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Introduction

Telling stories and constructing narratives is a fundamental human trait [42,
46, 136]. Narratives help us make sense of experience, explain events, and
establish shared understanding [42, 341]. These abilities come naturally: hu-
mans intuitively identify key entities, infer relationships, and connect events
into coherent interpretations [42]. Building computational systems that emu-
late these narrative capabilities can make Al more human-centric, that is better
aligned with how people reason, explain, and communicate [250, 310].

While narratives are often associated with textual storytelling, the under-
lying process goes beyond surface language. Constructing a narrative involves
retrieving relevant events, identifying causal or thematic links, and organizing
them into meaningful structures. As such, narratives serve a broad range of
cognitive functions, from explaining and predicting to generating hypotheses
and analysing discourse in complex domains. Narratives therefore play a cen-
tral role in understanding, conceived as the construction of meaningful models
that link new observations to background knowledge and support tasks such as
answering questions, explaining outcomes, planning, and predicting [310].

The study of narratives in Al has its roots in narratology, that investigates
narrative structures, elements, and interpretation [20, 155, 166]. Early Al sys-
tems drew on these foundations to build symbolic, machine-readable repre-
sentations that captured events, roles, and causal links. These structured rep-
resentations were often used for tasks such as narrative generation, retrieval,
and comparison, and were typically grounded in social and cultural contexts,
as consistently depicted in the Computational Models of Narrative workshop
series [111-114]. In recent years, the field has shifted toward data-driven ap-
proaches, particularly with the rise of deep learning [293]. Large language
models (LLMs) now tackle tasks like narrative generation and coherence di-




rectly from raw text. This is evidenced by the rising number of workshops
such as the Workshop on Narrative Understanding, Text2Story, the Workshop
on Computational Creativity in Language Generation, Events and Stories in
the News, or Computing News Storylines. In parallel, knowledge-based ap-
proaches have remained prominent in domains such as digital humanities and
biomedicine, where curated knowledge graphs (KGs) enable reasoning, dis-
covery of connection, and the reconstruction of storylines [73, 82, 322].

While LLMs such as ChatGPT [254] have demonstrated remarkable pro-
ficiency in generating fluent and contextually appropriate text [5, 197], they
still face well-documented limitations in transparency, verifiability, and struc-
tured reasoning [284]. In narrative sensemaking tasks where coherence, causal
logic, and evidential grounding are essential, these limitations become partic-
ularly consequential. LLMs can struggle with factual consistency, may hallu-
cinate content [178], and often lack mechanisms for tracing how conclusions
are derived. Moreover, LLMs are primarily trained to generate surface-level
linguistic output, whereas narratives may assume diverse structural forms that
go beyond textual fluency, such as causal chains, thematic arcs, or graph-based
explanations. As such, relying solely on LLMs may be inadequate for high-
stakes applications that demand interpretability, accountability, and trustwor-
thiness. On the other hand, knowledge-based approaches, and KGs in partic-
ular, offer interpretability and structured reasoning. They also present notable
challenges such as data curation, accuracy and consistency, or the integration
of heterogeneous data sources [161, 262], although current research is allevi-
ating some of these burdens.

This thesis builds on both traditions, combining the interpretability
and structure of symbolic representations with the adaptability of data-
driven methods, to support narrative construction across heterogeneous
domains. This thesis adopts a working understanding of narrative as a repre-
sentation, often textual, derived from underlying entities and relationships cap-
tured in knowledge graphs, that helps make sense of observations in a given do-
main. This thesis investigates automated narrative construction through hybrid,
knowledge-enriched approaches. I argue that structured, machine-actionable
representations grounded in events and relationships can more effectively sup-
port narrative functions such as explanation, hypothesis generation, and dis-
course analysis, offering greater interpretability and robustness. KGs, as a
form of structured representation, bring key advantages for organizing and rea-
soning over narrative content. By explicitly modeling entities and their rela-
tionships, KGs provide a natural foundation for structuring memory and con-
textual knowledge. Their formal structure supports data lineage, transparency,
and explainability [201], qualities increasingly prioritized in Al research. In




narrative applications, KGs enable the construction of rich, interpretable repre-
sentations that enhance both comprehension and generation [262]. KGs offer
semantic grounding and traceability, while neural approaches contribute flu-
ency and adaptability. Rather than treating structured approaches and neural
approaches as mutually exclusive, this thesis considers them as complemen-
tary, as also suggested in the literature [127].

As Al systems are increasingly applied in socially and historically sen-
sitive domains, it becomes essential to develop representations that support
transparent, structured, and interpretable narratives. Several Al systems have
been proposed to assist users in constructing such narratives, such as retrieving
and organizing news articles for event-centered storytelling [342], connecting
relevant events in legal cases to support argumentation [110], or navigating
archival material to generate historical hypotheses [238]. This thesis builds on
that motivation through a hybrid strategy combining symbolic and statistical
representations. This methodology forms the core of the work and is applied
across diverse domains: historical question answering, social media discourse
analysis, and hypothesis generation in the social sciences, further detailed in
Sections 1.2 and 1.3 of this chapter.

1.1 Research Questions

How can knowledge graphs enable narrative-like functions such as explana-
tion, hypothesis, and discourse analysis? This is the issue that is addressed in
this thesis, and that is explored through three research questions.

Research Question 1 (Representation): How to represent narrative-like struc-
tures as knowledge graphs?

Although narratives play a central role in how humans explain, interpret, and
communicate complex phenomena, few computational approaches have sys-
tematically identified their core structural elements, such as events, agents, and
causal links, or unified existing representation models. Chapter 2 addresses
this gap by analyzing the representational requirements for narrative construc-
tion and investigating how existing ontologies can fulfill them. Based on ex-
pert interviews, this thesis proposes a unified terminology and offers practical
guidelines for selecting ontological models suited to different narrative use
cases. These guidelines are then applied across the three domains explored in
this thesis: modeling historical narratives (Chapters 3 and 4), querying event
structures in social media data (Chapter 5), and formalizing social science hy-
potheses through expert-driven design (Chapter 6).




Research Question 2 (Construction): How can narrative-centric knowledge
graphs be constructed from heterogeneous data sources across domains?

Constructing structured, narrative-centric representations involves two core
steps: retrieving relevant content and transforming it into KG form. Chap-
ter 3 introduces a semantically guided retrieval method for identifying event-
relevant subgraphs. Domain-adapted KG construction strategies are then ap-
plied across the three use cases: historical data (Chapters 3 and 4), social media
content (Chapter 5), and social science hypotheses (Chapter 6).

Research Question 3 (Evaluation): How effective are structured narrative
representations for supporting reasoning tasks, such as question answering or
hypothesis generation?

Evaluating structured narrative representations requires distinguishing between
intrinsic, quantitative performance and extrinsic, qualitative value. Following a
task-based approach common in the literature, this thesis assesses the value of
hybrid approaches both through metrics from standard tasks (e.g., link predic-
tion, classification) and through user studies that reflect real-world reasoning
tasks. Chapter 3 combines a metric-based evaluation with a qualitative study
comparing the outputs of large language models prompted with and without
structured knowledge. Chapter 4 investigates the effect of narrative structure,
both syntactic and semantic, on model performance. Chapter 6 extends this
evaluation to hypothesis generation in a social science setting, where domain
experts assess and compare Al-generated hypotheses with those they devel-
oped themselves.

1.2 Approach

To explore how narratives can be operationalized in Al systems, this thesis
proposes a general methodology that guides the construction and use of struc-
tured, machine-actionable representations. Narratives rely on common cogni-
tive processes: identifying meaningful connections, and assembling coherent
representations that support explanation, hypothesis generation, or discourse
analysis. These processes are grounded in memory, which may be personal
(reflecting individual knowledge and experience) or collective (drawing from
shared or domain-specific knowledge). The proposed method captures these
shared components in a flexible but consistent workflow, structured around
three main steps that enable the systematic and scalable generation of narra-
tives, and that fits the three research questions identified in Section 1.1. Fig-
ure 1.1 provides an overview of our approach.

4
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KG Representation KG Construction Narrative Retrieval
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their relations, and effective and structuring content from querying relevant knowledge

representations diverse sources from the KG

Figure 1.1: Overview of the proposed approach.

1. KG Representation. This symbolic step determines the representa-
tional requirements by identifying the key elements and relations that
must be captured from narratives. It is then possible to select or define
an appropriate ontology to support structured representation.

2. KG Construction. This step builds the KG that acts as a structured
memory for narrative generation. It extracts relevant content from di-
verse sources (e.g. text, structured data), structuring the content into
a graph aligned with the chosen ontology, and validating the graph’s
consistency. This step is primarily symbolic, though it may incorporate
neural-based methods for information extraction.

3. Narrative Retrieval. Once the KG is constructed, it serves as a dy-
namic foundation for generating varied narratives. Specific KG queries
select relevant subsets of knowledge, which are then structured or as-
sembled into narratives tailored to the intended function, be it explana-
tion, hypothesis generation, or discourse analysis. The flexibility of the
KG allows generating different narratives from the same underlying KG,
enabling personalized or contextualized storytelling with lineage. This
step is primarily neural, though it may incorporate symbolic methods for
extracting the information needed from the KG.

While the technical implementations vary depending on domain-specific
input, requirements and constraints, this approach offers a conceptual and
methodological scaffold.

1.3 Application Domains

To demonstrate the applicability of our approach for structured narrative con-
struction, we selected three use cases spanning a wide spectrum of input data
and KG types, temporal orientations, and narrative functions:




Table 1.1: Summary of use case characteristics.

Attribute Historical Social Media Social Science
Input data KG, Text Tabular data, Text, KG

Metadata
Memory Generic Personal Domain-specific
Type Compression Compression Compression, Expansion
Methods Symbolic, LLM Symbolic Symbolic, Neural
Narrative QA Belief Narratives Hypothesis Generation

 Historical Data: Focused on event-centric narratives grounded in no-
table historical events, this use case utilizes KGs and text as input to sup-
port narrative explanations and question answering. It reflects a shared
memory type and emphasizes compression of vast historical knowledge.

* Social Media Discourse: Centered on real-time, personal data includ-
ing tabular data, text, and metadata, this use case highlights narratives
about beliefs and framing in ongoing conversations. It corresponds to a
personal memory type and involves narrative compression.

* Social Science Research: This domain, supported by expert-curated
KGs, enables hypothesis generation and reflects a domain-specific mem-
ory type. It requires collaboration with specialists to validate knowledge
and narrative templates, and involves narrative compression (summa-
rizing insights from past cases), and narrative expansion (generalizing
these insights to new data).

These cases were chosen to cover a broad range of practical challenges:
from compressing historical knowledge for explanation, to observing social
dynamics in discourse, to generating and testing hypotheses in scientific re-
search. Table 1.1 summarizes their characteristics. The table also illustrates
how the working understanding of narrative adopted in this thesis manifests
across use cases: in historical data, narratives support question answering
grounded in notable events, which can be characterised using formal repre-
sentations such as the SEM [338] ontology, in social media, narratives capture
beliefs and interpretations about events, where event boundaries are less for-
malised, and in social science research, narratives take the form of hypotheses
synthesizing findings across studies, providing explanations about patterns of
human cooperation and group behaviour. Although each use case in this the-
sis involves different data formats, domain assumptions, and implementation

6



choices, they are united by the shared high-level approach described in this
section. They illustrate the broad applicability of our approach and demon-
strate how it can be adapted and instantiated to meet the specific demands of
different data environment and narrative objectives.

1.4 Thesis Layout

This thesis first investigates how narrative requirements can be represented
in Al systems. In particular, Chapter 2 examines how structured machine-
readable representations such as KGs can model core narrative elements.

The approach described in Section 1.2 is then applied across the three dis-
tinct use cases from Section 1.3. Chapters 3 and 4 focus on historical data,
demonstrating how structured representations can support question answering,
explanation and link prediction. Chapter 5 explores the social media domain,
where narrative elements are extracted from unstructured discourse. Lastly,
Chapter 6 examines applications in the social sciences, highlighting how struc-
tured representations can support hypothesis generation and aggregation.

1.5 Publications

This thesis is based on several publications aimed at answering the previous
research questions. These publications form the content for Chapters 2 until
Chapter 6, as described in the following section together with my personal con-
tributions. For all publications co-authored by Giuliana Spadaro, dr. Spadaro
was responsible for funding acquisition, supported by the NWO XS Project,
grant no. 406.XS.04.118. For all other publications, dr. van Trijp held the
funding acquisition role, supported by the MUHALI project, grant no. 951846
and by the Sony Computer Science Laboratories - Paris. All computing re-
sources were provided by the Sony Computer Science Laboratories - Paris.
Unless otherwise specified, other authors in these works had important advi-
sory and supervision roles and were involved in the review and editing of the
manuscripts.

Chapter 2 is based on the paper:

* Ines Blin, Annette ten Teije, Frank van Harmelen, and Ilaria Tiddi. “Struc-
tured Representations for Narratives”. In: The 24th International Con-
ference on Knowledge Engineering and Knowledge Management. 2024.

I carried out the main analysis and the literature review in the paper, pro-
duced the visual materials, and wrote and finalized the manuscript. The idea




for the paper originated with Annette ten Teije and Frank van Harmelen, who
also conducted the interviews featured in the paper.

Chapter 3 is based on the paper:

* Ines Blin, Ilaria Tiddi, Remi van Trijp and Annette ten Teije. “Chrono-
Grapher: Event-centric Knowledge Graph Construction via Informed
Graph Traversal”. In: Semantic Web Journal (2025).

I initiated and developed the main research idea, gathered and prepared the
data, designed and implemented the methodology, and carried out the investi-
gation and analysis. I also developed the software tools, validated the results,
created the visual materials, and wrote and finalized the manuscript.

Chapter 4 is based on the paper:

* Ines Blin, Ilaria Tiddi and Annette ten Teije. “Measuring the Impact of
Narrative Complexity on Knowledge Graph Embeddings”. In: The 24th
International Semantic Web Conference. 2025.

I conceived the research idea, collected and organized the data, designed
the methodology, and conducted the investigation and analysis. I also imple-
mented the software components, verified the results, created the visualiza-
tions, and wrote and finalized the manuscript.

Chapter 5 is based on the paper:

* Ines Blin, Lise Stork, Laura Spillner, and Carlo Santagiustina. “OKG:
A Knowledge Graph for Fine-grained Understanding of Social Media
Discourse on Inequality”. In: The 12th Knowledge Capture Conference.
2023.

The paper was jointly conceived by all four authors during a meeting,
where the overall design of the KG, ontology, metadata selection, analysis
tools, and data mapping was initiated. The idea of using a KG as a back-
end database was initially proposed by Carlo Santagiustina and Laura Spillner.
I led the core analysis, developed most of the new software components for
constructing the KG, coordinated between the authors, and created the visual
materials. Together with Lise Stork, I contributed to validating the data and
drafting the initial manuscript. Carlo Santagiustina and Laura Spillner con-
tributed analyses on grammar, sentiment, and entity matching. Carlo Santag-
iustina also collected the Twitter data and helped frame the socio-economic
context and use case.




Chapter 6 is based on the paper:

* Ines Blin, Ilaria Tiddi, Giuliana Spadaro, and Annette ten Teije. “Auto-
mated Hypothesis Generation for Human Cooperation Studies”. In: The
4th International Conference Series on Hybrid Human-Artificial Intelli-
gence. 2025.

I initiated and shaped the research idea, collected and prepared the data,
designed the methodology, conducted the investigation and analysis, and de-
veloped the supporting software. I also validated the results, produced the
visualizations, and wrote and finalized the manuscript.

The followings are additional publications in which I contributed that are
relevant to the research topics in this thesis:

* In¢s Blin. “Building Narrative Structures from Knowledge Graphs”. In:
The 19th European Semantic Web Conference (Satellite). 2022.

* Ines Blin. “Building a French Revolution Narrative from Wikidata”.
In: Semantic Techniques for Narrative-Based Understanding @I1JCAI-
ECAI 2022.

* In¢s Blin, Ilaria Tiddi, Giuliana Spadaro, and Annette ten Teije. “Liv-
ing Meta-Review Generation for Social Scientists: An Interface and A
Case Study on Human Cooperation”. In: The 24th International Confer-
ence on Knowledge Engineering and Knowledge Management (Posters
& Demos). 2024.
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Structured Narrative Representations

Based on [31]:

Ines Blin, Annette ten Teije, Frank van Harmelen and Ilaria Tiddi
Structured Representations for Narratives

International Conference on Knowledge Engineering and Knowledge
Management 2024

While neural methods excel in linguistic fluency and text generation, they of-
ten lack the formal structure required for deeper reasoning. Knowledge-based
approaches offer semantic clarity and interpretability, yet struggle with the
flexibility of natural language. In this chapter, we focus on how knowledge
graphs can be used to model key narrative elements. We propose guidelines
for selecting appropriate representations based on specific use cases.

Abstract. Narratives are essential to the human sense-making process, and
have sparked interest across multidisciplinary fields including Computer Sci-
ence. However, efforts to unify terminology and identify core narrative re-
quirements are limited, complicating the choice of a suitable representation.
We first map identified narrative requirements to appropriate knowledge rep-
resentations (1). We identify and organise narrative requirements from inter-
views we conducted (la), and map these requirements to their most suited
knowledge representation forms (1b). We then conduct a systematic survey to
select candidate event and narrative-centric ontologies (2). We analyse how ef-
fectively these ontologies represent the main narrative requirements (2a), and
rank them based on a five-star rating system (2b). We lastly provide recom-
mendations on how to choose the best ontology for a narrative for a specific
use case (3).
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2.1 Introduction

Narratives are fundamental for human understanding [46], offering invaluable
insights into intricate events. They provide coherence to otherwise fragmented
and unrelated data, building up coherent explanations from past data. Sys-
tems capable of constructing such narratives would be beneficial in developing
truly “human-centric” systems. Such systems have already proved valuable in
helping building daily narratives, e.g. in the legal [110] and historical [238]
domains.

Throughout the literature, the term “narrative” is widely used but with
varying interpretations and expectations, drawing from fields such as linguis-
tics, philosophy, narratology, and artificial intelligence [56]. Narrative con-
struction has gained prominence within Computer Science, as evidenced by
workshops like the Computational Models for Narratives Workshop Series
(2009-2016, [240]), the Narrative Understanding Workshop Series! (2019-
2023), the Text2Story? (2018-2024), or the SEMMES? (2023-2024) work-
shops. Despite the importance of narratives, few efforts have been made to
identify core elements common to each work such as events and agents, and
to unify existing representations. A recurring simplification defines a narrative
as a sequence of events.

The primary objective of this work is to identify the most suitable method,
given a set of requirements, for representing a narrative in the form of a knowl-
edge graph (KG) where an ontology is populated with data, that we call nar-
rative graphs. The benefit of representing narratives in a structured format
like KGs lies in their incorporation of a semantic layer allowing finer-grained
representations. Narrative graphs, designed to mirror how humans build and
understand narratives [46], facilitate understanding via improved querying and
reasoning. KGs have been used as background knowledge to support narrative
construction [139]. Debates persist at the syntactic level about optimal KG
data models [316], encompassing options like simple RDF, Named Graphs* or
RDF-star’. At the semantic level, the increasing number of narrative resources
(ontologies, KGs, etc) make it challenging to choose a suitable narrative rep-
resentation for a given set of requirements or a use case.

In this paper, we propose to unify the terminology across the literature and
to provide guidelines on which ontology model best to use for a specific use
case. We divide our problem into three research questions:

'https://sites.google.com/umass . edu/wnu2023/home
’https://text2story24.inesctec.pt
Shttps://anr-kflow.github.io/semmes/
‘https://wuw.w3.org/2009/07/NamedGraph.html
Shttps://w3c.github.io/rdf-star/cg-spec/editors_draft.html
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RQ1: What are the common requirements related to narratives?
RQ2: Can existing ontologies represent these narrative requirements?

RQ3: How to best choose a structured representation for a narrative?

To answer RQ1, we conduct interviews to identify narrative requirements,
and we organise these requirements into themes. We also map these require-
ments to their most suited knowledge representation forms. To answer RQ2,
we conduct a systematic review on event-centric and narrative-centric ontolo-
gies, and evaluate the ontologies based on how effectively they can fullfill nar-
rative requirements and on their vocabulary usage. To answer RQ3, we lastly
provide recommendations on how to best identify a structured representation
for a narrative, and apply them to the interviews use cases.

2.2 Narrative Requirements

We elicited narrative requirements from interviews to answer RQ1, and we
organise these requirements into thematics. We also map these requirements
to their most suited knowledge representation (KR) forms.

2.2.1 Identification of Narrative Requirements

We conducted 6 narrative interviews with 9 participants in the MUHAI® EU
research consortium. MUHALI aims to advance Al systems by integrating nar-
ratives to enhance meaning and understanding. The project has two main use
cases: pragmatic everyday knowledge (e.g. households tasks such as cook-
ing) and societal knowledge (historical episodes, socio-historical knowledge,
and contemporary events). Since all participants were in MUHALI, this ensured
consistency and relevance to the use cases, yielding focused insights; how-
ever, this approach possibly limits the generalisability of the findings to other
domains, which could be explored in future work. The open unstructured in-
terviews took 20 minutes on average. The starting point of the interviews were
the following questions:

1. What elements are needed to represent your (domain-specific) narra-
tives? Why and what do you need to represent with these? ’

2. What kind of data structure is required to represent your narratives?

%Meaning and Understanding in Human-Centric Al https://muhai .org
7From a KR perspective, expressions that do not very easily fit into the regular <s,p,0>
representation of RDF, like higher-order or n-ary relations.
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3. For which tasks do you use your narratives? E.g. querying, visualisation.
4. Can you provide one example of a narrative in your use case?

Most participants had a computer science background. If not, we re-
formulated in non-technical terms. Table 2.1 provides a description of the
interviews, with the domains, all related to MUHALI, the type of input data
used to build the narrative, one example of a narrative and a practical appli-
cation scenario for each narrative graph to be built. In the history and in the
cognitive science domains (I1, 16), the main elements to be represented can be
seen as extended version of the five Ws: Who, What, Where, When and Why.
For the biomedical science (I2), the knowledge to be represented is much more
structured and concise. The main difference for the social media analysis (I3)
is to enable the representation of conflicting viewpoints, that is important when
analysing discourse in social media. Arts & Literature (I5) additionally require
context and background knowledge to enhance the comprehension as the text
or the image is read. Lastly, the Robotic Kitchen (I4) involving a cooking robot
in a virtual simulation needs to plan its actions to execute a recipe. In this con-
text, each action is seen as an episode in a narrative. We detail hereafter the 6
main requirements we gathered and organized from these interviews.

Table 2.1: Interview Descriptions. #: number of people interviewed.

Id Domain  Input Data Narrative Example Application scenario
11 History Historical Main happenings during the Query-answering about his-
events French Revolution [28] torical events
12 Biomedical Scientific PICOs (Population, Inter- Reasoning and decision sup-
Science Claims vention, Comparison ~ and  port in clinical research
Outcomes) [313]
13 Social User- Claims by users on Twitter Analyzing and deriving in-
Media generated regarding the Russo-Ukrainian sights from user-generated
Analysis  content conflict [307] content and trends
14 Robotic  Recipes Robot  execution of a Robotic cooking task execu-
Kitchen recipe [268] tion based on recipe under-
standing
15 Arts &  Text (lin-  Questions arising when reading  Question-answering to
Litera- guistics, a text/painting, that form a nar- enable interpretive analysis
ture semantics) rative network together with the  from artistic or literary works
& Images answers to these questions [311]
(paintings)
16 Cognitive Mental Mod- Importance of values in our be- Exploring and modeling be-
Science els liefs [341] lief systems and cognitive

processes
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« Agents®. These are animate entities like humans or animals.

— Types of agents distinguish between humans, animals, animate ob-
jects, etc. Occasionally, people made the distinction between an
active agent, who acts with a goal in mind, and a passive agent,
who is more a spectator in a scene.

— Properties describe agent attributes, such as physical characteris-
tics.

— Roles describe roles of agents in the events.
* Objects. These are physical or abstract objects that do not fall under the
category of agents.

— Types of objects distinguish between different types of objects.

— Properties describe objects attributes, such as physical character-
istics.

— Roles describe roles of objects in events.

* Locations. Places or settings in which events happens.
— Relations between locations link locations between them.

* Provenance. This is a description of the origin of the data or statements.
— Narrative text includes any original text narrative content.

* Events and Actions. Throughout the interviews, events appeared as the
core element in the narrative. Similarly to agent, there is a distinction
between an action and an event. An action happens because of the exe-
cution of a function by an agent, whereas an event simply happens. An
action can be associated with pre-conditions and post-conditions, that
enable the happening of the action, or result from the action.

— Types distinguish between different types of events and actions.

— Properties describe generic attributes, such as timestamps and lo-
cations.

— Relations describe relations between events, including:

* Mereological. Relations between parts and the wholes they
form.

8In these requirements, we differentiate agents from objects, with agents not necessarily
participating in events directly, but their participation would be modeled through relationships.
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* Temporal. Temporal relationships between events, such as the
ones from Allen’s Algebra [9].
+ Causal. Causal relationships between events.

* Narrative Dynamics. The higher-level elements that bind, influence,
and drive the progression of the narrative. They play a critical role in
shaping the overall story, providing the framework within which the nar-
rative elements interact and evolve. They provide a type of narrative by
bridging together elements from the above categories.

— Script is a pattern of sequences of events that are related, like the
restaurant scene [288]. This includes archetypes, plans, frames and
processes.

— Storyline is a coherent sequence of events, it is an instantiation of
a script. This includes scenes, acts, episodes, sequences of events
and situations.

— State is the particular condition that someone or something is at a
specific time or during a specific time interval.

Goal is a state that is desired by an agent.

Outcome/Effect is a state that results from a causal relation, repre-
senting the new condition after an event.

Perspectives are different interpretations of the same event.

Conditions include conditions under which events or actions can
happens. This includes pre-conditions, results or post-conditions,
complete-condition, coherence-condition, and enablement.

2.2.2 Narrative Requirements Representation

In Section 2.2.1, we identified requirements for including semantic concepts in
the representations of narratives across a broad range of domains. In this sec-
tion, we map these representations to a variety of syntactic constructs for KGs.
We first describe each KR formalism, ordered by representation complexity.
The complexity level is based on the introduction of new abstraction levels,
the ability to handle more entities, or the incorporation of more sophisticated
reasoning.

* basic: only binary relations without variables;
* n-ary: relations involving more than two entities;

* variables: placeholders that can be replaced with actual values or enti-
ties;
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* higher-order: representations that involve functions or predicates ap-
plied to other functions or predicates;

* temporal relation: relationships that involve time aspects;

* epistemic: relates to knowledge and beliefs about knowledge;

* causal: cause-and-effect relationships between entities or events;

* rules: logic-based statements that define conditions and implications.

The left part of Table 2.2 summarises the mapping of narrative require-
ments to the interviews. The most frequent requirements are events and ac-
tions, agents, location, and time. The frequency of (physical) objects is low,
except in specific use cases such as Robotic Kitchen and Arts & Literature.
The right side of Table 2.2 maps narrative requirements to their most suited
KG representation forms. Objects, locations, and agents require only basic or
n-ary representations. Provenance requires higher-order representations, while
most events are simple except for temporal and causal relationships. Narra-
tive dynamics demand the most complex representations, involving variables,
higher-order, epistemic, or rules. Objects, locations, and agents are therefore
the easiest to represent, while events and narrative dynamics require more ad-
vanced KR formalisms.

Lastly, Table 2.3 provides a mapping of KR formalisms (cf. Table 2.2) to
various syntactic constructs (KG, query, rules). The left part of Table 2.3 de-
scribes the different existing types of KGs. The right part of Table 2.3 shows
which KR formalisms can be used to represent each construct. Since some
KGs are additive, e.g. blank nodes contain simple KG triples, we focus on
the additional complexity introduced by the more advanced KG constructs de-
scribed in the “Description” column. The table highlights how different KR
formalisms, ranging from basic structures like simple triples to more complex
constructs such as rules and named graphs, require corresponding sophisti-
cated KG representations.

2.3 Can existing ontologies represent narratives?

To answer RQ2 on assessing whether ontologies can represent narrative re-
quirements, we conduct a systematic review on event-centric and narrative-
centric ontologies. We then evaluate the ontologies based on how effectively
they can represent narrative requirements and based on their vocabulary usage.
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Table 2.2: Mapping of narrative requirements to the interviews and their required KG
representations. For a requirement r and interview [;, a v'indicates that ¢ was identified
as a requirement in ;. For a requirement  and a representation r, a v'indicates that ¢
can be represented with r. Req: Requirements.

Interviews Syntactic Constructs
3
s &3 g

2B 5 8 2 E‘ ER

. $T E2ELZ: 3
Narrative Req. 111213141516/ Total | & = » = & & & &£| Total
Agents Vv Vv v v Vv o6 v v 2
types | v’ v 2 v 1
properties | v’ v 2 v 1
roles | v/ v v v 4 v v 2
Objects v v 2 v v 2
types v v 2 v 1
properties v v 2 v 1
roles v v 2 v v 2
Locations v v v v 4 v v 2
relations v v 2 v v 2

Provenance v v v 3 v

narrative text | v’ v v 3 v 1
Events/Actions VAR AR AR ARARA I v 7 v v 4
types | v v 2 v 1
properties | v 1 v 1
relations | v v v v vV V| 6 v 7 v v 4
Dynamics VvV v Vv v Vv 6 v v v V| 4
script | V' v v 7 4 v Vi o2
storyline v 1 v 2
state v v 7 3 v 1
goal v v 2 v v 2
outcome/effect VA v v 2
perspective v v v 3 v v 2
conditions | v/ v v 3 v Vi o2

Total ‘145 15 18 155‘ ‘146 38242 3‘

2.3.1 Systematic Review

We conducted a systematic review to compare existing ontologies based on
their ability to represent narratives in a structured format. The process we used
is illustrated in Figure 2.1. We used the query “narrative OR event-centric”,
focusing on abstracts and titles. We then incorporated references from sur-
vey papers identified during the search or from other relevant sources, and
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Table 2.3: Mapping of KG/Query/Rules representations to KR formalisms. NG:
Named Graph, LPG: Labelled Property Graph.

Name Construct  Repr. Description KR formalisms
\ee 5’:‘ §e

SN

Simple KG simple (s, p, o) triples i v v v

Blank Node RDF nodes with no IRI i v v

Singleton Property KG triples annotated i v

Reification statement nodes i v v Vv

NG NG triples grouped | v

LPG LPG key-value pairs | Vaans

Hyperrelational Graph RDF-Star «spl ol»p2 o2 i v v 7

Query Query - - | v

Rule Rule - - | v v v

included ontologies cited in the identified papers. Survey papers included sur-
veys on narrative-centric ontologies [339] and event-centric ontologies [267,
290, 294]. We included only papers that presented a novel ontology relevant
for representing a narrative graph, with inclusion criteria determined through

abstract review.

Papers identified from 7 databases: SWJ,
JOWS, ISWC, ESWC, EKAW, K-CAP, KGSWC
n =708

Additional records identified through
other sources (i.e. snowballing)
n=27

v

Papers screened based on
title and abstract

Papers excluded

] [Screening] [Identification]

Y

n=735 n =674
Ontology papers included in
the final review
? n=61
E I
E v ’ v
- Ontology papers | |Resource KG papers | | Ontology + Resource KG papers
n=45 n=15 n=1
—_—

Figure 2.1: Process used to retrieve papers for our comparison (PRISMA [255]). For
the snowballing, we looked at paper references from the first iteration.

This resulted in 61 papers: 45 were papers presenting an ontology, 1 pre-
sented both an ontology and a resource KG, and 15 were resources based on
these ontologies. Among the 46 (454 1) ontologies, we further analysed the
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Seismic Ontology

Narrative
Ontology (2

(Event-centric) Ontologies built on top of others
(22, with 5 at the highest level)

Enslaved OntoMedia
StorytellingOnt Mediation Ontology

EmergentOnt BKOnto @
ProppOntology
CRBOnto TransmediaOnt Video/

(Multi)Media

ol
(s

Representations
Narrative-centric Ontologies (7) Event-centric Ontologies (11) (discarded) (6)

Figure 2.2: The connections between the various event-centric ontologies (1). The
ones coloured in blue (from 1a) are the ones we kept for our comparison: EO [272],
DUL [124], DOLCE [123], CIDOC CRM [94] and EC [192].

Table 2.4: Resource Paper Description.

Id Resource Ontology

1 Structured Event Entity Resolution [183]  EO [272]

2 VLX-Stories [108] VLX-Stories [108]

3,4 EventKG [134, 135] SEM [338]

5 DIVE [84] SEM [338]

6 ECG[279] SEM [338]

7  Wind in Our Sails [292] CIDOC CRM [94]

8  BiographySampo [168] CIDOC CRM [94]

9  ArCo [55] CIDOC CRM [94]

10 SCUPLTEUR [1] CIDOC CRM [94]

11 Using Event Spaces [244] CIDOC CRM [94], LODE [294]
12 EventMedia [186] CIDOC CRM [94], LODE [294]
13 OceanGraph [375] SOSA [171] (extended from DUL [124])
14 3cixty [329] DUL [124], Schema [289]

15 History of Vienna [193] Schema [289]

other ontologies on which they were built, such as DUL [124] or CIDOC
CRM [94]. This resulted in three categories of ontologies: (1) event-centric
ontologies, which includes (1a) top-level ontologies and (1b) ontologies ex-
tended from ontologies from (1a),(2) narrative-centric ontologies, which in-
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cludes (2a) narrative-centric ontologies and (2b) ontologies extended from on-
tologies from (2a), and (3) media-centric ontologies, which we discarded for
our comparison since these were about video content that we did not have in
our interviews. Table 2.4 and 2.5 describes the 15 resources and 46 ontologies
respectively. Figure 2.2 shows the visual dependencies on the ontologies from
category (1b) and (2b).

Table 2.5: Ontology Paper Description. Extended from specifies the original ontology,
if applicable, from which the listed Ontologies were derived.

Type Id # Ontologies Extended from
Event la 16 EO [272], DUL [124], DOLCE [123], -
CIDOC CRM [94], EC [192], SEM [338],
LODE [294], the Enslaved Ontology [296],
ABC [198], EDM [96], VLX-Stories [108],
E [356], SEO [107], FARO [275], ProppOn-
tology [258], BBO [194]
1 Seismic Ontology [232] EO [272]
3 F [290], SOSA [171], EPFDO [234] DUL [124]
1 Curate [243] DUL [124], CIDOC CRM [94]
Event b 2 COMM [14], DOLCE-LITE DOLCE [123]
1 FRBR [251] FRBRoo [95]
1 the Jazz Ontology [270] FRBR [251]
1 Extended EC [59] EC [192]
Narrative 2a 7 RST [246], Mediation [180], Princess -
Lovely [319], StoryTeller [372], ODY-
ONT [184], DL Ontology for Fairy
Tale [259], Transmedia Fictional Worlds [43]
1 Drammar [79] DOLCE-LITE
. 1 AO [78] Drammar [79], FRBRoo [95]
Narative - 26, pRBRoo  [95], ArCo [55],  Story- CIDOC CRM [94]
Foutain [242], RSO [252]
1 Narrative Ontology [22] CIDOC CRM [94], EC [192]
Media 3 6 OntoMedia [200], SsVM [100], Even- -

tory [349], DISC [129], VERL [119], RDF-
Events [315]

We refer to our supplementary online material® for further details on the
systematic review. The main document contains a description of our method-
ology and sources, and the folders contain the papers retrieved with the search
engines. The ontologies highlighted in blue in Table 2.5 are the ones we re-
tained for our comparison, i.e. the ontologies from categories (1a) and (2a).
All the ontologies from (1b) and (2b) were extended from others from (1a) and
(2a), so we focus on (1a) and (2a) ontologies instead. Table 2.6 describes the
references found from the search engines: “all” refers to the number of results

‘nttps://bit.ly/ekaw-2024-systematic-review
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we got from the search queries, and “useful” refers to the number of references
we kept.

Table 2.6: Provenance description of papers from the systematic review. N: Narrative,
E: Event-centric. For K-CAP/N (useful), 5 papers were not accessible.

Provenance N (all) N (useful) E (all) E (useful)

SWJ 7 2 2 2
JOWS 21 2 147 7
ISWC 35 9 66 2
ESWC 32 2 106 1
EKAW 16 1 14 1
K-CAP 44 1 176 2

KGSWC 2 1 40 4

2.3.2 Description of the Retained Ontologies

We included models from a survey on narrative-centric ontologies [339], that
reviewed 11 ontologies that explicitly mention the term “narrative” in their
description. [246] proposes a storytelling ontology using RST [228] that de-
scribes events and objects, and how they are connected. Both [22] and [242]
are extended from CIDOC CRM [94], an ontology widely used in the cultural
heritage domain. [22] focuses on representing core notions in narratology such
as fabula, plot and narration, and [242] provides an interface to discover links
between entities. A follow-up of [22] is the Narrative Ontology [235] to be
used in Digital Libraries. The Mediation Ontology [180] is in the domain of
international relations. The Labyrinth system [78] allows to discover narratives
between entities in the domain of digital humanities and western archetypes.
It re-uses ontologies like Drammar [221] and FRBRoo [95]. [319] presents a
fabula model for emergent narratives, and re-uses the General Transition Net-
work [328]. The main focus is to represent causal transitions between events.
ODY-ONT [184] is used to query a literary text, and BKOnto [372] to repre-
sent biographical narratives. The CRBOnto ontology [259] relies upon Propp’s
morphology of folks stories [269]. [43] proposes an ontology to represent
transmedia fiction such as the Marvel universe. [79] proposes a model based
on Drammar [221] and DOLCE-LITE to represent actions motivated by heroes
in the literature.

Event-centric ontologies encompass diverse domains such as: SEO [107]
for scientific events, CIDOC CRM [94] and EDM [96] for cultural heritage,
SEM [338], LODE [294], ABC [198], EO [272], EC [192] and E [356] for
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more generic usages. CIDOC CRM [94] is widely used for the cultural her-
itage domain, and several other ontologies have since been derived from, such
as FRBR [251] for bibliographic records. DUL [124] is a combination and
a simplification of DOLCE [123] and the DnS [124] ontologies. Several on-
tologies were extended from DUL, such as F [290], originally for emergency
response and SOMA-NARR [268]. The Enslaved Ontology [296] integrates
content about the historical slave trade from diverse sources, while VLX-
Stories [108] structures text from media feeds into an event-centric ontology.
ProppOntology [258] is built upon Propp’s morphology of the folktale [269].
Lastly, BBO [194] represents dynamic BPMN process executions in structured
format and FARO [275] focuses on event relations.

2.3.3 Evaluation of Narrative Ontologies

Background for Ontology Evaluation.

Tim Berners-Lee defined a 5-star ranking schema to assess the quality of Linked
Data [23]. This scoring system was based on four rules which did not include
any considerations with respect to the vocabulary that includes broader cate-
gories such as ontologies and thesauri. [172] therefore proposed a new 5-star
system to evaluate the quality of the vocabulary, displayed in Figure 2.3. We
re-use this 5-star system to compare the ontologies.

***** Linked Data without any vocabulary.
**** There is dereferencable humanreadable information about the used vocabulary.

*** The information is available as machine-readable explicit axiomatization of the vocabulary.
** The vocabulary is linked to other vocabularies.
* Metadata about the vocabulary is available.

The vocabulary is linked to by other vocabularies.

Figure 2.3: The 5-star system to evaluate ontologies from [172].

Analysis of the Ontologies.

Table 2.7 illustrates the coverage of our narrative requirements by the narrative
and event-centric ontologies. The ontologies are listed in descending order of
their 5-star scores [172], and subsequently in descending order of the number
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Table 2.7: Coverage of narrative requirements for narrative and event-centric ontologies. A v'indicates that requirement » can be repre-
sented in ontology o. Stars show the 5-star ranking from Section 2.3.3. E: event-centric, N: narrative-centric. Ontologies marked with *

are unofficial designations used for clarity.
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Agents v v v v v v v v v v v v v v v v v v v v v 21
types | vV v v Y v v v v v 10
properties | vV v v v 5
roles | v v v v v v v v 8
Objects v v v v v v v v v v 10
tpes | v v vV Y v v v v v v 10
properties | v vV v v v v v v 10
roles | vV v v v 5
Locations v v v v v v v v v v v v v v v v v v v v 20
relations v v v v v 5
Provenance v v v v v v v v v v 10
narrative text | vV v v v v 6
Events/Actions v v v v v v v v v v v v Y v v v v v v v v v v 23
tpes | v VY v v v v v v v v v 12
properties v 1
relations | v v v v v Vv |V Vv V v v v v v v v v 17
Dynamics v v 2
script | vV v v 4
storyline | v v v v v v v 7
state | v vV v v v 6
goal | vV v v v 5
outcome/effect | v~ v v 3
perspective | vV v v 4
conditions v v v v 4
Total 21 21 11 11 5 2 13 10 9 7 7 5 5 8 7 5 7 1 1 9 7 6 6 4 0

Event vs. Narrative-centric ' E E E E E E E E E E N E E E N N E N E N E N N N
Domain-specific v v v v v v v v v v v v v v v 15
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of requirements they cover. Each column in the table shows its 5-star score,
how effectively an ontology fulfills the narrative requirements, whether the on-
tology is event-centric or narrative-centric, and whether it is domain-specific.
We hereafter detail the main findings from Table 2.7.

Simple requirements with event-centric ontologies. For narratives with
simple requirements such as event without intricate relationships or narra-
tive dynamics, an event-centric ontology like SEM [338] may suffice. Event-
centric ontologies generally offer higher quality in terms of 5-star score, but
tend to represent less complex narrative requirements, including basic relation-
ships between events and narrative dynamics.

The case of DOLCE [123] and DUL [124]. They can represent the broadest
range of requirements, albeit at the cost of complexity and readability in terms
of representation [275], since these are upper-level ontologies. By design,
they are made to represent any domain, but users would need to define their
own templates for specific applications or requirements, such as perspectives,
which could be time-consuming.

Domain-specific ontologies. Apart from DUL [124] and DOLCE [123], the
ontologies that can represent the most requirements tend to be domain-specific
ontologies, in domains such as the digital humanities [94, 96] and literary
texts [258]. This is good if one wants to build a narrative in this particular
domain, but might be challenging to extend to other use cases.

Ontologies with lower 5-star rating. Ontologies such as Mediation [180]
or Emergent*!° [319] adhere less to established web standards, which not only
lowers their 5-star scores but also significantly their interoperability and inte-
gration.

Narrative Dynamics. Fewer ontologies can represent the narrative dynam-
ics, that are core to binding and driving the progression of the narrative ele-
ments. Among the 4-rated domain-specific ontologies, SEO [107] and Trans-
media*[43] can represent scripts and storylines. Among the 4-rated generic
ontologies, SEM [338] can represent perspectives through the sem: View class
and blank nodes, and FARO [275] goals, states and conditions. The other on-
tologies that can represent narrative dynamics have lower 5-star ranking (cf.
1-score models in Table 2.7).

10Cf. Table 2.7 for the explanation on the asterisk.
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KR Formalisms. In practice, referring back to Table 2.3, only basic RDF
and some form of reification are employed in these ontologies. Reification
allows for representing more complex relationships and n-ary structures, but
can become verbose and increase modeling complexity, echoing similar issues
noted for DOLCE [123] and DUL [124]. Together, these constructs can, in
principle, support a variety of formal representations, excluding variables (pri-
marily used in queries) and rules.

Other. The number of requirements an ontology can represent varies signif-
icantly, from 21 in DUL [124] and DOLCE [123] at the cost of complexity,
to 2 in EC [192], although both with a high 5-star score. There is a positive
correlation between key requirements, such as agent or event representation,
and their presence in ontologies. It is important to note that the presence of
a checkmark (v") indicates the representation of a requirement but does not
reflect the number of such relations an ontology can represent. For instance,
some ontologies only include basic relationships between events, while oth-
ers offer a more extensive list. Lastly, the simpler narrative requirements such
as agents and objects are well covered by event-centric ontologies, whereas
the more complex ones like narrative dynamics tend to be less covered or less
adhering to web standards, highlighting the ongoing challenges of narrative
representation in structured format.

2.4 Recommendations

To answer RQ3 on the best ontology to represent a narrative, we provide
generic recommendations on how to best identify a structured representation
for a narrative. We lastly provide tailored recommendations from the inter-
views use case (cf. Tables 2.1 and 2.2).

2.4.1 Generic Recommendations

Based on the previous analyses on the narrative requirements and their KR
formalisms (Section 2.2), and on how effectively ontologies fullfill these nar-
rative requirements (Section 2.3), we recommend using the following steps to
effectively build a narrative in a structured format for a specific application:

1. Refer to Table 2.2 to identify the narrative requirements that are rel-
evant to your project. These tables categorise narrative requirements by
their complexity, aiding in the selection process.
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2. Based on the chosen narrative requirements, identify the types of KR
formalisms needed from Table 2.2 and 2.3. This will help in under-
standing the level of complexity your model must support.

3. Choose ontologies that can effectively represent the identified narra-
tive requirements. Use Table 2.7 to find ontologies that cover your nar-
rative requirements and prioritise ontologies that have a high score on
the 5-star schema ranking [172].

4. Extend existing ontologies by picking the one that fits best, and ensure
it adheres to web standards to facilitate future integration, reuse and col-
laboration.

5. Consider developing your own ontology if existing ones are insuffi-
cient, and ensure it adheres to web standards to facilitate future integra-
tion, reuse and collaboration.

2.4.2 Tailored Recommendations from Interviews Use Cases

Table 2.8 provides an overview of the recommendations we give. I1 and
I3, within the History and Social Media domains respectively, share numer-
ous narrative requirements. The primary distinction is that I1 includes more
generic event descriptions, while I3 encompasses more narrative dynamics
such as goals and perspectives. Our recommendations are tailored to the type
of KG employed, each with its own advantages and drawbacks. For example,
reification is compliant with RDF standards but may be inefficient. If using
reification exclusively, we suggest employing the core classes of DOLCE [123]
or DUL [124], whose ontologies and design patterns are based on n-ary rela-
tionships. For I3 and the perspectives, SEM [338] is recommended due to its
existing implementation. Other KGs, such as Named Graphs, are more com-
pact but can become overloaded with numerous identifiers, while RDF-star is
more efficient but still not widely adopted. In these cases, we recommend using
DOLCE [123] or DUL [124] for simple narrative requirements and extending
them to accommodate higher-order relationships. Additionally, we advise con-
sidering FARO [275], which, to our knowledge, can represent a wide range of
event relations, including the goals pertinent to 13.

I2 and I6, within the Biomedical Science and Cognitive Science domains
respectively, both have a limited number of narrative requirements. The pri-
mary difference is that the input data for 12 is already structured according
to the PICO ontology'!, whereas the input data for 16 is unstructured. Given

Unttps://linkeddata.cochrane.org/pico-ontology

27


https://linkeddata.cochrane.org/pico-ontology

Table 2.8: Recommendations from interview use-cases.

Id Domain Recommendation
I1 History DOLCE [123]/DUL [124] if reification, FARO [275]
12 Biomedical Science  PICO with FARO [275]

13 Social Media Anal- Same as I1 + SEM [338] for perspectives
ysis

14 Robotic Kitchen DUL [124] or derived ontologies (as per the litera-
ture)

IS Arts & Literature ProppOntology [269], extending Emergent* [319] if
time permits

16 Cognitive Science Extend or create an ontology

their limited conceptual needs, we recommend targeting ontologies that pre-
cisely represent these requirements rather than selecting the most comprehen-
sive ones. For 12, which requires agents and relationships between events and
states, we suggest combining PICO with FARO [275]. FARO is capable of rep-
resenting numerous relationships between events and states, while PICO pro-
vides domain-specific vocabulary for agents. For 16, which requires agents, re-
lationships between events, and outcomes/effects, Table 2.7 indicates that this
last requirement is not well-represented across ontologies. The options avail-
able are the generic DOLCE [123]/DUL [124] or the domain-specific Emer-
gent* [319]. Designing new patterns over DOLCE/DUL may be too complex
for those not specialized in the semantic web. Therefore, we recommend either
extending existing ontologies by creating new classes or properties, or building
a new one tailored to these specific requirements.

I4 in the Robotic Kitchen domain has the most narrative requirements,
including objects and multiple narrative dynamics, and is closely linked to
robotic sensory data [25, 26]. Most work, such as SOSA [171], builds on
DUL [124]. In line with the existing work, we recommend continuing using
DUL [124] or derived ontologies.

IS in the Arts and Literature domain overlaps with domains-specific on-
tologies in Table 2.7. We recommend starting with these ontologies. ProppOn-
tology [269] covers most simple requirements and some complex ones like sto-
ryline. For other narrative dynamics such as outcome/effect or conditions, de-
signing patterns over DOLCE [123]/DUL [124] is an option. However, given
the domain-specific nature of this application, extending Emergent* [319] to
cover more narrative dynamics and improve its sustainability is a preferable
approach if time permits.
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2.5 Discussion and Conclusion

In this paper, we map identified narrative requirements to appropriate knowl-
edge representations. We conduct six interviews and identify core narrative
requirements, as well as the KR formalisms they require. We find that re-
quirements like objects or agents require simpler KR formalisms, while re-
quirements such as events or narrative dynamics require more complex KR
formalisms (RQ1). We only included domains relevant to MUHALI, limiting
our findings to text-based or sensor-based narratives and potentially reducing
applicability to other domains such as multimedia content, that could be ex-
plored in future work.

We then conduct a systematic review to extract event-centric and narrative-
centric ontologies to represent narratives. We analyse the 24 retained ontolo-
gies with respect to how effectively they can represent narrative requirements
and how well they are rated on the 5-star vocabulary system [172] (RQ2). We
found that simple requirements are best represented by event-centric ontolo-
gies. Event-centric ontologies such as DUL [124] and DOLCE [123] cover a
broad range of requirements but this comes at the cost of complexity [275],
since these are upper-level ontologies, which means that one might need ad-
ditional work to define templates. Lower-rated ontologies struggle with inter-
operability due to poor web standards adherence. Fewer ontologies effectively
represent narrative dynamics, with SEM [338] and FARO [275] being notable
exceptions with high ratings for goals, perspectives and conditions. Coverage
of complex requirements is more limited and often poorly standardized.

We lastly provide recommendations on how to best pick a model to rep-
resent a narrative, and apply them to the interview s (RQ3). The interview
subjects and domain-specific ontologies cover key domains of narrative rep-
resentation, but the list is not exhaustive, potentially limiting generalizability.
Our semantic-web focus may narrow the scope of our recommendations to
semantic web-related techniques, but broader exploration could lead to more
comprehensive guidance across various KR paradigms.

In future work, we aim to enhance the evaluation of models by integrat-
ing other metrics for ontology evaluation, and to improve the generalisability
of this study. Various works [44, 49, 97, 132, 159, 271, 343] have attempted
to define criteria to evaluate an ontology from various perspectives such as
Software Engineering, verification, validation or semiotics. Most importantly,
we are actively working on automating the generation of structured narratives
from KGs. Our initial efforts included a prototype for generating a narrative
on the French Revolution [29] using the SEM ontology [338], where the data
collection was performed manually.
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Event-centric KG Construction

Based on [35]:

Ines Blin, Ilaria Tiddi, Remi van Trijp and Annette ten Teije
ChronoGrapher: Event-centric Knowledge Graph Construction via
Informed Graph Traversal

Semantic Web Journal

The previous chapter investigated narrative requirements and their represen-
tation in knowledge models, evaluated ontologies for coverage and suitability,
and derived practical recommendations. We now turn to use cases that build on
these insights. In this chapter, we introduce the historical use case. We present
a system for automatically constructing event-centric knowledge graphs. It
combines semantically guided graph traversal with enrichment techniques.

Abstract. Event-centric knowledge graphs help enhance coherence to other-
wise fragmented and overwhelming data by establishing causal and temporal
connections using relevant data. We address the challenge of automatically
constructing event-centric knowledge graphs from generic ones. We present
ChronoGrapher, a two-step system to build an event-centric knowledge graph
from grand events such as the French Revolution. First, a pruned, seman-
tically informed best-first search traversal retrieves a subgraph from large,
open-domain knowledge graphs. We define event-centric filters to prune the
search space and a heuristic ranking to prioritise nodes like events. Second,
we combine a structured triple enrichment method with a text-based triple en-
richment method to build event-centric knowledge graphs. ChronoGrapher
demonstrates adaptability across datasets like DBpedia and Wikidata, outper-
forming approaches from the literature. Furthermore, it is designed to be flex-
ible and to operate over any knowledge graph accessible through HDT dumps
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or SPARQL endpoints. To evaluate the utility of these constructed graphs, we
conduct a preliminary user study comparing different prompting techniques for
event-centric question-answering. Our results demonstrate that prompts en-
riched with event-centric knowledge graph triples yield more factual answers,
measured by how well answers are grounded in source information, than those
enriched with generic triples or base prompts, while preserving succinctness
and relevance.

3.1 Introduction

We tackle the problem of building event-centric knowledge graphs (KGs) au-
tomatically starting from generic KGs. An event-centric KG can be seen as
a KG that focuses on events as central entities, rather than generic entities.
An event is an occurrence or happening that can be described by its attributes
and relationships to other entities within a KG. It includes information such
as time, location, participants, and other relevant properties. Relating events
together provide coherence to otherwise fragmented and overwhelming data
by establishing causal and temporal connections using relevant data. There are
numerous scenarios in which systems could assist individuals in constructing
event-centric KGs in their tasks: in news article retrieval for event-centric ex-
ploration [342], in the legal domain where experts must associate events that
could bolster their case [110], or in the historical domain when generating hy-
potheses by retrieving valuable information from archives [238].

Let us imagine a historian seeking to understand the events that happened
at the end of the French Revolution. Our system aims to produce an event-
centric KG, as illustrated in Figure 3.1, which we manually created using
mainly the SEM [338] ontology and Wikidata. Figure 3.1 shows that the Coup
of 18 Brumaire directlyPrecedes the French Consulate, and that Napoleon was
a participant in the Coup of 18 Brumaire, and First Consul during the French
Consulate. We can infer that the Coup of 18 Brumaire marked the beginning
of the French Consulate and enabled Napoleon to become First Consul.

It should be noted that the classification of entities such as the French Di-
rectory and the French Consulate can be ambiguous, as they may be interpreted
either as governing bodies (i.e., institutional entities) or as historical periods
marking distinct phases in political history. In our work, we choose to treat
such entities as events, consistent with how they are often described in his-
torical discourse (e.g., “the period of the French Directory”) and represented
in sources like DBpedia and Wikidata, where these entities frequently include
temporal attributes (start and end dates) and are part of event-type hierarchies.
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Figure 3.1: One example of an event-centric KG on the Coup of 18 Brumaire.

Previous work has approached event-centric KG construction as a two-step
process: first, identifying relevant cues within a large memory or knowledge
base (step-1), and second, analyzing and reasoning about these cues (step-
2) [300]. Recent studies have also used generic KGs as background knowledge
to support event-centric KG construction [139]. In this context, we approach
event-centric KG construction using the following two steps: given an input
event node in a KG, we extract an event-centric subgraph from that KG (step-
1), and we enrich and link this subgraph with additional information to build a
new event-centric KG (step-2). Each triple in the event-centric subgraph from
step-1 has a sub-event of the input event as its subject or its object, making the
extracted content directly relevant to the construction of the new event-centric
KG in step-2. Most existing event-centric KG resources are however built from
annotated text [204, 247, 279] or from generic KGs [135] (step-2), but do not
focus on identifying related events for event-centric KG construction (step-1).
Likewise, event subgraph extraction (step-1) has been used for downstream
tasks such as question-answering (QA) [174, 209, 303], but does not focus
on building event-centric KGs (step-2). We propose ChronoGrapher that both
retrieves event-centric subgraphs and generates new event-centric KGs, as well
as an evaluation of an event-centric KG constructed by ChronoGrapher in a QA
setting in the form of a user study. ChronoGrapher, along with the source code
and detailed instructions to reproduce the experiments, is publicly available on
GitHub under the GPL-v3 license', and archived on Zenodo?.

Our objective is to construct event-centric KGs that support downstream
tasks such as QA, for example by enabling the summarization of complex
events like the French Revolution or verifying whether figures like Napoleon
and Paul Barras were both involved in the Coup of 18 Brumaire. We define
three research questions:

"https://github.com/SonyCSLParis/graph_search_framework/tree/main
’https://doi.org/10.5281/zenodo. 7194677
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RQ1: How to extract an event-centric subgraph from a KG, given an input
event node? (step-1)

RQ2: How to create an event-centric KG from that subgraph? (step-2)

RQ3: Can integrating event-centric KGs into a QA pipeline improve the out-
put quality of large language models (LLMs) compared to using LL.Ms alone?

Figure 3.2 provides an overview of the different tasks we tackle, as well as
the input and output of each component.

KG Construction

Event-centric
Event to extract o
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Subgraph of the
knowledge graph
icentred around the|
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enrichment method KG with the
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Figure 3.2: Overview of the diverse tasks we tackle to answer our research questions.
The example on the bottom is with the French Revolution as starting node and DB-
pedia as the KG. ChronoGrapher integrates both a subgraph extraction step through
a pruned, semantically informed best-first search traversal, and a KG construction

step through a structured triple enrichment method and a text-based triple enrichment
method.

For each of the research questions, we hypothesize the followings:

H1: Due to the vastness of KGs, exploring the entire graph is impractical. A
search strategy can help efficiently extract the most relevant parts of the graph.

H2: Combining both coarse-grained (e.g., entity-level) and finer-grained (e.g.
roles) information leads to a richer and more useful meaningful representation.
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H3: Since KGs can be difficult to navigate or interpret directly, they are
often not exposed to end users. Instead, their utility can be evaluated through
downstream tasks such as QA, where improved performance indicates higher-
quality structure and content.

To address these questions, we present ChronoGrapher, a framework com-
posed of two components. First, a pruned, semantically-informed best-first
search traversal mechanism extracts event-centric subgraphs around a given
event node (RQ1). Second, a KG construction module converts this subgraph
into an event-centric KG using information from both the structure and liter-
als (RQ2). We then evaluate the resulting KGs through a QA task to assess
whether integrating event-centric KGs enhances the performance of LLMs
compared to using LLMs alone (RQ3).

For RQ1, ChronoGrapher performs an informed graph traversal to extract
subgraphs composed of sub-events that are related to a given event node in
the KG. It is a pruned, semantically-informed best-first search. First, it uses
event-centric filters to prune the search space and to guide the exploration of
the graph, and it identifies which ones are the most relevant to build an event-
centric KG. Second, it adds a ranking stage to prioritise nodes for the best-first
search part, which, to the best of our knowledge, has not been used in search
systems starting from one node in KGs. We define the ranking heuristics based
upon syntactic and semantic properties of the graph.

For RQ2, ChronoGrapher combines a structured triple enrichment method
(or IRI-based method) with a text-based triple enrichment method (or abstract-
based method) to generate an event-centric KG. The structured triple enrich-
ment method is a rule-based system that converts the triples from the orig-
inal KG into event-centric ones. The text-based triple enrichment method
is linked to the valuable information embedded in textual literals, such as
dbo:abstract. For this, we extract frame-based semantics [109] from these
texts using semantic parsing. Frames can be seen as templates with placehold-
ers to be filled in. For example, from the sentence “The coup of 18 Brumaire
ended the French Revolution”, one could extract a Causation frame where
“coup of 18 Brumaire” is the Cause and “end of the French Revolution” is the
Effect.

Concerning the technical novelty of the work, most methods for represent-
ing events in KGs are underdeveloped, manually built and time-consuming,
and ChronoGrapher is a method for building event-centric KGs automatically
from a generic KG. Unlike most approaches, ChronoGrapher integrates data
from existing KGs and texts, and results in more concise and precise outputs
than baselines adapted from existing systems. The modularity of our approach
ensures flexibility and adaptability, while the novel combination and adapta-
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tion of previously unintegrated elements contributes to the field and improves
the adapted baselines [117, 170]. We evaluate ChronoGrapher and adapted
methods from the literature [117, 170] against ground truth events from Even-
tKG [135]. ChronoGrapher shows adaptability and efficiency across datasets
like DBpedia and Wikidata, outperforming existing methods.

For RQ3, we assess whether integrating event-centric KGs enhances the
performance of LLMs compared to using LLMs alone. A human evaluation is
conducted to compare three types of zero-shot QA prompts (without explicit
context, with triples from generic KGs, with triples from event-centric KGs)
and six types of different questions. Our results demonstrate that prompts
enriched with event-centric KG triples yield more factual answers compared to
those enriched with generic KG triples or base prompts, measured by how well
answers are grounded in source information, achieving groundedness scores of
2.85,2.24, and 1.11 respectively, while preserving succinctness and relevance.

3.2 Related Work

In this section, we review related work along three dimensions: (i) event-
centric KGs and their usage, (ii) methods for event-centric KG construction
from KG, and (iii) retrieval augmented generation. Recent advances have
introduced new approaches to build event-centric KGs with various applica-
tions (i). In particular, we propose a method for event-centric KG construc-
tion, which directly contributes to this field. Unlike most previous methods
that focus on constructing event-centric KGs from unstructured data, our ap-
proach builds KGs from existing, structured KGs. To achieve this, our aim
is to improve how event-centric subgraph information is searched and navi-
gated within input KGs, by optimizing existing graph traversal methods. To
this end, we present related methods that facilitate this process (ii), including
link-traversal-based techniques for dynamic data discovery, graph navigational
languages for expressing complex patterns, and entity relatedness measures to
prioritize relevant nodes. Lastly, we review works that utilize event-centric
KGs to improve the performance of LLMs, highlighting the practical applica-
tions of event-centric KGs in downstream tasks (iii).

(i) Event-centric KGs and their usage. Recent research on KGs has em-
phasized the importance of having more event-centric structures to facilitate
the analysis and understanding of sequence of events [277]. In this context,
event-centric KGs have been developed in a wide range of domains, includ-
ing news [204, 247, 279], political events [40], literary narratives [182], the
biomedical domain [215], tourism [361], the legal domain [110], olfactory
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heritage [212] and plenary debates [299]. In the digital humanities and cul-
tural heritage domains, KGs are increasingly used to link objects to events and
the stories surrounding them. For example, the Arco project constructs an Ital-
ian cultural heritage KG [55] that was built on XML data using the eXtreme
Design methodology [36]. Other projects focus on understanding historical
processes, whether through the history of a city such as Amsterdam [249] or
through various historical archives [239, 298, 326, 336]. [336] focused on the
extraction and modeling of events from the text archive, and [326] proposes an
agile cataloging process to build a KG. These works primarily extract events
from textual sources, often employing domain-specific heuristics or manual
structuring.

In this work, we focus on KG construction from KG. The work most
closely related to ours is EventKG [134], an event-centric KG that was built
starting from large, generic KGs, such as DBpedia or Wikidata. EventKG fol-
lows a global and schema-driven approach, where event types are predefined
and extracted in bulk across the entire KG. In contrast, our methods adopts a
local and dynamic approach: we start from a given input event, that is a node in
the KG, and automatically retrieves a subgraph that contains sub-events of that
input event. This allows for more context-sensitive and targeted event graph
construction. Moreover, our framework is designed to be more flexible: it can
be applied to any KG, not limited to the largest open-domain KGs, and it can
be configured to retrieve subgraphs around any type of node, not just events,
making it broadly adaptable beyond the event-centric setting.

In addition to the KG construction part, event-centric KGs have been ex-
plored for downstream applications. For example, [143] improved sequen-
tial pattern mining with time and reasoning to analyze complex dynamical
systems. Understanding such systems helps in acquiring new knowledge but
also in predicting and controlling its behavior. Event-centric KGs also help
in decision-making, for instance, in the epidemiological domain [19] or in
maritime transport [87]. [195] lastly uses structured narrative representations
to build hypotheses on knowledge bases. These applications underscore the
growing importance of event-centric KGs in both analytical and predictive
tasks.

(ii) Methods for Event-centric KG construction from KG. To construct
event-centric KGs from KGs, our method performs a pruned, semantically in-
formed, best-first search graph traversal. Although not originally designed for
event-centric KG construction, several sub-domains offer valuable methods
and insights that support this task. We draw on techniques from linked data
traversal, graph navigational languages, and entity relatedness and summa-
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rization to inform our approach. These methods guide how information is ex-
plored, filtered, and extracted from large graphs, which is crucial for retrieving
event-centric content efficiently. We compare their scope to ChronoGrapher’s.

Linked-traversal based methods focus on identifying and extracting task-
relevant information by navigating large-scale web data. Also framed as Link
Traversal Query Processing (LTQP), the engines start with seed URIs and dy-
namically discovers sources by following hyperlinks [147, 148]. One of the
pioneering systems in this domain is LDSpider [170], which employs diverse
search strategies such as breadth-first search or load balancing to crawl web
data. Subsequent systems aimed to reduce the search space during the traver-
sal, encoding features like property selection [287] or basic graph patterns
[334]. Systems such as Linked Data-fu [309] and LiDAQ [334] and its ex-
tensions [335] added reasoning capabilities to their approaches. Other systems
like SQUIN [146] focused on optimizing query execution efficiency. [225]
proposes a hybrid SPARQL query execution strategy that combines link traver-
sal with distributed query processing over SPARQL endpoints. A follow-up of
their work [149] evaluated 14 ranking approaches to prioritize result-relevant
data sources early during query execution. [321] extends LTQP by leveraging
structural properties of decentralized systems such as Solid to improve query
performance at scale. As a follow-up, [101] investigates the behavior of the
link queue in LTQP and reveals two distinct execution patterns. Their findings
highlight the importance of understanding link queue behavior for optimiz-
ing LTQP performance in decentralized settings. Lastly, Comunica [320] is a
modular query engine for Linked Data, designed to flexibly support and eval-
uate diverse query algorithms, SPARQL features, and Web interfaces. These
methods offer a variety of traversal strategies designed for efficient and goal-
directed search through KGs, which we draw on to dynamically guide the ex-
traction of event-centric subgraphs in our method.

Graph navigational languages allow structured and iterative exploration
of Linked Data through declarative instructions to retrieve nodes or subgraphs.
There are two types of approach, namely SPARQL extensions [116, 144, 276]
and standalone languages [117, 150]. Most of these approaches use regular
expressions, such as SPARQLeR [190] and PSPARQL [8], and later nested
regular expressions, such as [376] and nSPARQL [263] to explore the graph.
Although our traversal is not expressed in a declarative language, we compare
the scope and output of our method to those of navigational languages. Our
approach can handle both local KGs and SPARQL endpoints, and its output
is a subgraph, referred to as a “region” in the context of GeL [115] and Nau-
tiLOD [117]. The most expressive system appears to be LDQL [150] which
separates pattern processing and source selection. These approaches provide
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techniques to extract nodes or subgraphs that match specific semantic crite-
ria, which we draw on to refine and optimize the extraction of event-centric
subgraphs in our framework.

Entity Relatedness methods support the identification of paths, “regions”
or subgraphs of high semantic relevance within KGs [175]. Entity related-
ness systems compute all paths with search heuristics and activation criteria
to prune the search space and rank paths [158]. The search heuristics include
the bidirectional search [105, 325], backward search heuristic [157], SPARQL
queries [266], exploratory association search [70], and A* [86]. Activation cri-
teria include entity clustering [70], metrics based on node degree [105, 241] or
ontology [220], and similarity measures [86, 157] such as Jaccard, Wikipedia
link-based measures [360] or SimRank [173]. For ranking paths, metrics in-
clude PF-ITF [266], exclusivity-based relatedness [157] and point mutual in-
formation [167]. Table 3.1 provides an overview of the entity relatedness sys-
tems we described. Entity Summarization systems [58, 213] take a KG as
input and output a graph that retains certain original properties of the graph.
The methods used to select nodes are similar to the ranking ones from entity
relatedness systems. These systems offer a range of search heuristics and path-
ranking strategies to identify meaningful connections between nodes, which
we adapt to dynamically guide the extraction of subgraphs in our framework.

[T3%2]

Table 3.1: Overview of entity relatedness systems.
is absent in the system.

indicates that the component

System Path Search Activation Criteria Ranking
[325] Bidirectional search Primitives Cost functions
Profiler [157] Backward search heuristic Similarity measures -
RECAP [266] SPARQL queries - Path informativeness
EXPLASS [70] Exploratory association search Clustering entities -
[86] A* Jaccard-based metrics Top k paths
[241] Shortest paths Low-degree nodes Top k paths
REX [105] Bidirectional search Degree of node Interestingness measure
RelFinder [220] All paths Class, link and length filter -

Our method traverses KGs to extract event-centric subgraphs for event-
centric KG building, similar to link traversal-based methods and graph navi-
gational languages. It operates on local graphs or any SPARQL endpoint and
produces meaningful subgraphs, similarly to systems like [115] and [117]. Un-
like existing traversal methods, which often lack finer-grained control and ex-
pressiveness, our approach introduces flexible navigation and reasoning capa-
bilities. It employs filters for search space pruning without prior knowledge of
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predicates, unlike graph navigational languages requiring regular expressions.
Additionally, we introduce a ranking stage inspired by entity relatedness and
summarization systems, prioritizing nodes based on a cost function. To the best
of our knowledge, this dynamic prioritization is only present in [149] in exist-
ing navigational systems, and only propose two graph-related approaches. In
contrast to entity relatedness systems that typically compute all paths between
entities, our system dynamically computes paths. Furthermore, our approach
requires only one starting node as input, with target nodes defined as variables.
It extracts subgraphs from the original KG, aiming to retrieve all events of
a given entity, disregarding specific property considerations as in entity sum-
marization systems. Lastly, while entity summarization techniques focus on
preserving specific property distributions, our method targets the extraction
of complete event-centric subgraphs, ensuring the retrieval of all sub-events
linked to the input node.

(iii) Retrieval Augmented Generation (RAG). Studies have shown that
LLMs store factual knowledge in their parameters [265], e.g. in the form of
implicit knowledge bases [274, 278]. However, the mechanisms to retrieve
and understand this knowledge remain challenging. RAG systems [65] explic-
itly provide external information to the model through a dedicated knowledge
retriever component. By separating knowledge storage from generation, RAG
systems improve interpretability and often lead to more factual, diverse, and
contextually grounded output [206], with applications in tasks such as QA [63]
or reasoning [317]. Systems such as ORQA [203] or REALM [142] learn the
retriever and the reader jointly, whereas systems like DrQA [63] have a fixed
document retrieval component. [179] proposes a dense passage retriever to in-
dex all documents in a latent space. [264] augments the reader with a retriever
in an unsupervised way.

In our user study, we adopt a RAG-like setup to compare three types of
zero-shot prompting strategies for QA: one prompting without explicit context,
and two prompting with triples from generic KGs and event-centric KGs, re-
spectively. Our knowledge retriever component is implemented using SPARQL
queries that extract relevant triples from the KG to condition the LLM’s gen-
eration.

3.3 ChronoGrapher

As displayed in Figure 3.2, ChronoGrapher takes an event IRI as input, extracts
an event-centric subgraph where all triples contains sub-events of that input
IRI, and outputs an event-centric KG. In this section, we formalize the two
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main components: subgraph extraction (Section 3.3.1) and event-centric KG
construction (Section 3.3.2). We begin by defining the core concepts used
throughout the two components: knowledge graphs, event-centric knowledge
graphs, event and subevent.

Definition 3.1 (Knowledge Graph). A knowledge graph (KG) is an RDF
graph where the nodes represent entities (subjects or objects) and literals (ob-
jects) and the edges represent the relationships (predicates) between these en-
tities and literals. Formally, KG = {(s, p,0)|s € E,o € EUL,p € R}, where E
is the set of entities (nodes) in the KG, L is the set of literals in the KG, and R
is the set of predicates (edges) representing relationships in the KG.

Definition 3.2 (Event-centric KG). In this work, an event-centric knowledge
graph is a KG whose vocabulary, classes and relationships originate from the
SEM [338] and the NIF [153] ontologies. There are four core classes in SEM:
sem:Event (what), sem:Actor (who), sem:Place (where) and sem:Time
(when). The NIF ontology enables to integrate text data in KGs.

Definition 3.3 (Event and subevent). An event is defined as an occurrence
in time that can be characterised by attributes from the SEM ontology, such
as actor and location. A sub-event is defined as an event that forms part of
a larger, composite event. Sub-events maintain the same formal structure as
events but are contextually linked to parent events through temporal, causal, or
structural relations (e.g. sem: subEvent0f).

3.3.1 Event-centric Subgraph Extraction (RQ1)

Given a target event of interest and a knowledge graph KG, our goal is to
extract an event-centric subgraph from KG that captures relevant information
about this event. To achieve this, we propose a link traversal-based method
tailored to the event-centric setting. Our approach takes the form of a pruned
best-first search: it incrementally explores the most promising nodes while
explicitly pruning others, enabling focused and efficient traversal.

We begin by introducing the core concepts required for graph traversal
(Preliminaries) and formally define the task and the search algorithm (Task
and Method Overview). We then present the two key components of our
method: the event-centric filters, which prune the search space by discarding
nodes (Event-centric filters); and the ranking and scoring mechanism, which
selects the highest scoring nodes for expansion based on their contextual rele-
vance (Ranking Mechanism). Together, these components drive the extraction
of compact and semantically meaningful subgraphs centered around a given
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event. To facilitate understanding of the subgraph extraction task and its com-
ponents, we summarize the key definitions used throughout this section in Ta-
ble 3.2.

Table 3.2: Useful definitions for the subgraph extraction task.

Def. # Def. Name Relevance to Subgraph Extraction

Task

4 Ingoing Triples Node Expansion (cf. Def. 6)

5 Outgoing Triples Node Expansion (cf. Def. 6)

6 Node Expansion KG Traversal

7 Event-Centric Subgraph Re-  Task

trieval Task

8 Pruned Best-First Search Method, with two main components:
node pruning and node ranking

9 Event-Centric Filters Node pruning (cf. Def. 8)

10 Relation Patterns Node ranking (cf. Def. 8)

11 Scoring Node ranking (cf. Def. 8)

12 Preference Function Node ranking (cf. Def. 8)

Preliminaries

We formally define preliminary concepts that are useful for our subgraph ex-
traction task and our link traversal-based method: the ingoing and outgoing
triples of a node in a KG, as well as node expansion.

Definition 3.4 (Ingoing triples). Let KG = {(s,p,0)|s € E,o € EUL,p € R},
and P(KG) = {A|A C KG} the set of all subsets of KG. The ingoing triples
of a node n are formally defined as:

ingoinggc: E — P(KG)
n+— {(s,p,n) | Ip €R, Is € E, such that (s,p,n) € KG}

Definition 3.5 (Outgoing triples). Let KG = {(s,p,0)|s€ E,o € EUL,p € R},
and P(KG) = {A|A C KG} the set of all subsets of KG. The outgoing triples
of a node n are formally defined as:

outgoinggc: E — P(KG)
n+— {(n,p,0)| 3p €R, o € EUL, suchthat (n,p,0) € KG}
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Definition 3.6 (Node Expansion). Expanding a node n means retrieving its
ingoing and outgoing triples.

Building on these preliminary concepts, we now formalize the event-centric
subgraph retrieval task and describe our pruned best-first search algorithm to
tackle it.

Task and Method Overview

We formalize the event-centric subgraph retrieval task and present the frame-
work used to address it. Our method is a pruned best-first search that iter-
atively expands a local subgraph by exploring the most promising candidate
nodes while discarding other ones. This section first introduces the task for-
mulation and algorithm definition, followed by a step-by-step breakdown in
pseudo-code and an illustration of the traversal process.

Definition 3.7 (Event-centric Subgraph Retrieval Task). Given a knowledge
graph KG = {(s,p,0) | s € E,o € EUL,p € R} and a starting event node .,
the goal of the event-centric subgraph retrieval task is to extract a subgraph
G’ C KG such that each triple (s', p’,0") € G’ satisfies the condition that either
s’ or ¢’ is a sub-event of n4,>. Formally:

rxkg: E— P(KG)
ngtare — {(s',p',0") € KG|subevent_of(s', ngar) V subevent_of (0, nar) }

Note that with this definition, ng,,; Will not be included in the extracted
subgraph if it is not explicitly encoded as a sub-event of itself. However,
ngare 18 later re-integrated during the KG construction step (described in Sec-
tion 3.3.2), and is therefore present as an event node in the final output KG.
Furthermore, non-subevent relations such as preceding events are not included
in the extracted event-centric subgraph from Definition 3.7, and are not treated
as sub-events. Extending this approach to incorporate other relations, such as
those defined in Allen’s interval algebra [9], is a promising direction for future
work.

Definition 3.8 (Pruned Best-first Search). A pruned best-first search algo-
rithm explores a graph by expanding the unvisited node with the highest score
according to a predefined heuristic. During traversal, the algorithm prunes
(i.e., excludes) nodes and edges of specific types, reducing the search space
while focusing the exploration on the most promising parts of the graph.

3Given that s’ would be a sub-event, we assume it is also an event (analogously for o).
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Algorithm 1 Pruned Best-First Search Algorithm

Input:

* KG={(s,p,0)|s€E,oc EUL,p € R}: knowledge graph to traverse;
* Ngare: Starting node for the search;

* t5,1,: start and end dates of ng,,;;

e jteration: number of iterations;

* extract_type: node types to extract;

* filtering, scoring, preference: traversal components (defined in Sec-
tion 3.3.1).

Output:

G = {(s’,p/,ol) €KG

R A A o S

—_ = =
N = e

13:
14:
15:
16:
17:
18:

(type(s’) € extract_type A subevent_of(s’, ngur ) )
V (type(o’) € extract_type A subevent_of (o', ngart) )

FILTER < INITFILTER (filtering, tsiart, fend) # Filtering
SELECTOR < INITSELECTOR(scoring,preference)  # Node Selector
P+0 # Pending nodes, that could be expanded
nodes < {ngar # Nodes to expand
Nexpanded <0 # Nodes expanded
G +0 # Output

for i =1 to iteration do
for all node € nodes do

Nexpanded — Nexpanded U {nOde}
ingoing < INGOING(node,KG) # Stage 1: Expansion
outgoing < OUTGOING(node, KG)
(to_add, pending) < FILT ER(ingoing,outgoing, extract_type) #
Stage 2: Filtering
G' < G'Uto_add

P < PU pending # Stage 3: Output update
end for
nodes + SELECTOR(P) # Stage 4: Ranking
end for
return G’
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We provide the pseudo-code for our subgraph extraction method in Algo-
rithm 1, which implements a pruned best-first search in four main stages at
each iteration of the search: nodes with the highest score are selected and ex-
panded in the graph (Stage 1); event-centric filters prune certain nodes from
the search space (Stage 2); the pending set and output subgraph are updated
accordingly (Stage 3); and nodes in the pending set are scored and ranked to
guide the next iteration (Stage 4). The to_extract parameter specifies the type
of nodes to extract from the graph; while it is set to events in our experiments,
it can be adapted to extract different node types depending on the dataset or
use case. The set nodes, initialized in line 4, represents the priority queue of
nodes to be expanded, drawn from the pending set P initialized in line 3.

° Expand nodes with the highest ranking Filter nodes

TR WHERE- — _— —
dbr:Pierre dbr:Kingdom_of_France dbr:Insurrection_of_| dbr:Pierre | filter w"ﬂﬂ@ dbr:Insurrection_of_|
_Douville _Douville

10_August_1792 | 10_August_1792

dbo:battls 7 g dbo:battl 7
oele dborlocation 41, ispartOfMilitaryConflict ol doorlocation 41, ispartofMilitaryConflict
—>
dbr:French_Revolution dbr:French_Revolution
- - WHEN-
dborisPartOfMilitaryConflict rdftype :E):inﬂuenced dborisPartOfMilitaryConflict rdftype Iko:inﬂuenced filter

/dbr:Storming;‘ — - dbrStorming) WHAT. [~ ==
lof_the_Bastille| dbo:MilitaryConflict Jacques_Rousseau of_the_Bastille) filter Ttere

° Score and rank patterns a Update pending nodes and subgraph output
Expanded at )
next iteration K @97
Pattern Nodes Score

o e
(dbo:isPartOfMilitaryConflict, dbr:Storming_of_the_Bastille 2 (dbr:Storming | (dbr-Pi
dbr:French_Revolution) |dbr:Insurrection_of_10_August_1792 T °’m'”gf‘ r-Pierre - ) -
of_the_Bastille |__Douville dbo:isPartOfMilitaryConflict
(dbo:battle, | dbr:Insurrection of - n (dbr:Insurrection_)
dbr:French_Revolution) do:Pierre_Douville 1 10 August 1792 | L‘:b"smrm'"g—‘ of_10_August
(=" 92August 3 of the_Bastille | .- =

{ 1792 Y

dbr: <http://dbpedia.org/resource/> FE 1)
rdf: <http://www.w3.0rg/1999/02/22-rdf-syntax-ns#> [ dbo:Event \
dbo: <http://dbpedia.org/ontology/> e

Figure 3.3: Description of one iteration during the informed graph traversal. The
type of ranking is predicate-object frequency. The WHERE, WHAT and WHEN filters
are activated (next defined as e_f{apo:Location}.DB,rd f:1ype- Where DB is the set of triples

in DBpedia, p_f{,af.yper a0d 1_f{apo:stariDate}, 17890505 dbozendDate,1799— 1231 TeSPec-
tively).

To illustrate these stages more intuitively, Figure 3.3% shows how a single
iteration of the graph search unfolds. This visual aid complements the pseudo-
code by providing a concrete example of node expansion, filtering, and scor-
ing in context. In Stage 1, the highest-ranked nodes are expanded by retrieving

“Images taken from https: //www.flaticon.com.
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their ingoing and outgoing neighbors. In the figure, dbr:French_Revolution
is expanded. This leads to unvisited ingoing nodes like dbr: Insurrection_
of _10_August_1792 or dbr:Storming_of_the_Bastille, and unvisited
outgoing nodes like dbo:MilitaryConflict and dbr:Kingdom_of_France.
Stage 2 applies the node filtering. For example, dbr:Kingdom_of_France is
removed because it is a location node (WHERE), dbo:MilitaryConflict
is discarded due to being reached via the rdf :type predicate (WHAT), and
dbr: Jean-Jacques_Rousseau is excluded because he died before the French
Revolution began (WHEN). These filters help focus the traversal on event
nodes, which are more likely to lead to other relevant events, reducing noise
during search. Importantly, some filtered nodes, typically people and loca-
tions, are re-integrated during the KG construction phase to ensure a com-
plete and coherent event representation. Stage 3 updates the pending node set
and the output subgraph with the remaining nodes. dbr:Pierre_Douville,
Storming_of_the_Bastille and Insurrection_of_10_August_1792 are
added to the pending nodes to possibly be expanded, and the triples connecting
the two latter nodes to dbr:French_Revolution are added to the subgraph
output. Lastly, in Stage 4, candidate nodes are grouped by patterns, and ranked
using scoring metrics such as predicate frequency or entropy predicate fre-
quency to guide the next iteration. In the figure, Storming_of _the_Bastille
and Insurrection_of_10_August_1792 will be expanded at the next itera-
tion.

The pseudo-algorithm and the visual overview highlight the key stages
of our graph traversal process. We now formally define the event-centric fil-
ters (Event-centric filters) and ranking mechanism (Ranking Mechanism) that
guide the subgraph extraction by pruning irrelevant nodes and prioritizing the
most informative ones.

Event-centric filters

We define a set of generic filters to prune the search space during traversal, in-
stantiated in our experiments as event-centric filters (see Section 3.4.1). While
the filters are generic, our usage for the event-centric KGs follows the SEM
ontology [338] and is aligned with its four core classes, as detailed in the in-
troduction of Section 3.3.

The intuition behind these filters is to restrict the traversal to event-centric
paths, i.e. to nodes that are themselves events. This design helps prevent the
search from drifting into semantically less relevant or noisy parts of the graph.
For instance, expanding a person or location node may lead to biographical or
geographic information that, while informative, does not contribute directly to
the sub-event structure we aim to retrieve. Therefore, such entities are, when
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possible, not expanded further during traversal. However, they remain essen-
tial to the broader context of events and are reintegrated during the KG con-
struction phase, which enriches the retrieved event-centric core with relevant
contextual information such as people, places, and other linked entities.

In Figure 3.3 (Stage 2), the filters act dynamically, pruning newly vis-
ited nodes based on their type or connection. These filters could be imple-
mented using SPARQL queries or graph navigational languages such as Nau-
tiLOD [117], though such approaches lack the ability to rank patterns. Below,
we formally define the filter mechanism.

Definition 3.9 (Event-centric filters). We hereafter define three types of event-
centric filters: predicate-based, entity-based and temporal-based. Each filter is
a boolean function that enables to prune the search space in a knowledge graph
KG={(s,p,0)|s€ E,o€ EUL,p € R}.

Definition 3.9.1. Predicate-based filter.
Let R' C Rand (s, p,0) € KG. The predicate-based filter discards (s, p,0) from
the search space if p € R'. It can be formally defined as:

pJRIZ KG — {0, 1}
(s,p,0) M{

1 ifperR
0 else

« WHAT-filter. For example, R’ = {rdf:type} .

Definition 3.9.2. Entity-based filter.
Let E' CE, p € R, s € E. The entity-based filter discards s from the search
space if s is of any type in E’. It can be formally defined as:

e_fekcp: E—{0,1}
1 if 3r € E’, such that (s, p,t) € KG
s —
0 else

» WHO-filter. For example, E’ = {dbo:Person}, p = rdf : type.

« WHERE-filter. For example, E’ = {dbo:Location}, p = rdf: type.

Definition 3.9.3. Temporal-based filter.

Let Ly C L be the subset of literals corresponding to dates. Let (ps, p.) € R?,
(t5,20) € Lﬁ. ps and p, are predicates denoting the start and end dates of an
event, and #; and ¢, are literal timestamps. The temporal-based filter discards
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s € E from the search space if it ends before ¢, or if it starts after #,. It can be
formally defined as:

t_fpotpet.: E—>{0,1}
1 if 37 € Ly, such that (s, ps,t1) € KG and 1) > ¢,
s — or 3ty € Ly, such that (s, p.,12) € KG and 1, < tq,
0 otherwise.

* WHEN-filter. For example, p; = dbo:birthDate, p, =dbo:deathDate,
ty = "1789-05-05", t, = "1799-12-31".

The above filters are parameters of the traversal, and can be activated on de-
mand. In Figure 3.3, the filters we activated are WHAT, WHERE, and WHEN
(fOfmally defined as e_f{dho:Location},DB,rdf:type’ p_f{rdf:type} and

t_fdbo:startDate,1789—05—05 dbo:endDate,1799—12—31 Tespectively). For WHAT, dbo :
MilitaryConflict is discarded from the search space, since it is the object of

the triple (dbr:French_Revolution,rdf:type,dbo:MilitaryConflict).
Regarding WHERE, Kingdom_of _France is discarded since it is of type dbo:

Location. Lastly, Jean-Jacques_Rousseau is discarded because Rousseau
died before the French Revolution started, hence applying the WHEN filter.

Ranking Mechanism

To prioritize the most relevant nodes for expansion, we implement a ranking
mechanism that operates at the level of relation patterns. Rather than scoring
individual nodes in isolation, our method groups nodes according to the struc-
tural and semantic patterns they instantiate in the graph. Each pattern is then
evaluated and ranked based on its relevance to the current search context.

The ranking strategy combines two complementary components: a quanti-
tative heuristic, which assigns a numerical score to each pattern, and a seman-
tic preference function, which classifies patterns into semantically relevant vs.
less semantically relevant. The final score of a pattern integrates both aspects
to reflect both contextual fit and semantic importance. Once the top-ranked
pattern is selected, all nodes in the pending set that match this pattern are ex-
panded. The process repeats until no relevant patterns or nodes remain, or until
the maximum iteration number is reached. We now formally introduce the no-
tion of relation patterns and node satisfaction, before detailing the scoring and
preference mechanisms used to rank them. All the examples are taken from
Figure 3.3.
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Definition 3.10 (Relation Patterns and Node Satisfaction).

Let KG = {(s,p,0)|s € E,o € EUL,p € R}. We define the following rela-
tion patterns in KG as Boolean functions. For each pattern defined below, we
write that a node n € E satisfies a pattern if the corresponding pattern function
returns 1 for n.

Definition 3.10.1. Single-step outgoing predicate pattern.
Let a predicate p € R, we formally define opp), k¢ as follows:

opppkc: E—{0,1}
{1 if 3o € E such that (n, p,0) € KG,
n+——

0 otherwise.

* Example. We assume KG = DBpedia and p = dbo:isPart0fMilitary
Conflict. dbr:Storming_of_the_Bastille satisfies opp, k¢, since
(dbr:Storming_of_the_Bastille, p, dbr:French_Revolution) €
KG.

Definition 3.10.2. Single-step ingoing predicate pattern
Let a predicate p € R, we formally define ipp, k¢ as follows:

l'pppJ(G: E— {0, 1}
1 if 35 € E such that (s, p,n) € KG,
n+—— .
0 otherwise.

* Example. We assume KG = DBpedia and p =dbo:isPart0fMilitary
Conflict. dbr:French_Revolution satisfies ipp, k¢, since
(dbr:Storming_of_the_Bastille, p, dbr:French_Revolution) €
KG.

Definition 3.10.3. Single-step outgoing predicate-object pattern
Let a predicate p € R and an entity e € E, we formally define opop, . kG as
follows:

opopyexc: E—{0,1}

1 if (n,p,e) €KG,
n .
0 otherwise.

* Example. We assume KG = DBpedia, p =dbo:isPart0fMilitary
Conflict and e = dbr:French_Revolution.
dbr:Storming_of_the_Bastille satisfies opop, . xc. since
(dbr:Storming_of_the_Bastille, p, dbr:French_Revolution) €
KG.
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Definition 3.10.4. Single-step ingoing predicate-object pattern
Let a predicate p € R and an entity e € E, we formally define ipop, . kG as
follows:

ipoppexc: E— {0,1}

1 if (e,p,n) € KG,
n—s i
0 otherwise.

» Example. We assume KG = DBpedia, p =dbo:isPart0fMilitary
Conflict and e = dbr:Storming_of_the_Bastille.
dbr:French_Revolution satisfies ipop, . kG, since
(dbr:Storming_of_the_Bastille, p, dbr:French_Revolution) €
KG.

Definition 3.11 (Scoring). Let G’ a non-empty subset of KG.
We first define scoring metrics for ingoing and outgoing predicate patterns in
G'. Leta predicate p € R and the patterns ipp,, and opp,, from Definition 3.10.

* Predicate Frequency (pf). Edges with predicates that are often used in
the dataset will be favoured.

pf(ippp,G') = |{s | Jo € E, such that (s, p,0) € G'}|
pf(oppy,G') =|{o|3s € E, such that (s, p,0) € G'}|

* Entropy Predicate Frequency (epf). Edges with the most informative
predicates in the dataset will be favoured. Let pp € {ipp,,opp,}.

—2LPRE) og(PRREY) it pf(pp,GT) > 0,

0 otherwise.

epf(pp,G') = {

* Inverse Predicate Frequency (ipf). Edges with predicates that are rarely
used in the dataset will be favoured. Let pp € {ipp,,opp,}.

1 ,
epf(pP,Gl): _Pf(Pp-,G’) lfpf(pp>G) >0,
0 otherwise.
We second define scoring metrics for ingoing and outgoing predicate-object

patterns. Let p, p €R, e, e € E, and the patterns ipop, . and opop,, . from
Definition 3.10.
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* Predicate-Object Frequency (pof). This is similar to pf, but this metrics
also differentiates between the objects.

pof(ipoppe.G') =I|{s]| (s,p,e) € G'}|
pof(opopp.e,G')=1{o] (e,p,0) € G'}|

* Entropy Predicate-Object Frequency (epof). This is similar to epf, but
this metrics also differentiates between the objects.

Let pop € {ipop,c,0popp.e}-

_ pof(pop,G') 1o pof(pop,G')\ - /
/ g( ) if pof(pop,G') >0,
epof(pop,G') = { 1l =

0 otherwise.

* Inverse Predicate-Object Frequency (ipof). This is similar to ipf, but this
metrics also differentiates between the objects.

Let pop € {ipopp.e,0popp.c}-
! if pof(pop,G') >0,

ipof(pop,G') = {goﬂpopm otherwise

Let us consider the following triples from Table 3.3. This ensemble of
triples is denoted G’ below. We have |G| = 3.

Table 3.3: Triples considered for the scoring example. Only unvisited nodes are taken
into account.

Subject Predicate Object
dbr:Pierre_Douville dbo:battle dbr:French_Revolution
dbr:Insurrection_of_10_August_1792 dbo:isPartOfMilitaryConflict dbr:French_Revolution
dbr:Storming_of_the_Bastille dbo:isPartOfMilitaryConflict dbr:French_Revolution

Since dbr:French_Revolution was already visited, we only consider the
ingoing patterns. Given the above definitions, we have the followings scores:

° pf(ippdbo:battle7G,) =1

. N
* pf(iPPabo:isPartosMilitaryContlict; G ) = 2

[ . G [ . G’
epr’(ippdbo:battle) _ _pf(lppdbo.battle7 ) 1o (pf(lppdbo.battlea ))

|G| |G|
= —5-log(3)
~0.16
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* We note dbo:isPart0fMilitaryConflict as dbo:iPOMC below for
more clarity.

. ) ppasaipontc, G
epf (ippavoiromc, G') = —WG/\G'| -log<pf(lppdb°' pomc, &) >

, |G|

=—3log(3)
~0.12

The scoring metric used in Figure 3.3 is pof. The score of the pattern
ipopdbo:isPartUfMilitaryConflict,dbr:French_Revolution is 2 since there are two
ingoing nodes of the dbr : French_Revolution that are connected to the latter
with the predicate dbo:isPart0fMilitaryConflict. If the scoring metric
was epof, the score would be —% - log% ~0.12.

Definition 3.12 (Preference Function). The preference function is a boolean
function that classifies a pattern as semantically relevant if it meets certain
conditions. Let KG = {(s,p,0)|s € E,o € EUL,p € R} a KG. Let d € R
and sc € R denoting predicates for domain and subclass information. Let
extract_type € E a type of events to retrieve. Let p € R, e € E and a pattern

pp, pp € {ippp,0ppp,ipopp.c,0popp . }. We formally define:

1 if 3n € E, such that (p,d,n) € KG
prefascs (pp) = and(n,sc,extract_type) € KG

0 otherwise.

* For example, d = rdfs:domain, sc = rdfs:subClassOf,
t_e =dbo:Event.

The preference function prioritises predicates with the highest scores from
the scoring step, favouring nodes with the correct types. We use the ontological
equivalent predicates of rdfs:domain and rdfs:range. In DBpedia, we have
(dbo:isPartOf MilitaryConflict,rdfs:domain,dbo:MilitaryCon-
flict) and (dbo: MilitaryConflict,rdfs:subClass0f*,dbo:Event).
In (s,dbo:isPart0fMilitaryConflict,o), s must be of type dbo:Event.
With the preference function, the system prefers patterns with dbo: isPart0f -
MilitaryConflict over dbo:battle since the former has dbo:Military-
Conflict as its domain, a subclass of event type, while the latter lacks explicit
information about its domain or range. In Figure 3.3, the preference function
does not affect the selection of nodes to expand. Without the preference func-
tion, patterns are ranked in descending order of scores from the scoring step.
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We have presented the event-centric subgraph extraction component of
ChronoGrapher. We now present its event-centric KG population component.

3.3.2 Event-centric KG Population (RQ2)

To obtain a comprehensive, fine-grained event representation, ChronoGrapher
adds a second component for building event-centric KGs. This process com-
plements the subgraph extraction phase by enriching the retrieved events with
contextual information. Such information may be explicitly encoded in the KG
through IRIs or expressed in texts stored as literals.

Algorithm 2 outlines the KG construction procedure. Starting from the
events identified during the subgraph extraction step, the system applies two
complementary triple enrichment strategies, one structure-based and one text-
based, to build the event-centric KG:

1: Structured triple enrichment (IRI-based). For each event, the system
retrieves its outgoing triples from the original KG and maps them to SEM-
compatible relations. This mapping relies on a predefined set of predicate
labels (S in the pseudo-code), which determine the corresponding narrative
dimensions (e.g., time, place, actor). This step is rule-based and aims to repro-
duce the type of structured information found in EventKG [135].

2: Text-based triple enrichment (abstract-based). The system then pro-
cesses the abstract associated with each event, typically encoded as a literal.
Using a semantic information extraction pipeline based on frame semantics,
it identifies frames and their roles (frame elements), which are then linked to
named entities. This allows the construction of more fine-grained relations
between events and entities, such as causal relations.

An example of the IRI-based KG construction is shown in Figure 3.4. On
the left, we show a portion of the original Wikidata subgraph for the Coup
of 18 Brumaire (wd:Q620965), while the right side presents the transformed,
SEM-aligned event-centric KG. Table 3.4 lists the label patterns used in this
process. For each triple (s, p, o), if the label of p matches one of the prede-
fined labels associated with a narrative dimension (e.g., time, place, actor), a
corresponding SEM-compatible triple is added to the output graph. This trans-
formation is governed by a rule-based mapping approach, which assigns SEM
predicates based on the labels of the original RDF predicates. For instance,
consider a predicate whose label contains the substring “person”. This label
indicates a relation involving an actor. In this case, the system adds the triple
(s, sem:hasActor, o) to the event-centric KG.

5The rules are implemented in the file src/build_ng/generic_kb_to_ng.py.
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Algorithm 2 Event-centric KG Population

Input:

KG ={(s,p,0) | s€ E,o€ EUL,p € R}: knowledge graph to traverse;
G': output of Algorithm 1;

Ngare: starting node for the search;

* f,, t,: start and end dates of ng,,;.

Output: A: event-centric KG

1o S {s1,..,8n} # Predicate labels to keep, predefined (for the KG
construction)

2: A0

3: E + GETEVENTS(G') U{nyqa} # Retrieve list of events from G’
4: for all e € E do

50 A<+ AU{(e,rdf:type,sem:Event)}  # Update output KG with event
6:  outgoing < OUTGOING(e,KG) # 1. Structured triple enrichment

(IRI-based)

7. forall (e, p,0) € outgoing do

8: label < GETLABEL(p)

9: if p € S then

10: A < AUGETSEMTRIPLE(e, p, 0, lgar,ts,t.) # This step may not

always add triples
11: end if
12:  end for
13:  abstract < GETABSTRACT(event) # 2. Text-based triple enrichment
(abstract-based)

14:  frames < GETFRAME (abstract)
15:  for all f € frames do
16: A < AUGETFRAMEKG(f)
17:  end for
18: end for
19: return A

Beyond transforming IRI triples, ChronoGrapher enriches the KG by ex-

tracting structured information from textual description, specifically, event ab-
stracts encoded as literals. To achieve this, we rely on the frame semantics
theory [109], which represents situations as frames, i.e. as structured tem-
plates involving participants, temporal properties, and other contextual roles.

54



Retrieve outgoing nodes of sub-event Populate SEM KG

‘1799-11-09‘ | wdiFrench Revolution | ‘1799—11-10‘ ‘1799-11-09‘ | wd:French_Revolution | ‘1799—11-10‘
rt of > i : ?E tof
start time ) part ‘ end time sem:hasBeginTi sem.su‘ ver sem:hasEndTi
d:Coup_of_18_Brumaire d:Coup_of_18_Brumaire

ccalio:l:panicipan( wd:Napoleon sem:hasPIaCeIsem:hasAc(or wd:Napoleon

wd: <http://www.wikidata.org/entity/> e == )
sem: <http://semanticweb.cs.vu.nl/2009/11/sem/> ‘sem:Event ‘
rdfs: <http://www.w3.0rg/2000/01/rdf-schema#> I

Figure 3.4: Populating a SEM KG from the Coup of 18 Brumaire in Wikidata. wd is
a prefix used in Wikidata for http://www.wikidata.org/entity/.

Table 3.4: Labels used to retrieve information from KG triples.

Narrative dimension SEM predicate Labels
Who sem:hasActor person, combatant, commander, participant
When (begin) sem:hasBeginTimeStamp start time, date, point in time
When (end) sem:hasEndTimeStamp end time
Where sem:hasPlace place, location, country
Part of sem: subEventOf partof, part of
Part of (inverse) sem:hasSubEvent has part, significant event

Some event-centric KGs built from news articles [204, 279] also used frames.
Although EventKG contains text events and links them to entities, it does not
provide the finer-grained semantic structure of frames. One example of frames
is the Change_of_ leadership frame®. It describes “the appointment of a
New_leader or removal from office of an 01d_leader”. Semantic roles such
as 01d_leader and New_leader are called frame elements.

ChronoGrapher automatically identifies such frames and their associated
roles by reusing the pre-trained transformer-based model introduced by [61].
Each frame instance is aligned with the NIF ontology [153] to anchor it in
the source text, and DBpedia Spotlight [237] is used to link frame elements
to entities. The resulting frame structures are then integrated into the KG and
linked to the Framester ontology [122], using a representation consistent with
Framester’s semantic model’®.

Shttps://framenet2.icsi.berkeley.edu/fnReports/data/frameIndex.xml?
frame=Change_of_leadership

7h‘c‘cp ://etna.istc.cnr.it/framesterpage/wsj/wsjpropnetannotations/CE_
55094.

8The code for this part is in the src/build_ng/frame_semantic.py file.
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ex:W1 nif:lemma end

-;-EXZS'I nif:word wsi:f fromDocument e onFrameJ
th F m "o onFrame The Coup d'état of
© Frenc 18 Brumaire
The Coup détat of 18 m frame Cause_to_end frame Causation

the
Brumaire [...] ended the

o) [

Coronation

French Revolution and of Napoleon
[.]willleadtothe | oo J ex:E1 ex;E2 ]4 ...... , as Emperor
N |8 N E— H

wsj:withfnfe wsj:withfnfe

Coronation of Napoleon

as Emperor. skosirelated skos remed { exE3 J
dbo:abstract +
'{ dbr:French_Revolution } ’—idbr.Coup_ofJS_Brumaue} [ gfe:Effect J
ex: <http://example.com/> dbr: <http://dbpedia.orgiresource/>  (TTTTITTTTTITINY
wsj: <https://w3id.org/framester/wsj/> dbo: <http://dbpedia.org/ontology/> WSJ COFDUSENW {Sem Event| |frame:Frame
frame: <https://w3id.org owl: <http://www.w3.0rg/2002/07 /owi> <7777

gfe: <https://w3id. jfe rdif: <http://www.w3.0rg/1999/02/22-rdf-syntax-nst> rdfs:Literal rdf:value->
skos: <http://www. w3 org/2004/02/skoslcore#> rdf:type

Figure 3.5: Example of frames extracted from text about the Coup of 18 Brumaire.
The KG contains both literals (in grey) and linked KG entities. For instance, the
French Revolution appears as a literal, directly tied to its sentence and serving as the
value of role ex:E1, while the linked DBpedia entity (dbr: French_Revolution) is
associated to ex:E1 via skos:related.

Figure 3.5 illustrates this process. Starting from the abstract of dbr : Coup_
of _18_Brumaire, the text is segmented into sentences (e.g., ex:S1). A frame
annotation such as ex:FNAnnot1 is associated with the frame frame:Cause_
to_end, which in turn connects to roles like ex:E1, representing entities such
as the French Revolution. These literals are grounded to IRI entities (e.g.,
dbr:French_Revolution) via entity linking. This frame-based enrichment
enables ChronoGrapher to capture causal, temporal, and participant-related
semantics that go beyond what is available from structured triples alone, and
is particularly useful for answering complex event-centric queries (as explored
in RQ3).

3.4 [Evaluation

We present the setup (Section 3.4.1), results on the quality of the method (Sec-
tion 3.4.2) as well as the impact of the constructed event-centric KGs on LLMs
question-answering (Section 3.4.3). The quantitative evaluation (Section 3.4.2,
RQ1 and RQ2) focuses on evaluating the quality of the method, both for the
traversal (RQ1) and the KG population (RQ?2). The evaluation for RQ1 is done
automatically and can be reproduced. The evaluation for RQ?2 is partly done
automatically, and partly manually assessed. For RQ3, we conducted a pre-
liminary user study to assess the potential of event-centric KGs on a LLM QA
setting, and we found encouraging qualitative results.
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3.4.1 Experimental Setting (RQ1, RQ2)

Our experiments first aim to assess the quality of ChronoGrapher, both for
event-centric subgraph extraction (RQ1) and for event-centric KG population
(RQ2). For RQI1, we investigate the effects of filtering and ranking on the
graph traversal approach. We first experiment under different configurations,
with six distinct parameters for the search process: (1) scoring metric, (2) pref-
erence function (cf. Section 3.3.1), (3-6) filters pertaining to WHAT, WHERE,
WHEN, and WHO (Definition 3.9). The scoring metrics is one of the six op-
tions described above (Definition 3.11), whereas all the other parameters are
boolean.

To speed up the overall experiments, we used two Ubuntu machines with
similar hardware configurations (40 CPU cores and 314GiB / 376GiB of mem-
ory, respectively). Given the close similarity in specs, we do not expect the use
of different machines to have introduced any meaningful variability in perfor-
mance. While memory usage remains relatively constant due to the persistent
in-memory KG, the approach would be more CPU-intensive, as it involves
issuing a large number of query interface calls during execution.

Parameter Notation. Throughout this section, we use the following binary
parameters to indicate which semantic filters or retrieval strategies are enabled
in each configuration:

* what, where, when, who € {0,1}: These indicate whether the corre-
sponding semantic filters are active. For instance, who = 1 means the
WHO-filter defined in Section 3.3.1 is applied.

* domain_range € {0,1}: When set to 1, the domain-range preference
function is used to prioritize triples whose predicate-object structure
aligns with the expected answer type.

Baselines. For RQ1 on event-centric subgraph extraction, we compare our
system chronographer with three categories of system we implemented. We
adapted LDSpider [170] and NautiLOD [117] to align with our method. The
performance comparison between chronographer and the considered baselines
focuses solely on the quality of the extracted sub-events, not the entire sub-
graph.

e random-5, random-10 and random-15: at each iteration, nb nodes are
randomly selected to be expanded. We used nb € {5,10, 15}. Parameters
(1-6) are non applicable.
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* Ildspider-m: inspired by LDSpider [170], this search is a breadth-first
search with some predefined predicates to be pruned out of the search
space. Parameters (1) and (2) are not applicable, and (3-6) are set to 0.

* nautilod-m: inspired by NautiLOD [117], this baseline works as a breadth-
first search combined with more complex filters than ldspider-m. Param-
eters (1) and (2) are not applicable, but we experiment with (3-6).

Evaluation. We chose EventKG 3.1 [133] as a golden standard primarily
because, to the best of our knowledge, it is the only existing resource that au-
tomatically constructs event-centric knowledge graphs from large-scale KGs
like DBpedia and Wikidata, making it the most relevant point of comparison
for our method. Additionally, EventKG relies on similar input datasets, which
allows for a meaningful overlap in evaluation. While we note that the original
EventKG paper does not detail a formal evaluation of its own event selection
process, its scale, structured format, and availability make it a valuable ref-
erence baseline for both subgraph extraction and KG construction tasks. We
discuss this further in Section 3.5.1.

For RQ1 on event-centric subgraph extraction, we constructed a gold stan-
dard by querying EventKG using SPARQL SELECT queries to retrieve rel-
evant event instances. The notebook is available to replicate this process’.
For RQ2 on event-centric KG population, we used SPARQL CONSTRUCT
queries to adapt EventKG’s triples, specifically, we replaced EventKG IRIs
with the original DBpedia/Wikidata instances and aligned the predicates to
SEM. The code implementing this adaptation is publicly available!”.

We chose to compare our method’s output to EventKG using the standard
F, precision and recall metrics. For RQ1, which focuses on extracting a sub-
graph from a KG given an input event, we use these metrics at the event level
to evaluate whether the extracted subject or object nodes are indeed sub-events
of the target event. This allows us to assess the correctness and completeness
of the events in the subgraph. For RQ2, which concerns constructing an event-
centric KG, we use the same metrics at the triple level to evaluate whether the
resulting KG correctly describes sub-events with relevant features like place,
time, or actor. This helps us determine how well the structural component of
the KG captures the intended event semantics. These metrics thus offer a stan-
dard and interpretable way to assess performance for both subgraph extraction
and KG construction.

“https://github.com/SonyCSLParis/graph_search_framework/blob/main/
notebooks/eventkg-retrieving-events.ipynb

0pttps://github. com/SonyCSLParis/graph_search_framework/blob/main/
src/build_ng/eventkg_to_ng.py
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Datasets. Our experiments focus on DBpedia (2021-09) [15], Wikidata (2021-
03-05) [344] and YAGO4 [260] because EventKG was built on them. We use
the HDT (Header, Dictionary, Triples) version of DBpedia, which we obtained
from TriplyDB!!. We obtain Wikidata from rdfhdt'> and YAGO4 from their
website!3. We chose HDT primarily for performance and scalability reasons
when working with large datasets such as DBpedia and Wikidata. HDT allows
for fast, local querying thanks to its compressed, indexed structure, which sig-
nificantly reduces loading and access times compared to traditional RDF for-
mats or remote SPARQL endpoints'#. This is especially suitable for tasks in-
volving repeated and large-scale traversals, such as our method. However, our
method is not tied to HDT. We also implemented a SPARQL-based interface,
enabling the traversal to be executed on any SPARQL endpoint. This ensures
the approach remains flexible and broadly applicable beyond the HDT setting.

Table 3.5 shows information on events and their sub-events across datasets.
All types of events are taken into account, which mainly include historical
events, sports events and political events such as elections. We choose to re-
tain solely the historical events with more than ten sub-events, as they offer
more than a simple list of events. Nonetheless, we provide results on addi-
tional experiments on sports and political events in Section 3.5.3. The final
distribution of historical events in EventKG and their average number of out-
going links are presented in Table 3.6. Events with a higher number of sub-
events tend to have a higher average number of features. The limited number
of outgoing links for YAGO4 resulted in traversals that would end after one it-
eration. YAGO4 was built on Wikidata with an improved schema, without the
full content from Wikidata, and we found that the ingoing links were mostly
about creative works, and the outgoing links about metadata, discarded for
the search. This resulted in a limited number of features. We thus only used
Wikidata and DBpedia.

Filters and preference function definition. The filters from Definition 3.9
were generic with event-centric examples for the WHAT, WHERE, WHEN
and WHO filters. Table 3.7 describes the predicates we used for each of the
filters. Each filter relates to one of the core classes of the SEM ontology [338],
making them event-centric. However, other filters can also be implemented by
instantiating other variables, making the method easily expandable and usable
for other tasks.

Unhttps://triply.cc

2https://www.rdfhdt . org/datasets/
Bhttps://yago-knowledge.org/downloads/yago-4
Yhttps://www.rdfhdt . org/what-is-hdt/
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Table 3.5: Statistics on events and their sub-events across datasets, extracted from
EventKG. Each cell shows, per dataset, the number of events with at least one sub-
event, broken down by the total number of sub-events: exactly one (=1), more than
one (>1), and more than ten (>10). The "Retained" column indicates the subset of
historical events with more than ten sub-events that were retained for our experiments.

Dataset Nb. of sub-events

=1 >1 >10 Retained

Wikidata 203,988 238,094 2,408 341
DBpedia 84,599 95,504 1,333 250
YAGO4 70,738 76,682 993 306

Table 3.6: For each dataset, the left block reports how many events contain more than
10, 20, 30, 50, or 100 sub-events, and the right block reports the average number of
features of with those events for the same thresholds. Except for YAGOA4, events with
more sub-events have more features on average.

Dataset ‘ Nb. of sub-events ‘ Avg. nb. of features

\>10 20 >30  >50  >100 \ >10 320 >30  >50  >100

Wikidata | 341 208 147 91 47 237 273 290 323 381
DBpedia | 275 158 106 66 37 122 133 141 147 160
YAGO4 | 306 180 126 76 44 5 4 5 5 5

3.4.2 Quantitative Evaluation (RQ1, RQ2)

We now present the quantitative evaluation of our method, structured around
RQ1 on event-centric subgraph extraction and RQ2 on KG construction. Pa-
rameter selection for the search (RQ1) presents the parameter selection pro-
cedure for the event-centric subgraphs (RQ1), whereas Search Results (RQ1)
reports the results of the search component, including comparisons with base-
lines. Lastly, Event-centric KG Population Results addresses RQ2 by evaluat-
ing the construction of enriched event-centric knowledge graphs.

Parameter selection for the search (RQ1).

For chronographer and nautilod-m, we first experimented on 12 events to se-
lect the most meaningful parameters to run the graph traversal on all events.
Table 3.8 shows the 12 events used for parameter selection for the search.
There were 192 possible combinations of parameters (6 - 2°) for chronogra-
pher, and 16 (2*) for nautilod-m.
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Table 3.7: Instantiated variables used for each of the filters and the preference func-
tion. DB: DBpedia, WD: Wikidata.

Name Type Dataset ~ Variable Predicates
DB :
WHAT predicate filter R rdf-ivpe
WD wp:P31
E' dbo:Person
DB 4
WHO entity filter p rdf-type
E' wd:Q5
WD
p wd:P31
y dbo:Place
E
DB dbo:Location
p rdf:type
WHERE entity filter wd:P17
E' wp:P276
WD
wd:06256
p wp:P31
dbp:date
ps dbp:startDate
DB dbp:birthDate
dbp:endDate
pe
dbp:deathDate
WHEN temporal filter
wp:P585
ps wp:P580
WD wp:P569
wp:P582
pe
wp:P570
d rdfs:domain
DB sc rdfs:subClassOf
. t, dbo:Event
Preference Function -
d wd: 021503250
WD sc wp:P279
t, wd:Q13418847
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Table 3.8: Events used for parameter selection.

World War I ‘ American Indian Wars ‘ Mediterranean and Middle East Theatre of World War IT

Napoleonic Wars Coalition Wars European Theatre of World War I

French Revolution ‘ Cold War ‘ European Theatre of World War II
| |
| |

Pacific War Russian Civil War Yugoslav Wars

We investigated on the correlation between our ranking and filtering pa-
rameters and the best Fy score. For chronographer, we found a strong positive
correlation between domain_range and higher F; scores. Prioritizing events
based on their domain range thus significantly improves event retrieval perfor-
mance. We observed a weak but statistically significant correlation between
when and the F; score, suggesting that adding temporal information could help
the search process. For nautilod-m, we found a strong positive correlation be-
tween what and the best F; score. The what filter indeed enables to remove
more generic nodes from the search, which proves its efficiency here.

Table 3.9 shows the contributions of each filter individually. As an illustra-
tion, what = 1 means that only the experiments with this parameter activated,
and all the others set to 0, are taken into account. For nautilod-m, the param-
eter that yields the best result is what, with an average F; of 0.36. The best
average F| score is obtained when all parameters are activated. On average,
chronographer performs better or comparably to rautilod-m, under all con-
figurations. The parameter that yields the best results is domain_range. For
computational and performance reasons, we set the following parameters: do-
main_range = when = what = where = who = 1. We kept all metrics but the
inverse ones for chronographer for the full experiments.

Lastly, Table 3.10 shows the results of all systems. We set a timeout of
10 hours for each experiment. Only 5 experiments from ldspider-m timed out.
In these cases, we took the latest output of the search at that stage. Our sys-
tems achieve better result than the baselines. The search is furthermore more
localised and efficient, since the output graphs and the runtime are smaller.

Search Results (RQ1)

Table 3.11 shows the final results on the remaining 604 events for all systems.
The three metrics tend to improve when moving from the random baselines to
our chronographer methods. random-5 has the worst F; scores, and chrono-
grapher-epof has the best ones. The differences are the most visible in the Re-
call scores, which means that the informed systems leave out less false nega-
tive than the random baselines. Precision scores for Wikidata tend to be higher
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Table 3.9: Mean F; score for individual parameters. no filter and all means that all
parameters are set to 0 and 1 respectively. pf, pof, epf, epof, ipf and ipf are the six
possible scoring metrics (Section 3.4.1).

nautilod-m chronographer

pf pof epf epof ipf  ipof

domain_range = 1 N/A 066 077 066 077 0.66 0.65
what = 1 0.36 050 048 037 039 025 027
where = 1 0.28 047 048 033 039 025 023
when = 1 0.27 047 048 045 043 029 0.30

who =1 0.25 043 050 039 048 026 0.26
no filter 0.31 046 048 034 039 024 024
all 0.53 069 077 069 077 069 0.72

Table 3.10: Results comparison of various systems.

System F; Precision  Recall Nb_Nodes Nb_Preds Nb_Triples Runtime
random-5 0.24 0.68 0.16 40,356 70 40,915 38°00"
random-10 0.31 0.54 0.24 1,554 70 2,027 43°00"
random-15 0.28 0.57 0.21 11,890 89 12,744 25°00"
ldspider-m 0.23 0.70 0.23 126,015 137 241,049 23’00"
nautilod-m 0.53 0.51 0.63 5,096 121 13,755 520"

chronographer-pf 0.69 0.70 0.71 874 21 2,366 st
chronographer-pof  0.78 0.79 0.77 750 17 2,090 2°13"
chronographer-epf  0.69 0.70 0.72 857 20 2,353 1°35"
chronographer-epof ~ 0.77 0.78 0.77 726 17 2,082 1°42"

than the ones for DBpedia, whereas it is the reverse for Recall. Therefore, the
content retrieved in Wikidata is less noisy but also less complete. The random
baselines and ldspider-m yield significantly bigger graphs than nautilod-m and
the chronographer baselines, and take more time to run. nautilod-m performs
better than the above baselines, however the size of the graphs and the runtime
remain higher than the chronographer baselines (-4).

To summarise findings on event-centric subgraph extraction (RQ1), adding
event-centric filters (WHAT, WHERE, WHEN, WHO) and a ranking step with
an entropy predicate-object frequency heuristics helps to select relevant events
while being more efficient time-wise and while exploring smaller parts of the
graphs, as shown by the better performance of the chronographer systems in
Table 3.11.
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Table 3.11: Systems results on the 604 events. DB: DBpedia, WD: Wikidata.

System Fy Precision Recall Nb Nodes Nb Preds Nb Triples Runtime

DB WD DB WD DB WD DB WD DB WD DB WD DB WD

random-5 0.65 0.63 0.72 0.79 0.68 0.59 22,185 427 23 9 23221 530 23°00" 11°00"
random-10 0.65 0.64 0.72 0.78 0.69 0.60 30,078 1,033 27 10 33264 1470 1856" 11°33"
random-15 0.64 0.63 0.71 0.78 0.68 0.60 41,868 1,139 27 11 53,561 1,582 18°26" 16°43"
ldspider-m 0.64 0.63 0.73 0.78 0.68 0.61 131,607 4,992 52 20 239,548 7,389 27°05" 44°05"
nautilod-m 0.70 0.66 0.72 081 0.74 0.62 481 4,787 23 14 1,150 7,321 2°02" 39°26"

chronographer-pf ~ 0.75 0.67 0.75 0.82 0.80 0.63 108 661
chronographer-pof  0.77 0.68 0.76 0.83 0.82 0.64 97 612
chronographer-epf  0.75 0.67 0.75 0.83 0.80 0.62 108 670
chronographer-epof 0.78 0.68 0.77 0.83 0.82 0.63 99 752

213 1,146 26" 938"
196 863 25" 843"
212 963 32" 907"
199 1,003 24" 816"

W N
A& &

Event-centric KG Population Results (RQ2)

To generate our event-centric KGs, we use information from triples (i) and text
(i1). On average, over all 281 historical events with more than 10 sub-events
from DBpedia, there were 28,123 triples generated during the extraction from
text, and 548 other triples. There are therefore 51 more triples generated during
the extraction from text than other triples. For the triples generated from the
information extraction the KG predicates are distributed, on average per event,
as: 41.9% rdf predicates, 40.0% wsj predicates, 12.2% nif predicates, 5.6%
skos predicates, and 0.3% dbo:abstract predicates.

(i) Constructing event-centric KG from triples. We generate event-centric
KGs for each event using all sub-events from the ground truth. We compare
the number of common triples against EventKG. The results are shown in Ta-
ble 3.12. ChronoGrapher achieves an overall F; score of 67.2% and 76% for
DBpedia and Wikidata. Precision scores for DBpedia are higher than for Wiki-
data, which means that the event-centric KGs are less noisy but less complete.
For Wikidata, it is the opposite.

Table 3.12: Our event-centric KGs against EventKG. DB: DBpedia, WD: Wikidata.

Predicate F, Precision Recall

DB WD DB WD DB WD

all 672 760 921 721 529 804
sem:hasActor 65.0 436 904 581 50.7 349
sem:hasBeginTimeStamp 77.7 819 905 71.7 68.0 955
sem:hasEndTimeStamp 777 759 905 704 681 824
sem:hasPlace 63.6 903 950 921 478 88.6
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Table 3.13 shows the Fy, Precision and Recall scores of the narrative graphs
generated from the output of the search algorithm presented in Section 3.3.1.
Our end-to-end system achieves an overall (for all predicates) F; score of
51.7% and 49.2% respectively. As in Table 3.12, precision is higher for DBpe-
dia, while recall tends to be higher for Wikidata. The results are furthermore
lower than those in Table 3.12, which is expected since the output of the search
also contains events that are not in the ground truth events. Consequently, for
each of such event, all generated triples will not be in the ground truth from
EventKG.

Table 3.13: Metrics of generated narrative graphs compared to EventKG.

Pred F; Precision Recall

DB WD DB WD DB WD

all 51.7 492 793 4111 384 614
sem:hasActor 485 276 765 351 355 228
sem:hasBeginTimeStamp 62.6 503 795 38.0 51.6 744
sem:hasEndTimeStamp 627 483 795 38.1 51.7 659
sem:hasPlace 482 592 81.6 50.7 342 712

(ii) Constructing event-centric KG from text. We generate event-centric
KGs from all the DBpedia events and sub-events that contain an abstract. The
content that is extracted in this part is not present in EventKG. In total, this
sums up to 9,438 events. On average, each event had 18 distinct frames and 48
instantiations of frames with at least one mapped role. The frames that appear
the most in terms of number are: Military (26,681), Hostile_encounter
(26,111), Political_locales (17,513), Attack (16,155), and Leadership
(14,002). We are interested in events and relations between events, hence we
focus on “causation” frames for a qualitative analysis, but many other frames
are extracted. We manually annotate (1) whether there is a causation frame (2)
whether the cause and the effect are correctly identified (3) whether the DB-
pedia entity is correct for 100 frame annotations. Out of 100 frames, 97 had
at least one identified Cause or Effect. 85 were correctly identified as Causa-
tion frames. False positive causation frames often contain causative lemmas
such as the noun “cause” that might have induced the model in error. Among
the 171 retrieved frame elements, 151 (88.3%) were correct. The majority of
wrong frame elements resulted from false positive causation frames. Among
the 94 DBpedia entities that were identified, 80 (85.1%) were correct.

To summarise findings on event-centric KG population (RQ2), we use both
information extraction from triples and text. For triples, our system achieves
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F; scores of 67.2% and 76% for DBpedia and Wikidata. For text, we conduct
a qualitative evaluation on the “causation” frames and find that the system is
able to retrieve information with good performance.

To illustrate the constructed KGs, we provide several sample KG files in
the public repository!3, along with a file describing the contents of each. These
examples, based on the French Revolution scenario, illustrate the different KG
construction strategies used in our pipeline. Specifically, eventkg_ng.ttl
corresponds to the KG generated from EventKG; frame_ng.ttl is derived
from event abstracts (abstract-based); generation_ng.ttl results from the
ground-truth event IRIs (IRI-based); and search_ng.ttl captures the KG
generated from the output of the subgraph extraction component (IRI-based).

3.4.3 User Study (RQ3)

We conducted a user study focusing on a QA task. The goal of the study
was to evaluate whether integrating our constructed event-centric KGs could
enhance the quality of answers produced by LL.Ms, compared to using LLMs
alone. User Study Setup first outlines the design of the user study, including the
preparation of evaluation data and the experimental setup. User Study Results
presents and analyzes the results of our user study.

User Study Setup

To evaluate whether integrating event-centric KGs enhances the performance
of LLMs compared to using LLMs alone (RQ3), we designed 6 SEM-centric
question types, each reflecting a core role or relation from the SEM ontology:
summary of an event, causal explanations for an event, types of events within
a time-range, sub-events of an event, events in which an actor participated, and
events in which two actors both participated. For each type, we created a ques-
tion template and instantiated it with two manually selected events, resulting in
12 questions. Each question was manually associated with an event during the
design phase, no automated mapping was used. Once the event was selected,
we retrieved its corresponding event-centric KG using SPARQL queries, and
used the resulting triples as context in the LLM prompt alongside the natural
language question. Table 3.14 shows examples of the 6 types of questions.
We used three different types of prompts: (a) base: base prompt, with-
out context triples, (b) db-kg: base + context triples from DBpedia, and (c)
ec-kg: base + context triples from the event-centric KG built by ChronoGra-
pher. Table 3.15 details how context triples are retrieved for each question type,

Bhttps://github.com/SonyCSLParis/graph_search_framework/tree/main/
kg-example
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Table 3.14: Event-centric templated question examples.

# Type Example

1 Summary “Please provide a summary of the French Revolu-
tion”

2 Causal explanation “What happened at the end of the French Revolu-

tion? Please provide the main causal happenings
that led to the unfolding of the French Revolution.”

3 Event types within a time range ~ “What were the main type of events that happened
between 1792-01-01 and 1793-01-01 during the
French Revolution?”

4 Sub-events “What were the main events of the French Revolu-
tionary Wars during the French Revolution? Can
you list and order them in chronological order?”

5 One actor in an event “What happened to Antoine Balland during the
French Revolution?”

6  Two actors in an event “In which events were Jean-Baptiste Jourdan and
Joseph Bonaparte both involved during the French
Revolution?”

both for DBpedia and ChronoGrapher. The detailed queries are available in the
code!S. To integrate structured knowledge into the model’s reasoning process
without fine-tuning, we adopt a prompting strategy based on in-context learn-
ing. Specifically, we append relevant context triples to a base question prompt.
This method enables the model to consider factual information from the knowl-
edge graph at inference time. On average, 345 triples from db-kg and 75 from
ec-kg are included in each prompt, with ranges of 18-2,606 and 6—434 triples
respectively, depending on the question and retrieved context. On average, 54
triples in the ec-kg prompts originated from the text-based triple enrichment
step, accounting for approximately 51% of the total triples. The remaining
triples were contributed by the structured triple enrichment process.

In our user study, we used GPT-4!7. In April 2024, when we conducted
the user study, GPT-4 was among the top-performing LLMs available!8, with
strong capabilities in reasoning, coding, and general language understanding.
At that time, GPT-4 was widely recognized for its performance across various
benchmarks, making it a suitable choice for our user study.

The participants were asked to assess the quality of the answers with these
criteria: (1) granularity of the information, (2) relevance to the question (3)

16 A]1 scripts are in this folder: https://github.com/SonyCSLParis/graph_search_
framework/tree/main/experiments_run/usage_ng

Thttps://openai.com/research/gpt-4

Bhttps://www.trustbit.tech/en/11m-1leaderboard-april-2024
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Table 3.15: Context triples retrieval for DBpedia and the event-centric KGs built by
ChronoGrapher. The context triples are retrieved through CONSTRUCT queries or
equivalent implementation using the HDT data format.

# | Type DBpedia

ChronoGrapher

1 | Summary
the event

Ingoing and outgoing triples of

Temporal, spatial, and frame-
based contexts

2 | Causal explanation
the event

Ingoing and outgoing triples of

for
(e.g.

Frame annotations
causal frames
frame:Causation)

3 | Event types within

Events of type dbo:Event with

Events filtered using start/end

a time range timestamps, filtered by time | timestamps
range
4 | Sub-events Linked via dbo:isPartOf | Events connected with
MilitaryConflict and their | sem:subEventOf, enriched

properties

with abstracts and temporal data

5 | One actor in an

event

Events where the actor appears
in subject or object position

Events with sem:hasActor or
frame-mapped role mentions
linked to the actor

6 | Two actors in an
event

occur in triples

Events where both actors co-

Events where both actors co-
occur as sem: hasActor

Table 3.16: Qualitative evaluation metrics used in the user study. Grounding was
assessed by us only.

Metric Definition

Scoring guidelines to the participants

Granularity Level of specificity in the answer
(generic vs. specific references)

Is the answer generic or specific? (mention of
generic events vs. mention of specific events).
A specific answer should get a high score,
whereas a generic answer should get a low
score.

Relevance Degree to which the answer ad-

dresses the question

Do the answer provide an actual answer to the
question? If so, should get a high score, else
a low score.

Succinctness Clarity and brevity of the answer

Is the answer brief and clearly expressed? If
s0, it should get a high score, else a low score.

Is the answer varied in content, or very repet-
itive? It should get a high score if the answer
is diverse, and a low score if it is repetitive.

Diversity ~ Lexical and semantic variation
in the answer
Grounding Extent to which the answer is

supported by the provided con-
text triples (assessed internally)
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succinctness and (4) diversity in content, on a scale of 1 to 5. We furthermore
manually assessed (5) grounding to factual events. A QA system must most
importantly give faithful content, making the groundedness metric (5) a prior-
ity. The relevance metric measures how well the answer provides a plausible
answer to the question, but not its actual truthfulness.

We gathered 10 participants for our user studies. We reached the partici-
pants of the user study throughout our research laboratories. The researchers
who participated were based in Paris or Amsterdam, and they had a back-
ground in computer science and/or computational linguistics. They were not
overly familiar with the questions we had them evaluated, and were familiar
with LLMs systems and their pitfalls. We designed 2 forms'® with 6 questions
each, and with 3 answers per question corresponding to the three prompt types.
We split the 10 participants evenly across these 2 forms. Each participant rated
18 answers (6 question types - 3 prompt types). Each prompt was assessed 60
times for metrics 1-4 (6 - 10), and 12 times for metric 5 (6 - 2). Given the scale,
we solely focused on the French Revolution.

User Study Results

Table 3.17 presents the average scores for each metric and prompt type. The
base prompt has the lowest groundedness which undermines its reliability,
and we found that it was prone to hallucinations, often about actors outside the
LLM’s implicit knowledge base. This might be linked to its lowest granularity
and highest succinctness scores, due to having less content to work with. For
the remainder of the analysis, we discard the base prompt because of its low
groundedness score.

Table 3.17: Average scores for metrics on the human evaluation. The most important
metric is groundedness, as it assesses the faithfulness of the answers.

Type Prompt ~ Groundedness  Granularity Relevance Succinctness Diversity
base 1.11 +1.47 (3.92 £ 0.96) (4.18 £ 1.03) (4.22£0.92) (3.83 £ 1.03)
db-kg 224£1.6 415+09 402+1.07 335+101 3.97+1.09
ec-kg 2.851+1.86 413+£096 412+1.01 3.62+0.99 3.82+1.03

When comparing the triples-based prompts, ec-kg stands out with the
highest groundedness (+27%) and succinctness (+8%) scores, indicating that
its generated answers are both more faithful and concise. Additionally, ec-kg
scores slightly higher in relevance (+2.5%) compared to db-kg, though db-kg

19The forms links can be found on the bottom of this README: https://github.com/
SonyCSLParis/graph_search_framework/tree/main/experiments_run.
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achieves a higher diversity (+3.8%) score, likely due to its more varied con-
text triples, and a slightly higher granularity score (+0.5%). Overall, ec-kg
emerges as the most promising approach, balancing faithfulness, relevance,
and conciseness effectively.

This first small user study thus hints that event-centric KGs can help an
LLM provide more factual and concise answers to event-centric questions
(2.85) than a base prompt (1.11) or a generic KG-based prompt (2.24), while
maintaining succinctness.

3.5 Discussion

In this section, we reflect on the design choices, assumptions, and limitations of
our approach. We begin by discussing the role of EventKG as the ground truth
(Section 3.5.1) with an example. We then consider the methodological scope
of our framework and motivate our design decisions, particularly the choice
of a rule-based approach over learning-based alternatives (Section 3.5.2). Fol-
lowing this, we explore the generalisability of ChronoGrapher, both to new
datasets and to different types of events beyond the historical domain we pri-
marily focus on (Section 3.5.3). Lastly, we reflect on the potential uses of
the event-centric KG produced by ChronoGrapher, and the kinds of usage and
applications it supports (Section 3.5.4).

3.5.1 EventKG as the Ground Truth

As many parts of our evaluation rely on EventKG as a reference, we conducted
a qualitative comparison on a few subevents of the French Revolution between
subgraphs extracted by ChronoGrapher and their counterparts in EventKG.
Our goal was to better understand the complementarity between the two sys-
tems.

Figure 3.6 provides a visual comparison between the outputs of EventKG
and ChronoGrapher. In the top part of the figure, we observe that ChronoGra-
pher does not retrieve dbr:Flight_to_Varennes and dbr:Tennis_Court_
Oath that are present in EventKG. Upon inspection, we found that these events
are not explicitly typed as dbo : Event in DBpedia, which prevents ChronoGra-
pher from including them during traversal. Despite these omissions, ChronoG-
rapher also uncovers relevant sub-events absent from EventKG. For instance, it
successfully identifies dbr:Battle_of _Amstegand dbr:Invasion_of_Gua-
deloupe_(1794) as sub-events of the French Revolution, which arguably
should be considered part of the historical narrative. In the middle part of
Figure 3.6, we show that both EventKG and ChronoGrapher include tempo-
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/ EventKG only: Sub-events in EventKG but not in the output of ChronoGrapher \

dbr:French_Revolution

1791-06-01 T 1789-06-20
sem:subEventOf-
sem:hasBeginTimeStamp sen}:hasBeginTimeStamp

dbr:Flight_to_Varennes dbr:Tennis_Court_Oath E—sem:hasEndTimeStamp

A I
sem:hasEndTimeStamp sem-hasPlace

T
o

EventKG & ChronoGrapher: common triples related to the events of the Battle of
Amsteg and the Invasion of Guadeloupe (1794)

1799-08-16 1794-04-11

sem:hasBeginTimeStamp  sem:hasEndTimeStamp sem:hasBeginTimeStamp  sem:hasEndTimeStamp

AN

dbrBattle_of Amsteg dbr:Invasion_of_Guadeloupe_

(1794)
sem:hasPlace sem:hasPlace
Q)r:Canton_of_Urif dbr:Switzerland dbr:Silenen dbr:Guadeloupe

/ ChronoGrapher only: triples built with ChronoGrapher but not in EventKG \

dbr:French_Revolution .

dbr:War_of_the_First_Coalition

t t
|7sem:subEventOf—| sem:subEventOf

dbr:Battle_of Amsteg dbr:Invasion_of_Guadeloupe_

(1794)
| |
sem:hasActor sem:hasActor
]
""" dorJoseph_Anton_  dbrJohn_Jervis, . dbr:Georges_Henri_
von_Simbschen 1st_Earl_of St Vincent @ Victor_Collot

dbr:Claude_Lecourbe J dbr:Charles_Grey, 3 gdbr:Victor Hugues:
L : : 1st_Earl_Grey : —_— T J

Figure 3.6: Comparison between EventKG and the output of ChronoGrapher with
two events.
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ral and spatial information. However, as illustrated in the bottom section of
the figure, ChronoGrapher provides a more complete representation, offering
additional sub-event links and richer actor associations.

3.5.2 Methodological Scope

Our methodology adopts a heuristic, modular approach that prioritizes se-
mantic transparency and temporal control in the construction of event-centric
KGs. This design decision is motivated by the requirements of understanding
and reasoning tasks, where explainability and domain alignment are essential.
While basic in form, the approach performs effectively, as demonstrated in
both automatic and user-based evaluations. Moreover, the focus of this work
lies not in proposing a novel learning algorithm, but in defining a clear and
extensible pipeline for event-centric KG construction and use. By anchoring
event representation in a semantically coherent and temporally aware frame-
work, we provide a reliable foundation for downstream learning-based meth-
ods, such as embedding models or graph neural networks, that could build
upon the structured graphs produced. We believe this balance of simplicity, ef-
fectiveness, and extensibility offers practical value for real-world applications
while supporting future integration with more complex models.

3.5.3 Generalisibility of ChronoGrapher

We discuss the generalisability of ChronoGrapher, both in terms of its adapt-
ability to different datasets and its applicability to diverse types of events.

Generalisibility to other datasets

ChronoGrapher is flexible and could be applied to other types of nodes or
datasets, including those using the PROV vocabulary, which could also yield
event-centric graphs. As a reminder, it consists of two components: (1) a
pruned, semantically-informed best-first search, and (2) a knowledge graph
constructor. The search component is highly configurable through a lightweight
configuration file?® and supports various traversal strategies, such as:

» Semantically-informed or random walks, with or without ground truths;

 Target-based walks in the graph.

20An example of configuration file for an HDT dataset can be found here:
https://github.com/SonyCSLParis/graph_search_framework/blob/main/
configs-example/config-dbpedia.json. An example of configuration file for a
SPARQL interface can be found here: https://github.com/SonyCSLParis/graph_
search_framework/blob/main/configs-example/config_sparql.json
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This is illustrated in our open-source implementation”!. The search is also
not bound to focus on events only, but can be configured to focus on any type
of nodes, such as people or places. Lastly, the search can be run on any KG that
is accessible through an HDT dump or a SPARQL endpoint. The constructor
is adaptable, provided that predicate labels are retrievable (e.g., via SPARQL).

Furthermore, while ChronoGrapher does not currently implement incre-
mental updates, its design allows for a practical workaround. In dynamic set-
tings (e.g., live sports events), one could extract only the newly added parts
of the dataset—centered, for instance, around new event nodes—and rerun
ChronoGrapher on these subgraphs. This avoids reconstructing the full event-
centric KG from scratch and enables more efficient updates.

Generalisibility to other event types

While our evaluation primarily focuses on historical conflict events, we also
explored the applicability of our approach to other domains, notably political
and sports events. These types of events often differ structurally from his-
torical ones in KGs: political events (e.g., elections) and sports events (e.g.,
Olympic competitions) tend to be organized as lists of sub-events (disciplines,
rounds, or contests) within a broader event. Moreover, the semantic richness
in these domains is often limited, with many relationships captured through
generic predicates such as dbo:wikiPageWikiLink, which lack fine-grained
semantics.

To assess performance in this context, we conducted additional experi-
ments using DBpedia, incorporating dbo :wikiPageWikiLink as an accepted
relation for traversal. Out of 42 political events and 982 sports events, 5% and
48% respectively received an F; score of zero, with average F; scores of 56.5%
for political events and 22.5% for sports events (considering only one iteration
to reduce noise from the dbo:wikiPageWikiLink links). These lower per-
formances reveal structural and semantic limitations in the current DBpedia
encoding of such events. For instance, we observe that some relevant nodes
lack explicit rdf : type information. These insights highlight important di-
rections for future work, including better category integration, improved type
inference, and more precise handling of weakly-typed links in domain-specific
event graphs.

2 The arguments at the end of the file provide an overview of possible methods for the
search: https://github.com/SonyCSLParis/graph_search_framework/blob/main/
src/framework.py
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3.5.4 Usage of the Event-centric KG

In this work, ChronoGrapher was designed to support a wide variety of ques-
tion types by focusing on events, people, locations, frame-based relationships,
and causal interactions. The event-centric KGs can still capture a rich set of
relationships between entities and events. This approach allows us to answer
questions ranging from straightforward fact retrieval (e.g., Who was involved?
or Where did the event take place?) to more complex reasoning questions (e.g.,
What caused this event? or What were the consequences?).

However, we acknowledge that the types of questions are inherently con-
strained by the content it contains. As is the case with any knowledge-based
task, the quality and scope of the questions answered are determined by the
data represented in the knowledge graph. This limitation is a natural conse-
quence of working with structured data, where the knowledge captured reflects
the domain’s scope and the granularity of its representation. Furthermore,
ChronoGrapher’s design aligns with the broader goal of narrative construc-
tion, which aims to facilitate understanding and reasoning about events within
a narrative context. In our previous work, we identified specific requirements
for narrative structures that inform the development of such knowledge graphs,
ensuring that Chronographer can address a variety of questions within its scope
and purpose [31].

Adapting ChronoGrapher to a new dataset requires some familiarity with
the target knowledge graph’s ontology, particularly to identify predicates anal-
ogous to those in the SEM ontology (e.g., for time, location, or actor roles).
While this setup currently requires manual configuration, we envision an inter-
face that could assist non-expert users. Such an interface could suggest relevant
predicates based on common usage in the dataset and help define event-centric
filters through guided forms or templates. In practice, applying ChronoGra-
pher to new domains may also involve collaboration with a domain curator
or a developer familiar with the schema. These additions would help extend
ChronoGrapher’s applicability beyond users familiar with coding.

3.6 Conclusion

We address the challenge of automatically constructing event-centric KGs from
generic ones. We present ChronoGrapher that extracts event-centric subgraphs
from generic KGs, and builds event-centric KGs. To extract event-centric sub-
graphs (RQ1), ChronoGrapher contains a pruned, semantically-informed, best-
first search traversal integrating event-centric filters to prune the search space
and a ranking step for node prioritisation, yielding F; scores of 0.78 and 0.68
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for DBpedia and Wikidata. To generate event-centric KGs (RQ2), Chrono-
Grapher combines a structured triple enrichment based on IRIs and a textual
triple enrichments based on abstracts encoded a literals in KGs, achieving F;
scores of 0.67 and 0.76 for DBpedia and Wikidata, and information extraction
from text. To evaluate whether integrating event-centric KGs enhances the
performance of LLMs compared to using LLMs alone (RQ3), we conduct first
experiments comparing different prompts on an event-centric QA setting, and
show that prompts enriched with event-centric KG triples give more factual
answers while maintaining succinctness (2.95 vs. 1.11 and 2.24).

Future work will focus on improving ChronoGrapher in a number of direc-
tions, including expanding the search method to reach more sub-events using
e.g. EventKG for additional type information; expanding the event-centric
KG population beyond EventKG to tackle data noise and incompleteness; im-
proving the modelling of complex entities; considering novel ontologies and
vocabulary for the event representation (e.g. RDF-star); and use more sophis-
ticated RAG-based methods for a larger user study. We also plan to work
on additional quantitative and automatic metrics for a better evaluation of the
event-centric KGs.

Supplemental Material Statement: Source code for our system, the base-
lines we (re-)implemented and the experiments are available on Github®?. The
source code contains the predicate labels that were used to generate the event-
centric KG (Section 3.3.2), pointers to download the datasets and more generic
statistics on events and their sub-events (Section 3.4.1), the 12 events for pa-
rameter selection (Section 3.4.2), additional results on experiments on the end-
to-end system combining the event extraction and the graph generation and
the manual annotations for the causation frames (Section 3.4.2), and all code,
prompts and data linked to the user study (Section 3.4.3).

2https://github. com/SonyCSLParis/graph_search_framework/tree/main
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Narrative Complexity in Knowledge Graph
Embeddings

Based on [34]:

Ines Blin, Ilaria Tiddi and Annette ten Teije

Measuring the Impact of Narrative Complexity on Knowledge Graph
Embeddings

International Semantic Web Conference 2025

In the previous chapter, we introduced a system for building event-centric
knowledge graphs to support narrative understanding. In this chapter, we
investigate how narrative semantics and graph syntax affect embedding per-
formance. Using a six-level categorization of narrative features derived from
Chapter 2, we evaluate different syntactic representations and embedding mod-
els, identifying key factors that influence embedding quality.

Abstract. In this work, we study how semantic narrative enrichment and
syntactic encoding affect the performance of knowledge graph embedding mod-
els. Narratives are central to human understanding, yet their structured repre-
sentation in knowledge graphs remains challenging due to their semantic and
structural complexity. Although traditional knowledge graphs use binary re-
lations, they struggle to capture richer narrative elements, such as roles and
causality. More complex knowledge graph syntaxes such as rdf-star, reifica-
tion, singleton or n-ary properties offer greater modeling flexibility, but their
impact on downstream tasks such as link prediction remains unclear. We de-
fine a six-level categorization of narrative semantics and use it to construct
a suite of structured knowledge graphs using four syntactic representations.
Using different embedding models, we evaluate how semantic and syntactic
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factors influence the embedding quality. We find that semantic features such
as properties and subevents generally enhance performance, while roles tend
to have a detrimental effect. On the syntactic side, although differences were
not statistically significant across all metrics, reification and rdf-star achieved
the strongest results on average.

4.1 Introduction

Narratives are central to human understanding [46]. They serve not only as
the main means of communication between humans, but also as cognitive con-
structs for organizing knowledge and providing coherence to otherwise frag-
mented data. Narratives thus capture information that goes beyond isolated
facts in multiple domains such as legal [110] or historical [238]. Model-
ing such complex information poses substantial challenges, for instance, with
knowledge graphs (KGs). The benefit of representing narratives in a structured
format such as KGs lies in their ability to support semantic layering, maintain
data lineage, and enable fine-grained reasoning over events, entities, and their
interrelations [201].

KGs are widely used to structure factual information through entities and
their relations [62, 152], but most KGs rely on binary relations, which limit
their ability to capture the semantic depth and internal structure of narratives.
Narrative features like roles or causal links often go beyond what standard for-
malisms like rdf can express [31]. More complex extensions such as reifica-
tion [229], blank nodes [76], singleton properties [248], and rdf-star [145] in-
troduce support for statements about statements. Consider the sentence: “Fed-
erer won the match after breaking Nadal’s serve in the final set.” This narrative
encodes not just the outcome, but temporal order (after), a key subevent (break-
ing serve), and participant roles (Federer as winner, Nadal as opponent). Cap-
turing such structure in a KG requires modeling both events and their relations,
such as causation and temporal sequence, across multiple semantic layers.

Despite this added expressiveness, modeling narratives with these syntaxes
remains difficult: resulting graphs are often large, complex, and hard to query
or reason over directly [12, 151]. Embedding methods offer a promising al-
ternative by projecting symbolic structures into continuous vector spaces, fa-
cilitating scalable reasoning and prediction [53, 379]. Yet, an open question
remains: to what extent can these embeddings preserve the semantics of rich
narrative representations?

While previous work has addressed narrative representation and construc-
tion in KGs [110, 215, 238, 279], there remains limited insight into how vary-
ing levels of narrative complexity and the syntactic choices used to encode
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them impact downstream tasks such as embedding-based inference. Build-
ing on existing work outlining narrative-specific requirements for KGs [31],
we model this variation through a six-layer categorization (base, properties,
subevents, text, roles and causal relationships), incrementally adding semantic
depth and syntactic richness. This categorization guides the construction of
narrative KGs and the evaluation of semantic and syntactic effects on embed-
ding performance. Our investigation centers on two key research questions:

RQ1 (Semantics): How does increasing the semantic richness of narrative
representations affect the performance of KG embeddings?

RQ2 (Syntax): How do different KG syntactic constructs, such as reification
or rdf-star, impact embedding performance?

For each of the research questions, we hypothesize the followings:

H1 (Semantics): Increasing semantic richness will improve performance, but
gains might diminish as complexity increases, suggesting limits in model
capacity to leverage rich narrative features.

H2 (Syntax): More complex constructs like rdf-star will outperform simpler
encodings in scenarios with complex semantics, due to their ability to
natively represent structured relationships. However, this benefit may
come at the cost of higher computational overhead.

This paper makes the following contributions:

* We introduce a categorization for modeling narratives in KGs, capturing
increasing levels of semantic and syntactic complexity;

* We construct a comprehensive suite of narrative KGs across diverse rep-
resentation strategies and semantic layers;

* To our knowledge, this is the first empirical study to systematically ex-
amine the impact of narrative semantics and KG syntactic constructs on
embedding performance, addressing a gap in the existing literature.

4.2 Knowledge Representation Models

We outline several KG representation models that extend rdf to support state-
ments about statements. We first recall the standard definition of a KG.
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Definition 4.1 (Knowledge Graph). A knowledge graph (KG) is an rdf graph
where the nodes represent entities (subjects or objects) and literals (objects),
and the edges represent the relationships (predicates) between these entities
and literals. Formally, KG = {(s, p,0)|s € E,o € EUL,p € R}, where E is the
set of entities (nodes) in the KG, L is the set of literals in the KG, and R is the
set of predicates (edges) representing relationships in the KG.

/" simple RDF \/ Blank Node \/ Reification \
subject subjec
hasActor | hasActor

durin i
g during redicateredicate_

0 bject@ “(—object,
L g

© | OWR P e 7

Slngleton Property RDF-Star

hasActor#1 asActor#z subPropertyO SubPropertyOf << .-hasActor—) >> -wnthRoIe—).
hasActor#1 hasActor#Z
I role

@ a ro N @ aSACtOI‘->a >> _withRole>» ;\‘

o

. withRole  wiithValue withValue withRole
&

hasRole hasll?ole

Figure 4.1: Examples of existing syntactic representations.

To illustrate the differences between different representations, we consider
a simple scenario. Roger Federer and Rafael Nadal play a match in which Fed-
erer wins and assumes the “happy” role, while Nadal loses and takes the “sad”
role. Figure 4.1 shows how to encode the statement using five syntactic mod-
els: #df, blank node, reification, singleton property, and rdf-star. Each model
provides a distinct mechanism for attaching additional contextual information.

Simple RDF (rdf) [76] represents facts as atomic triples (s, p,0), where a sin-
gle predicate links a subject and object. It is widely used for its simplicity, but
lacks built-in mechanisms for attaching metadata to statements.

Blank Nodes (bn) [76] are anonymous resources that group related informa-
tion without global identifiers. While they offer flexibility for modeling com-
posite structures, they can complicate querying and provenance tracking.

Reification (reification) [229] creates a statement node that connects to the
subject, predicate, and object of a triple using rdf’s built-in vocabulary. This
allows metadata attachment but increases verbosity and complexity.
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Singleton Property (sp) [248] generates uniquely identified predicates (e.g.,
hasActor#1l) for each triple, allowing metadata annotation.

RDF-Star (rdf-star) [145] extends rdf by embedding triples as subjects or ob-
jects in other triples, offering a compact way to represent metadata without
auxiliary nodes or properties.

Table 4.1 outlines key syntactic properties of each KG representation, in-
cluding their impact on triples, entities, and properties. We define five qualita-
tive criteria and introduce a scoring system from 1 (low) to 3 (high) to evaluate
them. The criteria are: Modelling (ease of information encoding), Queryabil-
ity (ease of querying), Compactness (graph size efficiency), Richness (seman-
tic depth and expressiveness), and Tooling Support (availability of practical
libraries and tools). Scores are derived from our synthesis of insights in docu-
mentation and prior literature [10-12, 80, 156, 161, 169, 253].

Table 4.1: Comparison of KG Syntax Constructs. t: triples, e: entities, and p: proper-
ties. bn include two additional blank nodes.

Syntax ‘ #t ‘ e ‘ #p ‘ Modelling ‘ Queryability ‘ Compactness ‘ Richness ‘ Support
rdf 4 5 2 k% * Kk k KKk v Klede >k
bn 8 5 4 * Kk v R X 8%e Kk v Jkk Jok e
reification | 8 8 4 * Ve R X 8%e KWV *%kok ok e
sp 6 8 5 ke K eve b 8. 0¢ >k ok >k e
rdf-star 2 5 2 *kk sk >k ok >k ok * Ve e

4.3 Related Work

We review three key areas relevant to our study: inductive KG embeddings,
models designed to capture complex syntactic structures beyond rdf, and the
impact of KG syntax on embedding performance.

Inductive Knowledge Graph Embeddings. Earlier methods primarily addressed
transductive settings, where all entities are seen during training. In contrast,
inductive models generalize to unseen entities, making them better suited for
narratives with emerging entities and evolving contexts. Therefore, we focus
on inductive models in this work and our comparisons. GRAIL [324] is an
inductive embedding model that uses graph neural networks to learn relational
representations based on entity interactions, enabling generalization to unseen
entities but not relations. NBFNet [386] incorporates the Bellman-Ford al-
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gorithm for path-based reasoning, A*Net [385] learns a priority function to
guide efficient path exploration, RED-GNN [380] applies attention over rela-
tional digraphs, and AdaProp [381] introduces adaptive propagation to filter
irrelevant entities. More recent work, such as InGram [202] and TRIX [382],
extends inductive reasoning to both entities and relations via relation graphs
and expressive triple encodings. Universal models like ULTRA [121] and KG-
ICL [75] aim for generalization across heterogeneous KGs without retraining,
and RMPI [128] enables direct message passing across relations. For a com-
prehensive taxonomy, see recent survey [210].

Complex KG Embeddings. Recent advances in KG embeddings have moved
beyond binary triples to better capture complex semantics [13, 165, 187, 210,
285, 363]. We focus on three relevant directions: hyper-relational embeddings
support statements about statements, typically to a single level, while rdf-star
allows recursive nesting which most models do not yet exploit; hypergraph
embeddings generalize edges to n-ary relations, enabling constructs such as
bn; and text-based embeddings enrich semantic representation by incorporat-
ing textual descriptions of nodes and relations. Many of these models are
transductive, yet they offer valuable insights for modeling semantically rich,
structurally complex narrative graphs. Table 4.2 lists, to the best of our knowl-
edge, all existing models that support extended KG representations falling into
one of these three categories. Most target single-entity link prediction, though
some diverge: RAE [377] performs multi-entity prediction, DHNE[332], Hy-
perGCN [367], and Hyper-SAGNN [378] address multi-class classification,
and BLP [81] also supports entity classification and retrieval. We highlight
inductive methods in the table due to space constraints. Text-based inductive
models include SImKGC [346], StATIK [231], and BLP [81], which leverage
pretrained language models to encode textual features. MetaNIR [353] applies
meta-learning to hyper-relational inductive prediction, and [6] explores joint
modeling of structure and text in hyper-relational settings. In this work, we
draw on these approaches to analyze how different syntactic constructs and
text-enriched representations affect embedding performance.

Impact of Syntax on Embedding Performance. While rdf representations are
widely adopted, their syntactic variants pose challenges and trade-offs [160,
161]. Recent work has begun to assess how rdf, reification, n-ary relations,
or rdf-star affect downstream tasks like link prediction. [169] compare sev-
eral syntaxes across tasks such as querying and graph completion, finding that
rdf-star and Wikidata formats aid usability, while reification performs more
consistently in embedding tasks despite its verbosity. Other studies [156] fo-
cus on Wikidata, noting the complexity of sp, IoT KGs [337] or research sug-
gestions [7]. Comparisons between rdf and Property Graphs also show rdf’s
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Table 4.2: Overview of methods handling complex semantics, categorized by
modeling paradigm: Translational (distance-based), Tensor (bilinear/multilinear),
NN (neural network-based), Hyperbolic (non-Euclidean geometry), Transformer
(attention-based), Walk (random-walk sampling), VAE (variational autoencoders),
and GloVe+CNN (textual embeddings). HR: hyper-relational, HG: hypergraph. :
paper not available, . code not available. inductive, and nested.

Data Type Systems

HR translational m-TransH [355] ; RAE* [377] ; HSimplE,
HypE [106]

HR tensor GETD [216] ; S2S5¥ [92], RAM [217]

HR NN DHNE?* [332] ; NaLP'# [141], HyperGCN [367]
; StarE [120], HINGE [280], Neulnfer* [140], G-
MPNN [366] ; [373], Ali et al. [6], GRAN [348] ;
HAHE [223], ShrinkE [365], HyperFormer [162] ;
MetaRH [352], sHINGE? [222] ; MetaNIR* [353]

HR  hyperbolic HYPER2* [369]

HR transformer HyNT [72]

HR walk RDFStar2Vec [99]

HG NN Hyper-SAGNN* [378] ; NHP'* [368]
HyConvE* [345], RD-MPNN [384], Att-
ImpGCN* [347], PosKHG* [69] ; HIE* [208],
NestE [364], RHKH* [350], SLR'* [60], HC-
Net [164]

HG tensor LHP?* [371]

HG  hyperbolic H2seqRec [207]

HG VAE HeteHG-VAE'* [104] ; HyperMLN [68]

Text GloVe + CNN DKRL [362]
Text transformer BLP [81] (2021) ; SimKGC [346], StATIK [231]

advantages in query efficiency [10, 80] and interoperability [11, 12]. [103]
survey SPARQL query relaxation techniques across various syntaxes, and [50]
examine OWL-based event modeling. [98] directly evaluate reification, sp, and
rdf-star for link prediction in hyper-relational KGs. Most relevant to our work
are [169] and [98]. The former targets consumer use cases, without narrative
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content or support for rdf-star or singleton property embeddings. The latter
examine formal models for link prediction in hyper-relational KGs, while we
focus on semantically layered narrative KGs and compare diverse embedding
approaches, including text-augmented methods.

4.4 Narrative Semantics in Knowledge Graphs

Narratives are multi-layered constructs that vary in complexity based on their
semantic richness and depth. Building on the narrative requirements from our
previous work [31] (see Chapter 2), we propose a six-level categorization to
systematically capture these layers, and examples related to the Wimbledon
Championship (WC):

1. Base: fundamental elements (e.g. events, actors, locations)
2006 WC (event), Federer (actor), Wimbledon (location)

2. Properties: simple binary relations between base elements
(WC, location, Wimbledon)

3. Subevents: complex, recursive event structures
(2006 WC final, subEventOf, 2006 WC)

4. Text: natural language descriptions providing contextual information
“Federer wins his fourth consecutive title.”

5. Roles: higher-level semantics linking objects
The roles described in Section 4.2

6. Causal relationships: higher-level semantics between events
“A close prior match pushed them to elevate their games in the next.”

We assume all KGs include the “base” layer by default. The remaining five
layers can be selectively activated to control the semantic richness of a narra-
tive representation. We formalize this selective activation using a configuration
vector 7, defined as a tuple of Boolean variables, where each component of i)
toggles a narrative layer, enabling systematic control over the semantic KG
complexity:

n = (prop, subevent, text,role,causation) € {0,1}°

Levels 1-4 are expressible in standard rdf, though level 4’s textual literals
pose challenges for embedding models. Levels 5 and 6 require higher-order se-
mantics like statement about statement, demanding more expressive syntaxes
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such as sp, reification, bn, and rdf-star. To capture this distinction, we de-
fine the set of valid syntactic representations as a function of the configuration
vector 1:

{rdf, sp, reification, bn, rdf-star} if role =1 or causation =1

ot = {rdf} otherwise.

To construct KGs, we take as input a semantic configuration, a correspond-
ing syntactic representation, an event, and DBpedia as the input KG. The pro-
cess unfolds in two stages. First, an intermediate, rdf KG is built based on the
configuration and event. This involves extracting relevant components based
on our method ChronoGrapher [35] (see Chapter 3): (1) base relations are
SEM-centric outgoing links; (2) properties are outgoing links from the DB-
pedia ontology; (3) subevents are filtered up to two-hop events surrounding
the input; (4) text comes from dbo:abstract and dbp:result; (5) roles and
(6) causal outcomes are obtained via frame-based information extraction from
textual sources. In the second stage, this intermediate graph is converted into
a target KG according to the specified syntactic representation.

Figure 4.2 illustrates an example where the selected narrative layers in-
clude subevents and causal outcomes, in addition to the base layer. This
corresponds to a configuration vector n = (0,1,0,0, 1), with syntactic options
o (n) = {rdf, sp, reification, bn, rdf-star}. We choose rdf-star as the target syn-
tax and use the 2006 Wimbledon Championship Final as the input event. On
the left, the figure highlights how each narrative layer is sourced from different
parts of the background KG. The center shows the intermediate graph, which
integrates extracted textual information and introduces auxiliary nodes to cap-
ture provenance. On the right, the final output KG combines standard and
rdf-star triples.

KG Components Intermediate KG Output KG (rdf-star)

" [ Federer ] Wimbledon 2006 WC Federer Wlmbledon 2006 wc

chamH 2006 WC Finale
ﬁ- -sem: hasAc\or sem:| hasLOCaﬂon 55’“ subEventOf sem hasActor sem: hasLocallor:Tm SUbE‘/e"lOf

"Federer" 2006 WC

partOf Finish_ F o
Nadal 2006 wc Fmale inis|
IM{T N competition 2006 WC Finale e elltlon
adal e finale
t
resulted in "The finale ouome onFrame: hasOutcome
location| | Federer's victory" resultedin |4 [, |fomDocument(™— ~onlemma
. g d! type:

inbledon Federer's
- LA victory" wnhmappedrole

outcome << CE1 sem:hasActor MR1 >>

sem:hasRole Competitor

Competitor df:type.

Figure 4.2: Example KG construction for the 2006 WC Finale using the configuration
n =(0,1,0,1,1) and rdf-star syntax.

85



4.5 Experimental Setup

We present our experimental protocol, covering the embedding methods used
(Section 4.5.1), dataset preparation (Section 4.5.2), and training strategy (Sec-
tion 4.5.3).

4.5.1 Embedding Methods

Given the variety of narrative configurations and syntactic encodings, we focus
on three representative, openly available embedding methods, each selected for
its compatibility with specific features:

* ULTRA [121] is a GNN-based model designed for entity-rich graphs,
and supports rdf, reification, and sp syntax.

* SimKGC [346] incorporates textual descriptions into KG embeddings,
and supports rdf, reification, and sp syntax.

« ILP [6]' is designed for handling hyper-relational forms, and is thus
suited for rdf-star up to depth 1. It also integrates textual descriptions.

We selected SImKGC due to its recent state-of-the-art performance, ILP as
the only publicly available method supporting hyper-relational data, and UL-
TRA for its recency and general-purpose design across heterogeneous KGs.
We exclude bn encodings and n-ary relationships from the core experiments
due to the absence of open-source inductive embedding methods for these for-
malisms, which we identify as a valuable direction for future work. We eval-
uate models using the standard link prediction task: given a triple with one
missing element, either the tail (h,r,?) or the head (?,r,7), the model must
predict the correct missing entity by ranking all possible candidates.

4.5.2 Data Preparation

We focus on events classified as revolutions in DBpedia [15], as they are com-
plex, multi-layered phenomena involving key actors, causes and consequences,
making them suitable for narrative modeling. We extracted 366 entities of
type dbc:yago/Revolution107424109%, retaining the 204 (56%) that in-
clude both start and end dates. For each revolution and each semantic (see
Section 4.4 for the 6 narrative layers) and syntactic (see Section 4.5.1 for the
retained models) variant, we build a KG following the method described in
Section 4.4, and precompute and store all resulting KG variants.

I'The system in [6] does not have a specific name, so we use this notation hereafter.
2dbc is the prefix for http://dbpedia.org/class/.
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We apply a time-based split: revolutions are sorted chronologically, with
70% assigned to training, 15% to validation, and 15% to test. For instance, the
French Revolution (late 18th century) is included in the training set, while the
Arab Spring (early 21st century) appears in the test set. We ensure no triple
leakage across splits and restrict the test set to novel facts not seen in training
or validation. This setup reflects real-world inference scenarios, especially in
historical or policy contexts where future or ongoing events must be interpreted
based only on prior knowledge.

For models requiring contextual inference graphs (ULTRA [121], ILP [6]),
we enrich the narrative KGs with external ontological triples and isolate all
rdf : type predicates within the contextual inference graph. This design em-
phasizes relational and event-level dynamics (e.g., who did what, when, and
why) over type-based classification. We further partition validation and test
KGs per predicate: 60% for context (inference graph), 40% for prediction (tar-
get graph). For models using text-based inputs (SimKGC [346], ILP [6]), we
follow [6] and extract entity and relation descriptions (labels and abstracts)
from DBpedia. Table 4.3 summarizes the average number of statements pro-
duced per configuration. On average, reification yields 3.6x more statements
than rdf, compared to 1.5x for rdf-star and 1.0x for sp.

4.5.3 Training Strategy and Constraints

We began with pre-experiments using ULTRA and 40 datasets, the only method
supporting both zero-shot and fine-tuning setups. Due to the large size of
some constructed graphs, we encountered frequent memory issues when pro-
cessing configurations involving narrative roles. A strong correlation (Pearson
p =0.8, p << 0.05) was found between unsuccessful runs and the presence of
roles in the semantic layer. We conducted our experiments on two Ubuntu ma-
chines with comparable configurations, each equipped with 40 CPU cores and
314-376GiB of RAM. The first machine has two GTX 1080Ti GPUs (11GiB),
and the second has an A40 (46GiB) and an RTX A6000 (49GiB). Prelimi-
nary experiments were run on the second machine. Consequently, we lim-
ited the evaluation to configurations without roles, resulting in 16 datasets for
SimKGC, and 4 for ILP.

For all methods, we adhered to the original parameter and hyperparameter
settings from the papers. In cases with excessive parameters, we selected the
best-performing models based on the reported results. For SimKGC, we used
the bert-based-uncased pretrained model® as in the original paper [346], and
for ILP, we focused on the only inductive model available, StarE [120].

Shttps://huggingface.co/google-bert/bert-base-uncased
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Table 4.3: Statement counts per semantic layers and syntax. Left columns indicate
semantic layers, right-hand cells show statement counts for datasets defined by the
combination of those semantic layers and the column’s syntax.

prop  subevent  role  causation ‘ rdf reification sp rdf-star
0 0 0 0 2,287 - - -
0 0 0 1 5,548 8,889 5,925 7,551
0 0 1 0 253,130 615,713 255,082 353,043
0 0 1 1 256,306 622,110 258,259 357,24
0 1 0 0 11,718 - - -
0 1 0 1 21,560 43,506 22,177 29,39
0 1 1 0 889,351 3,780,103 891,648 1,450,97
0 1 1 1 899,006 3,811,473 901,304 1,465,40
1 0 0 0 16,949 - - -
1 0 0 1 20,210 23,551 20,587 22,21
1 0 1 0 922,681 3,425,791 925,026 1,489,804
1 0 1 1 925,848 3,432,177 928,193 1,493,98
1 1 0 0 67,165 - - -
1 1 0 1 77,007 98,953 77,624 84,839
1 1 1 0 | 2,509,871 20,672,753 2,512,421 5,598,016
1 1 1 1| 2,519,516 20,704,111 2,522,066 5,612,425

Table 4.4 summarizes the hyperparameter configurations used for each
method. For ULTRA, both zero-shot and fine-tuning experiments were con-
ducted using the existing pretrained variants: ultra_3g, ultra_4g, and ultra_50g.
ILP models were trained with embedding dimensions of {160, 192,224}, with
a maximum of 1000 epochs and early stopping based on validation perfor-
mance.

4.6 Results

For RQ1 on the impact of narrative semantic richness on embedding perfor-
mance, we analyze model performance across narrative layers of increasing
complexity (Section 4.6.1). For RQ2 on the impact of syntax on embedding
performance, we compare results across rdf, reification, sp, and rdf-star (Sec-
tion 4.6.2).
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Table 4.4: Hyperparameters used for the three embedding methods: ULTRA [121],
SimKGC [346] and ILP [6]. Ir: learning rate, bs: batch size, bpes: batches per epoch.

Method Ir bs epoch bpes
ULTRA (zero-shot) - {8} {0} -
ULTRA (fine-tune) - {16,64} {1,3,5} {100, 1000,2000,4000}
ULTRA (train) - {16,64} {5,10} {1000,2000}
SimKGC {175,375,57%} {128,256,512,1024}  {1,10}
ILP {173273 174574} {192,256,896,960} {1000}

4.6.1 Impact of Semantic Richness on Embedding Performance

ULTRA. ULTRA is the only method evaluated across all semantic layers,
including the most complex narrative elements, such as roles. This is possible
because ULTRA supports both fine-tuning and zero-shot inference, making it
more memory-efficient compared to other models that require full training.

We ran a total of 3,320 ULTRA experiments. Of these, 1,226 runs (37%)
completed successfully without exceeding memory limits. Among the suc-
cessful runs: 106 (8.6%) used zero-shot inference, 1,008 (82.2%) involved
fine-tuning, and 112 (9.1%) were trained from scratch. Only 59 of the suc-
cessful runs included the roles layer, all of which used zero-shot inference. We
observed a strong positive correlation between the inclusion of properties and
performance (pmrr = 0.78, p << 0.05), suggesting that binary simple rela-
tions help structure the narrative and benefit embedding learning. Please note
that the properties refer to triples commonly used in large-scale domain embed-
dings, such as those from DBpedia, which typically yield strong performance.
In contrast, more complex elements such as roles (pprr = —0.30, p << 0.05),
sub-events (pmrr = —0.23, p << 0.05), and causal links (pmrr = —0.09,
p < 0.05) were negatively correlated with performance, indicating the chal-
lenges of embedding semantically dense and structurally complex graphs.

Table 4.5 presents the best evaluation metrics achieved by ULTRA. Each
row represents a unique combination of narrative layers, with relative per-
formance changes () compared to the simplest baseline (i.e., base elements
only). The table highlights that adding properties consistently results in large
performance gains, while including roles or causation often degrades results,
especially when combined with other layers.

SimKGC. We ran 8 configurations and 78 experiments in total. Subevents
showed a consistent and statistically significant positive correlation with all
evaluation metrics (e.g., MRR: p = 0.50, Hits@1: p = 0.48, all with p <<
0.05), indicating their positive impact on ranking performance in SimKGC. In
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Table 4.5: Best metrics for each dataset run with ULTRA. Left columns (p: prop, s:
subevent, r: role, c: causation) indicate the semantic layers present. Each row
reports the best performance for that dataset across all syntax variants. The § metrics
show the difference compared to the first row.

¢ | MRRt SMRR | Helt SH@I | H@3t SH@3 | Helot SH@I0

p s T
0 0 0 O 0.23 0.0 0.2 0.0 0.2 0.0 0.3 0.0
0 0 0 1 0.25 0.02 0.22 0.02 0.24 0.04 0.3 -0.0
0 0 1 0 0.24 0.01 0.22 0.02 0.24 0.04 0.27 -0.03
0o 0 1 1 0.24 0.0 0.22 0.02 0.24 0.04 0.27 -0.03
0 1 0 O 0.22 -0.01 0.18 -0.02 0.22 0.02 0.27 -0.03
0o 1 0 1 0.24 0.01 0.21 0.01 0.24 0.04 0.28 -0.02
o 1 1 0 0.05 -0.18 0.03 -0.17 0.05 -0.15 0.08 -0.22
0o 1 1 1 0.05 -0.18 0.03 -0.17 0.05 -0.15 0.08 -0.22
1 0 0 O 0.7 0.47 0.67 0.47 0.73 0.53 0.73 0.43
1 0 0 1 0.31 0.08 0.28 0.08 0.31 0.11 0.36 0.06
1 0 1 0 0.25 0.02 0.24 0.04 0.25 0.05 0.27 -0.03
1 0 1 1 0.25 0.02 0.24 0.04 0.25 0.05 0.27 -0.03
1 1 0 O 0.68 0.45 0.65 0.45 0.71 0.51 0.74 0.44
11 0 1 0.35 0.12 0.3 0.1 0.37 0.17 0.45 0.15
1 1 1 0 0.05 -0.19 0.03 -0.17 0.05 -0.15 0.07 -0.23
1 1 1 1 0.05 -0.19 0.03 -0.17 0.05 -0.15 0.07 -0.23

contrast, properties and causation had negligible or inconsistent effects, with
correlations near zero and non-significant p-values across metrics.

Table 4.6 shows the best scores per configuration and their improvements
over the base KG. Configurations with subevents, especially when paired with
properties, achieved the highest gains. In contrast, including all narrative lay-
ers led to performance drops, suggesting that excessive complexity may intro-
duce noise that SimKGC'’s contrastive learning struggles to manage. Overall,
subevents proved most beneficial, while properties and causation had limited
impact.

ILP. We focused on configurations involving causation, as this narrative
layer produces nested statements. While roles also introduce nesting, they
were excluded based on preliminary experiments. As a result, we only consider
configurations with causation and ran 192 experiments in total. Both proper-
ties and subevents contributed meaningfully to model performance. Properties
correlated strongly with improvements across all metrics, including Hits@1
(p =0.72), MRR (p = 0.66), and AMR (p = —0.64, all p < 0.05). Subevents
notably improved AMR (p = —0.33, p < 0.05). The Adjusted Mean Rank
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Table 4.6: Best metrics for each dataset run with SimKGC. Left columns (p: prop, s:
subevent, r: role, c: causation) indicate the semantic layers present. Each row
reports the best performance for that dataset across all syntax variants. The § metrics
show the difference compared to the first row.

p s r ¢ MRRt SMRR H@I{t SH@! H@3! SH@3 He@l0t SH@I10
0 0 0 0 043 00 034 00 047 0.0 0.67 0.0
0 0 0 1 046 003 035 001 052 005 0.67 0.01
01 0 0 045 001 032 002 051 0.04 0.72 0.06
01 0 1 042 002 031 -003 047 0.0 0.63 -0.03
1 0 0 0 024 02 015 -019 025 -0.22 0.43 -0.24
1 0 0 1 032 -012 025 -009 035 -0.12 0.46 -0.21
1 1 0 0 034 -009 02 -008 037 -0.1 0.52 -0.15
1 1 0 1 033 0.1 024 01 036 -0.11 0.51 -0.15

(AMR) [24] is a recently proposed metric that contextualizes mean rank by
comparing it to the expected rank of a random scoring model, that was com-
puted with ILP.

These findings highlight that properties and subevents help enhancing per-
formance in hyper-relational settings. Table 4.7 presents the top-performing
configurations, with the best overall results (MRR = 0.32, Hits@10 = 0.48)
achieved when both properties and subevents were included.

Table 4.7: Best metrics for each dataset run with ILP. Left columns (p: prop, s:
subevent, r: role, c: causation) indicate the semantic layers present. Each row
reports the best performance for that dataset for the rdf-star syntax.

s r c|AMRl MRRT He@lt H@3l Helot

p

0 0 0 1 0.09 0.23 0.14 0.27 0.4
0 1 0 1 0.07 0.25 0.15 0.29 0.43
1 0 0 1 0.04 0.29 0.19 0.34 0.46
1 1 0 1 0.03 0.32 0.24 0.34 0.48

Lastly, to provide a comparative overview of model behavior across shared
configurations, Table 4.8 reports MRR scores for ULTRA, SimKGC, and ILP
over the common subset of narrative configurations. It is a standard metric in
KG embedding that reflects how highly the correct entity is ranked, providing
a robust summary of model performance. The results highlight complemen-
tary strengths: ULTRA benefits most from properties (e.g., 0.70 MRR with
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properties alone, v.s. 0.24 for SimKGC), while SimKGC performs better with
causation and subevent (e.g., 0.46 MRR with causation alone, v.s 0.25 for UL-
TRA). ILP, evaluated only on configurations involving causation, generally
underperforms compared to other models. However, its performance improves
when both properties and subevents are included, reaching a peak MRR of
0.32.

Table 4.8: MRR1 metrics comparison across the three methods. Left columns (p:
prop, s: subevent, r: role, c: causation) indicate the semantic layers present,
right-hand cells show the best metric for each method.

c \ ULTRA  SimKGC  ILP

P s r
0 0 0 O 0.23 0.43 -
0 0 0 1 0.25 046 023
0 1 0 0 0.22 0.45 -
0o 1 0 1 0.24 042 025
1 0 0 O 0.7 0.24 -
1 0 0 1 0.31 0.32  0.29
1 1 0 O 0.68 0.34 -
1 1 0 1 0.35 0.33  0.32

To answer RQ1, our findings show that semantic narrative enrichment has
a measurable but uneven impact on embedding performance. Properties im-
proved results in ULTRA and ILP, but had little effect in SImnKGC. Subevents
boosted performance in text-based models (SimKGC and ILP) but reduced it
in ULTRA. Roles consistently degraded performance (based on ULTRA) and
were excluded from other models for feasibility. Causation showed no con-
sistent effect. Aggregating top-performing configurations, we found a signifi-
cant positive correlation between textual inputs and performance (e.g., MRR:
p = 0.45, p < 0.05), indicating that textual enrichment benefits models that
can leverage it. Still, overall scores remain modest, underscoring the difficulty
of encoding complex narrative semantics in current embedding frameworks.

4.6.2 Impact of Syntax on Embedding Performance

We evaluated how syntactic representation affects embedding quality, focus-
ing on configurations involving roles or causation, features expressed across
multiple syntactic forms. For each method and configuration, we retained only
the best-performing variant (based on MRR) to ensure fair comparison.
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Table 4.9 reports the average performance across four syntactic strate-
gies. reification and rdf-star achieved the highest scores across metrics. A
Kruskal-Wallis test [196] confirmed a significant effect of syntax on Hits@1
(x*> =8.51, p = 0.037). Follow-up pairwise Mann—Whitney U tests [227] re-
vealed that reification outperformed both the sp and rdf syntaxes with signifi-
cance prior to Holm—Bonferroni correction [354], but these differences did not
remain statistically significant after correction. No other comparisons showed
significant differences.

Table 4.9: Averaged metrics for the different syntaxes.

syntax ~MRRT H@I1t H@3t H@10}

reification 0.28 0.25 0.29 0.34
rdf-star 0.27 0.18 0.31 0.44
rdf 0.18 0.13 0.19 0.27

sp 0.17 0.12 0.18 0.26

To answer RQ2, we find that the choice of syntactic representation does
influence embedding performance, particularly for configurations involving
roles or causation. Surprisingly, in terms of intuition, reification yielded the
highest average performance across half of the metrics, despite its known ver-
bosity and structural complexity. We hypothesize that models may mitigate
this syntactic overhead by leveraging contextual patterns and additional fea-
tures within the expanded structure. rdf-star also performed well, suggest-
ing that more structured encodings help models capture complex relationships
more effectively. However, the overall differences between syntaxes were
moderate, indicating that while syntax plays a role, its impact is likely me-
diated by model architecture and input configuration.

4.7 Discussion

Our findings offer valuable insights into how narrative complexity and KG
syntax affect embedding performance, but also point to several avenues for fu-
ture work. While we focused on revolutions as a narrative domain, expanding
the KG construction pipeline to other event types or external datasets could
strengthen the generalizability of the results. Although we adopted hyperpa-
rameters from prior work, our KG configurations differ from standard bench-
marks, which may introduce biases or favor certain models. The use of prop-
erties introduces challenges in controlling the information content, and both
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roles and causation were extracted from the same textual sources, raising po-
tential concerns about data leakage. Moreover, both SimKGC and ILP rely on
textual features, which limits their applicability in settings with noisy or ab-
sent text. Lastly, uneven KG completeness may affect the quality of semantic
layers, particularly for higher-order constructs.

Another consideration is that performance metrics are computed over test
sets that vary across configurations due to differences in KG construction.
While trends across methods and representations are informative, the metrics
do not reflect performance on a fixed set of triples, making it difficult to iso-
late the impact of semantic or syntactic variations based solely on numerical
scores. To address this, future work could explore the use of downstream tasks,
such as question-answering with large language models, which may help de-
couple the effects of semantic and syntactic changes from dataset construction,
providing a more flexible evaluation of embedding quality.

4.8 Conclusion

We examined the impact of semantic narrative levels and syntactic represen-
tations on three inductive KG embedding methods. We found that certain se-
mantic dimensions, particularly properties and subevents, can enhance per-
formance, though their effects depend on the model. For example, subevents
improved results in text-based models but hindered performance in ULTRA,
suggesting interactions with textual context. Roles consistently reduced per-
formance, while causation showed no clear advantages. In terms of syntax,
while hyper-relational rdf-star offers flexibility, reification, despite its ver-
bosity, achieved the best performance. We hypothesize this is due to advanced
models compensating with richer contextual encodings.

Supplemental Material Statement: Source code for KG construction and
data preparation®, and extended systems are available on Github. Sample KGs
are included in the main repository and all the KGs are available on Zenodo®.

4KG construction and data preparation
SULTRA, SimKGC and ILP
Shttps://zenodo.org/records/16094768
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Social Media Discourse on Inequality

Based on [30]:

Ines Blin, Lise Stork, Laura Spillner and Carlo Santagiustina

OKG: A Knowledge Graph for Fine-grained Understanding of Social
Media Discourse on Inequality

International Conference on Knowledge Capture 2023

The previous two chapters focused on the historical use case, where we devel-
oped a method for constructing event-centric knowledge graphs and analyzed
the role of narrative complexity in embedding models. In this chapter, we
turn to the social media domain. We propose an ontology and a knowledge
graph tailored for fine-grained understanding of social media discourse, with
a specific focus on narratives around inequality. While Chapter 2 identified
perspective as a narrative requirement, this thesis focuses primarily on seman-
tic aspects for reasons of scope and feasibility. Among the three use cases,
however, this social media setting offers the clearest illustration of how per-
spectives emerge on top of semantic content.

Abstract. In recent years, social media platforms such as Twitter have al-
lowed people to voice their opinions by engaging in online discussions. The
availability of such discussions has garnered interest amongst researchers in
analyzing the dynamics on critical topics, such as inequality. Most of the cur-
rent strategies are, however, limited with respect to conveying the fine-grained
opinions of users, focusing on tasks such as sentiment analysis or topic model-
ing that extract coarse categorizations. In this work, we address this challenge
by integrating a Twitter corpus with the output of finer-grained semantic pars-
ing for the analysis of social media discourse. To do so, we first introduce the
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OBservatory Integrated Ontology (OBIO) that integrates social media meta-
data with various types of linguistic knowledge. We then present the Obser-
vatory Knowledge Graph (OKG), a knowledge graph in terms of the ontology,
populated with tweets on inequality. We lastly provide use cases showing how
the knowledge graph can be used as the backbone of a social media observa-
tory, to facilitate a deeper understanding of social media discourse.

5.1 Introduction

In recent years, the proliferation of social media platforms such as Twitter
has allowed people to voice their opinions by engaging in online discussions.
The accessibility of several of these online resources has piqued the interest
of researchers and policymakers. They are now eager to capture and discover
perspectives and impactful narratives circulating throughout society on critical
topics like migration, war, vaccination, inequality, or climate change. Many
works have addressed this interest by publishing dashboards [331], social me-
dia datasets [64, 93, 102], and by leveraging automated natural language pro-
cessing (NLP) strategies for the discovery and analysis of online debates [230,
281, 283, 333].

Traditional NLP strategies for the understanding of online debates have
focused commonly on sentiment analysis, opinion mining and topic model-
ing [256, 323]. Such strategies are limited in their capabilities to convey fine-
grained analysis of the opinions of individuals or social groups in the form of
narratives, arguments or claims, given that statistical strategies are used to label
natural language texts that are vague and imprecise in nature. The complex-
ity of Twitter posts, like the usage of slang and acronyms, further complicates
precise interpretation.

Fine-grained text analysis techniques, e.g., named entity recognition [88],
relation extraction [383], semantic role labeling [214], frame extraction [301],
and dependency parsing [185] can provide fine-grained insights into the spe-
cific stances communities take in a debate or narrative. Such techniques allow
researchers to retrace the provenance of their findings [358], ensuring the va-
lidity of results, reproducibility of experiments, and fostering transparency in
research. We argue that the integration of tweet metadata with the output of
both fine and coarse-grained NLP analyses into a single integrative network,
allows researchers to perform increasingly complex analyses to better under-
stand online debates.

With this goal in mind, this work introduces the Observatory Knowledge
Graph (OKG), a knowledge graph (KG) in terms of the OBservatory Inte-
grated Ontology (OBIO), which integrates tweet metadata with various types
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of linguistic knowledge and Linked Open Data, such as named entities, depen-
dencies, and PropBank rolesets. We present use cases that demonstrate how
the OKG can aid researchers in understanding online discussions on inequali-
ties [387], e.g., perceived causes, driving factors and effects of inequalities, as
well as the relations among mentioned entities (people, places, events, organi-
zations, etc.) Thus, the contributions of this paper are twofold:

1. the OBservatory Integrated Ontology (OBIO)', which integrates tweet
metadata with linguistic analysis data.

2. the Observatory Knowledge Graph (OKG), which integrates a Twitter
corpus with the output of both fine-grained and coarse-grained NLP
analyses, and present relevant use cases. Code to create the OKG is
openly available?. Due to X’s access policies, access to the OKG> and
the SPARQL endpoint* maintained by Triply> and the IISG®, can be pro-
vided upon request. Full instructions are available on the Zenodo page.

Such a holistic picture can offer valuable insights into public perceptions,
social trends, and the perceived effectiveness of inequality mitigation efforts.
It can inform decision-making processes, guide empirical research efforts in
the field, and contribute to a more informed debate about inequality.

5.2 Related Work

Discourse on social media. We focus on related work that analyzes dis-
course in social media, and more particularly on Twitter. First, we present
work that is the closest to ours, ie., that uses KGs as intermediate representa-
tions. Second, we present work that uses NLP techniques to get insights from
social media data, not necessarily in graph format.

TweetsKB [102] and TweetsCOV 19 [93] are the work the most similar to
ours, the latter being a subset of the former containing Covid-related tweets.
They created a RDF(S) model for describing metadata and annotation infor-
mation for a collection of tweets, and they presented useful use cases such as
entity-centric data exploration. The authors of [67] used TweetsKB as a start-
ing point to analyze public attitudes towards controversies, specifically on the

Thttps://www.w3id.org/okg/obio-ontology/

2https://github.com/muhai—project/okg_media_discourse

3https://doi.org/10.5281/zenodo. 10034210

“https://api.druid.datalegend.net/datasets/lisestork/0KG/services/
OKG/sparql

Shttps://triply.cc

Shttps://iisg.amsterdam
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topic of migration, and propose the following components in their pipeline:
topic modeling, sentiment analysis, hate/speech detection and entity linking to
Wikidata. We extend these models with further fine-grained linguistic infor-
mation retrieved from tweet texts. More specifically, we add information on
semantic roles of entities, as well as sentence grammar.

More recently, a lot of attention has been given to analysing social narra-
tives about Covid19 on Twitter. [64] released a multilingual dataset containing
tweets about the coronavirus, and [340] monitored the mood of India during
the Covid pandemic starting from tweets. Lastly, [4] analyzed trending hash-
tags on Twitter with a specific use-case on Covid-19, and mapped the output
to knowledge bases like Framester [122].

Tweet2story [51] is an NLP pipeline to automatically extract narratives
from tweets in the form of simple graphs. Their pipeline includes: actor entity
extraction, time entity extraction, event entity extraction, link extraction and
semantic role extraction. Our work is complementary, providing a complete
ontology for the KG output. The authors of [224] used the Dutch vaccination
debate on Twitter to identify online communities, narratives and interactions.
[307] combines an NLP pipeline with network analysis to extract conflicting
narrative mechanics from Twitter data.

KG from text. We first present ontologies that were used to model textual
data, and more specifically focused on social media data. We then present
existing resources.

The NLP Interchange Format ontology [153] was designed to integrate
text into KGs, whereas the NLP Annotation Format ontology [118] addition-
ally focused on linking linguistic annotations. The OntoLex ontology [233]
models lexical data in the semantic web. To represent social media data in
the form of a KG, TweetsKB [102] reused existing ontologies such as the Se-
mantically Interlinked Online Community (SIOC) [45]. The Influence Tracker
ontology [273] integrates tweet data with quality metrics about Twitter users.
Framester [122] is a frame-based ontological resource that bridges major lin-
guistic resources such as FrameNet and PropBank. In our model and graph,
we reuse and extend the existing TweetsKB model, and integrate it with (i)
text analysis using [153], (ii) new metrics that are not in the Influence Tracker
ontology, and (iii) Framester PropBank rolesets.

In terms of existing resources, [279] proposes an NLP pipeline to build
an event-centric KG from news data, using frame semantics. Throughout the
BioSampo project, researchers extracted KGs from plenary debates, to analyze
parlementary language and culture [299]. TakeFive [3] transforms texts into a
frame-oriented KG, and FRED [125] also parses natural text into linked data.
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5.3 Knowledge Graph Construction

Here, we describe the OBIO ontology (Section 5.3.1), and the construction and
validation of the OKG in terms of the ontology (Section 5.3.2).

5.3.1 The Ontology

The goal of the ontology we build is the inclusion of fine-grained semantics, as
a semantic layer on top of the tweet texts. We show five example tweets, use
these to describe our ontological requirements which then inform the ontology
creation process.

Motivating Examples

We present 5 sentences from tweets in Table 5.1 to show the type of analyses
we aim to do with our ontology. Relevant content for the understanding of
these sentences can be divided in three categories: (1) tweet metadata, (2)
meaning and (3) grammar.

Table 5.1: Sentences from tweets on inequality.

1d Sentence Content

1 “We see the end of the trauma created by our
brutal system of race and gender inequality ~

2 “These unregulated systems could cause discrimination
on a massive scale says Buolamwini”

3 “How’re we expected to behave rationally in the face of
brutality, inequality, and racism when they get “scared”
of a black person reaching for their wallet at a traffic stop.”

4 “Nothing wrong with wanting to end inequality.”

9]

“I'm glad you think we should judge people on merit.”

The tweet metadata category would include information such as the user
who posted the content, information on the user, the date of the tweet, etc. It
would also include standards metrics such as the number of likes.

The meaning category would typically include entities from sentences,
such as inequality or Buolamwini. In our approach, we aim to go beyond the
mere enumeration of entities in a tweet, and to add another semantic layer on
top, specifically extracted rolesets: verbs and their arguments. PropBank [188]
details provide such fine-grained analyses. PropBank, short for the Proposition
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Bank, is a linguistic resource that associates verbs with their arguments, also
called semantic roles. An instantiated ensemble with a verb and its filled ar-
guments is called a roleset. For example: sentence 2 from Table 5.1, the verb
“cause” triggers aroleset, that has “unregulated systems” as subject and “dis-
crimination” as object. Likewise in sentence 5, “think” triggers a roleset that
has “we should judge people on merit” as object.

Lastly, the grammar category represents the grammatical structure of the
sentences, more specifically the dependency relationships. Other than facilitat-
ing the entity extraction process, the analysis can provide interesting insights
like the nesting of PropBank rolesets, as is the case in sentence 4, which trig-
gered two rolesets: “wanting” and “end”.

Ontological Requirements (ORs)

We derive three high-level ontological requirements from the examples above,
directly linked to the three types of analyses that our ontology should enable.

OR1: Model the metadata of the social media ecosystem.

1. Distinguish between a regular tweet, a repost and a reply.
2. Each tweet should have a date.

3. Metrics: sentiment, polarity, subjectivity, number of repost, num-
ber of likes.

4. User attributes: account verified, number of followers, number of
accounts followed, location.
OR2: Model the meaning of the tweets’ content.
1. Link tweets to extracted entities, and link them to external ontolo-
gies.
2. Link tweets to PropBank extracted rolesets: triggering verb and its
arguments.

OR3: Model the grammar of the tweets’ content.

1. Tweet content should be chunked down by sentences and tokens.
2. Dependency relations should be added between tokens.

3. Include: lemma, part-of-speech tag, token index.
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Ontology Creation

Following best practices in ontology development [54], we aim to re-use ex-
isting models and extend them with classes and object properties. Our core
starting point is TweetKB [102], that uses the SIOC [45] ontology. We create
new classes, data and object properties if they do not already exist. Apart from
TweetsKB, we mainly integrate two other ontologies: NIF [153] for integrat-
ing text with KGs and Framester [122] for PropBank-related information. The
prefix for the OBIO is obio’.

Ontology Presentation

We show the ontology in Figures 5.1 and 5.2. Figure 5.2 mainly covers OR2-
2, while Figure 5.1 covers the rest. The prefixes are given in the Figures. We
describe below how we encode the ontological requirements:

OR1-1: obio:RePost and obio:Reply as new sub-classes of sioc:Post for
reposts and replies. A repost, or a retweet in the Twitter context, is to
share another user’s tweets to your followers, while a reply is a direct
response to another tweet.

OR1-2: We re-use TweetsKB for this part, with dc: created.

OR1-3: We introduce the obio:post_metrics data property for metrics re-
lated to tweets. We define sub-properties of this property for the follow-
ing metrics: obio:sentiment_label, obio:polarity_score, obio:
subjectivity_score, obio:nb_repost, and obio:nb_like.

OR1-4: We introduce various data properties to describe the following at-
tributes for auser: obio:is_verified, obio:description, obio:lo-
cation, obio:follower, and obio:following.

OR2-1: We re-use TweetsKB with schema:mentions.

OR2-2: We integrate text data with Propbank annotations and Framester. We
attempt to stay as close as possible to the original Propbank annotations
in Framester, with minor modifications®. For one annotation of a Prop-
bank roleset, we re-use the wsj:CorpusEntry class. The main differ-
ence is that instead of using blank nodes to describe mapped roles, we
use classes from the NIF ontology, such as nif :Word and nif :Phrase.

7Short for https://www.w3id.org/okg/obio-ontology/.
8See http://etna.istc.cnr.it/framesterpage/wsj/wsjpropnetannotations/
CE_64700.
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Lastly, similarly to the existing Datatype Property wsj:onLemma’, we

create an Object Property obio: onToken that goes from awsj : Corpus-
Entrytoanif:String. To enforce a better integration between OR2-1
and OR2-2, we add additional nif: superString links, as is shown in
Figure 5.2.

OR3-1: We re-use the classes nif:Word and nif:Sentence from the NIF
ontology.

OR3-2: obio:dependency_relation is property of nif:inter to describe
the dependency relations between two words in a sentence. Each depen-
dency relation is then added as a sub-property of obio:dependency_
relation.

OR3-3: We mostly re-use content from the NIF ontology, and add the data
property obio:hasTokenIndex to link a token to its index in the origi-
nal tweet.

‘ obio:sentiment_label

obio:nb_repost ] ‘ obio: dependency_relation
——— T
‘ obio:polarity_score }ﬁdfs:subcwassohb( obio:post_metrics ]«rdfs:subclassof rdfs:subPropertyOf
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Figure 5.1: The Observatory Integrated Ontology.

Together with the code that we submit with this paper, we add a more
detailed documentation and visualization of our ontology.

9See http://etna.istc.cnr.it/framesterpage/ws;j/onLemma.
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Figure 5.2: Framester integration.

5.3.2 Ontology Population and Validation
Tweet, metadata and grammar extraction (OR1 & OR3).

The acquisition of social media data about inequality from the Twitter platform
was done through the “academictwitteR” R library [21], using the Full-Archive
API V210 with the following query parameters: “(inequality OR inequalities)
lang:en”. We downloaded the data before the changes of policies'! in June
2023. We retrieved tweets and retweets published from the end (30th) of May
2020 to the beginning (1st) of May 2023. In this paper, we use a sample
published from May 30th to August 27th, 2020. To be compliant with the
Twitter policies, we remove user metadata and the texts of tweets and tweet
sentences. We also replace user IDs with skolem IRIs through skolemization'?.

For the grammar of the tweet content, we used the output of spaCy!3, that
covers all requirements for OR3. We used the en_core_web_sm model'*.
For the metadata of the tweets, all requirements of OR1 except OR1-3 were
provided by the Twitter API: type of tweet (OR1-1), date (OR1-2) and user at-
tributes (OR1-4). For the sentiment extraction (OR1-3), we use the ROBERTa-

Onttps://developer.twitter.com/en/docs/twitter-api/data-dictionary/
object-model/tweet

Uhttps://developer.twitter.com/en/developer-terms/policy#4-d

Phttps://wuw.w3.org/TR/rdf11-concepts/#section-skolemization

Bhttps://spacy.io

4Details on accuracy performance can be found at https://spacy.io/models/en.
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base model trained on around 124M tweets from January 2018 to December
2021 directly from Hugging Face!>, which achieved 69.1% accuracy for sen-
timent analysis. For the polarity and subjectivity metrics (OR1-3), we use
TextBlob'®.

Meaning extraction (OR2).

Entities from text (OR2-1). We use the same methodology as [307]. We
first extract two types of named entities from the output of spaCy: named enti-
ties and noun phrases. A named entity refers to a proper name, whereas a noun
phrase is a grammatical construction that includes a noun and its modifiers.
These entity mentions are then consolidated into obio:Entity entities, and
the mapping to DBpedia is done through DBpedia Spotlight [237].

PropBank Rolesets (OR2-2). To link the tweets to the PropBank rolesets
(OR2-2), we use an extended version of the PropBank grammar developed
by [27], that uses computational construction grammar to extract semantic
frames from text corpora. Such a grammar uses as a basis constructions, that
are structured meaning-form pairs. The grammar output the verbs and their
semantic roles. We then link the extracted frames to Framester [122]. As an
example, the frame protest.01 from [27] corresponds to the Framester en-
tity pbdata:protest.01. For each frame, we create a wsj:CorpusEntry as
illustrated in Figure 5.2.

Validation and statistics

KG statistics. The KG we present in this paper contains 9,243,293 triples
and 1,084,882 unique entities. Out of the 10,613 obio:Entity entities, 3,592
(33.8%) had a mapping to DBpedia. The average node indegree and outdegree
are 8.4 and 8.5 respectively. The minimum, mean and maximum number of
entities per tweets are 1, 2.3 and 11 respectively. 2,398 distinct frames were
extracted across all tweets. The top 10 extracted frames were do.02 (8,029),
pandemic.01 (2,067), need.01 (1,675), work.01 (1,674), see.01 (1,583),
do.01 (1,268), solve.01 (1,242), address.02 (1,212), say.01 (1,179), and
fight.01 (1174).

We describe the distribution of class types in Table 5.2. The most prevalent
classes in OKG come from the NIF ontology, which is expected since each
tweet was chunked down into sentences and tokens. OKG introduces 136,391

Dhttps://huggingface.co/cardiffnlp/twitter-roberta-base-sentiment-latest
1https://textblob.readthedocs.io/en/dev/
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new corpus entries for PropBank rolesets. There are 62,015 original posts,
34,551 reposts and 4,837 replies for a total number of 42,108 different users.

The KG contains 22,852 tweets with a negative label, 19,070 with a neutral
one and 3,927 with a positive one. This represents a ratio of around 6 between
the negatively labeled tweets and the positively labeled ones. Furthermore, the
average numbers of reposts are 7,015, 827 and 2,769 for the negatively, neutral
and positively labeled tweets respectively, which represent a ratio of around 3
between the positive and negative ones. Likewise, the average numbers of like
are 2.8, 1.8 and 2.1 respectively, with a ratio of 1.3. We observe the negatively
labeled tweets tend to be more numerous, to get more repost and more likes
than the other tweets.

Table 5.2: KG Class Distributions.

Class Number
nif:String 787,187
nif:Word 573,377
wsj :MappedRole 271,502
wsj:CorpusEntry 136,391
nif:Phrase 107,756
nif:Sentence 106,054
sioc:Concept 104,123
sioc:Post 62,015
sioc:Forum 45,472
sioc:Container 45,472
sioc:User 42,108
foaf:0nlineAccount 42.108
obio:RePost 34,551
obio:Entity 10,613
obio:Reply 4,837

Data validation. The resulting graph was validated against a set of data qual-
ity criteria [52], specifically accuracy and consistency given that data was inte-
grated via automated scripts. To check the graph we used SPARQL queries and
SHACL shapes. For accuracy, we checked the syntactic validity of all literals
using a set of SHACL shapes, and a SPARQL ASK query was created to check
whether matches to DBpedia were valid URIs, whether all words were indeed
included in their superstrings (nif : superString), and whether instances of
pbschema:ARG1 and pbschema:ARG2 were valid Framester IRIs. For con-
sistency, we checked for schema correctness using a set of SHACL shapes,
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e.g., every tweet has exactly one creator. Errors found through SPARQL and
SHACL validation were corrected to improve the quality of the graph. The
SPARQL queries and SHACL shapes can be found in the Github repository!”.

5.4 Use Cases

In this section, we present five use cases that reflect examples of questions
researchers and policymakers can answer with the OKG. We first present rele-
vant questions that can be answered using sentiment analysis and named entity
recognition, similarly to other Twitter resources, e.g., TweetsKB [102]. Sec-
ond, we present questions solely facilitated by the OKG, through the integra-
tion of tweet metadata with finer-grained semantic layers such as PropBank
rolesets and dependency relationships. For each use case, we describe their
relevance and show the SPARQL queries used to to each use case. For read-
ability we omit prefixes, which can be found in Figures 5.1 and 5.2.

5.4.1 Top Entities Grouped per Tweet Sentiment

SPARQL query 5.1 lists the frequency of sentiment labels per entity mention:

SELECT ?entity (COUNT(?t) as ?nb_t) WHERE {
?7t schema: mentions ?entityMention ;
obio:sentiment_label ?label
?entity nif:anchorOf ?entityMention
}
GROUP BY ?entity ?label
ORDER BY DESC(?nb_t)

Listing 5.1: Top entities per tweet label.

Table 5.3 shows the top 10 entities mentioned in tweets per label. Some
entities are mentioned across all sentiment labels, such as “Economic Inequal-
ity”, “Racism”, or “Poverty”. Other entities from the top 10 only appear in one
type of tweets, like “Donald Trump” or “Capitalism” for the negatively labeled
tweets, or “Coronavirus Disease” for the positive ones.

5.4.2 Entities Co-occurrence Grouped per Tweet Sentiment

SPARQL query 5.2 lists co-occurrence of entity mentions, grouped per senti-
ment label:

Thttps://github. com/muhai-project/okg_media_discourse
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Table 5.3: Top 10 entities in tweets, grouped per label. Freq. corresponds to the
frequency of occurrence, and Perc. refers to the percentage of occurrence compared

to the total number of tweets.

Negative Neutral Positive
Entity Freq. Perc. Entity Freq. Perc. Entity Freq. Perc.
Economic 609 2.7 Economic 231 1.2 Racism 75 19
Inequality Inequality
Racism 458 2.0 Racism 193 1.0 Economic 51 1.3
Inequality
Poverty 234 1.0  Poverty 76 0.4  Poverty 25 0.6
America 117 0.5 Pandemic 63 0.3  Gender Inequality 21 05
Institutional 113 0.5 Scientific 52 0.3  Black Lives Matter 20 0.5
Racism American Mind
Pandemic 111 0.5  Gender Inequality 51 0.3 Institutional 19 05
Racism
Donald Trump 99 04  Severe Acute 49 03  Coronavirus 19 0.5
Respiratory Disease
Syndrome
Coronavirus 2
Gender Inequality 96 0.4  Black Lives Matter 49 03 Podcast 14 04
Capitalism 94 04 Institutional 48 0.3  United Kingdom 13 03
Racism
Social Inequality 88 0.4  United Kingdom 48 0.3  Web Conferencing 13 03

SELECT ?sent_label ?ent_1 ?url_1 ?ent_2 ?url_2
(COUNT(?t) as ?nb_t ) WHERE {

?7t schema: mentions ?ent_m_1,
obio:sentiment_label ?sent_label

?ent_1 nif:anchorOf ?ent_m_1
?ent_2 nif:anchorOf ?ent_m_2
OPTIONAL {?ent_1 nee:hasMatchedURL ?url_1
OPTIONAL {?ent_2 nee:hasMatchedURL ?url_2

FILTER (STR(?ent_1) < STR(?ent_2))

}

GROUP BY ?sent_label

ORDER BY DESC(?nb_t)

7ent_m_2

.
-}

?ent_1 ?url_1 ?ent_2 ?url_2

Listing 5.2: Pairs of entities co-occurring.

Table 5.4 shows the top 5 pairs of entities that co-occur in tweets, grouped
per sentiment label. Among the negatively labeled tweets, “Economic Inequal-
ity” appears in nearly all the pairs, related to other abstract concepts such as
“Racism” and “Poverty”. In neutral tweets, entities that appear the most are
“Scientific American Mind”, “Happiness” and “Health”. In positive tweets,
the set of entities is more diverse, with no clear repetitions.
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Table 5.4: Top 5 pair of entities co-occurring in tweets, grouped per sentiment label.
Freq. corresponds to the frequency of occurence.

Negative Neutral Positive
Entity 1 Entity 2 Freq. Entity 1 Entity 2 Freq. Entity 1 Entity 2 Freq.
Economic Racism 42 Scientific Terms 45  Coronavirus Economist 11
Inequality American Disease
Mind
Economic Poverty 27  Scientific Happiness 45  Institutional Sociology 5
Inequality American Racism
Mind
Capitalism Economic 23 Scientific Health 45  Hurricane Minnesota 4
Inequality American Floyd
Mind
Poverty Racism 21  Health Terms 45 130 Crore British 4
Indians Association
For
Immediate
Care
Economic Institutional 20  Happiness Terms 45  British Modi Govt 4
Inequality Racism Association
For
Immediate
Care

As presented in Section 5.3, OBIO was extended from TweetsKB [102].
OKG can consequently be used for similar use cases than the ones that make
use of both metadata information and entities extracted from tweets. For the
next uses, we rather focus on the analysis that are enabled by the integration of
the PropBank rolesets and the dependency relationships.

5.4.3 PropBank Rolesets per Tweet Sentiment

SPARQL query 5.3 lists rolesets found in tweets, grouped per sentiment label:

SELECT ?sent_label ?rs_pb
(COUNT(?rs_inst) as ?nb_rs) WHERE {
?7rs_inst wsj:onRoleSet ?rs_pb ;
obio:onToken ?lu_token
?sent nif:word ?lu_token
7t nif:sentence ?sent ;
obio:sentiment_label ?sent_label
}
GROUP BY ?sent_label ?rs_pb
ORDER BY DESC(?nb_rs)

Listing 5.3: Number of PropBank rolesets per sentiment label.

Table 5.5 shows the top 10 frames that appear in tweets, grouped per sen-
timent label. There are differences across the sentiment labels. Whereas the
frames for the negative labels relate more to (needed) actions or observations,
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such as solve.01 or need.01, the frames for both the neutral and positive
labels seem more motivational, such as support.01, fight.01 or thank.01.
Some frames most frequently appear regardless of the sentiment label, such as
do.02 and work.O01.

Table 5.5: Top 10 PropBank rolesets from tweets, grouped per sentiment label.
Freq.:frequency.

Negative Neutral Positive
Roleset Freq. Roleset Freq. Roleset Freq.
do.02 7369 do.02 1290 do.02 582
pandemic.01 1690 need.O1 1002 work.01 361
see.01 1256  address.02 809  thank.O1 280
do.01 1230  work.01 777 fight.01 278
solve.01 1120 fight.01 746  attack.01 271
need.01 1052  support.01 699 admire.O1 276
work.01 961 use.O1 605 see.O1 257
expect.01 933  change.O1 573  support.O1 222
cut.02 932 pandemic.01 570  love.O1 200
say.01 913 do.01 569  help.01 189

5.4.4 Semantic Roles Linked to Entities

SPARQL query 5.4 lists rolesets linked to entity mentions:

SELECT ?rs_pb ?ent ?pbarg
(COUNT(?rs_inst) as ?nb_rs) WHERE ({
VALUES ?link_ss {nif:word nif:subString}
?7rs_inst wsj:onRoleSet ?rs_pb
obio:onToken ?lu_token
wsj: withmappedrole ?role_string
?sent ?link_ss ?role_string
7t nif:sentence ?sent
7role_string wsj:withpbarg ?pbarg

7t schema: mentions ?ent_m
?role_string nif:superString ?ent_m
?ent nif:anchorOf ?ent_m

}
GROUP BY ?rs_pb ?ent ?pbarg
ORDER BY DESC(?nb_rs)

Listing 5.4: Linking semantic roles to entities.
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Table 5.6 shows the query output and the semantic roles that contain the
most entities. “Global Warming” is associated to the roleset change .01 112
times in the dataset, with argument ARG1. In PropBank, ARG1 often represents
the “Theme” or “Patient” of a predicate, whereas ARGO represents the “Agent”
or “Experiencer”. Most of the entities are strongly related to issues having
to do with inequality: various domains of inequality, such as housing or eco-
nomic inequality, global warming and racial segregation. Lastly, the number
of occurrences is not that high compared to the size of OKG, and in particular
the size of the corpus entries and the entities. One explanation is that the in-
tegration of the entities and the semantic roles can be further refined, as there
are cases where entities are substrings of arguments that are not yet linked.

Table 5.6: Top 10 entities included in PropBank rolesets. Freq.: frequency,
Neg./Neut./Pos.: negative/neutral/positive.

Roleset Entity Pbarg Freq. Neg. Neut. Pos.
change .01 Global Warming ARG1 112 64 38 10
act.02 United States Congress ARGO 38 38 0
right.05 Human Rights ARG1 32 20 8 4
understand.01 I Understand 1941 Song ARGO 24 16 6 2
end.01 Ibm ARGO 22 8 14 0
grow.01 Economic Inequality ARG1 20 18 0
segregate .01 Racial Segregation ARG3 18 10 0
house.01 Housing Inequality ARG1 18 8 4
warm.01 Global Warming ARG1 16 10 6 0
work.01 All Facial Recognition Work ~ ARG1 16 6 10 0

5.4.5 Relationships between Rolesets
SPARQL query 5.5 lists pairs of rolesets and their dependency relations:

SELECT ?rs_pb_1 ?rs_pb_2 ?dep_prop
(COUNT(?sent) as ?nb_s) WHERE ({

7rs_inst_1 wsj:onRoleSet ?rs_pb_1 ;

obio:onToken ?lu_token_1
?7rs_inst_2 wsj:onRoleSet ?rs_pb_2 ;

obio:onToken ?lu_token_2
?sent nif:word ?lu_token_1, ?lu_token_2
?7dep_prop rdfs:subPropertyOf obio:dependency_relation
?7lu_token_1 ?dep_prop ?lu_token_2
FILTER (! CONTAINS( str (?dep_prop), "dependency_relation"))
FILTER (! CONTAINS( str (?dep_prop), "aux")) }
GROUP BY ?rs_pb_1 ?rs_pb_2 ?dep_prop
ORDER BY DESC(?nb_s)

Listing 5.5: Dependency relationships between rolesets.

110




Table 5.7 shows the frames that were appearing the most in tweets with
a direct dependency relationship, with the number of occurrences and their
distribution across the sentiment labels. Unlike Table 5.6, where most of the
content came from the negative tweets, Table 5.7 shows that some rolesets
are specifically associated with positive or neutral tweets, despite their lower
number. This is the case for study offers, get and provide, and offering
suggestions.

Table 5.7: Most frequent relationships between rolesets.

Roleset 1 Roleset 2 Dependency Freq. Neg. Neut. Pos.
right.05 human. 02 amod 62 40 16 6
see.01 build.01 ccomp 44 32 12 0
take.O01 act.02 dobj 44 22 12 10
cut.02 educate.01  compound 40 40 0 0
offer.01 study.01 nsubj 26 0 4 22
get.01 provide.01 conj 26 0 4 22
rise.01 call.02 compound 26 0 24 2
help.01 move.01 ccomp 26 0 4 22
offer.01 suggest.01 dobj 26 0 4 22
address.02 issue.02 dobj 26 12 12 2

We provided examples of use cases enabled by OKG. Use cases 5.4.1 and
5.4.2 first provided examples of use cases analyzing entities, co-occurrences of
entities and sentiment analysis, outlining which actors/objects appear the most
in tweets, and are likely to play an important roles in the tweets’ narratives.

We then provided use cases to gain a deeper understanding of opinions
about entities using finer-grained semantic layers like PropBank rolesets and
dependency relationships. In use case 5.4.3, we analyzed commonly used role-
sets in tweets, revealing that neutral and positive tweets often contain motiva-
tional verbs. In use case 5.4.4, we explored the entities frequently appearing
in PropBank rolesets, uncovering connections to various forms of inequality,
such as housing inequality and global warming. In use case 5.4.5, we exam-
ined the most frequent dependency relationships between PropBank rolesets,
discovering links between specific rolesets in positive tweets, despite their low
proportion. These use cases demonstrate how integrating tweets with finer-
grained parsing allows us to analyze the roles of specific entities in events.
Similar insights can be obtained for real-world use cases such as the under-
standing of online debates on COVID-19 vaccination [66].
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5.5 Conclusion

We first present the OBservatory Integrated Ontology (OBIO) that integrates
social media metadata with various types of linguistic knowledge such as enti-
ties and PropBank rolesets. We then populate this ontology with the Observa-
tory Knowledge Graph (OKG), with tweets extracted on the topic of inequality.
We lastly present several use cases that show how adding finer-grained seman-
tic layer can help improve the overall understanding on social media discourse.
The paper focuses on the topic of inequality but the method is generic and can
be applied to other topics.

The work we present is based on a small sample of tweets to emphasise the
usefulness of semantic layers. We plan to release a larger-scale KG, improve
the integration between entities and PropBank rolesets, and refine represen-
tations currently stored in text form through the NIF ontology. Furthermore,
our analyzes are based on automatically extracted entities, predicates, and sen-
timent labels, which can introduce errors and biases. These components are
imperfect, and in particular, sentiment and polarity errors can introduce in-
consistencies. We aim at further curating the output of the natural language
processing, as well as to evaluate the utility of the OKG in a real-world use
case with expert users, such as social scientists.
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Automated Hypothesis Generation

Based on [32]:

Ines Blin, Ilaria Tiddi, Giuliana Spadaro and Annette ten Teije
Automated Hypothesis Generation for Human Cooperation Studies
Hybrid Human Artificial Intelligence 2025

In the previous chapter, we introduced the social media use case, presenting
a knowledge graph and an ontology for finer-grained understanding of social
media discourse on inequality. In this chapter, we turn to the last use case in the
social sciences. We explore how structured representations and knowledge-
enriched Al methods can support automated hypothesis generation, helping
researchers uncover insights in studies of human cooperation.

Abstract. A meta-analysis is a systematic review of the literature that em-
ploys statistical techniques to combine and compare the results of multiple
related studies, that can be used to test a hypothesis. In the social sciences, it
is the gold standard for research synthesis. However, it requires considerable
effort including hypothesis formulation and background research. In our work,
we envision a human-Al collaboration process, where Al-generated research
hypotheses are integrated in tools that empower domain experts while keeping
them in control, fostering trust and efficiency in social science research. In
this work, we propose using knowledge-enriched Al methods as an alterna-
tive to hypothesis generation to be tested by the meta-analysis, on the specific
case study of human cooperation. We collaborated with domain experts to
formulate three template hypotheses of increasing complexity. We then com-
pared three knowledge-enriched Al methods, classification, link prediction,
and large language model, for hypothesis generation. To evaluate the quality
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of the hypotheses generated, we conducted user studies with domain experts,
comparing the hypotheses they generated with those generated by Al methods.
We demonstrate that Al-generated hypotheses, though not always surpassing
human-generated ones, provide diverse, efficiently produced options that ef-
fectively complement and enhance the hypothesis generation process.

6.1 Introduction

Recent advancements in Al offer promising avenues to enhance social sci-
ences through new tools and methods, potentially accelerating research pro-
cesses [257]. Let us imagine a social scientist investigating the impact of eco-
nomic inequality on cooperative behaviors that benefit the collective, such as
paying taxes. Social scientists typically formulate a hypothesis and conduct a
meta-analysis that is the gold standard for synthesizing research to test this hy-
pothesis [131]. However, it requires significant effort and is largely a manual
process that requires a deep understanding of expert knowledge and statistical
and methodological details. Traditional steps of a meta-analysis include: for-
mulation of a hypothesis, search of the literature, selection of studies, choice
of dependent variables, selection of a meta-analysis model, data analysis and
interpretation of the results [47, 305, 374].

Al-enhanced scientific assistants are gaining traction in research, with sup-
port in steps such as analyzing the literature [77, 176, 351], formulating a re-
search question or hypothesis [17, 138, 211, 297], or scientific writing [295].
Large language models (LLMs) are increasingly being used as such assis-
tants [71, 85]. However, despite storing factual knowledge [265], LLMs are
prone to hallucinations [163], pushing research to combine symbolic and neu-
rosymbolic methods to address these issues. Recent work [90, 306, 312]
has contributed towards a knowledge graph (KG) paradigm based on a struc-
tured, interlinked and formal description of the content of research publica-
tions [282], which would alleviate background research work. Other works
have contributed to automated hypothesis discovery through classification [181]
or link prediction tasks [83]. However, current methods lack focus on the so-
cial sciences and close collaboration with experts for hypothesis generation,
limiting their utility in helping social scientists with their daily tasks.

Figure 6.1 illustrates our vision for human-Al collaboration in hypothesis
and meta-review generation. We propose a digital assistant that integrates Al-
generated hypotheses, facilitates hypothesis selection, and incorporates user
feedback. This design keeps experts in control while handling technical com-
plexity in the background. By streamlining hypothesis formulation, such an
Al-powered assistant could enhance social science research and extend to areas
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such as policy analysis. Our human-centric approach prioritizes trust, ensuring
that Al supports rather than dictates decisions, and actively involves experts in
building knowledge-enriched Al methods.

TN\ / / E—\ R
29 28 2@ 2 0B

Hypotheses Meta-analysis to Meta-review

Hypothesis Data acquisition of

By e expert and selection (by the relevant studies g rom Synthatize the
the Al) expert) from the literature studies results

Figure 6.1: Overview of the human-centric process to generate meta-reviews from
formulated hypotheses. SA: semi-automated ; M: manual ; A: automated.

This paper focuses on step 1 of Figure 6.1, proposing knowledge-enriched
Al methods in collaboration with domain experts. We tackle the complexity
of automated hypothesis generation, helping social scientists summarize and
aggregate empirical evidence. Our goal is to assess whether Al-generated hy-
potheses can effectively complement human-generated ones. We define three
research questions:

RQ1: What are the requirements for formulating hypotheses?

RQ2: How well do various knowledge-enriched Al methods perfom on hy-
pothesis generation?

RQ3: How well do Al-generated hypotheses compare to hypotheses gener-
ated by experts?

Our specific case study aims to understand “human cooperation”, a critical
aspect of social behavior with extensive implications for economic activities,
social policies, and community development [41, 154, 304].

To address RQ1, we collaborated with experts to define ontological knowl-
edge constraints and design three template hypotheses. For RQ2, we ap-
proached automatic hypothesis generation through three distinct methods: clas-
sification, link prediction, and LLM prompting, comparing their performance.
For RQ3, we conducted user studies in which experts generated hypotheses
and evaluated and compared them with Al-generated hypotheses. We find
that Al-generated hypotheses, though not always surpassing human-generated
ones, provide diverse, efficiently produced options that effectively comple-
ment and enhance the hypothesis generation process. Our main contributions
include a framework for hypothesis generation that combines expert knowl-
edge and a comparative analysis of three knowledge-enriched Al methods. Al-

115



though we do not introduce new machine learning models, we provide empir-
ical insights into their application and effectiveness in complementing human-
generated hypotheses. We show that Al-generated hypotheses can effectively
complement those generated by humans. We make our code, experiments, and
results openly available'.

6.2 Related Work

We use structured scientific knowledge and contribute to computer-aided dis-
covery.

Representing scientific knowledge. The growing volume of publications
creates challenges like non-machine-readable data and limited content inte-
gration, prompting efforts to structure and interlink research content of publi-
cations [282].

We focus on content-based resource KGs that encode the content of the
articles along with metadata information. ORKG [16] acquires, curates and
publishes semantic scholarly knowledge of research papers. CS-KG [90], pre-
viously AI-KG [91], is a large-scale, automatically constructed KG of research
entities and claims in computer science, and CoDa describes the results of
studies in the social science domain [306]. Other work automatically builds
resources, such as MIRA [314] on health inequality, Scicero [89] on scientific
knowledge, or more generally from unstructured data [199, 226].

Work on how to represent hypotheses or scientific knowledge has been
done in structured format. Nanopublications are scientific statements with con-
text [137] that are published as RDF reusable data and that are used in domains
such as biodiversity [261], physician suicide claims [205] or experimental pro-
tocols [130]. The SupperPattern ontology [48] allows researchers to formulate
hypotheses as logic statements, while the Neuro-DISK [126] ontology encodes
the hypothesis statement, qualifier, evidence, and history.

Computer-aided discovery. Here intelligent systems are used to help sci-
entists derive insights from large datasets, boosting research efficiency and
scalability [257]. [189] envisions a Nobel Turing Challenge for an Al system
“worthy of a Nobel Prize”.

Various ML methods have been employed for scientific discovery. Aug-
mented literature reviews, such as ARROWSMITH [318], have been used to
stimulate scientific discovery by suggesting complementary articles relevant to

'https://github.com/InesBlin/coda_hypothesis_generation
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a query. We refer to [37] for a review on literature reviews. In the biomedical
domain, [18] used various ML models such as decision trees [219] to predict
the carcinogenicity of chemical compounds. [308] uses text mining algorithms
to discover interesting hypotheses, while [181] frames link discovery as a clas-
sification task with learned concepts. [257] proposes a synoptic model to test
whether a model and its hypotheses adequately describe reality, and Neuro-
DISK [126] is an automated discovery framework based on metaregression.

Hypothesis discovery has also been framed as graph-based approaches.
[245] used graph diffusion to generate hypotheses from scientific publications.
Coco [313] proposes new research hypotheses via a multihop reasoning ap-
proach based on reinforcement learning. Link prediction has been used for
hypothesis generation [39, 83, 218, 302], leveraging KG embeddings such as
TransE [38], DistMult [370], ComplEx [330], and R-GCN [291], or symbolic
systems such as AnyBURL [236] that mine first-order rules.

Lastly, LLMs have been used as Al scientific assistants for computer-aided
discovery. The sole use of LLMs includes domains such as human genomic
variations [85], joint arthroplasty [71] or literature reviews [357]. Other sys-
tems combine data-driven methods with domain knowledge: [57] extends gen-
erative design methodologies to the manufacturing domain, [74] integrates a
causal reasoner to guide LLMs in the epidemiological domain, [327] com-
bines causal KGs and LLMs in psychology, and [2] combines data-driven
machine learning and KGs for accelerated materials discovery.

We combine data-driven methods with domain knowledge in the social
sciences. The closest work to ours [83] frames hypothesis discovery as a link
prediction task on knowledge graphs and evaluates hypotheses through user
studies in the social science domain. We extend this by categorizing hypoth-
esis discovery into three tasks inspired by the literature: classification, link
prediction, and prompting, and consider three types of hypotheses of increas-
ing complexity. To the best of our knowledge, we are the first to cross-study
several methods and hypotheses in this domain.

6.3 Designing Meaningful Hypotheses

To answer RQ1 on the requirements to formulate hypotheses, we designed
them with experts. We focus on human cooperation and use the COoperation
DAtabank (CoDa) [306], an open source KG of approximately 3,000 empiri-
cal studies from the social and behavioral sciences, each annotated along 312
variables covering study, sample, and effect-size information. CoDa supports
efficient search and synthesis of relevant studies, a process that is overwise
time-consuming. Table 6.1 defines the CoDa terms reused in this work.
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Table 6.1: Definition of terms used by social scientists in their work. Abbr.: abbrevi-
ation.

Name ‘ Abbr. | Definition

Effect Size es | A measure that quantifies the difference or re-
lationship between variables in a study.

Generic Independent Variable giv | A category of factors that can be categorized
to observe their effect on a dependent variable
in various research contexts.

Specific Independent Variable siv | A well-defined variable within a study or con-

text that can be categorized to determine its ef-
fect on a dependent variable. In CoDa, sivs are
instances of givs.

Specific Independent Variable | sivv | The data point or measurement assigned to the
Value Siv.

Dependent Variable dv | The outcome or response that is measured in
an experiment or study to assess the effect of
changes in the independent variable(s).

To design research hypotheses, we consulted domain experts, who high-
lighted the importance of comparing the same or related givs. Their insights
were translated into ontological constraints, as shown in Figure 6.2. The main
constraint is that the sivvs to be compared are instances of the same siv, which
is encoded in the ontology.

El punlshmentrule ) cc: PunlshmentRuIe cc PunlshmentVanabIe cc: PunlshmentAgent ) USRS R
outcome-based institution

1
slvv N siv sivv "

SIVV
Outcome /@ushmentrule/ s 'YW id:punishmentagent/ Inst|tut|on
based &andom leader

cc: <https://data.cooperationdatabank.org/vocab/class/> —rdfs:subClassOf:
rdfs: <http://www.w3.0rg/2000/01/rdf-schema#> - = - -rdfitype- - - >
id: <https://data.cooperationdatabank.org/id/> 77 rdfs:label >

Figure 6.2: One example of ontological constraints for the hypotheses. Only nodes
of the same color that are instances of the same siv can be compared.

We last developed three templated hypotheses validated by experts to
confirm their relevance. Figure 6.3 presents the three template hypotheses,
reg, study-mod and var-mod, along with examples instantiated with CoDa,
such as: “Cooperation is significantly higher when anonymity manipulation is
low compared to when anonymity manipulation is high”. The hypotheses were
derived from comparisons of treatments in various CoDa studies.
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Figure 6.3: Presentation of the three templated hypotheses, where the pairs to be
compared must be sivvs of the same siv, and study moderators are characteristics of
study taken from CoDa. The (:Studyl, cdp:ES, :positive) indicates that co-
operation is higher (:negative would be lower cooperation).

6.4 Hypothesis Generation Methods

We outline the data preparation phase (Section 6.4.1) and the methods used, in-
cluding a classification system inspired by [18] and [181] (Section 6.4.2), a link
prediction system from graph-based methods inspired by [83] (Section 6.4.3),
and a system combining LL.Ms for zero-shot prompting [191] with ontological
constraints (Section 6.4.4), addressing RQ2 on the effectiveness of knowledge-
enriched Al methods for hypothesis generation. The experiments folder in
our code contains a README with all the details to reproduce the experiments,
as well as thorough readable details on the results of the experiments.

We selected three families of methods for their diversity and suitability,
forming a foundation from which hybrid or more complex systems could be
developed. To ensure a manageable scope for subsequent user studies, we
prioritized a balance between rigorous method comparison and practical ap-
plicability. For each family of methods, we further detail in the sub-sections
the different models we compared. The metrics described below (e.g. Hits@10
or MRR) are used solely for internal model evaluation and would not be pre-
sented to users in the framework shown in Figure 6.1. Higher metric values
indicate a greater likelihood that the hypothesis generated agrees with the ex-
isting literature.
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6.4.1 Preparing Data

We define criteria similar to [83] to extract information from CoDa for our
methods, since we build the hypotheses on top of the existing data. We only
kept the observations that (i) reported Cohen’s d effect size measure, (ii) com-
pared two treatments, and (iii) were related to dv. We integrated ontological
constraints to extract the data and only considered categorical variables. The
SPARQL queries used to obtain the observations resulted in 4,463, 91,156 and
846 observations for the reg, study-mod and var-mod hypotheses, respec-
tively. We categorize effect sizes estimates into 5 categories [83].

Each observation is assigned a correlation direction: positive, none, or neg-
ative, based on its confidence interval. If the interval includes O (nonsignifi-
cant), the correlation is classified as none; otherwise, it is classified as positive
or negative. For observations without a confidence interval, we used Saw-
ilowsky’s rule of thumb [286] to estimate it. Following [83], only the correla-
tions positive and negative were used in the experiments.

6.4.2 C(lassification

Classification Task. We learn mappings from hypotheses to their effects on
the dv. Formally, we define freq, fstudy moa and frar_moa for each of the three hy-
potheses respectively, where the inputs are concatenations of node embeddings
from CoDa of size n. As per the expert constraints described in Section 6.3,
sivy = sivp. As in Figure 6.3, positive and negative relate to higher and
lower cooperation respectively.

freg: R — {positive, negative } ©.1)
(giv, sivy, sivvy, siva,sivvy)  +—— Y '

fstudy_mod © R — {positive, negative }
(giv, sivy,sivvy, siva, sivva,mod,mod_val) +— 'y

(6.2)

foar moa: R™<® — {positive, negative }
(giv, sivy, sivvy, sivy, sivvy, mod, mody,mody) +—— y

(6.3)

Node Embeddings. We trained KG embeddings for the features of the nodes
from the ontology. We optimized KG embedding methods using two phases:
(1) random search across a set of 500 parameters. (2) Full search on a subset of
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these parameters. The best performance was with an embedding dimension of
336, a learning rate of 0.001, a negative sample of 1, 500 epochs and DistMult
as model. We then saved our training, validation, and test data as embeddings.
Appendix A.1.1 provides more details on hyperparameter optimization and
optimal values identified for the embeddings.

Model. To ensure a balanced distribution of givs, we implement a custom
training/validation/test set split. We compared a decision tree classifier, draw-
ing from models used in the literature [18, 181], with more complex models,
including multilayer perceptron, k-nearest neighbors, linear models and en-
sembles. The decision tree achieves the highest validation accuracy for the reg
(0.78) and the study-mod (0.80) hypotheses. For var-mod, it scores slightly
below the highest score from the k-nearest neighbors (0.70 vs. 0.77, +10%),
that scored lower on the reg (0.72, -8%) and study-mod (0.75, -6%) hypothe-
ses. Given these small differences and the simplicity of the decision tree, we
selected it as our final model. Table 6.2 shows the final results, including data
size and standard accuracy in the classification task. Appendix A.1.1 provides
more details on hyperparameter search, best parameters and results for the
complex models.

Table 6.2: Results on the classification task, with a train/val/test split of 0.8/0.1/0.1.
Val.: validation.

Hypothesis ‘ reg ‘ study-mod ‘ var-mod

Metrics ‘Train Val. Test‘ Train Val. Test ‘Train Val. Test

Datasize | 1,832 241 265 |28,235 3,528 3,559| 325 43 45
Accuracy | 0.79 0.78 0.73| 0.80 0.80 0.78 | 0.74 0.70 0.62

The classification task achieves the highest accuracy score, 0.78, for the
study-mod hypothesis, which can be accounted for the highest size of training
data. In contrast, the lowest accuracy is for the var-mod hypothesis: 0.62,
slightly higher than the random 0.5. This could be explained by the much
lower data size, both for training and testing.

Feature importance measures provide information on the variables that
drive our models. Figure 6.4 shows the importance of the grouped features by
variable. For the reg and study-mod hypotheses, we observe similar trends.
The main contributors are sivv; and sivv,, with feature importance scores of
0.32 and 0.20 for reg, and 0.21 and 0.39 for study-mod. giv has a catego-
rization role, but its lower importance highlights that its subclasses (sivs) and
instances (sivvs) are more critical for prediction. A similar pattern emerges
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Figure 6.4: Grouped feature importance (y-axis) per variable (x-axis). The reg has
the first six variables, var-mod the first 8 and study-mod the first six and the last two.
Blue: reg, red: study-mod, yellow: var-mod.

with mod_val and mod. The lower importance of these moderator variables
for study-mod reflects the nature of the data: studies often include many mod-
erators but only a few treatment comparisons, leading to repeated effect sizes
that amplify the relevance of sivs and sivvs.

For the var-mod hypothesis, the strongest contributors are sivv, (0.36) and
sivy (0.34), followed by mod, (0.10), which emphasizes the critical role of sivs
and their instances. However, the lack of influence of sivv; and giv is unex-
pected. Moreover, the lower overall performance of this model suggests that
these features alone are insufficient to capture the complexities of the var-mod
hypothesis.

6.4.3 Link Prediction

We generate blank hypothesis nodes from CoDa, linked to its dv via predicates
cdp:has{Positive,Negative}EffectOn . To balance the distribution of
givs, these triples are divided into training/validation/test sets, with the rest in
the training set.

We compare (a) symbolic and (b) sub-symbolic models. AnyBURL demon-
strates strong performance without further optimization [236], as shown in
Table 6.3. For the link prediction task, Hits@10 scores of 0.53, 0.51, and
0.61 and MRR scores of 0.45, 0.44, and 0.54 were achieved for the reg,
study-mod, and var-mod hypotheses, respectively. Rules involving effects
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Table 6.3: Results for the link prediction task, with a train/val/test split of 0.8/0.1/0.1.
Hits@k: proportion of times the correct answer is within the top k predictions; MRR
(Mean Reciprocal Rank): mean of the inverse of the correct answers’ ranks. There
are 7,252 triples from the ontology derived from it to describe the blank nodes (only
included in the training data). E-1, E-3: Effect rules of length 1 and 3.

Hypothesis ‘ Data size ‘ Metrics ‘ Rules learned

| Train  Val Test |Hits@l Hits@5 Hits@10 MRR | All Effect BE-1 E-3

reg 15,267 301 281 | 0.3759 0.5124 0.5337 0.4485| 2,482 1,095 1,055 40
study-mod | 284,399 6,223 5,761 | 0.3828 0.5082 0.5103 0.4449 | 10,673 2,088 2,040 48
var-mod 7,632 53 45 | 0.5109 0.5326 0.6087 0.5420| 2,517 659 499 160

(cp:hasNegativeEffectOn or cp:hasPositiveEffectOn) account for only
44%, 20% and 26% of the rules for the three hypotheses. This suggests that
AnyBURL primarily learns rules about the ontology or hypothesis templates
rather than directly modeling their effects on cooperation. Furthermore, most
rules are simple (length 1), indicating that they may lack sufficient complexity
to be informative. Only in the var-mod hypotheses do more complex rules
(length 3) appear with notable frequency (32%), compared to just 3.7% and
2.3% for reg and study-mod.

The support scores for the effect rules are low in all hypotheses (0.14,
0.17, and 0.20 for the reg, study-mod, and var-mod hypotheses), making it
challenging to generalize the findings. sivv; and sivv, emerge as the most influ-
ential contributors, with a significant drop-off before the moderator variables
(mod, mody, and mod,). These patterns highlight the potential of AnyBURL to
capture some relevant insights, but also underscore its limitations in fully rep-
resenting the effects hypothesized in social science research. Appendix A.1.2
provides more details on support scores, metrics and rules learned by Any-
BURL.

For the subsymbolic models (b), we applied the same methodology as for
the KG embeddings and first applied a random search on 100 parameters for
TransE [38], DistMult [370], ComplEx [330], and R-GCN [291]. We dis-
carded these models because of their significantly lower performance com-
pared to AnyBURL. The best MRR scores achieved were 0.01 (-98%), 0.08
(-82%), and 0.02 (-96%) for the reg, study-mod, and var-mod hypotheses,
respectively. The best Hits@10 scores were 0.01 (-98%), 0.16 (-69%) and
0.05 (-92%). Appendix A.1.2 provides additional details on the results for the
subsymbolic models. We provide additional information in the experiments
folder of our code.
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6.4.4 LLM-based Method

For each giv, we prompted the LLM with tabular data of possible hypotheses
and asked the LLM to output the top 5 hypotheses, still in tabular format. In
our prompt, we ask for coherence as a ranking criterion, although we acknowl-
edge that coherence can be a broad concept. Future work could refine this
by incorporating more precise definitions. We used gpt-3.5-turbo-0125, and 4
times gpt-40 when the prompt was too long. There were 58, 58 and 18 givs for
the reg, study-mod and var-mod hypothese respectively.

To check for hallucinations, we define consistency as the percentage of
lines in the LLM-generated subset that exactly match a line from the input csv.
For the reg, study-mod, and var-mod hypotheses, the outputs were consis-
tent in 93% (54/58), 97% (56/58), and 85% (15/18) cases. Of the 9 inconsistent
cases, 7 were formatting errors in which the LLM returned templated hypothe-
ses. In only 2 cases did the output contain rows that did not directly correspond
to the input, though these remained coherent with the hypotheses described in
Section 6.3. Therefore, the LLM did not hallucinate new knowledge and pro-
vided reliable content.

To evaluate the hypotheses, we compared them with the findings of stud-
ies in CoDa, using a tailored evaluation approach to account for the unsu-
pervised nature of the method. Figure 6.5 presents a histogram and scatter
plot of hypothesis accuracy, defined as the ratio of cc:0bservation support-
ing a hypothesis to the total of supporting and refuting observations (where
refutations include negative or null findings). The LLM predominantly gener-
ates hypotheses that are misaligned with the literature, as evidenced by a high
number of hypotheses with zero accuracy scores (reg: 112, study-mod: 137,
var-mod: 22). However, some hypotheses achieve perfect alignment (scores
of one: 27, 47, and 5, respectively), demonstrating that the LLM occasion-
ally aligns well with existing evidence. In particular, extreme accuracy scores
(both 0 and 1) are typically supported by fewer than 20 studies, underscoring
the challenges of generalization and the presence of contradictions in the lit-
erature. This suggests that while the LLM can identify a few well-supported
hypotheses, it struggles to consistently capture broader trends. Appendix A.1.3
provides more details on the prompts.

6.5 User Study

We describe our user study to answer RQ3 on comparing Al-generated hy-
potheses with those generated by experts.
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Figure 6.5: Left: distribution of accuracy scores. Right: scatter plot of accuracy
scores along with the number of observations (evidence) supporting the score. Blue:
reg, red: study-mod, yellow: var-mod.

Description. We gathered 5 domain experts for our user study, which is rea-
sonable given the niche domain that required deep familiarity with both co-
operation research and CoDa. The participants, aged 18 to 64, were based in
Asia, Europe, and the United States of America. We asked participants to rate
hypotheses for the 3 types of hypotheses, reg, study-mod and var-mod, and
on 2 distinct givs for each type of hypothesis. For each combination of hy-
pothesis type and giv, there were asked to: (1) generate the top 5 hypotheses
manually; (2) score the 6 hypotheses generated by our Al methods; (3) rank
the 11 hypotheses (5 + 6) altogether. For task (2), we selected the best two
hypotheses for each Al method and randomly shuffled them. Hypotheses were
scored on a discrete scale from 1 to 5. In total, each participant manually gen-
erated 30 hypotheses (3 -2-5), scored 36 Al-generated hypotheses (3 -2 - 6)
and ranked 66 hypotheses (3-2-11). Participants were able to distinguish their
own hypotheses from the Al-generated ones but not between the different Al
methods. Participants scored and ranked hypotheses based on their relevance
and perceived interestingness for further investigation. The survey? we created
is openly available®.

Results. We provide an overview of the hypotheses generated by experts and
compare them to the Al-generated methods. Regarding the human-generated
hypotheses, participants rated their hypotheses with a score of 3.9 in terms
of relevance or interestingness to investigate. Of the 150 manually generated

2We used Google Forms: https://workspace.google.com/intl/en/products/
forms/.
Shttps://bit.1ly/coda-user-study-pdf
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hypotheses (30-5), the number of similar hypotheses for the reg category was
3, 1, and 2, among 5, 4, and 3 participants, respectively. For the var-mod,
study-mod and reg categories, the number of similar hypotheses across 3
users was 5, 3, and 2, respectively. This shows the high diversity of generated
hypotheses, as well as various interests from researchers, therefore highlight-
ing the demanding task of generating a good, both relevant and interesting.

Table 6.4: Mean ranks and scores for all hypotheses. A higher score is better, a lower
rank is better. Bold: best metric, underlined: best second metric.

Model reg study-mod | var-mod
Score Rank | Score Rank | Score Rank

human 38 50 | 36 46 | 40 5.6
classification | 3.5 6.5 1.6 79 34 6.7
anyburl 3.0 6.5 1.8 7.5 3.1 5.7
Ilm 20 76 | 28 60 | 29 6.7

For the comparison between Al-generated hypotheses and those gener-
ated by experts, the quadratic Cohen’s kappa, which quantitatively measures
inter-annotator agreement, for the Al hypotheses scoring and the hypotheses
ranking was of 0.29 and 0.015, respectively, which shows that characteristics
such as relevance and interestingness are subjective. Table 6.4 shows the mean
ranks and scores for all hypotheses. While human-generated hypotheses con-
sistently achieved the highest scores and best ranks, Al methods also demon-
strated their potential. AnyBURL achieved an almost similar ranking for the
var-mod hypotheses (+1.8%), although with a lower average scoring. The
classification model performs competitively for the reg hypotheses for scoring
(=7.9%). The LLM model is the second best one for the study-mod hypothe-
ses, although with a bigger difference in scoring (—22%). The supervised and
unsupervised methods are, therefore, complementary. Appendix A.1.4 pro-
vides details on the distribution of users across hypotheses and of scores.

Averaging results does not account for individual variations across partic-
ipants in the user study. Figure 6.6 shows the distribution of the hypotheses’
ranks across the different same models, where “human” represents the man-
ually crafted hypotheses. The distribution is spread across each model, with
some human-generated hypotheses ranked first and last, and the same goes for
Al-generated hypotheses. This is in line with our previous intuition that there
are individual differences in perceived relevance and interestingness of the hy-
potheses. We also observed that one participant consistently placed human-
generated hypotheses in their top 3 rankings, while another participant consis-
tently put Al-generated hypotheses in their top 3 rankings.
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Figure 6.6: Distribution of hypotheses’ mean rank across type of hypothesis and
models. Blue: human, green: AnyBURL, red: classification, yellow: LLM. A lower
rank is better.

The variability in human rankings highlights the subjective nature of the
field, where using metrics alone to rank hypotheses can be challenging. How-
ever, it also illustrates the value of Al methods, which can provide diverse
insights that traditional evaluation might miss. Evaluating participant prefer-
ences for diversity versus accuracy is complex, as judgments of relevance and
interestingness are often subjective. For example, an accurate hypothesis may
be less valued if it is too similar to the existing literature, while a diverse hy-
pothesis may lack immediate appeal to researchers.

Summary. Al-generated hypotheses provide significant value by offering di-
verse, efficiently produced options that complement human-generated ideas.
Although they may not consistently outperform human hypotheses, their ef-
ficiency and reliability make them a valuable tool for enhancing hypothesis
generation and supporting social scientists in their daily work. Importantly,
our methods can uncover sensible and investigable hypotheses that domain ex-
perts might overlook, broadening the scope of exploration. Referring back to
Figure 6.1, which outlines our envisioned human-centric process to generate
meta-reviews, Al and expert-generated hypotheses are typically integrated in
Step 1. In Step 2, users select hypotheses for further exploration, as demon-
strated when participants ranked hypotheses in our study. The fact that Al-
generated hypotheses often rank among the top three indicates their potential
to be selected for deeper investigation, reinforcing their utility within this col-
laborative framework.
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Feedback. The participants underlined that hypothesis discovery was a chal-
lenging task. Ratings of clarity of the instructions varied between participants,
but overall the task was perceived as difficult. Furthermore, one participant
did not agree with the study-mod and var-mod templates, emphasising even
more the challenge of finding a consensus for generating hypotheses.

6.6 Conclusion

To better assist social scientists in their daily tasks, we use knowledge-enriched
Al methods for hypothesis generation as an alternative to manual standard pro-
cesses. We focus on the case of human cooperation, a critical aspect of social
behavior with extensive implications for economic activities and social poli-
cies [41, 154, 304]. We first collaborated with experts to design three template
hypotheses. We then implemented three categories of models for automated
hypothesis generation: a classification system based on decision trees, a link
prediction system from graph-based methods, and an LLM system based on
ontologically constrained prompting. Lastly, we conducted a user study with
domain experts to compare Al-generated hypotheses with those generated by
experts. We find that Al-generated hypotheses, though not always surpassing
human-generated ones, provide diverse, efficiently produced options that ef-
fectively complement and enhance the hypothesis generation process. We en-
vision integrating these Al-generated hypotheses into a digital assistant that fa-
cilitates hypothesis and meta-review generation. We have already worked with
domain experts to provide an interface for the social scientists on automated
meta-review generation that summarizes the findings of meta-analyses [33].

For hypothesis generation in other domains, we believe that the most af-
fected RQ will be RQ1 on the requirements to formulate hypotheses, while
RQ2 and RQ3 would remain similar. As in this work, cooperation with do-
main experts will be necessary to derive valuable insights from the initial data
and translate them into structured knowledge. The low model complexity of
our approach can be advantageous when dealing with limited data, ensuring
interpretability and trainability.

In future work, our aim is to refine the design of the hypothesis by collab-
orating with experts to better filter meaningful moderators [177], and explore
more complex hypotheses. We will also experiment with advanced methods
such as hypergraph link prediction [164, 371]. Additionally, we plan to shift
from a human-in-the-pipeline approach to a human-in-the-loop approach, al-
lowing AI methods to incorporate user feedback. Future research could also
explore other research fields within social science and beyond. Lastly, our user
study can introduce biases, as participants ranked both their own hypotheses
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and Al-generated ones, potentially favoring their own. Future work could ex-
plore independent evaluations to reduce self-assessment bias and qualitative
methods, such as interviews, to provide deeper insights.

129



130



Conclusions

This thesis presented new algorithms, methods and results on using Knowl-
edge Graphs (KGs) to enable narrative-like functions such as explanation, hy-
pothesis generation, and discourse analysis. Our aim has been to explore how
structured data, models and representations can support computational narra-
tives across different domains and data types, bridging symbolic and statistical
approaches. We find that KGs provide a flexible and expressive foundation
for modeling narrative elements such as events, actors, and temporal relations,
and that they can be adapted to support diverse tasks, from historical question
answering to the analysis of social media discourse and hypotheses generation
in the social sciences.

In this chapter, we first revisit the three use cases, before responding to our
research questions and concluding with outlook on future directions.

7.1 Recap of the Use Cases

The three use cases (Chapters 3 to 6) illustrate the broad applicability of our
approach, demonstrating how it can be adapted and instantiated to meet the
specific demands of different data environments and narrative objectives.

Historical data (Generic memory narratives, Chapters 3 and 4)

Example. “In which events were Jean-Baptiste Jourdan and Joseph Bona-
parte both involved during the French Revolution?” This question requires
more than simple fact generation: it demands querying the KG to extract ver-
ified information about each individual’s involvement in events. The system
then assembles this data into a coherent narrative that highlights their over-
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lapping roles and interactions. In this context, maintaining groundedness is
essential to avoid purely generative or speculative answers.

Context and Data. This use case investigates how narratives can be gen-
erated from large-scale, generic KGs like Wikidata and DBpedia. These KGs
contain millions of triples describing historical facts, events, and entities. Here,
the constructed memory is generic, aiming to compress large volumes of open
knowledge into coherent explanatory narratives. Although this memory is
generic, it still carries the bias of the historian or the input source [310].

Narrative Function. The goal is to support explanatory narratives and ques-
tion answering in a historical context, e.g. answering “Why did the U.S. enter
World War I1?” or “What were the key events of the Cold War?” This involves
organizing a collection of facts into a causal or temporal narrative that provides
clarity and interpretability.

Applying the Approach

* KG Representation: it was modeled around the SWs (Who, What, When,
Where, Why), allowing event-centric representation.

¢ KG Construction

— Content Retrieval: a semantically informed best-first search algo-
rithm was developed to traverse the KG starting from a focal entity,
prioritizing semantically meaningful paths while pruning irrelevant
ones.

— KG Population: rule-based schema conversion and information ex-
traction techniques were applied to structure retrieved facts into a
coherent, event-focused graph.

— KG Validation: the constructed subgraphs were evaluated by com-
paring them to ground truth graphs.
* Narrative Retrieval
— Graph Querying: SPARQL queries were used to extract relevant
event subgraphs associated with a given topic or entity.

— Transformation: an LLM was leveraged to transform the structured
data into fluent, natural-language narratives.
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Domain-Specific Research Challenges and Contributions. The primary
challenge was scaling narrative generation over large, generic KGs where the
number of possible connections is exponential. The solution involved design-
ing an efficient graph traversal method to guide content selection seman-
tically. Unlike more curated or domain-specific datasets, the open nature of
these KGs required extensive filtering and heuristic control to maintain narra-
tive relevance and coherence.

Social media (Personal memory narratives, Chapter 5)

Example. “We see the end of the trauma created by our brutal system of
race and gender inequality”. This reflects a personal narrative in public dis-
course, where an individual frames a view on social conditions. In the context
of the social media use case, such narratives are analyzed to understand how
different group-level characteristics such as gender, race, or ideological affili-
ation influence the way users frame social issues like inequality. By extracting
and structuring these narratives in a KG, it becomes possible to compare how
similar events or topics are discussed across user groups.

Context and Data. Social media narratives aim to make sense of present
events, often prioritizing persuasive impact over factual accuracy. Their rapid
spread is driven less by objective reasoning and more by emotional resonance
and social relevance [310]. This use case focused on discourse surrounding in-
equality on Twitter. The constructed KG reflects a personal memory of public
discourse, capturing how individuals and groups frame social issues online.

Narrative Function. The goal is discourse analysis, specifically to under-
stand how different framings and rhetorical strategies emerge over time. Nar-
ratives here help to observe and contextualize beliefs, revealing implicit ideo-
logical positions and communicative patterns.

Applying the Approach

* KG Representation: it was derived from competency questions that for-
malize the types of analysis the KG should support (e.g., “How is in-
equality framed by different user groups?”).

¢ KG Construction

— Content Retrieval: the Twitter API was used to collect relevant
tweets and metadata using keyword-based filters.
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— KG Population: rule-based methods were employed to extract fea-
tures from both the tweet text and metadata, and populate the graph
according to a custom ontology.

— KG Validation: SHACL shapes were applied to check that the pop-
ulated graph conformed to the ontology.

e Narrative Retrieval

— Graph Querying: SPARQL queries were used to extract relevant
content associated with a given use case.

— Transformation: Instead of textual storytelling, outputs were tabu-
lar data listing the instantiated patterns.

Domain-Specific Research Challenges and Contributions. The main chal-
lenge was designing an ontology expressive enough to capture rhetorical and
social aspects of discourse. In contrast to historical data, the input was rela-
tively easy to gather, but required careful modeling to ensure it could answer
nuanced questions. The solution involved the design and release of an ontol-
ogy and a KG. The result is a more personal and temporal narrative memory,
reflecting a dynamic, ongoing and sometimes contradicting conversation rather
than static historical facts.

Social sciences (Domain-specific narratives, Chapter 6)

Example. “Cooperation is significantly higher when the individual differ-
ence level is low compared to when it is high.” Here, individuals participate in
public goods games, and the goal is to compare how cooperation levels vary
across groups with different internal compositions. The individual difference
level refers to variations between individuals in traits, behaviors, or responses
such as personality or beliefs that can influence how they perceive, interpret, or
act in a given context [359]. In the example, groups with lower variability, i.e.,
more similar individuals, are hypothesized to exhibit higher cooperation, po-
tentially due to aligned expectations or strategies. In our use case, a hypothesis
is formally expressed through ontological constraints, and tested by analyzing
aggregated outcomes from multiple experimental studies.

Context and Data. This use case focuses on meta-analytic data from the
social sciences, particularly studies on cooperation games across different cul-
tural contexts. The data originates from a curated, structured KG built with
the help of domain experts. The data represents a domain-specific memory,
emphasizing formal, explicit relationships and variables. This use case seeks
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to understand how group-level features impact cooperation, through hypothe-
ses collectively built but rarely formalized. Inspired by clinical narratives that
investigate the outcome of treatments effects through clinical trials [310], it
attempts to bring structure to theory-driven social data.

Narrative Function. The task is hypothesis generation, i.e. producing hy-
potheses that reflect underlying patterns in social behavior and are aligned with
expert reasoning. Unlike historical or social media narratives, these are tem-
plated, scientific narratives that aim to advance theoretical understanding.

Applying the Approach

* KG Representation: in close collaboration with domain experts, the ele-
ments were identified and based on theoretical constructs (e.g., cultural
traits, game outcomes).

¢ KG Construction

— Content Retrieval: structured datasets were accessed using SPARQL
queries, focusing on relevant studies and variables.

— KG Population: a graph was constructed using rules and including
blank nodes to represent hypotheses.

— KG Validation: discussions with experts ensured that both the KG
structure and its content were semantically coherent.

e Narrative Retrieval

— Graph Querying: machine learning, link prediction and LL.M tech-
niques were combined to explore plausible links and patterns in the
graph.

— Transformation: hypotheses were generated as templated textual
statements.

Domain-Specific Research Challenges and Contributions. The main chal-
lenge was ensuring that generated hypotheses were meaningful and useful to
experts. The solution involved ontological constraints and expert feedback
throughout the process. The resulting hypotheses help researchers think
through possibilities, build new theories, and synthesize knowledge in a struc-
tured way.
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These three use cases demonstrate that the approach can be instantiated
across diverse domains, each involving different data types and narrative func-
tions. These use cases contribute to answering the research questions in the
next section.

7.2 Answering the Research Questions

We here elaborate on our results as we answer the main research questions of
this thesis.

Research Question 1 (Representation): How to represent narrative-like struc-
tures as knowledge graphs?

Narrative-like structures can be represented as knowledge graphs by iden-
tifying key requirements such as events, agents, and their relationships, and by
selecting or designing ontological models that support narrative coherence and
structure (Chapter 2). While individual components are relatively straightfor-
ward to formalize, representing their interconnections is more challenging and
requires more careful ontological design. To address this, we propose practi-
cal guidelines for choosing suitable structured formats (Chapter 2). We then
apply them across three use cases in this thesis (“KG Representation” outlined
in Section 7.1): modeling historical narratives (Chapters 3 and 4), analyzing
social media discourse (Chapter 5), and supporting hypothesis generation in
the social sciences (Chapter 6).

Research Question 2 (Construction): How can event-centric KGs be con-
structed from heterogeneous data sources across domains?

KGs can be constructed through a two-step process: targeted content re-
trieval (“Content Retrieval” from 7.1) followed by rule-based graph construc-
tion (“KG Population” and “KG Validation” from 7.1). Each use case applied
domain-specific strategies to identify and select relevant data (Chapters 3, 5
and 6). Graphs were then built using rule-based methods adapted to the struc-
ture and semantics of each domain. Across all cases, this modular approach
proved effective for creating event-centric KGs from diverse and heteroge-
neous sources (Chapters 3, 4, 5, and 6).

Research Question 3 (Evaluation): How effective are structured narrative
representations for supporting reasoning tasks, such as question answering or
hypothesis generation?
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Structured narrative representations can effectively support both automated
and human-centered reasoning tasks, drawing on the retrieval approaches dis-
cussed in Section 7.1 (“Narrative Retrieval”’), and more specifically in the his-
torical and social science domains.

Intrinsic (quantitative) evaluations use task-specific metrics across the use
cases. ChronoGrapher, based on structured representations, outperforms base-
lines in retrieving sub-event subgraphs, also performing well on generating
KGs (Chapter 3). Encoding narrative properties and sub-events generally en-
hances link prediction, though modeling roles may reduce performance; reifi-
cation yields the best results, likely due to contextual modeling (Chapter 4).
For hypothesis generation and despite overall modest results, rule-based meth-
ods outperform embeddings, and large language models sometimes produce
hypotheses too closely aligned with domain literature (Chapter 6).

Extrinsic (qualitative) evaluations through user studies show that prompts
enriched with event-centric KG triples improve factual accuracy in question
answering without compromising succinctness (Chapter 3). Furthermore, Al-
generated hypotheses enhance idea diversity and often rank among the top
options for further exploration, supporting effective human-Al collaboration
despite not consistently outperforming human-generated hypotheses (Chap-
ter 6).

7.3 Outlook

This thesis has introduced methods for constructing and applying structured
narrative representations across diverse domains. Building on this foundation,
several avenues for future research emerge.

A central direction is the development of human-centered digital assistants
that support narrative reasoning in everyday tasks. While KGs offer trans-
parency and structure, they are often too complex for direct human use. Future
systems should decouple backend representation from user-facing interaction,
using for instance natural language, visualizations, or embeddings to surface
relevant information in accessible ways. Methods such as retrieval-augmented
generation and learned graph representations could bridge symbolic structure
with flexible downstream use, as we start to do in Chapter 4.

Developing higher-level, interoperable narrative ontologies remains a key
challenge. Addressing this would enable more unified and reusable represen-
tations across domains and syntactic formats, thus supporting more systematic
evaluation of narrative structure and semantics. This speaks directly to the
broader issue of how narratives should be represented, the focus of our first
research question.

137



To scale and generalize narrative modeling, improving the automation of
KG construction is essential, a core concern of our second research question.
Current pipelines still rely heavily on ontology-aware design and manual tun-
ing. Future work should explore more adaptive, ontology-informed models
capable of generalizing across schemas and domains.

In domain-specific applications like the historical domain, social media
discourse or the social sciences, structured representations should support col-
laborative hypothesis generation, explanation and refinement, integrating user
goals, feedback, and contextual awareness. This also calls for improved eval-
uation methods, as a follow-up of our third research question. Future systems
must go beyond generating outputs to actively supporting human reasoning
through explainability and alignment with users’ expectations.

Ultimately, structured narrative Al should embody more than technical ac-
curacy: it must be transparent, goal-aware, and communicative. This calls for
a shift toward systems that not only represent knowledge but also interact with
users in interpretable and human-centered ways.

kskok

This thesis explored how structured knowledge can support narrative un-
derstanding, not only by storing information, but by enabling systems to ex-
plain, contextualize, and hypothesize. While much work remains, the methods
presented here mark a step towards Al systems that engage more meaning-
fully with human reasoning, enabling narrative-aware tools to assist users in
answering questions and analyzing complex phenomena.
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Appendix

A.1 Automated Hypothesis Generation

A.1.1 Classification Task

Table A.1: Search space for the hyperparameter optimisation for TransE [38], Dist-
Mult [370], ComplEx [330], and R-GCN [291]. The learning include the following
values: [0.001,0.002,0.005,0.01,0.02,0.05,0.1]. The left part describes the parame-
ters for the random search with 500 parameters. After filtering, the right part describes
the parameters for the final search with 378 parameters. The model we used was Dist-
Mult for this final search. Dim.: embedding dimension; Ir: learning rate; # of negs:
number of negatives; # of epochs: number of epochs.

Phase | 1 | 2

Hyperparam. ‘ min max step ‘ min max step

Dim. 16 512 16 192 512 16
Ir 0.001 0.1 log | 0.001 0.001 -

# of negs 1 100 10 1 60 10
# of epochs 100 500 100 | 300 500 100

Embeddings. Table A.1 details the parameters explored during the phases:
(1) Random search across a set of 500 parameters. (2) Full search on a subset
of these parameters. Following the random search, we observed a significant
negative correlation between the learning rate and the Mean Reciprocal Rank
(MRR) score (corr = —0.20, pval = 6.46 x 107°). Table A.2 displays the op-
timal values identified for each model during the random search, highlighting
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that DistMult achieved the highest scores. Further investigation into results
with a learning rate of 0.001 and DistMult as the model revealed that metrics
improved slightly with larger embedding dimensions, fewer negative samples,
and more epochs. These insights guided the parameters selected for the sub-
sequent full search (2). After conducting the remaining 378 experiments, we
found a strong negative correlation between the number of negative samples
and the MRR score (corr = —0.48, pval = 3.11 x 10723). Specifically, experi-
ments with 1 negative sample showed a significant positive correlation between
the number of epochs and the MRR score (corr = —0.56, pval = 2.0 x 1079).
No significant differences were found in embedding dimensions, thus we re-
tained the dimension (336) that yielded the best score.

Table A.2: Optimal values identified for the random search.

Hyperparam. ‘TransE [38] DistMult [370] ComplEx [330] R-GCN [291]

# configs \ 131 111 133 135
Embedding dim. 16 416 32 80
Learning rate 0.02 0.001 0.02 0.005
# of negatives 90 1 30 100
# of epochs 300 500 400 500
Hits@1 0.0957 0.215 0.0800 0.146
Hits@3 0.186 0.391 0.131 0.296
Hits@10 0.289 0.501 0.195 0.489
MRR 0.167 0.320 0.122 0.259

Model. Table A.3 shows the optimal parameters we searched for the model:
we trained the model on the training set and evaluated it on the validation set.
Table A.4 shows the best parameters for each hypothesis type.

Table A.3: Hyperparameter search for the classification.

Parameter ‘ Values
criterion [gini, entropy]
splitter [best, random|
max_depth [None, 5,15,20]
min_samples_split [2,5,10]
min_samples_leaf [1,2,4]
max_features [None, sqrt,log2,0.5,0.7]
max_leaf _nodes [None, 10,30]
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Table A.4: Best parameters for the classification task, with a train/val/test split of
0.8/0.1/0.1.

Hypothesis \Regular Study-Mod | Var-Mod

Best Parameters ‘

criterion gini entropy gini
splitter random random random
max_depth 20 15 5
min_samples_split 5 10 2
min_samples_leaf 2 2 2
max_features sqrt None 0.5
max_leaf _nodes None None None

Complex Models. We compared the performance of the simple decision tree
classifier with more complex classification models. For each model we com-
pared different hyperparameters. Table A.5 shows the best accuracy on the
validation set for each model, along with the corresponding accuracy on the
train set and the number of experiments run. Given the similarity of results
compared to the decision tree, we opted for simplicity and kept the decision
tree classifier.

Table A.5: Mean ranks and scores for all hypotheses. A higher score is better, a lower
rank is better. Bold: best metric, underlined: best second metric.

Model type Model reg study-mod var-mod
#exp. Train Val. |#exp. Train Val. |#exp. Train Val
Tree DecisionTree | - 079 0.78| - 080 080 - 074 0.70
NN MLP | 96 077 0.74] 196 080 080| 96 0.73 0.67
Neighbors KNeighbors | 72 079 072 72 081 0.75| 72 071 0.77
Linear Ridge - - - | 19 077 078] - -
Linear SGDC 96 077 0.76| 96 0.77 0.78| 96 0.74 0.72
Ensemble AdaBoost 9 075 076] 9 077 078 9 074 0.70
Ensemble Bagging 100 0.79 0.78| 100 0.81 0.78| 100 0.76 0.74

Ensemble GradientBoosting| 100 0.79 0.78| 100 0.80 0.80| 100 0.61 0.70
Ensemble Random Forest 100 0.77 0.78| 100 0.81 0.80| 100 0.73 0.70

A.1.2 Link Prediction Task

Symbolic method (AnyBURL). Figure A.1 shows the distribution of the
support scores of the rules learned by AnyBURL. The figure on the left shows
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the percentage distribution ; for the three types of hypothesis, the majority
of the support scores are below 0.1. The figure on the right shows the count
distribution having removed the scores below 0.1.
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Figure A.1: Distributions of support scores of rules learned by AnyBURL. Left: per-
centage distribution; right: count distributes for rules whose support score is above
0.1 for more clarity. Blue: reg, red: study-mod, yellow: var-mod.

Figure A.2 illustrates the distribution of support scores for rules, catego-
rized by the different antecedents on the x-axis. The scores are mostly be-
tween 0.2 and 0.4, and the rules with cp:mod as antecedents are the ones
with the lowest support scores. Figure A.3 shows the top 3 rules learned for
each type of hypothesis. All these rules are of length 1. For instance, the
top rule with a score of 0.85 for the var-mod rule states that studies with
id:uncertaintylevel/high as the second sivv has a positiveEffectOn
contributions.

1 . . . 1

0

rdfs:subPropertyOf  cpisivv2 cpisivvl cp:mod cp:mod2 cpimod1, cpisivv2  rdfs:subPropertyOf  cpisivvl cp:mod cp:mod2 cpimod1,

Figure A.2: Boxplot of scores for antecedents in rules. Left: positive effect, right:
negative effect. Blue: reg, red: study-mod, yellow: var-mod.
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Top 3 Rules Learned for the reg hypothesis

cp:hasPositiveEffectOn(X, cooperation)

<= cp:sivv2(
X,id:intergroupcomp/intergroup_prisoner’s_dilemma) (1.0)
cp:hasPositiveEffectOn(X, cooperation)

<= cp:sivv2(
X,id:motivationalorientation/competitive) (0.85)
cp:hasNegativeEffectOn(X,contributions)

<= cp:sivvl(X,id:uncertaintytarget/threshold) (0.83)

Top 3 Rules Learned for the study-mod hypothesis

cp:hasNegativeEffectOn (X, cooperation)

<= rdfs:subProperty0f (
X,cp:continuationProbabilityLevel) (1.0)
cp:hasPositiveEffectOn (X, contributions)

<= cp:sivvl(X,id:religiouslevel/high) (1.0)
cp:hasNegativeEffectOn (X, cooperation)

<= cp:sivv2(X,id:emotion/happiness) (1.0)

Top 3 Rules Learned for the var-mod hypothesis

cp:hasPositiveEffectOn (X, contributions)

<= cp:sivv2(X,id:uncertaintylevel/high) (0.85)
cp:hasPositiveEffectOn(X, cooperation)

<= cp:sivv2(X,id:decisionmaker/group) (0.78)
cp:hasPositiveEffectOn(X,cooperation)

<= cp:sivvl(X,id:decisionmaker/individual) (0.78)

Figure A.3: Top 3 Rules Learned for the Three Types of Hypotheses.
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Table A.6: Optimal values identified for the random search for the link prediction
method. T: TransE [38], D: DistMult [370], C: ComplEx [330], R: R-GCN [291].

reg study-mod var-mod
Hyperparam. T D C R [T D C R | T D C R
# configs 4 9 9 8 | 14 9 9 8 | 14 9 9 8
Embedding Dim. | 272 192 432 512 | 432 496 32 160 | 432 496 32 304
Learning rate 002 01 01 001| 00 001 001 00| 00 001 001 002
# of negatives 0 1 80 20 | 80 10 40 100 | 80 10 40 70
# of epochs 100 200 200 200 | 300 500 300 300 | 300 500 300 500
Hits @1 00 00 00 00|00 00 00 004|00 00 00 00
Hits@3 001 00 00 00 [001 00 00 011 ]002 00 001 002
Hits@10 001 00 001 00 [003 00 001 016|005 002 003 002
MRR 001 00 001 00 |00l 00 00 008002 00 001 001

Sub-symbolic methods. Table A.6 shows the results of the best parameters
for each model and hypothesis type on the validation set. Given the very low
results on these models and despite the parameter optimisation, we decided
to discard the models, especially since their symbolic counterpart performed
much better.

A.1.3 LLM Task

Figure A4, A.5 and A.6 shows examples of prompts we used for the reg,
study-mod and var-mod hypotheses respectively. The only difference is in
the data format and the template hypothesis.

A.1.4 User Studies

Figure A.7 shows the distribution of users across sivs and moderators, distin-
guished by the type of hypothesis. There is more overlap for the common sivs
and moderators used across users for the generated hypotheses, which shows
that there would be a higher consensus for the interesting siv to explore for a
hypothesis. Figure A.8 shows the distribution of the hypotheses’ score across
the type of hypothesis and models.
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Prompt:

You will be given data in .csv format, where each line can be read as a hy-
pothesis on how humans cooperate. The csv has the following columns: ‘de-
pendent’, ‘giv_prop°, ‘iv‘, ‘iv_label’, ‘cat_tl‘, ‘cat_tl_label’, ‘cat _t2‘ and
‘cat_t2_label".

Each line in the data can be templated as a hypothesis as follows: "Coop-
eration is significantly ‘comparative‘ when ‘iv_label* is ‘cat_tl_label‘ com-
pared to when ‘iv_label* is ‘cat_t2_label.". ‘iv_label‘, ‘cat_tl_label‘ and
‘cat_t2_label‘ comes from the data ; ‘comparative must be added and can
only take the values ‘higher‘ or ‘lower".

Given the data, you must extract the subset of 5 rows that represent the most
coherent hypotheses, ranked from the most coherent one. If there are less than
5 rows, you can re-order them by order of coherence. On top of the existing
columns, you must add another one, ‘comparative‘ that can take the values
‘higher* or ‘lower".

The output must be in csv format.

Figure A.4: Prompt used for the reg hypothesis.

Prompt:

You will be given data in .csv format, where each line can be read as a
hypothesis on how humans cooperate. The csv has the following columns:
‘dependent‘, ‘giv_prop‘, ‘iv‘, ‘iv_label’, ‘cat_tl‘, ‘cat_tl_label‘, ‘cat_t2°,
‘cat_t2_label’, ‘mod’, ‘mod_label‘, ‘mod_val‘ and ‘mod_val_label".

Each line in the data can be templated as a hypothesis as follows: "When com-
paring studies where ‘iv_label‘ is ‘cat_tl_label‘ and studies where ‘iv_label
is ‘cat_t2_label", cooperation is significantly ‘comparative ‘ when ‘mod_label
is ‘mod_val_label* compared to when ‘mod_label‘ has another value.".
‘w_label’, ‘cat_tl_label’, ‘cat_t2_label‘, ‘mod_label‘, and ‘mod_val_label’
comes from the data ; ‘comparative‘ must be added and can only take the val-
ues ‘higher or ‘lower".

Given the data, you must extract the subset of 5 rows that represent the most
coherent hypotheses, ranked from the most coherent one. If there are less than
5 rows, you can re-order them by order of coherence. On top of the existing
columns, you must add another one, ‘comparative‘ that can take the values
‘higher* or ‘lower".

The output must be in csv format.

Figure A.5: Prompt used for the study-mod hypothesis.
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Prompt:

You will be given data in .csv format, where each line can be read as a
hypothesis on how humans cooperate. The csv has the following columns:
‘dependent‘, ‘giv_prop‘, ‘iv‘, ‘iv_label‘, ‘cat_tl‘, ‘cat_tl_label‘, ‘cat_t2°
‘cat_t2_label‘, ‘mod‘, ‘mod_label‘, ‘mod_tl‘, ‘mod _tl label‘, ‘mod_t2‘ and
‘mod_t2_label".

Each line in the data can be templated as a hypothesis as follows: "When
comparing studies where ‘iv_label‘ is ‘cat_tl_label* and studies where
‘v_label " is ‘cat_t2_label‘, cooperation from studies involving ‘mod_tl_label
as ‘mod_label‘ is significantly ‘comparative ‘ than cooperation from studies in-
volving based on ‘mod_t2_label‘ as ‘mod_label".". ‘iv_label‘, ‘cat_tl_label",
‘cat_t2_label‘, ‘mod_label‘, ‘mod_tl_label‘, and ‘mod_t2_label‘ comes from
the data ; ‘comparative‘ must be added and can only take the values ‘higher*
or ‘lower".

Given the data, you must extract the subset of 5 rows that represent the most
coherent hypotheses, ranked from the most coherent one. If there are less than
5 rows, you can re-order them by order of coherence. On top of the existing
columns, you must add another one, ‘comparative‘ that can take the values
‘higher* or ‘lower".

The output must be in csv format.

Figure A.6: Prompt used for the var-mod hypothesis.

1 2 3 4 5 1 2 3 4 5

Figure A.7: Distribution of users across type of hypothesis and sivs (left), and across
type of hypothesis and mods (right). Blue: reg, red: study-mod, yellow: var-mod.
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Figure A.8: Distribution of hypotheses’ score across type of hypothesis and models.
Blue: human, green: AnyBURL, red: classification, yellow: LLM.
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Summary

Narratives help humans make sense of experience, explain events, and estab-
lish shared understanding. Implementing such capabilities in Al can make
systems more human-centric and aligned with how people reason, communi-
cate, and explain. Beyond textual storytelling, narratives support a broad range
of cognitive functions such as question answering, hypothesis generation, and
discourse analysis, by linking new observations to background knowledge.

While large language models have demonstrated remarkable proficiency in
generating fluent text, they face limitations such as hallucinations or verifiabil-
ity. Knowledge-based approaches, particularly knowledge graphs, offer inter-
pretability and structured reasoning. This thesis combines the strengths of both
traditions to support narrative construction across heterogeneous domains, in-
vestigating how knowledge graphs enable narrative-like functions such as ex-
planation, hypothesis generation, and discourse analysis.

Towards representing narrative-like structures as knowledge graphs, we
first define narrative requirements and review ontological models for computa-
tional implementation. Practical guidelines are proposed for choosing suitable
structured formats, which we apply to three use cases: historical explanation,
analysis of social media discourse on inequality, generation of hypotheses in
the field of social science. Despite differences in data formats and domain
assumptions, these cases share a unified high-level approach.

We split the construction of narrative-centric knowledge graphs into re-
trieving relevant content and transforming it into a knowledge graph. We intro-
duce a semantically guided retrieval method for identifying event-relevant sub-
graphs and apply domain-adapted strategies to build knowledge graphs across
the three use cases.
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Summary

We evaluate the effectiveness of structured narrative representations through
quantitative and qualitative methods. In the historical domain, semantically
guided retrieval improves content relevance, while overly complex narrative
elements can hinder performance. Prompts enriched with event-centric knowl-
edge graph improve factual accuracy in question answering without compro-
mising succinctness. In the social science domain, Al-generated hypotheses,
though not always surpassing human-generated ones, provide diverse options
that complement and enhance the hypothesis generation process.

Our findings show that structured narrative representations can support
both automated and human-centered reasoning tasks. The three use cases
demonstrate broad applicability and adaptability across different domains. The
methods presented here advance Al systems that engage more meaningfully
with human reasoning, enabling narrative-aware tools to assist in answering
questions and analyzing complex phenomena.

182



1.1

2.1

2.2

23

3.1
32

33

34

List of Figures

Overview of the proposed approach. . . . . .. .. ... ...

Process used to retrieve papers for our comparison. For the
snowballing, we looked at paper references from the first iter-
atioN. . . . . . . e e e
The connections between the various event-centric ontologies
(1). The ones coloured in blue (from 1a) are the ones we kept
for our comparison: EO [272], DUL [124], DOLCE [123],
CIDOCCRM [94] and EC [192]. . . . . . . . ... ... ...
The 5-star system to evaluate ontologies from [172].. . . . . .

Example of an event-centric KG on the Coup of 18 Brumaire.
Overview of the diverse tasks we tackle to answer our research
questions. The example on the bottom is with the French Rev-
olution as starting node and DBpedia as the KG. ChronoG-
rapher integrates both a subgraph extraction step through a
pruned, semantically informed best-first search traversal, and
a KG construction step through a structured triple enrichment
method and a text-based triple enrichment method. . . . . . .
Description of one iteration during the informed graph traver-
sal. The type of ranking is predicate-object frequency. The
WHERE, WHAT and WHEN filters are activated. . . . . . . .
Populating a SEM KG from the Coup of 18 Brumaire in Wiki-

183



List of Figures

3.5 Example of frames extracted from text about the Coup of 18
Brumaire. The KG contains both literals (in grey) and linked
KG entities. For instance, the French Revolution appears as a
literal, directly tied to its sentence and serving as the value of
role ex:E1, while the linked DBpedia entity is associated to
ex:Elviaskos:related. . . . ... ... ... .......
3.6 Comparison between EventKG and the output of ChronoGra-
pher withtwoevents. . . . . . ... ... ... ........

4.1 Examples of existing syntactic representations. . . . . . . . .
4.2 Example KG construction for the 2006 WC Finale using the
configuration n = (0,1,0,1,1) and rdf-star syntax. . . . . . .

5.1 The Observatory Integrated Ontology. . . . . ... ... ...
5.2 Framester integration. . . . . . . . . ... ... L.

6.1 Human-centric process to generate meta-reviews from formu-
lated hypotheses. SA: semi-automated ; M: manual ; A: auto-

6.2 One example of ontological constraints for the hypotheses.
Only nodes of the same color that are instances of the same
sivcanbecompared. . . . . ... ... ... ...

6.3 Presentation of the three templated hypotheses, where the pairs
to be compared must be sivvs of the same siv, and study mod-
erators are characteristics of study taken from CoDa. The
(:Studyl, cdp:ES, :positive) indicates that cooperation
is higher (:negative would be lower cooperation). . . . . .

6.4 Grouped feature importance (y-axis) per variable (x-axis). reg
has the first six variables, var-mod the first 8 and study-mod
the first six and the last two. Blue: reg, red: study-mod,
yellow: var-mod. . . . . . ... ... ... ... ... ...,

6.5 Left: distribution of accuracy scores. Right: scatter plot of
accuracy scores along with the number of observations (ev-
idence) supporting the score. Blue: reg, red: study-mod,
yellow: var-mod. . . . . . . .. ...

6.6 Distribution of hypotheses’ mean rank across type of hypothe-
sis and models. Blue: human, green: AnyBURL, red: classifi-
cation, yellow: LLM. A lower rank is better. . . . . . ... ..

71

127

184



List of Figures

Al

A2

A3
A4
AS
A.6
AT

A8

Distributions of support scores of rules learned by AnyBURL.
Left: percentage distribution; right: count distributes for rules
whose support score is above 0.1 for more clarity. Blue: reg,
red: study-mod, yellow: var-mod. . . . . . . ... ... ...
Boxplot of scores for antecedents in rules. Left: positive effect,
right: negative effect. Blue: reg, red: study-mod, yellow:
var-mod. . ... ...
Top 3 Rules Learned for the Three Types of Hypotheses.
Prompt used for the reg hypothesis. . . . . . ... ... ...
Prompt used for the study-mod hypothesis. . . . .. ... ..
Prompt used for the var-mod hypothesis. . . . . ... .. ..
Distribution of users across type of hypothesis and sivs (left),
and across type of hypothesis and mods (right). Blue: reg,
red: study-mod, yellow: var-mod. . . . . . .. ... ... ..
Distribution of hypotheses’ score across type of hypothesis and
models. Blue: human, green: AnyBURL, red: classification,
yellow: LLM. . . . .. .. L

185



List of Figures

186



1.1

2.1
2.2

23

24

25

2.6

2.7

2.8

List of Tables

Summary of use case characteristics. . . . . . ... ... ... 6

Interview Descriptions. #: number of people interviewed. . . . 14
Mapping of narrative requirements to the interviews and their
required KG representations. For a requirement r and inter-
view /;, a v'indicates that ¢ was identified as a requirement in
I;. For arequirement r and a representation r, a v'indicates that

¢ can be represented with r. Req: Requirements. . . . . . . . . 18
Mapping of KG/Query/Rules representations to KR formalisms.

NG: Named Graph, LPG: Labelled Property Graph. . . . . . . 19
Resource Paper Description. . . . . . . ... ... ...... 20

Ontology Paper Description. Extended from specifies the orig-
inal ontology, if applicable, from which the listed Ontologies
werederived. . . . . ... oL Lo 21
Provenance description of papers from the systematic review.
N: Narrative, E: Event-centric. For K-CAP/N (useful), 5 papers
were notaccessible. . . . . ... ... L 22
Coverage of narrative requirements for narrative and event-
centric ontologies. A v'indicates that requirement r can be
represented in ontology o. Stars show the 5-star ranking from
Section 2.3.3. E: event-centric, N: narrative-centric. Ontolo-
gies marked with * are unofficial designations used for clarity.

187



List of Tables

3.1

3.2
33

34
35

3.6

3.7

3.8
3.9

3.10
3.11

3.12
3.13

3.14
3.15

3.16

Overview of entity relatedness systems. “-” indicates that the
component is absent in the system. . . . . . . . .. ... ...
Useful definitions for the subgraph extraction task. . . . . . .
Triples considered for the scoring example. Only unvisited
nodes are taken into account. . . . . . ... ... L.
Labels used to retrieve information from KG triples. . . . . . .
Statistics on events and their sub-events across datasets, ex-
tracted from EventKG. Each cell shows, per dataset, the num-
ber of events with at least one sub-event, broken down by the
total number of sub-events: exactly one (=1), more than one
(>1), and more than ten (>10). The "Retained" column indi-
cates the subset of historical events with more than ten sub-
events that were retained for our experiments. . . . . . . . . .
For each dataset, the left block reports how many events con-
tain more than 10, 20, 30, 50, or 100 sub-events, and the right
block reports the average number of features of with those
events for the same thresholds. Except for YAGO4, events
with more sub-events have more features on average. . . . . .
Instantiated variables used for each of the filters and the pref-
erence function. DB: DBpedia, WD: Wikidata. . . . ... ..
Events used for parameter selection. . . . ... ... .....
Mean F; score for individual parameters. no filter and all
means that all parameters are set to 0 and 1 respectively. pf,
pof, epf, epof, ipf and ipf are the six possible scoring metrics
(Section3.4.1). . . . . . . ...
Results comparison of various systems. . . . .. ... .. ..
Systems results on the 604 events. DB: DBpedia, WD: Wiki-
data. . . ...
Our event-centric KGs against EventKG. DB: DBpedia, WD:
Wikidata. . . .. ... L L
Metrics of generated narrative graphs compared to EventKG. .
Event-centric templated question examples. . . . .. ... ..
Context triples retrieval for DBpedia and the event-centric KGs
built by ChronoGrapher. Context triples are retrieved through
CONSTRUCT queries or equivalent implementation using the
HDT dataformat. . . . . . ... ... ... ... .......
Qualitative evaluation metrics used in the user study. Ground-
ing was assessed byusonly. . . ... ... ... ... ...,

60

188



List of Tables

3.17 Average scores for metrics on the human evaluation. The most
important metric is groundedness, as it assesses the faithful-
nessof theanswers. . . . . . ... ... ... ... .

4.1 Comparison of KG Syntax Constructs. t: triples, e: entities,
and p: properties. bn include two additional blank nodes. . . .
4.2 Overview of methods handling complex semantics: transla-
tional, tensor, NN, hyperbolic, transformer, walk, VAE, and
GloVe+CNN. HR: hyper-relational, HG: hypergraph. . . . . .
4.3 Statement counts per semantic layers and syntax. Left columns
indicate semantic layers, right-hand cells show statement counts
for datasets defined by the combination of those semantic lay-
ers and the column’s syntax. . . . . ... ... ... .....
4.4 Hyperparameters used for the three embedding methods: UL-
TRA [121], SimKGC [346] and ILP [6]. Ir: learning rate, bs:
batch size, bpes: batches perepoch. . . . .. ... ... ...
4.5 Best metrics for each dataset run with ULTRA. Left columns
(p: prop, s: subevent, r: role, c: causation) indicate
the semantic layers present. Each row reports the best perfor-
mance for that dataset across all syntax variants. The § metrics
show the difference compared to the firstrow. . . . . ... ..
4.6 Best metrics for each dataset run with SImKGC. Left columns
(p: prop, s: subevent, r: role, c: causation) indicate
the semantic layers present. Each row reports the best perfor-
mance for that dataset across all syntax variants. The  metrics
show the difference compared to the firstrow. . . . . . .. ..
4.7 Best metrics for each dataset run with ILP. Left columns (p:
prop, s: subevent, r: role, c: causation) indicate the se-
mantic layers present. Each row reports the best performance
for that dataset for the rdf-star syntax. . . . . .. ... .. ..
4.8 MRRT metrics comparison across the three methods. Left
columns (p: prop, s: subevent, r: role, c: causation)
indicate the semantic layers present, right-hand cells show the
best metric foreachmethod. . . . . . .. ... ... .....
4.9 Averaged metrics for the different syntaxes. . . . .. .. ...

5.1 Sentences from tweets on inequality. . . . . . . ... ... ..

5.2 KGClass Distributions. . . . . ... ... ... ... ... ..

5.3 Top 10 entities in tweets, grouped per label. Freq. corresponds
to the frequency of occurrence, and Perc. refers to the percent-
age of occurrence compared to the total number of tweets.

83

90

91

107

189



List of Tables

5.4 Top 5 pair of entities co-occurring in tweets, grouped per sen-
timent label. Freq. corresponds to the frequency of occurence.
5.5 Top 10 PropBank rolesets from tweets, grouped per sentiment
label. Freq.:frequency. . . . .. ... ... ... .......
5.6 Top 10 entities included in PropBank rolesets. Freq.: fre-
quency, Neg./Neut./Pos.: negative/neutral/positive. . . . . . .
5.7 Most frequent relationships between rolesets. . . . . . . . ..

6.1 Definition of terms used by social scientists in their work. Abbr.:

abbreviation. . . . . ... ..o
6.2 Results on the classification task, with a train/val/test split of
0.8/0.1/0.1. Val.: validation. . . .. ... ... ... .....
6.3 Results for the link prediction task, with a train/val/test split of
0.8/0.1/0.1. Hits@k: proportion of times the correct answer is
within the top k predictions; MRR (Mean Reciprocal Rank):
mean of the inverse of the correct answers’ ranks. There are
7,252 triples from the ontology derived from it to describe the
blank nodes (only included in the training data). E-1, E-3:
Effectrulesof length land3.. . . . . . .. ... ... ....
6.4 Mean ranks and scores for all hypotheses. A higher score is
better, a lower rank is better. Bold: best metric, underlined:
best second metric. . . . . .. ...

A.1 Search space for the hyperparameters for TransE [38], Dist-
Mult [370], ComplEx [330], and R-GCN [291]. The learning
rates include the following values (see caption). The left part
(phase 1) describes the parameters for the random search with
500 parameters. After filtering, the right part (phase 2) de-
scribes the parameters for the final search with 378 parameters.
The model we used was DistMult for this final search. Dim.:
embedding dimension; Ir: learning rate; # of negs: number of
negatives; # of epochs: number of epochs. . . . . . .. .. ..

A.2  Optimal values identified for the random search. . . . . . . . .

A.3 Hyperparameter search for the classification. . . . . . ... ..

A.4 Best parameters for the classification task, with a train/val/test
splitof 0.8/0.1/0.1. . . . . . . ... ...

A.5 Mean ranks and scores for all hypotheses. A higher score is
better, a lower rank is better. Bold: best metric, underlined:
best second metric. . . . ... ..o

190



List of Tables

A.6 Optimal values identified for the random search for the link
prediction method. T: TransE [38], D: DistMult [370], C:
ComplEx [330], R: R-GCN [291]. . . ... ... ... .... 144

191



List of Tables

192



2016 01

02

03

04
05

06

07

08

09

10

11
12

13

SIKS Dissertatiereeks

Syed Saiden Abbas (RUN), Recognition of Shapes by Humans and
Machines

Michiel Christiaan Meulendijk (UU), Optimizing medication re-
views through decision support: prescribing a better pill to swallow
Maya Sappelli (RUN), Knowledge Work in Context: User Centered
Knowledge Worker Support

Laurens Rietveld (VUA), Publishing and Consuming Linked Data
Evgeny Sherkhonov (UvA), Expanded Acyclic Queries: Contain-
ment and an Application in Explaining Missing Answers

Michel Wilson (TUD), Robust scheduling in an uncertain environ-
ment

Jeroen de Man (VUA), Measuring and modeling negative emotions
for virtual training

Matje van de Camp (TiU), A Link to the Past: Constructing Histor-
ical Social Networks from Unstructured Data

Archana Nottamkandath (VUA), Trusting Crowdsourced Informa-
tion on Cultural Artefacts

George Karafotias (VUA), Parameter Control for Evolutionary Al-
gorithms

Anne Schuth (UvA), Search Engines that Learn from Their Users
Max Knobbout (UU), Logics for Modelling and Verifying Norma-
tive Multi-Agent Systems

Nana Baah Gyan (VUA), The Web, Speech Technologies and Rural
Development in West Africa - An ICT4D Approach

193



Summary

14 Ravi Khadka (UU), Revisiting Legacy Software System Modern-
ization

15 Steffen Michels (RUN), Hybrid Probabilistic Logics - Theoretical
Aspects, Algorithms and Experiments

16 Guangliang Li (UvA), Socially Intelligent Autonomous Agents that
Learn from Human Reward

17 Berend Weel (VUA), Towards Embodied Evolution of Robot Or-

ganisms

18 Albert Merofio Peiiuela (VUA), Refining Statistical Data on the
Web

19 Julia Efremova (TU/e), Mining Social Structures from Genealogi-
cal Data

20 Daan Odijk (UvA), Context & Semantics in News & Web Search

21 Alejandro Moreno Célleri (UT), From Traditional to Interactive
Playspaces: Automatic Analysis of Player Behavior in the Inter-
active Tag Playground

22 Grace Lewis (VUA), Software Architecture Strategies for Cyber-
Foraging Systems

23 Fei Cai (UvA), Query Auto Completion in Information Retrieval

24 Brend Wanders (UT), Repurposing and Probabilistic Integration of
Data; An Iterative and data model independent approach

25 Julia Kiseleva (TU/e), Using Contextual Information to Understand
Searching and Browsing Behavior

26 Dilhan Thilakarathne (VUA), In or Out of Control: Exploring
Computational Models to Study the Role of Human Awareness and
Control in Behavioural Choices, with Applications in Aviation and
Energy Management Domains

27 Wen Li (TUD), Understanding Geo-spatial Information on Social
Media

28 Mingxin Zhang (TUD), Large-scale Agent-based Social Simula-
tion - A study on epidemic prediction and control

29 Nicolas Honing (TUD), Peak reduction in decentralised electricity
systems - Markets and prices for flexible planning

30 Ruud Mattheij (TiU), The Eyes Have It

31 Mohammad Khelghati (UT), Deep web content monitoring

32 Eelco Vriezekolk (UT), Assessing Telecommunication Service
Availability Risks for Crisis Organisations

33 Peter Bloem (UvA), Single Sample Statistics, exercises in learning
from just one example

194



Summary

34 Dennis Schunselaar (TU/e), Configurable Process Trees: Elicita-
tion, Analysis, and Enactment

35 Zhaochun Ren (UvA), Monitoring Social Media: Summarization,
Classification and Recommendation

36 Daphne Karreman (UT), Beyond R2D2: The design of nonverbal
interaction behavior optimized for robot-specific morphologies

37 Giovanni Sileno (UvA), Aligning Law and Action - a conceptual
and computational inquiry

38 Andrea Minuto (UT), Materials that Matter - Smart Materials meet
Art & Interaction Design

39 Merijn Bruijnes (UT), Believable Suspect Agents; Response and
Interpersonal Style Selection for an Artificial Suspect

40 Christian Detweiler (TUD), Accounting for Values in Design

41 Thomas King (TUD), Governing Governance: A Formal Frame-
work for Analysing Institutional Design and Enactment Gover-
nance

42 Spyros Martzoukos (UvA), Combinatorial and Compositional As-
pects of Bilingual Aligned Corpora

43 Saskia Koldijk (RUN), Context-Aware Support for Stress Self-
Management: From Theory to Practice

44  Thibault Sellam (UvA), Automatic Assistants for Database Explo-
ration

45 Bram van de Laar (UT), Experiencing Brain-Computer Interface
Control

46 Jorge Gallego Perez (UT), Robots to Make you Happy

47 Christina Weber (UL), Real-time foresight - Preparedness for dy-
namic innovation networks

48 Tanja Buttler (TUD), Collecting Lessons Learned

49 Gleb Polevoy (TUD), Participation and Interaction in Projects. A
Game-Theoretic Analysis

50 Yan Wang (TiU), The Bridge of Dreams: Towards a Method for
Operational Performance Alignment in IT-enabled Service Supply
Chains

2017 01 Jan-Jaap Oerlemans (UL), Investigating Cybercrime

02 Sjoerd Timmer (UU), Designing and Understanding Forensic
Bayesian Networks using Argumentation

03 Daniél Harold Telgen (UU), Grid Manufacturing; A Cyber-
Physical Approach with Autonomous Products and Reconfigurable
Manufacturing Machines

04 Mrunal Gawade (CWI), Multi-core Parallelism in a Column-store

195



Summary

05 Mahdieh Shadi (UvA), Collaboration Behavior

06 Damir Vandic (EUR), Intelligent Information Systems for Web
Product Search

07 Roel Bertens (UU), Insight in Information: from Abstract to
Anomaly

08 Rob Konijn (VUA), Detecting Interesting Differences:Data Min-
ing in Health Insurance Data using Outlier Detection and Subgroup
Discovery

09 Dong Nguyen (UT), Text as Social and Cultural Data: A Compu-
tational Perspective on Variation in Text

10 Robby van Delden (UT), (Steering) Interactive Play Behavior

11  Florian Kunneman (RUN), Modelling patterns of time and emotion
in Twitter #anticipointment

12 Sander Leemans (TU/e), Robust Process Mining with Guarantees

13 Gijs Huisman (UT), Social Touch Technology - Extending the
reach of social touch through haptic technology

14 Shoshannah Tekofsky (TiU), You Are Who You Play You Are:
Modelling Player Traits from Video Game Behavior

15 Peter Berck (RUN), Memory-Based Text Correction

16 Aleksandr Chuklin (UvA), Understanding and Modeling Users of
Modern Search Engines

17 Daniel Dimov (UL), Crowdsourced Online Dispute Resolution

18 Ridho Reinanda (UvA), Entity Associations for Search

19 Jeroen Vuurens (UT), Proximity of Terms, Texts and Semantic Vec-
tors in Information Retrieval

20 Mohammadbashir Sedighi (TUD), Fostering Engagement in
Knowledge Sharing: The Role of Perceived Benefits, Costs and
Visibility

21 Jeroen Linssen (UT), Meta Matters in Interactive Storytelling and
Serious Gaming (A Play on Worlds)

22 Sara Magliacane (VUA), Logics for causal inference under uncer-

tainty

23 David Graus (UvA), Entities of Interest — Discovery in Digital
Traces

24 Chang Wang (TUD), Use of Affordances for Efficient Robot Learn-
ing

25 Veruska Zamborlini (VUA), Knowledge Representation for Clini-
cal Guidelines, with applications to Multimorbidity Analysis and
Literature Search

196



Summary

26

27

28

29

30

31

32

33

34

35
36

37

38

39

40

41

42

43
44

45
46
47

Merel Jung (UT), Socially intelligent robots that understand and
respond to human touch

Michiel Joosse (UT), Investigating Positioning and Gaze Behaviors
of Social Robots: People’s Preferences, Perceptions and Behaviors
John Klein (VUA), Architecture Practices for Complex Contexts
Adel Alhuraibi (TiU), From IT-BusinessStrategic Alignment to
Performance: A Moderated Mediation Model of Social Innovation,
and Enterprise Governance of IT"

Wilma Latuny (TiU), The Power of Facial Expressions

Ben Ruijl (UL), Advances in computational methods for QFT cal-
culations

Thaer Samar (RUN), Access to and Retrievability of Content in
Web Archives

Brigit van Loggem (OU), Towards a Design Rationale for Software
Documentation: A Model of Computer-Mediated Activity

Maren Scheffel (OU), The Evaluation Framework for Learning An-
alytics

Martine de Vos (VUA), Interpreting natural science spreadsheets
Yuanhao Guo (UL), Shape Analysis for Phenotype Characterisa-
tion from High-throughput Imaging

Alejandro Montes Garcia (TU/e), WiBAF: A Within Browser
Adaptation Framework that Enables Control over Privacy

Alex Kayal (TUD), Normative Social Applications

Sara Ahmadi (RUN), Exploiting properties of the human auditory
system and compressive sensing methods to increase noise robust-
ness in ASR

Altaf Hussain Abro (VUA), Steer your Mind: Computational Ex-
ploration of Human Control in Relation to Emotions, Desires and
Social Support For applications in human-aware support systems
Adnan Manzoor (VUA), Minding a Healthy Lifestyle: An Explo-
ration of Mental Processes and a Smart Environment to Provide
Support for a Healthy Lifestyle

Elena Sokolova (RUN), Causal discovery from mixed and missing
data with applications on ADHD datasets

Maaike de Boer (RUN), Semantic Mapping in Video Retrieval
Garm Lucassen (UU), Understanding User Stories - Computational
Linguistics in Agile Requirements Engineering

Bas Testerink (UU), Decentralized Runtime Norm Enforcement
Jan Schneider (OU), Sensor-based Learning Support

Jie Yang (TUD), Crowd Knowledge Creation Acceleration

197



Summary

48 Angel Suarez (OU), Collaborative inquiry-based learning

2018 01 Han van der Aa (VUA), Comparing and Aligning Process Repre-

sentations

02 Felix Mannhardt (TU/e), Multi-perspective Process Mining

03 Steven Bosems (UT), Causal Models For Well-Being: Knowledge
Modeling, Model-Driven Development of Context-Aware Applica-
tions, and Behavior Prediction

04 Jordan Janeiro (TUD), Flexible Coordination Support for Diagno-
sis Teams in Data-Centric Engineering Tasks

05 Hugo Huurdeman (UvA), Supporting the Complex Dynamics of
the Information Seeking Process

06 Dan Ionita (UT), Model-Driven Information Security Risk Assess-
ment of Socio-Technical Systems

07 Jieting Luo (UU), A formal account of opportunism in multi-agent
systems

08 Rick Smetsers (RUN), Advances in Model Learning for Software
Systems

09 Xu Xie (TUD), Data Assimilation in Discrete Event Simulations

10 Julienka Mollee (VUA), Moving forward: supporting physical ac-
tivity behavior change through intelligent technology

11 Mahdi Sargolzaei (UvA), Enabling Framework for Service-
oriented Collaborative Networks

12 Xixi Lu (TU/e), Using behavioral context in process mining

13 Seyed Amin Tabatabaei (VUA), Computing a Sustainable Future

14 Bart Joosten (TiU), Detecting Social Signals with Spatiotemporal
Gabor Filters

15 Naser Davarzani (UM), Biomarker discovery in heart failure

16 Jaebok Kim (UT), Automatic recognition of engagement and emo-
tion in a group of children

17 Jianpeng Zhang (TU/e), On Graph Sample Clustering

18 Henriette Nakad (UL), De Notaris en Private Rechtspraak

19 Minh Duc Pham (VUA), Emergent relational schemas for RDF

20 Manxia Liu (RUN), Time and Bayesian Networks

21 Aad Slootmaker (OU), EMERGO: a generic platform for authoring
and playing scenario-based serious games

22 Eric Fernandes de Mello Araidjo (VUA), Contagious: Modeling
the Spread of Behaviours, Perceptions and Emotions in Social Net-
works

23 Kim Schouten (EUR), Semantics-driven Aspect-Based Sentiment
Analysis

198



Summary

24 Jered Vroon (UT), Responsive Social Positioning Behaviour for
Semi-Autonomous Telepresence Robots

25 Riste Gligorov (VUA), Serious Games in Audio-Visual Collections

26 Roelof Anne Jelle de Vries (UT),Theory-Based and Tailor-Made:
Motivational Messages for Behavior Change Technology

27 Maikel Leemans (TU/e), Hierarchical Process Mining for Scalable
Software Analysis

28 Christian Willemse (UT), Social Touch Technologies: How they
feel and how they make you feel

29  Yu Gu (TiU), Emotion Recognition from Mandarin Speech

30 Wouter Beek (VUA), The "K" in "semantic web" stands for
"knowledge": scaling semantics to the web

2019 01 Rob van Eijk (UL),Web privacy measurement in real-time bidding

systems. A graph-based approach to RTB system classification

02 Emmanuelle Beauxis Aussalet (CWI, UU), Statistics and Visual-
izations for Assessing Class Size Uncertainty

03 Eduardo Gonzalez Lopez de Murillas (TU/e), Process Mining on
Databases: Extracting Event Data from Real Life Data Sources

04 Ridho Rahmadi (RUN), Finding stable causal structures from clin-
ical data

05 Sebastiaan van Zelst (TU/e), Process Mining with Streaming Data

06 Chris Dijkshoorn (VUA), Nichesourcing for Improving Access to
Linked Cultural Heritage Datasets

07 Soude Fazeli (TUD), Recommender Systems in Social Learning
Platforms

08 Frits de Nijs (TUD), Resource-constrained Multi-agent Markov
Decision Processes

09 Fahimeh Alizadeh Moghaddam (UvA), Self-adaptation for energy
efficiency in software systems

10 Qing Chuan Ye (EUR), Multi-objective Optimization Methods for
Allocation and Prediction

11 Yue Zhao (TUD), Learning Analytics Technology to Understand
Learner Behavioral Engagement in MOOCs

12 Jacqueline Heinerman (VUA), Better Together

13 Guanliang Chen (TUD), MOOC Analytics: Learner Modeling and
Content Generation

14 Daniel Davis (TUD), Large-Scale Learning Analytics: Modeling

Learner Behavior & Improving Learning Outcomes in Massive
Open Online Courses

199



Summary

15 Erwin Walraven (TUD), Planning under Uncertainty in Con-
strained and Partially Observable Environments

16 Guangming Li (TU/e), Process Mining based on Object-Centric
Behavioral Constraint (OCBC) Models

17 Ali Hurriyetoglu (RUN),Extracting actionable information from
microtexts

18 Gerard Wagenaar (UU), Artefacts in Agile Team Communication

19  Vincent Koeman (TUD), Tools for Developing Cognitive Agents

20 Chide Groenouwe (UU), Fostering technically augmented human
collective intelligence

21 Cong Liu (TU/e), Software Data Analytics: Architectural Model
Discovery and Design Pattern Detection

22 Martin van den Berg (VUA),Improving IT Decisions with Enter-
prise Architecture

23 Qin Liu (TUD), Intelligent Control Systems: Learning, Interpret-
ing, Verification

24 Anca Dumitrache (VUA), Truth in Disagreement - Crowdsourcing
Labeled Data for Natural Language Processing

25 Emiel van Miltenburg (VUA), Pragmatic factors in (automatic) im-
age description

26 Prince Singh (UT), An Integration Platform for Synchromodal
Transport

27 Alessandra Antonaci (OU), The Gamification Design Process ap-
plied to (Massive) Open Online Courses

28 Esther Kuindersma (UL), Cleared for take-off: Game-based learn-
ing to prepare airline pilots for critical situations

29 Daniel Formolo (VUA), Using virtual agents for simulation and
training of social skills in safety-critical circumstances

30 Vahid Yazdanpanah (UT), Multiagent Industrial Symbiosis Sys-
tems

31 Milan Jelisavcic (VUA), Alive and Kicking: Baby Steps in
Robotics

32 Chiara Sironi (UM), Monte-Carlo Tree Search for Artificial Gen-
eral Intelligence in Games

33 Anil Yaman (TU/e), Evolution of Biologically Inspired Learning in
Artificial Neural Networks

34 Negar Ahmadi (TU/e), EEG Microstate and Functional Brain Net-
work Features for Classification of Epilepsy and PNES

35 Lisa Facey-Shaw (OU), Gamification with digital badges in learn-
ing programming

200



Summary

36 Kevin Ackermans (OU), Designing Video-Enhanced Rubrics to
Master Complex Skills

37 Jian Fang (TUD), Database Acceleration on FPGAs

38 Akos Kadar (OU), Learning visually grounded and multilingual
representations

2020 01 Armon Toubman (UL), Calculated Moves: Generating Air Combat

Behaviour

02 Marcos de Paula Bueno (UL), Unraveling Temporal Processes us-
ing Probabilistic Graphical Models

03 Mostafa Deghani (UvA), Learning with Imperfect Supervision for
Language Understanding

04 Maarten van Gompel (RUN), Context as Linguistic Bridges

05 Yulong Pei (TU/e), On local and global structure mining

06 Preethu Rose Anish (UT), Stimulation Architectural Thinking dur-
ing Requirements Elicitation - An Approach and Tool Support

07 Wim van der Vegt (OU), Towards a software architecture for
reusable game components

08 Ali Mirsoleimani (UL),Structured Parallel Programming for Monte
Carlo Tree Search

09 Myriam Traub (UU), Measuring Tool Bias and Improving Data
Quality for Digital Humanities Research

10 Alifah Syamsiyah (TU/e), In-database Preprocessing for Process
Mining

11 Sepideh Mesbah (TUD), Semantic-Enhanced Training Data Aug-
mentationMethods for Long-Tail Entity Recognition Models

12 Ward van Breda (VUA), Predictive Modeling in E-Mental Health:
Exploring Applicability in Personalised Depression Treatment

13 Marco Virgolin (CWI), Design and Application of Gene-pool Op-
timal Mixing Evolutionary Algorithms for Genetic Programming

14 Mark Raasveldt (CWI/UL), Integrating Analytics with Relational
Databases

15 Konstantinos Georgiadis (OU), Smart CAT: Machine Learning for
Configurable Assessments in Serious Games

16 Ilona Wilmont (RUN), Cognitive Aspects of Conceptual Modelling

17 Daniele Di Mitri (OU), The Multimodal Tutor: Adaptive Feedback
from Multimodal Experiences

18 Georgios Methenitis (TUD), Agent Interactions & Mechanisms in

Markets with Uncertainties: Electricity Markets in Renewable En-
ergy Systems

201



Summary

19 Guido van Capelleveen (UT), Industrial Symbiosis Recommender
Systems

20 Albert Hankel (VUA), Embedding Green ICT Maturity in Organi-
sations

21 Karine da Silva Miras de Araujo (VUA), Where is the robot?: Life
as it could be

22 Maryam Masoud Khamis (RUN), Understanding complex sys-
tems implementation through a modeling approach: the case of
e-government in Zanzibar

23 Rianne Conijn (UT), The Keys to Writing: A writing analytics ap-
proach to studying writing processes using keystroke logging

24 Lenin da Nébrega Medeiros (VUA/RUN), How are you feeling,
human? Towards emotionally supportive chatbots

25 Xin Du (TU/e), The Uncertainty in Exceptional Model Mining

26 Krzysztof Leszek Sadowski (UU), GAMBIT: Genetic Algorithm
for Model-Based mixed-Integer opTimization

27 Ekaterina Muravyeva (TUD), Personal data and informed consent
in an educational context

28 Bibeg Limbu (TUD), Multimodal interaction for deliberate prac-
tice: Training complex skills with augmented reality

29 loan Gabriel Bucur (RUN), Being Bayesian about Causal Inference

30 Bob Zadok Blok (UL), Creatief, Creatiever, Creatiefst

31 Gongjin Lan (VUA), Learning better — From Baby to Better

32 Jason Rhuggenaath (TU/e), Revenue management in online mar-
kets: pricing and online advertising

33 Rick Gilsing (TU/e), Supporting service-dominant business model
evaluation in the context of business model innovation

34  Anna Bon (UM), Intervention or Collaboration? Redesigning In-
formation and Communication Technologies for Development

35 Siamak Farshidi (UU), Multi-Criteria Decision-Making in Soft-
ware Production

2021 01 Francisco Xavier Dos Santos Fonseca (TUD),Location-based

Games for Social Interaction in Public Space

02 Rijk Mercuur (TUD), Simulating Human Routines: Integrating So-
cial Practice Theory in Agent-Based Models

03 Seyyed Hadi Hashemi (UvA), Modeling Users Interacting with
Smart Devices

04 Ioana Jivet (OU), The Dashboard That Loved Me: Designing adap-
tive learning analytics for self-regulated learning

202



Summary

05

06

07
08

09

10

11

12

13

14

15

16

17

18

19
20
21
22
23

24

Davide Dell’ Anna (UU), Data-Driven Supervision of Autonomous
Systems

Daniel Davison (UT), "Hey robot, what do you think?" How chil-
dren learn with a social robot

Armel Lefebvre (UU), Research data management for open science
Nardie Fanchamps (OU), The Influence of Sense-Reason-Act Pro-
gramming on Computational Thinking

Cristina Zaga (UT), The Design of Robothings. Non-
Anthropomorphic and Non-Verbal Robots to Promote Children’s
Collaboration Through Play

Quinten Meertens (UvA), Misclassification Bias in Statistical
Learning

Anne van Rossum (UL), Nonparametric Bayesian Methods in
Robotic Vision

Lei Pi (UL), External Knowledge Absorption in Chinese SMEs
Bob R. Schadenberg (UT), Robots for Autistic Children: Under-
standing and Facilitating Predictability for Engagement in Learn-
ing

Negin Samaeemofrad (UL), Business Incubators: The Impact of
Their Support

Onat Ege Adali (TU/e), Transformation of Value Propositions
into Resource Re-Configurations through the Business Services
Paradigm

Esam A. H. Ghaleb (UM), Bimodal emotion recognition from
audio-visual cues

Dario Dotti (UM), Human Behavior Understanding from motion
and bodily cues using deep neural networks

Remi Wieten (UU), Bridging the Gap Between Informal Sense-
Making Tools and Formal Systems - Facilitating the Construction
of Bayesian Networks and Argumentation Frameworks

Roberto Verdecchia (VUA), Architectural Technical Debt: Identi-
fication and Management

Masoud Mansoury (TU/e), Understanding and Mitigating Multi-
Sided Exposure Bias in Recommender Systems

Pedro Thiago Timbé Holanda (CWI), Progressive Indexes

Sihang Qiu (TUD), Conversational Crowdsourcing

Hugo Manuel Proenca (UL), Robust rules for prediction and de-
scription

Kaijie Zhu (TU/e), On Efficient Temporal Subgraph Query Pro-
cessing

203



Summary

25 Eoin Martino Grua (VUA), The Future of E-Health is Mobile:
Combining Al and Self-Adaptation to Create Adaptive E-Health
Mobile Applications

26 Benno Kruit (CWI/VUA), Reading the Grid: Extending Knowl-
edge Bases from Human-readable Tables

27 Jelte van Waterschoot (UT), Personalized and Personal Conversa-
tions: Designing Agents Who Want to Connect With You

28 Christoph Selig (UL), Understanding the Heterogeneity of Corpo-
rate Entrepreneurship Programs

2022 01 Judith van Stegeren (UT), Flavor text generation for role-playing

video games

02 Paulo da Costa (TU/e), Data-driven Prognostics and Logistics Op-
timisation: A Deep Learning Journey

03 Ali el Hassouni (VUA), A Model A Day Keeps The Doctor Away:
Reinforcement Learning For Personalized Healthcare

04 Unal Aksu (UU), A Cross-Organizational Process Mining Frame-
work

05 Shiwei Liu (TU/e), Sparse Neural Network Training with In-Time
Over-Parameterization

06 Reza Refaei Afshar (TU/e), Machine Learning for Ad Publishers in
Real Time Bidding

07 Sambit Praharaj (OU), Measuring the Unmeasurable? Towards Au-
tomatic Co-located Collaboration Analytics

08 Maikel L. van Eck (TU/e), Process Mining for Smart Product De-
sign

09 Oana Andreea Inel (VUA), Understanding Events: A Diversity-
driven Human-Machine Approach

10 Felipe Moraes Gomes (TUD), Examining the Effectiveness of Col-
laborative Search Engines

11 Mirjam de Haas (UT), Staying engaged in child-robot interaction,
a quantitative approach to studying preschoolers’ engagement with
robots and tasks during second-language tutoring

12 Guanyi Chen (UU), Computational Generation of Chinese Noun
Phrases

13 Xander Wilcke (VUA), Machine Learning on Multimodal Knowl-
edge Graphs: Opportunities, Challenges, and Methods for Learning
on Real-World Heterogeneous and Spatially-Oriented Knowledge

14 Michiel Overeem (UU), Evolution of Low-Code Platforms

15 Jelmer Jan Koorn (UU), Work in Process: Unearthing Meaning us-
ing Process Mining

204



Summary

16
17

18

19

20

21

22

23

24

25

26

27

28
29

30

31

32

33

34

Pieter Gijsbers (TU/e), Systems for AutoML Research

Laura van der Lubbe (VUA), Empowering vulnerable people with
serious games and gamification

Paris Mavromoustakos Blom (TiU), Player Affect Modelling and
Video Game Personalisation

Bilge Yigit Ozkan (UU), Cybersecurity Maturity Assessment and
Standardisation

Fakhra Jabeen (VUA), Dark Side of the Digital Media - Computa-
tional Analysis of Negative Human Behaviors on Social Media
Seethu Mariyam Christopher (UM), Intelligent Toys for Physical
and Cognitive Assessments

Alexandra Sierra Rativa (TiU), Virtual Character Design and its po-
tential to foster Empathy, Immersion, and Collaboration Skills in
Video Games and Virtual Reality Simulations

Ilir Kola (TUD), Enabling Social Situation Awareness in Support
Agents

Samaneh Heidari (UU), Agents with Social Norms and Values -
A framework for agent based social simulations with social norms
and personal values

Anna L.D. Latour (UL), Optimal decision-making under con-
straints and uncertainty

Anne Dirkson (UL), Knowledge Discovery from Patient Forums:
Gaining novel medical insights from patient experiences

Christos Athanasiadis (UM), Emotion-aware cross-modal domain
adaptation in video sequences

Onuralp Ulusoy (UU), Privacy in Collaborative Systems

Jan Kolkmeier (UT), From Head Transform to Mind Transplant:
Social Interactions in Mixed Reality

Dean De Leo (CWI), Analysis of Dynamic Graphs on Sparse Ar-
rays

Konstantinos Traganos (TU/e), Tackling Complexity in Smart
Manufacturing with Advanced Manufacturing Process Manage-
ment

Cezara Pastrav (UU), Social simulation for socio-ecological sys-
tems

Brinn Hekkelman (CWI/TUD), Fair Mechanisms for Smart Grid
Congestion Management

Nimat Ullah (VUA), Mind Your Behaviour: Computational Mod-
elling of Emotion & Desire Regulation for Behaviour Change

205



Summary

35 Mike E.U. Ligthart (VUA), Shaping the Child-Robot Relationship:
Interaction Design Patterns for a Sustainable Interaction

2023 01 Bojan Simoski (VUA), Untangling the Puzzle of Digital Health In-

terventions

02 Mariana Rachel Dias da Silva (TiU), Grounded or in flight? What
our bodies can tell us about the whereabouts of our thoughts

03 Shabnam Najafian (TUD), User Modeling for Privacy-preserving
Explanations in Group Recommendations

04 Gineke Wiggers (UL), The Relevance of Impact: bibliometric-
enhanced legal information retrieval

05 Anton Bouter (CWI), Optimal Mixing Evolutionary Algorithms
for Large-Scale Real-Valued Optimization, Including Real-World
Medical Applications

06 Anténio Pereira Barata (UL), Reliable and Fair Machine Learning
for Risk Assessment

07 Tianjin Huang (TU/e), The Roles of Adversarial Examples on
Trustworthiness of Deep Learning

08 Lu Yin (TU/e), Knowledge Elicitation using Psychometric Learn-
ing

09 Xu Wang (VUA), Scientific Dataset Recommendation with Seman-
tic Techniques

10 Dennis J.N.J. Soemers (UM), Learning State-Action Features for
General Game Playing

11 Fawad Taj (VUA), Towards Motivating Machines: Computational
Modeling of the Mechanism of Actions for Effective Digital Health
Behavior Change Applications

12 Tessel Bogaard (VUA), Using Metadata to Understand Search Be-
havior in Digital Libraries

13 Injy Sarhan (UU), Open Information Extraction for Knowledge
Representation

14 Selma CauSevic (TUD), Energy resilience through self-
organization

15 Alvaro Henrique Chaim Correia (TU/e), Insights on Learning
Tractable Probabilistic Graphical Models

16 Peter Blomsma (TiU), Building Embodied Conversational Agents:
Observations on human nonverbal behaviour as a resource for the
development of artificial characters

17 Meike Nauta (UT), Explainable Al and Interpretable Computer Vi-
sion — From Oversight to Insight

206



Summary

18 Gustavo Penha (TUD), Designing and Diagnosing Models for Con-
versational Search and Recommendation

19 George Aalbers (TiU), Digital Traces of the Mind: Using Smart-
phones to Capture Signals of Well-Being in Individuals

20 Arkadiy Dushatskiy (TUD), Expensive Optimization with Model-
Based Evolutionary Algorithms applied to Medical Image Segmen-
tation using Deep Learning

21 Gerrit Jan de Bruin (UL), Network Analysis Methods for Smart
Inspection in the Transport Domain

22 Alireza Shojaifar (UU), Volitional Cybersecurity

23  Theo Theunissen (UU), Documentation in Continuous Software
Development

24  Agathe Balayn (TUD), Practices Towards Hazardous Failure Diag-
nosis in Machine Learning

25 Jurian Baas (UU), Entity Resolution on Historical Knowledge
Graphs

26 Loek Tonnaer (TU/e), Linearly Symmetry-Based Disentangled
Representations and their Out-of-Distribution Behaviour

27 Ghada Sokar (TU/e), Learning Continually Under Changing Data
Distributions

28 Floris den Hengst (VUA), Learning to Behave: Reinforcement
Learning in Human Contexts

29 Tim Draws (TUD), Understanding Viewpoint Biases in Web Search
Results

2024 01 Daphne Miedema (TU/e), On Learning SQL: Disentangling con-

cepts in data systems education

02 Emile van Krieken (VUA), Optimisation in Neurosymbolic Learn-
ing Systems

03 Feri Wijayanto (RUN), Automated Model Selection for Rasch and
Mediation Analysis

04 Mike Huisman (UL), Understanding Deep Meta-Learning

05 Yiyong Gou (UM), Aerial Robotic Operations: Multi-environment
Cooperative Inspection & Construction Crack Autonomous Repair

06 Azga Nadeem (TUD), Understanding Adversary Behavior via
XAI: Leveraging Sequence Clustering to Extract Threat Intelli-
gence

07 Parisa Shayan (TiU), Modeling User Behavior in Learning Man-

agement Systems

207



Summary

08 Xin Zhou (UvA), From Empowering to Motivating: Enhancing
Policy Enforcement through Process Design and Incentive Imple-
mentation

09 Giso Dal (UT), Probabilistic Inference Using Partitioned Bayesian
Networks

10 Ciristina-Iulia Bucur (VUA), Linkflows: Towards Genuine Seman-
tic Publishing in Science

11  withdrawn

12 Peide Zhu (TUD), Towards Robust Automatic Question Generation
For Learning

13 Enrico Liscio (TUD), Context-Specific Value Inference via Hybrid
Intelligence

14 Larissa Capobianco Shimomura (TU/e), On Graph Generating De-
pendencies and their Applications in Data Profiling

15 Ting Liu (VUA), A Gut Feeling: Biomedical Knowledge Graphs
for Interrelating the Gut Microbiome and Mental Health

16 Arthur Barbosa Camara (TUD), Designing Search-as-Learning
Systems

17 Razieh Alidoosti (VUA), Ethics-aware Software Architecture De-
sign

18 Laurens Stoop (UU), Data Driven Understanding of Energy-
Meteorological Variability and its Impact on Energy System Op-
erations

19 Azadeh Mozafari Mehr (TU/e), Multi-perspective Conformance
Checking: Identifying and Understanding Patterns of Anomalous
Behavior

20 Ritsart Anne Plantenga (UL), Omgang met Regels

21 Federica Vinella (UU), Crowdsourcing User-Centered Teams

22 Zeynep Ozturk Yurt (TU/e), Beyond Routine: Extending BPM for
Knowledge-Intensive Processes with Controllable Dynamic Con-
texts

23 Jie Luo (VUA), Lamarck’s Revenge: Inheritance of Learned Traits
Improves Robot Evolution

24 Nirmal Roy (TUD), Exploring the effects of interactive interfaces
on user search behaviour

25 Alisa Rieger (TUD), Striving for Responsible Opinion Formation
in Web Search on Debated Topics

26 Tim Gubner (CWI), Adaptively Generating Heterogeneous Execu-
tion Strategies using the VOILA Framework

208



Summary

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

Lincen Yang (UL), Information-theoretic Partition-based Models
for Interpretable Machine Learning

Leon Helwerda (UL), Grip on Software: Understanding develop-
ment progress of Scrum sprints and backlogs

David Wilson Romero Guzman (VUA), The Good, the Efficient
and the Inductive Biases: Exploring Efficiency in Deep Learning
Through the Use of Inductive Biases

Vijanti Ramautar (UU), Model-Driven Sustainability Accounting
Ziyu Li (TUD), On the Utility of Metadata to Optimize Machine
Learning Workflows

Vinicius Stein Dani (UU), The Alpha and Omega of Process Min-
ing

Siddharth Mehrotra (TUD), Designing for Appropriate Trust in
Human-Al interaction

Robert Deckers (VUA), From Smallest Software Particle to System
Specification - MuDForM: Multi-Domain Formalization Method
Sicui Zhang (TU/e), Methods of Detecting Clinical Deviations with
Process Mining: a fuzzy set approach

Thomas Mulder (TU/e), Optimization of Recursive Queries on
Graphs

James Graham Nevin (UvA), The Ramifications of Data Handling
for Computational Models

Christos Koutras (TUD), Tabular Schema Matching for Modern
Settings

Paola Lara Machado (TU/e), The Nexus between Business Models
and Operating Models: From Conceptual Understanding to Action-
able Guidance

Montijn van de Ven (TU/e), Guiding the Definition of Key Perfor-
mance Indicators for Business Models

Georgios Siachamis (TUD), Adaptivity for Streaming Dataflow En-
gines

Emmeke Veltmeijer (VUA), Small Groups, Big Insights: Under-
standing the Crowd through Expressive Subgroup Analysis

Cedric Waterschoot (KNAW Meertens Instituut), The Constructive
Conundrum: Computational Approaches to Facilitate Constructive
Commenting on Online News Platforms

Marcel Schmitz (OU), Towards learning analytics-supported learn-
ing design

Sara Salimzadeh (TUD), Living in the Age of Al: Understanding
Contextual Factors that Shape Human-AI Decision-Making

209



Summary

46 Georgios Stathis (Leiden University), Preventing Disputes: Preven-
tive Logic, Law & Technology

47 Daniel Daza (VUA), Exploiting Subgraphs and Attributes for Rep-
resentation Learning on Knowledge Graphs

48 loannis Petros Samiotis (TUD), Crowd-Assisted Annotation of
Classical Music Compositions

2025 01 Max van Haastrecht (UL), Transdisciplinary Perspectives on Va-
lidity: Bridging the Gap Between Design and Implementation for
Technology-Enhanced Learning Systems

02 Jurgen van den Hoogen (JADS), Time Series Analysis Using Con-
volutional Neural Networks

03 Andra-Denis Ionescu (TUD), Feature Discovery for Data-Centric
Al

04 Rianne Schouten (TU/e), Exceptional Model Mining for Hierarchi-
cal Data

05 Nele Albers (TUD), Psychology-Informed Reinforcement Learn-
ing for Situated Virtual Coaching in Smoking Cessation

06 Daniél Vos (TUD), Decision Tree Learning: Algorithms for Robust
Prediction and Policy Optimization

07 Ricky Maulana Fajri (TU/e), Towards Safer Active Learning: Deal-
ing with Unwanted Biases, Graph-Structured Data, Adversary, and
Data Imbalance

08 Stefan Bloemheuvel (TiU), Spatio-Temporal Analysis Through
Graphs: Predictive Modeling and Graph Construction

09 Fadime Kaya (VUA), Decentralized Governance Design - A
Model-Based Approach

10 Zhao Yang (UL), Enhancing Autonomy and Efficiency in Goal-
Conditioned Reinforcement Learning

11 Shahin Sharifi Noorian (TUD), From Recognition to Understand-
ing: Enriching Visual Models Through Multi-Modal Semantic In-
tegration

12 Lijun Lyu (TUD), Interpretability in Neural Information Retrieval

13 Fuda van Diggelen (VUA), Robots Need Some Education: on the
complexity of learning in evolutionary robotics

14  Gennaro Gala (TU/e), Probabilistic Generative Modeling with La-
tent Variable Hierarchies

15 Michiel van der Meer (UL), Opinion Diversity through Hybrid In-
telligence

210



Summary

16

17

18

19

20

21

22

23

24

25

26
27

28

29

30

31

32

Monika Grewal (TU Delft), Deep Learning for Landmark Detec-
tion, Segmentation, and Multi-Objective Deformable Registration
in Medical Imaging

Matteo De Carlo (VUA), Real Robot Reproduction: Towards
Evolving Robotic Ecosystems

Anouk Neerincx (UU), Robots That Care: How Social Robots Can
Boost Children’s Mental Wellbeing

Fang Hou (UU), Trust in Software Ecosystems

Alexander Melchior (UU), Modelling for Policy is More Than Pol-
icy Modelling (The Useful Application of Agent-Based Modelling
in Complex Policy Processes)

Mandani Ntekouli (UM), Bridging Individual and Group Perspec-
tives in Psychopathology: Computational Modeling Approaches
using Ecological Momentary Assessment Data

Hilde Weerts (TU/e), Decoding Algorithmic Fairness: Towards In-
terdisciplinary Understanding of Fairness and Discrimination in
Algorithmic Decision-Making

Roderick van der Weerdt (VUA), IoT Measurement Knowledge
Graphs: Constructing, Working and Learning with IoT Measure-
ment Data as a Knowledge Graph

Zhong Li (UL), Trustworthy Anomaly Detection for Smart Manu-
facturing

Kyana van Eijndhoven (TiU), A Breakdown of Breakdowns: Multi-
Level Team Coordination Dynamics under Stressful Conditions
Tom Pepels (UM), Monte-Carlo Tree Search is Work in Progress
Danil Provodin (JADS, TU/e), Sequential Decision Making Under
Complex Feedback

Jinke He (TU Delft), Exploring Learned Abstract Models for Effi-
cient Planning and Learning

Erik van Haeringen (VUA), Mixed Feelings: Simulating Emotion
Contagion in Groups

Myrthe Reuver (VUA), A Puzzle of Perspectives: Interdisciplinary
Language Technology for Responsible News Recommendation
Gebrekirstos Gebreselassie Gebremeskel (RUN), Spotlight on Rec-
ommender Systems: Contributions to Selected Components in the
Recommendation Pipeline

Ryan Brate (UU), Words Matter: A Computational Toolkit for
Charged Terms

211



Summary

33 Merle Reimann (VUA), Speaking the Same Language: Spoken Ca-
pability Communication in Human-Agent and Human-Robot Inter-
action

34 Eduard C. Groen (UU), Crowd-Based Requirements Engineering

35 Urja Khurana (VUA), From Concept To Impact: Toward More Ro-
bust Language Model Deployment

36 Anna Maria Wegmann (UU), Say the Same but Differently: Com-
putational Approaches to Stylistic Variation and Paraphrasing

37 Chris Kamphuis (RUN), Exploring Relations and Graphs for Infor-
mation Retrieval

38 Valentina Maccatrozzo (VUA), Break the Bubble: Semantic Pat-
terns for Serendipity

39 Dimitrios Alivanistos (VUA), Knowledge Graphs & Transformers
for Hypothesis Generation: Accelerating Scientific Discovery in
the Era of Artificial Intelligence

40 Stefan Grafberger (UvA), Declarative Machine Learning Pipeline
Management via Logical Query Plans

41 Mozhgan Vazifehdoostirani (TU/e), Leveraging Process Flexibil-
ity to Improve Process Outcome - From Descriptive Analytics to
Actionable Insights

42 Margherita Martorana (VUA), Semantic Interpretation of Dataless
Tables: a metadata-driven approach for findable, accessible, inter-
operable and reusable restricted access data

43 Krist Shingjergji (OU), Sense the Classroom - Using Al to Detect
and Respond to Learning-Centered Affective States in Online Edu-
cation

44 Robbert Reijnen (TU/e), Dynamic Algorithm Configuration for
Machine Scheduling Using Deep Reinforcement Learning

45 Anjana Mohandas Sheeladevi (VUA), Occupant-Centric Energy
Management: Balancing Privacy, Well-being and Sustainability in
Smart Buildings

46 Ya Song (TU/e), Graph Neural Networks for Modeling Temporal
and Spatial Dimensions in Industrial Decision-making

47 Tom Kouwenhoven (UL), Collaborative Meaning-Making. The
Emergence of Novel Languages in Humans, Machines, and
Human-Machine Interactions

48 Evy van Weelden (TiU), Integrating Virtual Reality and Neuro-
physiology in Flight Training

49 Selene Bédez Santamaria (VUA), Knowledge-centered conversa-
tional agents with a drive to learn

212



Summary

50 Lea Krause (VUA), Contextualising Conversational Al

51 Jiaxu Zhao (TU/e), Understanding and Mitigating Unwanted Bi-
ases in Generative Language Models

52 Qiao Xiao (TU/e), Model, Data and Communication Sparsity for
Efficient Training of Neural Networks

53 Gaole He (TUD), Towards Effective Human-AI Collaboration:
Promoting Appropriate Reliance on Al Systems

54  Go Sugimoto (VUA), MISSING LINKS Investigating the Quality
of Linked Data and its Tools in Cultural Heritage and Digital Hu-
manities

55 Sietze Kai Kuilman (TUD), Al that Glitters is Not Gold: Require-
ments for Meaningful Control of Al Systems

56 Wijnand van Woerkom (UU), A Fortiori Case-Based Reasoning:
Formal Studies with Applications in Artificial Intelligence and Law

57 Syeda Amna Sohail (UT), Privacy-Utility Trade-Off in Healthcare
Metadata Sharing and Beyond: A Normative and Empirical Evalu-
ation at Inter and Intra Organizational Levels

58 Junhan Wen (TUD), "From iMage to Market": Machine-Learning-
Empowered Fruit Supply

59 Mohsen Abbaspour Onari (TU/e), From Explanation to Trust:
Modeling and Measuring Trust in Explainable Decision Support

60 Marcel Jurriaan Robeer (UU), Beyond Trust: A Causal Approach
to Explainable Al in Law Enforcement

61 Shuai Wang (VUA), Links in Large Integrated Knowledge Graphs:
Analysis, Refinement, and Domain Applications

62 Khaleel Asyraaf Mat Sanusi (OU), Augmenting a learning model
within immersive learning environments for psychomotor skills

63 Rashid Zaman (TU/e), Online Conformance Checking on De-
graded Data

64 Jens d’Hondt (TU/e), Effective and Efficient Multivariate Similar-
ity Search

65 Aswin Balasubramaniam (UT), Disentangling Runner Drone Inter-
action Potentialities

2026 01 Pei-Yu Chen (TUD), Human-Agent Alignment Dialogues: Elicit-

ing User Information at Runtime for Personalized Behavior Sup-
port

02 Hezha Hassan Mohammedkhan (TiU), Estimating Body Measure-

ments of Children from 2D Images: Towards the Automatic Detec-
tion of Malnutrition

213



Summary

03 Kyriakos Psarakis (TUD), Democratizing Scalable Cloud Applica-
tions: Transactional Stateful Functions on Streaming Dataflows

04 Boyu Xu (UU), Exploring Indirect Relations Between Topics in
Neuroscience Literature Using Augmented Reality to Inform Ex-
perimental Design

05 Koen Minartz (TU/e), Stochastic Simulation with Geometric Deep
Generative Models

06 Azim Afroozeh (CWI, VUA), FastLanes: A Next-Gen File Format

07 Ines Blin (VUA), Narrative Understanding with Knowledge Graphs

214



	Introduction
	Research Questions
	Approach
	Application Domains
	Thesis Layout
	Publications

	Structured Narrative Representations
	Introduction
	Narrative Requirements
	Identification of Narrative Requirements
	Narrative Requirements Representation

	Can existing ontologies represent narratives?
	Systematic Review
	Description of the Retained Ontologies
	Evaluation of Narrative Ontologies

	Recommendations
	Generic Recommendations
	Tailored Recommendations from Interviews Use Cases

	Discussion and Conclusion

	Event-centric KG Construction
	Introduction
	Related Work
	ChronoGrapher
	Event-centric Subgraph Extraction (RQ1)
	Event-centric KG Population (RQ2)

	Evaluation
	Experimental Setting (RQ1, RQ2)
	Quantitative Evaluation (RQ1, RQ2)
	User Study (RQ3)

	Discussion
	EventKG as the Ground Truth
	Methodological Scope
	Generalisibility of ChronoGrapher
	Usage of the Event-centric KG

	Conclusion

	Narrative Complexity in Knowledge Graph Embeddings
	Introduction
	Knowledge Representation Models
	Related Work
	Narrative Semantics in Knowledge Graphs
	Experimental Setup
	Embedding Methods
	Data Preparation
	Training Strategy and Constraints

	Results
	Impact of Semantic Richness on Embedding Performance
	Impact of Syntax on Embedding Performance

	Discussion
	Conclusion

	Social Media Discourse on Inequality
	Introduction
	Related Work
	Knowledge Graph Construction
	The Ontology
	Ontology Population and Validation

	Use Cases
	Top Entities Grouped per Tweet Sentiment
	Entities Co-occurrence Grouped per Tweet Sentiment
	PropBank Rolesets per Tweet Sentiment
	Semantic Roles Linked to Entities
	Relationships between Rolesets

	Conclusion

	Automated Hypothesis Generation
	Introduction
	Related Work
	Designing Meaningful Hypotheses
	Hypothesis Generation Methods
	Preparing Data
	Classification
	Link Prediction
	LLM-based Method

	User Study
	Conclusion

	Conclusions
	Recap of the Use Cases
	Answering the Research Questions
	Outlook

	Appendix
	Automated Hypothesis Generation
	Classification Task
	Link Prediction Task
	LLM Task
	User Studies


	References
	Summary
	List of Figures
	List of Tables
	SIKS Dissertatiereeks

