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Abstract

The amount and variety of data available nowadays are constantly increasing due to
academic and industrial needs, as well as for building intelligent and sustainable net-
work systems for society. Researchers endeavour to keep pace with this expansion with
new hardware and software solutions, but they also struggle to design solutions that
are compliant with new regulations, environmentally sustainable, and manageable in
the long term. Given the extraordinary quantity of domains in which data are em-
ployed, the natural consequence is they come under diverse formats and with different
vocabularies. In this context, graph databases are extremely valuable given their un-
fixed structure, which allows flexibility and permits facilitating time-consuming tasks
like data integration. The cause of this flexibility is that graph databases do not hold
schema information about instances, which is in contrast with traditional database log-
ical models. The natural downside of this peculiarity is the lack of any control over the
available information. In this scenario, problems related to data disambiguation, in-
completeness or inconsistency are frequent. Here we propose the enrichment of graphs
with schema information, combining in a single solution the advantages of graphs in
terms of performance and interoperability and the aspects of sharing a common vo-
cabulary that, seen as an ontological conceptualization, opens scenarios for reasoning
capabilities.

The contribution of the thesis is the design of a framework for integrating schemas
into graph-based structures. Schemas solve or mitigate the above-mentioned issues
in data integration, and help in solving current Artificial Intelligence tasks involving
graph structures efficiently. The contribution includes a solution for interconnecting
and mapping graph database models and the SW-based graph model. The proposed
framework covers a solution for schema evaluation that is purely instance-based and
demonstrates the capability of this solution to be integrated into first-order logic frame-
works for reasoning tasks. The proposed framework is a general solution and, among
its possible uses, we mainly experimented with the framework in the field of digital

libraries, cultural heritage and linguistics.

Keywords: graph databases, ontology, knowledge representation, artificial intelli-

gence, semantic web.






Contents

List of Figures
List of Tables
Acronyms

1 Introduction

1.1 Research Questions . . . . . . . . . . ... ...
1.2 Contribution of This Work . . . . . . . . . . . . ...
1.3 Structure of the Thesis . . . . . . . . . . . .

2 Background

2.1 Ontologies . . . . . . . . .
2.2 Knowledge Graphs . . . . . . . . . ..
2.2.1 Graph Database . . . . . . ... .. ... L.
2.2.2 Labeled Property Graph . . . . . .. ... ... ... . .....
223 Neodj . . . o e
2.3 Semantic Web . . . . ..o
2.3.1 Resource Description Framework . . . . . ... ... ... ...
2.3.2 Comparison and differences between LPG and RDF . . . . . . .

24 Reasoning . . . . . . ...
2.4.1 Ontological Reasoning . . . . . . ... .. ... ... ......
2.4.2 Logic Programming . . . . . . . . . . .. ... ... ...
2.4.3 Multistrategy Reasoning . . . . . . .. .. ...
2.4.3.1 Abstraction . . . . ... ...

24.3.2 Abduction. . . .. ...

2.4.3.3 Argumentation . . . .. ... ...

2434 Analogy . . . . ...

2.4.4 Answer Set Programming . . . . . .. .. ... L.
2441 Syntax . . . ...

24.4.2 Semantics . . . .. ...

3 Related Works

3.1 Ontologies for domains of interest . . . . . . ... .. ... ... ....
3.1.1 Education . . . .. ...
3.1.2 Diachronic Analysys . . . . . ... ... ... ... ...

3.1.3 Food and Health
3.1.4 Digital Libraries .
3.2 Ontologies and Databases

vi

viii

>

0 W

10
13
14
15
19
20
21
21
22
23
23
23
24
25
27
28
29

30
30
30
31
33
34
38

v



3.2.1 Graph Mining . . . . . . .. ... 39

3.2.2  Reconciliation of RDF and LPG . . . . .. .. .. ... ... .. 40
3.3 Graph Schema Evaluation . . . . ... ... ... ... ... ...... 46
3.4 Graph Logic Programming . . . . . . . .. .. ... ... ... ... 47
3.5 Existing Tools . . . . . .. .. 48
3.5.1 W3C RDF Validator . . . .. ... ... ... ... ....... 48
3.5.2 ApacheJena. . . . . . . .. ... 48
353 OWLAPI . . ... . . 49
3.5.4 Neodj Plugins . . . . . . .. ... 49
GraphBRAIN (State-of-the-art) 50
4.1 Ontology Management . . . . . . . .. .. ... ... ... ... 51
4.2  Mapping Database and Ontology . . . . . . .. ... ... ... .... 52
4.2.1 Entities and Relationships . . . . . . .. ... .. ... ... .. 53
4.2.2 Attributes . . . ... 53
4.2.3 Attribute Types and Values . . . . . . ... ... ... ... .. 53
4.3 Main Functionalities . . . . . . . . .. ... o000 54
4.4 GraphBRAIN Schema . . . .. .. .. ... ... ... ... ... .. 54
4.4.1 Predefined Entities . . . . . . .. ... oo 55
4.4.2 Formalism . . . . . . . ... 56
4.4.3 Merging ontologies . . . . . .. ..o 64
4.4.4 Mapping GBS and LPG . . . . ... ... 65
Methodology for GB-based Solutions 69
5.1 Independent Learning . . . . . . . . . . . ... ... 69
5.1.1 KEPLAIR’s Architecture . . . . . . .. . ... ... ... .... 70
5.1.2 KEPLAIR’s Ontology . . . . . . ... ... ... ... ..... 71
5.1.3 Learning Materials Recommendation . . . . . ... ... .... 73
5.1.4 Experiment . . . . .. ... oL 76
5.1.5 Ewvaluation . . . . . ... Lo 78
5.2 Digital Libraries . . . . . . . . ... o 78
5.2.1 IFLA-based Ontology . . . . . . . . . . .. ... ... .. .... 79
5.3 Diachronic Analysis . . . . . . . . ... 81
5.3.1 Dataset . . . . . . 81
5.3.2 Linking . . .. .. 82
5.3.3 Linguistic Ontology . . . . . . . . . .. ... ... ... ... .. 83
5.3.4 Latin WordNet Ingestion . . . . . . . .. ... ... ... .... 84
5.3.5 Semantic Change Analysis . . . . . . . ... ... ... ..... 85
54 GraphBRAIN API . . . . . . . . . .. 90
5.4.1 Batch Insertion . . . . . ... ... oL 90
5.5 Discussion and Limitations . . . . . . . . ... ... 91
SW Mapping 94
6.1 GB/RDF Mapping . . . . . . . . .. ... 94
6.1.1 Schema Rules . . . . . ... ... ... ... ... ... 95
6.1.2 Data Mapping . . . . . . . . . ..o 96
6.2 Mapping Considerations . . . . . . . . . .. ... ... ... ... ... 105
6.3 Evaluation . . . . . . ... 105



7 Schema Design & Evaluation

7.1 Graph Databases and Schemas . . . . . . ... ... ... ... .....
7.2 Graph Schema Creation and Refinement . . . . . .. .. ... ... ..
7.2.1 Graph Schema Initialization . . . . . ... ... .. ... ....
7.2.2 Graph Schema Refinement . . . . . . .. ... ... .. .....
7.3 ACaseStudy . . . . . . . . ..
7.3.1 Dataset Preparation . . . .. ... ... ... ... .......
7.3.2 Schema Initialization . . . . . . . .. ... ... .. ... ...,
7.3.3 Schema Refinement . . . . . . . ... ... ... .. ... ...
7.3.4 Use Case Final Remarks . . . . ... ... ... ... ......
7.4 Evaluation on Other Datasets . . . . . . ... ... ... ........
7.5 Discussion . . . . . ...

8 Graph Logic Programming

8.1 Graph Reachability . . . . .. .. ... ... ... 0.
8.1.1 Context . . . . . . . . . .
8.1.2 Problem Reformulation . . . . . . ... ... ... ... .....
8.1.3 Ewvaluation . . . . . ... ...

8.2 Argumentation with Optimization . . . . . . . . ... ... ... . ...
8.2.1 Background . . . . .. ... ..o o
8.2.2 Probabilistic Update and Most-Probable Extension . . . . . . .
8.2.3 Implementation . . . . . ... ... oL
8.2.4 Arguer . . . . ...
8.2.5 Most-probable . . . . ... ...

8.3 Ontology-based Instance Matching . . . . . .. ... ... ... . ...
8.3.1 Node Similarity . . . . . . . .. ...
8.3.2 Experiments for Unfair Dataset Detection . . . . ... ... ..
8.3.3 First Results with Credit Cards Approval . . . . . . . . ... ..

8.4 Discussion . . . . . . ..

9 Final Remarks

9.1 Current Limitations . . . . . . . . . . .

9.2 Future Work . . . . . . .

9.3 Conclusions . . . . . . .
Bibliography

A Appendix

A.1 Graph Connectivity . . . . . . . .. ...

A.2 Node Similarity

107
107
111
111
113
115
115
116
117
119
119
122

123
123
124
126
128
131
131
135
139
140
144
147
147
152
153
154

155
155
156
156

157



List of Figures

2.1
2.2
2.3
24
2.5
2.6
2.7
2.8

5.1
0.2

5.2
5.3
5.4

6.1
7.1

7.2
7.3

8.1
8.2

8.3
8.4

8.5

Ontology example . . . . . . . . . ... o
Portion of the DBpedia graph . . . . . . .. ... ... ... .. ....
Example of a graph database . . . . .. .. ... ... .. .. .....
Semantic Web Architecture . . . . . .. ... ...
Levels of expressiveness . . . . . . . . . . .. ...
Argumentation example with the Dung model . . . . . . . .. ... ..
Example of two KB in analogy . . . . . . ... .. .. ... ... ...
New KBs after analogy . . . . . . . ... ... ... ...

KEPLAIR’s Architecture . . . . . . . . . . ... ... ... .......
Subgraph for the word humanitas, including the sentences in which the
lemma humanitas occurs in the SemEval Latin dataset, the century of
the works from which the sentences were extracted, the annotated senses
in the SemEval Latin dataset, and the curated links between the senses
and the synsets in Latin WordNet. The sentences are represented as Text
nodes (in blue), the senses and the synsets as LexiconConcept nodes (in
green), and the centuries as TimePoint nodes (inred) . . . . . . . . ..
Subgraph for beatus, poena and salus. . . . . .. .. ... ... ....
Example of JSON representation of nodes and arcs . . . . .. .. ...
Example of Cypher query . . . . . ... .. ... ... ... .. ...,

Protégé view of the classifiedAs object property and its specializations.

An Example of Graph Database: A Tiny Excerpt of a Bibliographical
Database . . . . . . . . ...
An Initial Graph Schema for Bibliographical Data . . . . . . . . . . ..
A Modal Graph Schema Distinguishing Books and Journals . . . . . .

An example of an Argumentation Framework with arguments A, B, C

An example of a Probabilistic Argumentation Framework. . . . . . ..
An example of a Weighted Argumentation Framework. . . . . . . . ..
Two instances of the same argumentation graph. In the left picture, A
is put together with C, and hence B and D can also be collected; in
the right picture, A is put together with D, and then B and C must be
separated. . . . . . ...
Two instances of the same argumentation graph. In the left picture,
A and C are admissible, but not B and D, even alone; in the right
picture, A and D are admissible, and then B and C cannot be part of
any admissible set. . . . . ... oL

133

vii



8.6 An example of a Simplified PAF. . . . . .. ... ... ... ... 136
8.7 Two instances of probabilistic update in argumentation graph. In the

left picture, o = 0.5; in the right one, «=09. . . . . ... ... .. .. 137
8.8 Most-probable extension with respect to D of a SPAF. . . ... .. .. 139
8.9 Main dialogue of Arguer. . . . . . . ... Lo 141
8.10 Main dialogue of Arguer. . . . . . . ... ... oL 141

8.11 Main dialogue of Arguer. . . . . . . . . ... ... oL 142



List of Tables

2.1

4.1
4.2
4.3
4.4
4.5
4.6
4.7
4.8
4.9

5.1
5.2

7.1
7.2

8.1

A comparison between the two graph models. . . . . . ... ... ...

Mapping from GBS to LPG. . . . . . . ... ... ... ...
Main structure of GBS files. . . . . . . . .. ... oL
Structure for describing user-defined types in GBS files. . . . . . . . ..
Structure for describing entity and relationship hierarchies in GBS files.
Structure for describing enumerative attribute values in GBS files. . . .
Structure for describing enumerative attribute values in GBS files. . . .
Sample fragment of ontology in GBS format (part 1). . . . . . ... ..
Sample fragment of ontology in GBS format (part 2). . . . . ... . ..
‘v"’: supported, ‘-’: not supported, ‘?’: unknown, [x|: qualified x, n/e/p: sup-
ported for (n)odes, (e)dges, and (p)properties, o/c: (o)pen and (c)losed, m/o:
(m)andatory and (o)ptional, f/p/x: schema (f)irst, (p)artial, and fle(x)ible,
oC: openCypher . . . . . . ..o

Fragments of subjects’ taxonomy . . . . . .. .. ... ... ... ...
Comparison of FRBR and LRM Concepts . . . . . . ... ... ....

Two excerpts from GraphBRAIN . . . . . . ... ... ... ... ...
Difference and conformance evaluation . . . . . . . . .. . . ... ...

1X



Acronyms

AT Artificial Intelligence

ASP Answer Set Programming
CWA C(Closed World Assumption

DB Database
DBMS DataBase Management System

DL Description Logics

GBS GraphBRAIN Schema

IRI Internationalized Resource Identifier
JSON JavaScript Object Notation

KB Knowledge Base
KG Knowledge Graph

KRR Knowledge Representation and Reasoning

LOD Linked Open Data
LP Logic Programming
LPG Labeled Property Graph

ML Machine Learning

NLP Natural Language Processing

OO Object-Oriented

OODBMS Object-Oriented DBMS
ORDBMS Object-Relational DBMS
OWA Open World Assumption
OWL Ontology Web Language




PG Property Graph
QL Query Language

RDF Resource Description Framework

RDFS RDF Schema

SPARQL SPARQL Protocol and RDF Query Language
SPG Singleton Property Graph

SQL Structured Query Language

SW Semantic Web

URI Uniform Resource Identifier
WWW World Wide Web

XML eXtensible Markup Language



Chapter 1

Introduction

The amount of data available keeps increasing every day. This continuous flow comes
from devices, sensors, 0T systems, databases and other possible sources. The problem
of merging data has been taken into account since the beginning of the discipline;
however, it has become extremely relevant in the modern realm of data. With the
advent of many database logical models to store data, technical difficulties in combining
heterogeneous sources multiply. Based on the quantity, variety, and use of these data,
many logical models have been implemented to store information, but the integration
among them is still unsatisfactory. In this context, graphs play a central role given
their interpretative representation of instance relationships. In this contribution, I will
mainly refer to the Labeled Property Graph (LPG) model, which is the logical model
supported by Neo4j!. This technology facilitates this integration as the structure is not
fixed as in previous data modelling approaches. The main peculiarity of this NoSQL
model [1] is the lack of a schema, which makes consistency and disambiguation open
challenges. Many solutions have been employed so far to address this issue, but no
general agreement in the community has been reached. Almost every logical model has
been mapped onto a graph-based model. This has been the result of the spread and
research challenges graphs pose.

In the field of Artificial Intelligence (AI), graphs have been playing a fundamen-
tal role since the beginning of the discipline. Specifically, graph theory influenced
automata and type theory for verification and model checking. It has been used to

formalize process mining settings and now represents the basic structure for represent-

Thttps://neodj.com/




Chapter 1. Introduction

ing other symbolic representations. The field of Al comprises two macro-categories of
techniques that differentiate from the task to be solved, the adopted algorithms, and
the results, but also the reliability and some considerations vary. We refer to symbolic
approaches those relying mostly on logic, symbol manipulation and logical reasoning.
They were the first Al approaches to be introduced but are still in vogue today. Much
attention is being paid today to these techniques because they can support explainabil-
ity, which is becoming increasingly fundamental, especially in some critical application
domains such as recommendation systems, medicinal tools, tutoring systems and so
on. In contrast, subsymbolic approaches rely on relevant statistical analysis to uncover
meaningful patterns and relations among data. The former are inspired by human
reasoning and, hence, tend to be explainable and interpretable for final users (experts
or not). They are not, in general, difficult to extend but tend to be domain-specific
and poorly scalable. Conversely, the latter are now much more complex from a com-
putational point of view, they scale better and suffer less from the specificity of the
domain. In almost all cases, the results lack explainability, making the output inter-
pretation process demanding. The two categories can be referred to as complementary
since the advantages of the first are the disadvantages of the latter and vice versa. Yet
there is room for trying to take the best of both worlds, and graphs are pioneers for
this. Graphs are a full-fledged storage representation formalism for strongly related
information. Many subsymbolic techniques, mainly based on statistical reasoning, have
been adopted for knowledge completion tasks like link prediction [2| or node attribute
inference [3], but also for summarization (e.g. graph coarsening [4]) or ranking (PageR-
ank [5]). On the other hand, logical reasoning is prone to be used on graphs given the
interpretability of relationships to which, in general, a semantic is attached. Among
the first uses of graphs we mention explainable recommender systems |6, 7| or critical
systems [8].

When dealing with knowledge integration, it is worth mentioning the Semantic
Web (SW), born as a sharing metadata technology for knowledge on the Web. In
this context, Knowledge Representation and Reasoning (KRR) and SW communities
proposed the Resource Description Framework (RDF) and RDF Schema to describe
both the schemas (in the form of ontologies) and the data, in the form of triples. Thus,
the need arises to integrate tools for representing databases with tools for KRR and

there is room for research on their integration. In this context, the LPG and RDF




1.1. Research Questions

models are different and partly incompatible, but the fusion would yield more value.
The reconciliation or integration of the two graph models has great potential but the
solutions proposed so far are still unsatisfactory mainly due to a lack of generality.
The integration opens scenarios and possibilities for users. Users might be interested
in integrating into a consistent graph database community knowledge taken from the
“open” world.

Apart from ontological reasoning, logic frameworks can also express graph-based
structures. Reasoning about graphs in logic frameworks has been an underrepresented
line of research but some potentialities have somehow been discussed. Specifically,
critical operations may be translated as graph-based logic programs thanks to the
above-mentioned positive properties of this setting.

When dealing with ontological conceptualizations, the problem of how to evaluate
the quality of the schemas arises. Different levels of detail positively or negatively
affect the quality and performance of schema management and the reasoning processes

derived from them.

1.1 Research Questions

The study aims to address the following research questions:
1. How can we introduce schemas on graph databases to solve modern Al problems?
2. How can we map this setting with existing semantics-based formalisms?
3. How can we evaluate graph schemas?

4. How can we reason with graphs in a Logic Programming fashion?

1.2 Contribution of This Work

The main contribution of this work was the development of a new framework for
creating, storing, managing, interconnecting and reasoning with graph-based data. The
framework allows the creation and management of graph schemas, which govern the
structures and constraints of the graph instances. Schemas are compliant with a subset

of standard ontological concepts but also introduce nonstandard novel constraints.




1.3. Structure of the Thesis

Given the introduction of schemas, I provided a strategy to map schemas and data
onto the standard concepts available in the SW community. The integration is aimed
at exporting resources, making use of the public knowledge available, and preserving
(and possibly extending) information (e.g., disambiguating classes and properties).
Introduced schemas can also be evaluated with respect to graph instances, to evaluate
whether they are overly complex or new refinements can be introduced. The schema
evaluation and the refinement suggestion process are instance-based and of support for
a schema designer and/or domain expert. Finally, the contribution aimed to introduce
logic frameworks for reasoning with graph and graph schemas, specifically for tasks
involving the communication between the two. The framework has been adopted in
several use domains, demonstrating its usefulness and generality. The framework can

naturally be adopted with available datasets, schemas or a combination of both.

1.3 Structure of the Thesis

This thesis is organized as follows:

e Chapter 1 introduces the topic, the motivations, the research questions of the

thesis and the contribution of this work.

e Chapter 2 provides background knowledge about technologies and fields related

to this work.

e Chapter 3 describes the state of the art in the different fields in which this work

resides.

e Chapter 4 describes the system I used as a starting point and on which I imple-

mented the solution.

e Chapter 5 describes the proposed methodologies for solving Al problems in dif-

ferent domains.

e Chapter 6 illustrates the mapping of the solution with existing SW standard,

proposing a semi-automatic mapping with personalization.

e Chapter 7 describes an instance-based evaluation process of the proposed schemas.




1.3. Structure of the Thesis

e Chapter 8 describes several logic programming-based solutions within the context

of the proposed methodology.

e Chapter 9 summarizes the work, describes possible consequences, highlights lim-

itations and extensions, and concludes the manuscript.




Chapter 2

Background

In this chapter, I laid the foundations for the main elements involved in the project.
This was not intended to be a comprehensive survey but only to describe the ingredi-

ents, the reasons why we are interested and the main (current or historical) challenges.

2.1 Ontologies

The term ontology has origins in philosophy. The Computer Science community un-
derstood the need to catalogue and classify a domain since the early beginning of the
discipline. The word ontology is used with different meanings in different commu-
nities. It can be distinguished between the use as an uncountable noun (Ontology,
with uppercase initial) and the use as a countable noun (an ontology, with lower-
case initial). In the first case, it is referred to as a philosophical discipline, namely
the branch of philosophy which deals with the nature and structure of reality. In the
second case, which reflects the most prevalent use in Computer Science, it is referred
to an ontology as a special kind of information object or computational artefact [9].
In both cases, it can be referred to as the process of identifying all the kinds and struc-
tures of objects, properties, events, processes, and relations in a reality [10]. Strictly
speaking from a computer scientist’s point of view, an ontology is a formal, explicit
specification of a shared conceptualization [11]. Computer scientists have used this
definition to represent their concept of ontology, i.e. the representation of what exists
in a specific application domain. The necessity was to mitigate the well-known problem

of the Tower of Babel, in which different groups of data, designed by different designers




2.2. Knowledge Graphs

and experts, make use of different vocabularies to express similar or identical concepts.
Vice versa, the same word may have multiple meanings, giving rise to a line of research
in Natural Language Processing (NLP) known as “word disambiguation”. In the early
days, ontology designers sought to provide a complete classification of every concept
available in the “universe” of knowledge. Not too far did this approach fail due to
the overwhelming amount of objects to be classified and the variety of possible ways
in which objects can be categorized according to the specific use, context, period and
many other environmental factors. Last but not least, the objective of an ontology
formalization is to provide a formalization that is “stable”, as much as possible. For
this reason, it should not be too tight to a specific context.

In the AT field, the aim is to create a model of the reality of interest. From a formal

point of view, an ontology is a triple (C, R, A) in which:

e C is a set of concepts.
e R is a set of relationships between concepts.

e Ais a set of axioms on which the universe we want to describe is based [? |.

R is therefore a subset of the Cartesian product C x C. An ontology can also be
devoid of axioms, in which case it is called non-axiomatized. An ontology can be
basically seen as a set of concepts connected through relationships: hence, graphs are
often used to describe them. A graph G is a pair (V, £) where V represents the set of
vertices, in our case the concepts, while £ is the set of arcs joining two vertices. In
this case, V is the set of entities C, and £ is the set of relationships R. Given this
analogy, networks are the most common visual tool to represent ontologies. They
represent an oriented graph in which each arc is labelled, and the label is, in a very
intuitive way, the relationship between the two entities. We report a small example in
Figure 2.1 showing some general concepts put into a hierarchy by the well-known “isA”
relationship. This relationship creates a tree structure since a concept Entity always

appears as root. Other relationships are has part and repairs.

2.2 Knowledge Graphs

In the early days of Al, experts endeavoured to formalize all the knowledge related

to a domain or use case. It is still the case now in some contexts but the support of

7



2.2. Knowledge Graphs

has_part

_ repairs

Figure 2.1: Ontology example

modern technologies contributed to automatizing part of the design or storage process.
The term Knowledge Base (KB) refers to a collection of information expressed formally
that is employed for several tasks, retrieval and reasoning as two of the most common
examples. The discipline that investigated how to formalize information for reasoning
tasks is KRR. It is the area of Artificial Intelligence concerned with how knowledge
can be represented symbolically and manipulated in an automated way by reasoning
programs [12]. KRR techniques took inspiration from human problem solving, and
are to represent knowledge for intelligent systems to gain the ability to solve complex
tasks. When knowledge is expressed in the form of a graph it is named Knowledge
Graph (KG), which provides all the above-mentioned advantages of graph structures.
A KG can be viewed as a KB in which we consider its graph structure [13]. The most
used model for representing KGs is the directed edge-labelled graph (also known
as a multi-relational graph [14-16]) is defined as a set of nodes such as “Santiago”,
“Arica”, and a set of directed labelled edges between those nodes, such as “(Santa
Lucia)-(city)->(Santiago)” [17].

More generally, a KG is a graph of data intended to accumulate and convey knowl-
edge of the real world, whose nodes represent entities of interest and whose edges
represent potentially different relations between these entities [17]. KGs that repre-
sent structural relations between entities have become an increasingly popular research
direction toward cognition and human-level intelligence [18]. They, as a form of struc-
tured human knowledge, have drawn great research attention from both academia and
industry [17, 19-21]. The ever-increasing interest in this technology is due to its under-
lying abstract structure which effectively facilitates domain conceptualization and data
management, and its usage as the main driver of several Al applications. In particular,

the KG depicts an integrated collection of real-world entities that are connected by
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semantically interrelated relations. In this respect, data are given formal semantics
via data annotation and manipulation in a machine-readable format, thereby reduc-
ing ambiguity and deriving meaningful information that is specific to an application’s
domain. Therefore, the incorporation of KGs has extended the existing data models
depicted by domain ontologies and established a new form of data analytics that can
capture semantically interconnected, large-scale data sets [22].

It is necessary to define and differentiate KGs from other concepts to make valuable
and accurate statements about the introduction and dissemination of these concepts.
The second problem leads to the misleading assumption that the term Knowledge
Graph is a synonym of Knowledge Base, which is itself often used as a synonym for
ontology. An ontology is a formal, explicit specification of a shared conceptualization
that is characterized by high semantic expressiveness required for increased complex-
ity |23]. Ontological representations allow semantic modelling of knowledge and are,
therefore, commonly used as Knowledge Bases in Al applications, for example, in the
context of knowledge-based systems. The notion of KG stems from scientific advance-
ments in diverse research areas such as the SW, databases, KRR, NLP, and machine
learning, among others. The integration of ideas and techniques from such disparate
disciplines presents a challenge to practitioners and researchers to know how current
advances develop from, and are rooted in early techniques. The essential visualization
elements involved in the notion of KGs can be traced to ancient history in the core idea
of representing knowledge in a diagrammatic form. Examples include Aristotle and
visual forms of reasoning, around 350 BC; Lull and his tree of knowledge; Linnaeus
and taxonomies of the natural world; and in the 19th. Century, the works on formal
and diagrammatic reasoning of scientists like J.J. Sylvester, C. Peirce and G. Frege.

In the beginning, studies were carried out in the fields of logic and knowledge engi-
neering. The logic experts claimed that the whole complexity of the world could have
been formalized in first-order logic and predicate logic-based languages. The goal was
to infer correct conclusions starting from a KB made up of true facts and rules. This
approach turned out to be limiting in many contexts so the rigidity was lightened with
non-monotonicity 24| or fuzzy reasoning [25], capable of grasping the uncertainty and
the fuzziness intrinsically present in the world. Differently from the first researchers,
experts from the knowledge engineering field came up with new formalisms based on se-

mantic networks, able to represent richer concepts, relationships and constraints among
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entities and attributes. With the massive growth of the Internet, traditional methods
based on artificially built KBs could not adapt to the amount of data available. For this
reason, data-driven machine methods have become the current state-of-the-art in Al.
Many practical implementations impose constraints on the links in KGs by defining a
schema or ontology. KGs and similar structures usually provide a shared substrate of
knowledge within an organization, allowing different products and applications to use
similar vocabulary and to reuse definitions and descriptions that others create. Fur-
thermore, they usually provide a compact formal representation that developers can
use to infer new facts and build up knowledge [26]. Recent years have witnessed rapid
growth in KG construction and application [21]. A large number of KGs, such as Free-
base 27|, DBpedia [28], YAGO [29], and NELL [30] have been created and successfully
applied to many real-world applications, for solving tasks ranging from semantic pars-
ing [30, 31] and named entity disambiguation [32, 33| to information extraction |34, 35|
and question answering [36]. For some of these tasks, one of the most known KG is
DBpedia. It is a community effort to extract structured information from Wikipedia
and to make this information available on the Web. DBpedia allows you to ask sophis-
ticated queries against datasets derived from Wikipedia and to link other datasets on
the Web to Wikipedia data. We show a portion of the DBpedia as an example of KG
in Figure 2.2.

KGs fit very well with problems concerning reasoning. Reasoning is one of the
basic forms of simulated thinking and a process of deducing new judgements (conclu-
sions) from one or several existing judgements (premises). Example of reasoning tasks

over KGs aim to identify inconsistencies and/or incompleteness from existing data.

2.2.1 Graph Database

Relational databases have been providing storage support for many decades now
with implementations like Oracle or MySQL. Way back people used databases just for
storing tabular data like purchase reports and finance records. Relational databases
were perfect as one could associate a transaction in the finance table with an item
in the purchase table. In today’s environment, these relational representations are
inefficient in performing many operations [37]. The Web exhibits far more complicated

networks of relationships than were expected when the Structured Query Language
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Figure 2.2: Portion of the DBpedia graph

(SQL) was designed. The network of hyperlinks connecting all the pages on the Web
is highly complex and almost impossible to model efficiently in a relational database.
Similar issues are involved in modelling social networks like Twitter and Facebook.
Implementing such problems in relational databases involves a large number of
joins which is expensive to calculate. With the intense increase in usage of the internet
leading to the need for storing large amounts of interconnected data, there was a clear
desire for a data store tailored to the needs of graph data. Graph databases are
optimized for these types of networks (social networking and website link structure),
as a graph is a natural way of storing connections among users. Relational databases
are not useful when the data model evolves over time, which means relational databases
depend on rigid schema and make it difficult to add new relationships between objects.
All these limitations of relational databases led to the development of NoSQL models.
A graph database is a database system where the relationships between objects or
entities are equally as important as the objects themselves [38]. In a graph database,
data are represented by nodes, edges and properties. Nodes are represented as objects
and edges manifest the relationship between nodes. There are several implementations
of graph databases. Both nodes and edges can have properties that depict their specific

characteristics [39].
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KGs use a graph-based data model to capture knowledge in application scenarios
that involve integrating, managing and extracting value from diverse sources of data
at a large scale. Employing a graph-based abstraction of knowledge has a number
of benefits when compared with a relational model or NoSQL alternatives. Graphs
provide a concise and intuitive abstraction for a variety of domains, where edges and
paths capture different, potentially complex relations between the entities of a domain.
Graphs allow maintainers to postpone the definition of a schema, allowing the data to
evolve in a more flexible manner. Graph query languages support not only standard
relational operators (joins, unions, projections, etc.) but also navigational operators for
finding entities connected through arbitrary-length paths. Ontologies and rules can be
used to define and reason about the semantics of the terms used in the graph. Scalable
frameworks for graph analytics can be leveraged for computing centrality, clustering,
summarisation, and so on, to gain insights about the domain being described. Promis-
ing techniques are now state-of-the-art for applying machine learning over graphs [17].
The term data model has been widely used in the information management commu-
nity: it covers various meanings [40]. In the most general sense, a data(base) model
is a collection of conceptual tools used to model representations of real-world entities
and the relationships among them [41]. From a database point of view, the con-
ceptual tools that make up a database model should at least address data structuring,
description, maintenance, and a way to retrieve or query the data. According to these
criteria, a database model consists of three components: a set of data structure
types, a set of operators or inference rules, and a set of integrity rules [42].
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 [43]. Associated
with graphs are specific graph operations in the query language algebra, such as find-
ing shortest paths, determining certain subgraphs, and so forth. Explicit graphs and
graph operations allow users to express a query at a higher level of abstraction. It is
not necessary to require full knowledge of the structure to express meaningful queries
[44]. Finally, for purposes of browsing it may be convenient to forget the schema [45].
For implementation, graph databases may provide special graph storage structures,
and efficient graph algorithms for realizing specific operations [46]. In the current era,
graphs have been adopted in a plethora of domains like social, biological, and other

networks. For instance, in biology, graphs are adopted to model genetic regulations
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while in social networks they are used for modelling relationships between users. Graph
databases implement the Property Graph (PG) data model [47]. In the PG model, the
graph structure’s elements can have some user-defined attributes. Attributes are
key-value pairs available in the form of strings. Analysis of graph properties is deeply
studied by the data mining community [48]. Graph database, like any other database
model, follows CRUD (create, read, update, delete) methods [49]. There is a single
data structure in a graph database — the graph — and there is no join operation so every
vertex or edge is directly connected to other vertex. Graph databases shine when work-
ing in areas where information about data interconnectivity or topology is important.
The following are a few examples of systems that would benefit greatly from the graph
database technology. Recommender systems advise users on relevant products and
information by predicting interest based on various types of information [50|. Graphs
have seen extensive application in the field of bioinformatics, to relate a complex web
of information that includes genes, proteins and enzymes. A prime example is the
Bio4j project, which is a framework powered by Neo4j that performs protein-related
querying and management. The project has aggregated most data available from other

disparate systems into one golden source [51].

2.2.2 Labeled Property Graph

A standard extension of the PG model is the Labeled Property Graph model. In the
LPG model vertices denote discrete objects and edges denote relationships between ver-
tices. Both vertices and edges can have a number of key/value-pairs called “attributes”.
Keys and values are generic strings. Even though the performance of the LPG model
has not been extensively studied [52], Neo4j, the most used graph database model,
spread due to the competitive performance it provides to the community. Automatic
sharding, built-in cache and replication are just some of its main benefits [53].

Graph databases provide better support for highly interconnected datasets than
relational databases. Yet they are inherently schemaless, making them prone to data
corruption, especially when users collect data from heterogeneous sources. Machine
Learning algorithms that apply for generic KGs are also valid for this model. Wang et
al. [54] proposed a new clustering algorithm based on properties of data.

Kalva et al. [55] provided the entire idea of how to retrieve the user’s hidden
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interests from a semantic network of intercorrelated contents on social networks. For-
manowicz et al. [56] provided a short review of selected applications of graph databases

in biology and chemistry.

2.2.3 Neo4j

Neodj is an open-source graph database software developed entirely in Java. It is a
fully transactional database, which is integrated into applications allowing standalone
operation and stores all data in a folder. It is purpose-built to work with highly
connected data, delivers lightning-fast performance and enables powerful, actionable
insights.

Neo4j is a graph database that manages graphs and is optimized for graph struc-
ture instead of tables. Neo4j is the most popular graph database today. With Neo4j,
you can map, store and traverse networks of highly connected data to reveal invisi-
ble contexts and hidden relationships. By intuitively analyzing data points and the
connections between them, Neo4j powers intelligent, real-time applications that tackle
today’s toughest challenges. It combines native graph storage, a scalable architecture
optimized for speed and ACID compliance to ensure the predictability of relationship-
based queries, all without compromising data’s integrity. Neo4j’s index-free adjacency
shortens read time, allowing you to run complex, multi-hop queries at lightning-fast
speeds. Neo4j is accessible through Cypher, the world’s most powerful and productive
graph query language, but there is also API support for the most relevant programming
languages.

Data in a database can be queried by a Query Language (§L). A QL is a collection
of operators or inference rules that can be applied to any valid instance of the data
structures types of the model, with the objective of manipulating and querying data
in those structures in any combinations desired [57]. Gremlin and Cypher are the
two primary languages used to traverse Neo4j graphs. The first is a domain-specific
programming language focusing on graph traversal and manipulation, while the latter
is a declarative graph query language inspired by SQL that seeks to avoid the need
to write traversals in code [51]. An example of graph database in Neo4j is shown in

Figure 2.3
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Figure 2.3: Example of a graph database

O ACTED_IN
Ry

S

NG

&

S

>
@
i

z

S

s

a

o

z
NIT@3.

2.3 Semantic Web

The SW is usually envisioned as an enhancement of the current World Wide Web
(WWW) with machine-understandable information (as opposed to most of the cur-
rent Web, which is mostly targeted at human consumption), together with services -
intelligent agents - utilizing this information; this perspective can be traced back to the
2001 Scientific American Article [58] which arguably marks the birth of the field. In the
SW vision of the WWW, the content will not only be accessible to humans but will also
be available in machine-interpretable form as ontological KBs. Ontological KBs enable
formal querying and reasoning and, consequently, a main research focus has been the
investigation of how deductive reasoning can be utilized in ontological representations
to enable more advanced applications [59]. In the SW, metadata are generally in the
form of ontologies, or at least a formal language with logic-based semantics that admits
reasoning over the meaning of the data.

Over the years, it raised the question of what the difference between the Semantic
Web and Knowledge Graph is. Smaller KGs, for example, enterprise Knowledge Graphs,
can be differentiated from the Semantic Web because of their narrow domain. The goal
of large search engines is to crawl and process all the information available on the web,
which leads to increased interest in the widespread implementation of semantic technol-

ogy. Considering the layers of the Semantic Web, a Knowledge Graph, by comparison,
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Figure 2.4: Semantic Web Architecture

employs either the same technology for each layer or a similar one that offers the same
features. All in all, the Semantic Web could be interpreted as the most comprehen-
sive Knowledge Graph, or, conversely, a Knowledge Graph that crawls the entire Web
could be interpreted as an autonomous Semantic Web.

The SW is based on a set of technologies, tools and standards which form the ba-
sic building blocks of a system that could support the vision of a Web imbued with
meaning. The Semantic Web has been developing a layered architecture, which is often
represented using a diagram first proposed by Tim Berners-Lee, with many variations
since. Figure 2.4 gives a typical representation of this diagram.

While necessarily a simplification which has to be used with some caution, it never-
theless gives a reasonable conceptualization of the various components of the Semantic

Web. The layers are:

e Unicode and URI: Unicode, the standard for computer character representation,
and Uniform Resource Identifiers (URIs), the standard for identifying and
locating resources (such as pages on the Web), provide a baseline for identifying

resources.

e XML: eXtensible Markup Language (XML) and its related standards, such as
Namespaces, and Schemas, form a common means for structuring data on the

Web but without communicating the meaning of the data.

e Resource Description Framework: RDF is the first layer of the Semantic Web
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proper. RDF is a simple metadata representation framework, using URIs to iden-
tify Web-based resources and a graph model for describing relationships between
resources. RDF format is used to model relationships between two entities using a
3-tuple, called a triple. The 3-tuple consists of subject, predicate, and object. A
predicate is a relationship between, or a fact about, the subject and the object.
Subjects, predicates, and objects can be uniquely represented by URIs. All the

elements in a triple can be URIs.

e RDF Schema: a simple type modelling language for describing classes of resources

and properties between them in the basic RDF model.

e Ontologies: a richer language for providing more complex constraints on the

types of resources and their properties.

e Logic and Proof: an (automatic) reasoning system provided on top of the on-
tology structure to make new inferences. Thus, using such a system, a software
agent can make deductions as to whether a particular resource satisfies its re-

quirements (and vice versa).

e Trust: the final layer of the stack addresses issues of trust that the Semantic

Web can support [60].

Ontology Web Language (OWL) [61] is part of the growing stack of W3C recom-
mendations related to the SW. OWL has a model-theoretic semantics that provides a
formal meaning for OWL ontologies and instance data expressed in them. Several stan-
dards were proposed to formalize ontologies in the SW community. OWL turned out to
be the main standard since it overcame the limitations of RDF Schema [62].

OWL embeds an inference engine, which adheres to the formal semantics in processing
information encoded in OWL, with the objective of deriving new information from known
information. An inference engine is needed for the processing of the knowledge encoded

in the semantic web language OWL. An OWL inference engine has the following features:

e Checking ontology consistency. An OWL concept ontology (e.g., terms defined in
the “T'box”) imposes a set of restrictions on the model graph. The OWL inference
Engine should check the syntax and usage of the OWL terms and ensure that the

OWL instances (e.g., assertions in the “Abox”) meet all of the restrictions.
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Computing entailments. Entailment, including satisfiability and subsumption,

are essential inference tasks for an OWL inference engine.

Processing queries. OWL inference engines need powerful, yet easy-to-use, language
to support queries, both from human users (e.g., for debugging) and software

components (e.g., for software agents).

Reasoning with rules. Rules can be used to control the inference capability, to
describe business contracts, or to express complex constrictions and relations not
directly supported by OWL. An OWL inference engine should provide a convenient

interface to process rules that involve OWL classes, properties and instance data.

Handling XML data types. XML data types can be used directly in OWL to
represent primitive kinds of data types, such as integers, floating point numbers,
strings and dates. New complex types can be defined using base types and other
complex types. An OWL inference Engine must be able to test the satisfiability of

conjunctions of such constructed data types [63].

Standards for representing KBs differ by their level of expressiveness. In figure 2.5,

we find the possible categories of axioms that can be expressed.

OWL is SROIQ. The main source of intractability is the non-determinism. It requires

a lot of guessing/backtracking. They are caused by:

owl:unionOf.

owl:complementOf and owl:intersectionOf.
Maximum cardinality restrictions.
owl:someValuesFrom and owl:allValuesFrom.

Non-unary finite class expressions (owl:oneOf) or datatype expressions.

OWL is actually a family of three language variants (often called species) of increasing

expressive power: OWL Lite, OWL Description Logics (DL), and OWL Full. OWL 1

Full is the most expressive variant of OWL 1. However, the free usage of vocabulary

adds

a source of undecidability; for example, OWL 1 Full does not enforce the well-

known restrictions needed for decidability, such as using only simple roles in number

restrictions.

18



2.3. Semantic Web

Ontology (=Knowledge Base)

Atomic A, B

Not -C Subclass ¢ ED
S And CnNnbo Equivalent C=D
3 Or C uUD

Exists E= M ) O _

For all Vr.c E Subrole ¥ E .8
§ At least S F.C (Sh ) : Transitivity Trans (r)
o At most =n r.C (sn r) E—Jw Role Chain ror’ £ s

Closed | R. Disjointness | Disi (s, r)
S U |

class
| Self dr.Self

Instance C(a)
Role r(a,b)
Same 8= 5

Atomic r :

Different a#b
=1 Inverse 5

Figure 2.5: Levels of expressiveness

2.3.1 Resource Description Framework

RDF is a W3C recommendation designed to standardize the definition and use of meta-
data —descriptions of Web-based resources— but also to represent data. The basic
building block in RDF is an object attribute-value triple, commonly written as A(O, V).
That is, an object O has an attribute A with value V. Another way to think of this
relationship is as a labelled edge A between two nodes, O and V: |O]-A—[V]. This
notation is useful because RDF allows objects and values to be interchanged. Thus,
any object can play the role of a value, which amounts to chaining two labelled edges
in a graphic representation. RDF also allows a form of reification in which any RDF
statement can be the object or value of a triple, which means graphs can be nested
as well as chained. RDF Schema lets developers define a particular vocabulary for RDF
data (such as authorOf) and specify the kinds of objects to which these attributes can
be applied. In other words, the RDF Schema mechanism provides a basic type system
for RDF models. This type of system uses some predefined terms, such as Class, sub-

PropertyOf, and subClassOf, for application-specific schemas. RDF Schema expressions
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are also valid RDF expressions [64]. The RDF data model uses URIs to unambiguously
denote objects, and of properties to describe relationships between objects. The RDF
data model distinguishes between resources, which are object identifiers represented
by URIs, and literals, which are just strings. The subject and the predicate of a state-
ment are always resources, while the object can be a resource or a literal. RDF graphs
can be queried using the SparQL query language. SparQL [65] is a language that
lets users query RDF graphs by specifying “templates” against which to compare graph

components. Data which matches or “satisfies” a template is returned from the query.

2.3.2 Comparison and differences between LPG and RDF

The SW has been dominated by the RDF as W3C’s standard model. Simultaneously, the
concept of LPG, often using the native graph database Neo4j, is getting more attention
lately. While different graph models proved to be useful in multiple use cases, there is
a lack of empirical comparison of these graph models [66]. In Table 2.1 I summarized

the main characteristics of the two graph models taken from [66].

Table 2.1: A comparison between the two graph models.

Graph Directed Labels Attributes URI Weights Reasoning
model edges

LPG v v v ©
RDF v v v ©) v

As we can see from the table, most of the characteristics are in common and derive
from the fact that they share the same data structure. When describing relationships,
the concept of direction is fundamental to understanding which is the subject of the real
relationship and what is the object (or value). Both of the models provide labels. This
is not trivial since there exists approaches in which only PGs, not labelled, are used.
Attributes are not present in RDF graphs. With LPG, we can put attributes to nodes
and arcs, in the form of key/value. Values must be atomical and literal, otherwise,
you should consider mapping it as a relationship between the node and another one
having as a label the type of the attribute. Attributes in RDF are so reified. With
reification, we mean to create a node having as the label the type of the value and
create a relationship (probably named as the name of the attribute) between the two

nodes. For this reason, OWL/RDF also provides types like Integer, String, Decimal and
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so on, so that literals have their associated class to which they belong. There are
many applications which need weights on arcs, or even on nodes. We can list just some
of the most common algorithms used on the Web like Page Rank [67] or HITS [68].
Weights are not supported by any of the two models. Yet, it is still possible to represent
weights by using attributes (in LPGs) or relationships (in RDFs). Handling weights in
RDF becomes much heavier from a computational point of view because each triple
should be reified and a relationship must be created to store the weight. Navigation
will involve a much greater number of nodes. Finally, LPG graphs are just a different
way to store data. They are thought in order to perform the CRUD operations on
data. RDF, on the other hand, goes far beyond. It is developed to be exploited by a SW

reasoner in order to infer new knowledge.

2.4 Reasoning

2.4.1 Ontological Reasoning

Reasoning in ontologies and Knowledge Bases is one of the reasons why a specification
needs to be a formal one. By reasoning, we mean deriving facts that are not expressed
in the ontology or the Knowledge Base explicitly. A few examples of tasks required

from an ontological reasoner are as follows:

e Satisfiability of a concept: determine whether a description of the concept is not
contradictory, i.e., whether an individual can exist that would be an instance of

the concept.

e Subsumption of concepts: determine whether concept C subsumes concept D, i.e.,

whether the description of C is more general than the description of D.

e Consistency of ABox with respect to TBoz: determine whether individuals in

ABox do not violate descriptions and axioms described by TBox.
e Check an individual: check whether the individual is an instance of a concept.
e Retrieval of individuals: find all individuals that are instances of a concept.

e Realization of an individual: find all concepts to which the individual belongs,

especially the most specific ones.
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These tasks are not semantically very different. For example, satisfiability can be
tested as a subsumption of a concept. It is unsatisfiable if no individual can exist that
would be an instance of the concept. For all tasks, it is enough to be able to check
deductive consequences or derive all deductive consequences of a theory. However,
there may be specially optimized algorithms for different tasks in a reasoner.

All operations are decidable. Even when the theoretical complexity seems to be
intractable, there are optimized reasoners available that are usable for practical real-

world cases.

2.4.2 Logic Programming

Logic Programming (LP) is a simple, yet powerful formalism suitable for program-
ming and for knowledge representation. It was introduced by R. Kowalski in the late
1960s. It grew out of an earlier work on automatic theorem proving based on the res-
olution method. The major difference is that LP can be used not only for proving but
also for computing. It offers a new paradigm, which was originally realized in Prolog,
a programming language introduced in the early seventies.

Prolog was originally designed as a programming language for NLP but it turned
out to be used in every domain in which knowledge can be expressed in terms of facts
and rules.

There are two natural interpretations of a logic program. The first one called
a declarative interpretation, is concerned with the question what is being computed,
whereas the second one, called a procedural interpretation, explains how the computa-
tion takes place. Informally, we can say that declarative interpretation is concerned
with the meaning, whereas procedural interpretation is concerned with the method.
The fact that, when designing a logic program, one can rely on its declarative inter-
pretation, explains why LP supports declarative programming [69].

In LP programs, facts and rules are expressed using clauses. Giving a set of n
predicates Aq, As, ..., A, and a set of m negated predicates = By, = Bs, ..., = B, a
clause is the disjunction of these literals (predicates or negated predicates): A; V Ay
V..VA, VB V-ByV..V - B, Through the logical equivalence = A V B
<— A — B, weinfer: By A By A ... NB,, = A1 V Ay V ... V A,, which means that
a set of premises: By, Bs, ..., B, lead to the conclusion A; V Ay V ... V A,. If n < 2,
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we define this clause as a Horn clause. An LP program is almost always expressed by
Horn clauses. If n = 1, we have the rule in this form By A By A ... A B,, — A. In this

case, a set of premises By, Bs, ..., B,, lead to the conclusion of A.

2.4.3 Multistrategy Reasoning

Multistrategy reasoning concerns with extracting information from a Knowledge Base
by following one (or more) strategies. The different strategies follow human reasoning
methods that are feasible in any real-world context. We will briefly explain which

inference mechanisms we consider part of multistrategy reasoning.

2.4.3.1 Abstraction

Abstraction is the type of reasoning aimed at removing unimportant details during the

modelling of the solution. It solves different problems:
e the complexity of the problem is reduced.
e the problem becomes goal-dependent.
e problems considered impossible before are solvable.

In general terms, we can define the abstraction process as a mapping at the level of
the perceived world. Formally, given a world W, let R, = (P,(W), S,, £,) and R,
= (Pu(W), Sa, L,) be two reasoning contexts ground and abstract, an abstraction
is a functional mapping A: P,(W) — P,(W) between a perception P,(W) and a
simpler perception P,(W) of the same world W. For “simpler” we mean that there is
a function from the elements of the first perception to the element of the second one

and this function is not injective.

2.4.3.2 Abduction

Abduction is the type of reasoning aimed at inferring causes from effects. Peirce de-
fined it as the inference process of forming a hypothesis that explains given observed
phenomena [70]. Its goal is to hypothesize unknown information starting from obser-

vations. It has the following characteristics:

e it handles missing information.
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e different explanations are possible.

e many constraints must be satisfied.
More formally, given:

e a logical theory T representing the expert knowledge and

e a formula Q representing an observation on the problem domain,
An abductive inference is an explanation formula E such that:

e | is satisfiable with respect to T.

e T|=E—Q

In general, we prefer E to be minimal (e.g. by restricting the number of predicates).
The abductive explanation of an observation is a formula which logically entails the
observation and represents a cause for it.
We recall the difference between abduction and induction. The first one wants
to infer causes from observation while the second wants to deduct consequences from

observations.
e We provide an example:

— If I say that my car will not start this morning, an abductive solution is the
explanation that its battery is empty. An inductive inference can infer that

if the battery is empty, then the car will not start.

2.4.3.3 Argumentation

Argumentation studies the processes and activities involved in the production and
exchange of arguments. It aims at identifying, analyzing and evaluating arguments. It
captures diverse kinds of reasoning and dialogue activities in a formal but still intuitive
way and provides procedures for making and explaining decisions. In Al, it is used to
give reasons to support claims that are open to doubt and/or defend these claims
against attack. Argumentation takes a clue from everyday arguing which is something

typical, involving different people who have their perspective which looks convincing.
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Figure 2.6: Argumentation example with the Dung model

In general, arguments are represented as nodes and relationships amongst argu-
ments as arcs. It is easy to recognize a graph structure. Arcs are directed, and they
indicate the source argument attacking the target one.

There are different frameworks for representing arguments. The basic one was
proposed by Dung [71] and is shown in Figure 2.6 but it turned out to be too limited.

Hence, the following ones emerged:
e bipolar: provides arcs also for supporting arguments, not only to attack.
e weighted: provides weights for attacks, to distinguish them.
e trusted: provides weight also for the arguments themselves.
e mized: uses a combination of the previous ones, for example, bipolar and weighted.

Through this formalization, relevant aspects of the arguments can emerge, in particular
some subsets of the overall set of arguments, like the conflict-free, the admissible, the
semi-stable and so on.

Major applications of this kind of reasoning are debates, in which we can formalize
arguments and attacks between them and, if using richer frameworks, possible weights,

support relationships and others.

2.4.3.4 Analogy

Analogy is the process of transferring knowledge across domains. The main reasons for

which it is used are the following:
e relevance in the study of learning, for moving from one domain to another.
e often used in problem-solving.

e relevance when studying new domains.
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e in the past, it inspired great scientists in new discoveries.
e frequently used in communication.
e frequently used for explanations.

The analogy process is not straightforward. It requires the following phases:

retrieval: finding the better base domain that can be useful to solve the task in

the target domain.
e mapping: searching for a mapping between base and target domains.
e cvaluation: providing some criteria to evaluate the candidate mapping.

e pattern: shifting the representation of both domains to their roles schema, con-

verging to the same analogical pattern.

o re-reprepresentation: adapting one or more pieces of the representation to im-

prove the match.

We provide a small example of an analogy process using the Knowledge Base,

expressed in a graph in Figure 2.7.
In the image, the green arcs represent the relationships which do not require any

mapping. Hence, a mapping is needed for the other ones and it is quite trivial:
e g —o.
b —n.
e d — h.
e e — m.

Using the mapping and the information about the first domain, we can add missing
information also to the second KB. In Figure 2.8, orange arcs have been mapped and

purple ones have been added for analogy.
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Figure 2.7: Example of two KB in analogy

2.4.4 Answer Set Programming

Answer Set Programming (ASP), also known as Disjunctive Logic Programming (DLP)
under stable model semantics, is a powerful framework for Knowledge Representation
and Reasoning. Originating from the work of Gelfond, Lifschitz, and Minker in the
1980s, ASP has gained increasing interest within the scientific community. One key fac-
tor in its success is its highly expressive language: ASP programs can precisely express
any property of finite structures over a function-free first-order structure that is decid-
able in nondeterministic polynomial time with an NP oracle, meaning ASP encompasses
the complexity class X' = NP¥P. As a result, ASP enables encoding programs that
cannot be converted to SAT in polynomial time. Notably, ASP is entirely declarative
(the sequence of literals and rules does not affect the outcome), and its encodings for
a wide range of problems are concise, straightforward, and elegant. Unfortunately, the
high expressiveness of ASP comes at the price of a high computational cost in the worst

case, making the implementation a tough task.
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Figure 2.8: New KBs after analogy

2.4.4.1 Syntax

Following a convention dating back to Prolog, strings starting with uppercase letters
denote logical variables, while strings starting with lowercase letters denote constants.
A term is either a variable or a constant. An atom is an expression p(ty, ...,t,), where
p is a predicate of arity n and ti,...,t, are terms. A literal [ is either an atom p
(positive literal) or its negation notp (negative literal). Two literals are said to be
complementary if they are of the form p and notp for some atom p. Given a literal [,
=l denotes its complementary literal. Accordingly, given a set L of literals, =L denotes
the set {-l|l € A}. A set L of literals is consistent if its complementary literal is
not contained in L for every literal [ € L. A disjunctive rule (rule, for short) r is a
construct: ay V...V a, < by, ..., bk, "bgy1, ..., b, where aq,...,a,,b, ..., b, are literals

and n > 0, m > k > 0. The disjunction a; V ... V a, is called the head of r, while
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the conjunction by, ..., by, —bgy1, ..., b, is referred to as the body of r. A rule without
head literals (i.e. n = 0) is usually referred to as an integrity constraint. A rule having
precisely one head literal (i.e. n = 1) is called a normal rule. If the body is empty (i.e. k
=m = 0), it is called a fact. If r is a rule of form (1), then H(r) = {a4, ..., a,} is the set
of literals in the head and B(r) = B*(r) U B~ (r) is the set of the body literals, where
B*(r) (the positive body) is {by, ..., bx } and B~ (r) (the negative body) is {bxi1, ..., b }-
An ASP program (also called Disjunctive Logic Program or DLP program) P is a finite
set of rules. A not-free program P (i.e., such that Vr € P : B~(r) = () is called positive
or Horn, and a v-free program P (i.e., such that Vr € P : |H(r)| < 1) is called normal
logic program. In ASP, rules in programs are usually required to be safe. A rule r is
safe if each variable in r also appears in at least one positive literal in the body of r.
An ASP program is safe if each of its rules is safe. A term (an atom, a rule, a program,

etc.) is called ground if no variable appears in it [72].

2.4.4.2 Semantics

From [73] the semantics of ASP programs can be defined. For every program P, its
answer sets are defined by using its ground instantiation grnd(P) in two steps: first,
the answer sets of positive disjunctive programs are defined, and then, the answer
sets of general programs are defined by a reduction to positive disjunctive programs
and a stability condition. An interpretation [ is a consistent set of ground literals
I C Bp w.r.t. a program P. A consistent interpretation X C Bp is called closed
under P (where P is a positive disjunctive datalog program), if, for every r € grnd(P),
H(r)N X # (0 whenever B(r) C X. An interpretation which is closed under P is
also called a model of P. An interpretation X C Bp is an answer set for a positive
disjunctive program P, if it is minimal (under set inclusion) among all (consistent)

interpretations that are closed under P.
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Chapter 3

Related Works

This thesis touches on several aspects and, hence, has much literature in support.
The related works are split according to the (related but distinct) areas in which the

proposed work is placed.

3.1 Ontologies for domains of interest

I start here by describing the state-of-the-art ontological conceptualizations of several

domains of interest, in which the proposed work can be applied.

3.1.1 Education

Today, open educational resources such as MIT’s Open Courseware |74] provides free
curated content 75|, and location-aware search engines may offer course details in
one’s subject area. However, the realisation of truly personalised learning through
technology is still to come. Many branches of Al are sufficiently mature enough to take
significant steps towards this goal but have only been partially used for supporting
educational purposes. Much research investigated LO recommendation |76], but usually
following the same approach as commercial applications, and thus typically ignoring the
learners’ unique features and context, such as their background, history and preferences
[77]. Some works tried to learn learners’ profiles [78] generating behaviour’s rules.
However, to date, recommendations have been unable to guide the learners along the
path necessary to attain their personally chosen goals as to goals specified by a teacher

or school curriculum. Among the many proposals, only a few use ontologies to describe
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LOs, user profiles, and context information together. Gasevic et al. [79] uses domain
ontologies to annotate LO content, and content structure ontologies to enable direct
access to LOs’ components. Verbert et al. [80] investigated the interoperation of
learning content defined according to different specifications. Koutsomitropoulos et
al. [81] defined the basis for cross-repository semantics and proposed semantically
enhanced characterization of LOs within a digital repository. Other initiatives, such
as the one by Koutsomitropoulos et al. [82], rely on existing metadata schemas, e.g.
Learning Object Metadata and Dublin Core. Some projects tried to expand the focus
to other issues (e.g., the social aspects of education in IntelLEO!). Taking into account
all these efforts, subjective aspects are almost always neglected. Concerning interaction
between learners and the system, conversational agents have been proposed to answer
questions asked by the learners to improve their learning path [83|, and to provide

suggestions on educational material [84].

3.1.2 Diachronic Analysys

Diachronic Analysis is the task of detecting semantic changes in words over time.
One of the most common languages used for this task is Latin. Latin has one of
the longest recorded histories of any human language, making it naturally suitable
for quantitative studies [85, 86]. The first inscriptional records date from the sixth
century BCE, and Latin continues to be used to the current day by the Catholic
Church and some academic and legal institutions around the world. Written Latin
diverged from the spoken vernaculars in the second half of the first millennium of the
Christian era, but it remained in use as one of the principal channels of communication
across most of Europe for the next thousand years. The humanists’ conscious effort
to reproduce Classical Latin led to a range of interesting developments, particularly
affecting the neo-Latin lexicon to enable the expression of new concepts [87]. This
extensive chronological span has raised the question of the extent to which Latin is
seen as a dead or fossilised language [88, 89]. However, it remains an open question
to what extent this fossilisation affected the semantics of words, as we know that the
Latin lexicon, in this respect, has remained dynamic (over 4,500 words have acquired

new meanings since the Renaissance). The extent to which post-classical Latin can be

Thttp: //www.intelleo.eu/ontologies /activities /spec/
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regarded as a “fixed” language [90-92| from the point of view of its ability to generate
new meanings of words is still largely unknown beyond anecdotal evidence.

Empirical historical semantics research requires access to various sources, from dic-
tionaries and lexicons to encyclopedic information and diachronic texts. While many
have recognized the corpus-based nature of diachronic semantics, particularly for cor-
pus languages like Latin [85, 93|, quantitative corpus-based studies are yet to pervade
historical semantics research. A critical barrier to this is that corpus and lexical re-
sources for historical languages are siloed. While significant progress on linking lexical
resources, tools, and corpora at the level of lemmas has been made [94], linking at the
level of word senses is still missing. Given the significant progress made in the design
of linked data models for language data [95|, some studies [96] have already advo-
cated for integrating corpus approaches with Linked Open Data technologies to study
lexical semantic change. One crucial strategy for representing the results of research
into language change as linked data is by modelling and publishing them as knowledge
bases using a lexicon-based model, usually OntoLex-Lemon and its various extensions.
This includes the Frequency Attestations and Corpus, FrAC, module, which proposes
a new series of classes and properties for linking elements of a lexicon with corpora.
Previous work in this area includes a proposal to modify the core organizing princi-
ples of wordnets to represent semantic shift phenomena [97|, as well as work on the
representation of etymologies as RDF graphs using OntoLex-Lemon [98] and the in-
tegration of temporal information into linguistically linked datasets via the so-called
“four-dimensionalist” approach [99]. Integrating lexical resources and semantically- an-
notated corpus data at scale would allow us to gather corpus data on sense distribution
information, essential for fully implementing the quantitative turn in historical seman-
tics [100]. This integration, however, requires efficient handling of large datasets. In
[101], a Linguistic Knowledge Graph was proposed, a model based on graph DataBase
Management Systems (DBMSs). The Linguistic Knowledge Graph models relations
between concepts and words, the information about word occurrences in corpora, and
diachronic information on both concepts and words. The choice to focus on Latin was
motivated by several factors. First, Latin has one of the longest recorded histories of
any human language, making it naturally suitable for quantitative studies [85]; this, in
turn, allows for corpus-driven analyses of semantic change processes over long periods.

Second, this language has a particularly favourable position among historical languages
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in terms of the availability of extensive corpus data in digital form (some of which have
been linked to language resources and corpora at the level of word lemmas done in
the context of the LiLa project) and computational language resources such as Latin
WordNet [102] and digitized dictionaries. Focusing on the development of the Latin
language, the contribution was the expansion of the range of Latin language resources
that were included in the Linguistic Knowledge Graph for the study of lexical semantic
change in Latin. The contribution included (i) the ingestion of Latin WordNet into the
Linguistic Knowledge Graph; (ii) a new curated linking between existing resources for
Latin, namely Latin WordNet [102, 103] and the SemEval Latin dataset [104, 105], a
sense-annotated portion of the LatinISE diachronic corpus of Latin [106]; (iii) the inte-
gration of external contextual information (Wikidata) about the authors’ occupation.
There were also examples of using this integrated resource for lexical semantic change

research.

3.1.3 Food and Health

The food sector has largely benefited from Artificial Intelligence. The applications are
countless [107]. One of the first attempts to advertise meals based on the user needs
was by Snae et al. [108|. It was based on Korean cuisine and represented a filtering
system for diseases. Then, it proposed the fuzzification of the impact by assigning a
certain degree of damage (not just a binary choice) and the provision of explanations
by combining ingredients’ features.

A more sophisticated recommender system by Toledo et al. [109] had personal-
ization as it also considered user preferences. One of the main differences with the
proposed approach was that it could not provide explanations for informing the user
about the goodness of a choice. This is due to the use of interpretable graph models
(graphs) and symbolic conceptualizations (ontologies).

Regarding the pure ontology designing phase, the attempt to unify food ontologies
has been provided by Popovski et al. [110]. However, the unified conceptualization
does not include peculiarities details for expressing the impact of the food and ingre-
dients on allergies and/or diseases. In the work, the alignment took into consideration
several existing ontologies such as FoodWiki [111], Open Food Facts [112| and others.

Nonetheless, these resources cannot be compared with the richness of the (for example)
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[talian websites.

In the context of food production tracking for sustainability and smart cities, Kamel
et al. [113] integrated heterogeneous sources to combine information at different gran-
ularity and steps for a holistic production line of food.

In dealing with graphs, Qin et al. [114]| constructed a Chinese cuisine knowledge
graph with a query answering system retrieving resources gathered from the Web. In
this case, the ontology is derived from data rather than manually constructed and
refined for the task, also because the system was not supposed to be used for a specific
use case. Again, the lack of correlation between food and illnesses, or the correlation
with the ingredients’ features is common. Without using conceptualization on a graph,
as often happened with the LPG model, Bajaj et al. [115] introduced the use of Neo4]
for the storage and recommendation of food. This represented a preliminary idea of our
work in which the performance can be appreciated and justifies the ongoing research
in this field with that representation.

Taking everything into account, many works aimed to recommend personalized
food based on diseases/allergies, some of them are not explainable or limited in their
interpretation since they did not make use of interpretable data structures or ontologies.
The conceptualization of food barely took into account intolerances and the impact of

each ingredient on them.

3.1.4 Digital Libraries

After the initial simple transposition to the digital format of library cards, with a
pre-defined and fixed set of fields (or descriptive attributes), subsequent approaches to
bibliographic records representation and management started leveraging the additional
opportunities provided by digital technologies. Outstanding examples of this are the
MARC format and the ISO 2709, currently a standard in the library practice. While
fundamental, these are still deeply rooted in the record-based idea of library descrip-
tions, in which the central and aggregating concept is the book or document, and every
piece of information is considered as “belonging” to the book/document. A step forward
toward relational descriptions was taken by the International Federation of Library As-

sociations and Institutions (IFLA) with its Functional Requirements for Bibliographic
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Records (FRBR)?, a conceptual model of library information proposed in 1990. It pro-
vided an insight into non-obvious technical details of bibliographic description, at the
same time widening the scope of descriptions. According to the foundational ideas from
relational Database (DB) design, it identified a set of entities to be represented and de-
scribed (e.g., places, persons, organizations) with their own “dignity”, along with their
characterizing attributes, and a set of relevant relationships among them that were im-
plicit and hidden in traditional bibliographic records. So, the information enclosed in
a bibliographic record is now distributed in a reticular information organization. The
FRBR model has been refined and expanded in a later recommendation by IFLA, the
Library Reference Model (LRM), proposed in 2017 [116, 117]. While important, these
proposals still have significant limitations. First, and most importantly, they still focus
on the syntactic level of descriptions, without providing formal definitions of the items
(entities, relationships, attributes) and their behaviour in the library domain. This re-
quires an upgrade from DBs to KGs, where ontologies provide such formal definitions,
enabling interoperability among systems and platforms and advanced exploitation of
that information by AI techniques. Second, the existing proposals still focus on in-
formation that is directly related to the documents to be described, and specifically
to their formal metadata or properties, while the adoption of a “holistic” approach
is preferred. A step by IFLA toward SW technologies was the Resource Description
and Access (RDA) standard, whose main features are the extensibility of the descrip-
tors, and the use of a formal representation that is closer to the ontological standards.
Still, it could not be considered an ontology. In this direction: Hinze et al. [118|
proposed one based on FRBR, ingesting the data from MARC sources; Alemu et al.
[119] fostered a switch to open data, based on adapting to RDF the FRBR and RDA;
Decourselle et al. [120, 121] focused on FRBRized entities, and specifically on the chal-
lenges related to metadata migration and semantic enrichment of bibliographic data.
Many works in the literature highlighted the advantages of moving to a semantic-based
approach to Digital Libraries. Semantic Digital Libraries [122| extensively used meta-
data to support information retrieval and classification tasks. They could use ontologies
to organize bibliographic descriptions, represent and expose document contents, and

share knowledge among users [123|. Moving from traditional descriptions, Babu et al.

Zhttps:/ /repository.ifla.org/bitstream /123456789 /811 /2 /ifla-functional-requirements-for-
bibliographic-records-frbr.pdf
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[122] investigated how the Knowledge Organization Systems (KOS) can be integrated
with the architectures using semantic technologies and data. Noting that the standard
RiC-CM and CIDOC-CRM models used in library practice derive from the traditional
approach used for the construction of catalogues, Bianchini et al. [124] proposed to
connect the entities to the much larger, richer and more numerous ontologies of the
SW, represented by the Linked Open Data (LOD) Cloud. However, it still focused
on the elements of traditional schemas. Hallo et al. [125] depicted the situation of
Linked Data technologies applied to libraries, outlining best practices, gaps and future
trends based on the information found on authoritative library websites. Albeit often
using RDF, most works did not use full-fledged ontologies, just controlled vocabularies
and thesauri, such as OAI-ORE (Open Archives Object Reuse and Exchange), SKOS,
Dublin Core, Newman’s, MOAT [126], etc. Kruk et al. [123]| analyzed some Semantic
Digital Libraries projects, identifying three application areas of ontologies, and men-
tioned the MarcOnt Ontology [127] as a candidate for combining different metadata
standards that could describe various concepts at different levels of granularity. Some
works highlighted the need for an overall ontology that accommodated and “coordi-
nated” all the different perspectives: Lacasta et al. [128] aimed at overcoming the
limited semantics of thesauri and similar knowledge models proposing an automatic
process to convert a knowledge model into a domain ontology through alignments with
the lexical DB Wordnet and the upper-level ontology DOLCE [129]. To overcome the
current limitations to the reuse of bibliographic data in the SW and of RDF languages,
due to the lack of a common conceptual framework, Patricio et al. [130] proposed a
reference model and a super-ontology to overcome the misalignments between existing
bibliographic ontologies and the principles and techniques of LOD. Other works pro-
posed ontologies that tackle specific aspects of digital library and bibliographic data
management [131-133|. As for reasoning, Martin et al. [134] showed how a case-based
reasoning system based on an ontology could enhance the effectiveness of information
retrieval. Concerning the extent of descriptions, some attempts to widen it have been
carried out mainly in the wider context of Cultural Heritage. Worth mentioning are
CIDOC-CRM? and ArCo (Architecture of Knowledge)?*, an ontology and KG of Italian

Cultural Heritage. It modelled many types of cultural properties (including technologi-

3https://www.cidoc-crm.org/
4http://wit.istc.cnr.it /arco/
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cal heritage). Summing up, while there was a widespread feeling that ontologies were a
need and an opportunity for modern and advanced Digital Libraries and bibliographic
data management, the existing works often proposed tools, mostly aimed at improving
Information Retrieval. The underlying data representations are almost always stuck to
standard metadata (LAM or other), with those more oriented towards relational de-
scriptions focusing on FRBR, sometimes proposing migration of data from the former
to the latter, and only occasionally perceiving the need to expand them.

Overall, all extant approaches represented the text at some granularity but lost
the full picture of its structure. The information they carry is mainly syntactic or
semantic, while the layout and logical structure of the documents have not been so far
completely considered. In most cases, they have been used to guide text preprocessing
and splitting. Not only did the structure improve the effectiveness of document pro-
cessing; but it allowed also the users to accomplish their tasks in a more precise and
focused way, returning to them exactly the components they needed to satisfy their
needs. Except for the lexical-conceptual mix, no attempt was present in the literature
to describe documents from several complementary perspectives considered jointly and
truly integrated, taking advantage of the full informative content of each. Instead,
the focus was on the representation of (true) context. The “holistic” solution could
be advantageous to fully express and exploit the documents’ informative content, and
to satisfy users’ needs beyond what the current state-of-the-art may allow. The need
to take into account the user’s goals and domain knowledge was already recognized in
[135]. The holistic approach aimed at taking even further those principles. Some works
in the literature proposed to use different kinds of reasoning for this task. Croft et al.
[135] supported both probabilistic retrieval strategies and browsing. Berger et al. [136]
applied spreading activation on associative networks created from a relational database.
Belew et al. [137] carried out probabilistic reasoning on a so-called connectionist repre-
sentation based on weighted graphs, but using only features available in the database.
Fox et al. [138, 139] proposed a Prolog system that indexes, retrieves, and recommends
documents using logical rules to derive knowledge. In the context of Digital Libraries,
one of the requirements that may be encountered is the need to distribute data. [140]
tackled the task in the case of federated architectures by using a wrapper that acts
as a query interface. Concerning the document structure, Popovici [141] targeted col-

lections of heterogeneous multimedia XML documents, exploring methods for flexible
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searching of structure, text, and sequential data embedded in such collections based

on the structural part of the XML documents.

3.2 Ontologies and Databases

Integrating ontologies and databases is one of the most fascinating topics and has been
founded on theoretical foundations since the early days of the discipline. The design
of ontologies is somehow linked to the design of databases. Some design methods
and techniques such as view integration that have been originally developed for large
databases, where the “data models” and their semantics typically are limited to a
particular application, could be relevant for this purpose. Meersman et al. [142]
provided an overlook of the historical reasons and needs to move from one perspective to
another. Historically, researchers have found similarities between the two perspectives
and many solutions just mapped one prospect into the other by applying state-of-
the-art and stable algorithms. The evolution of the DBMS models has led to the
reconsideration of this idea while providing more advantages in terms of power and
flexibility. Moving from a completely different model, like the graph, to knowledge
bases from one point of view seems natural, but it also hides several complications
which make this process demanding.

There have been approaches to query both databases and ontologies. Bulskow et
al. [143] described an approach for query answering. The proposal is satisfactory as a
process of wrapping results coming from different sources, but it does not combine the
two aspects.

Calvanese et al. [144] described an approach based on DL for the representation of
ontologies. The DL-Lite approach simulates ontology concepts in DL formalisms. In
parallel, a relational database is designed for its representation, storage and manage-
ment. This approach is very common as the relational logic model provides components
that are mappable as components of ontologies. Relations represent classes, relation-
ships represent their namesake concepts in ontologies. Attributes of relations represent
class attributes. Descriptive logic has greater expressive power but, in certain simpli-
fied contexts, it could be developed in relational tables. The main shortcoming lies
in the fact that the relational model is not able to represent inheritance. There are

alternative methods for representing it, for example using a relationship specifically
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for this concept. The mapping between ontologies and databases becomes more effec-
tive in Object-Relational DBMS (ORDBMS) or Object-Oriented DBMS (OODBMS)
which took inspiration from the Object-Oriented (OO) programming paradigm. As
such, inheritance is one of the key concepts and is therefore inherently available. The
need to move from one level of representation to another may mean that in the future
the two representations will become increasingly close in some DBMSs, to the point of

even converging.

3.2.1 Graph Mining

The representation of the data schemas is preliminary for the subsequent phases in
which the actual data are involved into. In the field of extracting information from a
graph, we have a huge number of works. This is due to the fact that graph technologies
have proven to be largely suitable for meeting market demands. Key strengths such
as navigability, simplicity and flexibility have made them attractive in any domain.
Mining graph databases is a very frequent task since the techniques exploit a lot of
the navigability of the graphs. One of the most frequent task is to extract significant
subgraphs [145]. Wang et al. [146| proposed an improvement of the gSpan algorithm
[147] to find patterns in the data. The algorithm is called ADI-MINE, which is pattern
growth. It consists of different steps. At the beginning, it builds an ADI (Adjacency
Index) structure. It is performed by scanning the database of the nodes and arches only
twice. In the first scan, the frequent edges are identified. According to the Apriori [148§]
property of frequent graph patterns, only those frequent edges can appear in frequent
graph patterns and thus should be indexed in the ADI structure. In the second scan,
graphs in the database are read and processed one by one. For each graph, the vertices
are encoded according to the DFS-tree in the minimum DF'S code, as described in [147].
Only the vertices involved in some frequent edges should be encoded. Each frequent
edge is one of the smallest frequent graph patterns and thus should be output. Then,
the frequent edges should be used as the “seeds” to grow larger frequent graph patterns,
and the frequent adjacent edges of e should be used in the pattern growth.

In the case of finding recurring subgraphs from semi-structured data sets, there is
the problem of the amount of patterns we can detect. Huan et al. [149] developed an

algorithm for mining which avoids extracting patterns which are not part of other ones,
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so that to reduce the results only to maximal patterns, reducing also the computational
resources to be employed. The described framework is comprised of two tasks. The
first is a graph partitioning method through which we group all frequent subgraphs
into equivalence classes based on the spanning trees [150] they contain. The second
important component is a set of pruning techniques [151] which aim to remove some
partitions entirely or partially to find maximal frequent ones only. An overview of
graph mining algorithms can be found in [152].

There have been attempts to perform reasoning from graph databases also in the
field of LP. Many approaches [153] are based on relation databases that are easily
mappable in Prolog-like languages. There are numerous applications in which this is
valuable. Some of the first ones were implementations of recommender systems [154],
or expert systems [155]. Starting from LP, different reasoning frameworks emerged.
Especially in the current context of big data, surely there would be some incomplete or
wrong data. We can handle these cases with the use of probabilistic inference [156, 157].

Graphs, seen in the SW perspective, opens the possibilities for ontological reasoning.

3.2.2 Reconciliation of RDF and LPG

In the literature, although in completely heterogeneous application domains, there have
been several works that have tried to use the SW and graph databases simultaneously
or that have created an intermediate layer to make one converge with the other.
Historically, this need has existed for some time. There are several works, even
not too distant, that would have liked a method for connecting graph databases with
RDF. In Zaki et al. [158], the huge amount of data available in traditional databases
is mentioned, but mainly, the authors had to work with the integration of data already
present in RDF format. The approach described, however, for integrating URIs coming
from different sources is peculiar, but too tied with the biological field. Despite this,
it can provide interesting insights into cases where similar techniques can be reused.
Interest expanded in the area of Natural Language Processing. Silva et al. [159]
proposed a method to build a knowledge graph from a well-known lexical database:
WordNet [160]. In particular, their aim was very similar to ours: that is, to build a
new Knowledge Base that could be used for reasoning operations of various natures, in

their case for Text Entailment Recognition [161]. Again, in the field of microbiology,
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Penev et al. [162] presented OpenBiodiv: an infrastructure that combines semantic
publishing workflows, text and data mining, common standards, ontology modelling
and graph database technologies for managing biodiversity knowledge. It is presented
as a Linked Open Dataset (LOD) [163| generated from the scientific literature. The
data from both sources are converted to RDF and integrated into a graph database
using the OpenBiodiv-O ontology and an RDF version of the Global Biodiversity In-
formation Facility taxonomic backbone. This work lacks in the process of integrating
(and disambiguating) knowledge coming from many sources but is a good example of
an overall infrastructure dedicated for the integration. Purohit et al. [164] described a
framework for the projection and validation of a portion of a graph in RDF using the
graph database formalism. Specifically, the framework allows a SPARQL Protocol and
RDF Query Language (SPARQL) query to be written, which translates the result into
JavaScript Object Notation (JSON) and is parsed into the LPG model. At the end,
the initial query is displayed in the new formalism. It is a useful tool for information
verification and consistency checking with reference ontologies, but it is not usable for
connecting the two tools.

There are also attempts [165, 166] to integrate SW techniques with relational
databases using the fixed properties of the relations. Angles et al. [167]| studied
the RDF model from a database perspective. A lot of effort has been put into un-
derstanding the efficiency of languages for querying graphs. For instance, Sakr et al.
[168] proposed a variant of SPARQL: G-SPARQL, which has its grammar and uses
relational databases as a source base for finding data. Libking et al. [169] even pro-
posed a new language. The goal was to introduce languages that work directly over
triples and are closed, without using graph models. They also extend their language
with recursion with good results when comparing with other languages. Thakkar et
al. [170] proposed a new language: Gremlinator, which extends Gremlin [171] and can
navigate graph databases from SPARQL queries.

Some approaches take one perspective and bring it to the other part. These ap-
proaches are more sophisticated since the translation from one technology into the
other one is very complex and still an open issue.

The most frequent is the translation of RDF data into graph databases. Adding
an intermediate layer, SPARQL queries are translated into Cypher and data can be
retrieved as they are written directly in RDF. A proposal is described by De Virgilio et
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al. [172] where the mapping translation follows an algorithm based on the structure of
the nodes and an ontology, which acts as a reference for creating labels on each node.

The following downsides emerged from the work:

e there is a loss of data at the end of the process, since, in a graph database, we

do not have a link among other objects in the Web.
e for large KBs, there is a need of strong computational and memory power.

e after having translated RDF triples into the graph, we cannot perform any other

operations but visualizing data.

e there is no way to capture potential inconsistencies after the data is inside the

graph.

e transferring huge amount of RDF triples into LPG graphs requires a lot of com-

putational time. This is one of the most underrated problems.

Tomaszuk et al. [173] proposed the system Yet Another RDF Serialization (YARS),
which allows preparing RDF data to exchange on the property graph data stores.

Iordanov et al. [174] proposed a new graph database model. It is named Hy-
perGraphDB and is based on generalized hypergraphs where hyperedges can contain
other hyperedges. This generalization automatically reifies every entity expressed in
the database, thus removing many of the usual difficulties in dealing with higher-order
relationships. This approach does not use the tools of the SW at all. Hence, also the
queries and operations possible with HyperGraphDB are not the same. There is still
no graph model capable of covering all the advantages of the idea proposed by Tim
Berners Lee.

Das et al. [175] considered the problem of supporting PGs as RDF in the Oracle
Database. They introduce a PG to RDF transformation schema. They proposed three

models:

e Named graph based: this proposal involves the use of quads (as opposed to triples)
to create a unique named graph Internationalized Resource Identifier (IRI) for
each edge. Then the label and the key/value properties of the edge are associated
with the graph IRI.
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e Subproperty based: id, label, and key/values for an edge can be modeled by
creating a unique RDF property for each edge to represent the edge id, creating
an RDF triple with that property as the predicate, associating the key/value
pair with that property, and then making the property a subproperty of another
property created based on the edge label.

e Reification based: in order to accommodate the id, label, and the key/value pairs
for an edge, reification in RDF can create a new resource to represent every reified

RDF statement.

This work lacks the reasoning part. The resulting graph can be queried in SPARQL.

Chiba et al. [176] integrated RDF triples in PGs in order to be exploited by some
graph engines. There is an intermediate layer: G2GML, which follows an algorithm
for bringing triples into the database. The drawbacks are the same as the similar
approaches described above. There exists more sophisticated algorithms based on
G2GML, like [177] which implements a better algorithm for the management of URIs
and [178] which implements mapping rules for schemas and instances. Tomaszuk et
al. [179] presented an ontology-based approach to transform (automatically) PGs into
RDF graphs. The ontology, called PGO, defines a set of terms that allows describing
the elements of a PG. The strength of this solution lies in the fact that it is not
domain-dependent. What, from our point of view, can be improved is the possibility of
performing translations from one model to another also taking ontologies into account
in the translation process.

Schatzle et al. [180] proposed a mapping which is native to GraphX (a parallel
processing system implemented on Apache Spark). The proposed graph model is an
extension of the regular graph but lacks the concept of attributes. The mapping uses
a special attribute label to store the node and edge identifiers, i.e. each triple t = (s,
p, 0) is represented using two vertices.

It should also be pointed out that one almost always ends up with data that are
not complete. There are robust works that are well suited to these issues and have
translation algorithms that are effective even in the most critical circumstances. An
example of this is [181], in which some issues such as empty labels are handled.

There are also attempts to carry neither formalism to the other side, but to use

an intermediate storage medium. This is the case of [182], which presents an effective
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unified relational storage schema, that can seamlessly accommodate both RDF and
PGs. Furthermore, it has been implemented the storage schema on an open-source
graph database to verify its effectiveness.

It is evident that RDF and graph database systems are tightly connected as they
are based on graph-oriented database models. On one hand, RDF database systems
(or triplestores) are based on the RDF data model [183], their standard query language
is SPARQL, and there are languages to describe structure, restrictions and semantics
on RDF data (e.g., RDF Schema, OWL, SHACL [184], and ShEx [185]). On the other
hand, most graph database systems are based on the PG data model, there is no
standard query language and the notions of graph schema and integrity constraints are
limited. Therefore, these two groups of systems (in particular the latter) are dissimilar
in data model, schema, query language, meaning and content.

One of the main requirements to support syntactic interoperability is the existence
of data formats (i.e., a syntax for encoding data stored in a database), over which
transformation methods can be implemented. Turtle, TriG, RDF /XML, RDF/JSON
and JSON-LD are data formats for encoding RDF data. In contrast, there is no data
format to encode PGs. Given this restriction, some systems use graph data formats
(like GraphML [186], DotML [187|, GEXF [188], GraphSON [189]), but none of them
is able to cover all the features presented by the PG data model. Hartig et al. [183]
propose two transformations between RDF* (a syntactic extension of RDF which is

based on reification) and PGs:

e mapping any RDF triple as an edge in the resulting PG. Each node has the “kind”
attribute to describe the type of a node (e.g., IRI).

e distinguishing data and object properties. The former is transformed into node

properties, and the latter into edges of a PG.

The shortcoming of this approach is that RDF* is not supported by the majority
of RDF triplestores (except Blazegraph and the most recent addition, AnzoGraph)
and requires conversion of existing RDF data beforehand. Semantic interoperability
between databases means that both, source and target systems, can understand the
meaning of the data to be exchanged. A common approach to support semantic inter-
operability is the definition of data and schema transformation methods. The schema

transformation method takes as input the schema of the source database and generates
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a schema for the target database. Similarly, the data transformation method allows
the porting of data from the source database to the target database but takes care of
the target schema. The transformation methods can be implemented by using data
formats or data definition languages.

Nguyen et al. [190] proposed to combine the benefits into a single graph abstraction
layer called Singleton Property Graph (SPG). The SPG layer sits on top of the RDF and
simulates the Property Graph model. They describe the SPG model and its queries,
which are Semantic Web-compliant, to be executed inside property graph databases.
This middle layer can interpret SPARQL queries. In this work, however, they have not
analyzed the problems related to control over the information that you can store in the
graph database and the management of the corresponding semantic descriptions.

To the best of our knowledge, there is no method that support data and schema
transformations between RDF and PGs keeping all their peculiarities. Based on our
literature review about RDF and PGs interoperability, we identified several issues and

challenges:

e there is no standard data format for encoding PGs. This is a crucial issue to

support syntactic interoperability.

e the most RDF serializations are triple-centric, while the most PG serializations

represent graphs as lists of nodes and edges.

e despite the serializations based on JSON or XML in both models, the syntaxes

used are difficult to map.

e the support for multi-values is different in the models. A PG just support arrays,

while RDF provides different types of lists.

e The RDF data model allows metadata about properties, i.e., edges between edges
are allowed. Although this feature is not common in real data, a data mapping
should be able to manage it. Note that a PG does not support multi-level meta-

data.

e RDF reification leads to an explosion in the size of the resulting graph. This can

be avoided by implementing a “smart” transformation that is able to recognize a
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set of triples describing a reification, and map them to a single node in the PG.

[191]

Many other translation techniques from RDF to LPG are listed in [191]. Modoni
et al. [192] provided a very detailed survey of the different techniques for storing RDF
data and the peculiarities we can exploit from each of them. Hence, this thesis wants
to propose an idea of integrating RDF tailored for graph storage and for the purpose
of schema mapping, but future work in the field can also spread to other models or

scopes.

3.3 Graph Schema Evaluation

Ontology design is an error-prone task, suffering from subjectivity and time depen-
dency, following many strategies [193|, some borrowed from traditional database de-
sign phases. Modern approaches emerged as soon as the technology and the amount
of data changed. Literature provides plenty of works for automatic ontology extrac-
tion like Map-Reduce frameworks [194] tailored for Property Graphs [195], or dedicated
frameworks for schema discovery and exploration [196]. Refinement requires choosing
a valid (schema) updating technique [197]. In some cases, the need for ontology refine-
ment is neither predictable nor desired (from the ontology designer’s point of view).
For instance, Palmirani et al. [198] developed an ML-based solution for an ontology
to adapt to the new GDPR, making an evaluation purely based on concept mapping.
Evaluating and refining ontologies has been explored from many perspectives. Histor-
ically, many attempts [199-201] exist to evaluate the properties and use of ontologies.
However, these approaches are too tied to the respective domain knowledge, so no
standard evaluation has been established. Ohta et al. [202] developed a framework in
which the evaluation can be reproduced in different domains but lacks a global view
since it starts from specific content and moves towards concepts following adjacent
relationships. A more general evaluation was made by Jain et al. [203| who performed
the evaluation from both an objective point of view, analyzing quantitative metrics,
and a qualitative one by asking users to navigate through data based on the Emergency
Situation Ontology and give feedback on the missing concepts.

A data-driven approach resembling our approach is based on hierarchical clustering
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by Bonifati et al. [204]. Hierarchies fit with the need for ontologies as schemas. The
difference to our approach lies in the metric used for clustering. Our simulation ap-
proach does not involve any numerical distance metrics. Although Angles et al. [205]
recently provided a formalization for graph schemas, it does not support modal prop-
erties and is not standard. The new formalism involves the use of Cypher-like queries
to define upper types on nodes and define properties and constraints on arcs. Such
upper types are reflected by may-edges while we have limited further constraints with
forbidden and mandatory properties. To date, Neod4j still provides little or no support
for schema creation. Splitting graph data by using quotients has already been proposed
for graph summarization tasks [206]. Our approach can be used for summarization in
specific domains. Summarization is advantageous in plenty of tasks, and it is generally
performed using bisimulation, a more strict condition of simulation. On the Web, it
is often required to abstract away representation details in order to increase flexibil-
ity, reusability and interoperability. To this extent, new approaches emerge to build
Web APIs based on graph structures. GraphQL [207] is a language for specifying con-
straints on nodes and arcs for property graphs. Basic constraints are covered, in order

for GraphQL to be the equivalent of SHACL [208].

3.4 Graph Logic Programming

To date, solving graph problems in a logic-programming fashion is not common. How-
ever, some examples, like the reachability problem gained interest in many computer
science areas, especially in some graph-based structures that were pioneers of Al like
Petri Nets [209]. In general, this problem has been largely solved by database indexes
[210]; however, finding alternatives and more general solutions is still valuable given
that not all graphs belong to a database and, perhaps, new solutions may be integrated
with indexes as well. From the general reachability problem, a class of subproblems
emerged with more specific purposes like the k-hop reachability [211], and the short-
est path problem [212]. Although historically there was a strict connection between
logic and graph representation [213, 214], the problem of formalizing and solving the
reachability problem with logic programs has been underrepresented. Heljanko et al.
[215] formalized and solved the problem when designing deadlock detention, without

introducing any specific optimization for reachability. A specific logic language [216]
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has been provided for solving graph-based algorithms, but no optimized solutions were
introduced in it. In the SW field, some restrictions can be overcome by introducing
extensions with first-order logic for representing new graph rules [217]. With the in-
troduction of uncertainty in logic programming, new applications become prone to be
solved by logic inference. One of the most common regards recommendations with
graphs [218|. The absence of a common schema governing graph-based instances gave
rise to the introduction of Inductive Logic Programming [219] techniques to infer it
[220]. Modern graph database strategies may perform a satisfiability check in a much
more efficient way, but in [221] a logic for graph constraints definition was introduced.
More interestingly, the types of constraints available in that work are quite similar to

those currently available in Neo4j.

3.5 Existing Tools

The state-of-the-art, GraphBRAIN, which we have mentioned above but will describe
better later, uses both frameworks for different purposes, mainly making use of the
OWL API for reasoning operations. The two frameworks can be used independently.
In this section, I briefly recall some available online systems that support the represen-

tation of semantic KGs following the SW standards.

3.5.1 W3C RDF Validator

The first, simplest, tool is software created by W3C for validating an RDF document.
It is much more than a validator as it also builds triples and a Knowledge Graph. It is a
parser that can read an RDF document and construct, after syntactical verification, the
triples related to the knowledge graph. By setting some parameters it is also possible

to choose if you want to show the relative graph and its format.

3.5.2 Apache Jena

Apache Jena is a free and open-source Java framework for building Semantic Web and
Linked Data Applications. It can interact with the core API to create and read RDF
graphs and serialize triples using popular formats such as RDF/XML or Turtle. It
gives the possibility of querying your RDF data using ARQ, a SPARQL 1.1 compliant
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engine and reason over your data to expand and check the content of your triple store.

3.5.3 OWL API

The OWL API is a Java API and reference implementation for creating, manipulating
and serializing OWL ontologies.

The OWL API is open source and is available under either the LGPL or Apache
Licenses.

Unluckily, at the state of the art, the explanation mechanism is not well documented
and enriched. For this reason, explanations are not always available (e.g., in some

inconsistency problems).

3.5.4 Neo4j Plugins

Neo4j also has libraries for the automatic import of files in different formats, including
OWL/RDF. In support of this need the library “neosemantics” allows importing and

manipulating functions.
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Chapter 4

GraphBRAIN (State-of-the-art)

The work that I used as a starting work to achieve the goals is GraphBRAIN [222], an
existing technology which manages ontologies and arranges data in a graph database.
This technology is the starting point for knowledge storage and representation. I devote
this chapter to the description of GraphBRAIN before starting the proposed work.
GraphBRAIN [222] is an ontology management system to create, extend, import,
and modify ontologies from different sources. It is possible to choose one of the possible
available domains (food, general, lam, retro-computing and tourism) and visualize
entities (or classes), relations and a graph of nodes. The goal is to encapsulate as much
knowledge about the world as possible, and this is accomplished by the users who can
easily register and enter new information. There is also a Hall of Fame divided by
domains where you can see who the major contributors to the service are; it is also
designed to become a tool to store the reliability of each cooperating user. You can learn
about the different entities, see their values and insert new ones by specifying some
mandatory attributes (e.g., the name). You can also identify the relationships between
each entity. The structure of the relations is simple since they have a name, subject
and object. The subject represents the orientation of the relationship or the class label
that starts the arc in the case of networks. Every relation has an inverse one in which
the subject and object are reversed. Entities and relationships can also be described
by attributes that add additional information, as in the LPG setting. GraphBRAIN is
based on a graph database that is much more efficient than a relational one, especially
in the case of a large amount of data. There is also a section where you can identify in

a graphical way some nodes and relations expressed through labelled nodes and arcs.
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The editing and management of GraphBRAIN Schema (GBS) is available as a web
applications based on the Java Server Faces technology and the PrimeFaces library.
JavaScript was used to handle interactive graph browsing. Clearly, Neo4j is used to
store the knowledge graph, while Postgres is used to store user and usage data (roles,
access rights, changelog, etc.). A demo of the tools can be found at http://193.204.
187.73:8088/GraphBRAIN-detached/ in the form of a general-purpose system for the
collaborative development, management and (personalized) fruition of a KB. After
logging into the system, the user may choose a domain and all subsequent interaction

is driven by the corresponding GBS schema.

4.1 Ontology Management

When defining their ontologies, users can see the classes and relationships of existing on-
tologies and may reuse them, possibly extending or refining them, or defining super- or
sub-classes thereof. In particular, GraphBRAIN provides a top-level ontology, defining
very general and highly reusable concepts (e.g., Person, Place) and relationships (e.g.,
Person.wasIn.Place). It acts as a hub and plays a crucial role in interconnecting the
domain-specific ontologies, ensuring that a single, overall connected, Knowledge Graph
underlies all the available domains. Particularly interesting is class Category, aimed
at storing items from different taxonomies as individuals in the Knowledge Graph.
This allows handling them within the graph. It includes the WordNet lexical ontology
[223] (also using class Word for its lexical part) and the standard part of the Dewey
Decimal Classification (DDC) system [224]|. So, Category and Word nodes may be
linked by arcs to individuals of other classes (e.g., documents, persons, places) and
used as tags to express information about them. Specifically, words may be used for
lexically tagging other items (e.g., this paper, as a Document node, might be linked
to “graph”, “ontology”, etc.), while categories may be used to semantically tag them
(e.g., this paper might be linked to “Computer Science”, “Artificial Intelligence”, etc.)
without formalizing thousands of classes in the ontologies. Category and Word nodes
are also related to each other, thus enabling a form of reasoning as graph traversal and
allowing to find non-trivial paths between instances of other classes. The ontologies are
formalized in a customized XML format, purposely designed to be used as a schema

for the graph database. However, techniques for exporting (and mapping) GBS onto
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4.2. Mapping Database and Ontology

GBS and LPG Mapping
GBS Element LPG Component
entity instance node
relationship instance arc
entity name label
relationship name type
domain name label
entity attribute node property
relationship attribute || arc property

Table 4.1: Mapping from GBS to LPG.

Semantic Web formats are available. Currently, serialization to OWL format is pro-
vided, so that they can be published and exploited to ensure semantic access to the

knowledge base and make it interoperable with other resources.

4.2 Mapping Database and Ontology

Part of the main motivation for defining schemas is to endow LPG-based graph databases
with a schema that ensures clear semantics to the information pieces they contain and
provides directions for their management and interpretation. According to this perspec-
tive, the database users will be required to work according to pre-specified data schemas
expressed in the form of ontologies. Operationally, the database will be wrapped into
a layer, e.g., in the form of an API, that takes as input a schema specifying the desired
domain ontology and controls all interactions, allowing the external applications to
manipulate and consult only information items that are compliant with the ontology.
In this approach, they also provide an additional opportunity. Specifically, they allow
a single graph database to underlie several domains (schemas), provided that their
elements (entities and relationships) are compatible. By compatible I mean that the
same classes are equally named in the different schemas, or the same attributes have
the same name and datatype in different schemas. Non-shared elements can be freely
defined. Therefore, using any of such schemas on the database would provide a partial
view of its contents, perhaps representing a different perspective or aimed at limiting
access to the database contents for some users or applications. Table 4.1 summarizes

the interpretation of GBS elements with respect to the LPG ones.
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4.2.1 Entities and Relationships

Leveraging the possibility of using many labels for nodes, each node is labelled with
the top-level entity it belongs to and with all the domains for which it is relevant
(e.g., ‘Herbert Simon’ would be labelled with “Person” for the entity and with and
“retrocomputing” for the domains). When the same database underlies several domains,
this allows selecting only the instances involved in a domain of interest. On the other
hand, since each arc may take at most one type, we use it for specifying the relationship
it expresses. The domains for which a relationship instance is relevant may be inferred
from the domain labels of the nodes it connects by considering all the domain labels

that are present in both its subject and its object.

4.2.2 Attributes

Concerning attributes, we propose to reserve an attribute name (‘value’) to store which
is the specific sub-entity (resp., sub-relationship) the entity (resp., relation) instance
belongs to. Given the top entity (resp., relationship) specified in the labels (resp., types)
and the specific sub-entity specified in the “value” property, the path of specializations
between these two may be easily recovered bottom-up starting from the latter and
climbing the specialization hierarchy in the ontology up to the former (since nodes
admit many labels, one might specify all the sub-entities in such a specialization path

as labels; for the sake of uniformity with arcs).

4.2.3 Attribute Types and Values

Attribute values of types integer, real, boolean, string and text are stored as literal
values for the corresponding database types, e.g., Neodj provides the following types
matching GBS types: Integer and Float (both subtypes of an abstract type Number),
Boolean, and String. For types “select” and “tree” the string corresponding to the se-
lected value in the list or tree is stored. An attribute of type “entity” will be represented
in the graph as a relationship between the current instance and an instance of the tar-
get entity, connecting the nodes corresponding to these two instances and having the
attribute name as the type. In the proposed naming policy attribute names start with

a lowercase letter, just like relationship names [225].
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4.3 Main Functionalities

GraphBRAIN provides several analysis, mining and information extraction functional-

ities, including tools to:

e assess the relevance of nodes and arcs in the graph and extract the most rel-
evant ones (currently: Closeness centrality, Betweenness centrality, PageRank,

Harmonic centrality, Katz centrality).

e extract a portion of the graph that is relevant to some specified starting nodes

and /or arcs (currently: Spreading Activation and a proprietary variation thereof).

e extract frequent patterns and associated sub-graphs (currently using the Gspan

algorithm and a variation thereof that is bound to include specific nodes in the

graph).

e predict possible links between nodes (currently: Resource Allocation, Common

Neighbors, Adamic Adar, and a proprietary approach).

e retrieve complex patterns of nodes and relationships (currently based on the ap-
plication of Prolog deduction, using user-defined or automatically learned rules,
on selected portions of the knowledge graph, suitably translated into Prolog

facts).

e translate selected portions of the graph into natural language (using a Prolog-
based engine to organize the selected information into coherent and fluent sen-

tences).

Some of the underlying algorithms are reused from the literature; others have been
purposely extended to improve their ability to return personalized outcomes that may

better satisfy the user’s information needs, which is another novelty introduced by

GraphBRAIN [222].

4.4 GraphBRAIN Schema

GraphBRAIN provides the possibility of creating and/or updating ontologies online.

This is fundamental for the subsequent operations and methodologies we aim to es-
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tablish. We want to allow building complex relationships to provide a high level of
abstraction. The current schema is an evolution of the one described in [225].

Schemas in GraphBRAIN must follow a format named the GraphBRAIN Schema
format. The following concepts must be represented to exploit all the potentialities
of LPG graphs: a hierarchy of entities, relationships and attributes on both entities
and relationships. I extended [225| to represent also sub-relationships and user-defined
types. Schemas not only abstract what LPG allow to, but also expand their capabilities
introducing the possibility of merging schemas, defining user-defined types and so on.

Entities and sub-entities represent the basic elements of ontological schemas. Hi-
erarchies of entities and relationships follow the inheritance principles of the OO
paradigm. Relationships have to specify domain and range, to which we will refer
as “subject” and “object” |64]. The peculiarity is that users can specify all the possi-
ble subject-object pairs for which the relationship holds. Sub-relationships inherit all
subject-object pairs from the parent, intuitively.

Both entities and relationships may have attributes. Attributes (properties) can
take values from the basic (primitive) data types (integer, string, date, boolean, text,
and float) or instances of a user-defined entity.

User-defined types can be specified. When needed, they can be referenced in the
attributes by their name. As an example, one may need to use the attribute “gender”
many times (e.g. on people, and animals).

Each GBS schema is intended to describe one domain. However, sometimes wider
domains involve ontological elements that are already described in more “basic” schemas
(e.g., the schemas for Cultural Heritage, Food and Transportation might be exploited
in the ontology aimed at supporting a touristic application) and it might be useful
to reuse such schemas, both for standardization of the definitions and for building on
existing knowledge. We will describe the possibility of importing ontologies in Section

4.4.3.

4.4.1 Predefined Entities

Before mentioning how to name and specify ontological concepts, I mention some pre-
defined concepts which need to exist regardless of the specific domain or design. The

specific class is called TimeSpecification. It acts as an abstract class because it provides
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subclasses like Year, Month and Day. To specify a specific date, we must specify a Day,
that belongs to a Month of a specific Year. We may not have information about the
specific date or we care about a specific period of time limited by months of the same
year. So we have the possibility to use only Month and Year. This TimeSpecification

is fundamental when modelling periods, temporal arcs, historical trends or facts.

4.4.2 Formalism

Here is described how to formally express schemas. GBS schemas are expressed in
XML because it is easy to manage and modify, not overly complex, and flexible.

A schema consists of an XML file whose tags provide all the kinds of components in
GBS ontology. In the following, when specifying the GBS file structure, we will adopt
the usual notation of square brackets [...] to denote optional elements, curly brackets
{...} to denote repeated elements and pipes in parentheses (...|...) to denote choices.
Furthermore, we write XML tag names in boldface, XML tag attribute names in italics
and entity or relationship names in small caps. Text in plain typeface reports comments
useful for understanding the various elements and their behaviour.

The main structure of a GBS file with the tags and their nesting is reported in
Table 4.2, where the universal entity ENTITY and the universal relationship RELA-
TIONSHIP, acting resp. as the roots of the entity and relationship hierarchies, are
implicitly assumed (using the SW terminology, we would refer to classes with “entities”
and to object properties with “relationships”). Therefore, entities and relationships are
to be specified only starting from the first level of specialization, which we will call
top-level. For any entity or relationship in the hierarchy, its direct specializations are
considered as disjoint and are not to be intended as a partition: instances that do
not fit any of the specializations of a parent (sub-)entity or (sub-)relationship may be
directly associated with the parent. Therefore, also the top and intermediate levels
of each hierarchy admit instances in the KB, apart from the roots. The only excep-
tion is “abstract” entities (or relationships) that cannot have instances. This design
choice prevents multiple inheritances (associating an instance to many classes belong-
ing to different branches in the hierarchy). We partially recover this at the level of
instances: when two instances of different (sub-)entities (or relationships) represent

the same object, they are linked by an ALIASOF relationship. The single reference
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object represented by all these instances ideally takes the union of their attributes.

Before specifying entities and relationships, two optional sections can be filled. The
former allows importing another ontology into the current one. This is fundamental in
order to create modular pieces of knowledge which can be combined. Imports may also
be used to add further information about previous concepts. If an ontology specifies
an already-imported concept, the differences will be tried to be merged, if possible,
according to the strategy defined in Section 4.4.3. The import is transitive, that is, an
imported ontology may import other ones.

In the subsequent sections of GBS, the user can define new types to be used in
the entity or relationship attributes. In this way, the level of abstraction increases and

reuse is enforced.

domain // tag enclosing the overall ontology
[imports]
[user-defined types| // see (X)

entities // tag enclosing the classes

{entity} // see (*)
relationships // tag enclosing the relationships

{relationship} // see (*)

Table 4.2: Main structure of GBS files.

The structure for describing user-defined types is shown in Table 4.3. The type can
be “tree” or “select”. The first represents a hierarchy of values that a specific attribute
can be associated with. The latter represents an attribute whose values are predefined,

and specified in the subsequent “value” section.

(X) ( type ... datatype="tree” | datatype=*‘‘select” ) tag

values

{value} // see (**) (recursive)

Table 4.3: Structure for describing user-defined types in GBS files.

The structure for describing entities and relationships is specified in Table 4.4. Tag
references is used only in relationships to specify their possible subject-object pairs.

taxonomy is optional (used only if the entity or relationship has sub-entities or sub-
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relationships) and allows us to conveniently represent the specialization hierarchy (i.e.
the entities hierarchy, or the relationships one in relationships section). attributes
is mandatory for non-abstract entities (their instances must be described by some
attribute) and optional for relationships (a relationship may carry information in its
very linking two instances). value is a recursive tag, allowing to define hierarchies of
sub-entities or sub-relationships. In addition to its own attributes each specialization
inherits all the attributes of the entities (resp., relationships) on the hierarchy path
from its specific attributes section up to the corresponding top-level entity (resp.,
relationship). Clearly, subjects and objects of sub-relationships must be the same as

the subjects or objects of their parents, or subclasses thereof.

(*) (entity | relationship | value ) tag

[references]
{reference}
[taxonomy]|

{value} // see (*) (recursive)

[attributes] specifying the data properties
{attribute}

Table 4.4: Structure for describing entity and relationship hierarchies in GBS files.

Some tags have XML attributes that specify the details or properties of the item

they represent in the schema:
e domain tag:

name the unique identifier for the domain being described
author the author of the schema

verston the version of the schema
e entity tag:

name the unique identifier for the entity
e relationship tag:

name the unique identifier for the relationship
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inverse the unique identifier for the inverse relationship of name
e reference tag:

subject the identifier of the entity that is the domain of the (sub-)relationship

object the identifier of the entity that is the range of the (sub-)relationship
e value tag:

name the unique identifier for the specialization (sub-entity or sub-relationship)
e attribute tag:

name an identifier for the attribute

mandatory = ( true | false )

whether the attribute must take a value in each instance

distinguishing = ( true | false )
whether the attribute may concur in distinguish instances having the same

values for mandatory attributes

display = ( true | false )
whether the attribute represents interesting additional information with re-

spect to mandatory and distinguishing attributes, to be possibly displayed

datatype — ( integer | real | boolean | string | text | select | tree | date |

entity )

[length] the maximum allowed number of characters (used only when datatype

= string)

[target] an entity name (used only when datatype = entity)

The union of mandatory and distinguishing attributes of an entity or relationship
can be used to specify a key for uniquely identifying its instances. The union of
mandatory, distinguishing and display attributes of an entity or relationship can be
used to build and display a summary reporting the most relevant information about
the instances.

Regarding datatypes, attributes of type integer, real, boolean, string, text take an

atomic value of the corresponding type, where text is intended for the free text of

29



4.4. GraphBRAIN Schema

any length, differently from string which has a limited maximum length that can be
specified in the ‘length’ attribute. Attributes of type date take values in one of the

following forms:
e Year;
e Year/month;
e Year/month/day.

In Section 4.4.1 we already mentioned the TimeSpecification entity and it represents
our design choice for memorising dates. The year is any integer, month € {01,...,12}
and day € {01,...,31}. Values of type date are instances of entities of the above-
mentioned predefined entities Year, Month or Day. This means that this attribute is
modelled as a relationship in the graph, similar to what happens to attributes of type
“entity” (see below) that have a user-defined type. Attributes of type select denote
a choice in an enumeration of values, described using the substructure reported in
Table 4.5; attributes of type tree denote a choice in a tree of values, described using
the recursive substructure shown in Table 4.6. Attributes of type entity denote 1:1 (i.e.
“functional”’) relationships between an instance of the current entity and an instance of
another entity (specified in the ‘target’ attribute of the tag), e.g., the birthplace of an

entity Person would be modelled as an attribute of type entity with target='Place’:

<entity name="Person">
<attributes>
<attribute name="birthplace" datatype="entity" target="Place"/>
</attributes>

</entity>

Section types provides the possibility of defining new types of datatypes: select
or tree. More specifically, select and tree. User-defined types must be identified by
a unique name to be used in the type attribute of the attributes using that type. In
Table 4.7 a full toy example is reported.
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attribute ... datatype="select” tag

values

{value}

Table 4.5: Structure for describing enumerative attribute values in GBS files.

attribute ... datatype=“tree” | values ) tag
*k ttribut datat “tree” 1

values

{value} // see (**) (recursive)

Table 4.6: Structure for describing enumerative attribute values in GBS files.

As a conventional notation, we propose identifiers made up of uppercase letters,
lowercase letters or decimal digits only. They should start with an uppercase letter for
entity names and enumeration or tree values, or with a lowercase letter for domain,
relationship and attribute names. Multi-word names are built by juxtaposing their
constituent words, using an uppercase letter for the first letter of each word (except for
the first one, as prescribed above). When writing documentation, a relationship ‘rel’

between an entity ‘Subj’ and an entity ‘Obj’ can be represented using the dot notation
Subj.rel.Obj

which is not ambiguous since dots are not allowed in our entity and relationship names.

Tables 4.7 and 4.8 show a fragment of a GBS file concerning the domain of com-
puting. More specifically, you will find the “import” (*) section, for importing entities,
relationships, and their respective attributes from another schema. Then, “types” spec-
ify specific user-defined types. In the example, it is a recurrent select datatype for which
it makes sense to create an abstraction. Besides, “entities” lists all entities and their
features. The hierarchy is shown. Finally, “relationships” mentions all the relationships
with the corresponding “references”. We call “reference” a pair of (subject, object) of a
relationship. They are intended as domain and range in the SW domain. Among the
entities, we see “Component”, representing an electronic component and including a
taxonomy of sub-classes. Moving down through the taxonomy, there is the class “Gate”
whose function has been specified as a “logisticoperator” type, which is a user-defined

type in the types (X) section. In 4.8, we see that the relationship “mayReplace” may
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be established between a “Component” and another “Component”. This relationship

has a child that is “replace”.

<domain name="retrocomputing” author="stefano™ version="1">

<imports>
<import schema="general" />
</imports>
<types>
<type name="logicalOperator" datatype="select">
<taxonomy>
<value name="NAND"/>
<value name="AND"/>
<value name="XOR"/>
</taxonomy>
</type>
</types>
<entities>
<entity name="Award">
<attributes>
<attribute name="name" mandatory="true" distinguishing="true" datatype="string"/>
<attribute name="date" mandatory="false" datatype="date"/>
<attribute name="description"
mandatory="false" datatype="text"/>
</attributes>
<taxonomy>
<value name="Education"/>
[...1
</taxonomy>
</entity>
<entity name="Component">
[...]
<taxonomy>
[...]
<value name="Chip">
<taxonomy>
<value name="Logic">
[...]
<value name="Decoder"/>
[...]
<value name="Gate">
<attributes>
<attribute name="function" mandatory="false" datatype="logicalOperator"/>
</attributes>
</value>
[...]
</taxonomy>
[...1
</entity>
[...]
</entities>

Table 4.7: Sample fragment of ontology in GBS format (part 1).
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<relationships>
<relationship name="acquired" inverse="acquiredBy">
<references>
<reference subject="Organization" object="Organization"/>
</references>
<attributes>
<attribute name="date" mandatory="false" datatype="date"/>
<attribute name="originalPrice" mandatory="false" datatype="real"/>
</attributes>
</relationship>
[...]
<relationship name="mayReplace" inverse="mayBeReplacedBy">
<references>
<reference subject="Component" object="Component"/>
</references>
<taxonomy>
<value name="replace" inverse="isReplaced"/>
</taxonomy>
</relationship>
[...]

</relationships>

Table 4.8: Sample fragment of ontology in GBS format (part 2).

The combination of many schemas is a more powerful representation than the simple
juxtaposition of their elements. Indeed, their shared entities act as bridges that allow,
through the relationships available in those domains, to connect proprietary entities
of each domain that would not otherwise have a chance to be related to each other.
In the GBS framework, classes and relationships in different ontologies are considered
to be the same (and thus are shared) if they have the same name. They may have,
however, different attributes, reflecting the different perspectives associated with the
different domains. If an attribute is present in different domains it must have the same
type in all of them. GBS schemas support this opportunity by providing an optional

section in which existing schemas can be imported. The tag attributes are:

e import tag:

schema: the name of a schema to be imported

e delete tag:
elementtype = ( entity | relationship )

elementname: the name of the element to be deleted

Schemas are imported in the same order as specified by the sequence of import
tags. Definitions of elements (entities or relationships) in an imported schema having
the same name as elements defined in previously imported schemas merge the previous
definitions. Finally, elements defined in the entities or relationships sections of the

importing schema merge elements with the same name in all imported schemas. delete
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tags allow to remove them from the overall ontology elements of the imported schemas
that are not needed in the current domain.

They can be expressed through the tags, respectively, “functional”’, “transitive”,
“reflexive”. The last one covers the last two cases because reflexive=‘true’ specifies
that it is while reflexive=‘false’ means that it is irreflexive. Symmetry is implicit in

the name of the inverse.

4.4.3 Merging ontologies

Two ontologies may share the same concept, or describe the same concept in different
ways or at different levels of granularity. In these cases, we allow the merging of classes
and relationships (whenever possible) with the same name. Merging is a complex is-
sue. Let’s consider a class hierarchy in which class A is a subclass of class B, be to
merge with another one in which class B is a subclass of A. This cannot be resolved
automatically because the solution might depend on the context of use, the general
perspective behind those concepts, and the pragmatical reasons for which a designer
can prefer one over the other.

This was just an example but there are many different similar situations impossible to
be managed by a machine.

Let’s now describe the solution we adopted for the merging phase.

Input: Hierarchy H, Class C

Output: Hierarchy H

readTaxonomy (H, C):
E = find(C, H) // find if C is under H
if E is null:
E = find(C, ROOT) // find C in the complete hierarchy
if E is not null:
if E is topClass:
parent(E) = H
else:

if H is subClass of parent(E):
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parent(E) = H
else:
inconsistency
else:
create class E
parent(E) = H
else:
concat_attributes(C) // read attributes to add to C
for child in C:

readTaxonomy (C, child)

4.4.4 Mapping GBS and LPG

Data Representation Here we are going to describe how to map GBS elements
into the formalism of LPG. For each concept (expressed through tag), we have a cor-
responding element in the LPG graph.

Instances of an entity expressed through the tag entity are represented as nodes,
having as label the most specific entity they belong to. Attributes of entities may
be filled or not. Whenever they are present, they are represented as properties of the
specific node in the graph. This holds when attributes are of primitive types (string,
integer, ...). Attributes of type “entity” are modelled as relationships, where the target
entity represents the label of the object node of the relationship. This representation
is fully transparent to the end-user which sees that particular element as an attribute
in the schema (and interface).

Relationship is treated as an arc between two nodes, where the labels of subject
and object are filled with the above-mentioned strategy. For the attributes of rela-
tionships, things change considerably. Primitive attributes are stored as properties of
arcs. LPG supports properties on relationships as well. Concerning attributes of type
“entity” or “date” we use reification that consists in creating a node labelled with the
name of the relationships. Attributes of relationship. Since it is in lowercase, it will
be self-evident that the node represents a relationship “instance” and not an entity
instance. The latter are stored with the label in uppercase. To distinguish the reified

node, the “subject” and “object” arcs are created from the reified node to the original
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subject and object respectively. The interface will make this process transparent for
the entities.
All in all, the graph contains only instances, not the schema, according to the

following strategy:

e node label: the entity of an instance is represented as the label of the nodes.
As a design decision, we reported only the most specific subclass of the node. Its

superclasses can be derived from the schema specification.

e property value: attributes of classes and relationships are stored as properties.

The LPG support attributes on both nodes and arcs.

e arc type: relationships are modelled as arcs in the graph. Sub-relationships are

modelled in the same way.

e user-defined type: it is represented in the same way as attributes are. User-

defined types are just an alias of attributes.

However, some exceptions exist due to the abstraction layer we introduced in GBS.

In particular, they concern the following types of attributes:

e entity: the attribute is stored as a relationship. The interpretation of an at-
tribute having as range a “target” entity is to be interpreted as a functional

relationship to the instance of that entity.

e date: in the graph, dates are modelled as nodes of type TimeSpecification as

already described.

With respect to the current state-of-the-art in the graph schemas definitions, I can
compare GraphBRAIN Schema with the rest of the schemas in a table taken from
[205]. The main features shown in Table 4.9 can be grouped into:

e type features: (PDT) the number of built-in primitive data types, (UIT) type
constructors for union and intersection types, (TH) type hierarchies, (AT) ab-
stract types, (OCT) open and closed types, (EP) edge properties, (MOP) manda-
tory and optional properties, (CPT) complex nested property types consisting of

nested collection types, and (RC) range constraints.
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e constraint features: (KC) key constraints, (MP) mandatory participation of
certain types of nodes in certain types of edges, (CC) cardinality constraints for
such participation, and (BRC) properties of binary relations defined by certain

edges, such as (ir)reflexivity, (in)transitivity, (a)cyclicity, (a/anti)symmetry, etc.

e schema features: (TV) if validation is tractable, (ISP) if introspection is pos-
sible, i.e., the schema can be queried like a graph instance, and finally (SFPX)
if the schema can be specified to be (1) first, and subsequently enforcing it for
all instances, (2) partial, allowing some of its components to be descriptive (e.g.,
the element types) and some to be prescriptive (e.g., the constraints), or (3) flex-
ible, creating and updating instances in an unconstrained manner while possibly

maintaining a descriptive schema.
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Chapter 5

Methodology for GB-based Solutions

This chapter describes the results of the applications of GraphBRAIN technology to
solve relevant problems in several domains of interest. First, we describe what we re-
fer to as “holistic” conceptualizations, which merge domain-specific entities with other
more general real-world entities. We do not intend to propose finished schemas, since
we are aware from history that it is not practically feasible. What is proposed here
are extended conceptualizations for existing domains, in which we analyzed the main
lacks and possibilities for extensions. In this realm, I show the benefits of these con-
ceptualizations, how to use them, and propose modern solutions that surpass previous

limitations.

5.1 Independent Learning

In a world evolving at an incredibly fast pace, there is an ever-growing need for contin-
uous training and education. In traditional education, most teachers cannot give every
single student in the class the time and attention needed to overcome his individual
difficulties or to leverage his particular interests. E-learning takes this problem to the
extreme, expanding the audience from the dozens to the thousands, which makes it
hopeless to have a single method or material fit the needs of all users. On the other
hand, adaptive learning aims at addressing the specificities and differences between
individual learners. This should make them more comfortable in the learning effort
and allow them to understand and master the concepts more efficiently [250, 251]. In-

telligent Tutoring Systems (ITSs) represent the solution. These systems should foster
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the learner’s engagement and motivation since they are intended to: recognize rele-
vant skills concerning career goals, find topics of interest, retrieve missing blocks of
knowledge and control the learning journey. If new interests emerge during a learner’s
experience, the system might expand recommendations in that direction or change
pathways accordingly. Regardless, it will search for engaging educational experiences.
Here we propose a logical architecture for KEPLAIR (Knowledge-based Environment
for Personalised Learning using an Artificial Intelligence Recommender) [252], an ITS
designed to embody such a vision. Using this tool, learners can live educational ex-
periences tailored to their educational goals, prior knowledge, personal interests and
preferences, abilities, and contexts. The system will pervasively use Al to carry out
its tasks. Among them, a crucial role is played by an ontology, that informs all the
internal representations and behaviour, so as to smoothly connect and orchestrate all

the various functions and ensure both internal and external interoperability.

5.1.1 KEPLAIR’s Architecture

The logical architecture of KEPLAIR is shown in Fig. 5.1. Since KEPLAIR is an
intelligent agent, some components (Seal,, Real. and Leal.) are inspired by the archi-
tecture proposed in [253] for agents in Ambient Intelligence applications. The cloud
on the top represents the Internet, from where users can connect to KEPLAIR and
many Learning Objects (LOs) reside. Users interact with KEPLAIR using the Seal.
(Sensors, Effectors and Applications Layer) component, which includes all application
interfaces and sensors and effectors available in the environment. The main system
is in the middle layer, which coordinates all processing tasks and processes involved
in providing educational services by pervasively exploiting an underlying Al level that
provides all the intelligent functions and serves the user interfaces. It consists of three

components, each including several specific modules to carry out its function:

e the Harvesting Manager is in charge of identifying and collecting the LOs and

their associated metadata.

e the Learning Manager simulates human interactions via Al, acting as an auto-
matic tutor, counsellor, and personalised assistant to build learning paths, rec-

ommend LOs, build tests to check their performance, etc.
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Figure 5.1: KEPLAIR’s Architecture

e the Social Manager handles interactions among users and communities of users

in the educational context, possibly intervening to provide support.

All the knowledge useful for KEPLAIR’s operation is stored in a KB, including the
users’profiles (built from both information explicitly provided by the users and infor-
mation automatically extracted from the Log repository). It is conceived as a KG. To
obtain both efficient data handling and effective knowledge manipulation, it is imple-
mented using the GraphBRAIN technology [222|. Data are stored in a graph DBMS,
and their schema is stored in the form of a comprehensive ontology, possibly obtained
by merging and aligning several domain-specific ontologies. The ontology is a fun-
damental reference for the entire system, coordinating all components and modules
during their information exchanges and ensuring they are interoperable and assign the

same meaning to the same pieces of data.

5.1.2 KEPLAIR’s Ontology

In designing the ontology for KEPLAIR we started from existing schemas and on-
tologies used in the Digital Libraries and education fields, trying to merge them into
a coherent compound schema. Specifically, for the educational domain, our start-

ing point was the set of ontologies used in the IntelLEO European project!, including

Thttps://cordis.europa.eu/project /id /231590

71



5.1. Independent Learning

ALOCOM [80] and SCORM?. We also took into account the Learning Object Metadata
(LOM) standard [254]. For the digital library domain, useful to describe documents
and learning materials, we considered the Functional Requirements for Bibliographic
Records (FRBR) of the International Federation of Library Associations and Institu-
tions (IFLA)3, the Dublin Core Metadata Initiative (DCMI)?, the METS® and the Open
Archives Initiative Object Reuse and Exchange (OAI-ORE) standards® for the de-
scription of compound objects. We further expanded the resulting ontology by adding
classes, attributes and relationships to account for the content and context information
that is often neglected in the state-of-the-art, especially concerning the specificities of
each individual student. It includes several general classes relevant to the education
domain, among which are User, which represents the concept of the learner that uses
the system to earn new knowledge; Person, which represents any possible relevant per-
son for users. Place, with its several possible subclasses. Environment describes the
different kinds of environments in which users can be immersed. Activity represents
the set of tasks to be performed to reach any kind of goal. Other useful classes are
Organization and Event. These classes are borrowed from an ontology of general,
widely used concepts, reusable in most domains. Then, there are the domain-specific
classes for education. The most prominent kinds of LOs are Documents and its sev-
eral subclasses at different levels (the first one distinguishing Printable, Audio and
Video). AssessmentTool represents tools that can be used to check if users possess
given skills (e.g., tests). Other classes are Container (to describe classes, courses, etc.)
and AccomplishmentEvidence collects certifications (micro badges, certificates, li-
censes, standardised tests, degrees, diplomas) stating that a user possesses given skills,
Artifact (including Handicrafts, IndustrialWorks, and Artworks, such as statues
and paintings), Device (including simple tools, such as hammers, and more complex
systems, such as computers), Software (again, with a taxonomy of sub-classes for
the different kinds of software). For fine-grained handling of LOs (and especially doc-
uments), KEPLAIR’s ontology also allows for the description of their structure and

content. DocumentDescription allows for the description of documents’ layout and

2https://scorm.com/

3https:/ /repository.ifla.org/server /api/core/bitstreams/42b598cb-9alf-dede-be6d-
468bc0f4e9bc/content

4https://www.dublincore.org/

Shttps://www.loc.gov/standards /mets/

Shttps://www.openarchives.org/ore/
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logical structure, their text and their grammatical structure (Sentence, Subject, Ob-
ject, ...). KEPLAIR provides many other relationships to connect instances of these
classes. Some are needed to organize documents into a layout and logical components
(e.g., has links a Document to its layout and logical components; partOf structures
components into sub-components, etc.) Layout components also have a spatial organi-
zation, expressed by relationships leftOf and above. Authors of documents and LOs
are connected to them through the developed relationship. Due to lack of space, I
will not mention all the other relationships, most of which can be easily guessed by the
readers, those linking Persons to Organizations, or those describing the syntactic

and semantic structure of the text, and so on.

5.1.3 Learning Materials Recommendation

With reference to KEPLAIR’s architecture, the recommendation engine is located in
Real,, and draws from the KB the knowledge necessary to carry out its task. The
recommendation function currently embedded in KEPLAIR leverages the information
expressed in the form of descriptors associated with the items (users, courses, materials)
in the KB. The tags may have been obtained by previous knowledge. The recommenda-
tion strategy is based on a mix of different kinds of computation, as proposed in [255]:
graph mining and network analytics are exploited to obtain the relevant information
from the KB; reasoning is used to drive the graph navigation and exploit high-level
knowledge that is not explicitly expressed by the instances, and finally numeric compu-
tation is used to compute relevance scores needed to filter and rank recommendations.

One of the tasks is a material recommendation. For this task, we have for each user:
e the courses he/she has already attended, in the case of course recommendation.

e the materials belonging to the current course, plus the materials that the user

has already exploited, in the case of learning material recommendation.

From the extracted subgraph, only nodes corresponding to courses (resp., learning ma-
terials) are extracted as candidates, and the courses (resp., learning materials) already
exploited by the user are removed.

We base our similarity assessment on the distance between nodes (tags) in the

graph, expressed as the number of arcs in a path connecting them (specifically, we
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consider the shortest paths) in Table 5.1. The distance of a node from itself is 0; it is

undefined when there is no path connecting those nodes in the graph.

Table 5.1: Fragments of subjects’ taxonomy

Computer Science | Medicine Mathematics | History

Database Anatomy Statistics Roman history
SQL Tissue Mean Roman Empire
Relational Model Articulation Variance
NoSQL Blood Median
Graph

Programming Pathology Analysis Modern history
C Virus Line French Revolution
Java Bacteria Parabola
Python Toxins Hyperbola

Al Pharmacology Geometry Contemporary History
Machine Learning Antibiotics Triangle World War 11
Neural Networks Antihistamines Square
Expert System Anti-inflammatories Cube

Algorithm
Complexity

Network
Protocol

Security
Cryptography

[tems are described by two sets of tags. We base the similarity assessment between

sets of tags on a modified version of the Jaccard index, a simple but widely used

[256, 257] formula for assessing the similarity between two sets. In our case, however,

the set members are not independent in general. They may be directly or indirectly

related to the KB. For this reason, instead of set operations, we leveraged the notion of

distance and computed the ratio between the sum of the (defined) distances between

pairs of related tags and the number of pairs having a defined distance. The resulting

value is used as a parameter in the following similarity function s:

for some a > 0. Independently of a, we have:

r=0 = «a

=1

So far, non-related pairs (having undefined distance) have not played any role. To
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take them into account, we further computed a penalty to be used to smooth the score:

P=1-rb

where 1 is the ratio of non-related pairs of tags in the two sets over the total number
of tags, while b is a parameter that affects the weight of the penalty. When all pairs of
tags are related, r = 0 = P = 1, so no penalty is applied to the score. The whole

solution was implemented in Prolog where the most relevant facts are reported:
e student(X) : X is the username of a registered user
e course(X,Y) : Y is the name of the course having id X
e learningObject(X,Y) : Y is the name of the LO having id X
e learningObjectTag(X,Y) : LO X is described by tag Y
e hasLearningObject(X,Y) : course X includes LO Y
e hasRead(X,Y) : user X used LO Y
e userHasReadTag(X,Y) : returns the tags of an object seen by the user.
e taglist(X,Y) : returns all tags describing an item.

e distance(X,Y,D) : returns the distance between two nodes, if it exists, or un-

defined if they are not connected in the graph.

e distanceTaglistTaglist(L1,L2,D) : returns the list of all pair-wise distances

between the tags in two lists.

e scoreFunction(X,S) : computes the score function seen by the user and all

unseen objects.

e orderedScoreUserObject(X,0,S) : returns all objects to be recommended to

the user, ranked by score.
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5.1.4 Experiment

To carry out a preliminary test of our recommendation approaches, we populated
KEPLAIR’s KG with sample data. As to the topics, we considered the domains of
computer science, mathematics, humanities and medicine. We also added information
about a few test learners. E.g., a portion of the information associated with user ‘da-
vide’, expressed as Prolog facts used by the recommendation engine. Let us show a
use case in this setting, concerning user ‘davide’. Applying the methodology described
above to recommend new lectures to ‘davide’, based on the lectures he has already
attended. Specifically, ‘davide’ attended lectures about Database, Programming, Al,
Programming Languages, History, Computer Networks, Data Mining. Using param-
eter values a = 3 and b = 0.5 for the score computation, here is the set of lectures
recommended to 'davide’, ranked by decreasing score. With reference to the Prolog
engine, they were obtained running query:

? — orderedScoreUserObject('davide’, X, ).

having as results:

X =' Lecture3 — Computer Networks';

X =" Lecturel — Cybersecurity’;

X =" Lecture2 — Cybersecurity’;

X =" Lecture4 — I A’;

X =' Lecturel — AlgorithmsandDataStructures’;

X =' Lecture3 — I A';

X =" Lecture3 — ProgrammingLanguages';

X =' Lecture3 — AlgorithmsandDataStructures’;

X =' Lectureb — Programming’;

X =' Lectureb — I A';

X =' Lecture4 — Programming’;

X = Lecture4 — Database’;

X =' Lecture3 — Programming’;

X =' Lecture3 — Database’;

X =' Lecture2 — Programming’;

X = Lecture2 — Database’;

X =' Lecture2 — Computer Networks',
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X =" Lecture3 — DataMining';

X =" Lecture3 — Cybersecurity’;

X =' Lecture3 — History';

X =' Lecture2 — History';

X =' Lecture2 — ProgrammingLanguages’;

X =" Lecture2 — AlgorithmsandDataStructures’;
X =' Lecture2 — I A';

X =' Lecture2 — DataMining';

X =' Lecture4 — Statistics’;

X =' Lecture3 — Geometry';

Even if we do not go into the numerical values dictated by the calculation of similarities,
we can guess the reasons behind why some LOs are suggested before others. The first
is “Lecture 3 - Computer Networks”, which, as we can see, presents the tags “computer
science”, “computer networks” and “algorithm” which are all present among the tags
of the LOs that the user has already visited. The next two LOs, on the other hand,
also contain the tag “cybersecurity”, which is not present among the tags of the LOs
seen. The order, however, is not indifferent. One of the LOs has the tags “computer
science”, “computer networks” and “protocols”. The second and third suggested LOs
have the same tags except for the last one, as “computer networks” appear in the sec-
ond and “protocols” in the third. Since the tags are placed in order of specificity, more
importance is given to “computer networks” since it appears as the second tag, and
therefore the second LO takes precedence over the third. Finally, proceeding rapidly
downwards, we find more and more LOs with fewer (relevant) tags in common with
those present in the LOs visited. The last suggested LO does not contain any tags
present among the tags of the visited LOs but contains “statistics” which is related to
the LO of the TA lesson. After running a few experiments and asking the sample users
to rate the recommendations, we may preliminarily conclude that the set of suggested
Learning Objects was generally considered satisfactory and useful. Since the recom-
mended lectures are ordered by relevance, the users confirmed that the very first LOs
are more closely related to what they had already studied, and represent good paths to

expand their knowledge in those directions. Experiments showed that the top 5 LOs

are highly correlated to user needs, and information about precedence (e.g. “IA” must
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follow the course of “Algorithms” may easily be injected by logic rules).

5.1.5 Evaluation

I can evaluate this solution with respect to a family of previous works. Gasmi et al.
[258] introduced OWL schemas to formalize connections between profiles and compe-
tencies (which can be seen as the equivalent of LOs), and with Semantic Web Rule
Language (SWRL) [259] specify how to correlate the two areas. This work provides
good results for the task it aimed to solve, but it was likely impossible to general-
ize into another domain. The time needed to introduce SWRL rules is of considerable
size. Moreover, OWL rules are monotonic and work under the Open World Assumption
(OWA). With a Prolog-based formalization, we can deal with both of these features,
and no rule-specification process is needed. At least the problem of monotonicity of
SWRL rules has been tackled by Fortineau et al. [260] but with performance and
expressiveness problems related to how to automatically guide the reasoning process
introducing all the possible rules to “close” the world.

It is becoming more and more frequent to combine symbolic approaches with Ma-
chine Learning (ML) as in Villegas et al. [261]. Although this approach seems the
most general, reliable, and performing, it needs a quantity of data that is not always

guaranteed for a specific use case or domain.

5.2 Digital Libraries

The traditional record-based approaches to library information description are nowa-
days insufficient and unable to fully grasp and express the complexity of such informa-
tion [262, 263], both internally and externally. Internally, the main limitations (deriving
from legacy paper cards) are that (i) a record is document-centric, reporting a number
of information elements all considered as “belonging” to the described document and
(ii) it includes a small, pre-defined and fixed, set of fields. Externally, the strictly
sequential organization of records deriving from legacy files makes no more sense for
computer files. Another limitation is the lack of semantics. Even most recent propos-
als in this direction mostly deal with the description level, without making the leap to

semantic technologies, driven by ontologies, that alone can open new landscapes and
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enable advanced Al support to the field. Concerning internal limitations, it is neces-
sary to distinguish the descriptive elements that are inherent in the document from
those that exist on their own, and just “happen” to be associated with the document
for some reason. Also, the set of descriptors must become much larger, varied and
flexible, allowing to connect the library items to all the wealth of knowledge directly
or even indirectly related to them but precious, or sometimes crucial, for practitioners,
researchers and end-users to understand the items properly. In my vision, this includes
the content of the documents, their materiality, their context and their lifecycle (in-
volving their users and their uses). Even information not connected to the traditional
library descriptions might be used to indirectly connect the documents and, ultimately,
provide a deep understanding thereof. As to external limitations, an upgrade to a retic-
ular, graph-based approach, is required, where the different kinds of entities involved
in such knowledge live on their own, rather than being just values in record fields, and
where relationships among entities are the key feature of descriptions. This is also

instrumental to enabling semantic technologies, typically based on graph structures.

5.2.1 IFLA-based Ontology

I describe here the development of the ontology. 1 focused on the portion of holis-
tic ontology that corresponds (i.e., is aligned and compliant) to the IFLA reference
models FRBR and LRM. More specifically, due to space constraints, we focus here
on the entities, that are central and preliminary to determining the relationships and
attributes. The resulting alignment of entities is reported in Table 5.2. In order to
provide a slightly broader view of the ontology, it also reports GraphBRAIN entities
that are superclasses of classes aligned with IFLA entities but have no counterpart in
IFLA standards. The core of the ontology must concern established, necessary or use-
ful descriptors provided for by library and archival theory, standards or practice. For
entities, I considered mandatorily that the ontology includes all the items in the FRBR
and LRM conceptual models proposed by IFLA to make up the core portion of the class
hierarchy. A preliminary alignment was required between the IFLA standards, FRBR
and LRM, as well since they sometimes use different names for the same concepts or
give different interpretations to concepts with the same name. For instance, Agent in

LRM corresponds to Responsible Entity in FRBR (where the name reflects a specific
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focus on the role), which were mapped onto the Agent entity in GraphBRAIN. The

strategy for identifying subclasses, specifically under Expression and Document, was

to define specific subclasses for those attributes in which the IFLA proposals specified

applicability to some specific kinds of documents only.

GraphBRAIN FRBR LRM
Entity - -
+ Category - -
+ -+ Concept Concept -
+ + Object Object -
+ Agent Responsible Entity Agent
+ + Person Person Person

+ + Organization

Corporate Body

Corporate Body

+ Intellectual Work

+ + WorkOfArt Work Work

+ + + MusicalWork Work -

+ + + CartographicWork Work -

+ + Expression Expression Expression
+ 4 + SoundExpression Musical or Sound -

+ + + + MusicExpression Musical -

+ + + CartographicExpression | Cartographic -

+ + + RemoteSensinglmage Remote Sensing Image -

+ -+ -+ VisualExpression Graphic or Projected Image -

+ Document Manifestation Manifestation
+ + Printable - -

+ + + PrintedBook Printed Book -

+ + + + HandPrintedBook Hand Printed Book -

+ + Audio Sound Recording -

+ + Visual - -

+ + + Image Image -

+ + + Microform, Projection Microform or Visual Projection -

+ + Computer File Electronic Resource -

+ + + RemoteComputerFile Remote Access Electronic Resource -

+ Item Item [tem

+ Collection - -

+ + Series Expression>Serial, Manifestation>Serial | -

+ Nomen Nomen Nomen

+ Collection(Word), Taxonomy | - Schema

+ Place Place Place

+ Event Event -

+ TemporalSpecification - -

+ + Timelnterval - TimeSpan

Table 5.2: Comparison of FRBR and LRM Concepts
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5.3 Diachronic Analysis

Diachronic analysis is one of the most intriguing and complex tasks in linguistic studies.
The interest in the task is well supported by the research on historical languages such as
Latin. The amount of data in this language is a great opportunity to uncover unknown
semantic changes. Integrating lexical semantic information and diachronic language
resources is essential in enabling quantitative accounts of language change. I present
results from integrating Latin corpus data, Latin WordNet, and Wikidata into a graph
database via the GraphBRAIN Schema and show the potential offered by this model

for diachronic semantic research.

5.3.1 Dataset

LatinISE contains 10 million word tokens from texts dating from the fifth century BCE
to the contemporary era; it has been semi-automatically lemmatized and part-of-speech
tagging. The corpus includes metadata fields indicating text identifier, author, title,
dates, century, genre, URL of the source, and book title/number and character names
(for plays). The annotated dataset was created as part of the SemEval shared task on
Unsupervised Lexical Semantic Change Detection [104] and will be henceforth referred
to as the SemEval Latin dataset. It contains annotations for 40 Latin lemmas, 20 of
which are known to have changed their meaning concerning Christianity (for example,
“beatus”, which shifted its meaning from “fortunate” to “blessed”), and 20 are known not
to have changed their meaning between the BCE era and the CE era. For each of these
lemmas, 60 sentences were annotated, 30 randomly extracted from BCE texts, and 30
from CE texts. The annotation was conducted following the DuRel. framework [264],
where the semantic relatedness of an instance of usage of a target word to the list of
its dictionary definitions was annotated using a four-point scale (Unrelated, Distantly
Related, Closely Related, and Identical). The definitions were from the Logeion online
dictionary (https://logeion.uchicago.edu/) containing Lewis and Short’s Latin-English
Lexicon (1879) [265], Lewis’ Elementary Latin Dictionary (1890) [86]. The details of
the annotation are described in McGillivray et al. [106].
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5.3.2 Linking

We manually linked each word sense of the SemEval Latin dataset to one or more
WordNet synsets. We started with the dataset provided by the LiLa project [266],
which contains a sub-sample of 10,314 lemmas from Latin WordNet (LWN) [102, 103].
The LiLa team verified and corrected, where necessary, the synsets associated with
each lemma of the sub-sample and linked them to version 3.0 of Princeton WordNet
(PWN) [223, 267]. However, as the LiLa dataset only covers 22 of the 40 lemmas
in our dataset, we used Short’s LWN as a reference for the remaining 18 lemmas.
We converted the synset codes 1.6 used by Short’s LWN to version 3.0 of PWN for
consistency. The senses assigned to the target words in the SemEval Latin dataset
often condensed multiple meanings into a single definition, requiring multiple synsets
to be linked to the same meaning to capture all nuances. For example, with consilium
(a lemma in the LiLa dataset), the sense “understanding, judgment, wisdom, sense,
penetration, prudence” required four synsets to represent it effectively. In some cases,
none of the assigned synsets in the LiLa dataset could describe a particular sense. In
such cases, we searched for the lemma in LWN and recovered a synset that Lil.a had
deleted. When we could not find the synset in either LWN or the LiLa dataset, we
looked for the most suitable synset in PWN. However, for some meanings specific to
Roman culture and institutions, we could not find a suitable synset, such as with virtus,
and its meaning “virtue, personified as a deity”. In these cases, we did not link the
sense to WordNet.

In some instances, the metadata field of the SemEval Latin dataset (which indicates
the author and title of the text, dating, and genre) was noisy, incorrectly structured,
or incomplete. Wikidata is an extensive knowledge base [268| hosting more than one
hundred million items collaborative maintained. We exploited Wikidata for denoising
and linking the authors of the documents to which the sentence refers. First, we ex-
tracted the Wikidata entities for which the author’s occupation is specified (wdt:P106,
occupation), and Latin (wd:QQ397, Latin) is one of the writing languages of the author
(wdt:P6886, writing language). The term occupation is used in a broad sense, to re-
fer to various types of profiles that identify authors in Wikidata. These could be e.g.,
priest, philosopher, historian, hagiographer, among others. For each author, we retrieve

the information about him/her in the form of key/value properties. Author names in
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the SemFEval Latin dataset can occur in different languages and different forms, e.g.,
praenomen and nomen followed by cognomen e.g., Marcus Tullius Cicero; cognomen
followed by praenomen and nomen e.g., Cicero, Marcus Tullius; only cognomen e.g.,
Cicero; only praenomen and nomen e.g., Marcus Tullius. We processed the author’s
mentions in the SemEval Latin dataset and the writer labels and aliases extracted
from Wikidata, performing lowercase and punctuation removal. Matching is realized
by computing the Levenshtein distance [269] between the author reported in the Se-
mEval dataset and all the collected surface forms (i.e., labels/aliases) from Wikidata.
According to Levenshtein distance, the surface forms are then ranked in decreasing
order. If the Levenshtein distance between the author’s mention and the top-ranked
surface form is less than a fixed threshold, i.e., 6 = 0.1, the entity referenced by the
surface form is linked to the author’s mention. For each author, Wikidata provides
rich information, such as biographical data, the author’s works, and events that influ-
enced the life and the writer’s production. In this study, we focus on the occupation
information: we encode the information provided by Wikidata about the occupations
of the author exploiting the property wdt:P106 (occupation). In particular, we create
nodes of type Occupation for each occupation retrieved in Wikidata, generating a

relationship between the author and their respective occupation.

5.3.3 Linguistic Ontology

To address the need to create a common shared vocabulary to visualize and connect
data, we describe our linguistic ontology’s main components. This schema collects all
the relevant pieces of information available in standard lexical databases and other rel-
evant sources of knowledge for diachronic analysis. From now on, we report the classes
and relationships of our ontology in boldface; words are represented in lower-case, and
relationships in upper-case. A central element is Document, which represents the hub
for knowledge discovery in this field since it contains most aspects of knowledge that
we need. It is linked with the Person who wrote it (has_ author), commonly named the
“author”. A document may concern specific Artifacts, Devices, belong to (belongs to)
one Category, be written in at least one (has_language) Language and published in
(published_in). We represent Texts belonging to belongs to) documents. From the

text, we are able to represent the Words it contains. Lemmas are a specific type of
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words, with their information, e.g., morphology, and part of speech tags. On the other
hand, words have (has lemma) lemmas. Synsets have relationships with each other;
one may be a sub-synset of another (is a) or be equivalent to (same_as) another
one in another database. This happens naturally when mapping WordNet with Latin
WordNet. Time needs to be modelled for diachronic analysis. TemporalSpecifica-
tion includes Timelntervals and specific TimePoints. The latter includes Year,
Month, and Day. This model allows authors and manuscripts to be bound to specific
time periods. Moreover, we have Events, which may come in handy to understand the

reason why some words changed their meaning (e.g., the advent of Christianity).

5.3.4 Latin WordNet Ingestion

The Latin WordNet (Latin WN) project is an initiative to create and share a com-
mon lexico-semantic database of the Latin language. The project is a branch of the
MultiWordNet [270] project. For the application of diachronic analysis, linking lin-
guistic resources with temporal information allows us to uncover instances of semantic
changes in the usage of words. Hence, we provide a mechanism to enrich the Lin-
guistic Knowledge Graph with Latin WordNet and exploit the hierarchical structure
of the relationships among synsets. We map the Latin WordNet concepts with the
portion of our ontology specifically devoted to linguistic analysis and understanding.
Here we describe the mapping between the lexical database and our schema. In Latin
WordNet, we identify the following resources, grouped into separate CSV files: lemma,
lexical relation, literal sense, metaphoric sense, metonymic sense, phrase, seman-
tic_relation, synset. FEach resource has features that may be seen as classical columns
in the relational databases perspective. From now on, we refer to specific fields as re-
source.field to uniquely identify them and motivate how we map them. The alignment

process is as follows:

e lemma: a specific lemma is embedded in our Lemma. A lemma is characterized
by a unique id, a lemma (its value), and a PoS tag (modeled as a relationship). For
our purposes, the class PartOfSpeech collects all the pos tags used, following
the Universal Pos Tags standard. We can represent other fields expressed in Latin

WN, such as lemma.uri.

e lexical relation: this represents a relationship between two lemmas. The field
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lexical relation.type specifies the type of relationship. We modelled the present
ones with some explicit names which express their meanings: antonymousOf,

pastParticipleOf, pertainsTo with their corresponding inverses.

e literal sense: this represents a relationship between a lemma, identified by the
field literal sense.lemma, and a synset, identified by literal sense.synset. We
call this relationship expresses. We highlight that the relationship has a “literal”
sense by adding a specific attribute sense. Additional information about the

period and genre is available.

e metaphoric sense: this relationship is expressed in the same way as the previous

one, apart from the fact that the sense is “metaphoric”.
e metonymic_sense: the same as before, but the sense is “metonymic” in this case.

e phrase: a phrase is a word or a multi-word expression. In both cases, the concept
is expressed by the class Lemma. Again, we have the PoS tag information, which

is modelled in the same way described above.

e semantic_relation: a relationship between two synsets. Based on the seman-
tic_relation.type several relationships may be expressed. They are mapped into
the following ones and their corresponding inverses: partOf, has Subclass, at-
tributeOf, similarTo, antonymousOf, pertainsTo, pastParticipleOf, causes, and

entails.

e synset: a synset is mapped into a Lexicon-Concept. Matching the Latin synset
with the synset in WordNet is possible by concatenating synset.pos and synset.offset.
synset.gloss is the description of the synset and is mapped onto the attribute de-

scription.

Thanks to this mapping, we can acquire the Latin WN resource and represent it in our
formalism, enabling us to leverage the connections between the different datasets, as

explained via examples in the next section.

5.3.5 Semantic Change Analysis

Figure 5.2 shows the subgraph for the word humanitas. The occurrences of humanitas

are annotated in the SemEval dataset with three senses: (i) ‘human nature, humanity’,
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e

umaneyphia.

Figure 5.2: Subgraph for the word humanitas, including the sentences in which the lemma
humanitas occurs in the SemEval Latin dataset, the century of the works from which the
sentences were extracted, the annotated senses in the SemEval Latin dataset, and the curated
links between the senses and the synsets in Latin WordNet. The sentences are represented as
Text nodes (in blue), the senses and the synsets as LexiconConcept nodes (in green), and the
centuries as TimePoint nodes (in red)

(ii) ‘humanity, philanthropy’, and (iii) ‘mankind’.6 In the curated link, we associate
the sense (i) to the humanness.n.01 synset, the sense (ii) to the synsets kindness.n.01,
kindness.n.03, and courtesy.n.03 and sense (iii) to the synset world.n.08. According
to the Thesaurus Linguae Latinae, which confirms the first attestation of all senses in
the 1st century BCE, the sense (ii) ‘humanity, philanthropy’ developed from the more
general sense (i) ‘human nature, humanity’ which refers to human nature in general.
The subgraph shows that the three senses are attested at least once in passages dated
1st century BCE. However, the graph shows that the sense of ‘philanthropy’ dominates
all other senses in the 1st century BCE. In the transition to the CE period, the sense of
‘humanity’ prevails regarding the number of annotations, and the two meanings coexist
in the CE period. By ascending the WordNet hierarchy, we can gain deeper insight into
the relationship between the two senses. The sense (ii) ‘humanity, philanthropy’” and
the sense (i) ‘human nature’ are connected via two paths: sense (ii) originates from
the quality.n.01 synset (i.e. ‘an essential and distinguishing attribute of something
or someone’); sense (i) from the attribute.n.02 synset (i.e., ‘an abstraction belonging
to or characteristic of an entity’). The two senses have in common the quality.n.0l
synset, but the sense (ii) ‘humanity, philanthropy’ is directly linked to kindness.n.01
synset, and to a higher degree of the WordNet hierarchy to the morality.n.01 synset
(i.e., ‘concerned with the distinction between good and evil or right and wrong’). The

additional information provided by including the WordNet hierarchy in the graph al-
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lows us to show the type of semantic relationship between the two predominant senses
of humanitas. The more general sense (i) ‘human nature’ specializes in its meaning
in the sphere of morality, originating the sense (ii) ‘philanthropy’. In the example of
humanitas shown in Figure 5.2, the injected information from WordNet was exploited
to analyze the semantic relationship between the meanings of the lemma humanitas.
While the synset taxonomy in this example helps us track and classify phenomena
of semantic change, including other types of information retrievable from the meta-
data can help gain further insights into the context of the semantic change. We add
information about the authors’ occupations in the examples shown in Figure 5.2.

In Figure 5.2, three examples of subgraphs are shown. The three graphs refer,
respectively, to the encoded information for the Latin lemmas beatus, poena, and
salus. In particular, we filtered for nodes of type Text (blue nodes), Century (red
nodes), Synset (green nodes), and Occupation (yellow nodes). We clustered the Text
nodes by occupation and century, i.e., we created an explicit link between nodes of
type Text and nodes of type TimePoint and between nodes of type Text and nodes
of type Occupation. The graphs show some trends in semantic change, all related
to Christianity. The lemma beatus was annotated in the SemEval dataset with five
senses: (i) ‘happy,” (ii) ‘fortunate’; (iii) ‘rewarded’, (iv) ‘rich’, and (v) ‘blessed’. The
graph shows that the senses (i) ‘happy’, (ii) ‘fortunate’, (iii) ‘rewarded’, and (iv) ‘rich’
all emerge starting from the 1st century BCE in the annotated dataset. On the other
hand, sense (v) ‘blessed’ emerges later with the advent of Christianity, as we can see
in correspondence with the CE nodes. In this case, there seems to be a replacement of
the previous senses in favour of the Christian sense. Additionally, if we consider the
nodes of type Occupation, a noticeable difference emerges between the two (groups of)
meanings: in the cluster of occupation nodes connected to the Christian sense, we can
observe profiles related to theological and religious activity, e.g., priests, hagiographers,
which do not appear to be connected to the other senses. The same type of observations
can be made for salus, which initially had the meanings (i) ‘health’ and (ii) ‘greeting’,
and, subsequently, developed the Christian sense of (iii) ‘salvation, deliverance from
sins’. However, in this case, we can notice the difference with beatus in the type
of semantic change, as the new meaning (iii) ‘salvation’ replaces or dominates the
previously attested meanings but continues to coexist with them. The lemma poena

also presents an example of semantic change in which the new meaning does not entirely
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(a) Subgraph for beatus. The synsets for beatus are: (i) beatified.s.01: Roman Catholic;
proclaimed one of the blessed and thus worthy of veneration, (ii) blessed.s.05: enjoying
the bliss of heaven, (iii) rich.a.01: possessing material wealth, (iv) fortunate.a.01l: having
unexpected good fortune, (v) ample.s.02: affording an abundant supply, (vi) happy.a.0l:
enjoying or showing or marked by joy or pleasure or good fortune.

(b) Subgraph for poena. The synsets for poena are: (i) retribution.n.01: a justly deserved
penalty, (ii) suffering.n.04: feelings of mental or physical pain, (iii) agony.n.01: intense feel-
ings of suffering; acute mental or physical pain.
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(c) Subgraph for salus. The synsets for salus are: (i) health.n.01: a healthy state of well-
being, (ii) redemption.n.01: (Christianity) the act of delivering from sin or saving from evil,
(iii) greeting.n.01: an acknowledgement or expression of goodwill.

Figure 5.2: Subgraph for beatus, poena and salus.

replace the previous ones. The new sense of “suffering, pain”, which emerges in the CE
nodes, continues to coexist with the sense of “punishment”, which was attested since the
1st century BCE in the annotated dataset. In the case of poena, the contrast between
the two clusters of occupation nodes is even more evident. The sense of punishment
is often associated with authors classified as related to the legal world, e.g., legislator,
lawyer, and jurist. In contrast, nodes related to the Christian and theological world
appear in the case of salvation, e.g., theologian, priest, and presbyter. The graphs
confirm well-known semantic changes prompted by the advent of Christianity, which
has invested many words already in use in pre-Christian Latin with new meanings
closely related to the Christian world. Moreover, the lemmas illustrate the different
types of interaction between older and new senses described in literature [271]: in some
cases, the two senses can continue to coexist, as for the lemmas salus and poena (a
phenomenon called “layering” [272]); in others, as for the lemma beatus, the relationship
between the new sense and the older ones is unbalanced as it becomes more prominent

in a society invested in Christian values.
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5.4 GraphBRAIN API

The GraphBRAIN technology can be appreciated thanks to the corresponding website
showing its main functionalities. However, it raised the need to implement the technol-
ogy into other applications in order to use GraphBRAIN as the representation layer of
a more complex system. For this purpose, I developed an API that can be integrated
as a jar file. GraphBRAIN makes use of a graph database to store information and
a relational database to store logs associating operations (creation, update, deletion)
with users. The API is independent of the specific database location since it only
needs to store data according to given graph schemas, and log information. The API

is parameterised according to:
e graph database
e relational database
e graph schemaf(s)

We provide a default database that is the one in which the website is hosted. In
that case, the available schemas can be reused, and graph information can be accessed
through the website. Through the website, information is filtered according to the
schema that we decide to work on. In the context of an application, this could not be
guaranteed in principle. For instance, all the insertions and updates must be checked
over a graph schema that governs the possible operations. Without delving into all the
details, I describe here the rationale behind the insertion operation, the most important

one in order to deal with the technology.

5.4.1 Batch Insertion

Batch insertion is the operation of inserting multiple graph information without relying
on any visual editor. This is the basic operation for intelligent information retrieval and
management. Consistency with graph schemas must be guaranteed. For this purpose,
batch insertion must always be performed with respect to a graph schema, which we
assume to be noise-free. As for Cypher, we need to distinguish the creation of nodes
and arcs. Specifically, it is easy to imagine that nodes must be inserted before in order

to have information available to create arcs. When creating nodes, Neo4j assigns an 1D
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to each of the distinct nodes, and this information can be used to identify the source
and object of arcs.

I designed a formalism to express nodes and arcs to be inserted into the KG. It is

a JSON-like in which the following rules hold:
e nodes first, then arcs,
e all nodes must contain an “identity” field,
e properties are embedded into nodes and arcs with the “properties” field,
e arcs contain “subject” and “object”, identified mapped with “identity” of nodes.

In Figure 5.3 an example is reported. Before inserting information, the consistency
with respect to a graph schema must be verified. If inconsistencies are detected, the full
KB is considered invalid and nothing will be inserted. Conversely, when consistency is
verified, nodes are inserted and the IDs are stored. Storing the IDs of the newly added
nodes allows to building of a map between them and the corresponding identities.
In this way, through a replacement operation, the selection of nodes is performed by
following Neo4j IDs rather than the “identity” field. This operation allows the retrieval
of information by an indexed (and optimized) variable. The final queries for the toy

example are shown in Figure 5.4.

5.5 Discussion and Limitations

In this chapter, I have listed some of the contexts in which GraphBRAIN technology
is highly advantageous in solving problems that can be represented in some settings.
All these demonstrative cases show some common advantages like flexible graph rep-
resentation, which is in principle always possible, the availability of combining rea-
soning with graph-based inferences, and vocabulary alignment. More specifically, in
the Independent Learning setting, I introduced a novel technique for learning objects’
recommendations; in the Digital Libraries field, an ontology collecting and expanding
standard resources; and in the linguistic field a semantic change analysis based only
on data integration and graph algorithms. Although showing high flexibility and in-
teroperability, there are still setbacks or difficulties that cannot easily be removed in

the process of adopting GraphBRAIN for graph-based knowledge representation tasks.
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Figure 5.3: Example of JSON representation of nodes and arcs

{"jtype" . ”node" s

"identity": O, "label": "Document",

"properties": {"name": "cent. 20 BCE", "title": "century"l}}
{"jtype": "node", "identity": 1, "label": "Document",

"properties": {"name": "", "description": "", "title": -2000}}
{"jtype": "node", "identity": 2, "label": "Month",

"properties": {"name": "", "description": "", "month": 5}}
{"jtype": "node", "identity": 3, "label": "Year",

"properties": {"year": "1997", '"name": ""}}

{"jtype": "node", "identity": 4, "label": "Building",
"properties": {"name": "A"}}

{"jtype": "node", "identity": 5, "label": "Town",
"properties": {"name": "B"}}

{"jtype": "node", "identity": 6, "label": "Person",
"properties": {"name": "A"}}

{"jtype": "node", "identity": 7, "label": "User",
"properties": {"name": "A"}}

{"jtype": "relationship", "subject": 0, "object": 1,

"name": "aliasOf", "properties": {}}

{"jtype": "relationship", "subject": 2, "object": 3,
"name": "belongsTo", "properties": {}}

{"jtype": "relationship", "subject": 6, "object": 6,
"name": "wasInChildren", "properties": {}}

{"jtype": "relationship", "subject": 6, "object": 6,
"name": "wasInGrandChildren", "properties": {}}

The availability of ontologies is not guaranteed in many contexts, and producing an

ontology from scratch in GraphBRAIN is as much complex and time-consuming as in

every other formalism. Moreover, as shown in the next chapter, although maintain-

ing a certain mapping and alignment, not all the predicates of RDF or RDF Schema

(RDFS) can be translated onto GraphBRAIN, and versa. For this reason, in contexts in

which the SW-based conceptualization is available, it can be the case that the approach

looks limited for these representation aspects. Moving into GraphBRAIN requires to

constraint the language in order to open for new solutions.
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Figure 5.4: Example of Cypher query

CREATE

(n0:Document {identity: ’0’, name:’cent. 20 BCE’, title:’century’}),
(n1:Document {identity: ’1’, name:’’, description:’’, title:’-2000’}),
(n2:Month {identity: ’2’, month:’5’, name:’’, description:’’}),
(n3:Year {identity: ’3’, year:’1997’, name:’’}),

(n4:Building {identity: ’4’, name:’A’}),

(n5:Town {identity: ’5’, name:’B’}),

(n6:Person {identity: ’6’, name:’A’}),

(n7:User {identity: ’7’, name:’A’})

return ID(n0), ID(n1), ID(n2), ID(n3), ID(n4), ID(n5), ID(n6), ID(n7)

MATCH (n0) WHERE ID(n0)=102 MATCH (m0) WHERE ID(m0)=468

CREATE (n0)-[:alias0f]->(m0) WITH nO, mO

MATCH (nl1) WHERE ID(n1)=512 MATCH (m1) WHERE ID(m1)=513

CREATE (n1)-[:belongsTo]->(m1) WITH nl, ml

MATCH (n2) WHERE ID(n2)=516 MATCH (m2) WHERE ID(m2)=516

CREATE (n2)-[:wasInChildren]->(m2) WITH n2, m2

MATCH (n3) WHERE ID(n3)=516 MATCH (m3) WHERE ID(m3)=516

CREATE (n3)-[:wasInGrandChildren]->(m3)
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Chapter 6
SW Mapping

The SW and its data representation, RDF, were conceived for different purposes than
the traditional uses of DBs. The latter focuses on efficiency and scalability, while the
SW focuses on interoperability and data availability. The integration between these
two technologies, designed to take advantage of the strengths of both, has attracted
interest since the early days of the WWW because, while the SW provides a means to
share and integrate data, various factors often prevent the public distribution of data
in many contexts. However, problems are posed by the structural differences between
the graph models used in the SW and GB ones. Here I propose a methodology for
mapping GB data into SW-compliant ones. Given the inherent limitations of fully
automatic solutions, I propose a semi-automatic solution in which the mapping follows

some generic rules but is personalised according to the user’s previous knowledge.

6.1 GB/RDF Mapping

Since the SW setting requires every element in the KB to be uniquely identified by a
URI, we defined the prefix http://graphbrain.it/ontologyName (abbreviated as gb) and
obtained the URI of a resource as the concatenation of such a prefix with its element
identifier in GraphBRAIN. Then, a set of translation rules has been defined to map
GBs ontologies onto OWL ones.
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6.1. GB/RDF Mapping

6.1.1 Schema Rules

The entities, attributes, and relationships in a GBS are mapped onto classes, data
properties, and object properties (respectively) in an OWL ontology using the obvious
corresponding OWL elements owl:class, owl:objectProperty and owl:dataTypeProperty.
While each object property must have a single domain and range, GBS allows sev-
eral subject-object pairs for each relationship. To handle this, for each subject-object
pair available for a relationship rel, we introduce a different owl:objectProperty named
rel subject object, assigning its subject as its owl:domain and object as its owl:range.
We then state that all of these newly added object properties are specializations of
the owl:objectProperty named rel, with the domain given by the union of the OWL
classes identified by the subjects and the range given by the union of the OWL classes
identified by the objects.
Suppose the GBS relationship rel can be established between two subject-object

pairs: (ClassA,ClassB) and (ClassC,ClassD), it translates to
ObjectProperty: rel

Domain: ClassA or ClassC

Range: ClassB or ClassD

ObjectProperty: rel ClassA ClassB
Domain: ClassA

Range: ClassB

ObjectProperty: rel ClassC_ClassD
Domain: ClassC

Range: ClassD

where rel_ ClassA_ClassB and rel_ ClassC _ClassD are specializations of rel. You can
see an example of this strategy in Fig. 6.1. Note that rel alone in OWL would allow the
establishment of the relationship between an individual of ClassA and one of ClassD
in the KB, which would not be allowed by the original GBS relationship. Adding the
other two relationships makes the OWL KB inconsistent.

For relationship attributes, we use an implicit reification: we introduce a class for
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Figure 6.1: Protégé view of the classifiedAs object property and its specializations.

each relationship in the schema and the Relationship class, which generalizes all of
them. This allows us to represent the attributes of relationships as datatype properties
of these newly reified classes. This is compliant with the official W3C guidelines [52].
Then, for each occurrence of the relationship, an individual representing the instance
of the relation is created for the corresponding class with links toward the subject and
object of the relation (owl:subject and owl:object respectively) and other links to all

items representing the original relationship attributes.

6.1.2 Data Mapping

After discussing how to map ontologies from GBS to OWL, we now describe how to
map instances in the LPG graph to the RDF. One of the main issues in merging external
resources with local DBs is that one cannot know that their ontology definition of a
concept corresponds to another available on the Web. More specifically, to the best
of our knowledge, there is no solution in the literature for automatically aligning such
vast and (possibly) different ontologies. So, I propose a semiautomatic mapping in

which the user must specify how GBS concepts are to be mapped onto those available
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in the SW. I propose the use of RML by differentiating the type of values of some
parameters. RML is used to map various languages for relational DBs but not graph
DB. For this purpose, we use the rml : logical Source directive by specifying a Cypher
query to be applied to all nodes of a certain type as rml:referenceFormulation formally

(using turtle format):

rml:logicalSource [rml:referenceFormulation ql: CypherPattern;rml:iterator “label name

in GraphDB”|;

Next, we apply R2RML directives (rr:subjectMap and rr:predicateObjectMap) to
formalize the mapping with subject, predicate, and object of the ontology with which
we want to map the DB graph entities found by the query execution. Let us introduce
a small example that is useful for understanding how each single element is mapped.
Consider an LPG-based KG about movies (node label :Movie) and people (node label
:Person), where movies have a title (property “title”) and a release date (property
“release”), and persons have a name (property “name”) and a birth date (property
“born”). Both kinds of nodes have a numeric code (property “id”) to uniquely identify
their instances. There is a relationship between people and the movies they have acted

in (type :actedIn).

(:Person{id:1, name:"Al Pacino", born:date("1940-04-25")1})

(:Person{id:2, name:"Robert De Niro", born:date("1943-08-17")1})

(:Movie{id:1, title:"The Godfather Part II", release:date

("1975-06-20") })

(:Person{id:1}) -[:actedIn]->(:Movie{id:1})

(:Person{id:2}) -[:actedIn]->(:Movie{id:1})

Listing 6.1: Example of simple graph data.

@prefix person: <http://loc.example.com/person/>.

O@prefix movie: <http://loc.example.com/movie/>.

person:1 schema:name "Al Pacino"; schema:birthDate
"1940-04-25"""xsd:date.
person:2 schema:name "Robert De Niro"; schema:birthDate

"1943-08-17"""xsd:date.
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movie:1
schema:name "The Godfather Part II";
schema:datePublished "1975-06-20"""xsd:date;

schema:actor person:1, person:2.

Listing 6.2: Example of mapping based on an extension of RML.

Assuming that we want to map the LPG fragment in Listing 6.1 to the RDF
using the classes and properties from schema.org (https://schema.org/, accessed on
9 September 2023) vocabulary. Listing 6.2 shows the desired result. To obtain this
mapping, we must specify that LPG attribute “name” is mapped onto “schema:name”,
“born” onto myquoteschema:birthDate, and so on. We assume that the class and
property names are unique. For the movie example, we specify the “PersonMapping”,
in which all elements related to the label “Person” (in the LPG graph) must be specified.
In this section, we specify how to map all the attributes of nodes of type Person (“name”
and “born”, among the others). After doing the same for the other class in the example
(Movie), we may specify how to map the relationship “actedIn”. We understand that it
has the same meaning as the standard object property schema:actor. In the mapping,
we also specify the mappings for the subject and the object. The full code of the
mapping is shown in Listing 6.3. Let us briefly analyze it line by line. R2ZRML and RML
mappings consist of a set of triple maps, each representing a source of triples for the
target RDF graph. Listing 6.3 defines 3 triple maps: <#PersonMapping>(lines 8-20),
<#MovieMapping> (lines 22-33), and <# ActedInMapping> (lines 35-46). As per the
RML specification, each triple map is based on a different logical source which, in our
case, is a Cypher pattern, i.e., an expression that can be used in the MATCH clause of
a Cypher query. <#PersonMapping>maps any LPG node with the label:Person to an
IRI of the type schema:Person built from the property id with a template mechanism.
Its LPG properties name and born are mapped to the RDF properties schema:name and
schema:birthDate, respectively. Similarly, <#MovieMapping>maps LPG nodes with
the label:Movie onto IRIs of the type schema:Movie and their LPG properties onto the
corresponding RDF properties. Finally, <# ActedInMapping>maps LPG arcs labeled
:actedInto triples connecting the two IRIs corresponding to the movie and the actor

with the property schema:actor(note that the RDF property has the opposite direction
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with respect to the :actedIn LPG relationship).

@prefix rr: <http://www.w3.org/ns/r2rml#>.
@prefix rml: <http://semweb.mmlab.be/ns/rml#>.
@prefix ql: <http://semweb.mmlab.be/ns/ql#>.
@prefix xsd: <http://www.w3.org/2001/XMLSchema#>.
O@prefix schema: <http://schema.org/>.

@base <http://example.com/ns#>.

<#PersonMapping> a rr:TriplesMap;
rml:logicalSource [rml:referenceFormulation ql:CypherPattern;

rml:iterator "(p:Person)"];

rr:subjectMap
[rr:template "http://loc.example.com/person/{p.id}"; rr:class

schema:Person];

rr:predicateObjectMap [

rr:predicate schema:name;

rr:objectMap [rml:reference "p.name"; rr:datatype xsd:string]
1, [

rr:predicate schema:birthDate;

rr:objectMap [rml:reference "p.born"; rr:datatype xsd:datel
J.

<#MovieMapping> a rr:TriplesMap;
rml:logicalSource [rml:referenceFormulation ql:CypherPattern;

rml:iterator "(m:Movie

)"

rr:subjectMap [rr:template "http://loc.example.com/movie/{m.id
}"; rr:class schema:

Moviel];

rr:predicateObjectMap [

rr:predicate schema:name;
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rr:objectMap [rml:reference "m.title"; rr:datatype xsd:string]
1, [
rr:predicate schema:datePublished;

rr:objectMap [rml:reference "m.released"; rr:datatype xsd:date]

<#ActedInMapping> a rr:TriplesMap;
rml:logicalSource
[rml:referenceFormulation ql:CypherPattern; rml:iterator "(p)-[a

cactedIn]->(m)"];

rr:subjectMap [rml:reference "m"; rr:parentTriplesMap <#

MovieMapping>];

rr:predicateObjectMap [
rr:predicate schema:actor;
rr:objectMap [rml:reference "p"; rr:parentTriplesMap <#

PersonMapping >]

Listing 6.3: Example of RML-based mapping.

Publishing a GraphBRAIN KG in the SW by entirely exporting it would require
the translation to be run again after each modification of the KG. An approach that
is more suitable for dynamic KGs would be to expose the KG as an online SPARQL
endpoint, from which data can be fetched at need by any SW-compliant application.
Of course, the mapping technicalities between the different underlying representations
should be transparent to the users. In the following text, we identify the resources
by generic property values, as is done in traditional DB settings, but not necessarily
by URIs. In the following text, we refer again to the movie KG and to the mapping
in Listing 6.3 and to the excerpt of a possible movie dataset shown in Figure 3. Two
actors, “Al Pacino” and “Robert De Niro”, both acted in “The Godfather Part II”, but
“Al Pacino” also acted in “The Godfather”, whose sequel is “The Godfather Part I1”.
The two actors are labelled as Person, and the two films as Movie. Note that we

defined an equivalent concept for the relationship “actedIn”, but not for sequel (see

100




6.1. GB/RDF Mapping

Listing 6.3).
We focus now on three possible requests representing some of the most common

queries.

e return the type of node having a property.
This corresponds to the following SPARQL query:

SELECT DISTINCT 7object ?objectclass WHERE ?object |property| [value].
7object rdf:type 7objectclass

Our parsing strategy recognizes the query type thanks to the keyword rdf:type,
and then, using simple pattern matching of specific tags in the query, it extracts
the property [property|, and the value [value|, e.g., suppose the query asks for
the type of node whose name (http://schema.org/name) matches the string “The
Godfather”. We check in the mapping file whether “http://schema.org/name”
corresponds to some property in the graph, and indeed, it has two correspon-
dences: “p.name” in PersonMapping, and “m.title” in MovieMapping. Person-
Mapping has as a logical source Person, while MovieMapping has as a logical
source Mowie. So, we check the graph for all Person nodes with the value “The
Godfather” as the property “name” and all “Movie” nodes with the value “The
Godfather” as the property “title”. To do this, when the parser recognizes that
we are looking for the type of resource given the property, we prepare a general
parametric Cypher query to retrieve this information from the graph. In our case,
we execute this query, which is the result of the interpretation of the SPARQL

query after the mapping process:

MATCH (n:Movie title:“The Godfather”) return labels(n) UNION ALL MATCH

(n:Person name:“The Godfather”) return labels(n)

As expected, the result is the film named “The Godfather”. We do not return the
type extracted from the graph, but obtain its reverse mapping according to List-
ing 6.3. In the graph shown in Figure 3, the label of “The Godfather” is “Movie”,
but by reversing the mapping procedure, we return “http://schema.org/Movie”.
This allows SW-based applications to infer new knowledge about the specific

instance provided by the graph DB.

e returns all links directly connected to a given node.

101



6.1. GB/RDF Mapping

This corresponds to the following SPARQL query:

SELECT DISTINCT ?7link WHERE 7object [property| [value| . ?object ?link
?outObject . UNION ?inObject 7link ?object . 7object [property| [value] .

As shown in the previous scenario, we used a property value to identify the
starting node. Since we do not care about the direction of the object property,
the nodes we are looking for can be connected by an incoming or an outgoing
arc to the given node, and we must return the union of these two cases. In the
former, the property is associated with the object—in the latter the object of
the relationship. Our approach to handling this case separates the two pieces of
the query when a UNION is encountered and then applies the same procedure
as for the first scenario, but this time by considering any object property, not
only the rdf:type. The output consists of pairs of object properties and the
corresponding subjects (for incoming arcs) or objects (for outgoing arcs). Finally,
since the SELECT DISTINCT 7link specifies that only the object property must
be returned and it must not be repeated, the output will be a list of distinct
relationships to which the starting node is connected, regardless of whether it
plays the role of the subject or the object. Again, the properties are mapped back
according to Listing 6.3. However, it may happen that the mapping document
does not provide a mapping for a specific resource, i.e., the designer has not
specified an external class (resp. object property) that can be considered to
be equivalent to a class (resp. relationship) in the GraphBRAIN ontology. In
these cases, we assign the URI of GraphBRAIN, i.e., http://graphbrain.it /name
(where name is the name of the class or relationship) to these resources. So,
we may return mixed resources, connecting standard ontological concepts with
those defined by our schemas. For example, supposing the property is again
http://schema.org/name and the value is The Godfather, Figure 3 shows that
the film is reachable, not only through the actedIn relationship but also through
sequel, for which no mapping has been provided. After parsing the query, again,
http://schema.org/name is ambiguous, so the query is decomposed as the union

of many smaller queries. After the mapping, the equivalent Cypher query is

MATCH (n:Movie title:“The Godfather”)-[r]-(m) return type(r) UNION ALL
MATCH (n:Person name:“The Godfather”)-[r]-(m) return type(r)
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It returns two relationships from the graph: “sequel” and “actedIn”. The latter

will be mapped, but the former will not, yielding the final result http://graphbrain.it /sequel,

http://schema.org/actor.

export a piece of the KG.

This is the most general scenario, representing an example of how to enrich
the SW knowledge by exporting data (pieces of KG) from GraphBRAIN. It is

associated with the query:

MATCH (n:[Subj|)-|r:[rel]]->(m:[Obj]) RETURN labels(n), properties(n), type(r),
labels(m), properties(m)

Here, we extract all triples consisting of a node of type [Subj| that is related to a
node of type |Obj] through a [rel] arc from the graph. Suppose [Subj] is “Person”,
[rel] is “actedIn”; and [Obj| is “Movie”. This involves three elements of the map-
ping in Listing 6.3: PersonMapping, MovieMapping, and ActedInMapping. The
former indicates the class in the SW that is equivalent to “Person” and also maps
two of its properties (“born” and “name”). The second determines the concept
equivalent to class Movie and also maps its property “title”. Finally, the latter
specifies how to map the relationship. ActedInMapping has as a logical source
(p)-la:actedIn]—(m). p and m have their mappings as well: the former is related
to MovieMapping, and the latter to PersonMapping. Hence, we know that the
subject must be a Person in the graph, and the object must be a Mowie. This

completes the mapping of all extracted elements.

Prefix (:=<#>)

Prefix (owl:=<http://www.w3.0rg/2002/07/0wl#>)

Prefix (rdf :=<http://www.w3.0rg/1999/02/22-rdf -syntax -ns#>)
Prefix (xml:=<http://www.w3.0org/XML/1998/namespace >)
Prefix(xsd:=<http://www.w3.0rg/2001/XMLSchema#>)
Prefix(gb:=<http://www.gb.it#>)
Prefix(schema:=<http://schema.org/>)

Ontology (<>

Declaration(Class (<#Movie>))

Declaration(Class (<#schema:Person>))
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Declaration(ObjectProperty (<#schema:actor>))
Declaration (DataProperty (<#schema:birthDate>))
(DataProperty (<#schema:datePublished>))
(DataProperty (<#schema:name>))
(NamedIndividual (<gb:AlPacino>))
(NamedIndividual (<gb:RobertDeNiro>))
(NamedIndividual (<gb:TheGodfather>))

(NamedIndividual (<gb:TheGodfather2>))

# Named Individuals

ClassAssertion(<#schema:Person> <gb:AlPacino>)

ObjectPropertyAssertion (<#schema:actor> <gb:AlPacino> <gb:
TheGodfather >)

ObjectPropertyAssertion (<#schema:actor> <gb:AlPacino> <gb:
TheGodfather 2>)

DataPropertyAssertion (<#schema:birthDate> <gb:AlPacino>
"25/04/1940")

DataPropertyAssertion (<#schema:name> <gb:AlPacino> "Al

Pacino")

ClassAssertion(<#schema:Person> <gb:RobertDeNiro>)

(<#tschema:actor> <gb:RobertDeNiro> <gb:TheGodfather2>)

DataPropertyAssertion (<#schema:birthDate> <gb:RobertDeNiro>
"17/08/1943")

DataPropertyAssertion (<#schema:name> <gb:RobertDeNiro> "

Robert De Niro")

ClassAssertion(<#schema:Movie> <gb:TheGodfather>)

DataPropertyAssertion (<#schema:datePublished> <gb:
TheGodfather> "21/09/1972")

DataPropertyAssertion (<#schema:name> <gb:TheGodfather> "The

Godfather")

ClassAssertion(<#schema:Movie> <gb:TheGodfather2>)
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so| DataPropertyAssertion (<#schema:datePublished> <gb:
TheGodfather2> "20/06/1975")
s|DataPropertyAssertion (<#schema:name> <gb:TheGodfather2> "The

Godfather 2")

41)

Listing 6.4: Example of a mapped KB from a triple.

The OWL/RDF KB is created with the OWL API [273]. The results of the

mapping and export are given in Listing 6.4.

6.2 Mapping Considerations

Some aspects of the mapping need to be considered carefully. Before moving into
the SW perspective, the Closed World Assumption (CWA) guaranteed many positive
properties like consistency, name disambiguation, and soundness, and reasoning does
not lead to unexpected results. These aspects cannot be guaranteed any longer when
opening the world. Indeed, as soon as an instance is enriched with semantics, the
information originally available in GraphBRAIN is only a part of the whole knowledge.
The membership to an existing concept may lead to different inferences, making the
process of reasoning much more unpredictable. The API mentioned in 5.4 actually
closes the world. The API is intended to facilitate operations within the context of
a schema-aware graph database and for this sake, I consider it more beneficial to not

introduce unexpected inferences while looking for inferences.

6.3 Evaluation

In this mapping strategy, it is not quite possible to define quantitative evaluation
or computational details, but an expressiveness comparison can be done, following
some of the considerations already mentioned in Section 3.2.2. Malinverni et al. [274],
although referring to a specific use case, modelled a mapping strategy from GIS data to
RDF. Although the connection, the mapped data have been specifically assigned URIs
that are unique and hence not connected to anything. This mapping does not change

(or add) semantics to the initial data but allows reasoning in the CWA perspective.
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Conversely, in the context of DB mapping, there has been much effort in automatically
mapping logical models in RDF but the lack of personalization and the capability of
linking instances gave the opportunity to build the proposed mapping.

106



Chapter 7

Schema Design & Evaluation

Although yielding competitive performance and interpretability, as previously pointed
out, graph databases lack a schema for sharing the vocabulary and preserving con-
sistency in the data. For this scope, we enrich the graph database with a manually
constructed ontology defining labels and the relationships among them. However, this
manual process is error-prone, time-consuming and may lead to ambiguity or incom-
pleteness. In this chapter, I introduce a data-driven approach based on simulation to
assist ontology designers in refining schemas for graph-based structures, specifically
within the context of modal graph schemas [275]. I validated the approach using the
GraphBRAIN datasets, supported by manually curated schemas for evaluation, as well
as two standard datasets: Twitter Neo4j and the Lehigh University Benchmark. The
method aims to enhance the accuracy and efficiency of ontology design, while also

speeding up the design time.

7.1 Graph Databases and Schemas

I am going to redefine the very basic graph definitions as well as the notational body of
graph schemas presented by Mennicke [275]. While there are subtle differences in the
manifold of graph database models, they all share a basic yet directed and labeled graph
structure [40|. Let X be a set of labels, used as arc inscriptions, being properties and /or
relations. A (directed edge-labeled) graph G is a triple (V,3, —) where V is a finite set
of nodes and —C V x¥Xx V a (necessarily) finite labeled edge relation. I denote an a-

labeled edge from node v to node w as v — w (formally, (v, a, w) €—). Nodes represent
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0-330-25864-8 0004-5411
issn

publisher
Hitchhiker’s Guide} [ Journal of the ACM }

publisher

isbn

author

Douglas Adams ACM

Figure 7.1: An Example of Graph Database: A Tiny Excerpt of a Bibliographical Database

entities and literals while edges provide relationships/properties between them. The
graph depicted in 7.1 shows an excerpt of a bibliographical database, having a book
(i.e., Hitchhiker’s Guide) and a journal (i.e., Journal of the ACM) and information
about them.

For the rest of this chapter, assume graph DB = (V, 3, —) to be our graph database.
At first glance, any graph schema for DB can be represented by a graph. After all, I
want to mention classes in DB and their relationships to other classes, which calls for
classes to be nodes and (labeled) edges between them. Let, therefore, assume a first
graph schema model as graphs § = (C, 3, —) in which I call the elements of C the
classes of §. The edge relation of S provides information about the allowed properties
of the entities belonging to the classes. Conversely, if there is no edge ¢; —; ¢, then
entities e; (1 = 1,2) belonging to class ¢; must not be connected by relation r. Given
DB and S, I relate the entities and (potentially) literals (i.e., the nodes) of DB to the
classes mentioned in S by means of relations R C V x C. By design, a single data
node may belong to more than one class. Not every such relation should be considered
since I want to exclude the classification of DB entities participating in relationships

that are not allowed by the respective classes in S.

Graph Schema Conformance [275]
For graph database DB = (V, X, —) and graph schema S= (C, %, —), a relation

RCVXC is a conformance relation for DB and S if for all (v,¢) € R and a € X:
e for every w €V with v % w, there is a d € C such that ¢ % d and (w,d) € R and
e for every u €V with u = v, there is a b € C such that b = c and (u,b) € R.

A data node v €V conforms to class ¢ € C, written as v IF7 5 ¢, if there is a conformance

relation S such that (v,¢) € R. For class ¢ €C, I denote the set of all data nodes
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Figure 7.2: An Initial Graph Schema for Bibliographical Data

captured by class ¢ by IF3,5c := {v € V| vIF} 5 ¢}

Any conformance relation, including IF3 5, is a dual simulation [275, 276]. Dual sim-
ulations have been considered as a feasible structure-preserving alternative to the usual
graph matchings based on homomorphisms or even (subgraph) isomorphisms [277].
Most prominently, the algorithmics of (dual) simulations present polynomial time pro-
cedures [278, 279.

Graph schemas together with the conformance relation (7.1) provide already two
modalities for relationships between classes and their entities. First, an edge present in
the graph schema refers to an allowed relationship in the data while an edge that is not
present in the schema is a forbidden one. Consider the graph schema for bibliographical
data in 7.2. The entities of 7.1 conform to the schema by the conformance relation

S = {(Hitchhiker’s Guide, ITEM), (Douglas Adams, CREATOR), ... }.

When thinking about classes and their properties, I make another distinction by
requiring the presence of certain relationships as mandatory. Having mandatory as
an additional modality yields the final graph schema model, namely modal graph
schemas [275], which I subsequently used as the basis for graph schema creation as

well as refinement.

(Modal) Graph Schema [275] Let DB= (V, ¥, —) be a graph database. A (modal)
graph schema is a quadruple S= (C, ¥, =9, =) such that skeleton(S) = (C, 3, —=7) is
a graph and —JC—?.

Call RCVXC a (modal) conformance relation for DB and S if (i) it is a conformance

relation for DB and skeleton(S) (according to 7.1) and (ii) for all (v,¢) € R and a € X:

e for every d €C with ¢ i>SD d, there is a w €V such that v % w and (w,d) €R

and

109



7.1. Graph Databases and Schemas
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Figure 7.3: A Modal Graph Schema Distinguishing Books and Journals

e for every b € C with b i>SD ¢, there is a u €V such that v — v and (u,b) € R.

I3 5 is the largest modal conformance relation and, thereby, v -3, 5 ¢ means v conforms
to class c.

[ have overloaded the symbol IF7 5 since the original (non-modal) conformance
relation is a special case. The [J-modality marks the so-called must-edges and is rep-
resented as solid edges (cf. 7.3), while the {-modality refers to the may-edges of S
that are represented by dashed edges. By analogy, a modal graph schema S covers
the three desired modalities, namely forbidden (absent edges), allowed (may-edges),
and mandatory (must-edges) relationships. Note, since every must edge is a may edge,
every mandatory relationship is also an allowed one.

Classes BOOK and JOURNAL, represented in 7.3, are refinements of ITEM in 7.1.
Since for BOOK, property isbn is required, only data node Hitchhiker’s Guide (in 7.1)
will be captured by class BOOK while Journal of the ACM cannot be regarded as BOOK
anymore. Note, implicitly entities of class JOURNAL must not have author-properties
in this example.

Further note, the conditions in 7.1 (ii) are quasi-symmetric (on —%') to the re-
quirements of 7.1. These additional requirements provide the necessary meaning of the
[J-modality, namely that edges required for a class are covered by an associated graph
database entity.

As a final remark, the definitions of graph schema conformance and modal schema
conformance coincide in the special case of modal graph schemas S such that —J=
0. If, on the other hand, —%=—, then a modal conformance relation is called a
dual bisimulation. Note that even with the additional constraints, the algorithmics of
(modal) graph schema conformance remains tractable [280-282|. It is the tractability

of the conformance relation I exploit throughout the graph schema generation process,
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as introduced throughout the next section.

7.2 Graph Schema Creation and Refinement

With rare exceptions [222|, graph databases in the wild do not feature full-fledged
schema information, let away graph schemas according to 7.1. However, the method-
ological perspective of a (modal) graph schema conformance allows for describing a
step-wise refinement process towards a meaningful graph schema. As early as in [275],
the wunit graph schema U was mentioned to be a valid universal starting point for
schema creation. U consists of a single class u and as many self-loops as there are
elements in the labeling alphabet 3. Of course, all self-loops are considered may-edges.
Since all graph databases conform to the unit schema, it serves as a theoretical basis
for a step-wise refinement process splitting up classes until a meaningful schema has

been achieved. Note, every data node v € V belongs to class u.

Let U = ({u}, X, {u} x 32 x {u},D) be the unit graph schema. Then for all graph
databases DB= (V,X,), R= {(v,u) | v €V} is the maximal modal conformance
relation for DB and #. The unit class u collects all data nodes, just like owl:Thing
in OWL ontologies [232]. Of course, taking the unit schema as the universal starting
point is unsatisfactory when graph data already exists. For a sensible graph schema, a
lot of class splitting may be anticipated. Therefore, let us describe a more viable yet
data-driven option for graph schema initialization in 7.2.1. I exhibit the core property
of (modal) graph schema conformance, namely its formal basis in dual simulation which
is, after all, a preorder. Later on in 7.2.2, I define graph schema refinement operations

guiding the graph schema creation process.

7.2.1 Graph Schema Initialization

The whole idea of graph schemas and their conformance relation is that classes of
entities exhibit similar structure. However, if data nodes exhibit similar structures,
we may be able to observe the similarities on the graph database directly. This is the
cornerstone of what I refer to as graph schema initialization. Therefore note that dual

simulation (i.e., graph schema conformance according to 7.1) is a preorder. We can use
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dual simulation equivalence directly on a graph database DB to obtain the respective

quotient graph schema.

Initialization by Dual Simulation Quotienting For graph database DB= (V, X&),
the largest dual simulation R CVx)V on DB exists and is unique. For v €V, let
[v]/r = {u eV| (u,v), (v,u) €R} and define

Q= ({[vl/r | v €V} E,=9,0)
where [v]/r ﬂ)ﬁ J/Rif v =, w. Then R:= {(v, [w]/g) | (v,w) €R} is the largest modal

conformance relation and captures all data nodes v € V.

proof The uniqueness of the largest dual simulation R follows from the fact that
(dual) simulations are closed under unions (cf. [275, 277]). R is a dual simulation
since all its pairs stem from the original dual simulation R (and its symmetric closure).
We need to show that (1) R is a model conformance relation, (2) R is the largest one,
and (3) R captures all data nodes v € V.

Regarding (1), let (s,t) € R,i.e. s €V and t = [v]/p and (s,v) € R for some v € V.
If s =, ¢, then there is a node w €V such that v —, w and (s, w) €R (since R is a
dual simulation). Thus, [v]/g &3 /R (by definition of —%). Ultimately, (s, [w]/r) € R
since (s’,w) € R. Since this argument holds for arbitrary pairs (s,t) €R and labels
a € ¥, R is a modal conformance relation (also because —" of Q is empty). Towards
(3), note that every data node v €V is captured in Q. As dual simulation/(modal)
conformance is reflexive (since it is a preorder), at least (v, [v]/;r) € R for every data
node v € V.

It remains to be shown that (2) R is the largest modal conformance relation. Let
R’ be an arbitrary conformance relation and let (s,t) € R’. I show (s,t) € R and,
thereby, show that R’ CR, making R’ the largest conformance relation. If (s,¢) ¢ R,
then t = [v]/p and (s,v) ¢ R. But since R is the largest dual simulation on DB, it
contains all pairs of nodes (v, v,), such that vy dual simulates v;. That means, if v
dual simulates s, then (s,v) € R. Hence, R’ can only be a modal conformance relation
if all its pairs are contained in R.

Observe that the quotient graph schema Q combines similar data nodes to classes.
Summarizing, every graph database DB exhibits a canonical quotient graph schema,

to which it conforms. The necessary (dual simulation) relation R also suggests initial
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hierarchies between the data nodes, but solely on a structural basis. Next, a domain
expert needs to review the initial schema and refine it according to the domain require-
ments. I provide appropriate refinement operations for the domain expert throughout

the rest of this section.

7.2.2 Graph Schema Refinement

When it comes to graph schema refinement, I start with a graph database DB =
(V,3,€) and an initial graph schema S = (C, %, =9, =) describing the data already
in a certain depth by means of the conformance relation -3, capturing all the nodes of
DB. This is a necessary assumption since I want to describe all the data by the schema
at hand. Also, it is a valid assumption for the unit schema U and the quotient schema
Q (cf. 7.2.1). But S can be any of the two or even a refinement thereof. I inspect
classes ¢ € C through IF3 ;. Therefore, let IF35c be the set of nodes {v € V | vIF; ¢}
classified by c. I say a data node v € V is captured by class ¢ € C if v € IF$zc. The
subsequent refinement operations aim at producing a schema S’ from S such that all

!

nodes of DB are still captured (i.e., o IFdp c=V).

Merging Classes. After creating the quotient schema, there are some classes a do-
main expert may consider the same. Dual simulations (i.e., graph schema conformance)
are quite picky. For instance, if for some books the year of publishing is reflected in the
data and for some books not, then the quotient graph contains two different classes.
Such classes may easily be merged by identifying the classes that may be considered too
fine-grained. Let cq,cy € C be two classes. Merging ¢; and ¢, means that, in the new
schema &', I identify both nodes with a single fresh class ¢;  and remove the original
classes. Class c; o inherits all the may edges of ¢; and co. Must edges of ¢; or ¢y are
only inherited if they are must edges in both classes. Note, since every must edge is
a may edge by definition, even if a must edge is not transferred to c; o, it still persists
as a may edge. Consider again the graph schema in 7.3. The schema in 7.2 merges
classes BOOK and JOURNAL. While properties isbn and issn are preserved, they are
not mandatory anymore.

The reason why conformance and coverage of all nodes is preserved is that, intu-

itively speaking, the new class ¢, o simulates both classes, ¢; and cy. Thus, every node
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that was classified as ¢; or ¢y is now captured by c; o.

Creating Hierarchy. Domain experts may further observe certain classes containing
entities of more than one class and this single class may be considered too coarse. Then
a first step towards a better schema might be to incorporate hierarchy. Suppose, class
¢ € C captures a node u we would like to distinguish from the other nodes captured
by c in a subclass relationship. Therefore, let v € IF3c that is not equivalent to u
(i.e., (u,v) ¢ Ror (v,u) ¢ R). If no data node (captured by c) structurally differs
from wu, there is no chance of distinguishing u on the schema level. The class nodes
are (structurally) too similar to distinguish them any further. In such a situation, a
domain expert may request one or more distinguishing properties for the data nodes.
If the two nodes (u and v) are distinct with respect to the relationships they par-
ticipate in, I create a copy of ¢, of class ¢, initially inheriting all of the adjacency of
c. Let b € ¥ be a relation such that v —, v’ (or v —4 u, resp.), but v —, v’ (or
v' —p v, resp.) for no v € V. Then the domain expert has the option to make b
mandatory for ¢,. This has the effect that node v is not captured by the fresh class ¢,
while it is still a member of the original class ¢. Only nodes like v are now captured
by c,. Alternatively, we may also observe that there is some a € ¥ such that v —, v/
(or v/ —, v, resp.) but u does not participate in any a-edge. In that case, we may
remove the a-edge from class ¢,, having the same effect: since a-edges are forbidden in
cu, the class does not capture node v anymore. Everything else is not altered. Recon-
sidering the example schemas, class BOOK (7.3) is a refined version of class ITEM (7.2)
by making isbn mandatory and removing the issn-property. Conversely, JOURNAL
has been obtained by refining ITEM keeping only properties issn, which is also made

mandatory, and publisher.

Separating Classes. Ultimately, the two data nodes u and v may be separated into
two distinct classes ¢, and ¢, by repeating the technique for creating a hierarchy for
both nodes. This yields two distinguishable classes, just like BOOK and JOURNAL. Up
to a certain point, it is required to keep the original class ¢ intact. If, alongside the
schema refinement process, sufficiently many classes have been spawned so that all the
data nodes originally captured by c¢ are then captured by the fresh classes, a domain

expert may decide to remove the upper class c.
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Let’s mention that making certain edges mandatory should be considered with care.
For properties with literal values as target there is nothing to worry about. But if we
made only a single publisher-edge mandatory, then class PUBLISHER certainly gets a
different meaning and, recursively, also books and journals. Only book and/or journal
publishers are then captured that also host the other type of publication. Consequently,
books published by publishers with no journals would not be captured anymore. In such
cases, separating class PUBLISHER into BOOK PUBLISHER and JOURNAL PUBLISHER
may result in a more meaningful refinement. Throughout the next section, I discuss a
case study in graph schema creation via GraphBRAIN. There, we see how the different
refinement operations play along with the actual requirements given by the respective

domain.

7.3 A Case Study

I applied graph schema initialization and refinements to GraphBRAIN, a dataset that
already possesses a schema, providing instance information as well as allowed and
mandatory properties. I used the existing schema to simulate the domain expert who
is then guided through the graph schema creation process. All the experiments with
simulation have been conducted with a revisit of the algorithm in [282], executed on
an Intel(R) Core(TM) i7-1065G7 CPU single-core, 16GB of RAM processor. I applied
the schema creation method to GraphBRAIN, being a dataset with a manually curated

schema.

7.3.1 Dataset Preparation

Given the amount of data, I executed the experiments by selecting several relevant
pieces. I took the more relevant nodes (ranked with Page Rank), and I applied a
spreading activation function starting from the central nodes. The LPG was then
mapped onto a triple-based graph by mapping properties into arcs. Without losing
generality, I neglected relationship properties since they do not take part in the simu-
lation process. Properties of nodes must belong to a class; hence, I introduced String
to collect all property values available.

Throughout the use case, I will refer to two different excerpts from GraphBRAIN,
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Table 7.1: Two excerpts from GraphBRAIN
GraphBRAIN | # node labels | # arcs | # cls | # pure cls | ## non-hierarchical cls
(i) 15 25 54 40 5
(ii) 50 36 78 53 18

which I will call GraphBRAIN (i) and GraphBRAIN (ii). GraphBRAIN (i) is made
up of ~90k triples from the retrocomputing domain, collecting resources about com-
puting organizations and scientific papers, but also relevant known places of scientific
events. GraphBRAIN (ii) by ~18k triples from the lam domain having much informa-
tion on books and documents, but also on authors and other organizations. I describe

schema creation in these examples.

7.3.2 Schema Initialization

The simulation-driven approach required a preliminary step of data labelling, and
the initialization was provided by the simulation function, creating clusters (cls) of
nodes. Without previous assumptions, each cluster may refer to a different class to be
represented in the schema, and from them the final schema will emerge through the
refinement steps class creation, splitting, merging and hierarchy creation. Among the
clusters, I could distinguish those that straightforwardly need to be represented in the
schema as they are, what I refer to as pure clusters. They are clusters in which only
one label (i.e., a class name of the provided ontology) appears viz. all nodes in the
cluster have been equally labelled. I report in 7.1 some info about the initialization of
the two GraphBRAIN datasets.

The simulation function (i.e., the quotient schema) recognised 54 clusters for the
first dataset and 78 for the second. Pure clusters are those that necessarily must be
represented in the schema. Naturally, some of the pure clusters represented the same
(repeated) label but I will discuss this during refinement. What deserved further atten-
tion were the impure clusters, which represented a minority in both cases. Resolving
the impure clusters is infeasible to do automatically. Hence, the need for the above-
mentioned refinement operators as well as the domain expert rises. The operation
of recognising non-hierarchical clusters is manual, too. The numbers provided in 7.1
provide a trustworthy estimation of the effort of the schema designer for the manual

curation of the schema.
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From GraphBRAIN (i), I report some examples of clusters that work well as a basis
for graph schema refinement:
e [Book, Magazine, Booklet, Document| because Book, Magazine, and Booklet
are subsumed by Document in GraphBRAIN;
e [Month, Day| because there is a GraphBRAIN class for Temporal Speci fication;
e [Device, Deviceltem| because Deviceltem is a specialization of class Device in

GraphBRAIN.

I also mention some non-hierarchical ones:

e [Magazine, Book, Month| since Month must not be grouped with Book-like classes

e [Person, Organization| since they represent completely distinct concepts.

7.3.3 Schema Refinement

Refinement is a domain-specific and subjective task; however, with the data-driven ap-
proach, there are some operations that can naturally be performed without introducing
schema concerns. As previously mentioned, not all the pure clusters are distinct; this
happens because there are data nodes belonging to pure clusters having different prop-
erties from other equally-labelled nodes put into another pure cluster. In this case, the
refinement operator is always class merging and properties are merged alongside the
classes. It is an efficient, labour-saving and safe operation. In GraphBRAIN (ii), more
than half (80%) of the pure clusters are in fact repetitions of Person and Organi-
zation, indicating these two classes are particularly represented and distinctive in the
dataset. For instance, in one of the clusters, all nodes Person had two properties wasin
and developed indicating the fact that the person participated in an event and that she
developed a kind of product, respectively. In another cluster, all Person nodes had
the following properties: bornin, developed, birthDate, deathDate, diedIn, and wasin.
After merging, the Person class will have all the labels of the second cluster of persons,
which already includes those of the first. The selection of mandatory properties here
must reflect at most the intersection between all common properties, otherwise making
the knowledge graph inconsistent with respect to the schema.

For impure clusters, we need to distinguish whether the cluster is made up of correct
labels or not. Based on this evaluation, two different steps are taken: if the designer

recognises a certain hierarchy among all the labels, creating hierarchies is the successive
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refinement step, meaning that the simulation has successfully recognised commonalities
between different labels. This step may also involve the introduction of a new class
acting as a lower class for the collected classes. For GraphBRAIN (i), more than 60%
of the impure clusters are considered hierarchical clusters with respect to the schema,
while for GraphBRAIN (ii), it is more than 25%. In this case, the identification of
mandatory properties is also of great importance. Class hierarchies design consists
of identifying inherited properties for each non-top class, as well as understanding
mandatory ones for each of them. For instance, in one cluster, we have only the
Organization and Company nodes, and we recognise that every company is an
organization but not vice versa. For Organization the properties produced and owned
were found while only owned was found in Company nodes. As schema designers,
after introducing the hierarchy, I consider using the property owned as a mandatory
property for justifying the existence of an organization.

After identifying non-hierarchical clusters, the designer is asked to refine them based
on her understanding of the domain. More often than not, these clusters are not com-
pletely flawed but contain labels that, by chance or by data incompleteness, have only
a few properties that are also shared by other labels. In GraphBRAIN (ii), the fol-
lowing labels were grouped into a cluster: Book, Document, Year, Day. One may
easily recognise that there is space for two hierarchical classes: the first for Book and
Document, and the other for Year and Day, perhaps introducing an upper class,
what I referred to as TemporalSpecification. Basically, I used the class splitting
conjunctively with creating hierarchies. If the designer is unsure about the distinctive-
ness of books over documents, she may also consider merging. This phase is of course
the most expensive one, even though the fact of having an initial separation of data
still represents an advantage, as if it were a bottom-up design approach.

The number of refinements is unpredictable, given the subjectivity of the designer
and the different levels of granularity required, but the number of pure clusters and
the non-hierarchical clusters represent a good estimation of how much work is needed,

at least for a comparison between datasets.
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7.3.4 Use Case Final Remarks

Summarizing, pure clusters occur quite often and can easily be merged together. Af-
ter initialization, there are not even mandatory properties involved. For the impure
clusters, I have hierarchical clusters, which deserve the introduction of mandatory
properties, and the non-hierarchical ones, which require class splitting. The Graph-
BRAIN datasets look particularly useful to be refined through this approach, given
their richness and the amount of data available. Schemas themselves are detailed and
the instances possess many of the properties available in the conceptualization of their
classes. As a consequence, the simulation in GraphBRAIN represents a good percent-
age of correlated classes (even though the variance is very high as in the example) and
successive refinements do not involve severe data analysis. Though the high dimension
of data and schemas are positively welcomed, they bring some general concerns to the
approach. The process of extracting a specific piece of the graph makes the refinement
dependent on the labels/properties seen, and some considerations may not hold for
other subparts. The problem of subjectivity becomes even more subtle when different
designers look at different parts of the graph. Both of these problems are mitigated
when a good starting ontology is available, guiding the general behaviour of labels and

properties, and a common background of the domain.

7.4 FEvaluation on Other Datasets

Apart from the GraphBRAIN datasets, I tested the approach with excerpts of other
standard datasets: the Twitter Neodj graph! and the Lehigh University BenchMark
(LUBM) dataset?.

For Twitter, we have a very simple conceptualization of data, with very few labels,
7 distinct arc labels, and no hierarchies. Given the simplicity of the schema and the
absence of hierarchies, I expect few or no refinements to this schema.

For LUBM, we have a rich schema defining concepts and roles in the university
domain. Unfortunately, instances do not reflect the complexity of the schema: most

classes do not have instances in the data and very few properties are available on them,

Thttps:/ /towardsdatascience.com /using-neo4j-graph-database-to-analyze-twitter-data-
6e3d38042afl
2https://swat.cse.lehigh.edu/projects/lubm /

119



7.4. Evaluation on Other Datasets

most of them not even distinguishing (e.g., only name). On average, ~20/30 distinct
arc labels per excerpt are available. I expect from this dataset that the data-driven
approach will not be as efficient as for GraphBRAIN since there will not be too many
distinct edge labels for understanding generalization (specializations, resp.) among
labels. In contrast, it may be the case that the approach highlights this inequality
between the levels of detail of conceptualization and instances. Data has been extracted
in a similar way as done for GraphBRAIN:

e for the Twitter dataset, we found thousands of users (almost) sharing the same
features. For this reason, I selected (different) random samples of users keeping
for each of them all his/her features. For each sample, I collected 30% of the
users.

e for the LUBM dataset, I used the same strategy but took random samples of
students and universities. About 40% of the instances have been extracted for
each test.

For the Twitter dataset, the approach succeeded straightforwardly because the
schema and instances are perfectly aligned, and the properties are fully distinguishable.
This is shown by the fact that each cluster of nodes contains exactly one distinct label
(e.g., User, Tweet, Hashtag). 8 labels are available in total and all the clusters are
pure after schema initialization (cf. 7.2.1). Multiple runs of the same experiments
did not lead to significant changes, showing that the conceptualization of the Twitter
dataset, to date, does not need refinements.

Conversely, on the LUBM dataset, more considerations can be made. Albeit it cor-
rectly collects nodes to be put into hierarchies like the Course and GraduateCourse
nodes, it also correlates labels that should be distinct, like Person and University.
Different from GraphBRAIN, in which these non-hierarchical clusters appear by chance
and are different, this behaviour in LUBM is the result of a noisy dataset because, even
though having a rich conceptualization, data does not reflect this complexity. For in-
stance, many universities are just identified by their name, and for students, it is the
same situation. The obvious result is that many universities simulate users, and vice
versa. This advocates that students should be identified by more specific features like
ID assigned by the university, passed exams and so on. Hence, the experiment on this
dataset demonstrates a flaw in the instances, represented in a shallow way, as well as

the introduction of mandatory distinguishable properties in the schema must be con-
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sidered. Anyway, the pure clusters represented ~80%, making the refinement process
not particularly demanding either.

Apart from the above considerations, I also require this approach to establish how
much the initial conceptualization fits with respect to the instances. I depicted the
similarity between groups of labels and how much these labels reflect the ground truth
(via the available schema). For each collection of labels (i.e., cluster), I measure how
different they are. I presume that in each cluster there will be a predominant label,
but the metrics do not depend on this assumption. For each cluster, I compute, for
each label [;, its frequency f; within the cluster, take the maximum and divide it by
the cluster cardinality following the formula:

: _ max(f1,f2,-,fk)
SN cluster — Zk i .
=1 J7

This metric gives an estimation of the number of refinements but does not measure the
matching between the schema initialization and the correct schema. To this extent, I
need to measure, after grouping nodes by the simulation function, how many labels of
the collected nodes are not grouped non-hierarchically. There is no standard metric
in the literature for this task but I opted for a cluster conformance metric providing a
ratio between the number of labels outside the longest hierarchy identified in the set
of labels and the number of total labels and then subtract this value from 1.

Suppose we have a cluster of six labels A, B,C, D, E,F with C T B C A and
E C D, then the distance with respect to the ontology is 1 — % = % because of the 3
distinct labels {D, E, F'} outside the longest hierarchy {A, B,C}. It is reasonable to
assume that there is a predominant hierarchy in the cluster. The label String is not
taken into account, while for pure clusters this ratio is always 1. When computing
averages, I neglected them.

Table 7.2 confirms our expectations for the simple and well-defined Twitter dataset
in which no refinements are needed since the average simgster 1S 1 while manifesting
the need for refinements for both LUBM and GraphBRAIN. Specifically, the presence
of distinct labels may be in favour of hierarchies but we need to distinguish whether
this is true in the ground truth (the initial schema). The Twitter graph turned out to
be irrelevant for this scope since every cluster was pure, demonstrating full compliance
with the schema.

Although LUBM has higher cluster similarity than GraphBRAIN; its conformance
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Table 7.2: Difference and conformance evaluation

Dataset Avg Cluster Similarity | Avg Cluster Conformance
GraphBRAIN (i) 0.91 0.48
GraphBRAIN (ii) 0.89 0.86
Twitter 1.00 1.00
LUBM 0.97 0.53

distance is not really high, meaning that a high percentage of collected labels were
not supposed to be linked in the schema. GraphBRAIN, although showing much vari-
ance, seems to suffer from the same problem of LUBM in some of its parts, but some
excerpts demonstrate how profitable this approach would be in cases where compre-
hensive schema meets expressive data. However, these numbers tell us only an initial
estimation of the effort for refinements. It is necessary to remember that many steps
depend on data and prior knowledge, and a smaller average cluster conformance does

not necessarily mean to refine in fewer steps.

7.5 Discussion

Automatic schema evaluation is not a popular line of research, although many contexts
may benefit from that. In this work, a semi-automatic strategy differentiates from the
methodological and evaluation point of view from other approaches. Lemaitre et al.
[283] introduced the idea of concept mapping in order to sort or correlate semantics
of DB constraints. The proposed strategy relies only on the structural properties of
instances, so data-based and the designer is at support in deciding which of the three
basic operations needs to be performed. The evaluation has to consider also the specific

schema and data compliance.
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Chapter 8
Graph Logic Programming

Given the settings of graph databases and schemas, in this chapter, there will be
introduced some interesting new methodologies and use cases demonstrating how the
model in first-order logic graph-related tasks. Three graph-based tasks will be explored:
graph reachability (which can be considered an example of a more general class of

problems), instance matching and argumentation mining.

8.1 Graph Reachability

Graph reachability is the task of understanding whether two distinct points in a graph
are interconnected by arcs to which in general a semantic is attached. Reachabil-
ity has plenty of applications, ranging from motion planning to routing. Improving
reachability requires structural knowledge of relations so as to avoid the complexity of
traditional depth-first and breadth-first strategies, implemented in logic languages. In
some contexts, graphs are enriched with their schema definitions establishing domain
and range for every arc. The introduction of a schema-aware formalization for guiding
the search may result in a sensitive improvement by cutting out unuseful paths and
prioritising those that, in principle, reach the target earlier. In this chapter, I propose
a strategy to automatically exclude and sort certain graph paths by exploiting the
higher-level conceptualization of instances. The aim is to obtain a new first-order logic
reformulation of the graph reachability scenario, capable of improving the traditional
algorithms in terms of time, space requirements, and number of backtracks. The ex-

periments exhibit the expected advantages of the approach in reducing the number of
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backtracks during the search strategy, resulting in saving time and space as well.

8.1.1 Context

I define or redefine here some concepts in order to provide a formalization that will be

helpful throughout this section.

Definition 1 A graph G is a pair (V, £) in which V represents the set of vertices and
£ is a relation of incidence, associating vertices with each other. Each edge associates
a vertex called the start with a vertex called the end of the edge. It can be indicated
as s — o, standing for an edge named e between the start s and the end o.

Given a graph, we are able to define the reachability in terms of the graph definition:

Definition 2 Given a graph (V, £), a node o is reachable from a node s iff 3 a path
P = €g,€1,...,65_1 S.t. S e RN o, and we call k the cardinality of
the set {eg, eq, ..., ex_1} one of the lengths between s and o. If a path p does not exist,
we say that o is not reachable from s and the distance between s and o is co.

In general, we require s, s, ..., Sx_1 to be distinct to avoid useless loops, but this

is negligible for the purpose of the work.

Definition 3 Given an alphabet 3, an LPG graph G is a 4-tuple (V, &€, £, P) in
which V and &£ are the same as for definition 8.1.1, £ is a labelling function (V U
E) — 2% associating to each node (resp. edge) a set of labels generated from the
alphabet, and P is a named property function (V U &) — (e U 1) associating the

value of a property to each node (resp. edge).

Definition 4 A schema graph is a 4-tuple (£, R, P, S). &€ is the set of entities. A
special entity Thing is always available. R is the set of relationships, a set of labelled
functions & — 2F, expressing dependencies among instances of the involved entities.
It can be indicated as s = o, standing for a relationship named e between the start
entity s and the end entity o. Given an alphabet X, P is a named property function
(€ UR) — {Int, String, Date} associating to entities (resp. relationships) properties
with their associated domains. Without losing generality, we can refer to only integer,

string and date values. S is the subclass relation & — £ indicating that the first entity
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is a specialization of the latter. Multiple inheritance is not supported; hence, S creates
a tree structure, having entity Thing as root. Given an e € &, we define I'(e) = e,
I''(e) =8S(e), and in general I (e) =S(I'"!(e)) until Thing is reached. We define
Super(e) = [JI™(e) as the fix point operator of I' applied to e to indicate the labels of
e and all its super-entities.

Slightly changing Definition 8.1.1, we can define reachability for graph schemas.

Definition 5 Given a graph schema (£, R, P, S), an entity o is reachable from an
entity s iff 3 a path p = eg, €1, ..., €51 S.t. § = 59 —> §1 — S9 <> Sp_1 SN S, =0
sit. Vi € {0,k — 1} Super(s;) = Super(s;;1) €R and k is one of the lengths between
s and o.

Differently from Definition 8.1.1, schemas take into account hierarchies. Given a

graph, we need to define when a graph is consistent with respect to a graph schema.

Definition 6 Given a (labelled property) graph (V, £, £, K) and a graph schema
(C, R, P,S), a graph is compliant with a graph schema iff:

e Yv eV L(u) CC (i)

o Vec& e CR (ii)

o Yo eV VEk eK(v)st. K(v) #e¢ = dpeP Al €L(v)st. p(l) #e¢ ANk and p
are equally named (iii)

o Ve cEVEeK(e) st. K(e) #e = dpeP Ir eR s.t. p(l) # € A kand p are
equally named (iv)

e Vs B 0€f = Ir eR st (Is,lo) €7 Als € Super(s) A lo € Super(o) A e

and r are equally named (v).

In short, conditions (i) and (ii) state that labels of nodes and edges must exist in the
schema. Conditions (iii) and (iv) state that every property of a node (resp. edge) in the
graph must be presented in the schema, and vice versa every property in the schema
can be present in the graph. Condition (v) states that for each edge in the graph, there
must be a relationship in the schema defined for the labels of the connected nodes, or
one of their respective super-entities. Conversely, if a relationship exists in the schema

it may be represented in the graph.
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Listing 8.1: Extract of “User’-related facts.

entity (agent) .

subclassO0f (agent, entity).
entity (person) .

subclassO0f (person, agent).
entity (personUser) .

subclass0f (personUser, person).
arc (person, collection).

arc (person, event).

arc (person, organization).

arc (person, place).

11 « . .

The basis of the following considerations starts from this result:

Proposition 1 Given a graph G compliant with a graph schema § = (£, R, P, S),
a node o is reachable from node s only if the label of o is reachable from the label of s

in the schema.

Proof Suppose 3 a path p = s <% s, <% 59 =5 sp; — 55, then, from (v) of
Definition 8.1.1, 3 ¢g —> 1 — ¢ <5 g LN cx ER st ¢og € Super(s), ¢ €

Super(sy), ..., ¢ € Super(sy) = ¢ is reachable from c¢.

8.1.2 Problem Reformulation

Here we propose how to solve the problem in a more efficient way by resorting to the
lists in the arcs/2 predicates. We frame the problem under the condition of having
a graph and a graph schema expressed as first-order logic clauses. In general, we
deal with Horn clauses [284], and the information about the graph and its schema is
expressed as facts, a specific Horn clause with no negated terms. As previously said,
we prefer a structural representation of the schema, focusing on entities, relationships
and the subclass relation. Specifically, we have the entity/1, subclassOf/2, and
arc/2 predicates. We report in Listing 8.2 an excerpt of predicates involving the entity
Person. It is not a top entity since its super-entity is Agent which, on the other hand,
is a top entity because is a child of Entity, the equivalent of Thing. Person has one
sub-class (PersonUser), and some arcs with entities like Event, Organization and

Place. Remind that all the arcs of the super-entity Agent are also arcs for Person.
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Listing 8.2: Excerpts of facts.

node (1) .
node (2) .
node (3) .

label (1, a).
label (2, b).
label (3, c).

arcs (1, [2]).
arcs (2, [2,11).
arcs (3, [4]).

For each distinct pair of entities in the graph schema knowledge base, it must be
computed the minimum distance between the pair. Our resolution, algorithmically
described in Listing 8.3, has been implemented in Answer Set Programming and is
inspired by the distance-vector routing algorithm [285] that takes as input the set
of pair of entities and returns a function specifying for each pair its distance. The
computation of all distances between entities can be regarded as a preprocessing step
since, unless ontological changes, these do not need to be recomputed when reachability
involves different nodes. Ontological changes happen when the domains of use, users
and/or management or law requirements change which is, fortunately, not frequent.
After this preprocessing step, we are interested in filtering only pertaining distances,
that are the ones involving the target node. The new graph navigation must take into
account distances between labels. Given proposition 8.1.1, we can exploit reachability
among labels of nodes before navigating the graph. This may, in principle, (almost)
always represent a benefit for the computation since labels are extremely fewer than
nodes and the resorting (with pruning) of paths should increase the likelihood of finding
the target node in a shorter time. The resorting of nodes prunes path for which the
distance of labels is 0o, and the remaining (feasible) paths will be sorted according to
the distance between labels. For instance, given the labels S, A, B and T (target),
with distance(A,T) = 1 and distance(B,T) = 2, if a node labelled S has connections
with A and B, it will prefer the path over A since, in principle, it will reach a node
equally labelled the target one shortly. How often this approximation is reliable will
be a matter of discussion and it is, in fact, dependent on the dataset. Instances are

represented with two predicates: node/2 and arcs/2 where the first one represents
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8.1. Graph Reachability

Listing 8.3: Algorithm for distance computation

Input: Set<Pair> pairs
Output: Pair --> Int distance
compute_distances (pairs):
for each pair in pairs:
distance(pair) := find _minimum_distance (pair, [])
return distance

Input: Pair pair, List<Int> visited
Output: Int min_distance
find_minimum_distance (pair, visited):
min_distance := infty
if pair[0] = pair[1]
return O

else
for each y in arc(pair[0], y) and y not in visited:
distance :=
find_minimum_distance(y, pair[1], [y | visited])+1
if distance < min_distance
min_distance := distance

return min_distance

the id of the node associated with its label, while the latter all the connections between
ids. The second term of the predicate arcs is the list of adjacent nodes, and it is the
list that needs to be sorted. We will call improved arcs the predicate derived by
the sorting of connections with the label distances, and the solution is shown in Listing
8.4, as well as the improved reachability version.

Full implementation of the improved graph connectivity is available in the Appendix

(A.1).

8.1.3 Evaluation

We tested our modified approach over two datasets: GraphBRAIN and the Twitter
LPG dataset!. These two datasets have a very different complexity in the graph schema.
The GB-selected ontology represents more than 140 entities and more than 90 arcs
between them. On the other hand, the Twitter graph schema is composed of 6 entities
and 13 arcs. Given the difference in their granularities, we can compare how much
advantage is gained with respect to the level of detail of schemas. For GB, we tested
several excerpts of the dataset. The rationale was to start from a set of representative

nodes (ranked with PageRank), and then use a spreading activation function to grasp

Thttps://github.com /neodj-graph-examples /twitter-v2
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Listing 8.4: Sorting arcs and improved reachability

distance_target (X, D) :- distance(T, X, D), target(T).

compare_order (<, X, Y) :- node(X, L1), node(Y, L2), 0X < 0Y,
distance_target (L1, 0X), distance_target (L2, 0Y).

compare_order (>, X, Y) :- node(X, L1), node(Y, L2), 0X >= 0Y,

distance_target (L2, 0Y), distance_target (L1, 0X).

has_distance(X) :- node(X, L), distance_target (L, _).
sort_arcs :- forall(arcs(Node, List),
(

include (has_distance, List, FilteredList),
predsort (compare_order, FilteredList, SortedList),
assertz (improved_arcs (Node, SortedList))

%improved reachability
improved_reach (X, X).

improved_reach(X, Y) :- !, improved_reach(X, Y, []).
improved_reach(X, Y, _) :- improved_arcs(X, L), member (Y, L).
improved_reach (X, Y, Visited) :- improved_arcs(X, L),

member (Z, L), Z \= Y, \+ member(Z, Visited),
improved_reach(Z, Y, [Z|Visited]), improved_arcs (X, L).

connected nodes from these central nodes. We extracted ~5k nodes and ~5k arcs per
execution for GB, and ~700 nodes and ~700 arcs per execution for Twitter. We report
here only results for a specific execution, since multiple runs of the same experiment
did not lead to significant changes. Evaluation has been conducted by comparing the
reachability before and after optimization, and by measuring three percentages: number
of executions where the improved version led to better performance, saved execution
time and number of saved backtracks. The first percentage tells us how frequent is the
advantage of using the improved version, the second gives us a glance at the value of
the optimization, while the latter one is an objective measure, non-dependant on the
specific performance of the algorithm and the machine used. Since each excerpt started
from a central node, we computed reachability from all the nodes to the central one.
We tested GB and Twitter using SWI-Prolog?. All experiments have been conducted
on an Intel(R) Core(TM) i7-1065G7 CPU @ 1.30GHz-1.50 GHz processor with 16GB
of RAM.

2https://www.swi-prolog.org/
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Table 8.1: Results

Dataset % Improved % Saved Time % Saved
Time Backtracking
GraphBRAIN 77 75.8 53.7
Twitter 68.5 36.5 59.2

Listing 8.5: Date library in Prolog

measure_execution_time (Query, Time) :-

get_time (Start), % Get time before the query
call (Query), %» Execute the query

get_time (End), % Get time after the query
Time is End - Start. % Calculate the elapsed time

Table 8.1 shows the results for an instance of execution.

The results demonstrated the usefulness of the approach, especially in the GB
setting, where the graph schema is well-detailed and pruned to a greater extent. The
second column tells us that, in 77% of reachability computations, the improved version
reduced the needed time to compute to fulfil the task. On average, the % saved time,
computed as

tzmereachability - tlmeimprovedireachability

- 100

LiMeyreachability

is more than 75, also reaching peaks of 99% for some cases. In terms of orders, the
magnitude of saved time is in the order of 100 i.e., the improved version is 100x faster
than the blind version on average. Following our expectations, the same results do not
happen for the Twitter dataset. However, it is still valuable to use a graph schema-
aware reachability in more than 68% of cases. Surprisingly, the percentage of saved
backtracking is even higher than GB, even if the saved time is much lower. We have a
guess for this behaviour: since there is high connectivity among nodes in Twitter and
there are several arcs connecting nodes of the same class, our schema-aware reachability
avoids useless loops visiting nodes of the same class and, at a certain point, still reaches
the target node.

Times have been computed with the date library of Prolog, considering the differ-
ence between the absolute time before and after the call to the reachability query, as

shown in Listing 8.5.
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8.2 Argumentation with Optimization

In the argumentation field, several semantics have been proposed to identify subsets
of arguments showing properties based on self-consistency or defence against attack-
ers. Schemas introduce in KBs constraints that cannot be violated and for which the
problem can be tackled by argumentation-based semantics. One of the first exam-
ples that come to mind, mentioned in [286], is the presence of two mutually excluded
facts like the presence of more than one arc referring to a functional relationship (e.g.
bornIn). Reasoning in Abstract Argumentation is the activity of understanding sub-
sets of arguments that resolve conflicts or can be used as a justification for a thesis.
Several semantics have been proposed so far to identify subsets of arguments showing
properties based on self-consistency or defence against attackers. Real-world scenar-
ios and peculiarities of many problems gave rise to the introduction of more complex
frameworks that also specify degrees of certainty of arguments and attacks. However,
semantics barely take into account the fuzziness of these “beliefs” properly. In this
work, we propose a strategy to compute arguments’ beliefs based on the initial degrees
of certainty of arguments and propose a new semantic, most-probable, that, starting
from a target argument we aim to justify, captures the set of admissible arguments con-
taining the target argument which maximizes the minimum belief of the whole set. The
introduction of this new semantic can facilitate the understanding of the consequences

of supporting a claim, neglecting those that may result in low belief.

8.2.1 Background

Although this is not intended to be a comprehensive review of the literature in the
argumentation field, we provide basic definitions and concepts for this work. Definitions

mainly have roots from the first Dung’s formalization and the proposed basic semantics.

Definition 1 An Argumentation Framework (AF) is a pair (Args, Att) where Args
is a (finite) set of arguments and Att C Args x Args the attack relationship. If
(A, B) € Att we say that argument A attacks argument B (or that A is an attacker of
B). For each A € Args, we denote as A~ = { B € Args: (B, A) € Att} the set of all
attackers of A, and as AT = { B € Args: (A, B) € Att} the set of all attacked by A.
In this scope, we neglect self-attacking arguments, so A € Args — A ¢ A~ (A").
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The concept of attack can also be extended to a set of arguments. Given S C Args,
A € Args attacks S iff exists B € S such that A attacks B. Conversely, a set S C Args
attacks A € Args iff 3B € S such that B attacks A. Figure 8.1 shows an example of

an argumentation graph.

@ B ©-)

Figure 8.1: An example of an Argumentation Framework with arguments A, B, C and D.

Following Li et al. [287], we provide the following definition.

Definition 2 Let an AF G = (Args, Att), a Probabilistic Argumentation Framework
(PAF) (Args, Att, PArgs, PAtt) is a 4-tuple in which Args and Att are defined as
above, PArgs : Args —|0, 1] and PAtt : Att —]0, 1] functions respectively indicating
the likelihood of arguments and attacks.

It is often the case that the terms “probability” and “belief” are confused. They
both represent a degree of certainty but have different meanings and implications,
as indicated by Fagin et al. [288|. Figure 8.2 shows an argumentation graph with

probabilities attached to arguments and attacks.

0.6

SUNG -()

=0.6 P(C)=004(D) =05

@ 0.9

P(A) =08 P(B

T®

Figure 8.2: An example of a Probabilistic Argumentation Framework.

Slightly modifying Definition 1, we can generalise the probabilistic framework with
a generic weighted framework. From Bistarelli et al. [289] we provide the following

definition.

Definition 3 Let an AF G(Args, Att), a Weighted Argumentation Framework (Args, Att, W Ati
is a triple in which Args and Att are defined as above, and W Att : Att — R a function
indicating the weight of attacks.
Differently from probabilities, the meaning of weights does not reflect how probable
is the attack, but how much the arguments attack. Figure 8.3 shows an argumentation
graph with weights attached to attacks.
The Argumentation Framework and its variants can be enriched with the support

relationship, the opposite of the attack. In some contexts, it is advantageous to add
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Figure 8.3: An example of a Weighted Argumentation Framework.

support relationships, but these considerations are beyond the scope of this work.
Given an AF, we are interested in collecting sets of arguments that can be generally

considered acceptable. The condition of being acceptable depends on the semantics.

Definition 4 Let an AF G = (Args, Att) be an AF, an extension-based semantics S
associates AF with a subset of 2479°, denoted by Every subset of 2479% can be considered
a distinct semantics (even (), but only some of them are convenient for acceptability.
The basic condition for a set of arguments to be generally acceptable is to show the

conflict-free condition;

Definition 6 Let an AF G = (Args, Att) be an AF, a set of arguments S C Args
is conflict-free iff A (A, B) € S such that (A, B) € Att. The set of all conflict-free
extensions is indicated as cf(G).

Referring to the example in Figure 8.1, in Figure 8.4 two ways of grouping arguments

into conflict-free sets are shown.

® ® =0 @ ® =0

Figure 8.4: Two instances of the same argumentation graph. In the left picture, A is put
together with C, and hence B and D can also be collected; in the right picture, A is put
together with D, and then B and C must be separated.

This semantics guarantees to obtain groups of arguments at least consistent with
each other. Many semantics have a hierarchical structure, from the least restrictive to
the most. The conflict-free is the minimal result for acceptability. More interesting
semantics start from the conflict-free one. Note that () is always conflict-free, and, with
the assumption of non-self-attacking arguments, singleton sets are conflict-free as well,
but this result is not practically interesting.

For distinguishing some semantics it is necessary to define the concept of defense.

Definition 5 Let an AF G = (Args, Att), S C Args, and o € Args, S defends o
iff Vy € Args (v, a) € Att = 3B € S such that (B, v) € Att.
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Definition 7 Let an AF G = (Args, Att) be an AF, a set of arguments S C Args
is admissible iff S is conflict-free and Vy € Args~y attacks S = S attacks 7. In
other words, S defends every A € S. When this happens, we say that S is able to
defend itself. The set of all admissible extensions is indicated as adm(G). In Figure 8.4
three pairs of arguments are conflict-free: {A,C}, {B, D}, {A, D}, but {B, D} is not
admissible since A attacks B but neither B nor D attacks A; hence, it cannot defend
itself. Figure 8.5 shows the two possible pairs of arguments, white nodes cannot be

part of any admissible set.

@ ® c_— =0 @ ® O

Figure 8.5: Two instances of the same argumentation graph. In the left picture, A and C
are admissible, but not B and D, even alone; in the right picture, A and D are admissible,
and then B and C cannot be part of any admissible set.

In general, we are not only interested in admissibility but also in including as many

arguments as possible in order to make the discovery process more interesting.

Definition 8 Let an AF G = (Args, Att) be an AF, a set of arguments S C Args
is a complete extension iff S is admissible and Vo € Args S defends a =— a € S.
The set of all complete extensions is indicated as comp(G).

Completeness of semantics acts as a spreading of the defence relationship. Starting
from a singleton, in order for the set to be complete, it must include all the arguments
it defends, and then progressively add all the others defended by the ones already
included in the set.

Having collected all complete extensions, we can collect all the arguments available in
every complete extension by intersection.

We define from Ferilli et al. [290] grounded semantics.

Definition 9 Let an AF G = (Args, Att) be an AF, a set of arguments S C Args
is a grounded extension iff S is complete and /3T € comp(G) such that 7' C S.
The grounded extension is the minimal set of arguments belonging to the complete
extensions. It is unique and always exists.

In general scenarios, it may be preferable to select extensions that guarantee as many

arguments as possible. To this extent, we can define preferred extensions.
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Definition 10 Let an AF G = (Args, Att) be an AF, a set of arguments S C Args
is a preferred extension iff S is admissible and AT € adm(G) such that T C S. The
set of all preferred extensions is indicated as pref(G).

Finally, when computing extensions, it happens that not all the arguments outside
preferred extensions are attacked. These are the so-called “undecided arguments”.
Stable extensions split the set of arguments between arguments in the extension and

attacked arguments.

Definition 11 Let an AF G = (Args, Att) be an AF, a set of arguments S C Args
is a stable extension iff S is conflict-free and Voo € Args a ¢ S = S attacks a. The

set of all stable extensions is indicated as stb(G).

8.2.2 Probabilistic Update and Most-Probable Extension

Given the variety of argumentation models and semantics, we define here our settings
for the work. As previously said, research on argumentation semantics under uncer-
tainty is still an underrepresented line of research. We start from a small variety of the
PAF defined above. Specifically, we suppose probabilities only on arguments. Proba-
bilities come under the assumption of non-additivity, meaning that it is not impossible
that A £ o and A £ —a. Attacks always trigger with the same “intensity”. Prob-
abilities of arguments may come from several external sources. In general, statistical
approaches come into play when providing an initial estimation of a phenomenon. In
this setting, probabilities of arguments do not take into account correlation with other
arguments. Albeit this assumption may not hold in real scenarios, it facilitates an
initial approximation of probabilities, which would be extremely demanding otherwise
since statistical information of events can barely take into account all surrounding
conditions.

Formally, we can define our version of PAF, namely Simplified PAF (SPAF).

Definition 12 Let an AF G = (Args, Att), a Simplified Probabilistic Argumentation
Framework (SPAF) (Args, Att, PArgs) is a triple in which Args and Att are defined
as above, PArgs : Args —]0, 1], a function indicating the likelihood of arguments.

Figure 8.6 shows an example of SPAF.
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® ® O)

P(A) =08 P(B)=04 P(C)=0.7 P(D)=03

Figure 8.6: An example of a Simplified PAF.

Note that probabilities of arguments cannot be compared with Kolmogorov Axioms
[291] because we do not know in advance whether two arguments are independent. Even
C and D in the example above cannot be considered mutually excluded given possible
flaws in the statistical process. The process of attack creation needs an expert in the
field who, with the help of prior knowledge, can design a complete SPAF. Conversely,
retrieving probabilities of attacks may present some unsound scientific processes or
require too accurate domain knowledge.

Probabilities of arguments are “blind” with respect to other arguments and attacks.
For this reason, we need to update the probabilities of arguments, based on attacks
and the initial probability of arguments. As a general rule, we expect the updated
probability inversely proportional to the probability of the attacker and the number of
attackers.

The update should consider using a hyperparameter a €]0, 1] to establish the pace at
which values change. The hyperparameter is an indicator of how much attacks should
impact the acceptability of attacked arguments.

The final formula will be

Pay=r)- [ 1-a-P@
YyEArgs (y,A)EAtt
where P'(A) represents the probability of A after being attacked by all its attackers.
The formula presents nice properties but has also some limitations or assumptions.

Nice properties are:

e multiple attacks influence exponentially the updated belief, for this reason, a low

«a may bring less severe changes.

e the product 1 — a - P(7) is always between 0 and 1; hence, the final result is still
a probability.

e the initial belief of an argument is an upper bound for the update since multipli-

cations of factors between 0 and 1 only reduce the number.
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e many weak (low P(v)) attackers are less influential than few strong (high P(7))

attackers.
Some limitations are:

e if an attacker has probability 1, only with alpha = 1 the attack has the maximum
effect (the updated probability of the attacked node is 0).

e the function is nonlinear, meaning that small changes have large effects. This is
mitigated by the fact that we are more interested in relative probabilities among

arguments rather than absolute numbers.

e it is assumed attacks are independent, which is in general false but neglected in

many contexts given the complexity of the dependencies.

We report in Figure 8.7 two argumentation graphs, the first one after updating

probabilities with o = 0.5 and the second with o = 0.9.

® ® 0 @ ® C_ =0

P(A) =0.8 P(B)=0.24P(C) ~0.48 P(D) ~0R(A) = 0.8 P(B) ~0.11 P(C) ~ 0.33 P(D) ~ 0.11

Figure 8.7: Two instances of probabilistic update in argumentation graph. In the left picture,
a = 0.5; in the right one, o = 0.9.

Note that the whole discussion with probabilities does not change if we deal with
generic “degrees of belief”. We chose probability values given their statistical interpre-
tation and the availability of statistical data about phenomena.

With this setting, it can be considered the possibility of performing an iteration
process over probabilities. In this case, the iterative process of probability update will

be the following:

P(A) if n=0,
P"(A) =
P"1(A)-U"(A) otherwise
where
Ui(A) = P7Y(A) - 11 1—a-P7(r).

yEArgs (v,A)EAtt
However, we are currently interested in relative proportions among probabilities.
The iterative process keeps proportions without adding further information. For this

reason, in this work, we only make use of a single update step.
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Given this argumentation framework, we are ready to define the most-probable
extension. Differently from other semantics, we define this semantics starting from an
argument we call “target”. We need first to specify how we consider the probability of

a set. Given {ai, as,...,a,} C Args, P({ai, as, ...,a,}) = min{P(ay), P(az), ..., P(an)}.

Definition 13 Let (Args, Att, PArgs) G a Simplified Probabilistic Argumentation
Framework and t € Args, a set of arguments S C Args is a most-probable extension

for ¢, indicated as S € most-prob,(G) iff t € S, S is admissible and AY C S such that:
etlcY
e Y is admissible
o P(Y N At}) > P(S~{t}).
and AZ C Args such that:
e SCZ
e 7 is admissible
o P(Z~At}) =P(S~{t}).

In other words, S is most-probable with respect to t iff it is admissible, includes ¢,
including any other argument will make the set non-admissible or reduce the minimum
probability of the set, and removing any argument will not increase the minimum
probability while keeping admissibility. By construction, the target argument ¢ always
belongs to most-probable sets, and its probability is not evaluated when computing the
minimum, saving us from a paradoz of certainty. Suppose P(t) ~ 1, then it is likely
that the singleton {t} is the only most-probable set since adding any other arguments

would probably reduce the minimum probability.

Proposition 1 There is no unique solution for the most-probable extension.

Proof by construction, suppose G a SPAF with Args = {ay, as, ..., an, so, 1, t} where
{ai, as, ..., a,,t} are not attacked by anyone, and sq, s; attack each other. Then, both
{a1, as, ..., an, so,t} and {ay, as, ..., an, s1,t} are most-prob,(G).

A variant of this semantics can be easily considered if, instead of getting the most
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probable admissible set, we are interested only in admissible sets showing at least a

probability of 9.

Definition 14 Let (Args, Att, PArgs) G a Simplified Probabilistic Argumentation
Framework, t € Args and 0 € R., a set of arguments S C Args is a d-most-probable
extension with respect to ¢ iff S is most-probable with respect to ¢t and P(S~{t}) >=¢
Note that § = 0 would reduce threshold most-probable to most-probable.

In most cases, the variant version may be more advantageous in order to not only
optimise as much as possible the likelihood of extracted arguments but also to accept
(resp. restrict) the result set. This extension should be used as a further step after
most-probable. Given the probability of one of the most-probable, any threshold above
would result in having the set, while a lower threshold provides additional information
on other sets.

We report in Figure 8.8 a more complex example of SPAF (after probability up-
dates) in which green nodes represent one of its most-probable extensions with respect

to D.

P(A) =038 P(F)=04

P(C) =038 P(E)=0.7

Figure 8.8: Most-probable extension with respect to D of a SPAF.

Note that F belongs to an admissible set in which there is also D but it reduced

minimum probability. In a threshold extension with § < 0.4, F is included.

8.2.3 Implementation

For implementation, we developed this probabilistic argumentation framework in a
platform for argument reasoning called A RGuing Using Enhanced Reasoning (Arguer).

It is an interactive Prolog system for argument reasoning in which the most common
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frameworks and semantics have been developed. The system makes use of the YAP3

compiler. Experiments of the proposed work have been performed on an Intel(R)

Core(TM) i7-1065G7 CPU @ 1.30GHz-1.50 GHz processor with 16GB of RAM.

8.2.4 Arguer

Arguer is a generic argumentation reasoning platform tailored for domain experts who
can provide arguments in the form of propositional logic. The formalism to express
arguments, attacks, or other components (e.g. weights) is predetermined. The knowl-
edge about arguments and attacks can be fetched from a Prolog-like text file or by
constructing facts directly from the interface. Based on the selected argumentation
framework, several extensions can be computed.

Arguer provides the following argumentation frameworks:
e Abstract Argumentation Framework (AF)

Value-Based AF

Bipolar AF

Weighted AF

Bipolar Weighted AF

Simplified Probabilistic AF

Figure 8.9 shows the main dialogue of Arguer.

Now we describe, for each framework, the formalism and the possible operations.

Abstract Argumentation Framework (AF) To express arguments and attacks,
the predicates argument/1 and attack/2 are used. The first one specifies the name of
the argument, and the second the relationship between the attacker (the first parame-
ter) and the attacked (the second parameter). After loading a Prolog source made up

of these facts, the following semantics can be computed:
e admissible

e complete

3https://www.dce.fc.up.pt/ vsc/yap/
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Il __/1
] N |

ARGuing Using Enhanced Reasoning v2.0
(C) 2018, Universita' degli studi di Bari Aldo Moro
Department of Computer Science - Dr. Andrea Pazienza, PhD

Abstract Argumentation Framework (AF)

Value-Based AF (VAF)

Bipolar AF (BAF)

Weighted AF (WAF)

Bipolar Weighted AF (BWAF) Strength Propagation Ranking Semantics
Simplified Probabilistic AF (SPAF)

Quit

DO AWM

Enter your choice (0-6): I
Figure 8.9: Main dialogue of Arguer.

Argumentation Framework:
[[a,b,c,d,e],[[a,b],[c,b],[c,d],[d,c],[d,e],[e,e]]]

Extension-Based Semantics

Admissible Sets
Complete Extensions
Grounded Extension
Preferred Extensions
Stable Extensions
Semi-Stable Extensions
Ideal Extension
Eager Extension
Stage Extensions

10 - Naive Extensions

® - Quit

1
2
3
4
5
6
7
8
=]

Figure 8.10: Main dialogue of Arguer.

e grounded
e preferred
e stable

e semi-stable
e eager

e stage

e naive.

Figure 8.10 shows the menu after loading an abstract AF knowledge source.
Figure 8.11 shows the admissible sets for the previously-loaded AF.
We report in Listing 8.6 the Prolog code for extracting admissible (and conflict-free)

sets from arguments.
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[
Runtime : 0.00000 sec.

Argumentation Framework:
[[a,b,c,d,e],[[a,b],[c,b],[c,d],[d,c],[d,e],[e,e]]]

Extension-Based Semantics

- Admissible Sets
- Complete Extensions
- Grounded Extension
- Preferred Extensions
- Stable Extensions
- Semi-Stable Extensions
- Ideal Extension
- Eager Extension
- Stage Extensions
- Naive Extensions
- Quit

1
2
3
4
5
6
7
8
9
1 )
i}

Figure 8.11: Main dialogue of Arguer.

Value-Based AF It is an extension of an abstract AF in which arguments are as-
sociated with values, and values play a crucial role, as well as attacks, in choosing
acceptable sets of arguments. Apart from the predicates above, we can find value/1
to express possible values and the val_mapping/2 term to express that the argument
in the first position is associated with the value in the second.

For this framework, the admissible, preferred and stable semantics can be computed.

Bipolar AF This extension provides the support/2 term to express the opposite of
the attack relationship.

For this framework, the admissible, preferred and stable semantics can be computed.

Weighted AF In this extension, for each argument, we can specify its authority in a
domain. This is supported by the terms domain/1 to specify domains and authority/3
in which the first item is the argument, the second a value of authority, and the third

the domain.

Bipolar Weighted AF In this extension, we have the same terms as the ones avail-
able in Bipolar AF, with the introduction of rel_weight/3 expressing attacks or sup-
port based on the positivity of the weight on relationships. The range is [—1,0[U]0, 1].

For this framework, the strength-propagation ranking semantics can be computed.

Simplified Probabilistic AF In the proposed extension, the only added term is
likelihood/2 expressing the probability of each argument, and having range |0, 1].
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For this framework, the proposed max-probable semantics can be computed.

abs_arg (Argument) :-

args:argument (Argument) .

get_abstract_arguments (Arguments) :-

findall (Argument, abs_arg(Argument), Arguments).

not_in_conflict ([]) :-

not_in_conflict ([Argument]) :-

abs_arg (Argument) ,

\+ attack_rel (Argument, Argument),

set_conflict_free_sets (Arguments) :-

forall (subsets (Arguments, Args),
(not_in_conflict (Args) ->

assert (cf:cfree(Args)); true

set_admissible_sets :-

get_abstract_arguments (Arguments),
set_conflict_free_sets (Arguments),
get_conflict_free_sets (CFSets),

set_acceptable_arguments (Arguments, CFSets).

/|get_conflict_free_sets (CFSets) :-

findall (CFArgs, cf:cfree(CFArgs), CFSets).

set_acceptable_arguments (Arguments, CFSets) :-

forall ((member (CFSet, CFSets)),
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(acceptable_set (Arguments, CFSet) ->

assertz(extensions:admissible (CFSet)); true

Listing 8.6: Prolog Code for Conflict-Free Sets

8.2.5 Most-probable

Most-probable extension for a target argument is computed starting from the admis-
sible sets, filtering those containing the target argument, and then an optimization
function selects the arguments to be kept. Listing 8.7 shows the solution for probabil-
ity updating after attacks, and how to normalize results for Answer Set Programming.
ASP cannot manage floating numbers. For this reason, updated probabilities are nor-

malized in the range ]0 — 100].

sladjust_likelihoods ([],

update (Arguments, Attacks, Likelihoods) :-
adjust_likelihoods (Arguments, Attacks, Likelihoods),

normalize_probabilities.

—s ).
adjust_likelihoods ([Arg | Rest], Attacks, Likelihoods) :-
adjust_likelihood (Arg, Attacks, Likelihoods),

adjust_likelihoods (Rest, Attacks, Likelihoods).

adjust_likelihood (Arg, Attacks, Likelihoods) :-

findall (X, lists:member ([X,Arg], Attacks), Attackers),

findall (X, (lists:member (A, Attackers), lists:member ([A
,X], Likelihoods)), ProbabilitiesAttackers), lists:
member ([Arg, OriginalProbability], Likelihoods),

Alfa is 0.2,

compute_product (Alfa, ProbabilitiesAttackers, Product),

AdjustedProbability is Product * OriginalProbability,

assertz(not_normalized_probability (Arg,
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AdjustedProbability)) .

compute_product (Alfa, [], 1) :-

compute_product (Alfa, [P | Rest], Product) :-
TermProduct is 1 - Alfa *x P,
compute_product (Alfa, Rest, 0ldProduct),

Product is TermProduct * 0l1ldProduct.

| find_max ([X], X).

27l find_max ([Number | Rest], Max) :-

find_max (Rest, MaxRest),

Max is max (Number , MaxRest) .

normalize_probabilities :-
findall (X, not_normalized_probability(_,X),
Probabilities),
find_max (Probabilities, Max),
Factor is 100 / Max,
findall ((Arg, Probability), not_normalized_probability(
Arg, Probability), ArgProbabilities),

assert_probabilities (ArgProbabilities, Factor).

assert_probabilities ([], Factor) :-
!

assert_probabilities ([ArgProbability | Rest], Factor) :-
ArgProbability = (Argument, Probability),
NormalizedProbability is round(Factor * Probability),
assertz (probability (Argument, NormalizedProbability)),

assert_probabilities (Rest, Factor).

Listing 8.7: Prolog Code for Updating Likelihoods
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Finally, Listing 8.8 shows the ASP code for computing most-prob extension. The

listing shows the (normalized) example reported in Figure 8.8, and Listing 8.9 the

result provided by ASP after optimization.

argument (a;b;c;d;e;f).

target (d) .

attack(a, b).

slattack(a, b).

attack(b, c).
attack (b, d).
attack(c, a).
attack(e, b).

attack(f, b).

|1likelihood (a,
;/1ikelihood (b,

likelihood (c,

s{1ikelihood (d,

likelihood (e,

{1likelihood (f,

80) .
40) .
80) .
30) .
70) .
40) .

%» the target is always in the most-prob

most_prob (N)

:- target (N).

%all the others are candidate

|/ {most_prob (N)

s|harguments must

candidates

B).

argument (N)} :- not target(N).

6| :- most_prob(A), attack(B, A), not most_prob(C)

be defended (or not attacked) to be good

attack (C,

146




=

IS

8.3. Ontology-based Instance Matching

%take minimum likelihood

solmin_likelihood(Min) :- Min = #min { L : most_prob(A),

likelihood (A, L), not target(A) }.

/itake cardinality

size_most_prob(C) :- C = #count { A : most_prob(A) }.

%take set with the maximum minimum likelihood

s #maximize { L : min_likelihood (L) 1I}.

s71%hadd as many arguments as possible without affecting

minimum likelihood

#maximize { C : size_most_prob(C) }.

#show most_prob/1.

Listing 8.8: ASP Code for Most-probable Extension

max_prob(d) max_prob(c) max_prob(e)

Listing 8.9: ASP Result for Most-probable Extension

The full implementation of Arguer and the Most-probable extension is available in

8.3 Ontology-based Instance Matching

In the context of ontology-driven data, instance matching is a relevant task in order
to merge, correct and add information, as well as remove redundant information. The
advantage of referring to schema-guided data is that you are aware of the possible

values for some properties and a distance similarity metric can be defined for them.

8.3.1 Node Similarity

In this context, we define an ontology O = (C, P, R) where C is a set of classes, each of
them uniquely identified by its name, P a named function P : C x D from entities to a

generic domain D. Without losing generality, we suppose D can only be one of these
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domains {Int, Categorical, Ordered, String}. Int represents a set of numbers within
a range. Ordered is a set of defined values like Categorical but ordered like Likert
scales. P expresses all the possible properties that can be defined for instances. If a
property exists for a class at the ontological level, it means that it might be present
also in instances. On the other hand, if a property is present for instances, it must
exists also in the ontological level. R : C — C is the set of relationships between
entities. In this work, we do not take them into account. Among the relationships, isA
is the relationship expressing the subclass ontological concept. This will be useful since
instances can be compared only if they belong to the same entity or one is subclass of
the other. We assume every instance belongs to exactly one class and that, for each
class, there exists at most one isA relationship, i.e. single inheritance.

Given the above setting, we can now define how to measure differences between
features of instances. Features are the peculiar characteristics of instances, described
in the form of the above-mentioned properties. Remind that the domain D can be any
of:

{Int,Categorical,Ordered, String}, and a distance metric must be defined for each.

Specifically, we propose the following ones:

o Int: given lower,upper € N, lower < upper, a range Z = [lower, upper] and

x,y €L,

2 - [logy |Z|] - |2 — y
Z|

0 < distance(z,y) = < 2 [log, |Z|]|

e Date: given z,y two dates expressed as yyyy/mm/dd, distance(z,y) is equal to
the ordinary number of days separating the two.
e Categorical: given a set of labels £ and z,y € L,

1, ifx#y

0, otherwise

distance(z,y) =

Note that with |£]| = 2 (boolean case), we can map this case onto the Int with

Z = {0, 1} and we have distance(0,1) = w = 1 as expected.

e Ordered: given a set of labels £ and a bijective function O : £ — {0,1, ..., |L| —
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1} specifying the order and z,y € L,

0 < distance(z,y) = |O(z) — O(y)| < |L]

e String: given an alphabet ¥ and x,y € ¥*,
0 < distance(z,y) = DL(x,y) < maz{|z|, |y|}

where DL(z,y) is the Damerau-Levenshtein distance [292], particularly useful

and suited for spell-checking.

In principle, an ontology designer may recognize which are the most prominent
features to define similarity between instances of the same class. For instance, the
features name and surname for Person will be much more useful than age or title.
Suppose for each property p € P we have a weight function W : P — R, the overall

distance between two instances di, ds is

> ey np,, distance(p(dl), p(d2)) - w(p)
ZPGPdlﬂsz w(p)

distance(dy, ds) =

where P, represents the set of properties available for instance d, and p(d) the value
of property p for instance d.

Unfortunately, it is not always the case for weighting properties for practical reasons
given the time required in specifying all the weights, but also for the specificity of the
domain knowledge required. For these reasons, it is much more convenient to identify
a generic strategy based on types. As for the example about name and surname, it is
intuitive to assume that String types are much more relevant in similarity computation.
This is because the free text provides (in general) more specific information, and their
equality /inequality provides quite often a good guess of how similar two instances
are. If you reason with generic real-world instances you may think about people (often
identified by name and surname), objects (which have name), places (which have names
and addresses) and so on. For this reason, we prioritize similarities between strings
over the others. Next, we claim that dates are stable, reflecting the date for which
events happened. Apart from errors, it can be referred to as a meaningful feature for

understanding similarity. Finally, integer values are less stable than categories, in the
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sense that the number of times for which something happened is subject to changes
over time. Following the above-mentioned idea of weighting, we now assign the same
weight to all the features of the same type. In this case, it is much easier for an ontology
designer to weigh only types, which should be a few in principle. Naming cssring, Qdate,
Qeategoricaly Qordereds Qint the weights of types (respectively) String, Date, Categorical,

Ordered, Int, and T = {String, Date, Categorical, Ordered, Int} the formula will be:

DoteT Ot D pepy Pan P(p)— distance(p(dl), p(d2))
Y oter - [P € Pay N Paz, P(p) = t|

distance(d;, ds) =

Given the interpretable and ontology-based nature of the problem, we implemented
the procedure for distance computation in Prolog. Listing 8.10 shows the main com-

putation.

node_distance (N1, N2, AlfaInt, AlfaDate, AlfaCategorical,
AlfaOrdered, AlfaString, Properties, Distance) :-

findall (P1, property(Ni, P1, _), Propertiesl),

findall (P2, property(N2, P2, _), Properties2),

findall (P, (member (P, Propertiesl), member (P,
Properties2)), Properties),

findall (P, (member (P, Properties), type(P, int)),
IntProperties),

findall (P, (member (P, Properties), type(P, date)),
DateProperties),

findall (P, (member (P, Properties), type(P,
categorical)), CategoricalProperties),

findall (P, (member (P, Properties), type(P, ordered)
), OrderedProperties),

findall (P, (member (P, Properties), type(P, string))
, StringProperties),

node_int_distance (N1, N2, IntProperties, O, DInt),

node_date_distance (N1, N2, DateProperties, 0, DDate
),

node_categorical_distance (N1, N2,

CategoricalProperties, 0, DCategorical),
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entity(person). entity(student).
|isA(student, person).

jattribute (age, person).

attribute (date_of_birth, person).
attribute (is_worker, person).
attribute (qualification, person).
attribute (name, person).

type (age, int).

type (date_of_birth, date).

type (is_worker , categorical).
type(qualification, ordered).

s type (name, string).

| category (is_worker, ’yes’).

category(is_worker, ’no’).

order (qualification, ’high_school’, 0).

node_ordered_distance (N1, N2, OrderedProperties, O,
DOrdered),

node_string_distance (N1, N2, StringProperties, O,
DString),

Numerator is AlfalInt * DInt + AlfaDate * DDate +
AlfaCategorical * DCategorical + AlfaOrdered =*
DOrdered + AlfaString * DString,

length (IntProperties, LInt),

length (DateProperties, LDate),

length(CategoricalProperties, LCategorical),

length (OrderedProperties, LOrdered),
length(StringProperties, LString),

Divisor is LInt * AlfaInt + LDate * AlfaDate +
LCategorical * AlfaCategorical + LOrdered x*
AlfaOrdered + LString * AlfaString,

Distance is Numerator / Divisor.
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order (qualification, ’bachelor’, 1).
order (qualification, ’master’, 2).
order (qualification, ’phd’, 3).

node (1, person). node(2, student).

s|property (1, age, 52). property(2, age, 27).

property (1, date_of_birth, ’1972/12/10°). property (2,
date_of_birth, 21997/05/17°).

slproperty (1, is_worker, ’yes’). property(2, is_worker, ’no’)

property (1, qualification, ’phd’). property(2,

qualification, ’master’).

/| property (1, name, ’stefano’). property(2, name, ’davide’).

Listing 8.10: Prolog Code for an example of distance computation

8.3.2 Experiments for Unfair Dataset Detection

In the realm of Machine Learning becoming more and more pervasive and crucial in our
everyday life activities, the capability of understanding the process governing decision-
making phases of algorithms is essential to connect to Al in a responsible and effective
way. Basically, all the MLL models learn by a first step of instance training, in which
the model learns the correlation between input data and the target (correct in theory)
label. The correlation between input and target will be the rationale for the algorithm
to predict unseen data, the ones that we are interested in and make use of constantly.

In more recent years, the community of ML engineers, but not only, has raised
the problem of how the models are trained. Specifically, they refer to the process of
collecting and managing training data that the model is based on for the rest of its
life. The problem we are mentioning is the dataset unbalancement, a sort of problem in
which the dataset presents some biases, which can be defined as patterns that should
not appear in the data because it does not reflect the reality of the domain we are
describing. Many patterns emerging from datasets can be misleading, false, or appear
only with the specificity of the data. Still, we are referring to those that can harm some

categories of people, or that lead to unfair decision-making processes. Recognizing
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unfair datasets or biases is even a recent line of research in which researchers endeavour
to find techniques for detecting and (possibly solving) biases in data. One of the most
frequent tasks for which a great extent of bias has been detected is the classification of
criminals that, unfortunately, in many situations resulted in using ethnicity as one of
the most distinguishing features [293].

Among the possible solutions to deal with this problem, much room has been dedi-
cated to explainable or reasoning techniques. They are particularly suitable given their
interpretable nature, and the capability of experts to evaluate the quality of the model.
There are, on the other hand, techniques for improving ML models based on data per-
turbation or randomization. Perturbing is the process of (pseudo-)randomly varying
values of instances to evaluate how the model behaves after perturbation. In the con-
text of dataset evaluation, we exploit data perturbation to understand whether slight
changes in the instance (most likely in the suspected biased features) lead to significant
changes in the prediction. For instance, one of the basic questions we want to be able
to answer is "What happens if I change the ethnicity of the instance?’. Perturbating
values can be done in many ways but, in order to create instances that make sense, we
should know all the possible domains for the feature, so we know that ’caucasian’ is a
possible value to test while '42’ is not. For this purpose, we work under the assumption
that data is based on ontology (or schema). This is twofold: (i) we know exactly the
domains of values for each property, and (ii) we have a strategy to measure instances
of the same class. Without this assumption, an ontology alignment phase would be

necessary.

8.3.3 First Results with Credit Cards Approval

A first analysis has been conducted on the Credit Approval dataset?. The dataset
contains 690 instances and is composed of 15 features, of types Int, Real and Cate-
gorical. Some features regard gender and ethnicity, features that in principle should
not be taken into account when deciding credit card approval The goal is to classify
whether people At first, we performed a classification based on an interpretable model.
Interpretability provided us with an easier way to determine which features to test

first. We performed classification tasks with Decision Tree [294] and traditional split

4https://archive.ics.uci.edu/dataset /27 /credit-+approval
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8.4. Discussion

between train (80%) and test (20%).

Following decision rules, we detected that some relevant rules are governed by
the “gender” or “ethnicity” of the person, features that should not be included in the
classification process. For this reason, we generated instances distant 1 for the two
features and reclassified all instances in the test set. Experiments showed that more
than 5% of the people in the test set were classified differently only changing gender
or ethnicity. Specifically, 3% of the population changed classification based on gender,
and the 2% on ethnicity, and the intersection is empty.

The full implementation of the node similarity through ASP is available in the
Appendix (A.2).

8.4 Discussion

In this chapter, I demonstrated how the integration of graphs with schemas can also
be used with traditional and modern logic programming frameworks in order to solve

some historic and modern problems with generic KGs.
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Chapter 9

Final Remarks

9.1 Current Limitations

This work proposes to enrich the KRR field with a different perspective on how to model
graph databases and exploit conceptualizations on them. However, some limitations
or considerations need to be considered while working in this setting.

The main condition to be satisfied is the perfect consistency between data and
schemas. This assumption, for obvious reasons, requires considerable effort in order
to be preserved. Indeed, the GraphBRAIN technology offers strategies to preserve
consistency; for instance, the online prototype has an interface that keeps you “safe”,
the API checks whether the operation is sound before actually performing it, and the
proposed schema evaluation technique may also benefit the process of finding possible
flaws in the conceptualization.

The mapping with the SW formalism requires manual labelling that, in most cases,
requires an expert in the field. Yet for the purpose of keeping as much as possible
the semantics of the GBS, I claim it is preferable in this context to propose a semi-
automatic mapping, which was also historically considered valid by DB researchers.

Although offering higher performance than traditional databases® and libraries for
data science tasks, full integration with ML libraries (e.g. written in Python) has not
been developed yet, making other storage solutions more appropriate for full-fledged

ML tasks.

Thttps://neodj.com/news,/how-much-faster-is-a-graph-database-really /
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9.2. Future Work

9.2 Future Work

This work may open scenarios for several lines of research. First of all, a representation
including uncertainty or imprecise schemas can be considered. Moreover, following the
RDF spirit, it may be explored the benefits of representing schemas in the graph itself,
perhaps speeding up query times and understanding also whether traditional graph
database tasks may benefit from this new representation.

Schemas can be enriched further, taking inspiration from the DL field, but also from
rule-based programming. Understanding how to keep consistency while introducing
rules in the schema is worth exploring as well.

Logic Programming (and its current extensions) and graphs still have much to be
discovered. For instance, ML algorithms can benefit from graph constraint [295], and

a full performance comparison is missing.

9.3 Conclusions

This thesis proposes a framework for graph database management and fruition, thanks
to the introduction of graph schemas guiding the interaction. Throughout this work,
I demonstrated several methodologies and uses to exploit schema-aware data. Given
the similarity between graph structures, an approach for linking this framework to
SW technologies is proposed. The mapping has been thought of as semi-automatic to
link semantics to the original DB-based as well as logic programming solutions that,
in correlation with schemas, perform better or open scenarios for new solutions. This
work paves the way for several possibilities. First of all, in the context of SW some
ad-hoc technology may try to reconcile graph DB instances with RDF instances. In
the context of logical reasoning, it is easy to imagine other graph-based algorithms
that can be improved with the introduction of schemas (e.g. Link Prediction among
others). New schemas and domains of use emerge every day, giving rise to plenty of use
cases and scenarios in which the approach can be reconsidered or extended. I claim this
work paves the way for future researchers to explore strategies in which schemas gain
advantage, perhaps also including certain degrees of uncertainty, which is inherently

inevitable in the real world.
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Appendix A

Appendix

A.1 Graph Connectivity

measure_execution_time (Query, Time) :-
get_time (Start), %» Get the current time
before executing the query
call (Query), %» Execute the query
get_time (End), % Get the current time after
executing the query

Time is End - Start. %» Calculate the elapsed time

member (X, [XI|_]).

member (X, [_IT]) :- !, member (X, T).

improved_conn (X, X).

slimproved_conn (X, Y) :-

b

improved_conn (X, Y, []).

| improved_conn (X, Y, _) :-

improved_arcs (X, L),

member (Y, L).
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A.1. Graph Connectivity

|improved_conn(X, Y, Visited) :-

improved_arcs (X, L),

member (Z, L),

Z \=Y,

\+ member (Z, Visited),
format(’Verifying improved_conn("w,

improved_conn(Z, Y, [Z|Visited]).

conn (X, X).

conn(X, Y) :- ', conn(X, Y, []).

conn(X, Y, _) :-
arcs (X, L),

member (Y, L).

slconn (X, Y, Visited) :-

arcs (X, L),

member (Z, L),

Z \=Y,

\+ member (Z, Visited),

format (’Verifying conn(“w, “w)™n’,

conn(Z, Y, [Z|Visited]).

create_pairs(_, [1, [1).
create_pairs (X, [Y|L], [(X, Y)|Pairs])

create_pairs (X, L, Pairs).

slexecute_all : -

findall (Y, (node(Y, _)), UniqueYs),
create_pairs (3, UniqueYs, Pairs),

execute_pairs (Pairs).

execute_pairs ([]) .

“w)“ n’,

[Z’

Yl),

[Z’

Y1),
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A.2. Node Similarity

execute_pairs ([(X, Y) | Rest]) :-
once (conn (X, Y)),
format(’Verifying conn("w, “w)™n’, [X, Y]),

execute_pairs (Rest).

measure_all_execution_times :-
findall (Y, (node(Y, _)), UniqueYs),
create_pairs (3, UniqueYs, Pairs),

measure_pairs_execution_time (Pairs).

measure_pairs_execution_time ([]) .
measure_pairs_execution_time ([(X, Y) | Rest]) :-
measure_execution_time (once(conn(X, Y)), Time),
measure_execution_time (once (improved_conn (X, Y)),
ImprovedTime),
format(’“w, “w™n’, [Time, ImprovedTimel]),

measure_pairs_execution_time (Rest) .

Listing A.1: ASP Graph Connnectivity

A.2 Node Similarity

s|damerau_levenshtein ([], Y, Cost)

damerau_levenshtein ([], [], 0) :- !.

damerau_levenshtein (X, [], Cost)

length (X, Cost), !.

length (Y, Cost), !.
damerau_levenshtein ([X|XS], [X|YS], Cost) :-
damerau_levenshtein (XS, YS, Cost), !.
damerau_levenshtein ([X|XS], [Y|YS], Cost) :-
X \=1Y,
damerau_levenshtein (XS, YS, SubstitutionCost),
damerau_levenshtein (XS, [Y|YS], DeletionCost),

damerau_levenshtein ([X|XS], YS, InsertionCost),
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11 Cost is min(SubstitutionCost + 1, min(DeletionCost + 1,
InsertionCost + 1)), !.

ol/damerau_levenshtein ([X1, X2|XS], [Y1, Y2|YS], Cost) :-

13 X1 = Y2, X2 = Y1,

14 damerau_levenshtein (XS, YS, TranspositionCost),

Cost is TranspositionCost + 1, !.

7|int_distance(V1, V2, D) :-

18 D is abs(V1l - V2).

20/split_date (DateString, Year, Month, Day) :-

21 split_string(DateString, "/", "", [YearString,
MonthString, DayString]),

22 number_string(Year, YearString),

23 number_string (Month, MonthString),

24 number_string (Day, DayString).

ssjmonth_length (1,31).
s7imonth_length (2,28) .
ssimonth_length (3,31) .
so|month_length (4,30) .
somonth_length (5,31).

month_length (6,30) .

»»/month_length (7,31) .
;simonth_length (8,31) .
month_length (9,30) .

w

s/month_length (10,31) .
month_length (11,30) .

s7imonth_length (12,31) .

s/days_month (0, Days, Days) :-

10 ! .
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days_month (Month, DaysAcc, Days) :-

month_length (Month, L),
UpdatedD is DaysAcc + L,

PreviousMonth is Month - 1,

days_month (PreviousMonth, UpdatedD, Days).

//this_leap(Leaps, UpdatedLeaps, Year

Mod is Year mod 4,
Mod == 0,
Month > 2,

UpdatedLeaps is Leaps + 1.

this_leap(Leaps, UpdatedLeaps, Year

Year mod 4 == 0,
Month == 2,
Day == 29,

UpdatedLeaps is Leaps + 1.

this_leap(Leaps, Leaps, Year, Month

UpdatedLeaps is Leaps + 1,

\+ this_leap(Leaps, UpdatedLeaps, Year, Month,

date_distance (D1, D2, D) :-

split_date(D1, Yearl, Month

b

b

3

1,

split_date (D2, Year2, Month2,

PreviousMonthl is Monthl -
PreviousMonth2 is Month2 -
days_month (PreviousMonthl,
days_month (PreviousMonth2,
Leapsl is (Yearl - 1901) /
Leaps2 is (Year2 - 1901) /

1,
1,

Month, _) :-

Month, Day) :-

Day) :-

Day1l),
Day2),

DaysMonthl),

DaysMonth2),

Day)
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this_leap(Leapsl, UpdatedLeapsl, Yearl, Monthl,
Days1),
this_leap(Leaps2, UpdatedLeaps2, Year2, Month2,
Days2),
Daysl is Yearl * 365 + UpdatedLeapsl + DaysMonthl +
Day1l,
Days2 is Year2 * 365 + UpdatedLeaps2 + DaysMonth2 +
Day2,
D is abs(Daysl - Days2).
categorical_distance(Cl, C2, D) :-
Cl1 == C2,
D is O.
-|categorical_distance(Cl, C2, D) :-
C1 \== C2,
D is 1.
lordered_distance (0, L1, L2, D) :-
order (0, L1, V1),
order (0, L2, V2),
D is abs (V1 - V2).
string_distance(S1, S2, D) :-
atom_chars(S1, L1),
atom_chars(S2, L2),
damerau_levenshtein (L1, L2, D), !.
oslnode_int _distance(_, _, [], DInt, DInt) :-
!
node_int_distance (N1, N2, [P | IntProperties], DAcc, DInt)
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slnode_date_distance (_,

property (N1, P, V1),

property (N2, P, V2),

int_distance(V1, V2, D),

UpdatedD is DAcc + D,

node_int_distance (N1, N2, IntProperties, UpdatedD, DInt
).

_, [1, DDate, DDate) :-

//node_date_distance (N1, N2, [P | DateProperties], DAcc,

DDate) :-

property (N1, P, D1),

property (N2, P, D2),

date_distance (D1, D2, D),

UpdatedD is DAcc + D,

node_int_distance (N1, N2, DateProperties, UpdatedD,

DDate) .

node_categorical_distance(_, _, [], DCategorical,

DCategorical) :-

|node_categorical_distance (N1, N2, [P |

CategoricalProperties], DAcc, DCategorical) :-
property (N1, P, C1),
property (N2, P, C2),
categorical_distance(Cl, C2, D),
UpdatedD is DAcc + D,
node_categorical_distance (N1, N2,

CategoricalProperties, UpdatedD, DCategorical).

2slnode_ordered_distance(_, _, [], DOrdered, DOrdered) :-

193




148

A.2. Node Similarity

DateProperties),

s/node_ordered_distance (N1, N2, [P | OrderedProperties], DAcc
, DOrdered) :-
property (N1, P, L1),
property (N2, P, L2),
L1 \= L2,
ordered_distance(P, L1, L2, D),
UpdatedD is DAcc + D,
node_ordered_distance (N1, N2, OrderedProperties,
UpdatedD, DOrdered).
ssinode_string_distance(_, _, [], DString, DString) :-
!
s/node_string_distance (N1, N2, [P | StringProperties], DAcc,
DString) :-
property (N1, P, V1),
property (N2, P, V2),
string_distance(V1l, V2, D),
UpdatedD is DAcc + D,
node_string_distance (N1, N2, StringProperties, UpdatedD
, DString),
1
slnode_distance (N1, N2, AlfalInt, AlfaDate, AlfaCategorical,
AlfaOrdered, AlfaString, Properties, Distance) :-
findall (P1, property(N1, P1, _), Propertiesl),
findall (P2, property (N2, P2, _), Properties2),
findall (P, (member (P, Propertiesl), member (P,
Properties2)), Properties),
findall (P, (member (P, Properties), type(P, int)),
IntProperties),
findall (P, (member (P, Properties), type(P, date)),
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149 findall (P, (member (P, Properties), type(P,
categorical)), CategoricalProperties),

150 findall (P, (member (P, Properties), type(P, ordered)
), OrderedProperties),

151 findall (P, (member (P, Properties), type(P, string))
, StringProperties),

152 node_int_distance (N1, N2, IntProperties, O, DInt),
153 node_date_distance (N1, N2, DateProperties, 0, DDate
)

154 node_categorical_distance (N1, N2,
CategoricalProperties, O, DCategorical),

155 node_ordered_distance (N1, N2, OrderedProperties, O,
DOrdered),

156 node_string_distance (N1, N2, StringProperties, O,
DString),

157 Numerator is AlfaInt * DInt + AlfaDate * DDate +
AlfaCategorical * DCategorical + AlfaOrdered *
DOrdered + AlfaString * DString,

158 length (IntProperties, LInt),

159 length(DateProperties, LDate),

160 length(CategoricalProperties, LCategorical),

161 length(OrderedProperties, LOrdered),

162 length(StringProperties, LString),

163 Divisor is LInt * AlfalInt + LDate * AlfaDate +
LCategorical * AlfaCategorical + LOrdered x*
AlfaOrdered + LString * AlfaString,

164 Distance is Numerator / Divisor.

\m;Child(X, X).
67l child (X, Y) :-
168 X \== Y,

169 iSA(X, Z),
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child(Z, Y).

distance (N1, N2, Distance) :-

AlfaInt is 1,

AlfaDate is 0.1,

AlfaCategorical is 1,

AlfaOrdered is 1,

AlfaString is 1,

node (N1, Entityl),

node (N2, Entity2),

child (Entityl, Entity2),

',

findall (X, attribute(X, Entity2), Properties),

node_distance (N1, N2, AlfaInt, AlfaDate,
AlfaCategorical , AlfaOrdered, AlfaString,

Properties, Distance).

s|distance (N1, N2, Distance) :-

AlfaInt is 1,

AlfaDate is 0.1,

AlfaCategorical is 1,

AlfaOrdered is 1,

AlfaString is 1,

node (N1, Entityl),

node (N2, Entity2),

child (Entity2, Entityl),

',

findall (X, attribute(X, Entityl), Properties),

node_distance (N1, N2, AlfaInt, AlfaDate,
AlfaCategorical, AlfaOrdered, AlfaString,

Properties, Distance).

Listing A.2: ASP Node Similarity
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1 - Ontology, 7 4 - Semantic Web, 15
2 - Knowledge Graph, 8 5 - RDF, 19
3 - Graph Databases, 11 6 - Answer Set Programming, 27
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