the data heterogeneity at the lan-
guage layer. To this end, the key intuition is that the LT, produced in this
phase, unifies the multiple local (contextual or individual) interpretations of
the concepts interested by the user’s Purpose, by specifying a representation
as much as possible suitable for the Purpose itself. In other words, the LT
acts as a unity across the language layer of data heterogeneity, by considering
the local language diversity of the geographical, social, or individual context
to which the Purpose refers. To this end, the LD phase exploits the UKC as
top-level reference standard Language Ontology (LO), as already described
by the iTelos data representation process in chapter 3. The following sub-
sections describe in detail, the internal activities, their process workflows,
as well as the tools and standards provided by the iTelos methodology to
concretely implement the second iTelos KGC process phase.
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Figure 4.12: The Language Definition (LD) phase structure of the iTelos
methodology.

4.3.1 Language Definition - Activities

The LD phase of the iTelos KGC process includes two main activities which
aim at satisfying its goal, namely to generate the LT required to build the
final KG, following the EB data model. The activities in the current phase
have been designed to implement the language integration algorithm de-
scribed in the section 3.3.2. In this subsection, we report a description of
all the phase activities depicted in figure 4.12, by describing their inputs,
outputs and objectives.

Concept Definition - The first activity of the LD phase, executed by the
user playing the knowledge engineer role, takes as input the formal Purpose
and the dataset package provided by the previous phase. It is important to
remember that the formal Purpose is composed of the CQ list and the ER
model, while the dataset package is a composition of data values, language
and schema datasets. The objective of the first activity of the current phase
is to collect, and formally define, all the concepts that need to be used to
build the LT. Such concepts have to be used, in the next phases of the
iTelos KGC process, to define ETypes, data and object properties, as well as
specific semantic values for such properties. For example, if an EType has
a property named "gender", the need is to find the right concept to express
the meaning of the "gender" word, as well as the meaning of the words
"male" or "female", or other values which could be used as values for the
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"gender" property. The Concept Definition activity looks for the concepts
to be defined in the activity’s inputs. Therefore, the concepts are collected
from the formal Purpose definition, as well as from all the data values and
schema datasets included in the datasets package. It is important to state
how the language datasets, included in the dataset package, are assumed
to be already shaped as concept collections and, for this reason, are not
considered as input for this activity. Nevertheless, it could be the case in
which the concepts in the language dataset are not defined in the proper
way, thus also the language datasets need to be handled in this activity. The
formal definition of each concept collected follows the concept representation
provided by the UKC. In particular, such a representation defines a concept
with three main elements:

• the concept ID : it is a unique identifier to be associated with the con-
cept. The concept ID is the language-agnostic representation of the
concept. A temporary concept ID is defined by the iTelos KGC pro-
cess user, during the current activity, to identify uniquely the concepts
between the others defined for the current process Purpose. In the next
activity (UKC Alignment) of the LD phase, the temporary concept ID
will be so replaced with an official concept ID taking into account the
ID of the concepts already defined formally in the UKC.

• The concept’s word : it is a string value that represents in a natural
or domain language, the relative concept. The word is the language-
dependent representation of the concept, the one adopted by human
users.

• The concept’s gloss: it is a description of the concept’s meaning. The
concept’s gloss is very important to let the human user understand
the meaning associated with the given concept, which could not be
properly understood just by reading the concept ID or its word.

Figure 4.13: Example of concept formally defined by the first activity of
the LD phase.

Following the above formal concept representation, the concepts, collected
from the current activity’s inputs, are defined into a spreadsheet as depicted
in figure 4.13. It is important to notice that the concepts can be listed down
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with words and glosses for more than one language. This possibility is very
helpful when the iTelos KGC process is adopted to satisfy Purposes consid-
ering international (cross-lingual) contexts, where the need is not only to
translate a word from a language to one another but also to disambiguate
the meaning of a concept coming from a different language and culture. The
spreadsheet depicted in figure 4.13 represents the output of the Concept Defi-
nition activity, containing the formal representation of the concepts collected
both from the formal user’s Purpose and the source datasets. As depicted in
figure 4.12, the two concept categories are listed within two different output
files, namely Cp and Cs. This process design choice will be better detailed
in the following sub-section describing the LD phase process flow.

UKC Alignment Definition - The second main activity of the LD phase,
executed by the user playing the knowledge engineer role, takes as input
all the files containing the formal definition of the concepts expressing the
meaning of the information to be included in the final KG. More in detail,
such files are, (i) the language datasets collected previously (the "3L" object
in figure 4.12), (ii) the file containing the formal Purpose’s concepts (Cp),
and (iii) the file containing the concepts collected by the data values and
schema datasets (Cs). Moreover, the fourth input of the current activity is
the UKC LO representing the reference standard LO considered by the iTelos
methodology. The objective of the UKC Alignment activity is twofold; firstly
to reuse as much as possible the concepts already defined by the UKC into
the LO, and secondly to use the UKC concepts to build the Purpose specific
Language Teleontology (LT), shown in figure 4.12 as object number 4. This
activity is actually responsible for the creation of the EB language layer, by
implementing the first representational step of the iTelos data representation
model. The first activity objective aims at reusing all the concepts already
defined in the UKC’s LO, that match those formally defined in the input
files. If instead, the input concepts are not present in the LO, the user up-
dates the UKC database by adding the new concepts, following the language
integration algorithm already described in section 3.3.2. The execution of
this activity updates the UKC database, by adding a new domain vocabulary
that is specific to the user’s Purpose. In other words, at the end of the ac-
tivity execution, a portion of the UKC database (and thus also of the UKC’s
LO), identified by a specific namespace, maintains the definition of the con-
cepts used to express the information considered by the user’s Purpose, the
one considered by the final KG. Moreover, these Purpose-specific concepts
are linked to the rest of the UKC’s LO structure through the relative con-
cept hierarchies. This means that a Purpose-specific LT is now maintained
within the UKC, which is then extracted to be provided as the output of the
current activity, thus achieving the second activity objective. It is important
to mention that, the update of the UKC database has to be supervised by a
language expert to guarantee the right definition of the concepts hierarchies
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within the UKC’s LO structure. There are three important considerations
to be made about the execution of the UKC alignment activity.

• The number of Purpose-specific concepts to be added in the UKC de-
pends on how many concepts, about the Purpose’s domain of interest,
have been already uploaded in the UKC (or, in other words, repre-
sented into the UKC’s LO).

• The concepts in the PF sheet (see figure 4.8 in the PD phase descrip-
tion) have been assigned to the "Common" Focus category, have more
probability to be found in the UKC, being those concepts more gen-
eral and used for a different Purpose. For the concepts categorized with
"Core" and "Contextual" Focus values, such a probability decreases,
and therefore it requires more effort from the user to update the UKC.
In other words, the Focus can be used as a metric to evaluate the effort
required by the user in this activity.

• An increasing adoption of the iTelos KGC process, for different Pur-
poses, implies an increasing number of concepts added in the UKC.
Therefore, the UKC will be updated with more, Purpose-specific, do-
main vocabularies and, over time, the effort required by users to define
new concepts will actually be reduced.

4.3.2 Language Definition - Process

In this subsection, we report the process workflow that executes the activities
described above. Such a process describes actually how the LD phase is
executed, with the objective of generating the LT which defines the domain
vocabulary specific to the user’s Purpose. To better describe such a process
in this subsection we report the pseudocode describing the algorithm of the
LD phase’s process.



4. The iTelos KGC Process 86

Algorithm 3 LanguageDefinition(2, 3)

1: CP = ConceptDefinition(2)
2: 3SD = Join(3S, 3D)
3: CS = ConceptDefinition(3SD)
4: 4 = UKCAlignment(CS,CP, 3L,LO)
5: if EvaluationLD(4, 2) is False then
6: PurposeDefinition(2, 3)
7: Return null
8: end if
9: MetadataDefinition(4, DI)

10: KD = KnowledgeDefinition(2, 3SD, 4)
11: if KD is null then
12: Return null
13: end if
14: Return {4,KD}

The algorithm 3 shows the pseudocode of the main LD phase function which
takes as input the formal version of the user’s Purpose (object number 2)
and the dataset package from the previous phase (object number 3). In the
first statement, the algorithm defines the CP object as a list of formally
defined concepts extracted by formal Purpose. The value of CP is produced
in output by the ConcpetDefinition function, described by the algorithm
4, which takes as input the formal Purpose (2). Such a function takes as
input a collection of concepts, which can be concretely represented by a
language, schema, or data values dataset, as well as by an ER model and
a CQ list defining the formal version of the user’s Purpose. The objective
of such a function is to extract and formally define the concepts present in
the input provided. The ConcpetDefinition function extracts concepts from
the collection one by one, and for each concept, it defines three elements:
an ID, a representative word, and a gloss. Then, the function creates a
single object as the composition of such three elements, representing the
formal version of the concept processed. The formal concept is then added
to a list that at the end of the function execution is returned as output.
The pseudocode of the LanguageDefinition function continues its execution
by creating an object (3SD) that composes the schema datasets (3S) and
the data value datasets (3D), collected from the input dataset package (3).
Then the ConcpetDefinition function is applied again, by taking in input
the object created in the previous statement, to extract and formally define
the concepts from the input datasets. The result of the second execution
of the ConcpetDefinition function is stored in the CS object as depicted in
the algorithm 3. At this point, the UKCAlignment function is executed,
by taking as input the objects CS, and CP, as well as the UKC’s LO and
the language datasets (3L) extracted from the input dataset package. The
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UKCAlignment function returns, in object number 4, the LT produced by
following the algorithm described in section 3.3.4.

Algorithm 4 ConceptDefinition(ConceptCollection)

1: FormalConceptList = []
2: for each Concept c in ConceptCollection do
3: word = WordDefinition(c)
4: gloss = GlossDefinition(c)
5: id = IDDefinition(c)
6: formalConcept = {word, gloss, id}
7: FormalConceptList.add(formalConcept)
8: end for
9: Return FormalConceptList

A conditional statement is then executed by the algorithm, testing the result
of the phase-specific evaluation activity, called EvaluationLD. Such evalua-
tion activity, which will be better described in section 4.6, aims at checking
if the LT (object number 4) produced is suitable, in this phase, to satisfy
the formalized Purpose (object number 2). If the result of such a test is
negative, it means that the LT or the formalized Purpose need to be re-
vised, thus the algorithm continues going backwards with a new execution of
the PurposeDefinition function taking as input the formal Purpose and the
dataset package received as input. This process comeback allows the user to
refine the input and outputs of the already executed activities to achieve the
expected results. If, instead, the result of the evaluation activity is positive
the algorithm continues its flow with the execution of the MetadataDefini-
tion activity to produce the metadata relative to the Purpose-specific LT
produced by the current iTelos KGC process phase. This activity, which at
each phase is focused on the definition of the metadata, is better detailed in
section 4.7. The next statements of the algorithm 3 aim to execute the next
phase of the iTelos KGC process, where the input is the formalized Purpose
(2), the dataset package composed by the schema and data value datasets
(3SD), and the LT (4), to the KnowledgeDefinition function, described in
details by the pseudocode of the algorithm 5. A last test in the current algo-
rithm aims at evaluating if the output of the KnowledgeDefinition function
is properly defined. The algorithm, describing the process of the LD phase,
returns as output a single object containing the Purpose-specific LT (4) and
the result of the process describing the KD phase.

Also for this phase, the process described above has been designed to be suit-
able for both the data producer and the data consumer, thus being compliant
with the two base principles of the iTelos methodology. The key difference
between the two top-level roles, in this phase, regards the effort to be spent
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for the formalization of the process, as well as for their alignment with the
UKC and the subsequent generation of the LT. On the data producer side,
the number of concepts to be formalized and aligned with the UKC is higher,
this is caused by the work that the data producer does over low-quality data
and non-diversity-aware data received in input in the LD phase. As a con-
sequence, also the effort, required by the data producer user in this phase
is higher. On the data consumer side, instead, the dataset package received
as input, in the current phase, contains already diversity-aware data and, in
particular, language datasets where the concepts have been already formal-
ized. Moreover, being the data received as input already produced by the
iTelos KGC process, the language datasets concepts will be already aligned
with the UKC (thanks to the UKC update executed previously by the data
producer). This means that the data consumer has to formalize and align
with the UKC’s LO, only the concepts carried by the formal Purpose (user’s
Purpose-specific concepts). This results in a significant reduction in the
effort required in the LD phase.

4.3.3 Language Definition - Tools & Standards

The process implementing the LD phase, described by the algorithm 3, is
executed by the users playing the roles of knowledge engineer with the col-
laboration of the domain expert user, to help in the concepts disambiguation
process. To support the process execution, the iTelos methodology provides
standard templates and tools for the definition of some of the process inter-
mediate outputs. More in detail the tools and templates provided are:

• a project report template: this template document has been already
discovered in the previous phase. However, like for the PD phase,
the document index has a dedicated section for a description of the
activities involved in the LD phase, as well as for the description of the
final and intermediate outputs.

• The concept definition spreadsheet template: already depicted in figure
4.13, it is used to collect and formally define all the concepts, extracted
from both the formal Purpose and the input dataset package.

• The UKC database: access to the UKC database is provided to execute
the UKC Alignment activity in the LD phase. UKC database can
deployed and accessed as a stand-alone component in a local machine,
as well as accessed in a read-only mode through the web portal 7. The
stand-alone deployment allows for maintenance and updates of a local
instance of the UKC’s LO. However, a UKC expert has to support the
iTelos KGC process user during the usage of this component. On the
other hand, the web portal provides a user-friendly graphical interface,

7http://ukc.disi.unitn.it/
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which allows non-expert users to interact with the UKC, by looking for
concepts which can be reused to represent the information required by
the user’s Purpose. Nevertheless, in the latter case, the user is able to
produce a (or more) list of formalized concepts, aligned with the UKC’s
LO on IDs, words and glosses, but she has to ask for the support of
the UKC expert to properly update the central UKC database, that
will update also the view of the concepts available on the web portal.

4.3.4 Language Definition - Example

The example started in section 4.2.4 continues in this subsection, by showing
the main output of the second phase of the iTelos KGC process, namely the
LT. More in details, figure ?? shows the list of concepts considered by the
Purpose which have been aligned with the UKC.

Figure 4.14: Entity Base - Language Teleontology example

The LT produced by the third phases is, in concrete terms, part of the struc-
ture of the UKC LO in relation to the concept listed in the table above
(Figure 4.14). Such concepts are then represented by the information pro-
vided by the UKC ID, word and gloss (provided for different languages where
possible), and by their position in the UKC LO hierarchical structure. Figure
4.15 shows a graphical example of the structure of the UKC LO, incorporat-
ing the concepts of the example Purpose specific LT. It is important to note
that, up to a certain level of generality (the dotted lines indicate multiple
Is-A relationships between two concepts), the concepts used to represent the
two Purpose’s ETypes are part of the same tree structure.
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Figure 4.15: Entity Base - UKC concept structure example

4.4 Phase 3 - Knowledge Definition

This section is dedicated to the description of the third phase of the iTelos
KGC process, namely the Knowledge Definition (KD) phase, depicted in fig-
ure 4.16 which provides more details about the phase’s internal structure.
This phase takes as input the outputs of the previous phase, thus the formal
Purpose (object number 2 in figure 4.16), that drives the creation and the
evaluation of each phase’s output, the LT produced in the previous phase
(object number 4), and the dataset package. It is important to notice that
the input dataset package is composed only by the data value datasets (3D)
and the schema datasets (3S). The language datasets are no longer included
in the package since they have been transformed into the LT in the previous
phase. In the right-hand side of the figure instead, the objects labelled 2,
3D, 4 and 5 show which are the outputs of the KD phase process. They
represent the formal Purpose, the data value dataset and the LT that are
propagated ahead to the next phase, plus object number 5 that represents
the teleology, or Entity Type Graph (ETG) of the final KG. The teleology
constitutes also the knowledge layer of the EB produced by the iTelos KGC
process, as defined by the EB data model in the iTelos data representation
process (see chapter 3). The KD phase aims at addressing the data hetero-
geneity at the knowledge layer. To this end, the key intuition is that the
Purpose-specific teleology, produced in this phase, unifies the multiple lo-
cal (contextual or individual) representations of the Entity Types (ETypes)
interested in the user’s Purpose. To this end, the teleology is modelled by
specifying a representation as much as possible suitable for the Purpose it-
self, but also reusing as much as possible already existing domain-specific
standard EType representations. Such an approach aims at maintaining the
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focus both on the diversity of the user Purpose, which leads the entire KGC
process and on the diversity expressed by already existing knowledge mod-
els (ontologies and data schema). In other words, teleology acts as a unity
across the knowledge layer of data heterogeneity, by considering the local
knowledge diversity (ETypes representation) of the geographical, social, or
individual context to which the Purpose refers. The following subsections
describe in detail, the internal activities, their process workflows, as well as
the tools and standards provided by the iTelos methodology to concretely
implement the third iTelos KGC process phase.

Figure 4.16: The Knowledge Definition (KD) phase structure of the iTelos
methodology.

4.4.1 Knowledge Definition - Activities

The KD phase of the iTelos KGC process includes four main activities which
aim at satisfying its goal, namely to generate the teleology required to build
the final KG, following the EB data model. The activities in the current
phase have been designed to implement the knowledge representation and
integration approach described in the section 3.3.3. In this subsection we
report a description of all the phase activities depicted in figure 4.16, by
describing their inputs, outputs and objectives, to show how the knowledge
representation model defined above is integrated into the overall iTelos KGC
process.

Purpose Teleology Definition - The first activity of the KD phase, ex-
ecuted by the user playing the knowledge engineer role, takes as input the
formal Purpose (object number 2 in figure 4.16) and aims to produce a
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Purpose-specific teleology. The teleology modelling, as it was described in
section ??, is used in this activity to create a knowledge representation model
that includes all and only the ETypes and the properties considered in the
formal version of the user’s Purpose taken as input. Such a teleology is
shaped into an RDF-OWL file identified by the Tp object in figure 4.16.

Source Teleology Definition - The second activity of the KD phase, ex-
ecuted by the user playing the knowledge engineer role, takes as input the
dataset package composed by the data values and schema datasets (objects
number 3S and 3D in figure 4.16) and aims to produce a source-specific
teleology. The teleology modelling approach is the same as in the previous
activity, however, in this activity, it is used to create a knowledge repre-
sentation model that includes all and only the ETypes and the properties
considered in the datasets extracted (and formalized) from the data sources,
during the first phase (see section 4.2). Such a teleology, is shaped into an
RDF-OWL file identified by the Ts object in figure 4.16, and it includes stan-
dard knowledge representations and well-known reference ontologies about
the domain of interest considered by the Purpose. It is important to notice
that source-specific teleology is produced only after the generation of the
Purpose-specific teleology. This design choice has been made to guide the
user first through a more formal representation of the Purpose, and then
to the formal definition of the knowledge available for such a Purpose, by
introducing an additional filter over the datasets considered (3D and 3S). In
fact, at the end of the second activity of the KD phase, the two teleologies
produced, namely Tp and Ts, could include different representations of the
same ETypes, and relative properties (actually this is the case for a consid-
erable number of the ETypes considered). This happens because the two
teleologies are used to express the knowledge diversity regarding the same
domain but with a different "point of view". The Tp models such diversity
from the user’s "point of view", or in other words it represents the user’s
personal (or individual) context related to the Purpose, while the Ts models
the reference context related to the Purpose, thus describing how the same
knowledge is interpreted by other agents (the data source) acting in the same
environment as the user.

Knowledge Teleontology Definition - The third activity of the KD phase,
also executed by the user playing the knowledge engineer role, takes as input
the source-specific teleology (Ts) and the LT (object number 4 in figure
4.16). The objective of the current activity is to merge the input knowledge
models into a single object, called Knowledge Teleontology (KT), having two
key features:

• Reusability : the representation of the ETypes and their properties in
the KT are reused as much as possible from those defined in Ts. The
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reuse of domain reference standard ETypes representation from Ts
enhances the interoperability of the KT, and thus the possibility to
reuse it (in future) for different Purposes.

• Language based : the ETypes and the properties in KT are named by
using the concepts defined in LT. For this reason, the conceptual hier-
archical structure defined by LT is adopted in KT as well, thus defining
the knowledge (or EType) hierarchical structure. The KT, as already
described in section 3.3.3, is a model where the data heterogeneity has
been handled both at the language and knowledge layer. The concepts,
disambiguated, formally defined and aligned with the UKC’s LO, are
used in the LT to fix the interpretation of the Etypes and the relative
properties, based on the same user’s Purpose (considered by all the
iTelos KGC process phases, from the beginning to the end).

To summarize, the KT is generated by merging the reference domain knowl-
edge models adopted to represent ETypes and properties following domain-
specific and well-known standards, and the LT which provides the formal
concept definition within a hierarchical knowledge structure.

ETG Definition - The last core activity of the KD phase executed by the
user playing the knowledge engineer role, takes as input the KT modelled
by the previous activity, and the Purpose-specific teleology (Tp), to produce
in output a teleology perfectly suitable to satisfy the initial user’s Purpose.
The output teleology, namely the ETG of the final KG (depicted in figure
4.16 by object number 5), is produced by merging the ETypes and properties
definitions expressed by the two input knowledge models. More in detail, the
representations of the ETypes and their properties in the ETG, are reused as
much as possible from those defined in KT, if and only if their expressiveness
(the knowledge they represent) is equal or sufficient (based on a user-defined
threshold) to the expressiveness of the Etypes used to represent the same
real-world entities in Tp. In case the ETypes and the properties represented
in KT are not suitable for the relative Purpose, the ETypes and properties
from Tp will be used to represent the same real-world entities for which
KT has been modelled. By keeping the ETG modelling focused on the
Purpose, the iTelos KGC process develops a knowledge model suitable to
satisfy the requirements, defined by the users, to build the final KG (the
EB). It is important to notice that, being a teleology the ETG is not focused
on the modelling of the ETypes hierarchical structure, as it was defined in
the KT. The ETG models all and only the ETypes interested in the formal
Purpose, thus actually the ones represented in Tp. This modelling choice
has been taken to produce an ETG that is not too structurally complex to
be processed by the applications and services which will exploit the final KG
build with the ETG itself. To summarize, the ETG teleology is generated by
merging the Purpose-specific knowledge model, representing the Purpose to
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be achieved for the final KG, and the interoperable standard domain-specific
model represented by the KT. The result of this merge is a knowledge model
which is both highly reusable and interoperable and suitable to satisfy the
initial user’s Purpose.

4.4.2 Knowledge Definition - Process

In this subsection, we report the process workflow that executes the activities
described above. Such a process describes actually how the KD phase is
executed, with the objective of generating the teleology which defines the
ETG of the final KG. To better describe such a process in this subsection we
report the pseudocode describing the algorithm of the KD phase’s process.

Algorithm 5 KnowledgeDefinition(2, 3SD, 4)

1: TP = PurposeTeleologyDefinition(2)
2: TS = SourceTeleologyDefinition(3SD)
3: KT = KnowledgeTeleontologyDefinition(4, TS)
4: 5 = ETGDefinition(KT, TP )
5: if EvaluationKD(5, 2, 4) is False then
6: 3 = composePackage(3SD, 4)
7: LanguageDefinition(2, 3)
8: Return null
9: end if

10: MetadataDefinition(5, DI)
11: 3D = getDataV alueDatasets(3SD)
12: ED = EntityDefinition(2, 3D, 4, 5)
13: if ED is null then
14: Return null
15: end if
16: Return {5, ED}

The algorithm 5 shows the pseudocode of the main KD phase function which
takes in input the formal Purpose (2), the dataset package composed by the
data values and schema datasets (3SD), and the LT (4). The first statement
of the algorithm defines the TP object representing the Purpose-specific
teleology. The TP object is produced in output by the PurposeTeleology-
Definition function, which takes in input the formal Purpose to implement
the first activity of the KD phase. Similarly, the second phase activity is
implemented by the SourceTeleologyDefinition function which takes in input
the data values and schema datasets and, as shown in the second algorithm
statement, produces the source-specific teleology that is then assigned to the
TS object. The third statement, instead defines the KT object by executing
the KnowledgeTeleontologyDefinition function which takes in input the LT
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and the source-specific teleology, to produce the knowledge teleontology. The
main output of the KD phase, namely the ETG (object numbered with 5 in
the algorithm 5), is produced by the TeleologyDefinition function that takes
in input the KT and the Purpose-specific teleology, as already detailed above
in the description of the relative activity. A conditional statement is then
executed by the algorithm, testing the result of the phase-specific evaluation
activity, called EvaluationKD. Such evaluation activity, which will be bet-
ter described in section 4.6, aims at checking if the ETG (object number 5)
produced is suitable, in this phase, to satisfy the formalized Purpose (object
number 2). If the result of such a test is negative, it means that the ETG
or the formalized Purpose need to be revised, thus the algorithm continues
going backwards with a new execution of the LanguageDefinition function
taking as input the formal Purpose and the dataset package (object 3 in
algorithm 5) composed by the data values and schema datasets (3SD) and
the LT (being the already processed version of the language datasets). Also
in this phase, this process comeback allows the user to refine the input and
outputs of the already executed activities to achieve the expected results. If,
instead, the result of the evaluation activity is positive the algorithm contin-
ues its flow with the execution of the MetadataDefinition activity to produce
the metadata relative to the ETG produced by the current iTelos KGC pro-
cess phase. This activity, that at each phase is focused on the definition of
the metadata, is better detailed in section 4.7. The next statements of the
algorithm 5 aims to execute the next phase of the iTelos KGC process, by
passing as input the formalized Purpose (2), the dataset package composed
only by data value datasets (3D), the LT (4) and the ETG (5) to the Entity-
Definition function, described in details by the pseudocode of the algorithm
6. A last test in the current algorithm aims at evaluating if the output of
the EntityDefinition function is properly defined. The algorithm, describing
the process of the KD phase, returns as output a single object containing
the produced ETG (4) and the result of the process describing the KD phase.

With the objective to be compliant with the two base principles of the iTe-
los methodology, the process of this phase, like the previous ones, has been
designed to be executed by both the data producer and the data consumer.
The key difference between the two top-level roles, in this phase, regards
mainly the "quality" of the source datasets (3D and 3S) received in input,
and, as a consequence, the effort to be spent to formalize such datasets into
domain-specific teleologies. On the data producer side, the datasets received
as input are collected from reference standard knowledge and data sources.
However, such sources provide those resources (ontologies and data schema)
with a different level of "quality". The "quality", in this case, defines how
much the ETypes and their relative properties are understandable by the
user who is looking for those. The meaning of such ETypes and properties
could be not clearly understandable due to different natural (or domain)
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languages used to represent them, as well as for the lack of metadata de-
tailing the domain of interest considered by the resource. In this case, the
effort to be spent on the Source Teleology Definition activity is consider-
able, although inevitable. On the data consumer side, instead, the datasets
received have been already processed by the iTleos KGC process. In other
words, the 3S object, depicted in figure 4.16 and used in the algorithm 5,
represents a set of source-specific teleologies already aligned with the UKC’s
concepts. This means that they are reference domain-specific knowledge rep-
resentations (ETypes and properties) that have been already merged with a
LT aligned with the UKC’s LO, thus having a clear and unambiguous def-
inition. In other words, the Source Teleology Definition activity is costless,
and also the Knowledge Teleontology Definition activity will be a matter
of concept ID matching between the LT concepts and the concepts used to
define the ETypes and their properties into the source-specific teleologies
received in input. The KD phase, as it is executed by the data consumer,
becomes a semi-automatic process driven by the user who is still required
for the definition of the Purpose-specific teleology. The cost of execution in
the current phase is considerably reduced on the data consumer side, thanks
to the diversity-aware data produced and distributed by the data producer.

4.4.3 Knowledge Definition - Tools & Standards

The process implementing the KD phase, described by the algorithm 5, is
executed by the users playing the role of knowledge engineer with the collab-
oration of the domain expert user, to help in the Purpose-specific teleology
definition. To support the process execution, the iTelos methodology pro-
vides reference data standards and tools for the definition of the process
intermediate outputs. More in detail, the tools and templates provided are
described here below.

• RDF and OWL reference data format and language: the Resource
Description Framework (RDF) is a method to describe and exchange
graph data, became a standard for data interchange on the Web8.
The iTelos methodology adopts RDF to define the knowledge layer
resources, like ontologies, data schema, teleologies and teleontologies,
as well as the final KG produced. The W3C Web Ontology Language
(OWL), instead, is a Semantic Web language designed to represent rich
and complex knowledge about things, groups of things, and relations
between things9. OWL is the language adopted by the iTelos method-
ology to represent knowledge layer resources in RDF files. All the core
activities in the KD phase (detailed in the current section) adopt RDF
and OWL to generate their outputs.

8https://www.w3.org/RDF/
9https://www.w3.org/OWL/

https://www.w3.org/RDF/
https://www.w3.org/OWL/
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• Protègè knowledge modelling tool10: to support the user in the defi-
nition of the teleologies and teleontologies to be produced in the KD
phase, the iTelos methodology provides the Protègè, as reference stan-
dard tool for the modelling of knowledge resources. Moreover, the tool
is available online free of charge.

4.4.4 Knowledge Definition - Example

The example started in section 4.2.4 continues in this subsection, by showing
the outputs of the third phase of the iTelos KGC process, namely the KT and
the ETG. More in details, figure 4.17 shows the KT generated by adopting
the OpenStreetMap data schema as reference knowledge to enhance the in-
teroperabiltiy and reusability of the diversity-aware data produced by iTelos.
In figure 4.17 the EType "pointRailwayStation" includes the data properties
for both the Purpose’s ETypes (see figure 4.9). For this reason, the user
decided to adopt that single ETypes to support the example Purpose, being
in this way interoperable with other OpenStreetMap data.

Figure 4.17: Entity Base - Knowledge Teleontology example

The KT shown above is then transformed into the ETG as the main output of
the third phase. The ETG, shown in figure 4.18, is obtained by pruning from
the KT all those ETypes that are not strictly relevant to the purpose to be
supported, resulting in a knowledge structure more focused on the purpose,
less complex to process, but at the same time following the standard reference
knowledge adopted (OpenStreetMap, in the proposed example). To this end,
only the EType "pointRailwayStation" and its properties are included in the
ETG.

10https://protege.stanford.edu/

https://protege.stanford.edu/
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Figure 4.18: Entity Base - ETG example

4.5 Phase 4 - Entity Definition

This section is dedicated to the description of the last phase of the iTelos
KGC process, namely the Entity Definition (ED) phase, depicted in figure
4.19 which provides more details about the phase’s internal structure. Like
in the previous cases, the ED phase takes as input the outputs of the pre-
vious phase, namely the formal Purpose (object number 2 in figure 4.19),
which also in this last phase drives the creation of the phase’s output, the
dataset package composed only by data value datasets (3D), the LT (4) and
the ETG (5) produced by the previous phase. It is important to notice, how
the language and schema datasets, previously included in the initial sources
datasets package (object number 3 in figure 4.6), have been transformed into
the LT and the ETG, respectively. The input data value datasets (3D) will
be transformed too in the current phase, to produce the final process output.
The outputs of the last phase of the iTelos KGC process, as depicted in the
right-hand side in figure 4.19, are the four elements composing the EB, as
described by the EB model in chapter 3. Such output, and EB, components
are, the formal user Purpose (object number 2), the LT (object number 4),
the ETG (object number 5), and the last phase main output, namely the
Entity Graph (EG) (object number 6). The ED phase aims at addressing
the data heterogeneity at the data value layer, by generating the final KG’s
entities shaped as instances of the ETypes modelled into the input ETG.
Such entities are concretely represented by the values, extracted from the
data value datasets, and mapped on the ETG’s ETypes and properties. As
already discussed in section 1.2, multiple data values can be adopted to rep-
resent the same property. For this reason, the key intuition, in the ED phase,
is that the EG produced unifies the multiple local (contextual or individual)
representations of the entities interested in the user’s Purpose. Also in this
last phase, the Purpose leads the decision taken by the user regarding the
most suitable data value representation to be adopted, however, to increase
the interoperability and the reusability of the final KG, the process pushes
the user to reuse as much as possible standard data types, as well as standard
identifiers to uniquely identify the entities generated. In other words, the EG
produced acts as a unity across the data value layer of data heterogeneity,
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by considering the local data value diversity (entity representation) of the
geographical, social, or individual context to which the Purpose refers. The
following subsections describe in detail, the internal activities, their process
workflows, as well as the tools and standards provided by the iTelos method-
ology to concretely implement the last iTelos KGC process phase.

Figure 4.19: The Entity Definition (ED) phase structure of the iTelos
methodology.

4.5.1 Entity Definition - Activities

The ED phase of the iTelos KGC process includes three main activities which
aim at satisfying its goal, namely to generate the EG as the final KG and the
last component of the EB. The activities in the current phase have been de-
signed to implement the entity matching algorithm described in the section
3.3.4. In this subsection we report a description of all the phase activities
depicted in figure 4.19, by describing their inputs, outputs and objectives, to
show how the Purpose-specific real-world entities are generated by the last
phase of the iTelos KGC process.

Entity Matching - The first activity of the ED phase, executed by the user
playing the data scientist role with the support of the knowledge engineer,
takes as input the data value datasets (object number 3D in figure 4.19),
and the ETG (object number 5) produced in the previous phase. The ob-
jective of this activity is to recognize, between the data value datasets, the
entities having the same, or similar, schema as the ETG’s ETypes modelled
to represent the same real-world entities. Such an objective is achieved by
matching the schema of the data values datasets with the ETG, using the
entity matching algorithm as already described in section 3.3.4. The output
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of the activity is an updated version of the data values datasets, where the
entities instantiating a specific EType are all grouped into the same datasets
(or a set of datasets if the number of entities is considered too big for a
single dataset). This last step of the current activity aims to build data
value datasets, where the entities are easily recognisable and thus suitable
to be merged with the ETG to build the final KG, as will happen in the last
activity of the ED phase.

Entity Identification - The second activity of the ED phase is executed
by the user playing the data scientist role and takes as input the data values
dataset updated in the previous activity. The entities in such input datasets
have been properly ordered by grouping those instantiating the same ETypes
into the same datasets. However, there is still a crucial issue to be solved
to achieve a formal and high-quality entity representation, that involves the
properties and properties values used to uniquely identify each real-world
entity to be considered in the final KG. We consider two main approaches
for the generation of such identification properties. The first one aims to de-
fine the value of a single property, called Identifier, used to uniquely identify
all the entities of specific ETypes. Nevertheless, since it is not possible to be
sure that an identifier value (when it is available) is unique for all the digital
systems in the world, the key point is the generation of an identifier value able
to uniquely identify an entity in a specific context. The boundaries of such
a context are not detailed and depend on how many applications, services
and, more in general, data systems can take place on it. The iTleos method-
ology supports the user in the generation of identifier values, by providing
standard ways to build such values. More in detail, the type of identifiers
considered by the iTelos methodology is based on the definition of URI. A
Uniform Resource Identifier (URI) is a unique sequence of characters that
identifies a logical or physical resource used by web technologies. The iTelos
methodology allows the usage of URI for the identification of entities, and
also for the identification of ETypes. Examples and more details can be
found directly in online documentation11. To be more specific, a URI can
be defined as:

• URL: A Uniform Resource Locator (URL) is a URI that specifies the
means of acting on or obtaining the representation of a resource, i.e.
specifying both its primary access mechanism and its network location.

• URN : A Uniform Resource Name (URN) is a URI that identifies a
resource by name in a particular namespace.

The second approach for the generation of identification properties is based
on the composition of different properties, of the same EType, which together

11Wikipedia URI

https://en.wikipedia.org/wiki/Uniform_Resource_Identifier
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are able to uniquely identify the entities instantiating the relative EType.
This composition of properties is called Identifying Set. More precisely, an
Identifying set is a set of EType properties which, through their values, iden-
tify uniquely an entity (defined for such an EType) within the whole set of
entities considered. The identifying set is a technique that can be used to
recognize the existence of a (or more) entity (ies) in a specific dataset, by
identifying the unique composition of values with respect to all the other
entities related to the same EType. The composition of the approaches, for
the generation of identification properties, is adopted by the Entity Iden-
tification activity to update the data values datasets received in input by
defining an identifier value to each entity considered for the generation of
the final KG. The updated version of the data values datasets, where the
entities have been grouped by the previous activity, and uniquely identified
in the current one, is provided as output of the Entity Identification activity.

Entity Mapping - The last activity of the ED phase is executed by the user
playing the data scientist role and takes as input the data values dataset up-
dated in the previous activity, and the ETG. This activity aims at merging
into a single graph-based data object, the knowledge layer and the data layer
of the final KG. Such a single object is the EG as it has been described in
section 3.3.4. All the activities, in the current and previous phases, had the
objective of providing the right input to this last activity. The EG produced
by this activity is a KG that has been created to satisfy the initial user Pur-
pose. Moreover, it is the fourth and last component of the EB, produced
at the end of the iTelos KGC process, representing the entity values layer.
This activity is executed with the support of a specific data mapping tool
called Karmalinker (described below in section 4.5.3) which allows the user
to link each EType’s property with the attribute of the data values datasets
collecting the values relative to that specific property, thus actually map-
ping each entity value with its relative EType’s property. In addition, the
data mapping tool allows the user to perform minor updates in the data
values datasets fields, and values, to better map them with the properties of
the ETG. Such minor updates are executed by short Python scripts applied
directly to the dataset fields and values (i.e., string or numeric data modi-
fication, or the merge of two column values into a single column, within a
CSV dataset). At the end of the Entity Mapping activity, each EType of the
ETG is correctly associated with its entity instances. The EG, as output of
the current activity is produced as Turtle 12 (.ttl) RDF file.

12Wikipedia Turtle

https://en.wikipedia.org/wiki/Turtle_(syntax)
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4.5.2 Entity Definition - Process

In this subsection, we report the process workflow that executes the activities
described above. Such a process describes actually how the ED phase is
executed, with the objective of generating the EG representing the entities
of the final KG. To better describe such a process in this subsection we report
the pseudocode describing the algorithm of the KD phase’s process.

Algorithm 6 EntityDefinition(2, 3D, 4, 5)

1: 3D = EntityMatching(3D, 5)
2: 3D = EntityIdentification(3D, 5)
3: 6 = EntityMapping(3D, 5)
4: if EvaluationED(6, 2) is False then
5: 3SD = composePackage(3D, 5)
6: KnowledgeDefinition(2, 3SD, 4)
7: Return null
8: end if
9: MetadataDefinition(6, DI)

10: Return 6

The algorithm 6 shows the pseudocode of the main ED phase function which
takes in input the formal Purpose (2), the dataset package composed by the
data values datasets (3D), the LT (4) and the ETG (5). The first state-
ment of the algorithm aims at updating the data values datasets received
in input, by executing the EntityMatching function. Such a function takes
in input the data values datasets and the ETG, and returns in output the
data value datasets where the entities have been recognized and grouped to-
gether, thanks to the matching with the ETypes modelled in the ETG. The
second statement of the algorithm implements the Entity Identification activ-
ity by executing the relative function (EntityIdentification in the algorithm
6). Such a function follows the above described activity by taking in input
the already updated data values datasets and the ETG, to produce in output
a new version of the data values datasets where the entities have been en-
riched with identifier properties. Then, the third statement defines the main
output of the ED phase, namely the EG, by executing the EntityMapping
function taking in input the last updated version of the data values datasets
and the ETG. As for the previous phase also the ED phase’s algorithm con-
tinues its execution with the conditional statement which tests the result of
the phase-specific evaluation activity, called EvaluationED. Such evaluation
activity, which will be better described in section 4.6, aims at checking if the
EG (object number 6) produced is suitable to satisfy the formalized Purpose
(object number 2). If the test’s result is negative, it means that the EG or the
formalized Purpose need to be revised, thus the algorithm continues going
backwards with a new execution of the KnowledgeDefinition function taking
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as input the formal Purpose, the dataset package built again by composing
the data value datasets and the ETG as schema dataset component (object
3SD built by the statement number 5, in the algorithm 6), and the LT (ob-
ject number 4). Like in the previous phases, this process’s comeback allows
the user to refine the input and outputs of the already executed activities to
achieve the expected results. If, instead, the result of the evaluation activity
is positive the algorithm continues its flow with the execution of the Meta-
dataDefinition activity to produce the metadata relative to the EG produced
by the current iTelos KGC process phase. This activity, which at each phase
is focused on the definition of the metadata, is better detailed in section 4.7.
The next statement of the algorithm 6 is actually the last statement of the
whole iTelos KGC process execution, which returns the EG (object number
6). The output of the EntityDefinition function is returned to the Knowl-
edgeDefinition function, thus composed with the ETG into a single object.
Then, such an object is returned as the output of the KnowledgeDefinition
to the LanguageDefinition function and thus composed, into a single object,
with the LT. That object is then returned to the PurposeDefinition function
where it is additionally composed with the formal Purpose, and returned, in
turn, to the main iTelosKGC function (algorithm 1) to be defined as the EB,
being the main output of the whole iTelos KGC process. In this way, the
process described by the algorithms in this phase and in the previous ones
builds the EB by composing the formal user Purpose, the LT, the ETG and
the EG, representing the main objective to be satisfied, the domain language
of the entities to be considered, the knowledge (schema) of such entities, and
the values that concretely represent such entities, respectively.

As for the previous phase, also the ED phase is compliant with the two
base principles of the iTelos methodology. For this reason, the process of
this phase has been designed to be executed by both the data producer and
the data consumer. Even if the process execution in this phase seems to
be fairly mechanical, there are key differences that result in more or less
effort spent by users at this phase. Such differences reside in the data values
datasets and regard how much the entities, represented in such datasets, are
already grouped and uniquely identified. On the data producer side, the
entity values still have to be processed by the Entity Matching and Entity
Identification activities, thus the effort to be spent on those activities is a
considerable part of the whole phase execution. On the data consumer side,
instead, the entity values received in the input are already shaped as EGs
(they have been already processed by a previous execution of the iTelos KGC
process), thus the Entity Matching and Entity Identification activities are
only run to check that such entities conform to the ETG in terms of entity
schema and identifier properties. As a consequence, the effort to be spent
by the user in this phase is focused on the Entity Mapping activity only,
since the input EG needs to be concretely mapped with the (new) Purpose-
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specific ETG. In other words, the cost of execution, in the current phase,
is considerably reduced on the data consumer side, thanks to the diversity-
aware data produced and distributed by the data producer.

4.5.3 Entity Definition - Tools & Standards

The process implementing the ED phase, described by the algorithm 6, is ex-
ecuted by the users playing the role of a data scientist with the collaboration
of the knowledge engineer, and the domain expert user, to evaluate in the
phase-specific evaluation activity. To support the process execution, the iTe-
los methodology provides a reference to a reference tool specific to the data
mapping activity to be executed in the Entity Mapping activity. The data
mapping tool, called KarmaLinker consists of the Karma data integration
tool [66] extended with more features (i.e., Natural Language Processing on
short sentences). Karmalinker is available as an open-source tool by request-
ing it from the Knowdive research group, of the Department of Information
Engineering and Computer Science, of the University of Trento (Italy). The
tool takes two main inputs:

• a reference knowledge layer resource, namely an ontological model (on-
tology, data schema, teleology or teleontology) concretely defined by
an RDF-OWL file.

• One, or more, data layer resources, namely the data values datasets
to be mapped with the knowledge layer resource, as described in the
Entity Mapping activity. The tool accepts different dataset formats,
as data layer input, like CSV, TSV, Excel Spreadsheet and JSON.

The Karmalinker tool produces two outputs. The first one is the RDF-TTL
file that represents the EG where the knowledge layer input and data layer
input have been merged together. The tool can also export such output as
JSON-LD datasets format 13 . The second output instead is an RDF-TTL
file which includes the list of all the operations that have been executed by
using the the tool into a single session. The mapping operations as well
as the minor dataset updates can be stored, by the user, into a sort of
"EG generation recipe", called a data mapping model, which can be then
downloaded as a separate output. One of the key features, provided by the
Karmalinker tool, is the possibility to re-apply the same data mapping model
over a new data values dataset, if and only if, such a dataset has the same
data schema as the one used to record the mapping model. This functionality
can be executed in a full-automatic mode, by a command line version of the
tool which takes in input the new data values dataset and the data mapping
model to be applied. Such automatic execution allows for a further reduction
of the cost of process execution in the ED phase, in special cases, when an

13JSON-LD

https://json-ld.org/learn.html
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EG has to be extended by adding new entities represented by input data
values dataset with a fixed data schema but different data values. In this
case, the Karmalinker tool will work automatically by re-running the same
mapping operations that were specified in the data mapping model created
after the first generation of the EG to be developed and updated, on the new
data values.

4.5.4 Entity Definition - Example

The example started in section 4.2.4 continues in this subsection, by showing
the output of the fourth phase of the iTelos KGC process, namely the EG.
Moreover, at the end of this subsection we provide a graphical example
of the complete EB produced following the four phases of the iTelos KGC
process over the proposed example. More in details, figure 4.20 shows the
EG generated by merging the ETG previously produced (see figure 4.18)
and the dataset collected from the two sources considered by the example
(see figures 4.10 and 4.11). It is visible how both the two entities, namely
pointRailwayStation:1 and pointRailwayStation:2, are structured through the
same schema following the ETG structure.

Figure 4.20: Entity Base - EG example

The EG, concretely represented by an RDF Turtle file, shows the real entities
produced by the iTelos KGC process starting from the initial datasets. How-
ever, the full diversity-aware structure produced by the process can be seen
by looking at the whole EB, where all information layers are linked together.
A graphical representation of the EB generated for the current example is
shown in figure 4.21. The figure is divided into four main sections, one for
each component of the EB.
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Figure 4.21: Entity Base - Complete structure example

The first section at the top, representing the EB Purpose component, shows
the model of the Purpose created in the first phase of the process. Even
though the Purpose component is not directly linked to the other EB com-
ponents (see figure 4.21), the Purpose expresses the "user’s point of view"
during the process and is therefore used to drive the generation of all the
other EB components, as already described in the previous sections of this
chapter. The second section, namely the EB language in figure 3.2, depicts
the LT containing the concepts expressed by the Purpose, aligned with the
UKC hierarchical structure. Each concepts is represented using the language
agnostic UKC-ID. Moreover, the "Is-A" relationships indicate how each con-
cept is part of the UKC structure having on top the most general concepts
identified by the UKC-ID 1. The third section, namely the EB knowledge
in figure 4.21, depicts instead the ETG that has been created to support
the initial Purpose while enhancing interoperability with existing reference
standards, such as OpenStreetMap in the current example. It is important
to note how the ETG Etypes and properties are linked to the concepts rep-
resented in the language layer above (dashed lines). This link shows how the
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terms used to name the ETG’s ETypes and properties are defined by precise
UKC concepts. The last section at the bottom of the figure 4.21, represents
the entity component EB by representing EG. Each entity defined in the
EG is linked to the EType used to represent it. For this reason, in figure
4.21 there are links (dashed lines) between the two entities and the Etype
that represents their schema at the knowledge level. The final result is the
complete EB, a data structure that links the three information layers, where
the diversity of information is concretely expressed at the level of language
knowledge and data values.

4.6 iTelos Knowledge Graph Evaluation

The above sections reported the structure and the execution of the iTelos
KGC process, by describing its phases and the activity involved. However,
two important parts of the overall process behaviour still need to be de-
scribed, namely the evaluation activities and the metadata definition activ-
ities. While the latter is described in the next phase (see section 4.7), the
current section aims to describe how the evaluation activities, mentioned
in the structures and into the algorithms of each phase, regulated the en-
tire process flow, by assessing the quality of each phase output. As already
anticipated in the description of each phase of the process, the evaluation
activities check if, in a certain phase, the output produced is suitable to be
forwarded to the next phase, or if it has to be refined. In the former case,
the process execution continues linearly to the next phase. In the latter case,
the process execution returns backwards to the previous phase, sending back
what has been produced, in the last phase executed, in order to be refined.
Such behaviour is depicted in figure 4.22 by the arrows coming out from the
exclusive gateway at the on of each phase, called "Refine", where the posi-
tive condition arrows ("yes" tagged arrow) lead to a refinement executed by
the previous phases, and the negative condition arrows ("no" tagged arrows)
allow the process to continue linearly. Thanks to the evaluation activities,
the iTelos KGC process allows the user to fix inconsistencies which normally
appear when the data and knowledge resources are handled along the pro-
cess. At each phase, the user verifies to have satisfied the requirements to
proceed with the following phase, and she can return to the previous phases,
until the first one (Purpose Definition) in the worst case. This means that
each mistake that can be made along the whole process can be always fixed,
regardless of the phase in which the user is currently working. Each evalua-
tion activity is fundamental for the correct execution of the relative process
phase. For this reason, each evaluation activity has its own inputs to be eval-
uated and adopts specific metrics and evaluation techniques. In the current
section, we describe which are such metrics and techniques, as well as, how
they are applied in the four evaluation activities included in the structure of
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the iTelos KG process.

Figure 4.22: The iTelos KGC process with its evaluation activities and
metadata definition activities.
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4.6.1 Evaluation Metrics and Techniques

The evaluation activities included in the iTelos KGC process, are based on a
set of metrics and techniques used to evaluate different aspects of the final,
and intermediated, outputs of the process. For this reason, it is important
first to introduce such metrics and techniques, to better understand (see
next section) how they are applied to the process outputs, within the differ-
ent iTelos KGC process phases.

The first distinction to be made between the evaluation metrics and tech-
niques adopted by the iTleos KGC process is on the KG’s layers. Some of the
below described metrics will be applied to the KG’s knowledge layer, thus
evaluating how efficient the structure (or scheme) of the KG is according to
specific criteria. More details about the knowledge level KG evaluation have
been described in [100], while some of the metrics used to evaluate the KG
knowledge layer in this work have been inspired from [41]. Other techniques,
instead, aim to evaluate the efficiency of the data value layer of the KG.
Here below we report the metrics and techniques adopted for the evaluation
of both the knowledge and data layer of a KG produced by the iTelos KGC
process.

Knowledge Layer Evaluation

Coverage - The Coverage is a metric used to evaluate the KG’s knowledge
layer. It is computed as the ratio (value in the range [0,1]) between the
intersection of α and β and the whole α sets:

Cov = (α ∩ β)/α = C/(A+ C) (4.1)

Where:

• α is a portion of knowledge to be satisfied. In other words, it can be
any kind of schema or ontological models such as a data schema, an
ontology, a teleology, or a teleontology.

• β is again a knowledge resource that is evaluated, by checking how
much it is overlapped with the α.

To better understand the use of the Coverage metric, we report, in figure
4.23 the two limit cases where the metric is applied to a case where its result
is zero, and another case where the metric returns a value of one.
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Figure 4.23: Coverage metric - limit cases

From the figure 4.23, it is possible to make some observations. The first one
is that, high values of Coverage mean that the the β knowledge resource is
appropriate to represent the knowledge expressed by α, in other words, the
information they carry expresses (almost) the same knowledge. On the other
hand instead, low values of Coverage mean two possibilities: (i) the knowl-
edge expressed by β is not suitable to satisfy the requirements expressed
by the α knowledge resources; or (ii) the knowledge expressed by α is too
"vague", meaning that it is somehow unexplored and too broadly defined.
For this reason, even if the β knowledge resource is well defined, it is not
able to properly cover the same knowledge expressed by α.

Extensiveness - Extensiveness is a metric used to evaluate the KG’s knowl-
edge layer. It is computed as the ratio (value in the range [0,1]) of the
proportional amount of knowledge provided by β with respect to the whole
knowledge defined in a graph α:

Ext = (β − (α ∩ β))/((α+ β)− (α ∩ β) = B/(A+B + C) (4.2)

To better understand the use of the Extensiveness metric, we report, in figure
4.24 the two limit cases where the metric is applied to a case where its result
is zero, and another case where the metric returns a value of one.
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Figure 4.24: Extensiveness metric - limit cases

From the figure 4.24, it is possible to make some observations. The first
one is that high values of Extensiveness mean that the contribution of the β
knowledge resource is predominant with respect to the content of the knowl-
edge into the graph α. Therefore, β brings a major contribution to the
generation of the graph α. On the other hand, instead, low values of Exten-
siveness mean that β brings a limited contribution to α, it can be derived
that the source of the knowledge provided by β is not actually aligned with
the Purpose for which α has been created.

Sparsity - The Sparsity is a metric used to evaluate the KG’s knowledge
layer. It is the ratio (value in the range [0,1]) computed as the sum among
the percentage of α not defined in β and vice-versa:

Spr = ((α+β)−2(α∩β))/((α+β)−(α∩β)) = (A+B)/(A+B+C) (4.3)

To better understand the use of the Sparsity metric, we report, in figure 4.25
the two limit cases where the metric is applied to a case where its result is
zero, and another case where the metric returns a value of one.

Figure 4.25: Sparsity metric - limit cases
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From the figure 4.25, it is possible to make some observations. First of all,
it is clear how the Sparsity is a useful metric for measuring the differences
between two types of knowledge elements (e.g. data property set, for the
same EType). In addition, high values of Sparsity mean that there is an
important difference between the considered type of elements defined in α
and the ones defined in β. Low values of Sparsity mean that there is a good
match between the considered type of elements defined in α and the ones
defined in β.

Data Layer Evaluation

Evaluating the KG’s data layer means understanding how "dense" or "con-
nected" is the KG, at the end of the iTelos KGC process, and during the
KG’s construction. It is important to note that even if the ETG (KG’s
knowledge layer) created by the iTelos KGC process defines the data and
object properties that describe the connection between the ETypes, these
properties could be associated with null or missing values, resulting in an
EG (KG’s data layer) that is not connected as it is its ETG. For this rea-
son, the data layer evaluation aims to investigate the KG’s connectivity, by
checking the values that instantiate the ETG properties. The evaluation of
the KG’s connectivity improvement brought by a specific data value dataset
merged into a KG, can be done in two different moments. (i) It can be
performed at the end of the iTelos KGC process, thus considering the final
KG. Or, (ii) it can be performed during the construction of the KG, thus
by considering the order of the data value dataset that are, step by step,
merged into a partially completed KG. It is important to notice that the im-
provement of connectivity brought by a single data value dataset, added into
the KG, can be different when the dataset is added to a partial KG (during
its construction), with respect to the connectivity improvement evaluated
over the same dataset’s values integration with the final KG. This is because
during the KGC process, two (or more) datasets could carry the same real-
world entities but with different values used to describe those entities. In
such a case, the values of the first dataset merged into the KG, could be
overwritten by the values of the second dataset merged, because the second
value set was the most appropriate one. In this case, the connectivity im-
provement carried out by the first dataset changed after the integration of
the second data value dataset. The situation just described does not hap-
pen if the connectivity evaluation is performed at the end of the process,
on the final KG. However, the connectivity evaluation performed during the
KG construction can provide some important insights about the impact of
a specific dataset merged into the KG, thus allowing the user to understand
whether or not to prioritise the integration of this dataset. More in detail,
the KG’s connectivity can be evaluated over two dimensions:

• Entity connectivity : in this case, the objective is to evaluate how much



4. The iTelos KGC Process 113

the entities are connected to each other. In other words, the grade of
connection between the different entities in the KG. To this end, the
key idea is to evaluate the values of the object properties. In fact, if an
object property, of a specific entity, has a null value it does not define a
valid connection between the two entities connected (at the knowledge
level only) by such an object property.

• Property connectivity : in this case, the objective is to evaluate how
much the entities are connected to their properties. In other words,
the grades of connection between each single entity and its properties
values. To this end, the key idea is to evaluate the values of the data
properties. In fact, if a data property of a specific entity, has a null
value, it means that the relative entities are connected to such a prop-
erty only at the knowledge level, but it misses such a link in the data
layer. Potentially an Entity having properties with all null value has
no connection with its properties, thus actually it does not exist.

The Entity and Property connectivity are evaluated, by the iTelos KGC pro-
cess, through the connectivity matrix. An example of a connectivity matrix
is depicted in figure 4.26.

Figure 4.26: The connectivity matrix

Each cell (X,Y ) in the matrix can have one of the two values described here
below:

• If (X = Y ) the number # is the amount of non-null data property
values, for all the entities represented by the EType X (or Y).

• If (X ̸= Y ) the number * is the amount of non-null object property
values, for the object properties having the EType X as domain (source
EType) and the EType Y as range (destination EType).

The Entity connectivity is calculated EType by EType, as the sum of the *
values for each EType row in the matrix. The resulting row sum, relative to
the EType X, is then divided by the number of object properties defined for
the EType X. The sum of the Entity Connectivity of all the KG’s ETypes,
defines the values of Entity Connectivity of the whole KG. The Property
connectivity, instead, is calculated EType by EType, dividing the # values
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for the cell (X,X) by the number of data properties defined for the EType
X. The sum of the Property connectivity of all the KG’s ETypes, defines the
values of Property connectivity of the whole KG. Here below are the formal
definitions of the Entity and Property connectivity.

Entity Connectivity EC(X) for the EType X:

EC(X) =

∑N
Y=1(X,Y )

OP (X)
(4.4)

Where: (X,Y ) is a cell in the connectivity matrix, and OP (X) is the number
of object properties of the ETypes X.

Entity Connectivity EC(KG) for the whole KG:

EC(KG) =
N∑

X=1

EC(X) (4.5)

Property Connectivity PC(X) for the EType X:

PC(X) =
(X,X)

DP (X)
(4.6)

Where: (X,Y ) is a cell in the connectivity matrix, and DP (X) is the number
of object properties of the ETypes X.
Property Connectivity PC(KG) for the whole KG:

PC(KG) =

N∑
X=1

EC(X) (4.7)

4.6.2 Evaluation Activities

If the first key distinction about the iTelos KG evaluation is between the
data and knowledge layer, the second key distinction concerns the require-
ments to be assessed by exploiting such an evaluation. As already discussed
in the previous chapters, the whole iTelos methodology is based on the gen-
eration and distribution of diversity-aware data. Such data is produced by
considering firstly its local diversity and the Purpose for which it has to
be created, the so called "primary Purpose", and secondly the reusability
and interoperability of such data, namely the "secondary Purpose". To this
end, the evaluation activities have been designed to assess how much the
iTelos KGC process outputs are suitable to satisfy both the primary and
secondary Purposes. In this section, we report how the different evaluation
activities, depicted in figure 4.22, evaluate the iTelos KGC process outputs,
by exploiting the metrics described in section 4.6.2.
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EvaluationPD - The first evaluation activity, in the iTelos KGC process, is
present in the PD phase, as depicted in figure 4.6. It is implemented by the
EvaluationPD function in the algorithm 2 which takes in input the formal
version of the user’s Purpose (object number 2) and the dataset package
composed by language, schema and data values datasets. As already men-
tioned in the PD phase algorithm description, this activity aims to check
if the datasets collected in the first process phase are suitable to satisfy
the formalized Purpose. To this end, the activity evaluates separately the
three types of resources collected (language, schema and data values). For
the language resources, the EvaluationPD activity measures the number of
ETypes and properties defined in the Purpose-specific ER model, which can
be named by using the terms of the concepts represented in the language
datasets. The number obtained by this evaluation indicates if the language
datasets collected are suitable enough to support the user’s Purpose. To eval-
uate the suitability of the schema (knowledge) resources collected, instead,
the activity adopts the KG’s knowledge layer evaluation metrics described
in section 4.6.1. More in detail, the Coverage metric is used to evaluate how
much the schema datasets collected cover the ER model which represents the
formal user’s Purpose. The Extensiveness, instead, is used to evaluate the
contribution given by a specific schema datasets to the final KG with respect
to the user’s Purpose represented by the ER model. The Sparsity is then
used to evaluate the differences between each schema dataset collected and
the ER model representing the Purpose to be satisfied. Thanks to this set of
knowledge layer evaluation, the user can understand if the schema resources
collected are enough to define later the ETG, or if more knowledge models
need to be considered. About the data value datasets, the EvaluationPD
activity evaluates the connectivity improvement brought by each dataset,
with respect to the ETypes and properties defined in the ER model which
represent the user Purpose. Such evaluation is concretely executed by using
the connectivity matrix described in section 4.6.1. Thanks to the evaluation
of the data value resource, the user can better understand if more datasets
are needed to fulfil the original Purpose or if the collected datasets are suf-
ficient to fulfil it. It is important to notice, that during the EvaluationPD
activity, the user may acknowledge that the Purpose itself (represented by
the ER model) needs to be refined, for example, because important informa-
tion, to be included in the final KG, is missing in the current Purpose version.

EvaluationLD - The second evaluation activity is present at the end of the
LD phase, as depicted in figure 4.12. This activity is implemented by the
EvaluationLD function in the algorithm 3, where it takes in input the LT
(object number 4) and the formalized Purpose (object number 2). As already
mentioned in the LD phase algorithm description, this activity aims to check
if the LT produced is suitable to satisfy the formalized Purpose. Being the
LT the second component of the final EB that is produced by the iTelos KGC
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process, the evaluation of the LT focuses on both the primary and secondary
Purposes mentioned above. More in detail, the LT is a graph structure and
for this reason, it can be evaluated by using the knowledge layer evaluation
metrics described in section 4.6.1. To evaluate the LT’s primary Purpose,
namely the suitability of the LT itself to satisfy the user Purpose, the Cov-
erage metric is applied to evaluate how much the LT concepts (which can be
seen as KG ETypes) cover the ETypes modelled in the formal Purpose ER
model. The LT’s secondary Purpose, instead, refers to its reusability and
interoperability level. To evaluate such key aspects of the LT, the Evalua-
tionLD activity adopts the Extensiveness metric to understand how many
concepts already defined in the UKC’s LO have been reused to define LT.
In other words, such activity aims to evaluate the contribution given by the
UKC in the construction of the LT. The more concepts from the UKC’s LO
have been reused, the more standard, interoperable and reusable the LT will
be. To get more information about the LT, in the current evaluation activ-
ity, the user can use also the Sparsity metric to understand the differences
in the concepts used, between the LT and the portion of the UKC’s LO that
provides the concepts for the same domain of interest.

EvaluationKD - The third evaluation activity is present at the end of the
KD phase, as depicted in figure 4.16. This activity is implemented by the
EvaluationKD function in the algorithm 5, where it takes in input the ETG
(object number 5), the formalized Purpose (object number 2) and the LT
(object number 4). As already mentioned in the KD phase algorithm de-
scription, this activity aims to check if the ETG produced is suitable to
satisfy the formalized Purpose. This evaluation activity aims to evaluate the
knowledge layer of the final KG (EG) produced. To this end, the knowl-
edge layer evaluation metrics described in section 4.6.1 are applied over the
two activity inputs. As for the previous evaluation activity, also the current
one aims to evaluate both the primary and secondary Purpose of the third
component of the final EB produced by the iTelos KGC process. The ETG’s
primary Purpose is to satisfy the user’s Purpose by modelling all the ETypes
and their properties indicated in the formal Purpose ER model. To evaluate
this first key aspect the Coverage metric is used to assess how much the
ETypes defined in the ETG are similar (or equal) to the ETypes modelled
by the formal Purpose ER model. The ETG secondary Purpose, instead,
refers to the amount of ETypes, and properties for each EType, that have
been reused from the previously collected schema (knowledge) datasets. As
already mentioned in the KD phase description, such schema datasets are
standard reference ontologies and data schema applied in the same domain of
interest as the user Purpose. Therefore, the more ETypes and properties are
reused from such reference standards knowledge resources during the con-
struction of the ETG, the more standardised, interoperable and reusable the
ETG will be. To concretely implement such evaluation the EvaluationKD
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activity uses the Extensiveness metric the contribution of each reference
standard knowledge resource to the ETG. As described in the KD phase
algorithm (see algorithm 5) the ETG is constructed by integrating not only
the reference standard knowledge resources but also the LT received from the
LD phase. This is crucial to handle the data heterogeneity at the language
level, by creating language diversity-aware data. Nevertheless, the reuse of
reference standard knowledge resources can introduce ETypes and proper-
ties represented by using concepts which are not yet aligned with the UKC.
This missing concept alignment is verified by the user, in the EvaluationKD
activity, by using the Sparsity metric to check the differences between the
ETG and the LT. If the result of this evaluation shows that some concepts
need to be aligned with the UKC’s LO, then, as depicted in figure 4.16,
iTelos KGC process flow is directed backwards to the LD phase with the
aim of bridging the gap. For this reason, the EvaluationKD function in the
algorithm 5 takes the LT as additional input.

EvaluationED - The last evaluation activity is present at the end of the
ED phase, as depicted in figure 4.19. This activity is implemented by the
EvaluationED function in the algorithm 6, where it takes in input the EG
(object number 6) and the formalized Purpose (object number 2). As already
mentioned in the ED phase algorithm description, this activity aims to check
if the final EG is suitable to satisfy the formalized Purpose. If the previous
evaluation activities checked the suitability, and the interoperability of the
language and knowledge layer of the final KG, the last evaluation activity
is focused on the data value layer. For this reason the data layer evaluation
metrics described in section 4.6.1 are used to evaluate the connectivity of the
EG produced in the ED phase. The evaluation of the final EG allows the
user to understand if the final KG produced is actually able to provide the
information which satisfies the Purpose initially expressed. It is important
to notice how the composition of all the evaluation activities allows the user
of the iTelos KGC process to do a complete assessment of all three layers
(language, knowledge and data values) of the EG produced, to verify that
the local diversity, represented by the Purpose, is concretely available in the
process final output.

4.7 Metadata Definition

The last section of this chapter describes the last set of activities included in
the iTelos KGC process, as depicted in figure 4.22. Such activities, namely
Metadata Definition activities, have been designed to support the distribu-
tion of the iTelos KGC process final and intermediate outputs. They are
directly connected with the Data Intermediary (DI) data distribution net-
work (LiveData), which will be detailed in chapter 5. More concretely these
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activities are responsible for the creation and publication of the metadata
which describes the diversity-aware data produced by the iTelos KGC pro-
cess.

The distribution of the iTelos KGC outputs is fundamental to enabling the
circular data economy described in section 4.1.3, where the data producer
and consumer cooperate with the aim of satisfying the needs of others. The
Metadata Definition activities act as a bridge between the iTelos KGC pro-
cess, where the diversity-aware data is produced and the DI which aims at
distributing such a resource. Nevertheless, the distribution of the resources
produced by a user, by using the iTleos KGC process, must be allowed by
the user itself, or better by the owner of the data created (that most of the
time is the process user too). The role of the DI is to liaise with the user to
find, where possible, the data distribution modality that best suits the user’s
interest, while strongly considering the user’s privacy. More details about the
mission and services offered by the DI are provided in chapter 5. To support
the distribution of the resources produced by the iTelos KGC process, the
Metadata Definition activities perform two key tasks. The first one is the
definition of the metadata that is used to show the diversity-aware data on
the DI data catalogues. The second is to concretely send the metadata, and
the relative diversity-aware data, to the DI so that they can be properly vi-
sualized and distributed online. The former task, focused on the definition of
metadata, is the main objective of this set of activities. In fact, the "quality"
of the metadata, created for a specific resource, strongly influences the visi-
bility, the findability and, as a consequence, the reusability of the resources
itself. This is why the metadata definition is also one of the core elements
of the FAIR principles (already mentioned in section 4.2). More formally,
metadata is "data that provides information about other data", but not the
content of the data itself, such as the text of a message or the image itself
14. Therefore, the "quality" of metadata, reflects how much such metadata
is suitable to describe and to provide information about, the relative data.
As reported by the metadata definition (Wikipedia), the information carried
by metadata can be focused on different aspects of the data described, thus
multiple types of metadata exist. Here below we report some of the most
common.

• Descriptive metadata: the descriptive information about a resource. It
is used for discovery and identification. It includes elements such as
title, abstract, author, and keywords.

• Structural metadata: metadata about containers of data and indicates
how compound objects are put together, for example, how pages are
ordered to form chapters. It describes the types, versions, relationships,

14Wikipedia Metadata

https://en.wikipedia.org/wiki/Metadata
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and other characteristics of digital materials.

• Administrative metadata: the information to help manage a resource,
like resource type, permissions, and when and how it was created.

• Reference metadata: the information about the contents and quality
of statistical data.

• Statistical metadata: also called process data, may describe processes
that collect, process, or produce statistical data.

• Legal metadata: provides information about the creator, copyright
holder, and public licensing, if provided.

The iTelos KGC process aims at covering the metadata definition for all the
above mentioned categories. Moreover, it adds two very important metadata
categories, namely the provenance metadata and the stratified metadata.
Provenance metadata aims to describe the source of the data and how it has
been handled and possibly modified over time, linking this information to
the users or organisations that have handled it. The provenance metadata
is fundamental for the reliability of the data, it could make the difference
between verified information and untrustworthy information. The stratified
metadata, instead, is a metadata category very specific for the diversity-
aware data produced by the iTelos KGC process. More precisely, it provides
information about how the different layers of diversity are linked together
between the different components of an EB produced by the iTelos KGC
process. Since an EB is a composition of four elements, namely the Purpose,
the LT (language diversity layer), the ETG (knowledge diversity layer) and
the EG (data values diversity layer), when an EB needs to be distributed,
it appears as four different resources (separate files) that are displayed in-
dividually in the DI data catalogues. The stratified metadata is used to
show, to the catalogue users, the relationship between the four resources
published. More in detail, the stratified metadata defined for one of the four
EB components, indicates which are the resources that have been produced
together in the same iTelos KGC process execution, relative the the other
diversity layers. For example, the stratified metadata for specific LT indi-
cates which is the Purpose for which such LT has been created, as well as
the relative ETG and EG. Thanks to the definition of this type of metadata,
the DI catalogue users can navigate among the different resources published
being aware of the diversity of the information published, at different levels
(Purpose-specific, language, knowledge and data values layer).

In the iTelos KGC process depicted in figure 4.22 four Metadata Defini-
tion activities are visible at the end of each phase execution. The activities
behaviours, in this case, are similar for all four process phases, what does
change is the input and the output, since each phase-specific implementation
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of the Metadata Definition activity is focused on the generation and distri-
bution of metadata about the relative phase-specific output. Here below we
report a description of the Metadata Definition activity as it is executed in
each phase of the iTelos KGC process.

PD Metadata Definition - The first execution of the Metadata Defini-
tion activity is present in the PD phase as depicted in figure 4.6 and in the
algorithm 2. The activity, in this phase, takes in input the formalized Pur-
pose (object number 2 in figure 4.22) and the data package (object number
3) containing the standardized datasets for the three different types of data
(language, knowledge and data values). The Metadata Definition activity
defines the metadata for all the resources produced in output by the PD
phase, represented in figure 4.22 by the objects M2 and M3D, respectively.
Then, the activity provides to the iTelos KGC process user, access to the
DI data distribution network, so that she can decide to transfer the meta-
data created, to the DI for the publication on the DI catalogues. The DI,
in agreement with the data owner, could request also access to the Purpose
and the data package produced, to enable their distribution.

LD Metadata Definition - The second execution of the Metadata Defi-
nition activity is present in the LD phase as depicted in figure 4.12 and in
the algorithm 3. The activity, in this phase, takes in input the LT, produced
in the LD phase, and defines the metadata for the LT represented in figure
4.22 by the objects M4. Then, as in the previous execution of the Metadata
Definition activity, it provides access to the DI data distribution network,
so that the process user can decide to transfer the metadata created, to the
DI for the publication on the DI catalogues. The DI, in agreement with the
data owner, could request also access to the Purpose and the data package
produced, to enable their distribution.

KD Metadata Definition - The third execution of the Metadata Defini-
tion activity is present in the KD phase as depicted in figure 4.16 and in the
algorithm 5. The activity, in this phase, takes in input the ETG, produced
in the KD phase, and defines the metadata for the ETG represented in figure
4.22 by the objects M5. Again, access to the DI data distribution network
is provided, to allow the user to distribute the metadata produced in this
phase, and eventually (based on the agreement between the data owner and
the DI) the knowledge resource generated by the execution of the KD phase.

ED Metadata Definition - The last execution of the Metadata Definition
activity is present in the ED phase as depicted in figure 4.19 and in the
algorithm 6. The activity, in this phase, takes in input the EG, produced in
the ED phase, and defines the metadata for it, as represented in figure 4.22
by the objects M6. Similar to previous executions, also in the last one, the
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activity provides access to the DI data distribution network for the publica-
tion of the metadata produced in this phase, and the distribution of the EG
created, if allowed by the data owner.

It is important to notice how the execution of the Metadata Definition activ-
ity, within each phase of the iTelos KGC process, is regulated by the interest
and the privacy protection of the user as owner of the data to be distributed.
The data owner can also decide at any process phase not to publish all or
part of the metadata produced. As a consequence, the diversity-aware data
distributed may also be published in full, in part or not at all. More details
about the data distribution possibilities offered by the DI to the data owner
(and iTelos KGC process user) are described in chapter 5. To conclude we
indicate the possibility of visualizing more in detail the metadata defined for
each specific resource published, in the appendix B.
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This chapter aims to describe the third of the three processes composing
the iTelos methodology, namely the iTelos data intermediary process. If the
data representation process and the KGC process, described in chapters 3
and 4, have the objective of representing and integrating the diversity-aware
data handled by the iTelos methodology, this last process encapsulates the
two processes defined above, with the objective of defining a clear and effi-
cient data reuse workflow. Such a workflow is based on four main phases,
namely data retrieval, data production, data integration and data distribu-
tion. The four phases of the process are detailed in section 5.5. The iTelos
data intermediary process is centred on the role of the iTelos Data Inter-
mediary (DI), as it is described below in this chapter, with the objective of
enabling the circular data economy initially considered with the iTelos KGC
process (see section 4.1.3). The key idea is to enable the reuse of the data
represented by the iTelos data representation process and built by using the
iTelos KGC process, within a process for data retrieval, production, integra-
tion and data distribution. The iTelos DI, as a provider of the process, plays
a key role in enhancing the reuse of the diversity-aware data produced by
the iTelos methodology, thus enabling the cost reduction of data generation
and integration that is only possible by considering the reuse and compo-
sition of data already produced by the iTelos KGC process itself. For this
reason, a dedicated infrastructure has been defined to support the role of
the iTelos DI in the work that she has been asked to do. This chapter is
organized as follows. Section 5.1 defines the iTelos DI role with its objectives
and responsibilities within the iTelos methodology. Section 5.2, instead, de-
scribes the infrastructure which is used by the iTelos DI to enable the reuse
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of data. The section 5.3.2 concludes the chapter by defining the iTelos data
intermediary process, as well as how it is used by the iTelos DI thanks to
data intermediary infrastructure.

5.1 The iTelos data intermediary

As already mentioned above, the iTelos DI plays a key role in the execu-
tion, but also in the definition of the last iTelos methodology process. The
DI, as defined by the iTelos methodology, is a human, or an organizational,
actor technically supported by infrastructure and a human-driven process.
While the next two sections are focused on the description of the infrastruc-
tural and processual components, this section aims, instead, at describing
the characteristics of the human iTelos DI actor.

The iTelos DI actor is a third-party role positioned between the data pro-
ducer and data consumer roles, described in section 4.1.3. It has the objective
to "fill the gap" between the two roles, by creating connections between the
consumer, which has the Purpose of being satisfied by diversity-aware data
(data-based applications and services to be implemented into a specific con-
text), and the data producer having the expertise and the skills to actually
generate the required data. As discussed in chapter 1, it is often difficult to
connect the two roles which operate usually in separate and quite different
work contexts. An example of such a situation is the public administration
that is interested in digital solutions to improve the quality of the services
given to their citizens. However, people working in public administration
are usually non-technical actors, so they have a clear understanding of the
problems to be solved (a Purpose) but lack the expertise to implement a
solution properly. On the other side, the data producer is a technical person
with digital skills having, however, difficulties in understanding the domain
or context-specific problem to be solved, due to the lack of expertise in such
a domain or context. This situation limits considerably the work of both
the two actors, as well as the possibility of solving problems with data-based
applications and services. The iTelos DI aims at linking the data consumer’s
Purpose with the data and technical expertise required for that Purpose sat-
isfaction, provided by the data producer. To this end, the interests of iTelos
DI do not include any objectives other than those related to the cooperation
between data producers and data consumers. For this reason, the iTelos DI
has to be a non-profit third party, so as not to introduce its own interests into
the cooperation between the data producer and the data consumer, with the
ultimate goal of satisfying the consumer’s Purpose and valuing the data pro-
ducer’s work, under appropriate compensation. Thanks to the coordination
provided by the iTelos DI, both the data producer and the data consumer
are induced to cooperate, the former seeing an increase in demand for its
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work, while the latter finds a way to fulfil its Purpose.

The DI intermediary as a coordinator, is the view of the iTelos methodology
regarding this role already recognized for its importance by the European
Commission, as described in chapter 2. The key intuition is that the cooper-
ation between data producer and data consumer, cannot take place without
a non-profit third party. The iTelos methodology recognizes such coopera-
tion as one of the key pillars, not only for enhancing the reuse of data, thus
reducing the cost of data, applications and services production, but also to
preserve the information diversity represented by the data supporting such
applications and services. In the era of AI, the iTelos DI has the fundamental
responsibility of protecting such diversity, by allowing and ensuring the gen-
eration, distribution and protection of diversity-aware data. With diversity
protection, in such a context we mean the ability to preserve the geograph-
ical, cultural and individual information that characterises a local context,
as well as the individuals living in it. This approach contrasts with the more
common centralised approach in AI systems, where a single data producer
collects the data from different sources and pre-processes such data with the
aim of integrating and modelling it with its own representational point of
view, thus losing some of the diversity that such data carries, or sometimes
distorting the reality that such data represents. The iTelos DI is designed to
enable data production, pre-processing and integration by local diversity ex-
perts only, who are then connected to users interested in using such data to
support AI-based systems. In other words, the iTelos DI provides both data
producers and data consumers with the processes (iTelos Data Representa-
tion and KGC processes) and tools that lead to the creation of interoperable
and reusable diversity-aware data, thus avoiding a single central interpreta-
tion of information and instead supporting a distributed and local sharing of
information diversity for a more realistic and fair use of AI-based systems.

5.2 The iTelos data intermediary infrastructure

The iTelos DI role, as it has been described in the previous section, acts as
a dedicated infrastructure designed by considering the principles the iTelos
DI aims to support. Such an infrastructure is shaped as a worldwide data
distribution network called LiveData, composed of different local nodes con-
nected and interacting together. The LiveData data distribution network
has been designed to support the creation, integration and distribution of
the diversity-aware data handled by the iTelos methodology. The key idea
behind the LiveData data distribution network architecture is the gover-
nance of the data, namely who is responsible for the creation, management
and distribution of the local diversity-aware data. In line with the iTelos DI
principles, described in section 5.1, the LiveData network is based on the
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important constraint that ownership of diversity-aware data must remain in
the hands of the people who have the right knowledge to handle it. In other
words, the data that carries information about a specific domain of interest
and is related to a specific context has to be defined and handled by people
experts in such a domain, and living in (more in general, interacting with)
such a context. In other words, the domain experts, already defined as a key
role in the iTelos KGC process (see chapter 4), are the only people who can
really express, through the data, the information diversity which can be then
exploited by data-based applications and services, into their relative context
and domain of interest. The domain experts have the responsibility to define
the data, and to declare how the data can be used and distributed. This
domain expert-centric (or "diversity-centric") approach is implemented into
the LiveData data distribution network, by adopting the data mesh architec-
tural approach [71, 23]. The choice to adopt the data mesh model to design
the LiveData network comes from the four key principles of data meshes
which are perfectly in line with the iTelos DI objective. As defined by [71],
such principles are based on (i) the decentralization of the data ownership
and management, to allow data experts to handle each data product in the
best way; (ii) the maintenance of a self-served platform for the development
of data products and the maintenance of the overall data mesh; (iii) the
quality and security assurance of the data products in the data mesh; and
(iv) the interoperability of the data product and the technologies adopted to
handle it. The LiveData data distribution network aims to implement the
four key principles of the data mesh model, thanks to a specific architecture
adopted by each node of the network, in which the iTelos KGC process, with
its tool framework, is integrated.

The data mesh implemented in the LiveData network is designed as a com-
position of local nodes, each of those defined for a specific data ecosystem.
The ecosystem term has been extracted from the description of Open Data
Ecosystem (ODE) provided in the work by Shaharudin et al [92]. In such
an inspiring work the authors report "the ecosystem evokes an image of the
well-being of the entity and, on the other hand, fulfilling one’s own needs
through the richness and vitality of the ecosystem" (Poikola et al., 2011,p.
14 [86]). They also highlighted the ever-changing nature of an ecosystem:
"With the ecosystem, we wish to highlight not only the technological systems
and institutionalized organisations but also the living, dynamically changing
network of interaction" (Poikola et al., 2011, p. 14 [86]). This hybridity
of self-interested yet interdependent actors is an essential notion of Actor-
Network Theory (ANT) asserting that "every stable social arrangement is
simultaneously a point (an individual) and a network (a collective)" (Callon
and Law 1997, p. 165 [16]). We adopted, in this work, such a description of
the ecosystem to define a LiveData network’s node as a LiveData Ecosystem
(LDE), meaning a geographical region (like a country, a province or a city),



5. The iTelos Data Intermediary Process 126

an organization or a company, as well as a single person who wants to han-
dle her own data, participating in the whole LiveData network, thus being
part of a community of data users. More concretely, an LDE is defined as
a context in which a domain expert is responsible for satisfying the need to
produce and consume data to support data-based applications and services
for the community of people living in such a context, of which the domain
expert itself is a part. The key principle behind this design choice is that
only the local nodes of the data distribution network should be the owners of,
and therefore responsible for, the diversity of information carried by the data
produced in their relative context. For this reason, only a domain expert (one
or more relative to a single context) can be an administrator of a node of the
LiveData data distribution network, as well as the owner of data distributed
through it. This decentralised approach was designed to improve the qual-
ity of data distribution and to avoid the distortion of information diversity
that occurs after reinterpretation of the data (and metadata) distributed by
a more centralised solution. Once again, as with the distribution of data,
the individual’s Purpose is crucial in defining the diversity and knowledge
for a specific context. However, such knowledge, as well as the individual
who creates it, will not grow without sharing it with the community, thus
allowing the other community members to benefit from it and, consequently,
to benefit from the knowledge shared by the other community members. In
parallel to this local data governance model, to enable the different nodes
of the network to share data and knowledge, a central agent is required to
establish and coordinate the interactions between the local domain experts,
namely the iTelos DI. To summarize, the governance model applied to the
LiveData data distribution network has to be both local and global. The
local side ensures that the ownership of data remains in the hands of the
people having the required knowledge to handle that data, thus enhancing
the data quality level. The global side ensures the connections and interac-
tion between the local domain experts, with the objective of enhancing the
data sharing, thus increasing the value and the usability of the data pro-
duced, and distributed.

The lack of quality in data distribution has been investigated by an analy-
sis conducted over existing data distribution portals (like data catalogues).
What has been discovered is that the available data distribution web portals
often provide low-quality data, in terms of missing, or “noisy”, information
carried by the distributed datasets. Another issue is the quality of the meta-
data used to describe the data distributed. Most of the time the information
provided by the metadata is not sufficient to provide to the users (interested
in reusing the published data) the appropriate level of understanding to de-
cide whether the data is what they are looking for or not. Nowadays, many
different data distribution web portals are created to distribute data about
many different domains of interest, which in turn needs to be contextualized
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in a geographical and social context. This heterogeneous situation, in which
the same information can be represented and/or interpreted differently de-
pending on the point of view of the data producer, increases the complexity
of reusing the data distributed by such web portals. The meaning of the data
(dataset attributes, dataset structures and values) and the relative metadata
is, usually, understandable only for the data producer who generated and de-
scribed the data distributed, thus remaining not discoverable for the data
consumers interested in reusing the data.

To overcome the above mentioned limitation related to data distribution
portals, the key idea underlying the LiveData data distribution network is
to support local domain experts in the creation and distribution of local
diversity-aware data. The goal is to concretely represent such a diversity in
the data distributed, and at the same time guarantee the interoperability of
such data with other diversity-aware data created, and distributed by data
producers operating in different contexts (different LDE). For this reason,
each node of the LiveData network distributes the diversity-aware data pro-
duced following the EB data model, defined in chapter 3, and integrated into
KGs using the iTelos KGC process (see chapter 4). Moreover, each LiveData
network node is responsible for the quality of the metadata used to describe
the data it distributes. The information provided by metadata should be
able to inform users looking for data for re-use about the diversity that such
data contains. The following sections aim to detail the architecture of a
LiveData node, and the architecture of the LiveData network, and conclude
with the description of the process adopted by the iTelos methodology to
distribute and reuse diversity-aware data.

5.3 The LiveData node architecture

This section defines the architecture of a single LiveData node, by describing
its components and how they are used by the iTelos DI to support diversity-
aware data reuse. More in detail a LiveData node is defined by the com-
ponents depicted in figure 5.1. As the figure depicts, there are four main
components that compose the LiveData node architecture, namely, the Data
Repository, the KGC Process, the Services, and the Data Catalogue. In the
rest of this subsection, a detailed description of each subsection is reported.
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Figure 5.1: The LiveData Node structure.

5.3.1 Data Repositories

The data repository is the architectural component used for the storage,
and maintenance of the LiveData contents, namely the diversity-aware KG
data produced by the iTelos KGC process. The LiveData repository can be
implemented by using several data management technologies ensuring data
storage, versioning, as well as data security and eventually data anonymiza-
tion (in the case of sensible data). Nevertheless, the repository’s logical
structure is uniquely defined and it has to be observed regardless of the
technology used to implement it. Such a structure takes into account the
four main types of diversity-aware data handled by iTelos methodology (Pur-
pose, Language, Knowledge and Data values), as well as the different phases
of data reuse, from the data retrieval to the data distribution through the
data transformation and integration. In addition, the LiveData repository
aims to support the various phases of the iTelos KGC process, as well as
to properly maintain the diversity-aware data in accordance with the EB
data model in order to enable access to such data. To this end, the Live-
Data repository, for each node, is internally structured in three main logical
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partitions, as depicted in Figure 5.1.

• Source Repository (SREP): this repository partition contains low-quality
data (non-diversity-aware) collected, by the data producer, from exter-
nal sources that need to be transformed into diversity-aware data. The
data stored in the source repository has a lower quality and interoper-
ability level. However, following the LiveData approach, SREP is again
divided into three sub-sections for the storage of low-quality data val-
ues datasets, external language datasets (not generated by the iTelos
process) and external reference ontologies or data schemas. The SREP
is the repository partition from which the iTelos KGC process receives
the input data to be transformed into diversity-aware KGs.

• Core Repository (CREP): this repository partition instead contains the
diversity-aware KG data that has been transformed by the iTelos KGC
process (see chapter 4). This repository partition is again internally or-
ganised to maintain all the types of data produced by the iTelos KGC
process: (i) the cleaned and formatted data values datasets; (ii) the
formal Purpose data; (iii) the language datasets (Language Teleon-
tology); (iv) the knowledge datasets (Purpose Teleology, Knowledge
Teleontology and ETG); and (v) the final Entity Graph. The CREP
is the repository partition used to store the output of the iTelos KGC
process, as well as the partition from which the diversity-aware data
are retrieved for reuse Purposes.

• Distribution Repository (DREP): the last repository partition contains
the diversity-aware data ready for distribution, together with the meta-
data used to describe such data. When the LiveData administrator
wants to distribute data stored in CREP, a copy of that data is stored
in DREP. In other words, DREP contains a subset of the data stored in
CREP. In addition, for each dataset copied into DREP, a dedicated set
of metadata is created and stored in the same repository partition. It
is important to note that in Figure 5.1, DREP is directly connected to
the LiveData distribution service, which is responsible for publishing
the metadata on the LiveData catalogues.

Internally, each partition of the LiveData repository is in turn structured
to maintain the separation between the different types of diversity-aware
content. A more detailed definition of the internal structure of each LiveData
repository partition is provided, here below; together with the data directory
subtrees for each repository partition depicted in figures 5.2, 5.3 and 5.4.
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LiveData repository

(Directory) General materials.

(Directory) Documentation

(Directory) Licenses

SREP

(Directory) Language Resources

(Directory) Natural Languages

(Directory) Domain Languages

(Directory) Knowledge Resources

Ontologies

(Directory) Data Values Resources

Datasets

Figure 5.2: LiveData repository - SREP partition

Figure 5.2 depicts the subtree representing the structure of the Live-
Data repository for the first main partition, namely SREP, and for another
top-level partition, called General materials. As general materials resources,
we mean those artefacts, like documentation, reports or license documents,
which need to be associated with the data to guarantee its proper distribu-
tion and understanding. The SREP partition, instead, is internally struc-
tured with three main directories, namely Language Resources, Knowledge
Resources and Data Values Resources. The language resource directory is, in
turn, split into two subdirectories called Natural Languages and Domain Lan-
guages. This division inside the language resource directory has been thought
to distinguish between the data, collected from external data sources, rep-
resenting natural languages (i.e., Italian, English, Spanish vocabularies) and
domain languages adopted for specific domains of interest. For example,
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in the healthcare domain, there are different domain vocabularies defining
coding values for drugs and diseases (i.e., LOINC 1, SNOMED 2). The di-
rectories that contain the knowledge and data value resources, on the other
hand, do not take into account any internal subdivision. However, the Live-
Data administrator is free to act within these directories to add any required
internal subdivisions.

LiveData repository

CREP

(Directory) Language Resources

(Directory) Natural Language KGs

(Directory) Domain Language KGs

(Directory) Knowledge Resources

(Directory) Purpose Teleologies

(Directory) Knowledge Teleontologies

(Directory) Entity Type Graphs

(Directory) Data Values Resources

Entity Graphs

Figure 5.3: LiveData repository - CREP partition

Figure 5.3 depicts the subtree representing the structure of the LiveData
repository for the second main partition, namely CREP. The CREP par-
tition is, again, internally structured with three main directories, namely
Language Resources, Knowledge Resources and Data Values Resources. For
the same reason already discussed describing the internal structure of the
SREP partition, the language resource directory, also in this partition, is di-

1https://loinc.org/
2https://www.snomed.org/
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vided into two subdirectories, one for the natural language KGs (Language
Teleontologies) and the other for domain language KGs. The knowledge re-
sources directory, instead, has to store the three types of knowledge models
handled by the iTelos KGC process, namely Purpose Teleologies, Knowledge
Teleontologies and Entity Type Graphs. For this reason, this directory is
internally divided into three subdirectories, one for each type of knowledge
model to be stored. In the end, the data values resources directory contains
the EGs produced by using the iTelos KGC process.
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LiveData repository

DREP

(Directory) Language Resources

(Directory) Natural Language KGs

(Directory) Natural Language KGs metadata

(Directory) Domain Language KGs

(Directory) Domain Language KGs metadata

(Directory) Knowledge Resources

(Directory) Purpose Teleologies

(Directory) Purpose Teleologies metadata

(Directory) Knowledge Teleontologies

(Directory) Knowledge Teleontologies metadata

(Directory) Entity Type Graphs

(Directory) Entity Type Graphs metadata

(Directory) Data Values Resources

(Directory) Entity Graphs

(Directory) Entity Graphs metadata

Figure 5.4: LiveData repository - DREP partition

Figure 5.4 depicts the subtree representing the structure of the LiveData
repository for the third main partition, namely DREP. The peculiarity of
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this partition is that it maintains not only the data to be distributed but
also the relative metadata used to describe these resources, making them
understandable and explorable by users interested in their reuse. For this
reason, the internal structure of the DREP LiveData partition follows the
same structure as the CREP one, with the addition of a dedicated metadata
subdirectory for each type of language, knowledge and data values resource.
Each metadata subdirectory contains the metadata describing the resources
stored at the same level, in the subtree of the metadata subdirectory itself.

5.3.2 KGC Process

The second main component of a LiveData node architecture is the KGC
process. This component is concretely defined by the process and the tools
framework implementing the iTelos KGC process (see chapter 4). The iTelos
KGC process, included in the infrastructure provided by the iTelos DI, allows
the LiveData users to concretely create, and integrate together, the diversity-
aware KG data following, as a consequence, the iTelos data representation
process, thus be compliant with the EB data model. In other words, this
LiveData component links together the three iTelos methodology processes,
thus supporting the iTelos methodology users in the whole process of data
reuse, by providing concrete support for data retrieval, data representation,
data integration as well as for data distribution thanks to link with the
other components of the LiveData node, more focused on the distribution of
diversity-aware data. As depicted in figure 5.1, the KGC process component,
in the LiveData node, is directly connected to the data repository component.
This connection concretely implements the interactions between the iTelos
KGC process and the iTelos DI depicted in figure 4.22. More in detail, the
KGC process component is connected to the SREP repository partition to
handle the storage of the non-diversity-aware data collected from external
data sources (not included in the LiveData network), during the first phase
of the iTelos KGC process (see section 4.2). The LiveData KGC process
component is then linked to the CREP repository partition, to store and
reuse the diversity-aware data produced along the different phases of the
iTelos KGC process. Moreover, the connection between the LiveData KGC
process component and the DREP repository partition allows the storage
of the metadata, for each diversity-aware data, generated by the different
phases of the iTelos KGC process. As shown in figure 5.1, the LiveData KGC
process component is also associated with two services, the Data Collection
and Data Transformation services (detailed below in section 5.3.4), which
use the iTelos KGC process and its tool framework to retrieve data already
stored in the LiveData repository and to transform (non-diversity-aware) or
integrate (diversity-aware) such data, respectively.
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5.3.3 Data Catalogue

The data catalogue is the most important component of the LiveData node
architecture. Depicted at the bottom in figure 5.1, it is responsible for
publishing diversity-aware data to be distributed in the LiveData network,
through the visualization of its relative metadata. More concretely a Live-
Data catalogue is a web portal designed to make the diversity-aware data
searchable, discoverable and understandable. The current section puts a
special focus on the user interface of each catalogue’s webpage. The design
of the graphic user interface (GUI) of a LiveData catalogue, is described
by reporting the graphical aspects which are in common to each LiveData
catalogue of the LiveData network. Moreover, the description of the cata-
logue web pages goes in parallel with the definition of the metadata used to
illustrate different kinds of information related to the diversity-aware data
distributed. This section shows the UI mock-ups including the features that
need to be considered to produce a complete first version of the LiveData
catalogue architecture. However, the current version of the LiveData data
distribution infrastructure contains a beta version of such catalogues, which
does not yet implement all of the features described in this section. The
current version of the LiveData catalogues 3 is undergoing a gradual update
process. Moreover, more details about the setup and development of the
LiveData node catalogue are provided in appendix A.

The efficiency of the data distributed is definitely a matter of “quality” of
the data itself. By considering the data, such a quality can be maintained
by following the criteria defined by the 5-star Linked Open Data, as well as
the FAIR principles to enhance the interoperability and reusability of the
data. Nevertheless, high-quality data is useless if it is not searchable, or if
it is not understood by the data users who can potentially exploit it. In
other words, the efficiency of data regards also the metadata used to define
it. The information provided by metadata describing the data distributed
(into many existing data distribution catalogues) is usually defined as a set
of informative fields (key-value pairs) that users can read on data distribu-
tion catalogues or other web portals. The metadata set can be richer or
poorer depending on the number of metadata fields provided for each data
item. However, the quality of metadata is not only a matter of large or small
metadata sets. Most of the time it is difficult to understand the informa-
tion provided by the metadata because the data producer, who also defines
the metadata, omits the context (the background environment) in which the
data exists by taking it for granted. Such a context is where the data can
have a stronger impact. For example, data about the public transportation
service can be better understood by knowing in which city, or area, the data
has been collected and in which period of time. Information regarding the

3LiveData main catalogue

https://datascientiafoundation.github.io/LiveData/
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context of the data can be provided at the general level by describing why
a catalogue has been created, at the dataset level with the dataset’s specific
metadata, but also at a more specific level by considering metadata describ-
ing portions of data into the single datasets. In this section are reported the
details about the LiveData catalogue design and about the LiveData cat-
alogue metadata definition, with the objective to make the LiveData data
discoverable not only readable.

The LiveData catalogue is a web portal with a graphical user interface (GUI)
made up of different web pages, with the aim of providing the users of the
catalogue with different levels of information depending on the web page
that the user is visualising. The users who want to navigate a LiveData
catalogue need to understand the definitions of “resource” and “dataset” as
they are the main elements of information collected and distributed in the
catalogue.

• A dataset is a single file containing data. A LiveData catalogue col-
lects, manages and distributes datasets according to the iTelos data
distribution process (see section 5.5).

• A resource is a collection of datasets related to the same Purpose,
intended as the Purpose that guides the execution of the iTelos KGC
process, as well as one of the four components of an EB, according to
the EB data model. For example, a resource can be “the information
about the clients of the university canteen”, named “University canteen
clients”, thus including different datasets for the different types of users
(students, professors and university staff).

Each LiveData catalogue is divided into three main web page layers which
consider the above definition of dataset and resource. The three web page
layers are defined as: the catalogue landing web page, the catalogue search
web page and the catalogue resource-specific web page. All three web pages
are detailed in the following paragraphs.
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Figure 5.5: The LiveData catalogue landing page.

The LiveData catalogue landing web page

This is the first web page that users interact with while navigating a Live-
Data catalogue. The catalogue landing page, depicted in figure 5.5, shows
first of all the catalogue name and logo, plus a short description of the cat-
alogue itself. Such a description is crucial to let the users understand why
the catalogue has been created and to collect and distribute data about
which geographical, organizational or social domain of interest. Thanks to
this first catalogue introduction the users are able to understand if the cata-
logue is suitable (contains the right resources) to satisfy their own Purpose.
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As shown in figure 5.5, the initial catalogue description can contain links
to other web pages describing projects, initiatives, organizations and other
information connected to the catalogue itself or provide more details about
why the catalogue exists. After the initial catalogue description, the “Browse
All” button allows the users to jump into the catalogue thus accessing its
resources. Below the initial catalogue description, as visible in figure 5.5, one
or more additional sections can be added to the catalogue landing page to
provide more detailed information to the users. More in detail these sections
are used to specify what is defined as “catalogue level metadata”, defined as
follows.

• Catalogue level metadata: This metadata set provides information re-
garding the data distribution portal (catalogue or other web portal), by
describing the reasons for its construction, and which types and cate-
gories (data domains) of data it is responsible for providing. Moreover,
as part of this metadata, it is possible to find the name of the organiza-
tion(s) and the administrator(s) responsible for maintaining the data
distribution portal. This information can be provided as a set of meta-
data written into a delicate catalogue’s web page (or in the catalogue
landing page like in the LiveData catalogue case), where the users can
read all the necessary information to better understand which data
they can find in the catalogue itself.

The lower part of the LiveData catalogue landing page offers the users other
options to access the catalogue resources. In fact, as visible in figure 5.5,
under the catalogue level metadata section, the landing page offers to the
users two different sets of buttons:

• Categories: Each button in this group represents a category of re-
sources collected and distributed by the LiveData catalogue. Some ex-
amples of categories are: transportation, tourism, healthcare, geodata,
sport, and others. The buttons in this group act as filter functionali-
ties allowing the user to jump into the catalogue (more precisely into
the second web page layer) where only the resources of the category
selected are shown.

• Resource Type: Similar to the previous group of buttons, in this group
each button represents a possible type of resource available in the cat-
alogue itself. In figure 5.5 it is possible to see the “Data values Data"
button, the “Language Data” button, the “Schema Data” button and
the “Graph Data” button. Those buttons allow access to the data pro-
duced by the iTelos KGC process, namely, the data values datasets
cleaned and formatted, the language datasets, the knowledge datasets,
and the Entity Graphs (EGs), respectively. Additionally, the button
“Software” is present to access software resources, like code libraries
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developed specifically for the data published in the catalogue. The
“Documentation” button, instead, allows the user to access documen-
tation resources that the users can analyse to better understand the
other (types of) resources available in the catalogue itself.

Figure 5.6: The LiveData catalogue search web page.

The LiveData catalogue search web page

The second layer of the LiveData catalogue web pages is accessible through
the “Browse All” button, or through one of the several buttons available in
the filter groups provided at the end of the catalogue landing page. Such a
layer is designed to allow the users to search the resources they are looking
for, between those distributed by the catalogue. For this objective, the
LiveData catalogue architecture offers the web page depicted in figure 5.6.
The search web page is mainly divided into two sections. The first section,
in the centre of the web page, shows the users a list of all the resources
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available in the catalogue. Each resource is displayed with its name and a
brief description. Above the resource list, a search bar allows the users to
search specific resources by using keywords. When the user types something
in the search bar, the list below is filtered by showing only the resources
having, in the name or in the description, the keywords written in the search
bar. By clicking the name of a resource in the list, the users can jump into the
third web page layer of the catalogue, illustrating the information regarding a
specific resource. The second section, at the left side of the web page, allows
the users to apply the filters that were already available in the landing page,
by clicking the labels grouped by category of resources and type of resources.
Each label corresponds to a category or a type of resource respectively. By
clicking a label, the filter is applied over the resource list, displayed in the
centre of the web page, where only the resources corresponding to a specific
category or type remain visible. The users can select only one label per filter.
In other words, one label is in the category group and another label can be
selected in the resource type group. Moreover, each filter label is associated
with a resource counter (visible close to each label, in figure 5.6) indicating
how many resources of that category, or type, are available in the catalogue.
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Figure 5.7: The LiveData catalogue resource specific web page.

The LiveData catalogue resource specific web page

The third layer of the catalogue web pages has been designed to provide in-
formation about a specific resource. A mock-up example of a single resource
web page is depicted in figure 5.7. As clearly appears in the figure, the left
side of the web page is a space dedicated to the information about the orga-
nization that is responsible for the specific resource. Such a space reports the
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organization logo plus a brief description of the organization and its mission
(objective/Purpose), as well as the possible links to other organization’s web
pages. The core part of the web page as depicted in figure 5.7, shows on top
of the resources name and its brief description, like it was displayed in the
resources list in the previous web page. The current web page is divided into
three main sections described here below.

Resource Datasets - This section aims at providing the download links of
the different datasets that can be part of a resource. This section actually is
a list of datasets, where each dataset is presented to the users through two
elements; (i) the download link immediately followed by a label indicating
the format of the file that will be downloaded by clicking on the link; and
(ii) the datasets level metadata. Such metadata are specific information
regarding the single dataset (for example, the dataset size and the dataset’s
last modification date). Here below is a list of the most important dataset-
level metadata provided by the LiveData catalogue.

• Metadata glossary : Even if a catalogue’s data is described by a rich
metadata set, it can be difficult for the catalogue’s users to understand
the meaning of metadata keywords. For example, by reading the meta-
data keyword “Data Owner”, it is not clear which is exactly the role of
the owner related to the data, what the owner can do and if the owner
is the reference person for specific uses of the data. To mitigate this
lack of information, a best practice is to create a dedicated catalogue’s
web page where all the metadata fields are described, with the objec-
tive of disambiguating their meaning and increasing the user’s level of
understanding about the data distributed. To be even more efficient
each catalogue’s web page reporting different metadata for different
types of datasets (or resources) can provide a link to the metadata
glossary (metadata description web page) so that it is immediate for
the users to access such information. The LiveData catalogue provides
access to the metadata glossary, as depicted in figure 5.7, through a
link located at the top-right corner of each different metadata table
(listing different metadata).

• Reference Data values, Language and Schema metadata: As reported
by the research works [12, 45] that led to the creation of the iTelos
diversity-aware data, the information that can be extracted, and used,
from the data is not always maintained in the single datasets that most
of the nowadays catalogues and data web portals are used to provide.
The information is stratified into different layers which can be sepa-
rated into different datasets (diversity layers) to be exploited individ-
ually or as a composition (diversity-aware data). The LiveData data
distribution is based on such stratification too, and for this reason sup-
ports the distribution of 4 types of resources: language data, schema
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data, data source and graph data. Such stratification is reflected also
at the metadata level, by the definition of particular metadata fields
able to link datasets with their own schema, language and data values
datasets (when they exist). Thanks to these metadata fields, the Live-
Data catalogue’s user can perceive the stratification described above,
and thus be able to exploit the resources individually or as a composi-
tion. This metadata is provided as links to other (or other catalogue)
resources, namely “Reference Language Data” and “Reference Schema
Data” (if the explored dataset is a graph-based dataset, there will also
be the “Reference Data values Data”). As it is visible in figure 5.7, such
links are available in the dataset-level metadata table.

The metadata visualized in this section is defined to link the cata-
logue web pages describing datasets generated by the same execution
of the iTelos KGC process. To better understand such a catalogue
feature, we define the iTelos transformation of a given "low-quality"
(non-diversity-aware) dataset, named X, into a diversity-aware data
package, composed of four content types, where S is the data values
dataset, L is the language dataset, K is the knowledge dataset and G
is the composed graph-based dataset. The metadata set published on
the catalogue web page for dataset G contains the link to the catalogue
web pages describing datasets L, K and S, thus linking the graph-based
dataset to the LiveData contents used to build it. Following the same
approach dataset K has specific metadata linking to the web page for
dataset L, which has been used to define its ETypes and properties
names. Such connections between the LiveData contents, represented
by dashed lines in figure 5.1, implement at the catalogue level, the com-
positionality of the contents handled by LiveData, or, in other words,
the stratified composition of an EB, as defined by the EB data model.
It is important to note how, the metadata defined for a dataset in the
current LiveData node, can link to the dataset’s web page published
on the catalogue of another node since the external dataset has been
reused to generate content of the current LiveData node. For exam-
ple, a knowledge dataset of one node can be reused to generate the
graph-based dataset of other nodes. For this reason, in Figure 5.1, the
LiveData catalogue is linked to other LiveData nodes by a dashed line,
describing the metadata links between two or more nodes.

• Codebook : most of the time catalogues, and other data web portals,
provide metadata about the data, by describing characteristics of the
datasets (CSV file, JSON file, RDF file, and other kinds of datasets).
However, the users are not able to understand how to concretely ex-
ploit the data, because they don’t know how such data is structured
inside the datasets. The users will discover that only once the data
is downloaded. To save time, and the cost of data download (the
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download may be chargeable), a best practice is to create a catalogue’s
web page for each dataset distributed, explaining the content of the
dataset. Such an explanation can be done by describing the meaning
of the properties composing the dataset schema, as well as describing
the values that can be associated with such properties. Such a set of
information is called codebook and it is implemented as a web page,
and accessed through the link available in the dataset-level metadata
table, as depicted in figure 5.7.

• Visualization page: to integrate the information provided by the in-
ner metadata, another best practice is to provide, on the same web
page or in a separate one (through a dedicated link), the possibility to
explore the data by navigating its content. Concretely speaking, this
can be offered to the users through a data visualization tool allowing
the navigation of a portion of the datasets. The implementation of
this functionality for the catalogues increases the level of understand-
ing of the users about the data distributed. Nevertheless, this feature
requires considerable effort due to the fact that different types of data
require different visualization tools. For example, a tabular dataset
and a graph-based dataset cannot be navigated in the same way. In
figure 5.7 the link to each dataset’s visualization page is available in
the dataset-level metadata table.

Resource Metadata - The resource metadata section provides the meta-
data at the resource level. Together with the relative metadata glossary (like
for the dataset-level metadata) such information is provided as a tabular list
of key-value pairs, where each row represents a resource-specific metadata.
For this type of metadata, the iTelos methodology provides a predefined
metadata schema to be adopted as a minimum and mandatory requirement,
which can be then extended by the data producer to add more resource-
specific metadata. Figure 5.8 shows a real use case example of resource level
metadata, extracted from an existing LiveData catalogue 4 developed to col-
lect and distribute data about the organization of the university of Trento
(Italy) as well as its education and research activities.

4LiveData UNITN

https://datascientiafoundation.github.io/LiveDataUNITN/
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Figure 5.8: Resource specific metadata in LiveData catalogue.

Resource Application & Project - The last section of the LiveData cat-
alogue resource-specific web page collects the so-called “project and applica-
tion level metadata”. This type of metadata provides information regarding
the projects and applications that have been done by using the data dis-
tributed by a catalogue. The number of applications and the number of
projects, together with their descriptions are part of the information de-
scribed by this metadata. This metadata can be provided on the same
web page together with the other catalogue’s metadata or on a separated
catalogue’s web page. The user, by reading this information can better un-
derstand how the data distributed by the LiveData catalogue can be used.
If there are no known projects or applications already developed with such
data, it can be useful in any case to provide some examples of usage of the
data exploitation, in order to give some hints to the users who are interested
in understanding how to produce concrete value (application and data-based
services) by using the data. As depicted in the lower part of figure 5.7, the
project and application metadata can be provided as a list of projects and/or
applications which have been developed by using the resource described by
the relative web page. Each item of such a list is represented with the name
of the application/project and its brief description. The item’s name, in the
example provided by figure 5.7, is a link which leads the user to a separate
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web page where the relative project or application is illustrated. Neverthe-
less, other solutions can be adopted to show the information regarding each
application and project.

5.3.4 Data Services

The services are the components of the LiveData node architecture that
allows LiveData users to interact with the node, thus actually implement-
ing the communication between the LiveData network and its users. The
LiveData users can be both the administrators of the nodes, who use the
LiveData services to collect, transform and distribute new data and users
who are not involved in the administration of the LiveData network. The
latter category of users is interested in using the LiveData services to browse
and download the diversity-aware data published on the LiveData catalogue.
To support the needs of such users each LiveData node provides four services,
as depicted in figure 5.1. It is important to mention that the implementation
of the LiveData services is dependent on the software and hardware environ-
ment in which the LiveData node is deployed. While the above described
LiveData node components are more technology-independent, the LiveData
node services define the interaction between the LiveData components, as
well as between such components and the LiveData users. For this reason,
their implementation has to be aligned with the local context. Although the
first stable implementation of the LiveData node services is considered by
this research as part of future work, we report here below the definition and
objectives of each LiveData node service.

• Data Transformation: the data transformation service is used by the
LiveData node user, playing the role of data producer, to collect local
low-quality (non-diversity-aware) data with the aim of transforming it
into diversity-aware data (following the EB data model) and making it
available in the LiveData network. Such a service, as shown in Figure
5.1, is connected to the KGC process, which provides the process and
tools (iTelos KGC process) to implement the collection and transfor-
mation of data to be stored in SREP, CREP and DREP as already
mentioned describing the LiveData node repository partitions. It is
important to note that the goal of the data transformation service, is
to collect and transform existing non-diversity-aware data into data
compliant with the EB data model, thus, in other words, to apply the
iTelos KGC process as a data producer.

• Data Integration: the data integration service is used by the LiveData
node user playing, instead, the role of data consumer, to integrate
together the diversity-aware data previously transformed by the data
transformation service. This means that the data integration service
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works only with the data available in the LiveData repository, with-
out considering any other external data source. Again, as shown in
figure 5.1, the data integration service is connected to the LiveData
KGC process component, which provides access to the iTelos KGC
process along with its supporting framework. We note now how the
data transformation and data integration services, are the LiveData
node endpoints providing access to the iTelos KGC process, as data
producer and data consumer, respectively.

• Data Distribution: the data distribution service is used by the Live-
Data node user to access the diversity-aware data to be distributed
from the DREP repository partition, with the aim of making it avail-
able to the users (or systems) that require it. As depicted in figure
5.1, the LiveData node data distribution service is connected to (if not
directly integrated with) the LiveData node catalogue, where it imple-
ments the access policies and the download of the required diversity-
aware data. The data download can be implemented in different ways
depending on the data distribution policy defined by the data owner.
For example, one LiveData node can implement this by submitting a
download request to the data owner, while another node may imple-
ment this by an automatic download procedure. Moreover, the data
distribution service is connected to the DREP repository partition, to
retrieve and distribute the data stored in such a repository partition.

• Data Search: the data search service is used by the LiveData node users
to look for diversity-aware data suitable to satisfy their own Purpose.
The search service is used directly in the LiveData node catalogue,
thus allowing the users to browse the data by exploring the values
of the metadata defined to describe it. For this reason, in figure 5.1
the data search service is connected to the LiveData node catalogue.
The search service can be implemented in different ways, with more
or fewer search features, with the objective to improve the quality of
the services given to the LiveData catalogue users. The first basic
implementation of such a service is present in the LiveData catalogue
search page, where catalogue users can search for resources of interest
by the values of the metadata used to define them.
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Figure 5.9: The LiveData network architecture.
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5.4 The LiveData network architecture

The objective of this section is to describe the architecture of the LiveData
data distribution network, by describing how the LiveData nodes are dis-
tributed over the LiveData data mesh network, as well as how they interact
with each other thanks to the iTelos DI coordination. Figure 5.9 depicts a
representative example of a portion of the LiveData data distribution net-
work, including different nodes, as well as the users interacting with such
nodes. This figure is actually a more detailed representation of the LiveData
Space represented in figure 4.5 showing how the iTelos KGC process inter-
acts with "external" data sources (out of LiveData network), and "internal"
data sources (nodes of the LiveData network). The composition of the two
figures provides a complete overview of the interactions between the iTelos
KGC process and the LiveData network, driven by the Purpose of the iTelos
methodology users, both data producers and consumers. For this reason, in
both the two figures, a general ("external") Data Space, is present in the
background, representing the space of data composed by all the other avail-
able data spaces. From this background data space, the iTelos data produc-
ers collect low-quality (non-diversity-aware) data (grey dots connected with
data producers by black arrows in figure 5.9), with the objective to transform
it into diversity-aware data, following the iTelos data representation process
(based on the EB data model), implemented concretely by the iTelos KGC
process, which is available within the architecture of each LiveData nodes.
The key idea for the future of the LiveData network is to work towards the
definition of an agent-based system that can automatically support the users
of the data community defined by the iTelos DI infrastructure, in the cre-
ation, integration and distribution of their diversity-aware data. Another
important thing that is visible in figure 5.9 is the fact that different types
of LiveData nodes are present in the network. Even if such nodes have the
same architecture, as described in section 5.3, different types of nodes act
with different Purposes within the network. In this section we describe the
different types of nodes present in the LiveData data distribution network,
how they act in the network, as well as how they interact with each other.

LDE nodes - The first and most common type of nodes, in the LiveData
network, are those used to handle diversity-aware data for a specific LDE.
The LDE, already defined in the previous section, defines the spatial, tempo-
ral and social boundaries of the diversity-aware data handled and distributed
by this node. In figure 5.9, the LDE nodes are represented by the solid line
boxes named LiveData A, LiveData B and LiveData C, respectively. Each
LDE node in the LiveData network is structured following the LiveData
node architecture thus including the four main components, namely the data
repository, the KGC process, the data catalogue and the data services. As
described in section 5.3, and visible in figure 5.9, the LDE nodes can be con-
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nected to each other through the links (blue arrows in figure 5.9) concretely
implemented by the values of the metadata used to describe the resources
published on the LiveData node’s catalogues. Such metadata values, in fact,
can link to resources published by other LiveData nodes catalogues. For
example, if a knowledge resource (i.e., KT or an ETG) is adopted in two
different LDEs. Moreover, a LDE node, in the LiveData network, interacts
with the iTelos methodology users (black arrows in figure 5.9), both data
producers and data consumers, living in the ecosystem for which the LDE
node has been defined. As already described in section 5.3, the users interact
with the LiveData nodes through the services provided by the node archi-
tecture, allowing each user to transform and integrate, as well as to search
(through the catalogue) and download the data they are interested in. An
example of an LDE node is the LiveData node, called LiveData UniTN 5,
developed to collect and distribute data about the organization of the uni-
versity of Trento (Italy) as well as its education and research activities.

Mediators nodes - The second type of nodes present in the LiveData net-
work are called Mediator nodes. These nodes can be defined as instruments
of the iTelos DI used to improve the interoperability and reusability of the
diversity-aware data produced by the other nodes of the network. Medi-
ator nodes are nodes within the LiveData networks administrated directly
by the iTelos DI (as a third non-profit role) producing, and distributing
standardized reference resources. More in detail, the mediator nodes are
two nodes within the LiveData network, one distributing knowledge-layer
resources (like KTs, and ETGs), represented by the LiveKnowledge 6 green
component in figure 5.9, and another one distributing language-layer re-
sources (like LTs, natural and domain languages vocabularies), represented
by the LiveLanguage 7 purple component in figure 5.9. The knowledge and
language resources provided by the mediator nodes are reference resources
that can be reused to represent information about a specific domain of in-
terest. Such resources have a high level of quality in terms of knowledge
and language representation, modelling well-known concepts and ETypes
largely adopted in specific domains of interest. Moreover, all the resources
distributed by the LiveData mediators nodes have been already aligned with
the UKC’s LO, thus being more interoperable and easily integrable adopting
the iTelos KGC process. Examples of knowledge resources distributed by the
LiveKnowledge mediator node are the DBpedia KT 8, and the Open Street
Map (OSM) KT 9. An example of a language resource distributed by Live-

5LiveData UNITN
6LiveKnowledge catalogue
7LiveLanguage catalogue
8DBpedia LiveKnoweldge KT
9OSM LiveKnowledge KT

https://datascientiafoundation.github.io/LiveDataUNITN/
https://datascientiafoundation.github.io/LiveKnowledge/
https://datascientiafoundation.github.io/LiveLanguage/
https://datascientiafoundation.github.io/LiveKnowledge/datasets/the-dbpedia-ontology/
https://datascientiafoundation.github.io/LiveKnowledge/datasets/osm-teleontology/
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Language, instead, is the vocabulary of Tunisian Arabic language 10. The
iTelos DI, through the LiveData mediators node, support the generation of
interoperable diversity-aware data for the LDE nodes of the network. The
term "mediators" used to define this type of LiveData nodes, comes from
the agent systems community, in particular from the work of Finin, Tim, et
al. [31] where facilitators and mediators agents are described as "agents that
perform various useful communication services" with the goal of enhancing
the sharing of knowledge. This definition is actually in line with the objec-
tive of the iTelos DI mediators nodes, by considering also the future vision
of an agent-based LiveData network.

Individual nodes - The third type of nodes included in the LiveData net-
work is called individual nodes, namely LiveData nodes developed and fo-
cused on the diversity of a single person. This is a very specific and particular
type of LiveData node, always designed by following the LiveData node ar-
chitecture (see section 5.3) but with the objective of creating, integrating
and distributing data about a particular Purpose, that of a single person.
The individual nodes are rarer than the LDE nodes, within the LiveData
network, for this reason, they do not appear in figure 5.9. However, they
represent the most granular support to the generation and distribution of
diversity-aware data, that the LiveData network can provide. The individ-
ual nodes allow for the sharing of data in which the diversity level is higher
with respect to the data handled by LDE nodes. As a consequence, is higher
also the information and knowledge derived from such data. In other words,
the individual nodes are the representation of the diversity of individual
people within the LiveData network. This allows each person to consider
herself as an active member of the data community supported by the iTelos
methodology. To provide a concrete example of a LiveData individual node,
let’s assume that a student of the University of Trento (Italy) decides to join
the data community supported by the iTelos methodology, thus having her
own Individual node, to collect and distribute the data about her own daily
life, thus for example:

• The university facilities she is used to frequent: the computer science
department, the university library, and the university canteen.

• The transport services she uses: the bus number 5 route and timeline,
the transport to and from the train station.

• The food facilities she is used to frequent during lunch time: super-
markets, bars and restaurants.

• And others.
10Tunisian Arabic vocabulary

https://datascientiafoundation.github.io/LiveLanguage/datasets/aeb-ukc-lexicon-/
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All the above information is focused on the student. The student’s individual
node does not contain the data of the entire transportation service database
of the city of Trento, nor the data about all the university facilities in the
city. It presents only the data that is valuable for the student’s daily life.
The student can decide what and how to add, update and distribute, by
using her own LiveData individual node. A simple example of an individ-
ual catalogue has been developed for Simone Bocca (PhD candidate), called
LiveData Simone Bocca 11.

LiveData gateway node - The last type of node present in the LiveData
network is the LiveData gateway node. It is actually a single node, which
acts as the main entry point of the whole LiveData network. The main
characteristics of these nodes are two. The first is that the architecture of
this node is different from all the other types of nodes in the LiveData net-
work. In fact, this node is composed of a catalogue only, which is actually a
catalogue of catalogues. The resources distributed by the LiveData gateway
node catalogue are actually the catalogues of the other nodes in the net-
work. In other words, in the LiveData gateway node catalogue, it is possible
to navigate and explore the metadata describing the ecosystems (also the
individual ecosystems if the relative owners allow to be accessed from the
gateway node) of the other nodes in the LiveData network. It is also possible
to access the catalogues of the other nodes directly from the catalogue of the
gateway node, by navigating through the links available as metadata values
within the pages of the catalogue of the gateway node itself (blue arrows
connecting the LiveData gateway node’s catalogue with the other network’s
catalogues, in figure 5.9). The current version of the LiveData gateway node
is accessible through its catalogue, called simply LiveData12.

5.5 The iTleos data intermediary process

This section aims to detail the last process of the iTelos methodology, namely
the iTelos DI process. Being the three iTelos methodology’s processes encap-
sulated each other, this process includes both the iTelos data representation
and the iTelos KGC processes, with the objective of providing a complete
solution for the reuse of data. This process is strongly based on the definition
of the iTelos DI, as well as on the definition of the iTelos DI infrastructure,
implemented by the LiveData network. Figure 5.10 depicts a top-level rep-
resentation of the process. Like the other two processes, already defined in
chapters 3 and 4, the iTelos DI process is composed of four phases, described
here below.

• Data retrieval : the retrieval of existing data, based on a given Purpose
11LiveData Simone Bocca
12LiveData gateway node catalogue

https://datascientiafoundation.github.io/LiveDataSimoneBocca/
https://datascientiafoundation.github.io/LiveData/
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to be satisfied, by considering both the data produced by the iTelos
KGC process, thus following the iTelos data representation process
(EB data model), as well as the existing data provided by other data
sources which need to be transformed into diversity-aware data.

• Data production: the generation of new diversity-aware data starting
from resources provided by data sources which do not adopt the iTelos
methodology.

• Data integration: the integration (or composition) of already created
diversity-aware data to satisfy a given Purpose. This phase aims to
be a solution to reduce the cost of data reuse, by exploiting the in-
teroperability of the diversity-aware KGs produced by the iTelos KGC
process.

• Data distribution: the sharing of the diversity-aware data produced
in the data production and integration phase. This phase plays a
crucial role since there is no reuse without data sharing. For this
reason, this phase is actually connected to the first phase of the iTelos
data intermediary process, thus creating a loop defining a sustainable
solution for the reuse of data.

Figure 5.10: The iTelos DI process.

The four phases of the process can be executed by different iTelos users in-
dividually (i.e., executing only one phase, or a portion of the whole process)
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or sequentially, following the entire process workflow. The four phases of
the process define how to reuse existing data to create, integrate and share
diversity-aware data. This means that different users, each one with his or
her own Purpose, can interact by performing different phases of the process.
The iTelos DI is the provider of the iTelos DI process, meaning that she
supports the iTelos methodology users along the execution of the different
phases of the process. Moreover, as already described in section 5.1, the
iTelos DI acts as a coordinator between the different users who are execut-
ing different phases of the process. For example, the iTelos DI coordinates
the interaction between a user that is acting as a data producer performing
the data production phase, and another user acting as a data consumer in
the data integration phase. Another example of coordination provided by
the iTelos DI is between a user that is distributing diversity-aware data, and
another one that is instead retrieving it, for a different Purpose. In the latter
case, the iTelos DI is responsible for establishing the appropriate connection
between who is searching for the data and who is distributing the most ap-
propriate data to satisfy the Purpose of the first user, which is performing
the data retrieval phase. The iTelos DI process defines a continuous loop
of data reuse and new diversity-aware data generation. Each phase of the
process can be a start or an end point of the process. Moreover, the process
is defined to support the cooperation between different users, under the co-
ordination of the iTelos DI. For this reason, the iTelos methodology can be
defined as a cooperative methodology for diversity-aware data (KGs) gener-
ation and reuse. The following subsections aim to provide more details for
each phase of the iTelos DI process. The process described in this section
has been elaborated in the last months of the research periods interested in
this thesis. For this reason, this section and the corresponding subsections
provide a top-level view of the process that needs to be refined in order
to provide the users of the iTelos methodology with precise methodological
and technological support for the generation and reuse of the data they are
interested in.

5.5.1 Data retrieval

The data retrieval is the first phase of the iTelos DI process. It is important
to mention that, this is the first phase we choose to describe, but actually,
being the iTelos DI process a loop, it is meaningless to define a general start
and end point for the whole process. In this phase, the objective of the iTelos
DI, as a provider of the process, is to support the user in the identification
and collection of the data she is looking for satisfying her Purpose. To this
end, the telos DI uses two main instruments, the first one is the LiveData
network, where the different LDE nodes (see section 5.4) act as entry points
for data ecosystems in which the user can search the data she is interested in.
The second instrument is the iTelos KGC process, which is accessed through
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the architecture of the LiveData node (see section 5.3) the user interacts
with. In fact, the iTelos KGC process, in its first phase (Purpose Definition
phase, described in section 4.2), allows the user to formalise her Purpose and
to collect the data needed to fulfil it. As the aim of the iTelos DI process
data retrieval phase is to search and collect data, there are two cases in which
this phase is performed by the user:

• in the first case, the data required by the user is fully available from
the LiveData network. In other words, the data that the users are
looking for has been completely processed by the iTelos KGC process,
thus transformed into diversity-aware data, and distributed to one or
more nodes in the LiveData network. In this case, the iTelos DI first
makes the iTelos KGC process available to the user, with the objective
of formalising her Purpose. Then, during the execution of the Purpose
Definition phase of the iTelos KGC process, the user is driven through
the LiveData network with the objective of matching the formalized
Purpose, with one or more of the LDE nodes available in the network.
The key idea is that the matched nodes should be those distributing the
diversity-aware data the user is looking for. Note that more iterations
over this source identification activity (see iTelos KGC process Purpose
Definition phase activities in section 4.2.1) could be required to find
the interested data. Once the right LDE nodes have been identified,
the user can use the LiveData node services to search for the specific
data she is looking for, as well as to download such diversity-aware
data through the LiveData node’s catalogue.

• In the second case, the data required by the user is not fully available
from the LiveData network. In other words, a portion of the data that
the users are looking for has not yet been processed by the iTelos KGC
process, thus transformed into diversity-aware data, and distributed to
a node in the LiveData network. Also in this case, the iTelos DI makes
the iTelos KGC process available to the user, with the objective of for-
malising her Purpose, and the LiveData network is explored to match
the nodes distributing the portion of the data available in the Live-
Data network. However, unlike the previous case, an additional step is
required. Once the interested LiveData nodes have been identified, the
iTelos DI drives the user into the next phase of the iTelos DI process,
namely the data production phase (described below in this section),
with the objective of collecting the portion of data not available in the
LiveData network, from others ("external") data sources. Note that
the data collected from data sources outside the LiveData network is
not yet transformed into diversity-aware data according to the iTelos
data transformation model, and therefore it is not compliant with the
EB data model.
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It is important to note that in this phase of the iTelos DI process, the iTe-
los DI has to find a proper match between different Purposes. One is the
Purpose of the user searching for data, while the other Purposes are those
of the users who created the diversity-aware data distributed within the
LiveData network (actually also the data outside the LiveData network is
defined based on a different Purpose). As already mentioned in chapter 1
the Purpose is always present in the data, and it is used to implicitly or
explicitly shape the data. The diversity-aware data generated by the iTelos
methodology explicitly represents the Purpose as a component of the real-
world entities represented by the data itself, following the EB data model.
This enables a simpler (semi-automatic matching) and more cost-effective
alignment between different Purposes.

5.5.2 Data production

As already mentioned in the data retrieval phase, the data production is the
phase of the iTelos DI process where the DI supports the users in the gener-
ation of new diversity-aware data. The key instrument used by the iTelos DI
in this phase is the iTelos KGC process, provided to the users through the rel-
ative component of each LiveData node. As described in the previous phase,
when the user needs to retrieve data to satisfy her Purpose, she is driven by
the iTelos DI to the LDE nodes which handle the data she requires. It may
happen that the diversity-aware data distributed by such LiveData nodes is
not sufficient to satisfy the user’s Purpose. Nevertheless, each LDE node is
managed by a domain expert actor who has the necessary knowledge to help
the user find other data sources within the same LDE (the one the domain
expert lives in and interacts with) that can be transformed into diversity-
aware data and then used to satisfy the user Purpose. In other words, the
user plays the role of data consumer, as intended by the iTelos methodology,
while the domain expert plays the role of data producer. The goal of the
iTelos DI in the data production phase of the iTelos DI process is to bring
the data producer and the data consumer into contact with each other in
order to foster their cooperation. Once the LDE node’s domain expert and
the user establish cooperation, the domain expert exploits the iTelos KGC
process to collect and transform already existing data, extracted from other
data sources into the relative LDE, into diversity-aware data required by the
user to satisfy her Purpose. The benefits of the data production phase are
threefold. The first is focused on the user, who is supported by the iTelos
DI and the local (LDE) domain expert in the fulfilment of her Purpose. The
second one instead is focused on the domain expert whose work and exper-
tise were requested by the user. In other words, the iTelos methodology,
through the coordination of its DI, enhances the status of the domain ex-
pert job, increasing its importance and the economic value of the services
it provides. This is particularly important in social contexts where people
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with knowledge and expertise find it difficult to find employment. The third
benefit relates to the LiveData network, which is enriched by the generation
of new diversity-aware data, thus actually improving its ability to support
data reuse by providing data that has already been transformed into more
interoperable diversity-aware data.

5.5.3 Data integration

The data integration is the third phase of the iTelos DI process, following
the order we are adopting to describe the whole process. As the name sug-
gests, the objective of this phase is to integrate data to satisfy a given user’s
Purpose. There are two key intuitions that allow this phase to be more
cost-effective in terms of time and effort. The first is to use the iTelos KGC
process to execute the data integration, while the second is to focus the
integration over diversity-aware data only, thus considering only the data
produced by the data production phase (described above in this section).
The diversity-aware data is more interoperable, thanks to the standard lan-
guage and knowledge resources adopted for its construction by adopting the
iTelos KGC process (data producer side). Therefore, by using the iTelos
KGC process (data consumer side) to integrate such data, the integration
cost is less costly in terms of pre-processing and time required. It is impor-
tant to note that, the iTelos KGC process is designed to take care of each
layer in which the diversity-aware data is structured, namely, Purpose, lan-
guage, knowledge and data values. Based on the above described intuition,
the data integration phase is executed by a user having a specific Purpose.
The iTelos DI, as provided by the DI process makes the iTelos KGC process
available to the user, which in this case acts as a data consumer. By execut-
ing the process phases, the user is able to first formalize her Purpose, which
is then used as a parameter for the navigation of the LiveData network, look-
ing for LDE nodes handling the data able to satisfy that. Once such LDE
nodes have been identified, if the data required to fulfil the user’s Purpose
is already distributed by the selected LDE nodes, the user downloads such
diversity-aware data and proceeds with the execution of the remaining iTe-
los KGC process phases with the aim of integrating such data into a unique
EG capable of fulfilling its Purpose. Instead, if the data required to fulfil
the user’s Purpose is not fully provided by the selected LDE nodes, the user
must restart the iTelos DI process from the data production phase to build
the diversity-aware data required for her Purpose.

5.5.4 Data distribution

The data distribution is the last phase of the iTelos DI process to be de-
scribed. As mentioned above, there is no data reuse without data sharing,
so the objective of this phase is to support the distribution of the diversity-
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aware data produced by the data production and data integration phases
since the composition of existing diversity-aware data actually represents
a new diversity-aware data (based on a new user’s Purpose). Therefore,
diversity-aware data is generated both during the data production phase,
when the domain expert acts as the data producer, and during the data
integration phase, when the user acts as the data consumer. The key instru-
ment provided, by the iTelos DI, to support the user during the execution
of this phase, is the LiveData network (see section 5.4) and its LDE nodes
(see LDE nodes architecture in section 5.3). On the data producer side, the
iTelos DI provides the domain expert with the ability to set up his own LDE
node with the ability to manage and distribute the diversity-aware data for
the respective LDE. On the data consumer side, the iTelos DI provides the
user with the possibility to share the diversity-aware data generated after
the execution of the data integration phase. In the latter case, the iTelos
DI connects the user, as the owner of the newly generated data, with the
domain expert who manages the LDE node appropriate for the data to be
distributed. The domain expert and the user then jointly define the best
data distribution policy to ensure the right level of protection and security
for the data to be distributed. It is important to note how such cooperation
between the user and domain expert brings benefits to both actors. The
domain expert receives new data to distribute through the relevant LDE
node, thus actually increasing the amount of information and knowledge she
can distribute. The user could decide on the best policy for the distribution
of her own data, which may include payment in the form of specific data
services in return for the data she decides to share.
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This section describes the first of the two use cases in which we applied
the iTelos methodology, with the objective of testing and evaluating its char-
acteristics. The current use case is applied in an educational context. More
in detail, we have extensively evaluated and revised the first version of the
iTelos methodology during the years 2018, 2019 and 2020 as part of the
Knowledge and Data Integration (KDI) class, a six-credit course for Mas-
ter’s Degree in Computer Science of the University of Trento1. Thanks to
the feedback received from the students of the KDI course, over the years, it
has been possible to elaborate a different version of the iTelos methodology.
More in detail, the first version of the methodology was mostly focused on
the integration of data and knowledge resources. While the new version of
the iTelos methodology is focused on the whole process of data reuse, thus in-
volving data retrieval, the representation of existing data as diversity-aware
data, as well as data integration and distribution. The new iTelos version,
which is actually the version described in the previous chapters of this thesis,
has been evaluated in the past three years (2022, 2023, 2024) as part of the
Knowledge Graph Engineering (KGE) class, a six-credit course of the Master
Degree in Computer Science of the University of Trento. See the web page
of the 2024 edition of the KGE course 2 for more details. In this thesis we
report the result of the evaluation performed over the version of the method-
ology applied in the KGE course, being the subject of this research work.
For the details about the evaluation conducted over the KDI course during
the years 2018, 2019 and 2020, it is possible to see the works [37, 11]. The
following sections of this chapter provide a description of the KGE course
and the projects carried out by the KGE students in which they applied the

1KDI-2020 web site
2KGE24 webpage
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iTelos methodology over the years. The last section reports the results of
the evaluation carried out by the students of the KGE course by means of
dedicated questionnaires.

6.1 Knowledge Graph Engineering (KGE) course

In order to provide a clear context for the iTelos evaluation performed in
this use case, this section aims to describe the KGE course. As already
mentioned above, KGE is a 6-credit course, taught in English in the Master
Degree in Computer Science of the University of Trento (Italy), having the
following objectives.

• To explain the problem of data reuse by describing not only the pro-
cessing of the data but also its heterogeneous representation at dif-
ferent levels. Furthermore, the course aims to explain data reuse by
considering the effort required for data retrieval and data distribution
activities.

• To teach what are Knowledge Graphs, which are their possible usages
and features, and what it means to build a KG. During the curse, the
students will discover the different issues to be addressed when a KG
is built, learning which are the activities to be executed to that end,
as per the current state of the art on Knowledge Graph Engineering.

• To teach the iTelos methodology as a solution for the data reuse prob-
lem, applied for the construction of KGs composed into EBs. Moreover,
such a process will be supported, within the course, by the usage of
specific tools and libraries that the students will learn in order to solve
the issues encountered.

KGE is a 14-week, 48-hour, advanced course on how to develop a Knowledge
Graph (KG) starting from data – to be cleaned and adapted – which are
already available. This is a hands-on course. After a few introductory classes,
students are given a problem to solve and they will build a knowledge graph
to solve this problem. A limited set of teaching materials is available, mainly
in the form of slides. The student will learn mainly by doing the actual work
and by interacting with the teacher and tutors. More in detail the lectures
of the course are organized as follows.

• The first 4 weeks of the course consist of theoretical lectures, where
the lecturers explain the problem, the state of the art, as well as a top-
level view of the solution (iTelos methodology) applied with its basic
principles. The lectures in this first course’s phase are supported by
slides and reference material, discussed in class and provided to the
students.
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• Starting from the 5th week, when students are assigned a project to
carry out (more details about the KGE projects are available in section
6.2), the KGE lectures become both theoretical and practical, and
mainly focused on teaching the iTelos KGC process. Therefore, for
each theoretical lecture describing a phase of the iTelos KGC process,
a practical lecture explains how to concretely execute the phase over
concrete examples (demo of the tools and running examples are used
to teach practical lectures).

• Additionally, after the explanation of each phase of the iTelos KGC
process (after both the theoretical and practical lecture), the lectures
provide the students with a Questions & Answers (Q&A) lecture, where
the students can ask the lecturers any kind of questions or doubts they
have about the issues encountered during the development of their
projects, or regarding the theoretical contents of the course. The Q&A
lectures have the objective of supporting the students in the develop-
ment of their projects, by addressing specific issues relative to their
projects.

After the completion of each iTelos methodology phase (both concerning the-
ory and practice), the students will have to provide an intermediate report
of the work done so far, over their projects, which will be checked and eval-
uated by lecturers. This intermediate evaluation will allow the lecturers to
lead the teams towards the right direction by correcting possible errors during
the methodology implementation. The final exam consists of a presentation
of the KGE projects developed along the course and finalized achieving the
output required by the initial project’s Purpose. In addition, some questions
can be asked, at the end of the project presentation, to evaluate the students
over the key aspects of the iTelos methodology.

The KGE course is a very important generator of data for educational Pur-
poses. The students of the course, by developing their projects, collect,
formalize, integrate and distribute new data that has been elaborated by
the iTelos methodology thus capable of reducing the overall cost of data
reuse. For this reason, at the end of each edition of the course, all the
projects developed by the KGE students are collected and published on a
dedicated LDE node of the LiveData network, accessible through its own
data catalogue, called LiveData KGE 3. The LiveData KGE catalogue is
used as an input data source for the KGE projects developed over the years
by the KGE students, thus allowing the evaluation of the data distribution
(more in general the data reuse) approach pushed by the iTelos methodology.

The KGE course was taught for the first time at the National University of
3LiveData KGE

https://datascientiafoundation.github.io/LiveData-KGE/
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Mongolia, in Ulaanbaatar (Mongolia), during the spring of 2024. A dedicated
course website has been developed for this edition of the KGE course 4.
The students experienced the development of diversity-aware data generation
projects designed over the Mongolian context, thus involving the collection
of data regarding the Ulaanbaatar (Capital city of Mongolia) geography,
transportation systems, and daily life. Moreover, the Mongolian edition
of the KGE course was the first university course of the computer science
department to be taught in English. The projects developed during the
Mongolian edition of the KGE course are available in the KGE catalogue,
together with the projects developed by the UniTN students.

6.2 KGE projects

In this section, we provide a more detailed overview of the projects assigned
to the students of the KGE course. The key idea behind the assignment
of the KGE projects is first of all to teach the students how to build a KG
able to solve the problem identified by a project’s Purpose. While a second
objective is to produce high-quality data, over specific domains of interest,
which can be reused in the following edition of the course, thus supporting
the iTelos data reuse approach. Each project is assigned to a team composed
of two (or eventually three) students. The idea is that the components of the
team should cover the roles required by the iTelos methodology (see section
4.1.2). At the beginning of the KGE course, the lecturers present different
project proposals, which the students have to choose and develop during the
course. Each project proposal is defined by three components:

• The informal Purpose: It is provided as a natural language (English)
text and represents the objective to be achieved by developing the
project. Here below we report an example of informal Purpose ex-
tracted from the KGE project proposals defined for the edition 2024
of the course.

The Purpose of this project is to engineer a Knowledge Graph able to
support applications and services providing information about the

main Tourism Facilities (like Hotels, Restaurants, Museums, Natural
parks, and others) on the Trentino Province territory.

• The data resources: it is a list of data sources from which the students
can collect the data to be used to fulfil the relative Purpose. The data
resources provided with the informal Purpose example described above
are the following:

4KGE 2024 NUM

https://kde-milab.github.io/num-kge-2024-website/
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– Trentino OSM - collect your data : this is a link to the Open Street
Map (OSM) data portal from which the students can collect the
geographical data they need.

– KGE22 - Trentino Tourist Facilities : this is a link to a project
from the 2022 edition of the KGE course, from which the students
can reuse useful data, since the two Purposes are focused on the
same domain of interest.

– ISTAT Turismo : this is a link to the ISTAT data portal from
which the students can collect data they need.

– OPEN DATA TRENTINO : this is a link to the Open Data por-
tal of the Trentino Province (Italy) from which the students can
collect the geographical data they need.

• The knowledge resources: it is a list of knowledge sources from which
the students can collect the data to be used to fulfil the relative Pur-
pose. The knowledge resources provided with the informal Purpose
example described above are the following:

– Open Street Map - Trentino Territory Teleontology.
– SCHEMA.ORG
– SCHEMA.ORG LOV
– GTFS STATIC
– GTFS LOV
– TIME ONTOLOGY

The knowledge resources are data sources to be considered for the
download of standardized knowledge models which could be reused to
represent the ETypes and properties of the KG to be developed by the
students, according to the relative Purpose.

The data and knowledge resources provided for each project proposal can
be enriched by the students, if new data sources, distributing required data,
are discovered during the first phase of the iTelos KGC process. The three
components of each project proposal, represent the initial input of an execu-
tion of the iTelos KGC process (see section 4.2). The students of the KGE
course, along the course duration, develop a KG (more in detail an EG) able
to satisfy the Purpose given by the project proposal they chose, by following
the different phases of the iTelos KGC process. Each project is supported
by a dedicated GitHub repository where students upload intermediate re-
sults for each completed phase. At the end of the course, the results of each
project are stored in these repositories and described by a dedicated webpage
(project webpage). Thanks to the metadata created by each student team,
each project and each output produced can be published in the LiveData
KGE catalogue, ready to be reused in other iTelos projects.

https://www.openstreetmap.org/#map=16/46.07377/11.12364
https://datascientiafoundation.github.io/LiveData-KGE/datasets/tourist-facilities/
https://www.provincia.tn.it/Documenti-e-dati/Risorse/Elenco-dei-referenti-ISTAT-per-il-settore-turismo
https://dati.trentino.it/
https://drive.google.com/file/d/1-YjOjd--YVtPZRfeyPlZSY9IUY2_-bbg/view?usp=sharing
https://schema.org/docs/full.html 
https://lov.linkeddata.es/dataset/lov/vocabs/schema
https://gtfs.org/schedule/reference/
https://lov.linkeddata.es/dataset/lov/vocabs/gtfs
https://lov.linkeddata.es/dataset/lov/vocabs/time
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6.3 iTelos methodology evaluation

The choice of the educational context and the set-up described above is
twofold. First, we were able to observe the extent to which the iTelos
methodology was appropriate for driving a group of skilled computer sci-
entists, having limited background in knowledge engineering, through the
entire KGC process. This is an important aspect if we consider that the
iTelos methodology aims at supporting the creation of high-quality KGs by
people who could have little or no expertise in KGC techniques (like many
domain experts). Second, the context of the course allows to define a proper
schedule for applying the entire methodology and for observing the timing
aspects related to the execution of each phase of the iTelos KGC process.
Notice that preliminary versions of the iTelos methodology were adopted
and validated within the context of European projects. Below, we report
the evaluation of the methodology related to a period of three years (2022,
2023 and 2024) 5. Throughout this period, the methodology has been re-
fined after each course cycle by addressing the feedback provided by the
students and the experts. Table 6.1 shows the demographic distribution of
the students engaged in validating the iTelos methodology from both the
quantitative and qualitative perspectives.

2022 2023 2024 Tot
# Students 25 11 28 64
# Project teams 15 6 13 34
% Male 64% 66.7% 64.3% -
% Female 36% 33.3% 35.7% -
% Undergraduate 24% 33.3% 21.4% -
% Post graduate 76% 66.7% 78.6% -

Table 6.1: Evaluation’s subjects in KGE class - 2022, 2023, 2024.

The results of the first quantitative evaluation are reported in figure 6.1.
We show three heat maps containing the answers to a set of quantitative
questions submitted to users. The full set of questions can be found in the
questionnaires used to collect the relative answers (we link the version of
the questionnaire used in the edition 2024 of the KGE course 6). We have
selected 5 criteria, extracted from the questionnaire’s answers, to evaluate

5The methodology was also tested in 2019, 2020 and 2021, when it was taught in
a previous version of the KGE course, called Knowledge and Data Integration (KDI).
However, significant updates changed the methodology and led to the definition of a new
course (KGE) with a more appropriate evaluation. For this reason, the KDI evaluation is
not reported in this work.

6KGE-2024 methodology questionnaire

https://forms.gle/Ecr4jhTL29BtivAD9
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the user’s perception and the usability of the iTelos methodology. Such
criteria, described here below, are evaluated by the iTelos users within the
range [1, 5] where 1 represents the most negative score and 5 is the most
positive.

• Efficiency : this criterion refers to the extent to which the iTelos Method-
ology, as applied to the user’s project, is a good solution for solving the
assigned problem, thus satisfying the initial Purpose. Low-efficiency
scores indicate that the methodology is not a good tool to achieve
the Purpose. On the other hand, high values indicate that the iTelos
methodology is an efficient solution and is likely to be used again to
solve similar problems.

• Structure: the second criterion refers to the extent to which the iTelos
Methodology has a well-organized structure or not. Low scores for this
criterion indicate that the methodology was perceived as confusing,
cluttered, and therefore more difficult to use. On the other hand, high
scores indicate that the methodology results are well organized and
more easy to use.

• Support : this criterion refers to the extent to which the iTelos Method-
ology is able to support the user in the execution of the different phases
through its internal activities as well as through the tools provided.
Low support scores indicate that the methodology is too broadly de-
fined, resulting in more work for the user to interpret and implement
through her own tools. On the contrary, high scores indicate a good
level of support received by the user thanks to the activities and frame-
work of the iTelos methodology.

• Innovation: this criterion refers to the level of innovation recognised in
the iTelos methodology. This criterion indicates how much the method-
ology is perceived by the users as a novel solution to the data reuse,
and data integration problems. Low innovation scores indicate that the
methodology is perceived as a more conservative solution, and therefore
more similar to existing solutions that may be preferable to this one.
On the other hand, high scores indicate the novelty of the proposed
solution and therefore a greater future use of the iTelos methodology.

• Understandability : the last criterion relates to the extent to which the
iTelos methodology is easy to understand and thus learned by new
users. Low scores for this criterion indicate difficulties in learning the
methodology and therefore less use of it. On the other hand, high
scores indicate a clear understanding of the methodology and therefore
an easier solution to learn for new users.
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The aim was to observe whether the overall evaluation of the methodology
over the entire three-year period showed an increasing quality of the method-
ology from the users’ point of view in relation to the selected criteria. This
point is validated by observing the heat maps related to the years 2022,
2023 and 2024. Indeed, the reader can appreciate the scores shifted to the
right part of the heat map, in particular for what concerns the Support and
Understandability criteria. The latest version of the methodology, taught in
the 2024 edition of the KGE course, received good feedback, as shown in the
heat map (c) in Figure 6.1, where scores for all evaluation criteria are higher
on the positive side of the heat map (right).

Figure 6.1: Usability of the methodology: (a) 2022, (b) 2023, (c) 2024

iTelos users were also asked to answer a number of qualitative questions as
part of the questionnaire to gather more detailed feedback. Below we report
some of the responses we received. The weaknesses and negative feedback
about the iTelos methodology are reported first, by indicating the edition of
the KGE course from which they were extracted. The strengths and positive
feedback are then reported to show how the updates to the iTelos method-
ology improve on previous versions.
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Weaknesses:

• KGE 2022 edition: "I found some steps unnecessary and only to induce
confusion. I would also make the approach a bit more data-centered,
meaning taking available data into account before defining the Pur-
pose."

• KGE 2022 edition: "There were some blurred boundaries between the
phases."

• KGE 2022 edition: "I’d say that a negative aspect of the methodology
is that it’s not straightforward and unless you do a concrete project,
it’s very blurry."

• KGE 2022 edition: "If you find out that something does not work you
have to change things for all the previous phases, this require time for
non experts."

• KGE 2022 edition: "Lack of documentation/tutorials."

• KGE 2023 edition: "A bit confusing in what each phases produces."

• KGE 2023 edition: "Some parts are really confusing to execute and
need more time than others."

• KGE 2023 edition: "The methodology often requires backtracking to
previous phases to fix thing and it can be annoying at times."

• KGE 2024 edition: "One negative aspect of the methodology is that
certain steps, such as data collection, are highly time-consuming. Ad-
ditionally, the dependency on accurate and sufficient data may pose
challenges in maintaining efficiency and consistency."

• KGE 2024 edition: "Certain aspects of the methodology, such as data
collection, are often highly time-consuming and, due to the nature of
the project, may not yield high-quality results. This can be attributed
to the insufficiency of existing resources or the challenges in extracting
specific data."

The above negative feedback from KGE students over the three-year evalua-
tion period highlights some important lessons. Firstly, it was clear that the
previous versions of the methodology (2022 and 2023) were still confusing
and not well structured, resulting in an inability to properly support new
users who lacked the necessary expertise in KGC. Even though the method-
ology was designed to allow users to go back to previous phases and run
them again for refinement Purposes, the structure and execution flow of
the methodology were not able to support such a process, thus resulting in
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annoying and time-consuming. The 2024 edition of the course, instead, re-
vealed an aspect that has been already investigated in this research. Indeed,
more the one student reported difficulties, and considerable effort to be spent
in the data collection activity, by linking that to "insufficiency of existing
resources". This important feedback confirms the high cost of building a
KGC when reusable data is lacking, highlighting once again the importance
of providing high-quality data.

Strengths

• KGE 2022 edition: "Helps to order the steps to create a complex
project."

• KGE 2022 edition: "It clarifies the necessary steps for developing the
KG and avoids the out-of-scope implementations."

• KGE 2022 edition: "It forces you to follow the necessary steps that
you might have missed in other case without it."

• KGE 2022 edition: "Step by step progression on the project that helps
with time (and possibly cost) management."

• KGE 2022 edition: "Lots of chances to correct the mistakes made."

• KGE 2022 edition: "Step by step. Some steps are easy. Reusability.
Alignment."

• KGE 2023 edition: "In theory it is very innovative and important in
order to improve the quality of the data used in projects, so that further
reusability can be ensured."

• KGE 2023 edition: "Easier to be sure you respond at the good answer."

• KGE 2023 edition: "Having distinct phases helps with organization
and use of the Purpose helps in clearly stating what the final product
should provide."

• KGE 2023 edition: "Kind of clear relation between different steps of
the methodology. I mean you can find why you should do some steps
before more precise and prepare them for the next steps."

• KGE 2023 edition: "Learning and enriching the lexical terms."

• KGE 2023 edition: "It defines precisely the different phases required
to build a kg."

• KGE 2023 edition: "The definition of the Purpose at the beginning
of the methodology is a good idea which allows data engineer to do
not loose focus on which will be the final objective of the Knowledge
Graph."
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• KGE 2023 edition: "Reusability of what you produce is one of the
main request you have to consider."

• KGE 2024 edition: "Understandable without previous knowledge."

• KGE 2024 edition: "The iTelos methodology offers several positive
aspects: it facilitates the creation of reusable knowledge graphs by de-
veloping independent data and schema levels, improving the reusing of
prior work. Furthermore, iTelos ensures that the resulting applications
are both cost-effective and reusable."

• KGE 2024 edition: "Allows simple adjustments or changes to earlier
phases if needed."

• KGE 2024 edition: "Data Reuse."

The positive feedback listed above reveals some important lessons to con-
sider. The first is that in 2022 and 2023, even if the methodology was
not yet structurally suitable (as indicated by the evaluation weaknesses
reported above), it was nevertheless a useful tool for developing complex
projects where the order of the activities to be carried out is a crucial as-
pect. The backtracking process, which some of the KGE students found
time-consuming, was associated with the useful possibility of correcting mis-
takes and thus improving the final result. Some students highlighted as a
positive aspect the possibility of "learning and enriching lexical terms", thus
stating the importance of the concept and terms disambiguation activity.
Another important positive feedback received was about the focus given by
the methodology over the Purpose. More the one student states that this
approach is useful to "respond to the good answer", thus clearly stating
what the final product should provide. In the 2024 edition of the KGE
course, the students reported positive feedback about the understandability
of the methodology for users without previous knowledge (in KGC). Last
but not least, the evaluation of the methodology last year (2024) reported
several positive feedbacks about the data reuse, which was recognised by the
students as a crucial aspect of developing a KGC project. We think that
this important result could be related to the increasing amount of data and
examples (project examples, documentation, code scripts) produced by the
previous course editions and distributed through the LiveData KGE cata-
logue. This latter result of the iTelos evaluation suggests that the methodol-
ogy’s approach to reducing the costs of the KGC process through data reuse
is indeed working in the right direction.
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This section describes the second use case related to the iTleos method-
ology, focused on the LiveData network (see section 5.2). More in detail,
this use case describes the deployment, setup and exploitation of two LDE
nodes, developed for the University of Trento (Italy) (UniTN) and the Na-
tional University of Mongolia (NUM), respectively 1. The objective of this
collaboration, reported in [12], between UniTN and NUM, was to define the
first two LDE nodes, as part of the LiveData network, which can be used to
distribute diversity-aware data. To this end, the use case has been defined
by considering the same domain of interest, namely the university research
product and internal organisation. However, such a domain is considered
differently in two different geographical and social contexts, an Italian and a
Mongolian university. The implementation of the two LDE nodes follows the
specification indicated in section 5.3 (see also Appendix A for more details).
The first was to understand the effort and time required to develop new LDE
nodes and connect them to the LiveData network. The second objective was
to assess the extent to which the LDE nodes created were able to support the
development of data-based applications and services. The following sections
provide a description of the two LDE nodes that were created, as well as
a description of how the current nodes of the LiveData network have been
used over the last 7 months.

1The work described in this sections has been conducted by PhD candidate Simone
Bocca, together with the supervision and support of the Professor Amarsanaa Ganbold,
during a four months research period spent at the National University of Mongolia (NUM)
in Ulaanbaatar (Mongolia).
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7.1 LiveData UniTN

The LDE nodes created for the University of Trento (Italy), have been de-
fined to collect and distribute diversity-aware data about:

• the UniTN courses;

• the UniTN organizations;

• the UniTN research products (like conference and journal papers);

• the UniTN staff;

To this end, we began by collecting existing data on such a domain of interest
and transforming it into diversity-aware data using the iTelos KGC process.
The data source considered was the digital university portal 2 described by
Maltese in [72]. The data collected from such a data source was shaped as
high-quality JSON datasets, but it did not meet the diversity-aware require-
ments indicated by the iTelos methodology. More specifically, the terms used
in the JSON datasets were not disambiguated by the definition of a specific
concept, as well as there was no definition of the knowledge model used to
represent the entity involved in the JSON datasets. The iTelos KGC process
has been adopted to transform the JSON datasets into diversity-aware data.
After the execution of the process, the following diversity-aware data have
been created:

• Digital University Concepts: a language dataset collecting and describ-
ing the terms used in the Digital University data of the University of
Trento (Italy).

• Digital University Ontology: a knowledge model, representing the struc-
ture of the ETypes and properties considered.

• Digital University Data values datasets: the set of original JSON
datasets distributed as data values datasets connected with the other
diversity-aware data.

• Digital University KGs datasets: a set of KGs created for the different
ETypes involved. The execution of the iTelos KGC process generated
KGs for the following ETypes: UniTN courses, UniTN organizations,
UniTN research papers, and UniTN staff.

After the diversity-aware data generation, the infrastructural components of
the LDE node have been set up, namely the data repository and the data
catalogue. The LDE node data repository has been deployed as a GitHub
repository 3, and internally partitioned as indicated in section 5.3.1. The

2UniTN digital university
3LiveDataUNITN-Repository

https://www.unitn.it/du/info
https://github.com/datascientiafoundation/LiveDataUNITN-Repository
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LDE node data catalogue, called LiveData UNITN 4, has been deployed
and set up according to the instructions in section 5.3.3 and in appendix
A. Moreover, appropriate metadata has been defined to describe the data
published in the catalogue, according to the metadata definition indicated
in 5.3.3 and in appendix B. The UniTN LDE node has been included in the
list of the LDE nodes linked by the LiveData gateway node (see section 5.4)
in order to be accessible by the LiveData network users.

7.2 LiveData NUM

The LDE nodes created for the National University of Mongolia (Mongolia),
has been defined to collect and distribute diversity-aware data about:

• the NUM courses;

• the research conferences participated by NUM;

• the curriculum & programs offered by NUM;

• the NUM research products (like conference and journal papers);

• the NUM organizations;

• the projects participated by NUM;

• NUM buildings rooms;

• NUM staff;

The key idea was to collect and transform data about the same domain of
interest considered for the UniTN LDE node, with the objective of enabling
the sharing of information about the university environment and, possibly,
to produce data-based applications and services supporting the cooperation
between the two universities.

To this end, as per the UniTN LDE node’s data, we began by collecting ex-
isting data that was already provided by the Department of computer science
of NUM, as JSON datasets. However, also in this case, such data did not
meet the diversity-aware requirements indicated by the iTelos methodology,
thus we proceeded to execute the iTelos KGC process to generate the relative
diversity-aware data. The first difference we immediately recognised, with
respect to the UniTN context, was the language adopted by the data within
the JSON datasets. In fact, 90% of the terms were written in the Mongolian
language (which uses a version of the Russian Cyrillic alphabet with the
addition of two more letters). This linguistic aspect represents concretely

4LiveData UNITN catalogue

https://datascientiafoundation.github.io/LiveDataUNITN/
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the diversity of the Mongolian context in which a different language must
be adopted to properly describe the information entities carried by the data.
In order to address this issue of linguistic heterogeneity by preserving the
diversity of the linguistic layers of the Mongolian context, a domain expert
is required to create a context-specific language dataset. In such a linguistic
dataset, Mongolian terms are correctly associated with unique concepts and
provided with a description in both Mongolian and English, thus support-
ing data reuse in both local and international contexts. In this case, the
domain expert who supported the execution of this activity was Professor
Amarsanaa Ganbold. After the execution of the iTelos KGC process, the
following diversity-aware data have been created:

• Digital University Concepts: a language dataset collecting and describ-
ing the terms used in the Digital University data of the NUM. This
dataset contains the terms extracted from the JSON datasets, which
have been linked to specific concepts for which words and word de-
scriptions have been provided in both Mongolian and English.

• Digital University Ontology: a knowledge model, representing the struc-
ture of the ETypes and properties considered. The knowledge model
used in the Mongolian context is the same as the one used for the
UniTN LDE node’s data, plus some details added to represent specific
information to be included in the NUM LDE node’s data. Some ex-
amples of such differences are the ETypes "Room" and "Curriculum"
that are present in the NUM knowledge model but not in the UniTN
one.

• Digital University Data values datasets: the set of original JSON
datasets distributed as data values datasets connected with the other
diversity-aware data.

• Digital University KGs datasets: a set of KGs created for the different
ETypes involved. The execution of the iTelos KGC process generated
KGs for the following ETypes: NUM courses, NUM organizations,
NUM conferences, NUM staff, NUM curriculum & programs, NUM
journals, NUM research papers, NUM projects, NUM rooms.

Also for the NUM LDE node the infrastructural components of the LDE
node have been set up, namely the data repository and the data catalogue.
The LDE node data repository has been deployed as a GitHub repository
5, and internally partitioned with as indicated in section 5.3.1. The LDE
node data catalogue, called LiveData NUM 6, has been deployed and set up
according to the instructions in section 5.3.3 and in appendix A. Moreover,

5LiveDataNUM-Repository
6LiveData NUM catalogue

https://github.com/kde-milab/LiveData
https://datascientiafoundation.github.io/LiveDataNUM/
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appropriate metadata has been defined to describe the data published in
the catalogue, according to the metadata definition indicated in 5.3.3 and in
appendix B. The NUM LDE node has been included in the list of the LDE
nodes linked by the LiveData gateway node (see section 5.4) in order to be
accessible by the LiveData network users.

7.3 LiveData usages & Lesson learned

The set up of the first two nodes of the LiveData network was crucial to
understanding the criticalities and the features of the infrastructure as it as
been thought. This use case elaborated across two different contexts, the
UniTN one and the NUM one, allows for the first evaluation of the LiveData
network infrastructure. More in detail the two LDE nodes have been used
in two different moments described here below.

• Mongolian Hackathon: the NUM LDE node has been used as a data
source for the hackathon organized by the Hackum Students Club 7.
They are NUM students and ex-students interested in the develop-
ment of new digital ideas to support university life, as well as the
research and innovation community composed of ex-students of NUM.
The hackathon, organized in May 2024, involved different groups of
students who worked for two days on the development of digital web
services for the support of the NUM students. During the initial
hackathon introduction, the LiveData network has been presented with
the objective of promoting the diversity-aware approach of the iTelos
methodology, for data generation, reuse and sharing.

• KGE 2024 course project : one of the project proposed to the students
of the 2024 edition of the KGE course was described by the following
Purpose:

The Purpose of this project is to engineer a Knowledge Graph able to
support applications and services providing information about research

collaboration (published paper, project or others) between the
University of Trento and the National University of Mongolia,

describing also the different locations of the two university facilities.

Both the UniTN and the NUM LDE nodes have been provided as input
data sources for the development of this project.

Another use of the LiveData infrastructure worth mentioning is the catalogue
that collects the KGE projects along the different editions of the course.
Different students, in the evaluation questionnaire for the 2024 edition of

7Hackum Students Club

https://www.facebook.com/HackumClub?locale=it_IT
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the course, mentioned the support provided by the KGE catalogue for the
collection of data required for their projects. The data distributed by such a
catalogue has already been processed by the students of the previous edition
of the course, following the iTelos methodology, thus considerably simplifying
the work of the students of the 2024 edition of the course.
From the exploitation of the LDE nodes available in the LiveData network
in the cases reported above, we learnt very important insights, allowing us to
evaluate the LiveData infrastructure, and more, in general, the iTelos data
distribution approach. Below we report on the key findings of this evaluation.

• The first, and maybe most important, aspect we discovered while de-
veloping the LiveData network, was the need to be focused on the local
context, or LDE. This focus does not only involve the data to be gen-
erated or exploited but also the social and geographical aspects of the
context itself. In order to produce useful data in a specific context, it
is necessary to understand which are the needs of the people living in
such a context, who have to interact with the applications and digital
services supported by the data to be produced. Only in this way it
will be possible to generate data suitable to represent the (diversity
of) context, and the people who live there, data that can be a concrete
solution for the problem of those people. To this end, it is important
to remember that the LiveData infrastructure, as well as the entire
iTelos methodology, are instruments to be put in the hands of local
people, who are experts in their own geographical and social context.
The iTelos methodology must not be used in a centralised way, by
people without the knowledge of the context for which they intend to
produce applications and digital services. Such a situation will only
lead to a manipulation of the information about the relative context,
thus distorting the reality and losing the diversity that characterises
the context itself.

• As a direct consequence of the above aspect, we noticed how a differ-
ent effort could be considered for the data generation, reuse and dis-
tribution when the iTelos methodology is applied in different contexts.
For example, the Mongolian case reported above describes a situation
where the language diversity of the data needs to be preserved by us-
ing a natural language (Mongolian Cyrillic) that is not so commonly
adopted to represent interoperable data. This situation required more
effort to create a language dataset in which the terms are described
in both Mongolian and English so that the diversity-aware data us-
ing such terminology would be more interoperable at an international
level.

• During the events in which the LiveData network and its nodes have
been used, we recognized a very important aspect that has been taken
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into account for the definition of the overall iTelos methodology. We
refer to the role of the iTelos DI, as a key role to be considered both
locally and as a central role. By discussing with local domain experts,
we recognized how the local action of the iTelos DI is fundamental
to filling the gap between the data producer and the data consumers.
In particular, during the research period spent in Ulaanbaatar (Mon-
golia), we discovered that the local government is strongly seeking a
digitisation process of social services to support citizens through mo-
bile and web applications based on data about people, integrated with
social and geographical data representing the urban context of Ulaan-
baatar. However, the local government is currently missing experts in
data management and application development, thus conveying such
efforts to few data producers and digital service providers. The local
experts told us about the need for an infrastructure for the distribu-
tion of data about the local context, together with the presence of an
intermediary actor who is able to dialogue with both the producer of
such data and those who wish to exploit it, by protecting sensible data
and preserving diversity without distorting information. On the other
hand, centralised action by the iTelos DI is essential to ensure connec-
tivity between the various LDE nodes of the LiveData network and to
enhance interoperability and reuse of the diversity-aware data shared
between LiveData users.

• Moreover, during the LiveData network testing we recognized an im-
portant feature of the iTelos data distribution network. In fact, each
node of the LiveData network share information regarding its relative
LDE, by distributing diversity-aware data. Therefore, by navigating
the LiveData network it is possible to explore the diversity of each
LDE. Such exploration highlights both the differences, which consti-
tute the uniqueness of each LDE, but also the common aspects between
two or more LDEs. The LiveData network plays a key role in discover-
ing the unity between different contexts, as well as between the people
living in those contexts, by defining their local diversity. Such unity
is the fundamental ingredient for the development of interaction and
cooperation among people living all over the world. An example of
this unity is the Purpose behind the digital university project of the
University of Trento (Italy), which has been recognized as a need to
be implemented also in the National University of Mongolia, thanks to
the data distributed by the Mongolian LDE node.
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The research work of this thesis examined the evolution of data represen-
tation and use over the past years, in order to better understand the current
needs in the use of data and the information it contains. We have studied
how the use of data has changed over time, becoming more subjective thanks
to its availability to an increasing number of people. If in the past, the abil-
ity to use data was in the hands of a few actors (big companies), nowadays
it is in everyone’s hands, thanks to the Web, smartphones, mobile applica-
tions, AI services, and other technologies. This data spread changed the way
in which the data is represented and perceived. In the past, the data was
produced to satisfy a unique Purpose, within a restricted context. Instead,
data reuse plays a central role in the development of new applications and
services, with the result that the primary purpose for which the data was
created is not the only one it must serve. Secondary purposes need to be
satisfied by data collected from and created for, different geographical, social
or even personal (individual) contexts. To this end, data reuse involves an
adaptation of the data for different purposes. Although such reuse reduces
the cost of application development by saving the effort, time and money
involved in the process of creating data from scratch, on the other hand, the
diversity of information carried by the original data, expressing the specificity
of the local context for which the data was created, is lost in the process of
adapting the data to new purposes. The impact of such an information loss
is even more dangerous when the data is reused to train AI models. Several
AI solutions (applications and services) are based on the adaptation of the
data, collected from different local contexts to a unique, usually Western and
business-oriented, data model. This leads to distortion of the reality as it is
represented by such AI applications, due to the loss of that key information
diversity which was able, in the original data, to represent a specific context.
The risk is that we will be (or perhaps already are) supported by tools that
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have a single interpretation of reality, based on a centralised knowledge that
cannot properly represent the culture, society, and geographical aspects of a
foreign context, as well as the daily life of people living in such a context. It is
not difficult to think about the enormous inequalities that this approach will
produce. Inevitably, the richest capital-intensive models, privately owned
(e.g. Google’s PaLM, DeepMind’s Gopher, OpenAI’s DALLE-2), will be the
only ones able to handle and exploit the knowledge produced by the data
reuse. As a consequence, the knowledge representation will be in their hand,
under the unique perspective of their "point of view", most of the time fo-
cused on business, or in any case centralized into a unique culture (usually
the Western one). Moreover, such a situation will lead to an economic con-
centration in favour of the above mentioned actors.

We think that to avoid such a dangerous situation, the solution is based
on a decentralized approach, where the data and the relative information
are handled by the actors having the appropriate knowledge about the local
contexts for which the data is created. However, this solution is achiev-
able only if such local actors are supported by instruments allowing them
to produce and share data that can concretely represent their information
diversity. With this objective we propose, in this research work, iTelos, a
methodology for data reuse based on the production, integration and distri-
bution of diversity-aware Knowledge Graphs (KGs). iTelos aims to support
the generation, integration, and distribution of local diversity-aware data,
with the major objective of improving the quality and reducing the cost of
data reuse. To this end, iTelos is composed of three processes. The data
representation process is the first iTelos process, and it provides the base
principles for the creation of diversity-aware data. The novelty introduced
by this process is the possibility of using it to transform existing data into a
novel type of graph-based data where the information diversity is concretely
represented as three different KGs connected to each other. More in detail,
the three KGs represent the information diversity at three different layers:
language, knowledge (or data schema), and data values. Additionally, the
three KG layers are associated with a fourth one representing concretely
the Purpose for which the data has been created. Such a new type of data
allows for more interoperability, being the information diversity clearly un-
derstandable from the data itself, without implicitly defined details. The
second iTelos process is a KG Completion (KGC) process. This process is
focused on the integration of data both diversity-aware and non-diversity-
aware. The key idea is that the iTelos KGC process supports both the users
interested in creating new diversity-aware data, by integrating existing non-
diversity-ware data, as well as users interested in integrating already created
diversity-aware data to fulfil Purpose-specific application requirements. To
this end, the iTelos KGC process encapsulates the iTelos data representation
process providing the guidelines for the data transformation. The last iTelos
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process is a data distribution process which, in turn, encapsulates the iTelos
KGC process. The iTelos data distribution process aims to enable the reuse
of the diversity-aware data produced by the previous two processes. It is
based on a data distribution network called LiveData. Each LiveData node
is created to support a specific local context, and allows the users navigating
the network, to discover the diversity-aware data produced for such a con-
text. Moreover, each LiveData node allows the users to access and use the
iTelos KGC process, to eventually create new diversity-aware data or inte-
grate the diversity-aware data already available. A key feature introduced
by the iTelos data distribution process, thanks to the LiveData network, is
the possibility of creating new collaboration between the users who have the
expertise of creating data (data producers) and the users having a specific
Purpose for the development of data-based applications and services (data
consumers), but often lack of the required expertise to get the data required
to implement it.

The main difference with respect to the centralised approach adopted by
large AI companies today is that the data is produced and remains in the
hands of those who have the necessary knowledge to handle it. In this case,
the local actors are responsible for the use of the data, and therefore for
collaborating with external actors (concerning their context), to increase
innovation and research purposes. In this approach, what is required is that
the tools for generating and distributing the data are freely available to the
local actors, who not only have the right knowledge of the local context but
also a clear understanding of the needs to be satisfied locally so that they can
lead the production of data and the development of new services for their
own society.

8.1 Limitations

The research presented in this thesis has some limitations that could not be
covered during the study period. In this section we have reported on such
limitations with the aim of stimulating further work on this broad research
topic.

The first, and perhaps most significant, limitation is that, as iTelos is a
methodology based on data reuse and sharing, its impact can only be more
accurately assessed by considering a large-scale application of the method-
ology itself. As demonstrated in chapter 6, students in the KGE course
benefited from the reuse of diversity-aware data previously produced by stu-
dents in previous years of the course. However, the iTelos methodology has
only been tested within the KGE context and no evaluation has been car-
ried out outside the University of Trento (Italy). For this reason, it is not
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possible to declare that iTelos can be applied in practice, based only on the
current research. A more comprehensive evaluation is needed, including the
adoption of iTelos in real use cases outside the University of Trento (Italy).

The second limitation is related to the iTelos approach to solving the problem
of data reuse. In fact, the proposed methodology is based on the key aspect
of data sharing. The more data produced with iTelos is shared, the more
the LiveData network will be able to support its users in collecting diversity-
aware data and, consequently, to support iTelos users who can benefit from
the cost reduction of producing new data by reusing the high-quality KGs
previously produced. This means that, especially in the initial bootstrap pe-
riod when iTelos is being adopted, users need to trust the process and agree
to share their data to support future re-use. Such confidence in the process
is not a detail, as it can only come from a clear understanding of the moti-
vations underlying the iTelos methodology, which is to promote the use of
quality data capable of representing the diversity of local information, rather
than distortions of reality produced by users who do not have the necessary
knowledge to represent it. For this reason, we believe that education about
data representation for AI, where iTelos is proposed as a novel methodology,
is fundamental to providing people with the above-mentioned understanding
of the iTelos principles.

The third limitation is related to the framework that supports the use of
the iTelos methodology. In fact, the current version of the methodology
integrates the use of existing tools to implement the activities required in
each phase (for more details see chapter 4). However, the methodology, in
its current version, lacks a dedicated framework to support users along the
execution of all phases. This is a limitation for two main reasons; (i) the first
is that the tools currently used are not designed to work with the EB data
model proposed by the iTelos methodology. As a consequence, users have to
use the tools provided in a specific way with the aim of linking the different
components of the EB they are building. This may result in a decomposed
version of the EB, where the different information layers are more difficult
to explore. (ii) The second limitation, due to the lack of a specific iTelos
framework, is the support for non-expert users. In fact, the use of the tool
currently provided by the methodology requires the expertise of knowledge
engineers and data scientists to support a domain expert who (often) does
not have such technical skills.

8.2 Future work

The research work reported in this thesis paves the way for several future
works towards several objectives concerning all the three processes compos-
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ing the iTleos methodology. We report here below, more details about the
planned future work towards the next version of the iTelos methodology.

• Collection of standard reference knowledge. The iTelos data represen-
tation process defines how to transform existing data into diversity-
aware data by building an EB. For this purpose, as described in sec-
tion 3.3.3, reference domain knowledge (ontologies and data schema) is
considered for modelling the ETG (EB knowledge component). Such
domain-specific knowledge is fundamental to ensure the reusability of
the diversity-aware data produced by iTelos. If the structure of such
data has been modelled by considering well-known knowledge stan-
dards in the respective domain, the data itself will be more reusable
in this specific domain. As a consequence, the higher the number of
domains covered by at least one reference knowledge model provided
by iTelos, the more possibilities there will be for iTelos to be applied
in different domains, thus producing a large variety of diversity-aware
data. To this end, our next step in this direction is to work on the iden-
tification and modelling of new reference domain knowledge, for other
different domains, to be provided as support of the data representation
process. This will require a detailed analysis of the ontologies and data
schemas modelled for different domains, with the aim of finding those
that are widely adopted and well-modelled. The reference knowledge
models collected will be then accessible through the LiveKnowledge
data catalogue as part of the LiveData distribution network.

• iTelos KGC tools and automation. The current version of the iTelos
KGC process is already supported by a framework that includes tools
to support the different activities involved in the process. However,
the goal for the future version of the methodology is to increase the
level of automation of the entire KGC process to support non-expert
users in performing all phases of the process. During the KGE course,
in which the methodology was tested by the Master’s students, we
provided the students with a second questionnaire, to be completed at
the end of each edition of the course, to provide feedback on the tools
used throughout the process. The answers collected showed that some
instruments are not good enough to properly support the activity to be
executed. For example, the list of concepts defined in the second phase
(see section 4.3), which will then be aligned with the UKC, is currently
defined as a spreadsheet. One of the future works planned for iTelos
is a dedicated tool that would directly integrate access to the UKC,
which would speed up the execution of such an activity. In addition,
several students reported difficulties in modelling the ER diagram of
the Purpose in the first phase (see section 4.2), due to the fact that the
ER model is a modelling paradigm designed for relational DB and not
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for graph-based data. In the next version of the iTelos methodology, we
plan to explore and test new models to shape the purpose knowledge
in the first phase of the iTelos KGC process. Last but not least, many
students in different editions of the course reported that the use of the
Karmalinker tool in the final phase of the KGC process (see section
4.5) is not trivial and intuitive. As such a tool is a de facto standard
for data mapping activities, we do not intend to replace it, but as
part of the future work planned for iTelos, we intend to update the
Karmalinker tool to make it easier to use.

• LiveData nodes update. Regarding the iTelos data distribution process,
future work includes several updates both at the individual node level
and at the network level. The aim is to implement each node as a local
platform capable of supporting all the services provided by the iTleos
methodology. A key role in the LiveData node architecture is played
by the data catalogues. For this reason, we intend to update the cat-
alogues by adding new search functionalities based on specific criteria
to allow users to easily access the data they are looking for. We also
plan to update the LiveData catalogues with dedicated API layers for
automatic uploading, downloading and publishing of diversity-aware
data and its descriptive metadata. Dedicated web pages describing
the data and the project that produced it will be added as part of the
next version of the catalogue design. At the network level, the next
version of the LiveData architecture will include a dedicated protocol
for communication between nodes, allowing for more automated data
retrieval and distribution.

• Educational goals. The KGE course, described in chapter 6, is not only
a way to test the methodology, but it is also an important generator
of educational data that can be used to provide real-word-like expe-
riences to the students, thus allowing them to learn better the topics
addressed by the iTelos methodology. Moreover, the course is funda-
mental not only for the students of the University of Trento but also
for each local user who intends to create and exploit diversity-aware
data for her own Purpose, in her local context, to satisfy local needs.
The teaching of the iTleos methodology is the first step towards the
migration from the centralized approach in data reuse for the develop-
ment of applications and services, to a decentralized approach able to
preserve local information diversity and to promote a fairer and more
distributed economy.

• iTelos glossary. As the iTelos methodology is a complex research topic
involving different research areas, we are working on a dedicated glos-
sary to collect the most important terms used to describe the methodol-
ogy. A preliminary version of the iTelos glossary was initially attached
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at the end of this thesis. However, we decided to not include that,
because it needs to be refined by defining properly the terminology
used to describe the methodology and by improving the quality of the
definition of each term. We are currently working on such updates
with the aim of providing the first stable version of the iTelos glossary
as soon as possible.
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A
LiveData catalogue set up

A.1 Setup of LiveData JKAN framework

This section reports the instructions that a LiveData model user (domain
expert eventually supported by a technical role) has to follow in order to
create a new base LiveData catalogue based on a specific template provided
by the LiveData model. The LiveData model user will be referred to in this
section as the “catalogue administrator” (or simply “the administrator”).

Requirements:

• The administrator has to be a GitHub collaborator of the GitHub or-
ganization in charge of managing, and making connections with, the
different LiveData nodes created in different geographical and cultural
contexts around the world. Such an organization, called DataScien-
tia (DS) 1, maintains, under the same GitHub organization, all the
LiveData catalogue’s repositories. In other words, the DS GitHub or-
ganization is the concrete implementation of the LiveData data distri-
bution network connecting all the different catalogues together. More
details about such a network are provided in section 4.2. If the ad-
ministrator has no GitHub account added as a collaborator of the DS
organization, the administrator can make a request for that to the DS
technical support (simone.bocca@unitn.it).

• (Required for catalogue local development) Install locally “node js” and
“npm” (documentation). You can verify the installation and version of
them by running in terminal the following commands:

– node –version

– npm –version

Instructions:
1DataScientia
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1. The administrator has to provide, the DS tech support, with the in-
formation for the creation of the new LiveData catalogue repository,
the one which will serve the new catalogue. Such information must
contain, as a minimal requirement, the name of the repository, which
will also be the name of the catalogue webpage that will be accessible
online.

2. With the information provided in the step above the DS tech support
will create the new repository, for which the administrator will have
the rights for any modification she needs to do. The new LiveData cat-
alogue’s repository is created starting from the DS catalogue template.
The catalogue template UI can be visualized at this link.

3. The administrator has to do some preliminary modifications in the
_config.yml file available in the repository created in the step above.
In the _config.yml file the following fields need to be modified:

• title: the title of the catalogue webpage.

• greeting : the name of the catalogue, that will appear in the cat-
alogue landing page.

• description: the description of the catalogue, that will appear in
the catalogue landing page.

• baseurl : the base catalogue URL, that must be composed as follow
“/<name-of-the-repository>

A.2 Structure of LiveData JKAN github repository

In this section, we describe the structure of the LiveData template repository
that the DS org. Provides to set up a new catalogue. The information
provided in this section will help the catalogue administrator during the
configuration and customization of the catalogue. Below we describe the
most important elements that can be found in the template repository.

• _data: this directory contains the yml configuration files used to define
the metadata of the resources handled by the catalogue (within the
“schemas” directory), as well as the categories that can be used to
categorize the resources in the catalogues, and the custom services
which can be accessed through the catalogue.

• _datasets: this directory stores the markdown file describing (follow-
ing a precise metadata schema) each dataset uploaded in the catalogue.
The markdown files are used by the catalogue to display the metadata
for each resource published in the catalogue.

https://github.com/datascientiafoundation/jkan
https://datascientiafoundation.github.io/jkan/
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• _includes: this directory contains the website pages (HTML files) that
are shown in the catalogue web page.

• _organizations: similar to the _datasets directory, this one contains
the markdown files defining the organizations which upload contents to
the catalogue. Each organization is described by its own markdown file
that is displayed in the catalogue while the name of the organization
is clicked into one of the catalogue’s web pages (see below for more
details about the catalogue’s web page navigation).

• css: this directory contains the catalogue main.css style file.

• img: this directory contains the images used in the catalogue website.

• scripts: this directory contains the business logic of the JKAN cata-
logue. More in detail, in the src subdirectory we can find the javascript
code divided into different files, containing different specific functions.
While in the dist subdirectory we can find the bundle.js file which is
the file created after building the code in the src subdirectory. The
bundle.js file is the only file that is actually executed in order to apply
the JKAN business logic to the catalogue. This means that all the
modification performed in the source code (src subdirectory) needs to
be reported in the bundle.js file too, this happens automatically when
running the build process (see the next section for the instructions
about how to make a new build locally).

• _config.yml : this is the main config file of the JAKN catalogue.

• datasets.json : This file defines the structure of each dataset that
can be searched within the catalogue. This file is used for the search
functionality mostly, this means that, in order to be searchable, the
datasets in the catalogue need to respect the structure in this file,
which can be updated in order to add new search criteria.

• index.html : this is the main HTML file of the catalogue webpage.
The visualization of the catalogue website, as well as its navigation,
starts from this file.

The remaining files in the repository are not described because they are
out of the scope of this document. Nevertheless, you can contact the DS
tech support to get more detailed information about the JKAN catalogue
repository.

A.3 LiveData catalogue customization

In this section, we report the instructions to be followed in order to cus-
tomize an already existing catalogue (or even a newly created one). The
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idea is to provide the administrator with the possibility to develop locally
(in development mode) new features for her catalogue, and then push such
modifications into the catalogue’s repository in order to be available online
(in production). The catalogue web application (website + business logic),
as already anticipated, is developed exploiting the JKAN framework that is
based on node js, therefore, the administrator needs to be sure to have node
and npm properly installed in her local machine (see the Requirements listed
above). Then, to do updates and add features to a LiveData catalogue, the
administrator should follow the instructions below.

1. Clone the JKAN LiveData catalogue repository created and provided
by the DS tech support for your new catalogue (or clone the existing
catalogue repository, if that is not a new one).

2. Through the Webpack integrated tool, install the JKAN framework
components required to build the catalogue project locally. To this
end, open a terminal in the root directory of the LiveData catalogue
repository (cloned in the previous step) and execute the following com-
mands:

• npm install webpack
• npm run build

This last command will verify that you are able to build the catalogue
source code locally.

3. Install the Jekyll web app server that will execute your catalogue lo-
cally.

(a) Inside the root directory open a terminal and run the following:
• sudo gem install jekyll bundler

Some conflicts may appear during the execution of this command.
Follow the instructions you will receive from the terminal directly,
to solve such conflicts.

(b) Inside the root directory open a terminal and run the following
commands:

• sudo bundle install
(c) Then run the server executing, within a terminal, in the root

directory the following command:
• sudo bundle exec jekyll serve

(d) If everything worked well the Jekyll server is running at (local-
host) http://127.0.0.1:4000/jkan/. The localhost URL can change
after the port number, where the catalogue name (the same as the
repository name) appears.

http://127.0.0.1:4000/jkan/
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Once the instructions above have been properly executed, the admin-
istrator can execute the following step every time she wants to make
modifications locally, and then push such modifications in the relative
catalogue repository, to be published online directly.

4. Do the modifications/changes/updates needed in the catalogue source
code.

5. Make a new build (thus generating a new bundle.js file that will be
executed online) by running the following command, in a terminal,
inside the cloned repository root directory:

• npm run build

6. Run the Jekyll server (see the step 3.c), or close (Ctrl+c in the running
terminal) and restart it if it was already running.

7. Open the http://127.0.0.1:4000/jkan/ where the catalogue will be shown
with the last updates performed.

8. Verify that the expected behaviour is correct, then (git) commit and
push the modification on the catalogue repository by the ordinary git
commit-push process.

The DS technical support is available to address any issue related to the
above instructions.

A.4 Metadata and search functionality

One of the most important base LiveData catalogue functionalities (if not the
most important) is the research of resources published, based on the meta-
data defined for each dataset. In this section, we describe the instructions to
be followed in order to update the metadata structure of the LiveData JKAN
catalogue, and how to update the catalogue base search functionality with
the objective of enabling the search over a new (custom) metadata schema.
To this end, the administrator has to execute locally the instructions below.

1. Add the new metadata by adding new element in the file:
_data/schemas/default.yml

2. Update the file datasets.json (see above the definition of this file, in the
description of the LiveData repository structure) in order to upgrade
the dataset schema used by the search functionality.

3. Update, as follows, the function _createSearchFunction(datasets) in
the file: scripts/src/components/datasets− list.js.

http://127.0.0.1:4000/jkan/
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• Modify the second line of the function, by adding the name of
the new metadata (those to be used in the search functionality)
in the constkeys = [′title′,′ notes′,′maintainer′,′ tags′]

4. Make a new build of the catalogue source code, in order to produce a
new bundle.js file.

5. Push the last build process outcome in the catalogue’s repository in
order to put the update online.



B
Metadata

This appendix aims at listing the metadata considered by the iTelos method-
ology to describe the diversity-aware data distributed through the LDE nodes
catalogues. The list of metadata reported here below represents the meta-
data indicated by the iTelos methodology, however, the iTelos users are free
to add custom and more context-specific metadata to describe the data they
handle. More in detail, the list reported below defines the metadata for three
metadata categories, namely People, Project and Datasets.

B.1 People metadata

This section concentrates on the metadata specification for describing differ-
ent roles covered by people using the iTelos methodology, or involved in a
project where the methodology is adopted.

• ds:member : The metadata properties assigned for the concept Member
are generic in nature and can be used for any of the specific roles which
are involved in iTelos projects. The public metadata properties for
members are as follows:

– (a) ds:comIdentifier : this attribute encodes the identifier uniquely
identifying a person within its LDE.

– (b) ds:firstName: this attribute encodes the first name of the
person in a natural language.

– (c) ds:lastName: this attribute encodes the last name of the per-
son in a natural language.

– (d) ds:email : this attribute encodes the email id of the person.
– (e) ds:nationality : this attribute encodes the nationality of the

person.
– (f) ds:gender : this attribute encodes the gender of the person.
– (g) ds:affiliation: this attribute encodes the organization to which

the person is affiliated in a natural language.

200
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– (h) ds:personalWebpage: this attribute encodes the URL of the
personal webpage of the person.

• ds:prjResearcher : Includes all members of the iTelos methodology who
are recognized as researchers by any university organization. This role
inherits all the metadata properties for ds:member, plus, the following
metadata properties:

– (a) ds:researcherProfile: this attribute encodes the URL of a re-
search profile of the re searcher (e.g., Google Scholar).

– (b) ds:areasOfInterest : this attributes lists the areas of research
interest of the researcher.

– (c) ds:nameOfPrjsCoordinating : this attributes encodes the names
of the projects which is being coordinated by the researcher.

• ds:prjParticipant : Includes all members of the iTelos methodology who
are additionally a participant within a particular project. This role
inherits all the metadata properties for ds:member, plus, the following
metadata property:

– (a) ds:nameOfPrjsPaticipatingIn: this attributes encodes the names
of the projects in which the participant is contributing to.

B.2 Project metadata

This section concentrates on the metadata specification for describing differ-
ent projects in which the iTelos methodology has been adopted.

• ds:prjTitle: this attribute encodes the name of the project in a natural
language as a string.

• ds:prjURL: this attribute encodes the dereferenciable URL of the project.

• ds:prjKeywords: this attribute encodes the various keywords in a nat-
ural language that can be utilized to quickly understand the theme of
the project.

• ds:prjType: this attribute encodes the type of the project. e.g., Knowl-
edge Resource Generation, Language Resource Generation, KG Gen-
eration etc.

• ds:prjDescription: this attribute can be used to provide a description
of the project in a natural language.

• ds:prjStartDate: this attribute encodes the date of the commencement
of a project.
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• ds:prjEndDate: this attribute encodes the date of conclusion of a
project. NR

• ds:prjFundingAgency : this attribute encodes the name of the agency
or institution funding a project.

• ds:prjInput : this (repeatable) attribute encodes the various inputs
(e.g., datasets, specific cations, etc.) with respect to a project.

• ds:prjOutput : this (repeatable) attribute encodes the various outputs
(e.g., datasets, domain languages, etc.) with respect to a project.

• ds:prjCoordinator : this attribute encodes the name of the research
coordinator in charge of a project.

• ds:prjObservations: this attribute can be used to record any observa-
tions about a project in a natural language.

B.3 Dataset metadata

This section concentrates on the metadata specification for describing the
diversity-aware datasets produced by using the iTelos methodology.

• ds:DatLicense: this attribute encodes the license of the dataset, e.g.,
CC-BY-SA-4.0.

• ds:DatURL: this attribute encodes the dereferenceable URL of the
dataset.

• ds:DatKeyword : this attribute encodes the keywords which can quickly
convey the topic of the dataset.

• ds:DatPublisher : this attribute encodes the publisher of the dataset.

• ds:DatCreator : this attribute encodes the creator of the dataset.

• ds:DatOwner : this attribute encodes the owner of the dataset.

• ds:DatLanguage: this attribute encodes the natural language(s) in
which the dataset information is represented.

• ds:DatLevel : this attribute encodes the diversity layer of the dataset
(i.e., Language, Knoweldge, Data values).

• ds:DatSize: this attribute encodes the byte size of the dataset.

• ds:DatName: this attribute encodes the name of the dataset in a nat-
ural language.
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• ds:DatPublicationTimestamp: this attribute encodes the timestamp of
the publication of the dataset in the respective catalogue.

• ds:DatDescription: this attribute encodes the description about the
dataset in a natural language.

• ds:DatVersion: this attribute encodes the version of the dataset.

• ds:DatDomain: this attribute encodes the domain to which the dataset
belongs, e.g., society and territory.

• ds:DatFileFormat : this attribute encodes the file format of the dataset,
e.g., OWL RDF/XML, Excel.
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