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Resumen
Los grafos de conocimiento (KGs por sus siglas en inglés Knowledge Graphs) han surgido como

una herramienta poderosa para representar información estructurada semánticamente y asistir el

desarrollo de sistemas inteligentes. Este trabajo se centra en la generación de mapas semánticos

como método de resumen para los KGs. En este trabajo, proponemos una estrategía que utiliza un

algoritmo de agrupación basado en centroides para agrupar terminos en el grafo de conocimiento

con cierta cercania semántica. Como forma de experimentación se emplean dos algoritmos de agru-

pación basados en centroides: Propagación de Afinidad y Particionamiento Alrededor de Medoides

(PAM por sus siglas en inglés Partitioning Around Medoids), para capturar la distancia semántica

entre los nodos en el KG y generar grupos significativos. Nuestros experimentos muestran resulta-

dos divergentes entre los dos algoritmos de agrupación, con la Propagación de Afinidad se observa

cierta coherencia cualitativa y significatividad, mientras que PAM se desempeña bien en términos

de métricas cuantitativas de validación interna. Aprovechamos los centroides calculados para in-

ferir un término principal del mapa semántico, lo que contribuye a la representación visualmente

informativa del grafo de conocimiento. La combinación del proceso de capturar la distancia semán-

tica entre los términos del grafo de conocimiento, el uso de algoritmos de agrupación e la infer-

encia basada en centroides facilita una comprensión integral del grafo de conocimiento. Nuestros

hallazgos destacan la importancia de considerar tanto medidas de evaluación cualitativas como

cuantitativas al evaluar los resultados de la agrupación. La efectividad de los mapas semánticos

se muestra en la visualización de los KGs y en el avance del campo de la visualización de grafos

de conocimiento. La integración de algoritmos de agrupación basados en centroides, evaluación

cualitativa y métodos de inferencia ofrece una mayor claridad e interpretabilidad para el análisis de

un grafo de conocimiento a partir de un grupo de tareas de exploración claramente definidias en el

capitulo 7.
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Summary
Knowledge Graphs (KGs) have emerged as a powerfultool for representing semantic structured in-

formation and supporting the development of intelligent systems. This document focuses on the

generation of semantic maps as summarization method for KGs. In this work, we propose a strat-

egy that uses a centroid-based clustering algorithm to group terms in the knowledge graph with

a certain degree of semantic similarity. For experimentation, two centroid-based clustering algo-

rithms are employed: Affinity Propagation and Partitioning Around Medoids (PAM), to capture the

semantic distance between nodes in the KG and generate meaningful clusters. Our experiments

show divergent results between the two clustering algorithms. Affinity Propagation demonstrates

a certain qualitative coherence and significance, while PAM performs well in terms of quantitative

internal validation metrics. We leverage the computed centroids to infer a main term of the semantic

map, which contributes to the visually informative representation of the KG. The combination of

semantic distance capture, the use of clustering algorithms, and centroid-based inference facilitates

a comprehensive understanding of the KG. Our findings highlight the importance of considering

both qualitative and quantitative evaluation measures in assessing clustering results. The effective-

ness of semantic maps is showcased in visualizing KGs and advancing the field of knowledge graph

visualization. The integration of centroid-based clustering algorithms, qualitative evaluation, and

inference methods offers improved clarity interpretability for the analysis of a KG based on a set of

exploration tasks clearly defined in Chapter 7.
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Introduction

Knowledge Graphs (KGs) find extensive use across diverse Artificial Intelligence (AI) systems

and application domains [72], including question answering [98] and machine translation [101].

The rise of large language models (LLMs) has further underscored the significance of KGs, as they

can be leveraged for training and enhancing LLMs [70]. KGs serve as a method for structuring

and presenting information, utilizing the concepts and tools of the Semantic Web. The Semantic

Web envisions a version of the internet where data is both structured and interconnected, making it

comprehensible to both humans and machines. KGs are seen as essential components of AI systems,

offering the required basis for representation and reasoning abilities. This addresses the crucial

design need of incorporating human involvement in the process [73]. The concept of a Knowledge

Graph (KG) involves depicting real-world knowledge in a graph format. In this structure, nodes

symbolize the entities of interest, while the edges illustrate the relationships between these entities

[35]. Lately, both academic institutions and private companies have developed Knowledge Graphs,

for instance, YAGO [91], DBPedia [3], Freebase [10], NELL[16], Google Knowledge Graph [90],

Microsoft Satori [74], Facebook Entity Graph [23], and Wikidata [24], which contain millions

of entities and billions of relationships. Primary uses of Knowledge Graphs involve improving

search engines such as Google [90] or Bing [74], question answering [17], information retrieval,

recommender systems [51, 55], domain specific KG building [11, 32, 100], and decision support

in the life sciences [8, 64, 80, 106].

Certain KG applications, such as query answering or KG visualization, necessitate condensed

versions of the original graphs [31, 40]. Existing strategies to visualize KGs are based on the

strategies to visualize regular graphs and few approaches take advantage of the semantics encoded

in the KGs [58, 66, 69]. However, These proposals do not fully utilize the knowledge represented

in the edges for visualizing the graph and none of these visualization proposals describe a specific

strategy to validate how useful the visualizations are for end users in fulfilling visual exploration

tasks.
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General Objective

Propose a new strategy for visualizing Knowledge Graphs by leveraging the semantic closeness

contained in the edges of the graph.

Secondary Objectives

• Describe an evaluation methodology that can be used to validate the effectiveness of a visual

representation in fulfilling visual data exploration tasks.

• Evaluate the effectiviness of semantic maps in fulfilling visual data exploration tasks.

Fulfilling these objectives allows users to explore and understand the inherent structure and

relationships of the graph in a visually intuitive way.

This document is structured as follows. The first four chapters provide the required information

to understand the contributions of this thesis. In Chapter 1, we delve into the features of the Semantic

Web as well as its relationship with KGs. To achieve this, we provide a brief description of the most

relevant knowledge representation strategies useful for KG representation. In Chapter 2, we explore

the main works associated with visualization strategies for KGs. On the other hand, in Chapter 3, we

describe the most recent works associated with KG summarization. Semantic maps are discussed

in Chapter 4. Semantic Maps are commonly employed methods to comprehend intricate subjects

[28]. They involve a categorical organization of information in visual form [42]. A semantic map

usually features a central term that signifies the primary topic, linked to a collection of keywords that

categorize the remaining vocabulary. These structures are formally described in Chapter 4. Next,

the primary contribution of this thesis is fully detailed in Chapter 5. The creation of a semantic map

necessitates the identification of groups of related words. Unsupervised learning offers clustering

algorithms that categorize data into one or more classes based on measures of similarity or distance

[82]. Theoretically, implementing a clustering approach to the vocabulary in a KG should yield

groups that can be utilized to build the semantic map. A series of experiments validating this

concept is presented in Chapter 6 where in addition we propose a method to evaluate the quality

of these semantic maps. Finally, to illustrate the usefulness of these semantic maps in providing a

high-level perspective of a KG, we carry out a survey involving a group of experts who compared

2
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the use of semantic maps with the traditional visual representation of KGs. These experiments are

described in Chapter 7 and highlight the effectiveness of semantic maps in providing a thorough

understanding of the structure and relationships within a KG.
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1. Semantic Web and Knowledge Graphs
Tim Berners-Lee introduced the idea of the Semantic Web, envisioning a web comprised of

data accessible to machines for processing, rather than solely a web of documents intended for

human consumption [9]. The Semantic Web works by enhancing the structure and meaning of

information on the World Wide Web, making it easier for computers to understand and process

data. The contributions outlined in this document depend on a thorough understanding of Web

semantic and knowledge representation strategies, such as KGs. In this chapter, we delve into these

topics to enable a comprehensive explanation of the contributions presented in this thesis document.

1.1. Semantic Web

The objective of the Semantic Web is to provide information with clear and precise meanings,

paving the way for machine-to-machine interaction and automated services through semantic de-

scriptions [50]. Understanding the Semantic Web requires an examination of the Semantic Web

Technology Layer Cake (shown in Figure 1.1), which outlines the technical infrastructure needed

to achieve these goals. In the lower layers, we have the XML (eXtended Markup Language), which

is used to structure and format data on the web in a tree structure, while the URIs (Universal Re-

source Identifiers) provide unique identifiers for resources on the web. However, tree structures

lack the capability to integrate data from multiple sources. To tackle this limitation, RDF [84] (Re-

source Description Framework) serves as a framework for providing a standardized way to describe

resources on the web and the relationships between them. RDF Schema (RDF-S) builds on RDF

by providing a vocabulary for defining ontologies and describing the semantics of RDF data. In

computer science, an ontology serves as a descriptive representation of the world, encompassing a

variety of types, properties, and relationship types [27].

The Web Ontology Language (OWL) [61] is a description logic-based formal language which is

a more expressive language for defining ontologies and describing complex relationships between

resources on the web. OWL allows for more precise and detailed modeling of domain knowledge.

In addition to ontologies, Semantic Web standards also support languages for describing ontology-
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Figure 1.1: Semantic Web Technology Layer Cake

driven rules (i.e., mechanisms to infer data) and queries (i.e., mechanisms to access data). For

example, SPARQL is a query language for ontologies, providing powerful capabilities for searching

and retrieving information from RDF datasets.

On top of the Semantic Web Technology Layer Cake (also known as the Semantic Web Stack),

we have Unifying Logic, which involves the use of formal logic to represent and reason about knowl-

edge on the Semantic Web. The proof layer deals with mechanisms for generating and validating

proofs in the Semantic Web. Trust is a critical aspect of the Semantic Web, as it involves assess-

ing the reliability, credibility, and authenticity of information and sources. In the context of the

Semantic Web, digital signatures can be applied to semantic data, ontologies, queries, and other

artifacts to provide assurances regarding their origin and integrity. By digitally signing data and
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documents, individuals and organizations can establish trust in the information exchanged over the

web, thereby enabling secure communication, collaboration, and interaction within the Semantic

Web environment.

1.2. Knowledge representation

We have discussed that the main goal of the Semantic Web is to provide a mechanism for cap-

turing information in a machine-friendly way. We have also covered the technologies to achieve

this. Now, the issue at hand is how to represent the information in a manner that facilitates interop-

erability among computers. Knowledge representation refers to the process of formalizing expert

knowledge extracted from documents or interviews in a structured, computer-readable form. The

goal is to store knowledge in a way that can be easily shared and integrated between enterprises.

Knowledge representation models, such as ontology, provide a unique understanding of knowledge

through formal and semantic definitions, making them suitable for mapping knowledge obtained

from natural language documents [34]. This section describes the most relevant strategies to repre-

sent knowledge.

The research on Knowledge Representation (KR) can be traced back to the 1980s, when J. My-

lopoulos described the terminology and issues associated with KR [65]. KR can be understood

as a way to capture expert knowledge in a structured format that computers can process. In this

context, it is natural to observe several knowledge fields proposing different methods to capture ex-

pert knowledge for developing intelligent systems. For instance, in the field of engineering design,

the most relevant KR strategies include Gero’s functional behavior structure (FBS) model, which

combines the main components involved in engineering design activities [29], the Functional Rep-

resentation (FR) model, and the Structural Behavior Function (SBF) model, which are similar to

the FBS model and have attracted the attention of many scholars [7, 30]. Additionally, utilizing

fuzzy comprehensive evaluation to judge the optimal representation method for knowledge, which

includes KGs, IF-THEN production rules, and two-dimensional data linked lists [34].

Another field of study that has proposed different ways to represent knowledge is robotics. The

survey presented in [71] introduces the concept of ontology as a method for organizing knowledge.

It highlights that the primary purpose of knowledge representation (KR) in robotics is to provide
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meaning to a robot’s actions and its understanding of the environment. It is crucial for building

an effective KR as it helps the robot understand the consequences of its actions, make decisions,

and plan its tasks effectively. KR involves representing motions or skills for task planning, inte-

grating perception systems to localize objects and communicate with others, grounding perception

or control to logical statements for problem-solving, retaining experiences as beliefs to represent

uncertainty, committing acquired knowledge for re-use, and defining the environment in which the

robot operates. In [71], the concept of ontology is introduced as a means of organizing a defined

set of terms or language. The objective of an ontology is to establish a framework of concepts

and terms that characterize and describe the operational domain of the robot in a format that is

comprehensible to humans as well.

1.2.1 Propositional Logic

On the other hand, a knowledge base is a repository or database that stores knowledge in a struc-

tured format, typically using a specific knowledge representation language or formalism. A knowl-

edge base may contain various types of knowledge, such as factual information, domain-specific

rules, ontologies, and logical relationships, organized in a way that facilitates efficient retrieval and

manipulation by computational systems. The primary language of classical logic used in knowl-

edge representation is first-order (predicate) logic, as advocated by John McCarthy [59] and Alan

Robinson [79].

Example 1 Knowledge Representation with propositional logic. Let’s say we want to represent the

statement: If it is raining, then I will take my umbrella In propositional logic, we can represent

this statement using propositions:

• P: It is raining.

• Q: I will take my umbrella.

The statement If it is raining, then I will take my umbrella can be represented as the implication

P → Q.

8
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1.2.2 First-order logic

First-order formulas are essential for representing declarative knowledge and for automated

proof using resolution. Propositional logic is a subset of first-order logic and has seen increased

interest due to the development of fast satisfiability solvers [52].

Example 2 Knowledge Representation with first-order logic. Now, let’s consider a slightly more

complex scenario where we want to represent the relationships between people and their ages:

We have a set of predicates:

• P(x): x is a person.

• A(x): x is an adult.

• C(x, y): x is the child of y.

And constants:

• Alice

• Bob

• Charlie

We can represent the knowledge that Alice and Bob are adults as:

A(Alice) ∧ A(Bob)

And the knowledge that Charlie is the child of Alice and Bob as:

C(Charlie, Alice) ∧ C(Charlie, Bob)

1.2.3 Description logics

Description logics (DLs) [4, 6, 14] are a family of knowledge representation languages designed

to structure and formalize knowledge in specific domains. They utilize concept descriptions, which

are expressions constructed from atomic concepts and roles using constructors provided by the DL.

DLs are distinguished from earlier approaches like semantic networks and frames by their formal,

9



CHAPTER 1. SEMANTIC WEB AND KNOWLEDGE GRAPHS

logic-based semantics, offering a well-understood framework for representing domain knowledge

[5].

In description logics, concept descriptions are used to construct statements within a knowledge

base, which consists of two main parts: a terminological part (TBox) and an assertional part (ABox).

The TBox allows for the description of relevant notions in the domain by specifying properties of

concepts and roles, as well as relationships between them [5]. Essentially, the TBox functions simi-

larly to a schema in a database setting, providing a structured framework for defining and organizing

knowledge within the domain. On the other hand, the ABox is the assertional part of the knowledge

base and it is used to describe a concrete situation by stating properties of individuals [5].

Before delve into an example of representing knowledge with DL, let’s analyze briefly the fun-

damentals of the DL syntax. This description utilizes boolean constructors such as conjunction

(⊓), disjunction (⊔), and negation (¬), along with existential (∃r.C) and universal (∀r.C) restriction

constructors. The DL syntax also includes relationship operators such as the operator ⊑, which

represents a subsumption relationship. It denotes that one concept is a sub-concept of another con-

cept, meaning that all instances of the first concept are also instances of the second concept. These

constructors allow for the specification of complex relationships and constraints within a knowledge

representation framework.

Example 3 Knowledge Representation with Description logics. Let’s say we want to represent

knowledge about animals in a zoo. We’ll define some basic concepts and relationships using DL:

a) Concepts:

• Animal: A general concept representing all animals.

• Mammal: A sub-concept of Animal representing mammals.

• Bird: A sub-concept of Animal representing birds.

b) Roles:

• hasColor: A binary relation representing the color of an animal.

• eats: A binary relation representing the diet of an animal.

Now, let’s represent some knowledge using these concepts and roles:

10
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a) Terminological part (TBox):

• Animal ⊑ ∃hasColor.

• Mammal ⊑ Animal.

• Bird ⊑ Animal.

• Mammal ⊓ ∃eats.Plants ⊑ Herbivore: This states that mammals that eat plants are

herbivores.

• Mammal ⊓ ∃eats.Insects ⊑ Carnivore: This states that mammals that eat insects are

carnivores.

b) Assertional part (ABox):

• Tiger: A named individual representing a tiger.

• Tiger ⊑ Mammal: This asserts that a tiger is a mammal.

• Tiger ⊑ ∃hasColor.Orange: This asserts that a tiger is orange in color.

• Tiger ⊑ ∃eats.Meat: This asserts that a tiger eats meat.

1.3. Knowledge Graphs: A Fundamental Expression of the Semantic
Web

As we discussed previously, the Semantic Web is dependent on standards and technologies

facilitating the representation, exchange, and inference of semantic data, including: RDF, OWL,

SPARQL. Conversely, a KG serves as a method for encoding and storing knowledge in a format

readable by machines, employing a graph structure comprising nodes and edges. Nodes denote

entities or concepts, while edges signify relationships or properties among them [35].

It is natural to perceive KGs as part of the Semantic Web stack since they encode expert knowl-

edge in a manner that machines can utilize for reasoning and inference purposes. Certain definitions

characterize a KG as a knowledge base structured in a graph format [68, 87]. In this work, we con-

sider a collection of sentences or facts articulated in a formal language such as description logic as

the knowledge base for a KG. Essentially, KGs can be perceived as an assemblage of facts structured

as <subject,predicate,object>. These collections are typically represented in languages such

11
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as RDF, OWL, or N-Triples, the latter being a subset of the more intricate RDF/XML syntax. N-

Triples is designed to be both human-readable and machine-readable, employing a plain text format

that delineates RDF statements using subject-predicate-object triples, with each element separated

by white space and concluded by a period.

The Semantic Web embodies a vision of a digitally interconnected environment where data is

organized, linked, and comprehensible to both machines and humans. While KGs serve as a method

for representing and structuring knowledge in alignment with its principles and technologies.

dbo:ProducerCompany
is dbo:creator ofis dbo:author of

owl:Thing

dbo:Organisation

dbo:EducationalInstitution

dbo:University

dbr:ITESO

rdf:type
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is a
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dbr:Lucasfilm
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is a
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dbr:Star Wars Episode III
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dbr:A dance of dragons
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dbr:DaenerysTargaryen

rdf:type

is a
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Figure 1.2: Small group of concepts and instances extracted from DBPedia.

Following description logic terminology, knowledge bases consist of two types of axioms: a

terminology box (TBox) and an assertion box (ABox) [36]. Therefore, a KG should incorporate

both sets of axioms to qualify as a knowledge base. Figure 1.2 illustrates the sets TBox and ABox

comprising a group of entities and relationships sourced from DBPedia [3]1. Within KGs, ontology

classes (e.g., dbo:Book or dbo:Movie) correspond to the TBox, delineating concept hierarchies.

On the other hand, ontology instances correspond to the ABox, describing entity instances (e.g.,

dbr:Lucasfilm or dbr:George_RR_Martin) and their relationships. Hierarchical relationships

like ”is a” establish connections between pairs of concepts in the TBox. For example, axioms

(dbo:Book, is a, dbo:Work) and (dbo:film, is a, dbo:Work) signify that both dbo:Book and

1https://dbpedia.org (Last visited: 2024-03-13)
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dbo:film concepts are descendants of the class dbo:Work. We can rewrite these assertions from

TBox in DL formal language as follows:

• (dbo:Book, is a, dbo:Work): dbo:Book ⊑ dbo:Work

• (dbo:film, is a, dbo:film): dbo:Book ⊑ dbo:Work

In contrast, axioms in the ABox also indicate the types associated with individual entity in-

stances. As an illustration, in Figure 1.2, the axiom (dbr:A_dance_of_dragons, rdf:type, dbo:Book)

denotes that the resource dbr:A_dance_of_dragons is an instance of the class dbo:Book. Addi-

tional axioms in the ABox, such as (dbr:George_RR_Martin, dbo:creator_of, dbr:DaenerysTar-

garyen) and (dbr:George_RR_Martin, dbo:author of, dbr:A_dance_of_dragons), indicate that

the instance dbr:George_RR_Martin has semantic connections with dbr:DaenerysTargaryen

and dbr:A_dance_of_dragons entity instances. We can rewrite these assertions from ABox in

DL formal language as follows:

• (dbr:A_dance_of_dragons, rdf:type, dbo:Book):

dbr:A_dance_of_dragons ⊑ ∃rdf:type.dbo:Work

• (dbr:George_RR_Martin, dbo:creator_of, dbr:DaenerysTargaryen):

dbr:George_RR_Martin ⊑ ∃dbo:creator_of. dbr:DaenerysTargaryen

• (dbr:George_RR_Martin, dbo:author of, dbr:A_dance_of_dragons):

dbr:George_RR_Martin ⊑ ∃dbo:author.dbr:A_dance_of_dragons

We will start by introducing a formal definition of a KG before delving into the other pertinent

topics linked to the process to generate semantic maps delineated in this document.

Definition 1 (Knowledge Graph) LetV the set of entities, where each entity v ∈ V can be uniquely

identified. Let L denote the set of property labels or attributes associated with the entities in the

knowledge graph. Each label l ∈ L represents a specific property or characteristic of an entity. Let

E the set of edges in a Knowledge Graph K. A knowledge graph K is defined as K = (V, L,E),

whereE is a subset of the cross product of entities and property labels defined as V ×L×V . Each

member of E is referred to as a triple (subject− property − value).

13
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Based on Definition 1, it is evident that a KG can be depicted as a compilation of triples, which

encapsulate axioms from either the ABox or TBox. Our attention in this study centers on the triples

that portray axioms within the ABox set. More precisely, whenever an entity instance is referenced,

it corresponds to the subjects of the ABox triples.

1.4. Conclusion

In conclusion, the Semantic Web and KGs represent pivotal advancements in the realm of data

organization and interpretation. While the Semantic Web relies on standardized technologies like

RDF, OWL, and SPARQL to facilitate the exchange and inference of semantic data, KGs provide

a tangible method for encoding and structuring knowledge in a machine-readable format. Through

their structured representation of facts and relationships, KGs enable both humans and machines

to navigate and comprehend complex datasets, thereby advancing the vision of a seamlessly in-

terconnected web of knowledge. We have also discussed some works associated with Knowledge

Representation and highlighted the relevance of Knowledge Representation in understanding how

current technologies support reasoning and inference tasks for KGs.

However, now the concern one may have is whether existing technologies could support the

increasing amount of data that the modern web harbors. Are KGs truly useful in providing humans

with a simple way to understand the resources allocated on the web?
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2. Ongoing challenges in Visual Data Exploration of
Knowledge Graphs

Knowledge graphs have become increasingly vital as a data and context source in Data Sci-

ence. Initial data analysis typically involves exploration, with visualization playing a pivotal role.

Visual exploration proves especially valuable when understanding of the source data and analysis

objectives is limited. Nowadays, Semantic Web technologies dominate in modeling and querying

knowledge graphs. In this chapter, we present some of the most relevant recent works addressing

the issue of KG visualization.

(a) (b) (c) (d)

Figure 2.1: Example of visualizing Bitcoin Transactions presented in [60]: (a) Visualization of
Bitcoin transactions reported as containing anomalous yet unidentified transactions at the apex of a
money laundering operation. (b) Visualization of the initial parasitic worm transaction rate attack.
(c) Visualization of the initial algorithmic responses to spam. (d) Visual representation of two
distinct phases of the second data density-based tumor attack
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2.1. Knowledge Graph Visualization

The concept underlying the visual data exploration process aims to represent data visually, en-

abling users to derive insights from the analyzed phenomena [46]. This process, often referred to

as the information seeking mantra, comprises three stages: overview, zoom and filter, and details-

on-demand [89].

Recent applications have demonstrated their utility in visualizing large graphs to comprehend

various phenomena, such as Bitcoin transactions [60] and online discussions [63]. Some examples

of these visualizations are shown in Figure 2.1. However, the performance evaluation outlined

in [31] concludes that a distributed implementation of layout algorithms is essential to enhance

the time required for generating visual representations of extensive knowledge graphs. Challenges

associated with visualizing knowledge graphs include context adaptation, user interactions [81],

data heterogeneity [88, 99], support for diverse analysis tasks (querying, combination, filtering,

etc.), and performance concerns [31].

Some studies related to the visual representation of networks consider the objectives of data

exploration [2, 102] as the goals for visualizing KGs. Conversely, alternative approaches concen-

trate on assessing the usability of software tools rather than evaluating the visual representation for

fulfilling visual data exploration tasks [15, 39, 86].

Topics mas are a method for visualizing document collections [66]. Topic maps are created

by applying topic modeling, specifically Latent Dirichlet Allocation (LDA), to a set of documents,

which identifies themes or topics by grouping frequently co-occurring words. These topics are then

projected into two-dimensional space to create a visual representation. Each document is associated

with one or more topics, and the goal is to organize documents so that those sharing similar topics

appear close together on the map.

On the other hand, CubeViz [58] is a platform for exploring and visualizing statistical data that

adheres to the RDF Data Cube Vocabulary, a W3C standard for representing multi-dimensional

statistical data in RDF. CubeViz simplifies the complex structure of RDF data cubes and offers a

user-friendly interface for interactive filtering and visualization through faceted browsing and chart

generation.

The Sextant [69] is a web-based tool designed to visualize and explore linked spatio-temporal
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data. It addresses the challenge of representing and visualizing the temporal evolution of linked

data, which is crucial for geospatial datasets frequently updated over time, such as those used in

Earth Observation (EO) and environmental monitoring. The paper showcases several use cases,

including environmental monitoring, fire detection, and the evolution of land cover, demonstrating

the practical applications of Sextant in handling and visualizing large-scale geospatial data.

In [12], authors introduce a workflow for visualizing linked data that can be applied to visualize

KGs. These phases are outlined in a generic manner and can be customized to suit the specific

data domain intended for visualization. In Figure 2.2, we present two KGs visually represented by

applying this workflow.

a) Data retrieval: This initial step involves acquiring or generating linked data. For instance,

in the context of the Semantic Web or Knowledge graphs, this step may entail executing a

SELECT SPARQL query to produce an n-triple file.

b) Graph building: After obtaining the linked data, the next step is to establish connections

between entities based on the retrieved information. The objective of this phase is to create

a machine-processable representation of the linked data. For example, this could involve

constructing an iGraph instance in R.

c) Graph calculations: Subsequently, the graph can be manipulated to enhance visualization.

For instance, the size and color of vertices and edges can be determined based on metrics

such as degree or betweenness centrality.

d) Graph layout: In this stage, the spatial positions of the vertices are determined to provide

an aesthetically pleasing representation to end-users. One commonly used graph layout al-

gorithm is force-based vertex placement, which calculates attractive and repulsive forces be-

tween every pair of vertices to determine their optimal proximity.

e) Rendering: The final step involves presenting the graph on the desired screen. For example,

this could be achieved using libraries such as D3 1 to create visually appealing graphs within

a browser window.

1https://d3js.org (Last visited: 2024-03-30)
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(a) DrugBank drug to drug interactions where
colors are assigned to communities.

(b) Artist influences network, filtered by most rel-
evant painters and photographers where vertex
size is proportional to degree

Figure 2.2: Visual representations presented in [31] exemplify the application of the graph visual-
ization pipeline described in [12] to render large KGs.

2.2. Existing tools to visualize Knowledge Graphs

2.2.1 Commercial tools

In addition to recent advancements in KG visualization, several commercial products enable

analysts to visualize RDF graphs, including Data Graphs2 and tools developed by Cambridge In-

telligence company: Keylines, ReGraph, and KronoGraph3. These tools facilitate rendering KGs

to support tasks in domains such as pharmacy and bio-science research or financial analysis. In

Figure 2.3 are shown two examples of visual representations of KGs produced by DataGraph and

ReGraph.

2https://datagraphs.com (Last visited: 2024-05-01)
3https://cambridge-intelligence.com/ (Last visited: 2024-05-01)
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(a) (b)

Figure 2.3: KGs visualizations produced by some existing tools: (a) Example of visualization pro-
duced by DataGraph tool. (b) Practical use case of ReGraph tool to credit card fraud detection [45].

2.2.2 Free tools

In the realm of free tools, two online platforms consume RDF data and produce visual repre-

sentations: isSemantic visualizer4 and RDF grapher5. However, these tools have limitations in the

amount of data they can effectively process. In Figure 2.4 it is shown an example of the visual

representation of a KG produced by isSemantic tool.

Figure 2.4: KGs visualizations produced by RDF visualizer isSemantic from a KG extracted from
DBPedia containing some characters of Sci-Fi movies Star Wars

4https://issemantic.net/rdf-visualizer (Last visited: 2024-05-01)
5https://www.ldf.fi/service/rdf-grapher (Last visited: 2024-05-01)
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2.3. Challenges on Knowledge Graph Visualization

With the increasing adoption of KGs in decision-making applications, there is a pressing need

to condense and summarize KGs for effective data representation [33]. Recent research [88, 99,

102] has indicated that visualizing a simplified version of a large graph can serve as a viable al-

ternative. For example, visualizing a summarized graph can prove beneficial when implementing

a distributed solution to render a large graph is not feasible. In this context, summarizing graphs

is generally beneficial for reducing data volume and storage, thereby facilitating the graph visual-

ization process [56]. Visual data exploration is considered a process that generates hypotheses by

enabling users to gain a deep understanding of the data [46]. Hence, summarizing a KG is crucial

for creating an efficient visual representation that aids in comprehending the relationships between

entities and concepts within a domain. By presenting information visually, users can promptly

identify patterns, trends, clusters, or related information that may be challenging to discern in a

text-based representation. Current methods for visualizing KGs primarily focus on depicting the

entire structure [31], thereby impeding data analysts from exploring the KG beyond its structural

information.

2.4. Conclusion

Recent advancements in data visualization techniques have proven instrumental in understand-

ing complex phenomena, as evidenced by their application in visualizing large graphs. However,

challenges persist in optimizing the performance of visual representations, as highlighted in [31],

where authors advocate for distributed implementations of layout algorithms to improve efficiency,

particularly for extensive knowledge graphs. The issue arises when classical visualization strategy

to render the whole structure is unavailable; in such cases, summarizing these structures appears to

be more feasible. Summarizing graphs not only reduces data volume and storage requirements but

also facilitates the visualization process [56]. Thus, addressing the KG summarization challenge

and refining visualization techniques are imperative for leveraging the full potential of knowledge

graphs in data analysis and decision-making processes.
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3. Review of current advances in summarizing Knowl-
edge Graphs

Graph summarization is the field that aims to distill complex networked data into more man-

ageable and interpretable forms. Researchers have explored various techniques to summarize large

graphs, addressing challenges related to visualization, storage reduction, and efficient analysis. Ac-

cording to [56], the majority of graph summarization techniques can be categorized into four main

groups: grouping or aggregation-based methods, bit compression-based methods, simplification or

sparsification-based methods, and influence-based methods. Typically, in knowledge graph summa-

rization, the simplification or sparsification-based approach is favored. KG summarization usually

adopts simplification or sparsification because the main goal of KG summarization is to generate

a subgraph that accentuates the significant entities and relationships present in the original graph.

In this chapter, we explore the most recent strategies proposed for summarizing large graphs and

KGs.

3.1. Approaches to Summarize Graphs

Functional summaries, initially introduced by the bioinformatics community to derive a con-

cise and interpretable representation of Protein-Protein Interaction (PPI) networks [85], offer a

high-level abstraction of maps derived from knowledge bases. In this chapter, we focus on explor-

ing graph summarization techniques for networked data, also known as networks or graphs. The

applications of graph summarization encompass various benefits such as data volume and storage

reduction, acceleration of graph algorithms and queries, support for interactive analysis, and noise

elimination [56].

Recent research has introduced various approaches to summarize large graphs, aiming to facili-

tate efficient visualization of their content. Shen et al. propose OntoVis in their work [99], a visual

analytics tool that employs both structural and semantic abstractions to provide a condensed ver-

sion of large graphs for simplified visualization. Another relevant contribution is presented in [47],

where authors introduce the VoG (Vocabulary-based summarization of Graphs) algorithm. This
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algorithm constructs and visualizes subgraph-types such as stars, cliques, and chains to summa-

rize and comprehend large graphs effectively. Additionally, a visual abstraction method presented

in [102] transforms geo-tagged social media data into high-dimensional vectors using a doc2vec

model. Furthermore, Koutra et al. [81] focus on summarizing Knowledge Graphs (KGs) by lever-

aging individual interests to generate personalized knowledge graph summaries.

Koutra et al. [56] present a taxonomy of graph summarization algorithms, categorizing them

into two families based on the type of network: static and dynamic. In both static and dynamic net-

works, summarization techniques encompass grouping-based, bit compression-based, and influence-

based methods. In the context of dynamic networks, grouping-based summarization approaches

involve recursively aggregating nodes and timesteps to reduce the scale of large-scale dynamic

networks. Bit compression-based methods utilize compression to extract significant patterns from

temporal data.

3.2. Approaches to Summarize Semantic Graphs

When discussing KG summarization, we are essentially elaborating on the concept of semantic

graph summarization, which encompasses knowledge graph summarization as a subset [97]. Re-

gardless of the graph type (semantic or non-semantic), summarization techniques share objectives

and methods. Irrespective of the application or network type, one of the primary challenges in

graph summarization is determining the data of interest. Each summarization strategy relies on

selecting criteria of interest to extract meaningful information [56]. However, defining what quali-

fies as interesting is not straightforward. For instance, the FUSE algorithm [85] introduces a profit

maximization model aiming to identify a summary by maximizing information profit within a bud-

get constraint. Conversely, VoG [47] utilizes the Minimum Description Length (MDL) principle

to select the best subgraphs, opting for those that conserve the most bits. In the case of semantic

abstraction proposed in [102], a dual-objective blue noise sampling model is employed to choose a

subset of social media data items, emphasizing spatial distribution and semantic correlation for the

resulting simplified geographical visualization. Regarding personalized summaries from KGs [81],

the criteria for determining what information is interesting for each user are based on their query his-

tory. For geographical KGs, [97] proposed to adopt the concept of distributional semantics within
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geographical contexts and investigate the similarity and interconnectedness of various types of lo-

cations by employing diverse latent representations enhanced with spatial contexts. Lastly, in [83],

Scherp et al. delves into the notion of summarization of semantic graphs using quotients, with a

focus on creating concise representations of input graphs while maintaining particular structural

attributes.

Another approach to address the graph summarization challenge is through Entity Matching.

This method finds application in fields like data science or data management where matching enti-

ties is essential. In the context of knowledge graph summarization, entity matching helps identify

entities that should belong to the same summary unit. For example, in [92], the authors outline a

summarization framework called COMET (Context-Aware Matching Technique), which relies on

semantic data integration and entity matching principles to merge RDF molecules using semantic

similarity metrics.

3.3. Knowledge Graph Summarization

Several authors have proposed various definitions for the KG Summarization process. Infor-

mally, in [56], it is suggested that the KG Summarization problem can be described as the process

of finding a labeled summary graph or a set of labeled structures to concisely describe the given

graph. Scherp et al. [83], on the other hand, provide a more formal definition where they define

the KG Summarization problem in terms of summary models to preserve selected features and pay-

load functions to associate this graph with a given task. Based on the analyzed works, we define

KG summarization as the process of creating a KG that represents the original KG with a reduced

number of edges and/or vertices.

3.4. Conclusion

Analyzing KGs poses a significant challenge in the field of data science due to the sheer size and

complexity of the encoded information. In recent years, considerable attention has been directed

towards two research domains: graph visualization and graph summarization, particularly concern-

ing KGs. In this work, we focused on the visualization challenge for KGs. Many visualization

techniques for knowledge graphs primarily focus on presenting the entire structure. However, the
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continuous expansion of KGs has begun to surpass the effectiveness of this approach. Conversely,

graph summarization techniques for KGs are emerging as a promising avenue for generating infor-

mative summaries tailored for analysis purposes. One of the key challenges is to devise a novel

approach that integrates cutting-edge strategies for summarizing large graphs with traditional visu-

alization techniques.
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4. Semantic Maps as a strategy to Visualize KGs
Semantic maps are graphical representations that show the relationships between different con-

cepts or words within a particular domain or field of study. In this chapter, we consider semantics

maps to be useful for visualizing the high level of abstraction of a KG based on the semantic close-

ness of entities within the KG. We describe some related work associated with KGs and visualization

strategies similar to semantic maps. We propose finding a way to extract a semantic map of a KG

to obtain a reduced version of the KG. To elaborate on this idea, in this chapter, we describe what

a semantic map is and how we can compute the similarity among all entity instances in a KG.

4.1. Semantic Maps

A semantic map serves as a graphical representation that reveals the relationships between dif-

ferent concepts or words within a specific domain or field of study [42]. Its purpose is to visually

organize and display the meaning and connections among various terms or concepts, emphasizing

their semantic similarities and differences. In essence, a semantic map provides a visual depiction

of how distinct ideas or concepts relate to one another and how they group together based on shared

meanings or semantic properties. Notably, there exist alternative mathematical representations for

semantic maps, including graphs and Euclidean spaces [20]. For an illustrative example, refer to

Figure 4.1, which showcases a semantic map centered around the topic of “Water” This map com-

prises three node categories: (1) the central word (root), (2) a set of keywords (such as Usages and

Living things), and (3) the vocabulary associated with each keyword (e.g., words like Cooking and

Bathing linked to the keyword Usages).

Let us propose a formal definition of semantic maps as follows:

Definition 2 (Semantic Map) Let C the set of groups of related words in the vocabulary, Ci the

i − th group of related words, KW the set of keywords representing each group of related words,

and α the main subject of the vocabulary. Let us define a semantic map as a tree T = (α,ET ),

where α represents the root of this tree, and ET contains the set of edges that connects all nodes of
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Water

Locations

Lake

Sea

River

Ocean

Stream

Features

Blue

Hot

Clean

Salty

Living things

Fish

Plants

Octopus

Shark

Usages

Washing

Cooking

Bathing

Drinking

Figure 4.1: Example of a semantic map of concepts and vocabulary associated with topics Water.

the semantic map. ET is defined as follows: ET = (EKW ∪ Ew), where EKW = (α ×KW ), and

Ew = (KWi × wi)∀KWi∈KW , ∀wi∈Ci
.

4.2. Semantic Similarity in Knowledge Graphs

Before describing the process to compute the semantic map associated with a KG, we first need

to explore the existing approaches to compute the similarity between two entities in a KG. Then,

we can use this approach to outline a generalized method to find groups of related entity instances

in a KG.

Semantic similarity is a metric widely employed in Natural Language Processing (NLP) and

Information Retrieval (IR) domains [37], representing the degree of relatedness between two con-

cepts based on their hierarchical relations [77, 94]. In a KG, the semantic similarity between two

entities e1 and e2 ∈ V is denoted as sim(e1, e2). Intuitively, the semantic distance between two
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words is commonly determined by the path connecting them in a KG. Semantic similarity metrics

can be broadly classified into two main groups: corpus-based and knowledge-based approaches

[62]. Corpus-based similarity metrics focus on assessing the similarity between two concepts us-

ing information extracted from large corpora. Examples of corpus-based similarity metrics include

pointwise mutual information [18] and latent semantic analysis [48]. In contrast, knowledge-based

similarity metrics quantify the semantic relatedness between two words using information provided

by the TBox in a KG. Knowledge-based approaches encloses path-based metrics proposed by Hul-

pus et al. [38], Wu and Palmer [95], and Leacock and Chodorow [49]. Other knowledge-based

measures utilize the Information Content (IC) metric, such as Lin [54], Jiang and Conrath [41],

and Resnik [77]. The IC of concepts is a statistical measure that quantifies the specificity of a

concept over a corpus. Higher IC values indicate more specific concepts (e.g., dbo:Book), while

lower values are associated with more general concepts (e.g., owl:Thing). Hybrid knowledge-

based approaches, such as IC-graph [104] or Zhou [103], combine IC with other metrics to assess

the relatedness of two words. For instance, graph-based IC [104] employs a SPARQL query on

DBPedia to compute freqgraph(ci) and N values in the following expression:

ICgraph(ci) = −logProb(ci) (4.1)

Where Prob(ci) =
freqgraph(ci)

N
and N is the number of entities in the KG. Let E(ci) the set

of entities having type of ci, the frequency of concept ci in the KG is defined as freqgraph(ci) =

|E(ci)|.

4.3. Conclusion

In conclusion, semantic maps serve as tools for illustrating the intricate relationships between

concepts or terms within a specific domain or field of study. By visually organizing and displaying

the semantic connections among various entities, these maps highlight both similarities and distinc-

tions, offering insights into how ideas are interconnected. While there exist diverse mathematical

representations for semantic maps, such as graphs and Euclidean spaces, their fundamental pur-

pose remains consistent: to provide a tangible depiction of semantic relationships. Furthermore,

in the context of KGs, semantic similarity emerges as a crucial metric, facilitating the assessment
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of relatedness between entities. Leveraging semantic maps to visualize the high level of abstrac-

tion inherent in KGs, we propose an approach aimed at extracting concise representations of KGs

based on semantic proximity. This endeavor implies computing the similarity among all entity in-

stances in a KG, ultimately culminating in the generation of a reduced version of the KG. Through

this combination of the process to build semantic maps and similarity computation, we aim to en-

hance our understanding of KGs while streamlining their representation for practical applications

and analysis.

To the best of the author’s knowledge, no prior research has directly addressed KG visualization

using semantic maps. While several studies have explored related aspects, such as Topic Maps [66],

CubeViz [58], Sextant [69], and [20] (explored in Chapter 2), these approaches do not explicitly use

semantic maps to visualize KGs. This thesis introduces a methodology for extracting a semantic

map from a given KG, offering a unique perspective on the use of semantic maps for performing

Visual Data Exploration tasks.
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5. Summarize Knowledge Graphs through Semantic
Maps

5.1. Semantic Maps as a strategy to reduce the size of a Knowledge
Graphs

The idea behind the semantic map of a KG is to condense the content of the KG by exploiting

semantic similarities among pairs of entities. To illustrate this concept, let us create a concise

KG derived from DBPedia, focusing on fictional characters from fantasy novel series authored by

George R. R. Martin. Figure 5.1a) depicts a visual representation generated by an online RDF

graph visualizer 1, which facilitates easy visualization and analysis of RDF datasets. However,

this visualization may lack clarity and appeal, potentially impeding effective exploratory analysis.

In contrast, Figure 5.1b) presents a semantic map of the KG, employing a node-link format to

depict entity instances linked to their respective centroids, with all centroids interconnected with

the central concept of the semantic map. In this study, we propose to take advantage of the benefits

of semantic maps to illustrate the intricate relationships between concepts in a KG by organizing

them based on semantic closeness.

(a) (b)

1

Figure 5.1: Visual representation from a small KG containing some fictional characters by George
R.R. Martin. a) Contains the visual representation produced by the online RDF visualizer. b)
Inferred semantic map of the original KG.

1https://issemantic.net/rdf-visualizer (Last visited: 2024-03-29)
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Contribution 1 (Semantics maps to reduce size of KGs) Given a KG, we propose extracting its

semantic map to reduce the number of edges and group related entities of the KG by using the

semantic similarity among these entities. Formally, we propose a function ψ(λ) : KG → SMλ,

where ψ represents the process of extracting a semantic map, and λ signifies the centroid-based

clustering algorithm used to group the entities in the KG.

5.2. Extracting semantic distance of entities in a Knowledge Graph

The initial step in the process to generate semantic maps entails clustering the entities within the

KG based on their semantic proximity. The main challenge in this phase is to extract numerical data

from the KG and generate a set of entity clusters. Our approach involves computing the semantic

distance for each pair of entities in the KG by constructing a semantic distance matrix.

Definition 3 (Semantic distance matrix) Given a Knowledge GraphK = (V, L,E), and sim(e1, e2)

the semantic similarity between entity instances e1 and e2, the semantic similarity matrixD(K) rep-

resents the semantic distance between each pair of entity instances in E. Specifically, the value for

cell di,j = 1− sim(ei, ej).

Algorithm 1 presents the process for computing the semantic distance matrix D. It begins by

obtaining the set of triples that define the KG from the edge set E. For each edge e ∈ E, the

functions subject(), property(), and value() are used to extract the subject, property label, and

target entity instance, respectively. Subsequently, for every pair of triples ti, tj ∈ T , the algorithm

calculates the semantic similarity using the function sim().

The semantic similarity function sim() is defined using a list of state-of-the-art semantic sim-

ilarity measures such as path [75], Wu and Palmer (wup) [95], Leacock and Chodorow (lch) [49],

and information content-based measures: Resnik (res) [76], Jiang and Conrath (jnc) [41], and Lin

(lin) [54]. According to the original authors of the function sim() [105], a threshold η ∈ [0, 1] is

used to establish the semantic similarity between two synsets 2.

2A set of words that share one common sense is called a synset [105]
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Algorithm 1: Algorithm to build the semantic distance matrix
Input: Set of edges E of K
Result: Semantic distance matrix D
// Let T be the set of triples associated with the K

T ← ∅;
foreach e ∈ E do

T ← T ∪ {(subject(e), property(e), value(e))};
end
foreach (ti, tj) ∈ T × T do

if ti = tj then
D(i, j)← 0;

end
else

ea ← subject(ti);
eb ← subject(tj);
D(i, j)← D(j, i)← 1− sim(ea, eb);

end
end
return D;

5.2.1 Complexity analysis of semantic distance extraction

The original authors of [105] do not provide a detailed explanation of the computational com-

plexity of the function sim(). However, we can offer a brief analysis of its computational complex-

ity based on the algorithm description provided and the available code of sim() 3. The function

sim() takes as input parameters the references of two entities within the YAGO KG, represented

as e1 and e2. It involves five phases:

a) Extracting concepts from the YAGO KG,

b) Mapping concepts to synsets,

c) Calculating the IC metric,

d) Calculating scores for synsets, and

e) Obtaining the final score for the given entities.

3https://github.com/gsi-upm/sematch (Last visited: 2024-03-29)
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The filtering stage operates in linear time, precisely O(N1 + N2), where N1 and N2 denote

the number of concepts linked with entities e1 and e2, respectively. Similarly, associating concepts

with synsets for each entity also requires linear time, specifically O(N1 + N2), for each entity.

Computing the IC metric for each synset and identifying the most common synsets also consumes

linear time, O(N1 + N2). The comparison and score computation involve nested loops. In the

worst-case scenario, there are N1 iterations for the score of e1 and N2 iterations for the score of

entity e2, resulting in a time complexity of O(N1 ·N2). The final score computation is a constant-

time operation,O(1). Overall, the most time-intensive segment of the code involves the nested loop

for comparing synsets and calculating scores, resulting in a time complexity of O(N1 ·N2).

The relationship between similarity and distance follows the principle that greater similarity

between two entities corresponds to a shorter distance between them. Each row in D(K), denoted

as the i-th row, comprises a vector containing semantic distance values between the i-th entity and

all other entities in the KG. The semantic distance between each entity and itself is defined as 0. Our

approach entails employing a centroid-based clustering algorithm to produce a non-overlapping set

of clusters, using the semantic distance matrix D as input for the selected clustering algorithm.

5.3. Clustering entities of Knowledge Graphs

An essential aspect of semantic maps involves identifying specific nodes in the KG that repre-

sent each group of entity instances. In the context of grouping data points in graphs, there are two

main approaches: clustering algorithms and graph community detection algorithms. Since we need

to identify a representative item for each group, we will focus on centroid-based clustering algo-

rithms. Centroid-based focuses on partitioning point data in a vector space, while graph community

detection focuses on identifying dense subgroups within a network structure.

We propose utilizing PAM and Affinity Propagation center-based clustering algorithms, primar-

ily because they can handle distance matrices as input rather than feature vectors [26, 43]. PAM is

an iterative algorithm that selects a set of k medoids from data points and assigns each non-medoid

point to its closest medoid, aiming to minimize the sum of distances between each data point and

its assigned medoid. Conversely, Affinity Propagation propagates messages between data points to

determine which points should serve as exemplars representing their respective clusters.
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5.3.1 Clustering-based algorithms

Clustering algorithms based on centroids utilize the notion of centroids to cluster similar enti-

ties within KGs. Ultimately, we underscore the significance of visual data exploration techniques

in comprehending knowledge graphs and showcase how semantic maps derived from knowledge

graphs can aptly visualize their content.

Various methodologies exist for clustering data, with recent surveys categorizing these ap-

proaches based on application or data type for grouping [1, 25, 96]. Clustering types encompass

Centroid-centric, Density-based, Distribution-based, and Hierarchical clustering [19].

One phase of the process to build semantic maps involves assigning each entity to the most

suitable cluster based on semantic similarity. Each resulting cluster requires a node representing

all contained entities. The set of these representative nodes is termed the semantic map’s keywords.

Viewing these keywords as centroids of clusters underscores the importance of employing centroid-

based clustering.

The fundamental concept of centroid-centric clustering lies identifying k centroids (or centers),

followed by computing k sets of data points that minimize proximity to each center. For example,

the K-means algorithm aims to minimize the sum of squared distances between data points and the

cluster centroids [57]. A variant of K-means, the PAM (Partitioning Around Medoids) algorithm,

minimizes dissimilarities between points in a cluster and the centroids [43]. CLARA (Cluster-

ing Large Applications) extends PAM for large datasets [44]. Conversely, CLARANS (Clustering

Large Applications based on RANdomized Search) is a partitioning algorithm focused on spatial

data mining, recognizing patterns and relationships in spatial data such as topological data [67].

Another centroid-centric clustering algorithm is the Affinity Propagation (AP) algorithm, employ-

ing a message-passing procedure to broadcast messages of attractiveness and availability among

data points [26].

Let C =
∪
Ci denote the set of clusters obtained after applying a centroid-based clustering

algorithm. Each cluster Ci contains a centroid element represented by centroid(Ci), and the set of

centroid elements is defined by Equation 5.1.

µ =
∪

Ci∈C

centroid(Ci). (5.1)
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5.4. Central concept of the semantic map

A fundamental aspect of a semantic map is its central concept, which serves as the focal point

of the graphical representation. In this investigation, we denote this central concept as α. Within a

typical semantic map, α is connected with a selected set of keywords (for instance, Usages, Living

things, Locations, and Features of Water as illustrated in Figure 4.1). These keywords are employed

to represent each group of terms within the semantic map. This study suggests utilizing centroids

obtained from centroid-based clustering algorithms [96] as the keywords of a KG. Hence, we denote

these keywords as the set of centroids µ of the entities in a KG, where each µi represents the centroid

of the i-th cluster Ci, i.e., µi = centroid(Ci).

To identify the central term α, we propose computing the ICgraph measure for all types associ-

ated with each centroid in µ. Information Content (IC) [54] functions as a statistical metric to ascer-

tain the specificity of a concept across a corpus. Higher IC values indicate more specific concepts

(e.g., dbo:Book), whereas lower IC values are linked to more general concepts (e.g., owl:Thing).

Hybrid knowledge-based approaches such as IC-graph [104] or Zhou [103] blend IC with other

metrics to evaluate the relational closeness between two words. For instance, the graph-based IC

[104] utilizes a SPARQL query on DBPedia to compute freqgraph(ci) andN values in the following

expression:

ICgraph(ci) = −logProb(ci) (5.2)

Defining types(ei) as the function that retrieves the set of types associated with the entity ei,

we designate T as the set of shared types among all centroids in µ. This formulation is formally

outlined in Equation 5.3.

T =
∩
µi∈µ

types(µi) (5.3)

Definition 4 (Central concept α) Given a set of shared types T , the central concept α of K is the

concept ci ∈ T with maximum ICgraph.
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Algorithm 2: Infer main term α

Input: µ: Set of centroids of C
Result: α: Main term of K
T ← types(µ0);
foreach µi ∈ µ− µ0 do
T ← T ∩ types(µi);

end
α← maxt∈T ICgraph(t);
return α;

5.4.1 Complexity analysis of the process to infer the term α

Algorithm 2 formalizes the procedure for deducing the primary term ofK by initializing the set

of shared types, denoted as T , with the types linked to the centroid of clusterC0. The computational

complexity of ICgraph() (refer to Equation 5.2) depends on the complexity of constructing the set

of entities categorized under the concept ci, denoted as E(ci). To achieve this, we traverse the entire

KG, incurring a time complexity ofO(N), whereN represents the number of nodes in the KG. For

each node, we retrieve the list of types and search for the concept ci. Assuming that obtaining the

list of types involves a complexity of O(t), where t is the number of types associated with concept

ci, the overall complexity of ICgraph() is O(N · t).

5.5. Semantic map of a Knowledge Graph

The process to build semantic maps involves clustering KG entities and determining the central

term α. Algorithm 3 outlines the steps for constructing the semantic map of a KG, visually depicted

in Figure 5.2. The algorithm consists of four main steps: constructing the semantic distance matrix,

computing the clusters, inferring the central term, and generating the semantic map. The complexity

of each step depends on the number of triples in the input KG and the number of clusters.

Definition 5 formalizes the proposed concept of the semantic map associated with a KG. Sym-

bols mentioned in Definition 5 are described in the Table 5.1.

Definition 5 (Semantic map of a Knowledge Graph) Given a Knowledge GraphK = (V, L,E),

a semantic distance matrix D(K), the centroid-based clustering algorithm λ, and the main term

of K resulting of applying the clustering defined by λ: αλ, the semantic map of K is defined as
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SMλ(K) = (αλ, EK , µλ,NC).

Algorithm 3: ψ: Process to produce the semantic map of a KG
Input: E: Edges associated with the KG to reduce
Input: λ: Centroid-based Clustering algorithm
Result: SMλ(K)
D ← buildSemanticDistanceMatrix(E);
Cλ, µλ ← computeClusters(D, λ);
αλ ← inferMainTerm(µλ);
Initialize set SM← ∅;
Initialize set NC ← ∅;
foreach Ci ∈ Cλ do

µi ← centroid(Ci);
foreach x ∈ Ci do
NC ← NC ∪ x;
Enc ← Enc∪ create_edge(x, µi);

end
end
foreach µi ∈ µλ do

Eµ ← Eµ∪ create_edge(µi, αλ);
end
EK ← Eµ ∪ Enc;
SMλ(K)← (αλ, EK , µλ,NC);
return SMλ;

5.5.1 Complexity analysis of the process of building a semantic map of a KG

The semantic distance matrix is a square matrix of size n×n, where n represents the number of

triples in the input KG. Building this matrix requires n×n calls to the function sim(), which has a
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. . .
⟨ subject - predicate - value ⟩

(a)

D =


d11 d12 d13 . . .
...

. . . . . .
...

...
. . . . . .

...
dn1 . . . . . . dnn


(b)

2 4 6 8
0

20

40

60

80

X

X

X

X

(c)

?

Locations

Lake

Sea

River

Ocean

Stream

Features

Blue

Hot

Clean

Salty

Living things

Fish

Plants

Octopus

Shark

Usages

Washing

Cooking

Bathing

Drinking

(d)

Water

Locations

Lake

Sea

River

Ocean

Stream

Features

Blue

Hot

Clean

Salty

Living things

Fish

Plants

Octopus

Shark

Usages

Washing

Cooking

Bathing

Drinking

(e)

Figure 1: Semantic mapping process

1

Figure 5.2: Phases of the process to build semantic maps. (a) Consume a KG as a list of n-triples,
(b) Generate the semantic distance matrixD, (c) Cluster entities using the matrixD, (d) Infer main
term α, and (e) Assemble the semantic map by connecting each centroid with α.
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computational complexity of O(N1 ·N2). In the worst-case scenario, both N1 and N2 may equal n,

resulting in a complexity ofO(n4) for constructing the semantic distance matrix. The complexity of

computing the clusters depends on the clustering algorithm used. For example, Affinity Propagation

has a complexity of O(n2 · T ), where T is the number of iterations, while PAM has a complexity

of O(k · (n − k)2), with k denoting the number of clusters. Inferring the central term α has a

time complexity of O(N · t), where N represents the number of nodes in the entire KG (which

is significantly larger than n), and t is the number of types. Creating the semantic map incurs a

complexity ofO(n+k), involving the establishment of edges between each node and its centroid, as

well as between each centroid and the central term. Thus, inferring the central termα contributes the

most to the overall complexity of generating semantic maps for a KG, exhibiting a time complexity

of O(N · t).

TABLE 5.1. SYMBOLS ASSOCIATED WITH SEMANTIC MAPS OF KNOWLEDGE
GRAPHS.

Symbol Description

λ Centroid-based clustering algorithm used to group entities in the KG.

αk Main concept of the semantic map associated with the clusters inferred by λ.

µλ Set of centroid entities produced by a centroid-based clustering algorithm λ, where µ ⊆ V .

Cλ Set of clusters resulting from running a centroid-based algorithm λ.

NC Non-centroids entities in KG, where NC ⊆ V and NC ∩ µλ = ∅.

Enc Set of edges connecting all members of the clusters with their corresponding centroid, defined as
µi × x, ∀x ∈ NC and ∀µi ∈ µλ.

Eµ Set of edges connecting all centroids with the main term αλ, defined as Eµλ
= µi × α, ∀µi ∈ µλ.

EK Set of edges connecting each all elements in the semantic map, defined as EK = Eµλ

∪
Enc.

5.6. Conclusion

Our approach offers a novel approach to constructing a semantic map of a KG by leveraging

the results of a clustering algorithm applied to KG nodes based on their semantic similarity. By

exploiting the intrinsic semantic relationships among these nodes, our method enables the creation

of a map that succinctly captures and visualizes the underlying semantic structure of the data. This

methodology serves as a valuable tool for navigating complex datasets and enhancing the efficiency

37



CHAPTER 5. SUMMARIZE KNOWLEDGE GRAPHS THROUGH SEMANTIC MAPS

of knowledge discovery processes.

In summary, Algorithm 3 represents the function ψ as mentioned in Contribution 1. The pro-

cess to build semantic maps outlined in this chapter proposes a solution for reducing the size of a

given KG by capturing semantic similarity among all pairs of entities within the KG. This approach

involves replacing all edges in the original graph with edges connecting the centroid of each in-

ferred group to all items within each cluster. As a result, the semantic map retains all vertices from

the original graph but with a reduced number of edges, ensuring that each group represents entities

that are semantically close.
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6. Knowledge Graphs Visualization through Semantic
Maps

This chapter aims to demonstrate the effectiveness of the proposed method in generating seman-

tic maps described in Chapter 5 and showcasing how these maps can utilized to visualize KGs. We

commence by outlining the Python framework developed to test our approach. Subsequently, we

discuss the datasets utilized, obtained through a series of SPARQL queries. We then elaborate on

the process of selecting hyperparameter values for the PAM and Affinity Propagation algorithms.

Following this, we delve into the quality assessment of semantic maps of KGs, with a focus on

the quantitative evaluation of clusters generated by the algorithms. Moreover, we introduce the

centroid-based inference method for the term α. Finally, we offer a comprehensive analysis of the

results obtained, discussing the implications and significance of our findings.

6.1. Building Semantic Maps Framework

The experiments were conducted using a Python 3 framework 1. This framework relies on

the Sematch framework [105] for executing SPARQL queries to the DBPedia public endpoint and

computing the required similarity measure to generate the semantic distance matrixD. The function

sim(ei, ej), as described in Algorithm 1, is implemented through a SPARQL query to DBPedia.

Once D is generated, the framework utilizes centroid-based clustering strategies, specifically PAM

and Affinity Propagation, to produce the set of centroids µ and the set of non-centroid nodes NC.

The main term α is inferred by implementing Algorithm 2 to compute the central term. The shared

types are obtained from a SPARQL query to DBPedia, following the path illustrated in Figure 6.1.

Finally, the tool assembles the semantic map using Algorithm 3. The maps are generated using the

pyvis library, which is a wrapper around the JavaScript visJS library.

1https://github.com/pcamarillor/semantic_mapping (Last visited: 2024-03-30)
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6.1.1 Datasets

The datasets employed for validating the construction of semantic maps are acquired by execut-

ing SPARQL queries to the DBPedia via its public endpoint 2. The results are stored in N-Triples

format, where each dataset consists of a list of subject-predicate-object triples. Each dataset is de-

signed to represent various knowledge domains accumulated in DBPedia and demonstrate how they

can be condensed and visualized using semantic maps. Table 6.1 offers a summary of the datasets

utilized in the experiments. While the datasets used in these experiments are not particularly large,

they were carefully selected to align with the objectives of this study. The focus of our work is

on demonstrating the effectiveness of the proposed method to extract semantic maps from KGs,

which can be achieved with datasets of this size. Additionally, smaller datasets allow for more con-

trolled experimentation and thorough analysis. Nonetheless, we acknowledge that larger datasets

may provide further insights and leave this as a consideration for future research. The detailed

SPARQL queries utilized to generate these datasets are documented in the repository containing

the framework developed for conducting these experiments.

6.1.2 Hyperparameter selection

Determining the optimal number of clusters (k) is a crucial hyperparameter in the PAM cluster-

ing algorithm. We identify this parameter using the elbow method [93], a heuristic technique for

selecting the ideal number of clusters in a dataset. The elbow method operates under the principle

that as the number of clusters increases, the within-cluster sum of squares (WSS) decreases, indicat-

ing a reduction in the distance between each data point and its assigned center. The PAM algorithm

2https://dbpedia.org/sparql/ (Last visited: 2024-03-30)

SELECT DISTINCT ?o WHERE {

<RDF Concept >

<http :// www.w3.org /1999/02/22 -rdf -syntax -ns#type >

?o .

} LIMIT 5000

1

Figure 6.1: Template of the SPARQL query to get the list of types associated with each centroid.
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TABLE 6.1. DATASET SUMMARY

Dataset Description Number of triples

SCI-FI-MOVIES.NT List of triples describing sci-fi movies with a gross greater
than eight billion of dollars.

188

FANTASY-NOVELS.NT This dataset contains a set of triples describing fantasy
novels published after year 2000.

693

CITIES.NT Collection of triples describing cities with a total popula-
tion greater than five millions.

127

DISEASES.NT List of triples that enumerates infectious diseases. 36

DRUGS.NT List that contains triples of medicines associated with in-
fectious diseases.

54

ACTORS.NT This collection of triples contains actors starring ameri-
can sci-fi movies.

166

MOVIES-AND-ACTORS.NT This dataset combines a subset of SCI-FI-MOVIES.NT
and ACTORS.NT datasets.

72

DISEASES-AND-DRUGS.NT This collections of triples combining selected triples
from DISEASES.NT and DRUGS.NT.

50

employs the elbow method to determine the optimal value of k, relying on the WSS metric, which

decreases as the distance between each data point and its assigned center diminishes.

In contrast, for the Affinity Propagation algorithm, the preference value plays a crucial role in

determining the number of clusters to generate. A higher preference value leads to the formation of

more clusters, as more data points are chosen as exemplars. Conversely, a lower preference value

results in fewer clusters, as fewer data points are selected as exemplars. Hence, it is essential to

conduct sensitivity analysis by testing different values of the preference parameter to identify the

optimal number of clusters.

Our methodology involves maximizing the silhouette index of the resulting clustering after run-

ning Affinity Propagation with preference values ranging from 0.1 to 0.9. This range covers the

possible semantic distance values in the distance matrix. Table 6.2 outlines the process of selecting

the preference and k hyperparameters for the Affinity Propagation and PAM algorithms, respec-

tively.
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TABLE 6.2. HYPERPARAMETER SELECTION.

PAM Affinity Propagation

Dataset Optimal number of cluster k WSS Preference Number of generated clusters

SCI-FI-MOVIES.NT 24 0.27 0.8 5

FANTASY-NOVELS.NT 40 1.73 0.8 6

CITIES.NT 16 1.69 0.5 5

DISEASES.NT 9 0.80 0.6 3

DRUGS.NT 10 8.40 0.8 52

ACTORS.NT 15 19.57 0.1 3

MOVIES-AND-ACTORS.NT 13 4.23 0.7 4

DISEASES-AND-DRUGS.NT 10 6.40 0.7 3

6.2. Quality of Semantic Maps a Knowledge Graphs

The core of the process to generate semantic maps involves clustering entity instances and ob-

taining the set of centroids µλ. To provide a quantitative validation method for semantic maps,

we propose associating the quality of the computed clusters with that of the semantic maps. This

evaluation methodology enables us to determine the dependability of the groups described in the

semantic map.

6.2.1 Cluster quality

The literature distinguishes between two categories of clustering validation measures: external

clustering validation and internal clustering validation [1]. Internal validation metrics assess the

quality of a clustering algorithm based on its intrinsic properties, while external validation methods

evaluate the quality of a clustering solution by comparing it with known data labels. Given the

absence of known labels for the datasets used in the experiments outlined in this study, we opt to

utilize internal validation measures such as the Silhouette score [43], Davies-Bouldin score [21],

and Calinski-Harabasz Index [13].

Each internal validation metric evaluates different aspects of the clusters. For instance, the

Silhouette score quantifies how well each data point fits into its assigned cluster relative to other

clusters [43]. The cluster’s inertia, or within-cluster sum of squares (WSS) metric, assesses the den-
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sity of the data points within each cluster [57]. The goal is to minimize inertia, which corresponds

to maximizing the distances between clusters. Conversely, the Dunn index measures the distance

between the nearest points in different clusters and the distance between the farthest points within

each cluster [22]. Another well-recognized quality measure is the Davies-Bouldin index, which

evaluates the similarity between each cluster and its closest neighboring cluster while also consid-

ering internal cluster similarity [21]. Finally, the Calinski-Harabasz index quantifies the ratio of

between-cluster variance to within-cluster variance [13].

Contribution 2 (Quality of Semantic Maps a KGs) Let SMλ(K) = (αλ, EK) represent the se-

mantic map associated with the KG K and a clustering algorithm λ. We propose that the quality

of SMλ(K) be denoted by ϕ(EK), where ϕ is the function that evaluates the cluster quality of the

clusters captured in the set of edges EK .

6.3. Quality of semantic maps

Tables 6.3 and 6.4 presents three columns representing the quality of semantic maps generated

by two centroid-based clustering algorithms (PAM and Affinity Propagation), as assessed by the

silhouette score, Davies-Bouldin score, and Calinski-Harabasz index. The silhouette score mea-

sures how similar each entity is to its own cluster compared to other clusters, with higher scores

indicating better cluster quality. Conversely, the Davies-Bouldin index evaluates the ratio of within-

cluster scatter to between-cluster separation, with lower scores indicating superior cluster quality.

Similarly, the Calinski-Harabasz index quantifies the ratio of between-cluster variance to within-

cluster variance, with higher scores suggesting improved cluster quality. Specifically, the silhou-

ette score reflects the similarity of each entity to its own cluster versus other clusters, with scores

approaching 1 indicating better cluster quality. Meanwhile, the Davies-Bouldin index quantifies

the ratio of within-cluster scatter to between-cluster separation, where lower scores denote higher

cluster quality. Lastly, the Calinski-Harabasz index evaluates the ratio of between-cluster variance

to within-cluster variance, with higher scores indicating better cluster quality.
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TABLE 6.3. QUALITY OF CLUSTERS PRODUCED BY
THE PROCESS TO GENERATE SEMANTIC MAP FOR PAM
ALGORITHM.

Dataset Silhouette Davies-Bouldin Calinski-Harabasz

score score Index

MOVIES_SCIFI 0.86 0.28 1366.07

FANTASY_NOVELS 0.66 3.73 133.56

CITIES 0.69 0.46 281.70

DISEASES 0.44 0.68 46.56

DRUGS 0.33 1.32 11.06

ACTORS 0.40 1.26 52.87

MOVIES-AND-ACTORS 0.55 0.67 103.26

DISEASES-AND-DRUGS 0.54 0.94 91.39

TABLE 6.4. QUALITY OF CLUSTERS PRODUCED BY THE PROCESS TO GENERATE SE-
MANTIC MAP FOR AFFINITY PROPAGATION ALGORITHM.

Dataset Silhouette Davies-Bouldin Calinski-Harabasz

score score Index

MOVIES_SCIFI 0.45 2.33 17.38

FANTASY_NOVELS 0.38 1.53 10.93

CITIES 0.47 1.27 77.45

DISEASES 0.43 2.84 5.52

DRUGS -0.02 0.71 0.63

ACTORS 0.13 2.44 37.63

MOVIES-AND-ACTORS 0.54 1.41 85.44

DISEASES-AND-DRUGS 0.42 0.57 60.25

6.4. Discussion

The evaluation of the semantic map uses metrics that are already validated and widely used

by the community, thereby offering a standardized method to evaluate our proposal. The use of a

single metric to evaluate semantic maps is considered part of future work. The assessment of se-

mantic map quality (Table 6.3 and Table 6.4) highlights the PAM algorithm’s superior performance

compared to the Affinity Propagation algorithm. Across all datasets, the PAM algorithm consis-
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tently achieved higher silhouette scores, indicating clearer and more distinct clusters compared to

the Affinity Propagation algorithm. Additionally, the Davies-Bouldin scores for the PAM algorithm

suggested compact and well-separated clusters in 5 out of 8 datasets, while the Affinity Propagation

algorithm exhibited significant overlap and poor separation. The Calinski-Harabasz index further

confirmed the PAM algorithm’s superiority in generating high-quality semantic maps, with notably

higher scores than the Affinity Propagation algorithm across all datasets. Consequently, the PAM

algorithm emerges as the preferred choice for producing semantic maps with superior separation

and clarity.
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7. Assessing the effectiveness of Semantic Maps in vi-
sualizing KGs

This chapter describes the evaluation process of the efficacy of semantic maps in summarizing

KGs. The evaluation process implies inferring the primary terms of semantic maps and conduct-

ing a survey to gauge their effectiveness. The results revealed robust endorsement for semantic

maps across various tasks and datasets. Specifically, semantic maps proved efficiency at locating

requested items and enhancing comprehension of the core themes within KGs. In contrast, conven-

tional visual representations received comparatively lower levels of support in similar tasks. These

findings underscore the utility of semantic maps as a valuable tool for summarizing and visualizing

KGs.

7.1. Qualitative assessment of Semantic Maps

One of the goals of graph summarization is to streamline the visual data exploration process

[56]. In this study, we propose evaluating the effectiveness of the summarization process by exam-

ining how well semantic maps serve as a visualization approach for supporting visual exploratory

tasks, as proposed in [15]. Traditional visual representations of KGs, known as classical visual

representations, represent entities and relationships as nodes and edges, respectively. Nodes are

labeled with the names of the entities they represent, while edges are labeled with the names of the

relationships they depict. This visualization method can aid in exploring entity relationships and

understanding the knowledge graph’s structure.

7.2. Main term (α) inference

One of the primary characteristics of a semantic map is the prominent notion known as the

main term, which embodies the principal theme depicted in the graphical representation. Within

this document, we refer to this pivotal concept as α. In each experiment detailed within the chapter

6, the process to generate semantic map deduces the principal term α using the ICgraph metric
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[104]. Table 7.1 outlines the inferred α for every dataset described in chapter 6.

TABLE 7.1. INFERRED MAIN TERMS.

Dataset Inferred main term α

SCI-FI-MOVIES.NT yago:Movie106613686

FANTASY-NOVELS.NT yago:WikicatFantasyNovels

CITIES.NT yago:City108524735

DISEASES.NT yago:AlimentCondition (Affinity Propagation)

yago:Disease114070360 (PAM)

DRUGS.NT dbo:Drug

ACTORS.NT yago:WikicastActors (Affinity Propagation)

yago:Actor109765278 (PAM)

MOVIES-AND-ACTORS.NT yago:Whole100003553

DISEASES-AND-DRUGS.NT yago:Abstraction100002137

There are two specific cases that warrant analysis. In the DISEASES.NT dataset, the semantic

map generated using the Affinity Propagation algorithm infers the main concept as yago:AlimentCon-

dition. In contrast, the main term inferred using the PAM algorithm is the concept yago:Disease-

114070360. Similarly, in the ACTORS.NT experiment, the semantic map produced by the Affinity

Propagation algorithm identifies the main concept as yago:WikicastActors, whereas the main

concept inferred by the PAM algorithm is yago:Actor109765278. The discrepancy in the inferred

main concepts stems from the fact that each clustering algorithm generates a distinct set of centroid

elements (µ), directly impacting the inference of the main concept.

The hybrid datasets MOVIES-AND-ACTORS.NT and DISEASES-AND-DRUGS.NT serve to validate

the process of inferring the term α when instances within datasets originate from different classes.

However, our study revealed a particularly intriguing finding in the resulting semantic maps of these

hybrid datasets. The resulting clusters exhibit a high level of coherence and meaningfulness.
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7.3. Survey on Effectiveness of KG Visual Representations

This study evaluates the effectiveness of summarization by examining how well semantic maps

support visual exploratory tasks compared to a node-link visual representation of the RDF vocabu-

laries. To assess our approach’s efficacy, we conducted a survey comprising three sections:

• The first section aims to understand the profile of the respondents.

• The second section employs a Likert scale [53] to measure the effectiveness of classical visual

representations of KGs for three datasets: DISEASES-AND-DRUGS.NT,

MOVIES-AND-ACTORS.NT, and CITIES.NT.

• The third section inquires about which method is easier to use and more effective in repre-

senting KGs.

This section describes the survey 1 was administered to a cohort of 25 experts. Questions 3

to 8 prompted respondents to select one option from the following choices: Strongly agree, Agree,

Neutral, Disagree, and Strongly disagree. The images displayed in the Appendix C are scaled-down

versions of the original pictures given to participants.

a) Select the description that matches your professional or academic profile.

• I have a background in data science, computer science, information science, or a related

field.

• I am familiar with graph theory, graph databases, and graph algorithms.

• I have experience in querying and manipulating data using languages such as SPARQL,

Cypher, or Gremlin.

• I have expertise in crafting knowledge models using standards like RDF, OWL, or

Schema.org.

• I am curious of natural language processing, machine learning, and semantic web tech-

nologies.
1https://ue8vg07pp4n.typeform.com/to/djZhvStq
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• I have some curiosity to explore and discover new insights from data.

b) How often do you use KGs in your work or studies?

• Never

• Rarely

• Sometimes

• Often

• Always

c) The following picture (see Figure 7.1) displays a classic visual representation of certain drugs
and diseases described in Wikipedia. Please evaluate the visual representation displayed

based on the following statements:

• I was able to find easily the item

dbpedia:Ross_River_fever using this

visual representation

• I was able to identify the central concept that represents all items in the picture

• This representation helped me understand the relationships between different entities

and concepts

d) The following picture (see Figure 7.2) displays a semantic map that summarizes certain drugs
and diseases described in Wikipedia. Please evaluate the visual representation displayed

based on the following statements::

• I was able to find easily the item

Ross_River_fever using this

visual representation

• I was able to identify the central concept that represents all items in the picture

• This representation helped me understand the relationships between different entities

and concepts
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e) The following picture (see Figure 7.3) displays a classic visual representation of certain ac-
tors and movies described in Wikipedia. Please evaluate the visual representation displayed

based on the following statements:

• I was able to find easily the item

dbpedia:Ender's_Game_(film) using this

visual representation

• I was able to identify the central concept that represents all items in the picture

• This representation helped me understand the relationships between different entities

and concepts

f) The following picture (see Figure 7.4) displays a semantic map that summarizes certain ac-
tors and movies described in Wikipedia. Please evaluate the visual representation displayed

based on the following statements::

• I was able to find easily the item

Ender's_Game_(film) using this

visual representation

• I was able to identify the central concept that represents all items in the picture

• This representation helped me understand the relationships between different entities

and concepts

g) The following picture (see Figure 7.5) displays a classic visual representation of certain cities
described in Wikipedia. Please evaluate the visual representation displayed based on the

following statements:

• I was able to find easily the item dbpedia:Bogotá using this visual representation

• I was able to identify the central concept that represents all items in the picture

• This representation helped me understand the relationships between different entities

and concepts
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h) The following picture (see Figure 7.6) displays a semantic map that summarizes certain cities
described in Wikipedia. Please evaluate the visual representation displayed based on the

following statements::

• I was able to find easily the item Bogotá using this visual representation

• I was able to identify the central concept that represents all items in the picture

• This representation helped me understand the relationships between different entities

and concepts

i) Which method do you find easier to use?

• Semantic Maps

• Classic Visual Representations

j) Which method do you think is more effective in representing KGs?

• Semantic Maps

• Classic Visual Representations

7.4. Results of effectiveness of semantic maps as strategy to visualize
KGS

Concerning the profiles of the experts engaged in this study, we introduced six distinct profiles

associated with the fields of knowledge discovery, artificial intelligence, and data science. Partici-

pants had the option to select more than one profile. Based on the gathered responses, it was found

that:

• 88.5% mentioned having a background in computer science or a related field.

• 73.1% mentioned being familiar with graph theory.

• 65.4% expressed curiosity about exploring and discovering new insights from data.

• 53.8% were curious about natural language processing, machine learning, and semantic web

technologies.

52



CHAPTER 7. ASSESSING THE EFFECTIVENESS OF SEMANTIC MAPS IN VISUALIZING KGS

• 38.5% reported having experience in querying and manipulating data using languages such

as SPARQL.

• Only 3.8% mentioned having experience in crafting knowledge models.

Regarding the frequency of using KGs in their daily duties:

• 38.5% of participants mentioned using KGs sometimes.

• 11.5% always use KGs to fulfill their daily duties.

Tables 7.2, 7.3, and 7.4 illustrates the outcomes concerning effectiveness for CITIES.NT,

DISEASES-AND-DRUGS.NT, and MOVIES-AND-ACTORS.NT datasets respectively, employing a Lik-

ert scale to evaluate the effectiveness of two different visual representations of KGs across three

exploratory tasks related to visual data. When participants were asked about their preference for

ease of use, 76.9% favored semantic maps, while 23.1% opted for classic visual representations.

Regarding effectiveness in representing KGs, 88.5% of experts chose semantic maps, while 11.5%

preferred classic visual representation.

Exploratory tasks definition:

• 01: Search for one specific item

• 02: Identification of main term

• 03: Explore and comprehend KGs

7.5. Conclusions

In our survey on effectiveness, we investigated three exploratory tasks related to KGs to assess

the efficacy of semantic maps compared to classical visual representations across various datasets.

Let’s delve into the key findings:

a) Search for a Specific Item: Semantic maps consistently received strong support in locat-

ing requested items. In the DISEASES-AND-DRUGS.NT dataset, 20% of participants strongly
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TABLE 7.2. EFFECTIVENESS ASSESSMENT RESULTS FOR VISUALIZATION ON
DATASET CITIES.NT

Task Visualization Strategy Rating

Search for one spe-
cific item

Node-link visualization 20% 76%

Semantic Maps 80% 8%

Identification of main
term

Node-link visualization 56% 28%

Semantic Maps 84% 4%

Explore and compre-
hend KGs

Node-link visualization 42% 33%

Semantic Maps 72% 16%

Strongly agree Agree Neutral Disagree Strongly Disagree

TABLE 7.3. EFFECTIVENESS ASSESSMENT RESULTS FOR VISUALIZATION ON
DATASET DISEASES-AND-DRUGS.NT

Task Visualization Strategy Rating

Search for one spe-
cific item

Node-link visualization 52% 28%

Semantic Maps 84% 4%

Identification of main
term

Node-link visualization 72% 12%

Semantic Maps 60% 12%

Explore and compre-
hend KGs

Node-link visualization 75% 8%

Semantic Maps 67% 13%

Strongly agree Agree Neutral Disagree Strongly Disagree

agreed that semantic maps effectively found the requested item. Similarly, in the MOVIES

-AND-ACTORS.NT dataset, 24% found semantic maps useful for search tasks. In contrast,

classical visual representation garnered 8% and 12% endorsement for the same tasks in the
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respective datasets. For the CITIES.NT dataset, 20% favored semantic maps, while only 8%

found classical visualization helpful.

b) Identification of the Main Term:s For identifying the main topic of the KG, 44% of partici-

pants in the DISEASES-AND-DRUGS.NT dataset found classical visual representation effective,

while 36% favored semantic maps. In the MOVIES-AND-ACTORS.NT dataset, 48% preferred

semantic maps, whereas 32% relied on classical visual representation. For the CITIES.NT

dataset, 44% leaned toward semantic maps, while 24% opted for classical visual representa-

tion.

c) Exploration and Comprehension of KGs: In this task, semantic maps facilitated under-

standing, with 20.8% of participants in the DISEASES-AND-DRUGS.NT dataset strongly agree-

ing. Similarly, in the MOVIES-AND-ACTORS.NT and CITIES.NT datasets, 41.7% of partici-

pants endorsed semantic maps for this task. In contrast, classical visual representation re-

ceived varying levels of support: 12.5%, 25%, and 16.7% for the respective datasets.

These findings highlight the varied utility of semantic maps and visual representation in identifying

the main topics and facilitating exploration of RDF vocabularies across diverse domains.

TABLE 7.4. EFFECTIVENESS ASSESSMENT RESULTS FOR VISUALIZATION ON
DATASET MOVIES-AND-ACTORS.NT

Task Visualization Strategy Rating

Search for one spe-
cific item

Node-link visualization 60% 20%

Semantic Maps 64% 24%

Identification of main
term

Node-link visualization 68% 12%

Semantic Maps 68% 16%

Explore and compre-
hend KGs

Node-link visualization 79% 9%

Semantic Maps 80% 8%

Strongly agree Agree Neutral Disagree Strongly Disagree
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Conclusiones Generales
En este documento de tesis doctoral se ha presentado una estrategia para extraer mapas semán-

ticos de un grafo de conocimiento y de esta forma facilitar el proceso de análisis y visualización de

este tipo de estructuras.

El uso de los grafos de conocimiento en sistemas de inteligencia artificial, sistemas de respues-

tas automatizadas y procesamiento de lenguaje natural se ha incrementado en los últimos años.

La extracción de versiones reducidas de estas estructuras es indispensable para realizar tareas de

análisis y visualización de grafos de conocimiento que cada día incrementan su tamaño.

La propuesta descrita en este documento de tesis doctoral consiste en extraer mapas semán-

ticos de un grafo de conocimiento. Se han descrito experimentos empleando diversos grafos de

conocimiento extraídos de DBPedia para validar la estrategia propuesta en este trabajo de tesis

doctoral. Basándonos en los resultados de estos experimentos, podemos concluir lo siguiente:

a) Los mapas semánticos actúan como herramientas para ilustrar las relaciones entre conceptos

o términos dentro de un dominio o campo de estudio específico. Al organizar y mostrar

visualmente las conexiones semánticas entre varias entidades, estos mapas destacan tanto las

similitudes como las diferencias, proporcionando una visión de cómo están interconectadas

las ideas.

b) El proceso de generación de mapas semánticos ofrece una solución para simplificar un KG

dado al identificar similitudes semánticas entre todos los pares de entidades dentro del KG.

c) La evaluación de la calidad de los mapas semánticos revela que el algoritmo PAM supera al

algoritmo de Propagación de Afinidad. En todos los conjuntos de datos, el algoritmo PAM

consistentemente logra puntajes de silueta más altos, lo que indica que produce grupos más

claros y distintos en comparación con el algoritmo de Propagación de Afinidad.

d) La encuesta presentada para validar la efectividad de los mapas semánticos muestra que son

útiles para representar visualmente e identificar temas clave y facilitar la exploración de vo-

cabularios RDF en diversos dominios.
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Como trabajo futuro, planeamos evaluar nuestra técnica de resumén propuesta mediante la re-

ducción del error de reconstrucción ℓp y las métricas de calidad del error de norma de corte, tal

como lo propusieron Riondato et al.[78].

En resumen, nuestro trabajo integra eficazmente algoritmos de agrupación basados en cen-

troides y el método de inferencia de términos principales para generar mapas semánticos para la

visualización de KGs. Este enfoque proporciona una comprensión integral de los datos al combinar

evaluaciones cualitativas y cuantitativas. Creemos que nuestros hallazgos hacen una contribución

significativa al campo, permitiendo a los investigadores y profesionales visualizar y analizar KGs

con mayor claridad e interpretabilidad.
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General Conclusions
This doctoral thesis document presents a strategy for extracting semantic maps from a KG,

thereby facilitating the analysis and visualization of such structures.

The use of knowledge graphs in artificial intelligence systems, automated response systems,

and natural language processing has increased in recent years. The extraction of reduced versions

of these structures is indispensable for performing analysis and visualization tasks on knowledge

graphs that are growing in size each day.

The proposal described in this doctoral thesis consists of extracting semantic maps from a KG.

Experiments using various KGs extracted from DBPedia have been described to validate the strategy

proposed in this doctoral thesis. Based on the results of these experiments, we can conclude the

following:

a) Semantic maps act as tools to illustrate the relationships between concepts or terms within a

specific domain or field of study. By visually organizing and displaying the semantic connec-

tions among various entities, these maps highlight both similarities and distinctions, providing

insights into how ideas are interconnected.

b) The process of producing a semantic map offers a solution for simplifying a given KG by

identifying semantic similarities among all pairs of entities within the KG.

c) The evaluation of semantic map quality reveals that the PAM algorithm outperforms the

Affinity Propagation algorithm. Across all datasets, the PAM algorithm consistently achieves

higher silhouette scores, indicating clearer and more distinct clusters compared to those pro-

duced by the Affinity Propagation algorithm.

d) The survey presented to validate the effectiveness of semantic maps shows that they are useful

for visually representing and identifying key topics and facilitating the exploration of RDF

vocabularies across various domains.

As future work, we plan to evaluate our proposed summarization technique by reducing the

ℓp-reconstruction error and the cut-norm error quality metrics, as proposed by Riondato et al.[78].
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In summary, our work effectively integrates centroid-based clustering algorithms and and main

term inference method to generate semantic maps for visualizing KGs. This approach provides

a comprehensive understanding of the data by combining both qualitative and quantitative assess-

ments. We believe our findings make a significant contribution to the field, enabling researchers

and practitioners to visualize and analyze KGs with enhanced clarity and interpretability.
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C. Semantic Maps

Figure 7.1: Dataset DISEASES-AND-DRUGS.NT represented using RDF Visualizer online tool.
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Figure 7.2: Dataset DISEASES-AND-DRUGS.NT represented using the generated semantic map.
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Figure 7.3: Dataset ACTORS-AND-MOVIES.NT represented using RDF Visualizer online tool.
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Figure 7.4: Dataset ACTORS-AND-MOVIES.NT represented using the generated semantic map.
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Figure 7.5: Dataset CITIES.NT represented using RDF Visualizer online tool.
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Figure 7.6: Dataset CITIES.NT represented using the generated semantic map.
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