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Abstract

The digital transformation of society has led public institutions and private organi-
zations to embrace digitization, resulting in an unprecedented production of textual
documents. Much of this material remains unstructured and primarily intended for
human reading and understanding. This thesis investigates how Large Language
Models (LLMs) can act as knowledge engineers, transforming raw text into struc-
tured, reusable, and queryable information. The central question guiding this work
is how far the understanding capabilities of LLMs can automate the organization
and retrieval of knowledge traditionally curated by human experts.

The research explores two complementary strategies for structuring textual in-
formation, focusing on the construction of Knowledge Graphs (KGs): a schema-first
approach, where LLMs infer type systems before populating them with entities,
and an extraction-first approach, where entities and relations are identified freely
and later organized into a type schema. Beyond structuring, the work also exam-
ines LLMs as interfaces for retrieval, evaluating their ability to translate natural
language questions into KG queries (SPARQL). Finally, a domain application in
healthcare demonstrates how ontology-driven KG modeling and LLM-based event
extraction can integrate structured and unstructured electronic health record data.

Collectively, the contributions of this thesis highlight both the promise and the
limitations of current LLMs as instruments of knowledge organization, underscoring
the need for guided, multi-step, and hybrid human-Al workflows to achieve robust
semantic structuring at scale.
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Chapter 1

Introduction

1.1 Motivations

Over the past decades, the progressive digital transformation of society has reshaped
how information is created, shared, and stored. Public administrations and private
organizations now generate vast quantities of textual content, ranging from reports
and manuals to legal acts and online publications. While these documents hold
significant informational value, they are typically written for human interpretation.
Their expression in natural language poses a challenge for computational processing,
limiting the extent to which expert systems can programmatically leverage them for
advanced tasks such as information retrieval, conditional search, or reasoning [I54].

Within Artificial Intelligence (Al), Natural Language Processing (NLP) seek to
address these challenges by developing computational methods to interpret human
language. Recent advances in Large Language Models (LLMs) have greatly en-
hanced the ability to process raw text and perform traditional NLP tasks such as
text summarization, sentiment analysis, information extraction, and machine trans-
lation [I54]. At the same time, LLMs are increasingly extending their role beyond
language processing itself, functioning as knowledge bases of factual information and
as agents of reasoning, planning, creativity, and scientific discovery [1}, 25] 82 20].

Although powerful, LLMs must be approached with particular care when used as
knowledge bases. The implicit and probabilistic way in which they encode knowledge
limits the degree to which they can be fully trusted, leading to the possible generation
of fabricated or nonfactual information, a phenomenon commonly referred to as
hallucination [68] 25]. Recent research has explored how this harmful tendency can
be mitigated through factual grounding. By providing LLMs with validated external
sources, their factual accuracy can be improved, relying on the model’s more robust
interpretive abilities rather than on its implicitly encoded knowledge [66].

In this regard, Retrieval-Augmented Generation (RAG) has emerged as a prac-
tical framework to ground LLMs in reliable external knowledge sources [145, [126].
RAG combines retrieval-based methods with generative models, allowing the model
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to access external information during inference rather than relying solely on its in-
ternal parameters. This architecture supports the integration of both unstructured
corpora (e.g., Wikipedia) and structured repositories (e.g., Wikidata), thereby en-
hancing factual consistency and interpretability [145].

However, conventional RAG pipelines relying exclusively on unstructured text
face inherent limitations. Text chunks retrieved from vector databases may lose
fine-grained semantic relations or broader contextual dependencies (for instance,
temporal or version-related aspects), leading to potential inaccuracies in the gener-
ated response [145]. Such issues are particularly critical when temporal, versioned,
or relational information is involved. Structured sources, by contrast, provide ex-
plicit semantic organization and relational grounding, making them more depend-
able for storing and retrieving factual knowledge [126]. For this reason, combining
structured and unstructured knowledge has proven especially effective for improving
factual grounding and reducing hallucinations in RAG-based systems [145, 126].

Semantic Web technologies have long provided powerful means to represent and
organize such structured information. Knowledge Graphs (KGs), in particular, cap-
ture it through entities with unique identities that correspond to domain concepts,
represented as nodes, and through properties describing either attributes of these
entities or relations between them, typically expressed as triples or, more generally,
n-tuples [130]. KGs have demonstrated significant value across tasks such as recom-
mender systems, question answering, and information retrieval, and they increas-
ingly serve as a structured support for grounding LLMs [126], [130]. However, knowl-
edge acquisition for KG construction remains a significant challenge. Large-scale
resources can be created fully automatically only from semi-structured inputs (e.g.,
Wikidata derived from Wikipedia infoboxes), whereas high-quality expert sources
describing domain-specific content often require extensive manual modeling effort
(e.g., SNOMED in medicine) [130].

Recent research indicates that LLMs themselves can actively support this chal-
lenging structuring process. Owing to their semantic understanding and generative
capabilities, they are able to identify and organize relevant concepts and relations
directly from unstructured text, thereby facilitating the construction of structured
knowledge bases that can subsequently serve as grounding resources for LLM appli-
cations [35, [170].

Beyond knowledge structuring, an equally important challenge lies in making
structured knowledge accessible and actionable. Traditional query languages such
as SQL for relational databases or SPARQL for KGs enable precise access to stored
information, but they require expertise in both the query syntax and the underlying
data model. This requirement creates a gap between the expressive potential of
structured resources and their effective use in retrieval systems or by non-expert
users. LLMs have demonstrated the ability to bridge this gap by translating natural
language inputs into formal queries, thereby acting as intermediaries between users
and structured data sources [149, [99].

Taken together, these developments highlight how the growing volume of un-
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structured textual resources represents an immense yet underexploited source of
knowledge. While LLMs can already leverage such data directly through retrieval-
augmented approaches, their potential is considerably enhanced when information is
expressed in structured, machine-interpretable form. At the same time, LLMs them-
selves can contribute to this structuring effort and facilitate access to the resulting
knowledge through natural language interaction.

1.2 Contributions

Building on these motivations, this work investigates how LLMs can support the
automation of knowledge engineering tasks, from the structuring of textual infor-
mation into Knowledge Graphs to the retrieval of structured knowledge through
natural-language interfaces. The contributions span three main dimensions.

Automated knowledge structuring. Two complementary strategies for struc-
turing knowledge from text are investigated. A top-down (schema-first) approach
introduces a zero-shot LLM-based pipeline for the unsupervised induction of en-
tity schemas, enabling the derivation of candidate classes and hierarchies without
human supervision. A bottom-up (extraction-first) approach proposes a document-
level strategy for constructing Knowledge Graphs directly from text, without relying
on a predefined schema, through LLM-driven triple extraction and enrichment. The
two approaches are compared and further analyzed to explore the automated refine-
ment of ontological hierarchies through LLM-based reasoning.

Knowledge retrieval through natural language. The problem of accessing
structured knowledge through natural-language queries is examined. A systematic
evaluation of multiple instruction-tuned LLMs is presented for the zero-shot trans-
lation of natural-language questions into SPARQL queries. A multi-dimensional
evaluation encompassing accuracy, syntax correctness, determinism, and generation
time is introduced, together with a taxonomy of common failure modes, providing
a reproducible baseline for future research in LLM-based semantic retrieval.

Domain-specific application to electronic health records. LLM-driven ex-
traction methods are applied to the healthcare domain to assess their practical
applicability in a sensitive real-world setting. A pipeline is developed to integrate
structured and unstructured electronic health record data into a unified, tempo-
rally coherent representation, combining an event-based ontology with LLM-based
information extraction.

Collectively, these contributions advance the understanding of how LLMs can act
as intermediaries between human language and formal knowledge representations.
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They show that the same reasoning and generation capabilities enabling textual
understanding can also support the construction, refinement, and querying of struc-
tured knowledge. By integrating zero-shot modeling, prompt-based reasoning, and
ontology-driven design, this work outlines a coherent methodological framework for
hybrid, semi-automated knowledge engineering across domains.

1.3 Synopsis

This dissertation combines both original and previously published material. Its
chapters are organized to follow a coherent progression from methodological foun-
dations to experimental validation and applied case studies.

Chapter Background introduces the general background and theoretical frame-
work that underpin the work. It reviews the fundamentals of Natural Language
Processing, language models, information extraction, and Semantic Web technolo-
gies, and situates the thesis within the broader landscape of knowledge engineering
research.

Chapter Knowledge Structuring focuses on methods for the automated struc-
turing of textual information using LLMs. The chapter includes and extends two
previously published joint works [24] 23], incorporated with the consent of the co-
authors, and presents additional unpublished material.

Chapter Knowledge Retrieval examines the problem of accessing structured
knowledge through natural-language queries. It builds upon collaborative work ac-
cepted for publication in Neural Computing and Applications, reproduced with the
agreement of the co-authors, and provides an empirical analysis of LLM-based query
translation.

Chapter Application applies LLM-based information extraction methods to the
healthcare domain, addressing the integration of structured and unstructured elec-
tronic health records. The chapter is informed by an ongoing collaborative study
currently being finalized for submission and included with the consent of all con-
tributors.

Chapter [6] Conclusion summarizes the main findings of this work, discusses its
limitations and open challenges, and outlines potential directions for future research.



Chapter 2

Background

This chapter presents the theoretical and technological context of the research con-
ducted in this thesis. It first surveys four core areas that provide a foundational basis
for the work: Natural Language Processing in Section 2.1, Language Models in Sec-
tion [2.2] Information Extraction in Section [2.3] and Semantic Web and Knowledge
Graphs in Section[2.4] Each section introduces the fundamental principles, methods,
and challenges of its respective field, highlighting how these areas converge within
the broader scope of knowledge engineering. The final Section (Recent Direc-
tions in Knowledge Engineering) surveys recent research in the literature that cuts
across these foundational areas, providing an overview of prior work aligned with
the three main research directions of the thesis: knowledge structuring, knowledge
access, and applications to electronic health records.

2.1 Natural Language Processing

2.1.1 Definition and scope

Natural Language Processing (NLP) is a field of computer science concerned with
enabling computers to systematically and computationally analyze, interpret, and
generate human language. It encompasses a broad range of methods for representing
and understanding linguistic data, such as text segmentation, syntactic and mor-
phological analysis, semantic interpretation. Through these methods, NLP makes
it possible for machines to handle natural language as both data and a medium of
interaction, supporting applications from information extraction and translation to
dialogue systems and knowledge retrieval [79, 42].

Two other terms frequently accompany discussions of NLP, and while they share
substantial overlap, their historical and disciplinary orientations differ.

Computational Linguistics (CL) represents the scientific study of language
through computational methods. It is rooted in linguistics and seeks to model the
structure and principles of human language formally, using algorithms as tools to
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test and refine linguistic theory. NLP, in contrast, is the engineering and algorith-
mic counterpart of this enterprise. NLP focuses on building systems that perform
linguistic tasks, analyzing, transforming, or generating text, often drawing on CL
insights but ultimately evaluated by empirical performance rather than theoreti-
cal adequacy. In this sense, NLP translates the descriptive ambitions of CL into
operational technologies [42, [60, [33].

Natural Language Understanding (NLU) denotes the branch of NLP that ad-
dresses the problem of meaning, that is, how machines can comprehend language in a
way that supports reasoning, inference, and decision-making. Whereas NLP encom-
passes the entire pipeline from raw linguistic input to output, including structural
and statistical processing, NLU focuses on the semantic and pragmatic dimensions
of interpretation, mapping words and sentences onto conceptual or logical represen-
tations that capture intent and context. It therefore represents the interpretive core
of NLP, bridging linguistic form and knowledge-based reasoning [79, 42].

In this thesis, the research focus lies primarily within the NLP perspective, on
methods that allow written language to be processed, structured, and made compu-
tationally actionable, yet it necessarily incorporates insights about language drawn
from CL and NLU to provide a proper context.

2.1.2 Representing linguistic form and structure

Human language is a system of symbols governed by grammar, the set of principles
that determine how expressions are formed and interpreted. In linguistics, gram-
mar is commonly analyzed into several interconnected components: phonetics and
phonology, which respectively examine how speech sounds are produced and their
systematic patterning; morphology, which governs the internal structure of words;
syntax, which organizes words into phrases and sentences; semantics, which assigns
meaning to these structures; and pragmatics, which studies how context and use
contribute to meaning [56, [4]. In the context of written language and our computa-
tional aims, three levels are central: morphology (surface form), syntax (structural
organization), and semantics (conceptual meaning)ﬂ For a computer to process
text, each of these levels must be expressed in a machine-operable representation.
Although discussed separately, they are inherently interdependent: words are con-
ventional signs whose form is meaningful, and syntactic structure constrains how
those meanings combine [4].

At the surface level, text is encoded as sequences of symbols that represent
the linguistic units of interest. A basic approach considers words as the primary
units, isolated through a process called word segmentation [76]. Words are the
natural carriers of information for human communication, yet from a computational
perspective they are not ideal for modeling meaning. Without providing a system

IFor the purposes of this dissertation, an intuitive understanding of what meaning means is
sufficient. I do not attempt to define it formally, but I defer to [69] for a foundational discussion.
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with any knowledge of morphology, related forms such as bank and banks, or run and
ran, would be treated as unrelated units. To mitigate this, early approaches applied
simple normalization techniques such as stemmz’ngﬂ to reduce banks to bank, and
lemmatizationf, which also normalizes ran to run. However, such methods discard
morphological information that can carry meaning [76, 33]. More recent approaches
address this by exploiting the internal structure of words, segmenting them into
smaller meaningful units closer to morphemesﬂ referred to as tokens. This process,
known as tokenization, may help preserve morphological distinctions, for example
by producing bank and s from banks, and thereby retaining both the base concept
and the morphological marker of plurality [76, 33].

Beyond the surface form, linguistic units are organized into hierarchical and
relational structures. These structures are typically represented by assigning mor-
phosyntactic categories to words (e.g., number, tense, case) and by identifying the
syntactic relations among them (e.g., agreement, subordination, modification). Dif-
ferent processes are used to produce such annotations, such as part-of-speech (POS)
tagging to mark nouns, verbs, and adjectives; constituency parsing to identify noun
and verb phrases; and dependency parsing to capture relations like subject, object,
or modifier. Such structured representations underlie many NLP tasks and also in-
form neural models, as they describe how words combine into phrases and sentences,
bridging surface form and meaning [76, 11§].

Finally, semantic representations operate at the highest level, moving beyond
surface form and syntactic structure to model meaning. Representing semantics
is widely regarded as one of the more challenging tasks in language processing, as
even defining what meaning is proves non-trivial, yet it remains a crucial aspect of
knowledge engineering. Symbolic approaches have traditionally represented knowl-
edge and meaning through discrete symbols and explicit rules, whereas modern NLP
systems increasingly rely on statistical and numerical representations, typically vec-
torial, that infer quantitative aspects of language use from data [18] [42].

Many statistical approaches build on the distributional hypothesis, a foundational
idea stating that the meaning of a word can be inferred from the contexts in which it
occurs [44, [18], 42]. From this observation, models such as the bag-of-words (BoW)
were introduced to represent the meaning of entire documents. In this representa-
tion, a text is modeled as a vector of word counts, ignoring word order but capturing
the presence and frequency of the terms appearing in it [I8,42]. Similarly, the mean-
ing of individual words can be represented as vectors derived from counting their
occurrences across documents or their co-occurrence with nearby words in sentences
throughout a corpus. These explicit count-based representations make it possible to
interpret the meaning of each vector dimension directly [I8, [42].

However, such count vectors are often scaled (e.g., normalized) or transformed

2Reduction of inflected words to a common root through heuristic truncation.
3Mapping of words to their canonical dictionary form, known as the lemma.
4The smallest units of meaning within a word.
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(e.g., projected into lower-dimensional spaces) to obtain more compact and ab-
stract representations, known as embeddings, since the original spaces are typically
high-dimensional and sparse. Approaches following this principle are referred to as
frequency-based or count-based embeddings [18], 42].

Most modern methods, however, leverage neural networks to obtain embeddings
without any explicit counting, directly mapping linguistic units such as tokens,
words, phrases, or sentences to dense vectors in a continuous space. These represen-
tations are learned by optimizing specific objectives that encode desired semantic
or contextual properties. They can, for instance, be trained so that semantically
similar words have nearby vectors according to cosine similarity, or so that sentence
embeddings capture broader contextual or retrieval-oriented relations [I8, 42]. A
common illustrative example of word-level regularities is

v(king) — v(man) + v(woman) ~ v(queen),

showing how certain embeddings can capture analogical relations directly from
data, and that vectorial representations can be used to express relations through
algebraic expressions [108]. This way of representing semantics now forms the foun-
dation of contemporary neural NLP systems.

As previously pointed out, the levels discussed here are inherently interdepen-
dent. For example, representing the form as a sequence of words differs from repre-
senting it as tokens. Splitting banks into bank and s separates the lexical concept
from the morphological feature of plurality, allowing a distributional representation
of semantics built upon that symbolic system to have dedicated embeddings for
each. Choices of representation thus shape which linguistic properties a model can
encode and which aspects of meaning it is able to capture.

2.1.3 Core tasks

Encoding text into computational representations is typically the first step in any
NLP pipeline, serving as the foundation for a broad range of tasks that address
different aspects of linguistic understanding and production. Building on the pre-
ceding discussion of representations, this section outlines a set of core NLP tasks
that are commonly used to characterize the scope of the field in practice. Tasks that
are more foundational and central to the contributions of this thesis, such as lan-
guage modeling and information extraction, receive a dedicated and more in-depth
discussion in the following sections.

Text classification. Text classification consists of assigning predefined labels to
textual inputs. Typical applications include topic categorization, spam detection,
author identification, and sentiment analysis. The latter, a canonical example, aims
to determine the affective polarity expressed in a piece of text, such as whether a
review or social media post conveys a positive, negative, or neutral attitude. Such
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tasks are inherently sensitive to context, subjectivity, and domain-specific language
use [90].

Machine translation. Machine translation aims to automatically render text
from one language into another while preserving meaning, fluency, and grammatical
correctness. It requires handling linguistic divergence across languages, long-range
dependencies, ambiguity, and pragmatic, cultural, and contextual factors. Its appli-
cations range from cross-lingual communication and information access to multilin-
gual content generation [164].

Text summarization. Text summarization seeks to produce a concise representa-
tion of a longer document while preserving its key information and overall coherence.
Extractive methods achieve this by selecting and combining segments from the orig-
inal text, whereas abstractive methods generate new sentences that paraphrase the
source content. Beyond compression, summarization requires identifying salient in-
formation, avoiding redundancy, and maintaining factual consistency with the input,
making it sensitive to discourse structure and contextual interpretation [177].

Question answering. Question answering (QA) addresses the problem of provid-
ing explicit answers to natural language queries posed by users. QA systems may
operate over structured or unstructured sources and can involve retrieving relevant
information, inferring answers through reasoning, or combining both. Traditional
QA settings typically assume isolated questions grounded in a given context, such
as a document or a knowledge base. Conversational QA extends this formulation by
introducing dependencies across multiple turns, requiring the system to maintain di-
alogue context, resolve references, and handle underspecified or implicit queries [15].

Coreference resolution. Coreference resolution seeks to identify when different
expressions in a text refer to the same entity, as in linking it to pizza (and not broc-
coli) in “I don’t like broccoli, but I do like pizza. It is my favourite food”. By con-
solidating mentions that denote the same referent, it supports coherence modeling
and serves as a crucial preprocessing step for downstream tasks such as information
extraction, summarization, and question answering. The task encompasses both
entity and event coreference and poses challenges related to ambiguity, long-range
dependencies, and implicit semantic relations [96].

Taken together, these tasks exemplify the breadth of NLP. The approaches and
techniques developed to address them follow a common historical trajectory, evolving
from rule-based text manipulation toward data-driven and neural methods. Large
Language Models represent the current culmination of this evolution, as they in-
tegrate within a single architecture the capability of modeling linguistic structure,
meaning, and context [116, [79].
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In this thesis, LLMs are used within the developed pipelines to handle sub-
tasks such as classification, translation, summarization, and, implicitly, coreference
resolution.

2.2 Language Models

2.2.1 Language modeling

Having examined how NLP enables computers to process linguistic input, we now
turn to the question of how they model language itself. Language modeling is a
foundational task in NLP [I11], with the objective of capturing the statistical and
structural regularities that govern how word{’| are arranged in natural language. The
goal is to estimate the likelihood of linguistic sequences and, in particular, to predict
the probability of each possible continuation given a preceding context [179] 42].

Formally, given a sequence of words wy, ws, ..., w;_1, a language model estimates
the conditional probability of the next word as

P(w; | wy,wa, ..., wi_q) (2.1)

Here P is a probability distribution over the vocabulary V' of all known words,
mapping each w; € V to its probability of occurring at position ¢. The probability
of an entire sequence can thus be modeled using the chain rule:

T
P(wy, wa, ..., wr) = [ [ Plwe [ wi, ... wi) (2.2)

t=1

This formulation corresponds to the classical autoregressive setup, where each
word is predicted based on all its predecessors [I79] [42]. Alternative formulations
exist; for example, bidirectional or masked models estimate probabilities of words
given their surrounding context rather than only the preceding one, but the gen-
eral aim remains to model the statistical dependencies that characterize natural
language [76], [179].

A language model is thus a system that implements the language modeling task
by estimating such conditional probability distributions over word sequences.

2.2.2 Approaches to language modeling

Early language models were based on explicit statistical estimation. The most com-
mon approach, the n-gram model, assumes that the probability of a word depends

5Throughout this section, I use the term word, as it more naturally represents the constituents
of text and sentences. However, the probabilistic principles discussed here apply equally to other
linguistic units, including the tokens on which most modern models operate.
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only on the preceding n — 1 words observed in a corpus [76], [148]. Under this Markov
assumption, the conditional probability in Equation ({2.1)) is approximated as

P(w; | wy, ..., wi_1) &= P(wy | We—pi1, .- we1) (2.3)
and estimated directly from frequency counts:

count(wy_pi1, ..., W)

P(U}t ‘ Wt—n+1y-- - ,U)tfl) = (24)

count(wWy_pi1,- .-, We_1)

Intuitively, in a trigram model, the probability of a word such as pizza in the
sequence [ like pizza corresponds to how frequently that trigram appears relative to
all occurrences of its prefix I like. To handle unseen or rare sequences, lower-order
n-grams and various smoothing techniques are employed. Despite their simplicity,
n-gram models face two fundamental limitations: data sparsity and restricted con-
textual scope, as the model’s memory is bounded by the fixed window size n—1 [42].
These limitations motivated the transition toward distributed and neural approaches
that learn continuous representations of words and can generalize beyond exact n-
gram matches [12].

Neural language models address these limitations by parameterizing the condi-
tional distribution in Equation through a neural function [12], definable as

./\/lg : ('LUl, c. ,wt,l) — Pg(wt ’ Wi,y ... ,wt,l) (25)

where My denotes a model with parameters 6 that maps a sequence of preceding
words to an estimated probability distribution P over the vocabulary V. Specifi-
cally, the model outputs a vector 7, = (FPy(w; = v1), ..., Py(w; = vjy|)) representing
the predicted probabilities for each word v; € Vlﬂ

Unlike frequency-based modeling, these probabilities are learned implicitly by
optimizing the model parameters 6 over large text corpora, enabling the model to
generalize beyond observed sequences. Neural language modeling typically begins
by mapping words to continuous distributed representations through an embedding
layer, resulting in a sequence of embeddings that can be numerically processed by a
neural architecture to model contextual dependencies [76], [12].

Early architectures employed Recurrent Neural Networks (RNNs), which main-
tain a hidden state summarizing the preceding context. At each time step, this
hidden state is updated as a function of the current input and the previous state,
creating a strictly sequential dependency across the input sequence [109]. While
effective for short-range dependencies, RNNs suffer from vanishing gradients and
limited capacity to capture long-distance relations, as information must be prop-
agated through many successive state updates [129]. Long Short-Term Memory
(LSTM) networks and Gated Recurrent Units (GRUs) improved this by introduc-
ing gated mechanisms that explicitly regulate the flow of information over time. In

6More specific formulations could be provided for particular neural architectures; this general
form abstracts away implementation details for clarity.
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LSTMs, this is achieved by maintaining a dedicated memory cell that is designed
to preserve long-term information, alongside a transient hidden representation, with
gates controlling what information is written, retained, or discarded. GRUs adopt
a simpler formulation in which gating directly modulates the update of the hidden
state, balancing the influence of past and current inputs. Despite these improve-
ments, their inherently sequential computation still constrained training efficiency
and parallelization [31].

The introduction of attention mechanisms overcame these limitations [29].
Rather than embedding past context into a fixed set of evolving states, as in re-
current architectures, attention assigns pairwise relevance weights between elements
of a sequence, allowing each word to selectively attend to other elements directly,
without compressing the entire context into a single recurrent state. The Trans-
former architecture [I60] is built entirely upon attention-based layers, maintaining
a distinct contextual representation for each element in the sequence. These rep-
resentations are obtained by combining information from all elements according to
learned attention weights, rather than by propagating a state over the sequence.
As a result, the computation is not inherently sequential and can be fully paral-
lelized during training, while still enabling effective modeling of global contextual
relationships.

Transformers can be configured as encoder-decoder models (for sequence-to-
sequence tasks such as translation), encoder-only models (for classification and com-
prehension), or decoder-only models (for autoregressive text generation). The latter
configuration underlies most contemporary LLMs, which implement large-scale au-
toregressive language modeling [179].

2.2.3 Text generation

Autoregressive language models generate text by iteratively selecting the next word
wy from the vocabulary V' according to the conditional probability Py(w; | w;)
predicted at step t. A decoding strategy specifies how this distribution is used to
select the next word, balancing determinism and diversity [42].

Greedy decoding. The most straightforward strategy always chooses the most
probable continuation:
wy = argmax Pp(w | wey)
w

This yields deterministic and locally optimal choices but often leads to repetitive or
overly constrained text [42].

Stochastic decoding. Instead of taking the most likely word, stochastic methods
sample from the predicted distribution, introducing variability in the output [42].
Before sampling, the distribution can be modified to control its shape.
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e Temperature scaling.
A temperature parameter T' > 0 rescales the distribution as:

Py(w; | wey) T

S Polw | wen) VT

Py r(w;)

Values of T lower than 1 sharpen the distribution, making sampling more
deterministic, while higher values flatten it, increasing randomness [63], 42].

e Top-p (nucleus) sampling.
Alternatively, sampling can be restricted to the smallest subset of words whose
cumulative probability exceeds a threshold p. Sampling then occurs only
within this dynamically selected nucleus, which preserves coherence while al-
lowing creative variation. Top-p can be used in conjunction with temperature
scaling to refine both the shape and scope of the sampling distribution [76] [63].

These decoding strategies reflect the dual role of language modeling: as a proba-
bilistic estimation problem and as a generative process. They determine how models
trade off predictability and variability, a key factor in the quality and diversity of
generated text.

2.2.4 Large Language Models

Large Language Models (LLMs) are language models characterized by their scale
in terms of both parameters and training data. The notion of “large” is relative
to technological capabilities and has evolved rapidly: models once considered large
contained hundreds of millions of parameters, whereas contemporary models com-
prise billions or even trillions. Alongside model size, the scale of training corpora
has expanded dramatically, drawing from diverse sources such as books, articles,
web documents, code, and multimodal data [76) 1TT].

This increase in scale is associated with improved estimation of the conditional
probabilities that underlie language modeling, enabling models not only to capture
a broader range of linguistic regularities, but also to encode substantial amounts of
world knowledge within their parameters, as evidenced by their ability to retrieve
factual information through language-based queries [131].

At sufficient scale, this generative objective can be leveraged to perform a wide
variety of tasks by expressing them as conditional text generation problems. Rather
than modifying model architectures or training task-specific components, tasks such
as translation, summarization, and classification can be specified through natural-
language descriptions that guide the generation process. This paradigm was explic-
itly formalized in early large-scale transfer learning work, which demonstrated that
heterogeneous NLP tasks can be unified within a text-to-text framework without
altering the underlying language modeling objective [133].
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Building on this capacity to interpret task specifications expressed in natural
language, subsequent advances have focused on improving the reliability and gener-
ality of model behavior in interactive settings. Instruction tuning, which fine-tunes
pretrained language models on collections of tasks described via natural-language
instructions, has been shown to improve their ability to generalize to unseen tasks
in a zero-shot manner [166]. Complementary approaches based on reinforcement
learning with human feedback further align model outputs with user preferences
and communicative expectations, producing responses that are more helpful, coher-
ent, and contextually appropriate [125].

In parallel, prompting and training strategies that encourage models to gener-
ate intermediate textual steps before producing a final answer have been shown to
improve performance on multi-step problem-solving tasks. These methods elicit be-
haviors that resemble an intermediate, explicitly articulated “thought-like” process
in text, commonly referred to as reasoning. [167, [82]

Their ability to reproduce outward features of intelligence in communicative
contexts can be understood in light of long-standing views in linguistics, which
emphasize that language use is closely associated with knowledge and reasoning,
and that mastery of language is often taken as a hallmark of intelligence [28].

As LLMs have gained prominence by demonstrating increasingly fluent conversa-
tional ability and versatile performance across a wide range of tasks, the term large
language model has sometimes been used in a more specific and even informal sense,
moving away from the statistical objective of the language modeling task. Within
research communities, it may implicitly refer to large transformer-based architec-
tures designed for autoregressive generation [IT1]. Outside these communities, the
intended meaning often centers on interactive and operational chat-oriented behav-
ior, as these are the contexts in which they are primarily applied and most widely
recognized [1].

Despite their successes, LLMs face a wide range of open challenges, including
issues of explainability, social bias, and environmental impact [132] [77]. However,
in the context of this thesis, challenges more directly related to understanding, such
as reasoning and factual reliability, are of utmost importance.

Concerning factuality, their probabilistic nature means that their outputs reflect
learned statistical dependencies rather than verified knowledge. Consequently, they
may produce text that is fluent yet false, a phenomenon known as hallucination. A
hallucination refers to the generation of statements that lack factual grounding in
the training data or in external reality, resulting in the presentation of fabricated or
incorrect information. This issue arises because the training objective of next-word
prediction optimizes for plausibility rather than truth. Efforts to mitigate hallu-
cinations often involve connecting language models to external knowledge sources
or structured databases, enabling them to retrieve and ground their responses in
verifiable information [77].

Faulty reasoning also remains a notable weakness. While encouraging models
to articulate answers through step-by-step reasoning often improves performance,



2.3. INFORMATION EXTRACTION 23

LLMs may still fail at multi-step logical inference, producing incorrect answers that
can nevertheless appear more credible. Such failures are especially evident in tasks
requiring commonsense, spatial reasoning, or quantitative understanding, abilities
that depend on embodied experience and interaction with the world [77].

The development of text-only language models is rooted in the distributional
hypothesis, which assumes that word meaning can be inferred from patterns of co-
occurrence with other words. This principle has enabled models to achieve remark-
able fluency and contextual sensitivity, yet it constitutes a fundamental simplifica-
tion [44].

This limitation connects to what [59] described as the symbol grounding problem:
purely textual systems operate like Searle’s Chinese Room, manipulating symbols
according to rules but lacking any intrinsic understanding of what those symbols de-
note. Similarly, as [TI1] observe, the common idea that language models might learn
meaning purely from text, as children might learn to communicate by listening to
their parents, is misleading. Children do not acquire language solely by hearing
words but through rich multimodal interaction, seeing, touching, acting, and shar-
ing attention with others. Without this coupling between linguistic symbols and
perceptual or social experience, known as grounding, words remain patterns of form
rather than carriers of meaning. This lack of grounding explains why earlier text-
only models often failed on challenges such as the Winograd Schema, where resolving
the pronoun it in a sentence like “The suitcase didn’t fit through the door because
it was too big” requires commonsense knowledge about how objects behave in the
physical world, knowledge that such models lacked.

For these reasons, the ongoing shift toward large multimodal models, systems
capable of processing not only text but also images, audio, and video, should be
regarded as more than a functional innovation or a practical convenience in certain
applications. It represents a theoretical step toward anchoring linguistic form in
perception and experience, aiming to move from distributional correlation toward
genuine understanding [127].

Overall, the continuing progress in improving grounding, reasoning, and fac-
tual reliability is paving the way for the increasing use of large language models
as supporting tools in tasks that demand structured reasoning, such as knowledge
engineering.

2.3 Information Extraction

2.3.1 Definition and tasks

With the computational modeling of language addressed, we now turn to how mean-
ingful information can be derived from it. Information Extraction (IE) refers to the
process of automatically identifying and structuring information expressed in natural
language [76, 33]. Within the broader context of Natural Language Processing and



24 CHAPTER 2. BACKGROUND

Knowledge Engineering, it provides the means to derive explicit factual knowledge
from textual data [I0]. IE thus represents a key step in transforming unstructured or
semi-structured text into representations such as databases, ontologies, or knowledge
graphs [76], 10].

IE addresses the question of who did what, to whom, when, and where [76] 33].
The answer involves a set of complementary subtasks that together support the
structuring process and form the core components of IE [33]. Although conceptu-
ally straightforward, these subtasks remain computationally demanding due to the
ambiguity, variability, and contextual dependency inherent to natural language [76].
Within the broader context of NLP, they are therefore accompanied, sometimes
implicitly, by related tasks that provide essential support, such as coreference res-
olution [33]. The following paragraphs examine the core IE subtasks in greater
detail.

Named Entity Recognition. Named Entity Recognition (NER) identifies spans
of text that refer to named entities, i.e., real-world objects or concepts with a dis-
tinguishable identity that can be denoted by a name [76, 33].

Historically, the task focused on a fixed inventory of entity types such as persons
(PER), organizations (ORG), locations (LOC), and temporal expressions (TIME) [33]
115]. However, a named entity exists independently of such categorical constraints,
and the task has gradually evolved into a more general framework adaptable to any
referent of interest [76]. Early systems relied on handcrafted rules and gazetteers
designed for a limited set of references [33]. These were later replaced by probabilistic
sequence models such as Hidden Markov Models and Conditional Random Fields,
which helped expand coverage to a broader range of categories [76].

Modern approaches employ neural architectures. They provide a more context-
sensitive interpretation that improves generalization and mitigates lexical ambiguity
and variation across linguistic forms and domains [89]. Despite these advances, NER
remains sensitive to domain shifts, and fine-grained or specialized entity types often
require tailored ontological or domain-specific resources [10].

Relation Extraction. Relation Extraction (RE) aims to determine the semantic
relations that hold between entities, for instance that a person is the author of a book
or that an organization is headquartered in a particular location [76} 33]. In many
applications, these relations are defined within a predefined schema that specifies
the types of links to be identified, such as authorship, employment, or geographic
containment 10}, 33].

Classical approaches include pattern-based methods that rely on syntactic or
lexico-syntactic templates, as well as statistical models trained on annotated ex-
amples [33, §]. While pattern-based systems offer high precision, they typically
lack coverage, whereas data-driven models generalize more broadly but are prone
to generating spurious relations [76], 33]. The most effective systems combine these
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strategies by integrating linguistic patterns, statistical learning, and semantic con-
straints from external knowledge bases [76], [10].

Event Extraction. Fvent Extraction generalizes relation extraction from static
associations to dynamic occurrences. It identifies mentions of events such as meet-
ings, acquisitions, or discoveries, together with their participants, temporal anchors,
and contextual modifiers [70], 33].

The task generally involves detecting event triggers, that is, lexical items that
signal the occurrence of an event, and assigning argument roles that specify who
did what, when, and where. Temporal expressions and their ordering are also es-
sential components, often handled through dedicated tagging and normalization
procedures [76], 33].

2.3.2 Approaches and evaluation

The core tasks of IE can be approached under two complementary paradigms 76}, 33].

e Closed IE. The inventory of entity and relation types is predefined, and
extraction is constrained by specific schemas [10, 33]. It is typically framed as
a supervised classification or sequence labeling problem [76]. This setting is
common in domain-focused applications, such as biomedical or legal IE, where
schemas and ontologies restrict the space of possible outputs [10].

e Open IE. Systems extract entities and relations directly from text in an
unconstrained form [46]. Methods frequently rely on dependency patterns,
part-of-speech regularities, and semantic role labeling to identify candidate
triples, trading some precision for broader applicability [76].

Closed IE benefits from the availability of focused annotated corpora, which
guide learning and reduce ambiguity at evaluation time [33]. Open IE faces addi-
tional challenges: it must determine which content is salient, canonicalize heteroge-
neous surface forms of identical concepts, and type or normalize arguments without
prior domain constraints |76} [I0]. As a result, open IE requires stronger generaliza-
tion capabilities and often benefits from domain knowledge even when not explicitly
available [I0]. The two paradigms also differ in the way their performance can be
evaluated [76].

Intrinsic evaluation. Intrinsic evaluation typically reports precision and recall
metrics, which require determining what extracted information is correct and what
has been missed. This can be done either by directly assessing the system’s output or
by comparing it against a complete, manually curated reference (ground truth) [76),
33].
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In closed IE, a predefined schema constrains the expected label space and in-
formation structure. It is therefore easier to determine what falls within scope for
direct evaluation and to establish clear matches with the reference [33].

In contrast, open IE lacks such constraints. Because what should be extracted is
not explicitly defined, direct evaluation depends heavily on the evaluator’s judgment
of what constitutes valid information [76]. The absence of a schema also allows for
different, yet equally valid, formulations of the same fact, which further complicates
comparison with a ground truth. Open IE may rely on semantic similarity measures
for more flexible matching, but thresholds and biases must be handled with care [76].

Recent practice sometimes employs model-assisted judging to scale annotation,
which requires clear guidelines, calibration, and adjudication. Even with these meth-
ods, the fundamental challenge remains: in an open setting, it is difficult to define
what the system was expected to extract and, consequently, what counts as correct
or missing information [76].

Extrinsic evaluation Extrinsic evaluation measures the utility of extracted struc-
tures in downstream tasks such as question answering, knowledge base population,
or ontology maintenance [76, [33]. Here the distinction between closed and open
settings matters less, provided that outputs are transformed into a form usable by
the downstream system [76]. Nevertheless, closed IE often integrates more directly
because its outputs already conform to an expected schema and may better fit spe-
cific domain tasks, whereas open IE typically requires additional consolidation and
alignment 10, [33].

2.3.3 LLM-based extraction

Recent advances in neural architectures have transformed IE into a context-sensitive
and multi-stage reasoning process. Pretrained transformer models achieve strong
performance on NER, RE, and event extraction, often requiring only modest task-
specific supervision or fine-tuning [76].

More recently, Large Language Models (LLMs) have been increasingly employed
for zero-shot or few-shot IE, formulating extraction as a generation or question-
answering task. Instead of explicit pipelines, these models condition text generation
on natural-language prompts that describe the extraction schema, producing struc-
tured outputs in the desired formats. This paradigm unifies previously distinct
subtasks and enables flexible adaptation across domains [76] 178, [170].

However, LLM-based IE also introduces several challenges. Ambiguous text re-
mains difficult to interpret correctly, and models may produce spurious associations
between entities. Factual grounding is another concern: while the goal of IE is to
extract what is explicitly stated in the source, LLMs may inadvertently supplement
or modify information based on their internal knowledge. Although this capacity
can sometimes be advantageous, in settings requiring strict fidelity to the source
it represents a major limitation [76l 178, I70]. Reproducibility is also affected, as
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hosted LLM services typically expose only stochastic decoding, preventing fully de-
terministic execution, even though local deployments can enforce fixed decoding
strategies.

2.4 Semantic Web and Knowledge Graphs

2.4.1 Definitions and principles

Once information has been extracted from text, it must be organized within com-
putational structures that capture entities, relations, and their interconnections in
a consistent and reusable form. The Semantic Web extends the current Web by
providing a framework in which information is given well-defined meaning, enabling
data to be shared and reused across applications and domains. Its foundations lie
in the formal representation of knowledge through machine-interpretable structures
that capture the semantics of concepts and their relations, allowing systems to per-
form reasoning, integration, and automated discovery. In this sense, the Semantic
Web embodies the vision of transforming the Web from a collection of linked docu-
ments into a distributed network of linked data and knowledge [61].

An ontology provides the conceptual schema for a domain, describing the rele-
vant types of entities, their attributes, and relationships [62] [55]. It serves as both a
shared vocabulary and a computational model of a knowledge domain. Ontologies
range from lightweight vocabularies with simple hierarchies (such as SKOS [110])
to expressive logical systems like SNOMED CT in medicine [37], where formal con-
straints and axioms enable precise reasoning over domain data. In the context of the
Semantic Web, ontologies thus function as an interface between human knowledge
organization and automated reasoning systems [62].

A knowledge graph (KG) can be seen as a concrete instantiation of these prin-
ciples, representing knowledge as a network of interconnected entities and relations
that can be built following the schema of an ontology. Each node in the graph corre-
sponds to an entity or concept, while edges encode relations between them, allowing
for complex relational patterns that go beyond hierarchical taxonomies [62], [41]. The
term encompasses a broad family of systems that merge ideas from semantic web
technologies, database research, and artificial intelligence, emphasizing connectivity,
semantics, and reasoning over data. While many knowledge graphs are grounded in
Semantic Web standards and principles, others adopt property graph models that
prioritize flexibility and computational efficiency over formal semantics [62]. Knowl-
edge graphs are particularly suited to integrating heterogeneous sources, as they
can combine structured and unstructured information under a uniform graph-based
model [41].

The Google Knowledge Graph [151] popularized this paradigm of “things, not
strings”, shifting search from matching words to identifying entities and their re-
lations. It also demonstrated how large-scale knowledge graphs could serve as an
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interface between structured representations and user-facing applications such as se-
mantic search and question answering, inspiring the adoption of similar architectures
across major web platforms.

2.4.2 Terminology and conceptual boundaries

The terminology surrounding the Semantic Web and Knowledge Graph representa-
tion can be perceived as inconsistent and occasionally ambiguous, which may lead
to confusion [62, 41]. Clarifying these key terms provides an appropriate starting
point.

Ontologies typically define entities and relations, which knowledge graphs then
instantiate. Under a graph paradigm, these correspond respectively to nodes and
edges [62]. Intuitively, an entity can be understood much like the named entities
introduced in Section [2.3.1} an object or concept that has a unique identity, while
relations represent the connections between such entities.

Ontologies, however, employ a more specific vocabulary. Classes define the hier-
archy of types that objects or concepts may belong to, while individuals are concrete
instances of these types, typically introduced by the knowledge graph that instan-
tiates the ontology. Relations are referred to as properties and are further divided
into three kinds: object properties (linking individuals to other individuals), data
properties (linking individuals to literal values), and annotation properties (linking
any element to textual or metadata information) [55], [103].

From a formal ontological perspective, classes, individuals, and properties each
possess a distinct identity defined by the ontology and can therefore all be consid-
ered entities within it [55]. In this formal sense, an entity is anything with a unique
identity, encompassing the ontological definitions themselves. In the practical con-
text of a knowledge graph, however, the term entity is often used more narrowly to
denote the nodes of the graph, that is, the concrete instances of concepts [62, 41].
This ambiguity is common, but the intended meaning should be clear from context.

Further ambiguities concern the related terms ontology, schema, taxonomy, and
vocabulary, which differ in scope and formality yet are sometimes used interchange-
ably to describe structured representations of domain knowledge [50]:

e A wvocabulary is the simplest representation of a domain. It defines a controlled
set of terms relevant to a specific context, without introducing hierarchy or
explicit relationships among them [50].

o A taxonomy extends this idea by introducing a hierarchical structure that
captures parent—child relations between terms, providing a simple conceptual
organization of the domain [50].

e A schema (or semantic schema) defines how entities and their relationships
are structured within a domain, focusing on the organization and constraints
of data rather than rich semantics. It describes how information is represented
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and often serves as a bridge between conceptual and implementation levels. It
may also be used in the broader sense of the “formal structure of a domain”,

which explains why one can refer to an ontology as a schema for a domain [62,
50].

e An ontology goes beyond a schema by providing a formal, semantically rich
representation of a domain. It includes not only hierarchical and structural as-
pects but also logical axioms and constraints, such as cardinality, domain and
range restrictions, and property characteristics, enabling automated reasoning
and inference. Ontologies thus support deeper understanding and interoper-
ability within and across domains [62], 50].

Although ontologies and knowledge graphs are related as schema and instanti-
ation, their distinction might blur in practice [62], [41]. When modeling data, it is
possible to find that the resulting structure is referred to interchangeably as an on-
tology or as a knowledge graph. This depends largely on where one chooses to draw
the line between classes and individuals. If a modeler treats a subclass of a concept
as an instance, the structure may be described as a knowledge graph; if the same
element is regarded as a class to be further instantiated, the model may instead
be considered an ontology. For example, one may ask: Is Margherita a subclass
of Pizza or an individual instance of it? Formally, ontology languages make the
distinction between classes and individuals syntactically explicit and unambiguous,
so such confusion is resolved at implementation time [62] [103].

Another ambiguity concerns whether the schema or ontology is considered part
of the resulting knowledge graph or kept distinct from it. In some interpretations,
the ontology is integrated into the graph, forming a single structure that contains
both schema-level and instance-level elements. In others, the ontology is conceived
as separate, providing the schema that defines and constrains the knowledge graph
but not belonging to it [62], [41]. This distinction affects how the term knowledge
graph is understood, whether as a self-contained representation that includes its
schema or as an instantiated data layer built upon a distinct ontological model.

A final source of ambiguity concerns the distinction between knowledge graphs
and knowledge bases. These two terms are sometimes used interchangeably, yet they
carry slightly different connotations [62]. A knowledge base traditionally refers to a
repository of facts expressed in a logical form, typically supported by a reasoning
component that allows the derivation of new knowledge [62, 19]. A knowledge graph,
in contrast, emphasizes the graph-based structure of that knowledge, focusing on
the connectivity between entities and the use of identifiers that enable integration
across heterogeneous sources [62].

2.4.3 Knowledge representation and modeling

The conceptual structures modeled with ontologies and knowledge graphs are imple-
mented in practice through formal representation models and data standards typical
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of the Semantic Web. Together, these provide the means to describe and interlink
data in a machine-readable way.

To represent the core concept of identity necessary to model entities of any type,
the Semantic Web relies on Uniform Resource Identifiers (URISs) [14] or, more gener-
ally, on Internationalized Resource Identifiers (IRIs) [39]. These ensure that entities
or concepts can be uniquely and globally referenced, enabling interoperability across
distributed systems.

The Resource Description Framework (RDF) [81] provides the foundational data
model: a directed labeled graph composed of triples of the form (s, p, 0), denoting a
subject s, predicate p, and object o. Each triple constitutes a statement, that is, an
assertion expressing that a given subject is related to an object through a specific
predicate. Statements model atomic facts about entities and their relationships,
providing the building blocks for representing knowledge in a machine-interpretable
form. Subjects and predicates are typically identified by IRIs, ensuring unambiguous
references across data sources. The simplicity of RDF makes it a flexible abstraction
for representing both factual statements and conceptual relationships, forming the
structural basis for higher-level reasoning. Extensions such as blank nodes, reifica-
tion, and named graphs increase its expressiveness, allowing the representation of
anonymous entities, statements about statements, and contextualized subgraphs.

The Web Ontology Language (OWL) [103] extends the expressivity of RDF by
introducing formal modeling of class hierarchies, property constraints, and the logi-
cal axioms required for ontology-based reasoning. Its formal semantics are grounded
in description logics, which enable automated inference: from explicit assertions con-
tained in a dataset, additional facts can be derived according to logical entailment.

Although these tools provide the representational foundation, modeling real-
world knowledge requires addressing additional challenges. Designing and maintain-
ing ontologies or knowledge graphs remains a demanding process, since it requires
both domain expertise and formal modeling skills. Large-scale ontology engineering
is also costly and time-consuming, which has motivated research on strategies to
assist the process [78, 119].

In this context, ontology learning and knowledge graph construction refer to the
automatic or semi-automatic creation of semantic structures from text corpora or
existing data sources [I81], 21I]. The automatically derived structures can then be
refined and formalized by human experts, accelerating the creation of domain on-
tologies and knowledge graphs. The distinction between the two often lies in focus:
ontology learning targets the discovery of conceptual structures, such as classes,
relations, and constraints, while knowledge graph construction focuses on extract-
ing instance-level facts, typically represented as triples, following either open or
predefined schemas [I81, 21]. Both approaches leverage methods from information
extraction to identify candidate entities and relations [10]. A central challenge lies
in determining which elements of a natural-language expression should be repre-
sented as formal concepts of a domain. Identifying and isolating relevant concepts
and encoding their structure in formal data models is, in itself, an act of semantic
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interpretation: representing linguistic content formally presupposes understanding
its meaning |76}, [10]. Models capable of understanding meaning and performing rea-
soning are therefore essential in these processes, echoing the challenges discussed for
natural language processing where meaning must also be represented, structured,
and inferred computationally.

Additionally, while ontologies and knowledge graphs formally represent the
meaning and structure of a domain, their symbolic representations have intrinsic
limitations [62]. Ontologies model domains through logical definitions of classes and
properties, yet part of their meaning remains anchored in the conceptual descriptions
and natural-language annotations that accompany those definitions. This dimen-
sion of meaning, which is implicit, contextual, and distributed, is difficult to cap-
ture through logic alone but can be effectively modeled in continuous vector spaces,
as demonstrated by natural-language representations. Embedding-based techniques
project entities and relations into such spaces, enabling the representation of seman-
tic similarity and conceptual relatedness beyond explicit logical structures [62] 51].
In this hybrid view, the Semantic Web provides the explicit and verifiable structure,
while embeddings capture the latent, language-based dimensions of meaning.

2.4.4 Access and inference

Once information is modeled within semantic representations, having the means
to retrieve and exploit it is essential to move from mere data representation to the
actual use of knowledge. In this sense, access and inference constitute the operational
layer of knowledge representation, enabling the transition from data to information
and, ultimately, to knowledge.

Direct access to structured knowledge is typically mediated through formal query
languages. In the case of RDF-based graphs, the SPARQL Protocol and RDF Query
Language (SPARQL) [64] provides a declarative syntax for retrieving and manip-
ulating data. It allows users to express complex graph pattern queries involving
conjunctions, disjunctions, filters, and aggregations. SPARQL thus serves as the
operational interface to the Semantic Web, enabling precise, schema-aware access
to knowledge graphs. Other query languages have been developed in parallel for
graph-based data implemented under different paradigms, such as Cypher [47] for
property graphs.

The use of such formal query languages presupposes familiarity with both their
syntax and the underlying data model, which creates a barrier for non-expert users.
Recent advances in natural language processing and large language models have the
potential to overcome this limitation by automatically translating natural-language
questions into formal queries [36, [03]. In this setting, the model acts as an interme-
diary between human language and formal data structures, effectively performing
semantic parsing and enabling intuitive access to structured knowledge. This con-
vergence of language understanding and semantic data access represents a key step
toward making the Semantic Web more accessible and actionable.
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Beyond query-based access, reasoning over knowledge graphs extends their util-
ity beyond data storage. Given a well-defined OWL representation, a reasoner can
compute logical consequences such as class subsumptions, instance memberships,
type inheritance, or transitive closure [103] [7]. These operations allow systems to
uncover inconsistencies, validate ontological coherence, and infer implicit knowl-
edge. For instance, from the facts that Rome is the capital of Italy and Italy is
located in Europe, a reasoner can infer that Rome s located in Furope. Beyond such
straightforward cases, reasoning techniques can uncover more complex and non-
trivial relations, inferring new axioms and connections that give rise to additional,
otherwise implicit, knowledge. This capability supports advanced applications such
as question answering, semantic search, and knowledge-based recommendation, all
of which rely on a graph’s ability to represent and infer relations with semantic
coherence [62].

2.5 Recent Directions in Knowledge Engineering

Recent research across the three main directions of this thesis (knowledge struc-
turing, knowledge access, and applications to electronic health records) provides
the contextual background for the contributions outlined above. These areas have
attracted growing attention, reflecting a collective effort to connect unstructured lan-
guage with structured, machine-interpretable representations through LLMs. This
section briefly reviews the most relevant research directions and works related to
the construction, retrieval, and application of structured knowledge.

Knowledge structuring. The first strand of related research concerns the au-
tomatic transformation of unstructured text into structured, machine-interpretable
knowledge, focusing on ontology learning and knowledge graph construction.

Early work on ontology learning from text introduced semi-automatic systems
that combined linguistic analysis and statistical term weighting to extract candi-
date concepts and relations [100, B2, 143]. Such approaches established the basis
for schema induction but generally required extensive linguistic resources and were
limited to narrow, predefined domains.

Subsequent studies explored neural architectures for improving concept recogni-
tion and relation classification [121], [124) 138, [140], yet these systems still relied on
manually annotated data and domain-specific templates. The adoption of large pre-
trained language models has shifted ontology learning toward more flexible zero-shot
and few-shot settings. Generative models can now propose hierarchical structures
and candidate relations through prompting, conversational interaction, or iterative
refinement [48], (170, [155]. Despite these advances, the automatic creation of coher-
ent, domain-specific ontologies remains difficult, particularly in ensuring conceptual
consistency and interpretability.
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Parallel efforts in knowledge graph construction have aimed to populate such
structures directly from heterogeneous or unstructured data. Classical pipelines
combine modules for entity recognition, relation extraction, and entity resolu-
tion [27, 117, [40], enabling the semi-automatic generation of graphs in domains
such as finance or news [43, [106]. These methods, however, depend on predefined
ontologies and extensive human annotation, which limits scalability and adaptability
to new contexts.

Recent advances in transformer-based and large language models have alleviated
some of these constraints by improving contextual understanding and generaliza-
tion [163, 58]. LLMs have shown strong zero-shot and few-shot capabilities in in-
formation extraction tasks such as entity typing, relation detection, and predicate
mapping [3} 168, 87, 162].

Nevertheless, challenges remain in achieving precision and coherence at scale,
particularly when extracted content must be integrated into consistent, reusable
knowledge graphs.

Knowledge access. A complementary line of research focuses on enabling users
to access and query structured data through natural language. Knowledge Graph
Question Answering systems translate user questions into executable queries, typi-
cally SPARQL, to retrieve information from knowledge graphs.

Early approaches relied on handcrafted rules and templates to map natural-
language phrases to ontology elements [I137, 122]. Although effective for simple
questions, such systems required extensive domain engineering and struggled to gen-
eralize beyond predefined patterns. Subsequent work introduced neural sequence-to-
sequence architectures that learned direct mappings between questions and SPARQL
queries [98, [152], 175]. These models reduced dependence on manual rules but still
required large training corpora and remained sensitive to domain and schema vari-
ations.

The introduction of pre-trained transformer models extended this paradigm,
showing that general-purpose language representations could improve translation
accuracy and reduce task-specific supervision [9, 136, 02, [134]. More recently,
prompting-based methods have explored the zero- and few-shot capabilities of large
language models for SPARQL generation without fine-tuning [80, 107, [84] 45] [14T],16].
These approaches demonstrate that LLMs can interpret and generate structured
queries directly from natural language, yet they remain constrained by prompt de-
sign, ontology coverage, and limited evaluation benchmarks.

The task of achieving consistent and domain-agnostic query generation therefore
continues to represent an open challenge for knowledge access.

Applications to electronic health records. Research on electronic health
records (EHRs) has increasingly applied natural language processing to clinical nar-
ratives, progress notes, and discharge summaries [65, [88]. These methods support a
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range of automation tasks, from entity and relation extraction to document classifi-
cation, coding, and summarization, thereby enabling downstream applications such
as risk prediction and clinical decision support.

The introduction of transformer-based architectures has markedly improved ex-
traction quality, although many studies still rely on task-specific annotation or
narrow-domain adaptation [128]. Large language models have since expanded
this line of work by demonstrating zero-shot and few-shot capabilities across di-
verse extraction and reasoning tasks [I35]. Applied studies show their use in
clinical information extraction [67), 2, 161, 123], 150, 52, 120] and diagnostic sup-
port [102, 57, 182], 49, [144], but also beyond direct clinical reasoning, as in coding
assistance and structured summarization [72, 105 5]. Despite these advances, fully
reliable and generalizable clinical systems remain elusive, with performance often
dependent on retrieval augmentation, fine-tuning, or ontology-aware workflows [97].

In parallel, EHRs have been increasingly represented as knowledge graphs to sup-
port interoperability and reasoning. Standards such as FHIR and data models like
OMOP-CDM provide a basis for integration but are limited in semantic expressive-
ness. Knowledge graphs extend these models by linking structured and unstructured
information within a unified, temporally aware framework [113] 147, [146] 17, [85].

Taken together, these studies outline a clear trend toward LLM-assisted knowledge
engineering, where language models act both as sources of semantic insight and
as interfaces to structured data. The methods and experiments developed in the
following chapters build directly on this convergence, aiming to integrate automatic
structuring, intuitive retrieval, and domain-grounded application within a unified
framework.



Chapter 3

Knowledge Structuring

After outlining the theoretical and technological foundations of this work, the focus
now moves to the automatic transformation of unstructured text into structured,
machine-interpretable knowledge, which represents one of the central challenges of
knowledge engineering. This process enables the reuse of the vast amount of infor-
mation already available in textual form, produced in ever-increasing quantities by
public institutions and private organizations as part of the ongoing digital trans-
formation. Much of this material remains unstructured and primarily intended for
human interpretation, which makes it largely inaccessible to computational systems
and limits its potential reuse for analytical and decision-making purposes.

Knowledge Graphs (KGs) have emerged as a key solution to this problem by
providing a formal structure to represent entities, their properties, and relationships
in a consistent and interpretable form. However, constructing such graphs automat-
ically from text requires defining an appropriate schema that describes the entities
of the domain and populating that schema with the corresponding instances. As
discussed in Section ontology learning research has long sought to automate
both processes, bridging the gap between textual content and formalized conceptual
structures. The challenge remains substantial, since schema definition and pop-
ulation have traditionally relied on extensive manual work and domain expertise,
making them time-consuming, subjective, and prone to incompleteness.

Recent advances in Large Language Models (LLMs) open new opportunities
to address this challenge. Their ability to recognize and generalize linguistic pat-
terns across large corpora enables the automatic identification of salient concepts
and their organization into structured representations. LLMs can therefore support
or even replace parts of the manual design process in ontology and schema con-
struction, complementing established knowledge engineering techniques with scal-
able language-based inference.

In this thesis, the problem of knowledge structuring is approached through the
use of LLMs to induce or infer the conceptual organization underlying textual data.
The chapter explores two complementary strategies that differ in their starting as-
sumptions and workflow design, depending on whether the domain schema is defined
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before extracting information from text or allowed to emerge from freely extracted
content. These two perspectives, the schema-first and extraction-first approaches,
are presented respectively in Sections [3.1 and [3.2] Their comparative discussion is
then reported in Section [3.3]

3.1 Schema-first structuring

The schema-first strategy approaches knowledge structuring from the perspective
that a domain should be formally defined before any extraction of entities or re-
lations is attempted. In this view, the schema acts as the conceptual backbone
of a Knowledge Graph, describing its main classes, entity types, and hierarchical
relations prior to any instance-level extraction. Once defined, such a schema can
constrain and guide the organization of information, ensuring consistency and in-
terpretability across extracted knowledge.

Despite the long-standing interest of ontology learning in this topic, datasets
that map textual content to ontological structures remain scarce, as creating them
is a challenge in itself. Most available formal resources provide only simple domain
definitions, with limited sets of entity types and shallow or no hierarchies. Automat-
ically devising schemas such as vocabularies or shallow taxonomies, rather than full
ontologies, represents a practical intermediate objective: they capture the essential
conceptual structure of a domain while remaining comparable with the type systems
used in information extraction datasets.

The following sections describe an approach that operationalizes this perspec-
tive through the use of LLMs for schema induction, combining generative prompting
and unsupervised clustering to infer a set of domain categories grounded in textual
evidence. Although the resulting structure does not yet represent a complete ontol-
ogy, it constitutes a first attempt to define the semantics of concepts by introducing
natural-language definitions of the extracted categories. This stage forms the initial
component of a schema-first pipeline, in which the induced schema can subsequently
guide the extraction and population of Knowledge Graphs.

3.1.1 Methodology

The following pipeline operationalizes the schema-first perspective by combining
LLM-based abstraction with unsupervised clustering to derive a data-grounded vo-
cabulary of domain categories. Figure summarizes the process, which comprises
four modules: Keyword Extraction, Topic Discovery, Topic Clustering, and Cluster
Labeling. Each module is described below.

Keyword Extraction

The pipeline aims to generate an exhaustive entity schema. This first module is de-
signed to identify document-level salient terms grounded in the source documents.
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Figure 3.1: Automatic entity schema generation pipeline. Blue modules utilize
generative LLMs. Green relies on text embeddings and unsupervised clustering.
Yellow represents the output.

Since it must describe the content of the text, a bottom-up approach has been
adopted, starting from the identification of concepts that are important and recur-
rent within the documents of interest. Given a set of documents D, this module
produces a set of keywords K containing the salient terms that characterize D.
The implementation relies on the Keyphrase Transformerfl], a sequence-to-sequence
Transformer model fine-tuned from the FLAN-T5 model [30] to perform keyphrase
extraction as a conditional text generation task. Given a document as input, the
model encodes the document text and generates a textual list of salient keyphrases
as output. For each document d; € D, a keyword set k; is extracted by running the
KeyphraseTransformer on d; and post-processing the generated output into a set of
keywords. All unique keywords across ki, ..., k, are then merged into the final set
K.

Topic Discovery

While keyword extraction focuses on identifying salient document-level terms, topic
discovery addresses a distinct sub-task by performing semantic generalization, map-
ping specific keywords to broader conceptual categories. A keyword set contains
terms specific to each document, whereas an entity schema requires broader terms
applicable across different contexts. This module generalizes the extracted keywords
into more generic topics.

The process relies on the generative LLM Zephyr [158], which is instructed
through a prompt specifically designed for this task (the full prompt is reported
in Section . Among the wide range of available LLMs, Zephyr is selected
as a concrete and reproducible instantiation of the generative component in the
proposed pipeline. The choice was motivated by practical considerations, includ-
ing open-source availability and local executability, rather than by an attempt to

thttps://github.com/Shivanandroy /KeyPhraseTransformer
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identify an optimal model for the task. Preliminary, informal evaluations based
on qualitative manual inspection were conducted to assess whether the model was
suitable for the intended information extraction task.

Keyword sets k; are provided to Zephyr to obtain hypernyms for the contained
terms. The model produces a JSON object formatted as {original keyword: clos-
est hypernym, ...}. Topic frequencies are subsequently computed, discarding those
below a threshold 6 to remove less meaningful terms, as described in Section [3.1.2]

Topic Clustering

Even though the topic discovery module generalizes the terms representing the ex-
tracted keywords, the resulting set still contains an excessive number of topics.
Many of these are semantically similar and describe the same underlying concept.
The purpose of this module is therefore to group semantically related topics into
coherent sets, referred to as clusters.

The process begins by aggregating keywords according to their topic labels, ob-
taining for each topic a set of keywords whose hypernym corresponds to that label.

To perform topic clustering, a feature representation is defined for each topic.
Such representation is derived from a distributed embedding of the topic and its asso-
ciated keywords. Given a topic, both its label and all related keywords are projected
into an embedding space, as described in Section [3.1.2] The final topic embedding
is computed as the weighted average between the label embedding, weighted by
wy, and the centroid of the keyword embeddings, weighted by wy. This strategy is
informed by exploratory, informal analyses based on qualitative inspection, which
highlighted two main issues.

e Considering only the embedding of the topic label is suboptimal, as the FLAN
model often returns correct but overly generic hypernyms. For example, for
the keywords apple, banana, and orange, the topic discovery module produces
the label food, which is correct but semantically distant from the intended
concept, whereas fruit provides a more appropriate level of abstraction.

e Conversely, considering only keyword embeddings leads to insufficient gen-
eralization, risking the grouping of concepts that differ substantially from a
semantic perspective.

The weighted strategy addresses these two problems by balancing the seman-
tic contributions of both components, yielding a more accurate and stable topic
representation.

For clustering, Hierarchical Clustering (HCA) [114] is adopted, as it does not
require specifying the number of clusters in advance. Two main strategies exist
for HCA: Agglomerative (bottom-up) and Divisive (top-down). The agglomerative
approach is selected, in which all data points start as individual clusters and are
iteratively merged according to a similarity metric until a single cluster remains.
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Cosine similarity is used as the distance metric, combined with the complete-
linkage methodﬂ An exhaustive searchrf] is performed to determine the optimal link-
age distance threshold, returning the cluster configuration with the best Silhouette
score [142].

Clusters are further refined using the keyword counts introduced in Section [3.1.1]
to automatically remove groups insufficiently supported by the original text. For
each cluster, only topics associated with at least n keywords are retained. If the
cumulative keyword count of a cluster does not reach the threshold m, the cluster
is discarded as not sufficiently representative.

Cluster Labeling

After generating clusters, the next step is to assign an expressive and representative
label to each group of terms in order to compose the final entity schema. The label
acts as an entity type summarizing the conceptual scope of the cluster.

A new prompting step is introduced, in which the LLM Zephyr is queried to
assign a label to each cluster. The prompt instructs the model to identify a broader
concept or category that encompasses all the topics contained in the cluster (the full
prompt is reported in Section .

The output of this step is the final entity schema, represented as a JSON docu-
ment containing the generated labels and their corresponding abstract descriptions.

3.1.2 Experiments

The experimental phase evaluates the effectiveness of the proposed schema induction
pipeline. It provides details about the implementation, the parameter configuration
used to run the process, and the datasets adopted for validation. The assessment
includes both qualitative and quantitative analyses of the schemas extracted from
the selected corpora.

Experimental Setup

The entire pipeline is implemented in Python, relying on the transformer packagd’]
for executing LLM-related tasks, sentence—tmnsformeﬂ for the text embeddings
required in the distributed representations of topics, and scikit—learnﬁ for the im-
plementation of the agglomerative clustering algorithm and the computation of the

2Searches for the maximum distance between topics of cluster pairs.

3Conducted in the interval [0, 1] with step s, feasible due to the bounded range of the cosine
distance.

“https://huggingface.co/docs/transformers/main_classes/pipelines

®https://huggingface.co/sentence-transformers/all-mpnet-base-v2

Shttps://scikit-learn.org/stable/modules/clustering.html#
hierarchical-clustering
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Silhouette scord’]

Each parameter described in Section is set empirically. Weights w; = 0.50
and wy = 0.50 are used to compute the distributed topic representations. Thresholds
are set to 0 = 1, n = 3, and m = 9 to maintain a conservative number of clusters.
The search step for the linkage distance threshold is set to s = 0.05 to identify the
configuration with the best Silhouette score.

Datasets

To evaluate the automatic schema generation capabilities of the proposed approach,
a set of named entity recognition datasets is selected, each providing a corpus and
a ground truth schema. The choice of datasets is guided by the need to include
distinct and domain-specific contexts. Several classic NER datasets consist of large
news corpora covering a broad range of topics but annotated only with coarse entity
types such as ORG, PER, LOC, or MISC. These corpora are not well suited for describing
content through a simple schema, making them less appropriate for evaluating the
proposed pipeline. Instead, three domain-specific datasets are selected as more
suitable test cases.

e MIT-RESTAURANTS [95] contains 1520 development sentences related to
food and restaurants.

e MIT-MOVIES [95] contains 2442 development sentences related to cinema
and movies.

e BIO-NLP 2004 [34] contains 1927 development sentences related to molecular
biology.

Each dataset is divided into training, development, and test folds. Only the
development folds are used for the experiments. Because the datasets consist of
single sentences, and keyword extraction is generally performed at the document
level, sentences are grouped and concatenated into texts of 20 sentences each to
serve as input to the pipeline.

Evaluation

The evaluation assesses the schemas generated by the proposed pipeline when ap-
plied to the datasets described in Section[3.1.2] A valid schema should correctly and
comprehensively represent the content of the corpus by providing a coherent set of
entity types that reflect the underlying textual structure. Because there is no sin-
gle way to group and represent the topics encompassed by a corpus, the evaluation
method must account for such variability.

Two complementary strategies are adopted:

"https://scikit-learn.org/stable/modules/generated/sklearn.metrics.silhouette_
score.html
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e Qualitative evaluation, which consists in manually comparing the extracted
schema with the ground truth schema of each dataset. The comparison con-
siders the semantics of the labels and establishes correspondences between
entity types across the two schemas to determine whether the automatically
extracted schema models the relevant topics appropriately.

e Quantitative evaluation, which measures the exhaustiveness of the generated
schema with respect to the entities found in the text. The alignment between
the source text and the extracted entities is assessed by running a named
entity recognition model with both the ground truth and the automatically
generated schemas, and comparing their results.

Entity extraction in both evaluation strategies relies on UniNER [I83], an LLM-
based named entity recognition model capable of retrieving entities according to
custom type definitions provided as input.

Qualitative evaluation. The qualitative evaluation compares the entity schemas
generated by the proposed method with the human-annotated ground truth schemas
of the selected datasets. Tables [3.1] [3.2], and report these comparisons. The left
column lists the ground truth entity types, while the right column presents the types
automatically identified by the pipeline.

Ground Truth Automatically generated types
RAaTING #

LocATION URBAN NEIGHBORHOOD, URBAN AREA
AMENITY PARKING SERVICE

CUISINE MEXICAN CUISINE, CHINESE CUISINE
Hours #

PRICE #

DisH Foop

RESTAURANT NAME P1ZZA RESTAURANT, FAST FOOD ESTABLISHMENT, FoOD
ESTABLISHMENT, COFFEE ESTABLISHMENT

Table 3.1: Comparison between ground truth entity types and inferred entity types
on MIT-RESTAURANTS dataset

Operating from the left column, the schemas are manually aligned so that each
row contains equivalent types or topics. When a type from one schema has no
corresponding entry in the other, the hash symbol (#) is used to denote the absence
of a match.

All tables highlight that most ground truth types have a corresponding match
in the automatically generated schema. Exceptions include a few types related to
raw data, such as numeric values represented by the RATINGS, HOURS, and PRICE
categories in Table as these elements are not retrieved as keywords by the
Keyphrase Transformer adopted in the pipeline.
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Ground Truth Automatically generated types

GENRE FILM GENRE

YEAR #

PLoT #

AVERAGE RATINGS, FILM RATING

RATING

AcTOR FiLM AcTOR, HUMAN, FEMALE CELEBRITY
TITLE MOVIE, SCIENCE FICTION MOVIE, FANTASY FILM, COMEDY
SonG #

CHARACTER FICTIONAL CHARACTER

REVIEW #

DIRECTOR FILM DIRECTOR

TRAILER #

# CINEMA, HORROR CINEMA

# ANIMATED MEDIUM

Table 3.2: Comparison between ground truth entity types and inferred entity types
on MIT-MOVIES dataset

Ground Truth Automatically generated types

DNA GENE REGULATION, GENE, REGULATORY REGION, PROMOTER
ELEMENT

PROTEIN PROTEIN, PROTEIN COMPLEX, PROTEIN KINASE, ENZYME,
RECEPTOR, GROWTH FACTOR, TRANSCRIPTION FACTOR

CeELL TYPE CELL BIOLOGY, CELLULAR DIFFERENTIATION, CELL ADHESION
MOLECULE, CANCER

CELL LINE CELL LINE

RNA MESSENGER RNA

# IMMUNOLOGICAL ACTIVATION, ANTIBODY, CYTOKINE SIGNALING

# CHEMICAL COMPOUND, PHORBOL ESTER

# VIRrus

# PROGRAMMED CELL DEATH

Table 3.3: Comparison between ground truth entity types and inferred entity types
on BIO-NLP 2004 dataset

For types referring to actual entities, the automatically generated schema tends
to be more fine-grained. For example, regarding the type RESTAURANT NAME
in Table [3.1], the pipeline identifies multiple subtypes of establishments, including
P1zza RESTAURANT, FAST FOOD ESTABLISHMENT, and COFFEE ESTABLISHMENT.
Similarly, the entity type PROTEIN in Table 3.3 corresponds to several more specific
concepts, such as PROTEIN KINASE, ENZYME, and GROWTH FACTOR.

In the specific case of the BIO-NLP 2004 dataset (Table , the approach
discovers additional entity types not present in the ground truth. Table reports,
for each new type, the number of unique entities detected by UniNER. Using the
automatically generated schema, UniNER identifies a total of 269 unique entities
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Entity type Unique entities
IMMUNOLOGICAL ACTIVATION 29
ANTIBODY 25
CYTOKINE SIGNALING 27
CHEMICAL COMPOUND 134
PHORBOL ESTER 18
VIRUS 31
PROGRAMMED CELL DEATH 5

Table 3.4: Summary of additionally discovered entity types not present in the ground
truth of the BIO-NLP 2004 dataset

distributed across seven novel types absent from the ground truth. These results
suggest that automatic schema induction methods such as the one proposed here can
serve as valuable tools to extend existing datasets and to support human annotators
in defining appropriate entity schemas for new domains.

Quantitative evaluation. To quantitatively assess the comprehensiveness of the
automatically generated schema, the evaluation employs the Topical Similarity Score
(T'S) introduced by [71]. This metric was originally designed to measure the informa-
tional richness of extracted triples relative to the source text. In the present context,
it is used to quantify the informational coverage of entities extracted with UniNER
according to a given schema. A more comprehensive schema allows the NER model
to retrieve entities that better reflect the content of the text, thereby achieving a
higher T'S score and indirectly indicating schema quality and completeness.

The T'S score is computed for both the ground truth schema and the automati-
cally generated schema using the same extraction tool to ensure comparability. It is
derived from the Kullback—Leibler divergence between the probability distribution of
latent topics identified in a document and the topics associated with the extracted
entities. The topic distribution of a text is modeled through a Latent Dirichlet Al-
location (LDA) model with N latent topics, denoted as LD Ay. For each document
D, the set of extracted entities is defined as Ep, where each entity is encoded as
“entity label (type label)” and concatenated into a single representation. The topical
similarity is then computed according to Equation (|3.1).

TS(D, Ep, N) = exp (— Z LDAN(D); - log (%)) (3.1)

The results show the comparison of topical similarity scores between entities
extracted according to the automatically generated schema (AG) and the ground
truth schema (GT) for different numbers of latent topics N used in LDA topic
modeling.

The reported scores are obtained from a single execution of the schema generation
pipeline and the entity extraction tool. Multiple runs yield only minor variations
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N=5 N=10 N=20 N=30 N=40 N=50 N=75 N=100

AG 0.939 0.850 0.630 0.519 0.583 0.438 0.350 0.421
GT 0.930 0.807 0.630 0.514 0.520 0.529 0.382 0.343

Table 3.5: MIT-RESTAURANTS TS score of UniNER entities extracted with
the automatic schema (AG) versus the ground-truth schema (GT).

N=5 N=10 N=20 N=30 N=40 N=50 N=75 N=100

AG 0.908 0.802 0.771 0.680 0.670 0.616 0.557 0.524
GT 0.929 0.845 0.822 0.7563 0.705 0.699 0.635 0.571

Table 3.6: MIT-MOVIES T'S score of UniNER entities extracted with the auto-
matic schema (AG) versus the ground-truth schema (GT).

due to the probabilistic nature of the generative models involved. A higher TS value
indicates stronger alignment between schema-based entities and the underlying text.
Since the absolute values of T'S are not directly interpretable, the analysis focuses
on the relative differences between the AG and GT results.

Across all datasets, the automatically generated schema demonstrates compara-
ble or slightly superior performance to the ground truth, with an average difference
of less than 1% in the T'S score. This outcome indicates that the automatically in-
duced schemas are both comprehensive and consistent with the semantic structure
of the source corpora.

3.1.3 Summary

The schema-first approach presented in this section demonstrates how LLMs can
support the induction of simple yet meaningful domain schemas directly from un-
structured text. By combining generative prompting and unsupervised clustering,
the pipeline produces a vocabulary of entity categories and descriptions grounded
in the linguistic evidence of the corpus. The experimental results show that the
automatically induced schemas capture the essential conceptual structure of each
domain and achieve coverage comparable to human-defined type systems. Although
the resulting schemas remain at a preliminary level of abstraction, they constitute
a practical foundation for subsequent knowledge extraction and population tasks.

3.2 Extraction-first structuring

Complementing the schema-first strategy of Section [3.1 the extraction-first ap-
proach begins by detecting entities and relations directly from text without a prede-
fined schema. The central idea is to let structure emerge from document-grounded
mentions and predicates, and only then consolidate types, relations and hierarchy.



3.2. EXTRACTION-FIRST STRUCTURING 45

N=5 N=10 N=20 N=30 N=40 N=50 N=75 N=100

AG 0.975 0.930 0.832 0.820 0.790 0.724 0.697 0.630
GT 0.954 0.887 0.755 0.748 0.683 0.668 0.554 0.542

Table 3.7: BIO-NLP 2004 TS score of UniNER entities extracted with the auto-
matic schema (AG) versus the ground-truth schema (GT).

This perspective aligns with open information extraction paradigms, which pri-
oritize the discovery of factual statements expressed in natural language. By oper-
ating without a fixed schema, extraction-first methods can capture a broader and
potentially more nuanced range of entities and relations, including domain-specific
or context-dependent ones that may not be anticipated in predefined data models.
At the same time, this flexibility introduces challenges of consistency, redundancy,
and semantic alignment, as the resulting information must later be organized and
normalized into coherent structures.

In this section, a zero-shot, LLM-driven pipeline is presented to operationalize
this strategy at the document level. The pipeline extracts entities enriched with
textual descriptions and type indicators, then iteratively identifies and canonicalizes
relations among them to form predicate-labeled RDF triples. Each step is designed
to preserve grounding in the source text, limiting hallucinations and ensuring trace-
ability. The resulting triples form the basis for constructing Knowledge Graphs that
are both expressive and adaptable, allowing the emergent schema to be inferred from
empirical data rather than predefined design.

3.2.1 Methodology

The following pipeline operationalizes the extraction-first perspective by leveraging
LLMs for zero-shot information extraction. The process is designed to detect en-
tities and relations directly from text, enriching them with semantic context and
iteratively forming predicate-labeled RDF triples. Figure summarizes the over-
all workflow, which consists of two main stages: Entity Extraction and [terative
Triple Extraction. Each stage is described below. For brevity, explicit prompt tem-
plates are omitted, given their number and length. The complete implementation is
provided in a public GitHub repositoryf]

Entity Extraction

The first stage performs a comprehensive entity characterization, extending beyond
the simple identification of text spans. Its objective is to represent each entity men-
tion as a semantically enriched unit composed of (i) an entity label, not necessarily
corresponding to an exact text span, (ii) a concise description, and (iii) a list of types

8https://github.com/SandroGT/KG-LLM-Prompting
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O Iterative Triple Extraction
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Figure 3.2: High-level architecture of the extraction-first pipeline. The process
includes an entity extraction stage and an iterative triple extraction stage. The
diagram shows how entity descriptions and types support context-aware relation
discovery while constraining hallucinations.

or hypernyms. This representation provides contextual and typological information
that supports the subsequent structuring stages.

Entities are identified through direct interaction with a large language model.
A system prompt defines what constitutes an entity and instructs the model to re-
trieve mentions following the enriched representation above. To ensure consistent
behavior, the generation parameters are fixed during all runs. Exploratory qualita-
tive analysis based on manual inspection indicated that providing explicit guidance
on what constitutes an entity leads the model to focus more consistently on con-
crete nouns and named entities, yielding richer and more reliable extractions. The
resulting set of entities is denoted as E. The full prompt is reported in Section [A.2.1]

Iterative Triple Extraction

The second stage performs an appropriate characterization of triples and predicates.
Its purpose is to represent the relations between pairs of entities (subject and object)
through suitably defined predicate labels and corresponding textual descriptions
that capture the general meaning of the relationship. This design ensures that each
extracted relation is both machine-processable and human-interpretable.

The generation of triples is constrained to the previously extracted entities, mini-
mizing hallucinations by ensuring that all relations refer to entities already identified
in E. Generating triples that explicitly and exclusively refer to E is challenging for
LLMs, especially when E contains many elements, as the model may attempt to
introduce unseen entities. To address this, an iterative strategy is adopted, focusing
on one entity e; € E at each iteration ¢. This reduces task complexity and increases
the accuracy of relation extraction. Each iteration comprises four steps: Phrase
Selection, Mention Recognition, Relation Extraction, and Predicate Description.
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Phrase Selection. Rather than processing the entire text 7', a smaller context T
is defined for each entity e;. This excerpt summarizes the information about e; and
reduces the model’s reasoning load, improving reliability. Although several sum-
marization strategies were considered, a practical and simple solution was adopted:
using the entity descriptions produced in the previous stage as T, which naturally
capture the local context of each entity. Accordingly, this stage does not rely on an
explicit prompt.

Mention Recognition. This step identifies which entities from E are mentioned
in T¢, defining the subset E C E. The LLM is prompted with both the complete
list £ and the text excerpt T, and instructed to return the same list annotated
with a “yes/no” marker for each entity. Those marked “yes” form the subset E
of entities co-occurring with e; in the local context. The full prompt is reported in

Section [A.2.2]

Relation Extraction. Relations are then extracted using the restricted content
provided by T.¢ and EF. The model is prompted to generate the relations be-
tween entities in E¢ that are expressed in T, representing them as RDF triples of
the form (subject, predicate, object). The prompt explicitly defines the notion of
an expressive predicate, guiding the model to generate predicates that capture the
relationship meaningfully while avoiding overly specific phrasing. This approach
encourages predicate canonicalization, improving the reusability and generalization
of the resulting triples. The full prompt is reported in Section [A.2.3]

Predicate Description. Finally, each unique predicate is described to enhance
interpretability. For every predicate identified in the previous step, the LLM is
prompted to produce a short textual definition contextualized by the excerpt T.¢ and
the corresponding triples RY. The output consists of pairs (predicate, description),
which provide human-readable explanations of the extracted relations. The resulting
sets of triples and predicate descriptions together form a document-level, semanti-
cally enriched representation suitable for Knowledge Graph construction. The full

prompt is reported in Section [A.2.4]

3.2.2 Experiments

The effectiveness of the extraction-first pipeline is evaluated through a series of
experiments involving both human and automatic assessment procedures. The large
language model used for the experiments is GPT-3.5 (specifically the GPT-3.5-
turbo-0301 releasdﬂ), with the temperature parameter set to zero to approximate
deterministic behavior. Although OpenAl does not provide a fully greedy decoding

Yhttps://platform.openai.com/docs/models/gpt-3-5-turbo


https://platform.openai.com/docs/models/gpt-3-5-turbo

48 CHAPTER 3. KNOWLEDGE STRUCTURING

mode, this configuration minimizes stochasticity and aims for consistent outputs
across runs.

Datasets

The proposed tool extracts entities and predicates enriched with contextual descrip-
tions derived from in-text knowledge. This task cannot be performed consistently
if the source material lacks sufficient detail or contextual information, as often oc-
curs with existing datasets composed of isolated sentences or short paragraphs. To
address this limitation, a dedicated dataset was created, denoted as ST _WEB, by
collecting complete webpages from the English version of the Sardegna Turismo por-
tal'”l The corpus describes tourist destinations and points of interest in Sardinia
and comprises 44 documents (888 sentences) covering topics related to culture and
tourism.

To further assess the capability of the approach to enrich existing Knowledge
Graphs, an additional dataset was derived from the REBEL corpug'[| [22], consisting
of 148 annotated Wikipedia documents (2,803 sentences) on diverse topics. To
contain both the computational cost of LLM-based extraction and the effort required
for manual evaluation, experiments were conducted on a representative subset of
the data. In particular, 20 documents, referred to as REBEL_20, were selected for
manual evaluation.

Evaluation

Two complementary types of evaluation are carried out: a human assessment, ap-
plied to the ST _WEB and REBEL_20 datasets, and an automated evaluation,
applied to the entire REBEL dataset, aimed at measuring the quantity and quality
of additional information retrieved by the proposed strategy.

Human Assessment. Human assessors annotate each entity, entity type, and
triple as correct or incorrect. An entity is correct if it is relevant to the textual
context and explicitly mentioned in the input text. An entity type is correct if it
accurately captures the class and context of the corresponding entity. A triple is
correct if its predicate label expresses the relation and description appropriately,
and both entities involved have been labeled as correct.

Each correct entity and triple also receives a Boolean annotation a,, used to eval-
uate whether the LLM retrieves the information directly from the text (a, = true)
or draws on its internal knowledge (a, = false). Assessors additionally identify
a set of missed entities, that is, relevant entities present in the input text but not
retrieved by the model. This list is defined by considering all entity types having at
least two associated entities to form a reference schema.

Ohttps://www.sardegnaturismo.it/en/
Uhttps://osf.io/4x3r9/?view_only=87e7af84c0564bd1b3eadff23e4b7eb4
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For the REBEL dataset, assessors introduce an additional Boolean annotation
a, to evaluate whether each LLM-generated entity or triple corresponds to a concept
annotated in the original dataset (a, = true), even if expressed in a different form,
or not (a, = false).

From these annotations, classical confusion matrix entries are derived. Each
correct component is a true positive (TP), each incorrect item is a false positive
(F'P), and each missed entity is a false negative (F'N'). Missing entities are identified
exclusively through human annotations, disregarding those in the REBEL dataset,
since its schema may not align with that implicitly adopted by the LLM. Counting
them as missing would therefore be inconsistent.

These quantities permit the computation of the well-known metrics of precision
(P), recall (R), and F-score (F}), defined as follows™’}

TP
P—TP+FP (3.2)
TP
R_TP+FN (3.3)
R TP (3.4)

" TP+ L(FP+FN)

The capability of the model to infer additional information is assessed through
the a, annotations, defining a score ¢ as in eq. , corresponding to the percentage
of correct information derived from the LLM’s internal knowledge rather than from
the input text. Using the a, annotations on the REBEL dataset, the knowledge
enhancement capability of the tool is quantified by the score v, defined in eq. ,
representing the percentage of correct information not mentioned in the original
dataset.

TP A-a,

o TP (3.5)
TP A —a,
T = —T1p (3.6)

The following metrics are therefore computed:

o PE RE FPE: precision, recall, and F-score for entity extraction;

o PT. PfT: precision of entity typing, considering all extracted types for each
entity and only the first type, respectivelyiﬂ;

12Note that R and I, can be computed only for entities, as the present work considers missing
entities exclusively.

13The LLM outputs a list of types, which can be evaluated either in full or by considering only
its first entry.
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e P%: precision of relation extraction;

o o o g-scores for entity descriptions and relation extraction;

o F ~Af: ~yoscores for entity extraction and relation extraction.

Automated Assessment. An automated evaluation is also conducted to esti-
mate the knowledge enrichment potential by exploiting the ground truth provided
in the REBEL dataset. Unlike human evaluation, classical confusion-matrix met-
rics cannot be applied, as they require exact matches between model-generated and
ground-truth triples. Triples produced by LLMs may be correct and informative
but represented differently from those in the reference dataset, which traditional
metrics would incorrectly classify as false positives. To address this limitation, two
complementary metrics introduced by [71] are adopted.

The first metric is the Topical Similarity Score (T'), which measures the infor-
mation abundance of the extracted triples compared with the source text. It relies
on a Latent Dirichlet Allocation (LDA) model [16] for topic modeling, generating a
probability distribution representing the alignment of a text with a set of N abstract
topics (LDAy). All extracted triples, represented as strings, are concatenated into
a text Tp, whose LDA representation is compared with that of the source text D
as shown in eq. (3.7). A high value of 7" indicates that the triples and the text ex-
hibit similar alignment with the same abstract topics, reflecting effective information
extraction.

T = exp <— Z LDAy (D), -log (%)) (3.7)

The second metric is the Uniqueness Score (U), which evaluates the diversity of
the extracted triples by measuring the percentage of triple pairs that are semanti-
cally distinct. Each of the n extracted triples, represented as a string, is encoded
as a vector v using embeddings. A pair of triples (v;,v;) is considered distinct if
their cosine similarity is below a given threshold #. The final score is computed as
in eq. (3.8)), where a high U value indicates that the triples convey non-overlapping
information.

1 " 1 if CosSim (v;,v;) < 6
U= ———= 3.8
n(n—1) ; ZJ: ({0 otherwise (3:8)

The scores obtained from the model outputs (77, and Uy) are compared against
those derived from the ground truth triples (7¢ and Ug). The implementation of
these metrics is publicly available in the project repository’]

Yhttps://github.com/SandroGT/KG-LLM-Prompting/tree/main/dataset
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Results

The extraction-first pipeline produced a total of 761 entities and 640 triples from the
ST_WEB dataset, 2,845 entities and 2,024 triples from the REBEL dataset, and
379 entities and 329 triples from REBEL_20. The evaluation focuses exclusively
on this system, since, to the best of current knowledge, no other state-of-the-art
methods employ an equivalent extraction strategy that would allow for a direct
comparison. The results of the manual evaluation are reported in Table [3.8|

Dataset Pt RE FF Bl Pf PR oP o AP 4R

a

ST_WEB 097 094 096 0.8 095 0.75 0.09 0.00 - -
REBEL 20 098 090 093 078 094 084 032 0.07 045 0.95

Table 3.8: Evaluation results from manual annotations.

The results demonstrate the effectiveness of the proposed approach, particularly
in identifying meaningful entities, as indicated by the high values of P¥ RE, and
FF across both datasets. Entity typing also achieves strong performance, with
adequate accuracy when all retrieved types are considered (PT) and substantially
higher scores when only the first predicted type is evaluated (PfT), showing that the
prompting strategy effectively captures entity classes. Relation extraction achieves
satisfactory precision, as reflected in the P values.

The guidance provided to the LLM toward a text-centric focus proved partic-
ularly effective for the ST_WEB dataset, where additional information generated
beyond the source text accounts for only 9% of entity descriptions. The REBEL
dataset exhibits higher values (32% for entity descriptions and 7% for relations),
likely due to the characteristics of its texts, where mentioned entities often lack
sufficient contextual detail for generating full descriptions. Refining the entity ex-
traction prompt and the phrase selection strategy is expected to mitigate this issue
without altering the overall pipeline design.

The v scores confirm that the methodology significantly enhances existing
Knowledge Graphs, particularly in identifying new relevant entities not originally
present in the underlying representation.

For the automated evaluation on the REBEL dataset, the Topical Similarity
scores reported in Table [3.9) vary with the number of LDA topics (N). The results
indicate that the extracted triples are better aligned with the dominant topics of
the input texts than those present in the ground truth.

The Uniqueness scores, presented in Table [3.10 further assess the diversity of
the extracted triples. A total of 2,024 triples were generated compared with 615 an-
notated in the ground truth. The higher U values obtained for the extracted triples
indicate that the proposed method provides a broader and more diverse represen-
tation of the available information, maintaining uniqueness even at low similarity

thresholds (0).
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N=5 N=10 N=20 N=30 N=40 N=50 N=75 N =100

T, 0.70 0.62 0.58 0.45 0.44 0.40 0.30 0.25
Te  0.64 0.50 0.51 0.36 0.31 0.29 0.19 0.15

Table 3.9: Topical similarity results comparing extracted triples (7;) and ground
truth triples (T¢;) on the REBEL dataset.

6 =0.70 0 =0.75 0 =0.80 0 =0.85 6 =0.90 0 =0.95

UL 0.84 0.89 0.92 0.95 0.98 0.99
Ua 0.67 0.77 0.84 0.88 0.93 0.98

Table 3.10: Uniqueness results comparing extracted triples (Uy) and ground truth
triples (Ug) on the REBEL dataset.

Figure[3.3]illustrates an example subgraph extracted from the ST_WEB dataset.
Yellow nodes correspond to entities, and pink nodes represent their associated types.

Architectural Element Vault
Religious Celebration Religious Object Tower Cappéita del Crociiess
Is contained in contains Altar
Sant'Efisio martire Bell Tower Bell tower
located on Chapel
Saint located in Religious Building  Histofical Building
o= i High altar
Tomb of SantEdizio ) Martyr
Historical Site located beneath
Church of Sant'Efisio Church Architectural Model
Efisiu Gloriosu prison Church of Santa Restituta
Tomb Crypt Prison Baroque Architecture

Figure 3.3: Example of an extracted subgraph from the ST_WEB dataset, where
yellow nodes represent entities and pink nodes indicate types.

3.2.3 Summary

The extraction-first approach described in this section demonstrates how Large Lan-
guage Models can directly generate and enrich Knowledge Graphs without prede-
fined schemas. By leveraging zero-shot prompting strategies, the pipeline extracts
entities and relations from raw text while providing enriched representations through
descriptive and typological information. The resulting triples capture semantically
coherent connections between entities and predicates, enabling a more expressive
and interpretable structuring of textual knowledge. Experimental results highlight
strong performance in entity identification and relation extraction, confirming the
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validity of this method for producing detailed and context-aware graph represen-
tations. This perspective complements the schema-first strategy by emphasizing
data-driven structuring and will be further discussed in the following comparative
analysis.

3.3 Comparative analysis and discussion

The schema-first and extraction-first strategies represent two complementary per-
spectives on how LLMs can support the transformation of unstructured text into
structured knowledge. Their comparison highlights distinct methodological assump-
tions and reveals a progressive convergence toward a hybrid paradigm.

The schema-first approach assumes that a domain should be formally charac-
terized before any extraction of entities or relations is attempted. This perspective
offers an advantage in terms of early semantic consistency, since extracted elements
are expected to conform to a shared conceptual frame that facilitates uniform an-
notation and interpretability. In practice, two main difficulties arise.

First, defining a schema before observing actual content imposes strong top—down
assumptions. An LLM cannot be exposed to an entire corpus at once and reliably
infer a coherent schema, so the process must be divided into smaller portions and
subsequently merged. In earlier experiments, this led to the use of keyword extrac-
tion as a practical summary of textual content, which was then aggregated through
clustering to derive an initial schema. Although effective in producing broad domain
categories, the reliance on keywords limited contextual richness. From a linguistic
perspective, keywords can be viewed as raw precursors of entities, providing only
partial semantic information.

A second limitation concerns the enforcement of schema constraints during ex-
traction. Constraining an LLM to adhere strictly to a predefined schema requires
elaborate prompting and careful conditioning, as models tend to generate new en-
tities or relations beyond the intended scope. Even when explicitly instructed to
restrict extraction to a given pre-identified set, LLMs tend to introduce additional
elements, as observed in the [terative Triple Extraction phase described in Sec-
tion [3.2.1] In that stage, the model was instructed to form relations only among
a predefined set of entities identified within the same document, yet it occasion-
ally introduced new entities, revealing the intrinsic difficulty of binding generative
behavior to fixed symbolic definitions.

By contrast, the extraction-first approach lets entities and relations emerge di-
rectly from text without relying on a predefined type system. It leverages the model’s
capacity to identify semantically salient elements within context, producing richer
and more descriptive representations. Because extracted entities already include
textual descriptions and implicit type cues, they provide a better foundation for de-
riving higher-level abstractions in a subsequent stage that mirrors the schema-first
logic. In this view, the schema arises as a data-driven generalization built upon the
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extracted content rather than as a prior constraint, offering a more natural starting
point for knowledge structuring.

3.3.1 Toward hierarchical refinement

Building on these observations, subsequent experiments extend the extraction-first
pipeline with a refinement phase designed to infer explicit hierarchies among the
extracted types. This stage can be regarded as an evolution of the schema-first
approach, where the definition of the schema is reconstructed a posteriori from
the extracted entities and types rather than induced from keywords. The process
remains exploratory and has not yet been systematically evaluated, but it illustrates
how the two previously strategies can be integrated within a single workflow.

Preliminary tests were conducted on a subset of geographically themed sentences
from the WikinRE dataset, pre-classified by an LLM. Consider the example:

Ramakuppam is a village in Chittoor district of the
Indian state of Andhra Pradesh.

The extraction phase, executed as in the extraction-first approach and using the
Quwen-14B-Instruct model, identifies entities and their candidate types:

Ramakuppam [Village, Location]
Chittoor district [District, Location]
Andhra Pradesh [State, Location]

and relations such as:

(Ramakuppam, is located in, Chittoor district)
(Chittoor district, is located in, Andhra Pradesh)

Across the entire geographic topic, more than 1,500 entity mentions are ex-
tracted, providing a detailed description of the domain that can serve as a foundation
for ontology refinement.

Before hierarchical relations are inferred, the type labels are normalized. Each
label is divided into words and each word is lemmatized to ensure lexical consistency.
This produces roughly 120 unique types, for each of which frequency counts are
computed. Examples of frequent and rare types are:

Location: 1516
District: 547
Country: 510

Neighborhood: 1
Ridge: 1
Street: 1

Low-frequency types are pruned, unless they constitute the only label attached
to an entity, leaving about 60 dominant categories. These frequencies already hint
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at a latent hierarchy: general categories such as Location or Region appear more
frequently than finer ones such as Village or County.

Type frequency alone, however, is insufficient to define hierarchical relations. To
restrict the number of possible comparisons, candidate type pairs are first identified.
Two types are considered a candidate pair for further investigation when they co-
occur in the same entity annotation (for example, [Village, Location] assigned
to Ramakuppam) or when their embeddings exhibit high cosine similarity. This loose
selection favours recall over precision, ensuring that potentially related categories
are retained for later reasoning.

Each candidate pair (A, B) is then evaluated by a dedicated reasoning module.
An LLM receives both type labels and representative instances to answer a fixed set
of four ontological questions, each requiring a binary (True/False) judgment:

1. (A) is a hypernym of (B): every instance of (B) is also an instance of (A).
Example: (A) Vehicle is a hypernym of (B) Car.

2. (A) is a hyponym of (B): every instance of (A) is also an instance of (B).
Example: (A) Apple is a hyponym of (B) Fruit.

3. (A) is a sub-part of (B): individuals of (A) are parts of individuals of (B).
Example: (A) Singer is a sub-part of (B) Musical Band.

4. (A) is composed of (B): individuals of (A) are composed of or structured
from individuals of (B). Example: (A) Triangle is composed of (B) Cathetus.

Expressing these questions through inclusion tests rather than open-ended de-
scriptions reduces ambiguity and constrains generative behaviour. Relations of type
(1) and (2) define hierarchical directionality, while answers of type (3) or (4) in-
dicate partonomic connections. If both inclusion questions are answered True and
no partonomic relation is detected, the two types are considered equivalent. Equiv-
alence groups are subsequently merged, and an additional LLM query selects a
canonical label for each group.

The remaining hypernym and hyponym links are then organized into a hierarchi-
cal structure. Each relation contributes a directed edge, ensuring that higher-level
concepts dominate broader subtrees. An excerpt of the resulting geographic hier-
archy is shown in Figure [3.4] where coherent branches emerge from the automatic
reasoning process.

Although preliminary, these results already show how instance-grounded rea-
soning can transform noisy type lists into coherent taxonomic structures. The
hierarchies display clearer boundaries and fewer redundant categories than those
obtained from keyword clustering, aligning more closely with domain-specific tax-
onomies. They indicate that abstraction informed by factual extraction yields more
interpretable and domain-faithful schemas, combining the contextual grounding of
extraction-first with the organizing discipline of schema-first reasoning.



56 CHAPTER 3. KNOWLEDGE STRUCTURING
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Figure 3.4: Excerpt of the automatically induced geographic hierarchy, obtained on
geographic sentences from wiki-nre.

3.3.2 Toward ontology induction

The refinement experiments described above represent an initial step toward the
broader objective of ontology induction. Beyond the organization of types into hi-
erarchies, the same reasoning principle can be extended to the relational dimension,
allowing the construction of complementary hierarchies for predicates.

Each entity and predicate can be enriched with a short natural-language descrip-
tion. For predicates, analysing their typical subjects and objects enables an LLM
to infer candidate domain and range axioms, effectively linking relations to the
hierarchical structure of types. Through this process, a coherent conceptual layer
emerges above the extracted factual triples, progressively connecting instances, cat-
egories, and relations within a unified semantic framework. Such integration marks
the transition from a taxonomy or schema toward a true ontology.

It is important to consider this refinement as a support mechanism rather than
a fully autonomous process. Ontology engineering remains inherently iterative and
benefits from expert supervision. The system therefore aims to provide an informed
initial structure that can be manually reviewed and extended, reducing the effort
required to construct a coherent conceptual model from unstructured data.

Although the present results are preliminary, they offer a concrete indication
that reasoning-driven refinement can enhance the semantic organization of auto-
matically generated knowledge graphs. The experiments suggest that knowledge
structuring is most effective when it begins with concrete entity and relation extrac-
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tion and proceeds toward increasingly abstract representations guided by reasoning.
Such a workflow preserves the contextual grounding of the extraction-first paradigm
while reintroducing the organizing discipline of schema-first modeling, pointing to a
convergence toward hybrid, reasoning-based pipelines for large-scale ontology con-
struction.
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Chapter 4

Knowledge Retrieval

With the structuring of textual information into coherent Knowledge Graphs estab-
lished, the next challenge concerns how such structured knowledge can be effectively
accessed and queried. The practical relevance of Knowledge Graphs depends on the
ability to retrieve and exploit the information they encode.

A complementary problem to knowledge structuring lies in making that struc-
tured knowledge effectively accessible and usable in a natural and intuitive man-
ner. Traditional query languages such as SPARQL provide a precise and expressive
means to interrogate Knowledge Graphs, yet their formal syntax and dependence on
domain-specific schemas restrict their use to technically proficient users. Bridging
the gap between natural language and formal query syntax thus represents a crucial
step toward enabling direct and inclusive access to structured knowledge. Large
Language Models (LLMs), with their capacity to interpret and generate both code
and structured text, have recently shown promise in translating natural-language
questions into executable queries.

This chapter investigates their potential as intermediaries between users and
Knowledge Graphs, assessing to what extent general-purpose LLMs can perform
the translation from natural language to SPARQL under zero-shot conditions. The
analysis characterizes the strengths and limitations of current models and comple-
ments the knowledge-structuring experiments discussed in Chapter

4.1 Methodology

The adopted methodology evaluates the capability and consistency of Large Lan-
guage Models (LLMs) in generating SPARQL queries from natural language inputs.
The objective is to assess how effectively different models perform this translation
task across domains without domain-specific fine-tuning.

To this end, the following introduce the key formal notions underlying the eval-
uation approach, provide an overview of the evaluation process, and discuss the
prompting strategy design.
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4.1.1 Problem formalization

The formal groundwork establishes the basis for the evaluation criteria. It defines
the NL-to-SPARQL translation task, the method for comparing the results of two
SPARQL queries to determine their equivalence, a voting strategy for selecting the
most consistent translated query, and a formal notion of query correctness. These
aspects are detailed below.

NL-to-SPARQL translation The NL-to-SPARQL task is formalized as a single-
pass translation problem, defined by a function ¢ that, given a user’s natural
language question Qp and the associated KG ontology O, returns the expected

SPARQL query Qpyp:

A, = (Q),09) vieN
In a multi-domain setting, where both knowledge graph structures and user
questions vary, Qg) denotes the i-th natural language question and O® the corre-
sponding ontology. In this formulation, the function ¢ is approximated by an LLM
guided through carefully designed prompt instructions.

Query equivalence A central aspect of the evaluation concerns comparing LLM-
generated SPARQL queries either against each other or against a corresponding
ground-truth query. Two queries ¢; and g; are considered equivalent if their respec-
tive result lists £, and L, are equivalent, that is, £, = L, = ¢; = ¢;.

A result list £ is the sequence of records obtained by executing a query ¢ on the
respective KG. Each record is a tuple containing the graph variables or expressions
stated in the query return statement.

Equivalence between two result lists £,, and £,; is determined as follows:

1. If the list sizes differ (i.e., |LC,,
equivalent (Lq, # Ly;).

# |Lg;]), the result lists are considered not

2. When the lists have the same size, including when both are empty, the com-
parison proceeds record by record. A record is considered equal to another
if it contains the same elements, regardless of order. The overall equivalence
depends on the query structure: (a) when g; or g; includes an ORDER BY clause,
equivalence holds if records in corresponding positions are equal; (b) when or-
dering is not specified, equivalence holds if each record in £, has a matching
record in £,; and vice versa.

If a query fails to execute, resulting in no result list £, equivalence is defined
as follows: if only one query fails while the other succeeds, the queries are not
equivalent; if both fail to execute, they are considered equivalent. The latter case
applies only when comparing LLM-generated queries, as ground-truth queries are
always executed successfully.
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Voting strategy Because LLM outputs can vary across runs, multiple generations
are used to assess con51stency Each model 1s prompted k times for each dataset
query ¢, producing a set A®) = {q . ,qk } of generated queries for the corre-

sponding pair (Qg), O) of user question and ontology. For a given user question
Oy, the final model output Q¢ is defined as the most frequently occurring query in
A, according to a function C(A*, ¢*) that counts the number of ¢; € A* such that
¢; = ¢*. If no query obtains a majority of occurrences in A, no answer is assumed
for Qp, meaning that no result list is produced. The selection of Q¢ is therefore
formalized as:

g, ifqge Sy, |Snl=1 m>1
Qc = .
(), otherwise

Where:

Sm={q€eAN|C(A,q)=m}, m=max{C(A,q),...,C(A,q)}

Query correctness The correctness of a model-generated SPARQL query is de-
fined by its equlvalence with the corresponding ground-truth query. For each
test questlon QU, the model produces multiple candidate queries, and the final

query Qc , selected through the voting strategy above, is considered correct if and
only if it is equivalent to the annotated expected query, that is, QC =No)Y Fap-

4.1.2 Methodology overview

A high-level overview of the evaluation process is shown in Figure and described
below. The approach relies on a collection of datasets that include knowledge graphs,
natural language questions, and corresponding ground-truth (GT) SPARQL queries
(highlighted in yellow at the bottom left of the figure). It also involves a set of
representative LLMs (in red, top left) and a selection of prompt templates (in orange,
center left) used to guide the models in generating SPARQL queries. By iterating
over all combinations of these inputs, SPARQL queries are produced and assessed
for correctness (shown in green throughout the main body on the right side of the
figure). The conceptual steps, numbered and represented by ellipses, are outlined
in the following paragraphs.

(1) Formatting Several prompt templates are devised to guide LLMs in the NL-
to-SPARQL task. For each selected template, the Formatting step constructs a
ready-to-use prompt by combining the user’s natural language question with ontol-
ogy information, that is, the classes and relations relevant to the query. The rationale
behind the prompting strategy is discussed in Section [4.1.3 while implementation
details are provided in Section [4.2.1]
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Figure 4.1: Rectangles represent data objects; ellipses represent conceptual steps.
NL-to-SPARQL translation and query correctness evaluation across multiple LLMs,
domain graphs, and prompt templates.

(2) Inference Each formatted prompt is submitted to the selected LLM, which
returns a response containing the generated SPARQL query. Two categories of
prompts are used in the experiments: non-reasoning prompts, which directly request
a SPARQL query, and reasoning prompts, which encourage the model to produce
intermediate reasoning before the final query. The selection of LLMs and their
configuration are detailed in Section and Section 4.2.3] respectively.

(3) Parsing Although the prompts explicitly instruct models to return only the
SPARQL query, additional text such as explanations, comments, or code blocks is
often included. To ensure robustness and consistency, the Parsing step extracts only
the portion of the model output that conforms to valid SPARQL syntax, isolating
the query from any extraneous content.

(4) Querying To evaluate the quality of a generated SPARQL query, its execu-
tion result is compared with that of the corresponding ground-truth query. This is
done using a SPARQL engine (described in Section to execute both queries
over the same knowledge graph. Differences between the result sets indicate po-
tential shortcomings in the generated query, such as structural errors or incomplete
retrieval.

(5) Voting Each LLM is prompted multiple times per input to assess model con-
sistency and improve reliability. In the experiments, k = 3 generations are used for
non-reasoning prompts and k = 1 for reasoning prompts, balancing reliability with
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cost and latency considerations. This produces a set of candidate SPARQL queries,
from which a final output is selected through a majority voting mechanism based
on query equivalence. The formal definition of this voting procedure is provided

in Section 111

(6) Comparison The final step verifies whether the selected query correctly re-
flects the user question. This is achieved by comparing its execution result with
that of the ground-truth query, yielding a binary correctness label as defined in Sec-

tion A.1.11

4.1.3 Prompting strategy

To guide LLMs in the NL-to-SPARQL task, prompt templates are defined with
placeholders for the user’s natural language question and the relevant ontology in-
formation, namely the classes and relations referenced in the query. These templates
are dynamically filled for each query and graph.

As discussed in Chapter [3, practical applications often begin with unstruc-
tured textual data that must be organized into structured, machine-interpretable
knowledge graphs through processes such as ontology learning and knowledge graph
construction. When such graphs are newly created, typically from proprietary or
domain-specific sources, they lack annotated training data or example queries that
could support supervised learning or fine-tuned generation. In this context, a zero-
shot approach is adopted, avoiding task-specific demonstrations and handcrafted
examples.

While few-shot prompting can provide intermediate supervision without full fine-
tuning, it still depends on a diverse set of curated examples and an effective retrieval
mechanism. Inadequate examples may mislead the model, whereas overly specific
ones can reduce the task to pattern replication. Both conditions risk limiting the
model’s ability to genuinely interpret and generate SPARQL queries, which is the
capability under evaluation here.

Although zero-shot prompting may underperform compared to few-shot tech-
niques, it provides a more appropriate framework for assessment. It (i) establishes
a simple and reproducible baseline that can later be extended with reasoning-based
prompting strategies [82, 167, 165, 172], and (ii) does not rely on task-specific train-
ing data, ensuring applicability across domains, unlike fine-tuned models that often
overfit to specific graph structures.

In summary, to assess the generalization capabilities of LLMs in the NL-to-
SPARQL task under realistic data constraints, a zero-shot prompting strategy is
adopted. The design and implementation of the prompt templates employed in the
experiments are discussed in Section [4.2.1]
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4.2 Experimental setup

The experiments evaluate the performance of various LLMs in the NL-to-SPARQL
task. The experimental process involves several components: the design of prompt
templates (Section [1.2.1)); the selection of models (Section [4.2.2)); the configura-
tion of LLMs (Section [4.2.3)); the choice and processing of datasets (Sections [4.2.4]
and [4.2.5)); the inclusion of an additional LLM-based tool as a reference (Sec-
tion [4.2.8)); and the evaluation of model performance using multiple measures (Sec-
tion [4.2.7). All experiments were implemented in Python to ensure reproducibility
and consistent execution across models.

4.2.1 Prompt template design

Obtaining an effective zero-shot prompt for evaluation, in accordance with the strat-
egy discussed in Section [4.1.3] is not trivial. Different formulations of instructions
can either enhance or degrade output quality. While there exist general guidelines
for prompt construction that apply to many LLMEF_-], each model has unique charac-
teristics and may require prompt tuning to perform optimally.

Ideally, designing a dedicated prompt for each LLM could maximize performance.
However, this would compromise the fairness of comparison by introducing variabil-
ity across models. Conversely, using a single prompt for all LLMs ensures uniformity
but risks favoring some models over others due to potential mismatches in compat-
ibility. To balance these concerns, a small set of prompt templates is defined that
maintains consistent structure while offering limited flexibility.

In LLM prompting, the user role typically conveys the natural language ques-
tion, while the system role provides contextual instructions that guide the model’s
behavior. The templates include placeholders for both the user question and the
ontology information, differing mainly in the level of detail and structure of the
system message:

e (BASIC) provides minimal instructions, requesting a syntactically correct query
based on the provided question and ontology. It includes only the labels of
classes and relations from the input ontology. An example is provided in

Section [A.3.1]

e (DETAILED) offers a more structured guide, outlining specific steps to analyze
the question and construct the query. It emphasizes elements such as return
values, quantifiers, superlatives, aggregations, and grouping. In addition to
class and relation labels, it includes domain and range axioms for each relation.

An example is provided in Section

e (COT) follows a similar structure to DETAILED, but instead of providing static
advice, it elicits reasoning from the model. This template encourages the LLM

"https://huggingface.co/docs/transformers/tasks/prompting
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to analyze each step, reflect on its reasoning, and include brief explanatory
comments about its decision process. An example is provided in Section[A.3.3]

The development of these templates follows a flexible, iterative process common
in prompt engineering. Initial drafts were designed to establish distinct levels of
detail in the task description, process steps, and ontology format. A small subset of
queries, on the order of tens, was used to test the models’ adherence to instructions
and consistency in output formatting. The iterative refinement focused on improving
SPARQL syntax validity and response accuracy across different queries and multiple
repetitions of the same input. During this stage, models from the GPT, Llama, and
Phi families were evaluated.

The process concluded once further modifications no longer produced significant
improvements, leading to the selection of the most contrasting and well-performing
templates: BASIC and DETAILED. The COT template was subsequently derived from
DETAILED by introducing explicit reasoning prompts that encourage the model to
explain intermediate steps. This transition from static instructions to a more reflec-
tive, reasoning-oriented style was intended to enhance transparency and, potentially,
accuracy.

4.2.2 LLM selection

To investigate the capabilities of LLMs in addressing the NL-to-SPARQL prob-
lem, a diverse set of instruction-tuned models was selected from several widely
used families. The selection balances large-scale, state-of-the-art systems with more
lightweight and locally executable alternatives.

The goal of this configuration is to cover a representative range of model sizes,
architectural specializations, and deployment paradigms. The selected models in-
clude general-purpose, code-optimized, and reasoning-enhanced variants, providing
a well-rounded view of performance across different capabilities and training fo-
cuses. Although many additional models could have been included, the selection
was intentionally limited to maintain a manageable and coherent set for compari-
son, acknowledging the rapid evolution of the LLM landscape.

The GPT family, representing some of the largest and most widely deployed
LLMs as a service, is included to reflect the state of the art in large-scale models.
While gpt-3.5-turbo has been partially superseded by gpt-4o-mini, it is retained
here due to its extensive use in the literature, which facilitates comparability with
previous research.

To extend the analysis beyond commercial APIs, additional instruction-tuned
models from other families were considered. These include several open-access mod-
els offering competitive performance with reduced computational requirements, en-
abling local execution and cost-efficient experimentation. The selection also incor-
porates models with specialized training in coding or reasoning tasks, allowing the
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evaluation to explore how such domain-specific optimizations influence the genera-
tion of SPARQL queries.

A particularly illustrative example is the Quwen-32B series, available in three
variants: a general-purpose model, a coder-oriented version, and a reasoning-focused
distillation model derived from DeepSeek. This configuration makes it possible to
analyze whether coding or reasoning specializations contribute to improved NL-to-
SPARQL translation.

The models evaluated in the experiments are summarized in Table {4.1]

Organization | Model Size
gpt-3.5-turbo -

OpenAl gpt-4o-mini -
gpt-4o -

Mot llama-3.1-8b 8B
e llama-3.3-70b 70B
Microsoft phi-4-14b 14B
Cohere c4ai-command-r-7b 7B
: c4ai-command-r-32b 32B

. codestral-v0.1-22b 228
MistralAl mistral-small-24b 24B
. qwen-2.5-32b 32B
Alibaba qwen-2.5-coder-32b 328
deepseek-v2-coder-16b 16B

DeepSeek deepseek-r1-qwen-32b 328

Table 4.1: Models evaluated in the experiments, organized by provider and param-
eter size (billions). No official size information is available for the GPT family.

4.2.3 LLM settings

Each natural language question and the corresponding knowledge graph were pro-
vided to the models using three different prompts derived from the templates dis-
cussed in Section [£.2.1] To ensure fair and consistent conditions across models,
decoder sampling parameters were standardized by setting temperature to 0.01 and
top-p to 0.01 in all experiments.

The temperature and top-p parameters control the stochastic behavior of text
generation during decoding. Their function and mathematical formulation have
been discussed in Section 2.2.3] where they are described as mechanisms that balance
determinism and diversity in autoregressive language models.

For the present task, model stochasticity is intentionally minimized to achieve
behavior that is as deterministic as possible. Since the objective concerns question
answering over structured data rather than open-ended generation, reduced ran-
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domness ensures consistent and reproducible outputs. Setting temperature = 0 is
mathematically undefined and, in practice, handled inconsistently across LLM im-
plementations: some raise errors, others silently adjust the value, and some switch
to greedy decoding.

Setting temperature = 0 is mathematically undefined and may be handled dif-
ferently by decoding implementations (discussed in Section that map model
output distributions to token sequences. In practice, some implementations might
raise errors, others implicitly adjust the parameter, and others fall back to greedy
decoding. To avoid such implementation-dependent behavior, particularly in cases
where decoding details are not exposed (e.g., cloud-based APIs), a non-zero tem-
perature is used in these experiments.

In particular, to maintain comparability across systems, a low temperature=top-
p=0.01 was adopted. This choice introduces negligible randomness while preserving
compatibility between local and API-based models, including those provided by
OpenAl

Allowing a minimal degree of stochasticity also makes the model’s inherent “con-
fidence” observable rather than fully constrained. Each prompt was executed mul-
tiple times, as shown in Figure to produce multiple candidate queries. The
resulting outputs were compared to assess stability using the query equivalence cri-
teria defined in Section [L.1.1]

OpenAl models were accessed through their official API|while all other models
were executed locally using the transformers [169] or ollamdf| libraries with 4-bit
weight quantization. While less aggressive quantization levels (e.g., 8-bit or 16-bit)
were feasible for some of the smaller models, adopting heterogeneous precision lev-
els would have introduced an additional confounding factor, making cross-model
comparisons less direct. Recent empirical studies indicate that modern 4-bit quan-
tization techniques preserve model behavior closely to 8-bit and 16-bit precision on
a wide range of language understanding and generation tasks [73]. Accordingly, 4-
bit quantization was adopted to promote consistent execution conditions across all
locally evaluated models.

4.2.4 Dataset selection

A major requirement of this work, which focuses on assessing LLMs in a zero-
shot NL-to-SPARQL setting over diverse, custom-built knowledge graphs, is the
selection of appropriate benchmark datasets. To this end, various datasets from
the literature on Knowledge Graph Question Answering (KGQA) were analyzed,
covering a spectrum of scenarios from large, well-established resources to smaller,
domain-specific collections.

This exploration highlighted a key limitation: most widely used KGQA datasets,

Zhttps://platform.openai.com/docs/guides/chat-completions
3https://github.com/ollama/ollama
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such as WebQuestions [13], LC-QuAD [157, 38|, and QALD [159], are tightly cou-
pled with specific and extensively reused knowledge graphs like Freebase, DBpedia, or
Wikidata. This coupling restricts their capacity to generalize across different ontolo-
gies and graph structures. Conversely, some newer datasets, such as GrailQA [54],
attempt to reduce this dependence by diversifying training and test distributions,
yet still rely on preexisting large-scale KGs [70].

Given these constraints, the focus was placed on datasets that span a broad range
of domains and include natural language questions and SPARQL queries exhibiting
diverse intents, formulations, and structural patterns. The datasets identified as
most suitable for this scenario are:

e Spider4SPARQL [83]: a benchmark dataset featuring 166 knowledge graphs
across 138 domains, containing 9,693 manually authored natural language
questions and 4,721 unique SPARQL queries of varying complexity. The
dataset is divided into training and development sets, with the development
split, comprising 20 KGs and 1,034 NL-SPARQL pairs, used for testing in the
present work.

e Bestiary [84]: a smaller dataset built around a single knowledge graph mod-
eling the Dungeons & Dragons domain. Although considerably smaller than
Spider4SPARQL, with 100 queries, it introduces complementary complexity,
frequently involving multiple FILTER and BIND operations.

e LC-QuAD [I57]: a well-known benchmark based on DBpedia, originally com-
prising 1,000 test queries that cover a broad range of topics and provide rich
linguistic variety.

The combination of Spider4SPARQL and Bestiary offers several advantages:

(i) Diversity: the two datasets collectively span a wide range of domains and
topics, encouraging model generalization.

(ii) Uniqueness: their associated knowledge graphs are not derived from heavily
reused sources such as DBpedia or Wikipedia, which reduces the risk of bias
arising from model pretraining exposure and helps ensure that query generation
depends on reasoning rather than memorization.

(iii) Practicality: their compact ontologies fit entirely within the prompt context,
eliminating the need for ontology retrieval or sampling and reducing confound-
ing factors related to template formatting.

To improve completeness and test model robustness under less curated condi-
tions, the LC-QuAD dataset is also included. Although it does not fully meet points
(i) and (iii), a lightweight restructuring (described in Section [4.2.5)) was applied to
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ensure consistency with the experimental assumptions, particularly regarding ontol-
ogy compactness and prompt integration.

It is nevertheless acknowledged that these assumptions, especially the focus on
compact, prompt-fit ontologies, introduce simplifications that may limit the gener-
alizability of the findings. Real-world knowledge graphs often feature substantially
more complex and extensive ontologies than those found in the selected datasets.
Moreover, while Spider4SPARQL covers a wide variety of domains and query com-
plexities, it still exhibits internal regularities in question phrasing and ontology
structure. These characteristics, combined with the reliance on grammatically well-
formed natural language queries, may reduce both linguistic and structural variabil-
ity compared with real-world user inputs.

The inclusion of LC-QuAD partially mitigates these limitations by introducing
greater diversity in SPARQL query forms and ontology terminology, while preserv-
ing the natural entity naming conventions and structural inconsistencies typical
of real-world graphs such as DBpedia. Although this does not completely remove
dataset-induced biases, it enables a partial assessment of model robustness under
more realistic conditions. A broader discussion of dataset refinement and remaining
limitations is provided in Section [4.2.5|

4.2.5 Dataset refinement

Although Spider/SPARQL and Bestiary are well suited for the present study, as
they provide multiple graphs and good variation in query complexity, preliminary
and qualitative analyses revealed that for several queries the generated outputs did
not consistently match the expected complexity of the corresponding ground-truth
queries. In particular, several LLMs exhibited difficulty in aligning concepts men-
tioned in the natural language questions with the appropriate classes and relations
within the ontologies. This behavior often resulted in syntactically valid queries
that followed correct structural patterns but misused classes or relations.

A detailed inspection of such cases indicated that these challenges were largely
attributable to issues in the original ontology design. In some cases, class and
property labels were misleading or ambiguous, while in others the modeling of in-
formation deviated from standard knowledge graph practices, such as by encoding
information within IRIs. Although these irregularities can occur in real-world set-
tings, they introduced an additional and unintended difficulty that risked obscuring
the assessment of LLM query generation capabilities.

To avoid biasing the comparison across models, the prompts were kept fixed,
and instead the datasets were refined to improve the clarity and consistency of their
underlying ontologies. Each graph from both Spider/SPARQL and Bestiary was
manually reviewed and adjusted to better align with common ontology modeling
conventions. The main interventions are summarized below.

e Spider4SPARQL: domain axioms were added to support the DETAILED
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prompt, and ambiguous labels for classes and properties were clari-
fied. A recurring issue involved relations labeled as ref-entity_id (e.g.,
ref-museum_id, ref-people_id), which caused LLMs to interpret them as
links to literal identifiers rather than other entities. To resolve this, the _id
suffix was removed from all such labels. In other cases, relation names were not
misleading but cryptic, such as the attribute abandoned_yn, an abbreviation
of abandoned_yes_or_no, which was renamed to abandoned_0_1 to indicate its
binary encoding.

e Bestiary: new predicates were introduced (e.g., beast_category) to replace
information previously embedded in IRIs, and explicit name attributes were
added to most entities to make their identifiers directly queryable. For ex-
ample, the ground-truth question “How many types of robots are among crea-
tures?” originally required a FILTER regex(str(7creatures), ’robot’,
’i’) operation because the relevant information was encoded only in IRIs.
The refined ontology exposed this information as explicit properties, simplify-
ing query alignment.

Additionally, two empty graphs with no individuals were removed from Spi-
der4SPARQL, and from both datasets all ground-truth queries that failed execution
on the adopted SPARQL engine (see Section due to syntax or structural errors
were discarded. The final test folds therefore comprise 18 graphs and 886 queries
from Spider4SPARQL and 92 queries from Bestiary, for a total of 19 graphs and
978 executable queries in the test set.

The refinement process involved both automatic and manual steps, with all mod-
ifications tracked systematically to ensure transparency and reproducibility.

LC-QuAD For LC-QuAD, a different approach was adopted. Rather than refining
the ontology to better conform to LLM-friendly modeling conventions, no manual
changes were made to its structure or query formulations. This decision preserves
the original naming conventions and modeling patterns typical of DBpedia, providing
a more realistic evaluation scenario.

To maintain compatibility with the experimental requirement of ontology com-
pactness (see point (iii) in Section , a filtering and restructuring procedure was
applied to reduce the original 1,000 test queries to 441. The procedure comprised
the following steps:

e Query executability: only queries returning non-empty results when exe-
cuted against DBpedia were retained, as the evaluation compares query an-
swers rather than syntax. This filtering step produced the largest reduction
in query count.

¢ Ontological compactness: each query was parsed to identify referenced enti-
ties, and their rdf : type values were mapped to coarse schema. org categories.
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Queries were grouped by category, and compact sub-ontologies (typically three
to ten classes and properties) were constructed to cover each group. Each sub-
ontology includes all classes and properties required to execute its associated
queries, along with a small amount of additional noise. Oversized categories
were split into multiple sub-ontologies (e.g., person, person 2, etc.), while
undersized ones were discarded.

No renaming or manual refinement of classes, properties, or instances was per-
formed, allowing LC-QuAD to serve as a more naturalistic benchmark that comple-
ments the curated datasets.

4.2.6 Query engine

Preliminary experiments employed the rdffitf]] library to query the local graphs from
Spider4SPARQL and Bestiary. However, this setup exhibited significant perfor-
mance limitations, with execution times for complex queries (including some ground-
truth examples) occasionally extending to several minutes. To improve efficiency,
the querying process was migrated to Apache Jend]], which substantially reduced
execution times to a few seconds even for the most demanding queries. Jena was
invoked from Python as a separate process, with the graph file and query passed as
input parameters and the resulting answers returned for comparison.

For LC-QuAD, the evaluation required execution on DBpedia. Queries were
therefore submitted to the public DBpedia SPARQL endpointﬁ using Python-based
HTTP requests.

4.2.7 Evaluation measures

The following measures are used to evaluate the reliability, stability, and efficiency
of LLMs in the NL-to-SPARQL generation task.

Accuracy

For each model, accuracy is computed as the ratio of correctly generated queries to
the total number of generated queries:

number of correctly generated queries

(4.1)

accuracy =
Y total number of generated queries

Following the query classification proposed by [83], queries are categorized by
complexity based on the logical reasoning required for their formulation, which is
often reflected in their structural patterns and constructs. Specifically, four main

‘https://pypi.org/project/rdflib/
Shttps://downloads.apache.org/jena/
Shttps://dbpedia.org/sparql
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categories are distinguished: queries involving a single triple pattern (1 hop), those
including one or more filtering operations (filter), those requiring grouping op-
erations (group), and those incorporating set operations such as minus or union
(minus/union). Accuracy is computed both globally and per category.

As described in Section , three prompt templates (BASIC, DETAILED, and
COT) are used to account for variability in model behavior under different instruc-
tion formulations. To avoid tying results too closely to specific prompt phrasing,
a combined metric is also reported, denoted as ENSEMBLE, in which an answer is
considered correct if at least one of the prompts produces a query equivalent to the
ground truth.

A commonly used metric in related literature for evaluating query generation
quality is BLEU [I73], 156, 94], which measures the degree of textual overlap be-
tween a generated and a reference query. This metric was not adopted here, since
the annotated queries in the Spider4/SPARQL dataset originate from an automatic
conversion of SQL queries from the Spider dataset [174]. While syntactically cor-
rect and functional, these queries lack formatting and employ procedural variable
naming (e.g., t1, t2), whereas LLM-generated queries typically exhibit meaningful
variable names and well-formatted syntax. In light of these differences, form-based
comparison metrics such as BLEU are not considered suitable for the present eval-
uation.

Syntax correctness

Beyond verifying semantic correctness, it is useful to distinguish executable queries
from those containing syntactic errors. To this end, the syntax correctness metric
measures the proportion of syntactically valid, executable queries among all gener-
ated queries:

number of executable queries

(4.2)

syntax correctness =

Y total number of generated queries
This measure reflects each model’s familiarity with the formal syntax of the

SPARQL language, independently of the factual correctness of its outputs.

Determinism

By analyzing multiple generations for each question, model consistency can be as-
sessed through the determinism metric. For a given question, the generated queries
are grouped according to the equivalence of their results. If all queries produce
identical results, they form a single group; otherwise, each distinct result defines a
separate group. The determinism score is defined as:

number of repetitions — number of groups

determinism = (4.3)

number of repetitions — 1
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A determinism value of 1 indicates that all generated queries yield equivalent
results, whereas a value of 0 means that each query produces a different output,
with intermediate values reflecting partial stability.

Generation time

For each prompt, the elapsed time between submission and the completion of the
model response is recorded. GPT models are executed remotely via OpenAl’s in-
frastructure, while all other models run locally on an Nuvidia RTX A6000 GPU with
48 GB of VRAM.

Although these measurements are not directly comparable, as OpenAl-hosted
models rely on undisclosed large-scale infrastructures, generation time remains a
relevant factor for real-world question-answering applications. The reported values
therefore provide an indicative measure of practical feasibility rather than abso-
lute performance. Local generation times, in particular, should be interpreted as
hardware-dependent.

4.2.8 Ontology-agnostic reference model

To provide an additional point of comparison, the evaluation includes SGPT [136],
a neural model for SPARQL query generation from natural language and one of
the most recent and widely adopted approaches to this task. Unlike the prompted
LLMs considered in this study, SGPT does not take ontology information as in-
put at inference time. Instead, it relies entirely on patterns learned from training
data, making its performance dependent on the alignment between training and test
distributions.

Originally trained on datasets such as LC-QUAD2, QALDY9, and VQUANDA,
SGPT was adapted to support the Spider4SPARQL dataset, which serves here as
the primary reference for query complexity and domain diversity. This adaptation
required minor modifications to the original source code to enable compatibility
with the dataset and to include an additional parameter (spiderdsparql) for data
loading and training.

Although SGPT is not directly comparable to prompted LLMs due to its lack
of ontology input, it provides a valuable baseline for illustrating the role of ontology
context in generalizing across diverse knowledge graphs. As shown in Section [4.3]
its limited performance in this setting underscores the challenges faced by models
trained on static distributions when applied to structurally novel domains.

4.3 Results

The following section presents the experimental results according to the method-
ology described in Section [4.I] The evaluation involved running the LLM-based
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SPARQL generation pipeline over datasets comprising 20 distinct test graphs and
1,419 natural language-SPARQL query pairs. An additional comparison with the
SGPT model was conducted on a subset of 18 test graphs from Spider/SPARQL.

The results are organized by evaluation measure in Sections to [4.3.3] followed
by an analysis of failure cases in Section [4.3.4]

4.3.1 Accuracy analysis

The accuracy analysis evaluates the ability of LLMs to generate SPARQL queries
that correctly answer natural language questions. Accuracy was measured for each
model across different prompts and datasets. In addition to the three prompting
templates (BASIC, DETAILED, and COT) described in Section [£.2.1] a fourth scenario
was introduced, denoted as ENSEMBLE. In this case, a query is considered correct if at
least one of the three prompts produces a valid result and incorrect if none succeed.

Impact of query categories and model size

A graphical overview of the overall accuracy results is shown in Figure[4.2] highlight-
ing accuracy differences among models computed using Equation and grouped
by query complexity categories as defined in Section [4.2.7]

The analysis focuses on Spider/SPARQL, whose broad variability in query com-
plexity and availability of a challenging development split allow for meaningful
grouping and an informative comparison with the ontology-agnostic SGPT model.
Detailed results for the other datasets are reported in the corresponding tables.

Unlike prompted LLMs, SGPT cannot accept ontology input, and its perfor-
mance therefore depends on the degree of overlap between its training data and the
target ontology. In practice, SGPT generates correct queries only when class and
property names in the question closely match those in its training data. These obser-
vations confirm that pretrained models of this type require retraining or fine-tuning
for each new knowledge graph. Prompted LLMs, by contrast, can dynamically
process ontology descriptions at inference time and achieve higher accuracy across
multiple datasets without retraining.

This difference does not imply that prompting is inherently superior to task-
specific training, but rather highlights the limited generalization capacity of models
relying exclusively on static data. Prompting offers a complementary strategy that
provides flexibility and adaptability across previously unseen graph structures.

As shown in Figure |4.2| several prompted LLMs achieve accuracy scores exceed-
ing 0.80 for simpler queries and between 0.30 and 0.70 for more complex categories.
While there remains significant room for improvement, these values demonstrate
substantial zero-shot capabilities for NL-to-SPARQL translation. This performance
is especially notable considering the inherent difficulty of the task and the compara-
tively low accuracy of SGPT, which remains below 0.12 in all tested configurations.
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ENSEMBLE accuracy scores on different types of queries from Spider4SPARQL
1.0

0.9 1
0.8
0.7 4
0.6 4
0.5
0.4
0.3 4
0.2 1

I R b

- H Em BN W .. o BN

0.0

ABCDEFGHI JKLMN ABCDEFGHI JKLMN ABCDEFGHI JKLMN ABCDEFGHI JKLMN ABCDEFGHI JKLMN
1 hop filter group minus/union all

(#36) (#496) (#464) (#37) (#886)
Query categories
—e— SGPT D) llama-3.1-8b H) c4ai-command-r-32b L) gwen-2.5-coder-32b
A) gpt-3.5-turbo E) llama-3.3-70b 1) codestral-v0.1-22b M) deepseek-v2-coder-16b
B) gpt-40-mini F) phi-4-14b )) mistral-small-24b N) deepseek-ri-qwen-32b
C) gpt-40 G) c4ai-command-r-7b K) qwen-2.5-32b

Figure 4.2: Accuracy on the Spider/SPARQL dataset, considering as correct those
queries for which any of the BASIC, DETAILED, or COT prompts produced valid results
(ENSEMBLE). The SGPT model is included for reference. Models from the same
family are represented using the same hue, with luminance variations distinguishing
models within each family. Each bar is labeled with a capital letter corresponding
to its legend entry.

Tabular accuracy results for all datasets and prompt configurations are presented
in Table .2} without separating by query category. Both Figure and Table
reveal a consistent trend: larger and more capable models tend to achieve higher
accuracy, while smaller models show reduced performance. The highest-scoring
models belong to the GPT family, with gpt-/o reaching ENSEMBLE scores of 0.79 on
Spider4SPARQL, 0.50 on Bestiary, and 0.78 on LC-QuAD. Smaller models, such
as c4ai-command-r-7b, exhibit substantially lower accuracy (0.09, 0.01, and 0.23
respectively). Interestingly, the lowest-performing model overall was not the small-
est but deepseek-v2-coder-16b, which produced systematic output errors analyzed

in Section 434l

A notable discrepancy was also observed between these results and those re-
ported by [83], the authors of the Spider4SPARQL dataset. In this study, gpt-3.5-
turbo achieved an overall accuracy of 0.60 on the development set, compared to 0.08
reported in the original paper under a zero-shot configuration. This difference em-
phasizes the potential of large language models when appropriately prompted and
paired with refined ontologies. It also illustrates the substantial impact of prompt
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Spider4SPARQL Bestiary LC-QuAD

BASIC
DETAILED
CoT
ENSEMBLE
BASIC
DETAILED
COT
ENSEMBLE
BASIC
DETAILED
CoT
ENSEMBLE

gpt-3.5-turbo | 0.40 0.49 0.43 0.60]0.29 0.23 0.13 0.34]0.45 0.52 0.43 0.61
gpt-40-ming | 0.45 0.51 0.59 0.69(0.37 0.39 0.21 0.54|0.54 0.48 0.39 0.69
gpt-40]0.57 0.67 0.71 0.79/0.33 0.33 0.29 0.50(0.65 0.67 0.71 0.78

llama-3.1-8b | 0.16 0.10 0.22 0.30|0.01 0.00 0.03 0.03|0.05 0.05 0.07 0.13
llama-3.3-70b|0.20 0.46 0.49 0.61|0.01 0.20 0.15 0.27|0.07 0.12 0.17 0.22
phi-4-14b10.38 0.25 0.42 0.57|0.10 0.10 0.10 0.20|0.32 0.23 0.23 0.44
c4ai-command-r-7b|0.08 0.02 0.00 0.09|0.01 0.00 0.00 0.01|0.15 0.06 0.07 0.23
c4ai-command-r-32b | 0.20 0.37 0.37 0.50(0.13 0.14 0.14 0.30{0.29 0.26 0.30 0.55
codestral-v0.1-22b10.31 0.48 0.47 0.64|0.17 0.23 0.22 0.41|0.43 0.37 0.54 0.67
mistral-small-24b10.37 0.42 0.48 0.61/0.20 0.15 0.04 0.27/0.36 0.45 0.33 0.57
quwen-2.5-32b 1 0.34 0.45 0.53 0.65]0.02 0.01 0.08 0.09|0.45 0.43 0.51 0.71
quwen-2.5-coder-32b | 0.47 0.56 0.52 0.71|0.36 0.03 0.23 0.45|0.33 0.51 0.47 0.65
deepseek-v2-coder-16b|0.02 0.00 0.01 0.03]0.02 0.00 0.00 0.02|0.15 0.02 0.03 0.18
deepseek-r1-qwen-32b|0.35 0.42 0.42 0.61]0.12 0.17 0.11 0.29]0.48 0.49 0.41 0.66

Table 4.2: Average accuracy across datasets and prompting styles.

formulation and ontology quality on performance in this task.

Impact of prompt types

Prompting style exerts a clear influence on accuracy. Across the three prompt types,
larger and more capable models tend to benefit more consistently from the elaborate
formulations provided by the DETAILED and COT templates. Smaller models, in
contrast, often perform better with the shorter and simpler BASIC prompt, likely due
to their limited ability to exploit additional instructions. Models such as llama-3.1-
8b, phi-4-14b, and c4ai-command-r-7b show little or no improvement when switching
to more informative prompts, and in some cases their performance even decreases.
This indicates that not all architectures can process or benefit from the increased
linguistic scaffolding introduced by complex prompt formulations, particularly when
these require reasoning behaviors not natively supported by the model.

Overall, the COT and DETAILED prompts yield broadly comparable results, with
no consistently superior option across all model-dataset combinations. In some
cases, such as gpt-4o-mini on Spider4SPARQL, the reasoning-based COT formulation
achieves higher accuracy, whereas in others, such as mistral-small-24b on LC-QuAD,
the structured but static DETAILED prompt performs better. This variability reflects
the complex interplay between the reasoning style elicited by a prompt, the internal
capabilities of a model, and the linguistic and structural characteristics of the target
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dataset.

The ENSEMBLE aggregation mitigates these fluctuations by selecting the best-
performing result per query across prompt types, effectively estimating an upper
bound for each model’s potential. While this abstraction provides an optimistic
perspective, the variability observed across prompts underscores the importance of
carefully designing instruction formulations when adapting models to new domains
or deploying them in heterogeneous settings.

Role of model specializations

An additional dimension of analysis concerns the influence of model specializa-
tion, particularly the distinction between general-purpose, coding-oriented, and
reasoning-enhanced models. Excluding deepseek-v2-coder-16b, which exhibited sys-
tematic output errors discussed later, both codestral-v0.1-22b and qwen-2.5-coder-
32b demonstrate stronger and more stable performance compared with their stan-
dard counterparts, with only minor exceptions in the LC-QuAD dataset. Notably,
despite being smaller and older, codestral-v0.1-22b slightly outperformed mistral-
small-24b, achieving ENSEMBLE scores of 0.64 on Spider4SPARQL, 0.41 on Bestiary,
and 0.67 on LC-QuAD, compared with 0.61, 0.27, and 0.57 respectively.

Within the Qwen family, three configurations were evaluated: the base qwen-2.5-
32b, the coding-oriented qwen-2.5-coder-32b, and the reasoning-focused deepseek-r1-
quwen-32b. Although all share the same underlying architecture, they differ in fine-
tuning objectives and adaptation strategies. The base model achieved ENSEMBLE
scores of 0.65 on Spider/SPARQL, 0.09 on Bestiary, and 0.71 on LC-QuAD. The
coding variant improved upon these results, scoring 0.71, 0.45, and 0.65 respectively.
The reasoning-oriented version displayed less consistent behavior, with scores of 0.61,
0.29, and 0.66 across the same datasets.

These results suggest that coding specialization consistently enhances perfor-
mance, particularly on structurally complex datasets such as Spider4SPARQL and
Bestiary. By contrast, reasoning specializations do not yield comparable improve-
ments despite their intended design purpose. In Bestiary, the coder variant remains
among the top-performing models overall, substantially surpassing both its base and
reasoning counterparts.

4.3.2 Determinism and syntax correctness

The results summarized in Tables and provide insight into model stability
and syntactic compliance.

Regarding determinism, all models displayed some degree of response variance,
typically within the range of 0.70 to 0.90. In instances where syntax correctness
dropped substantially for certain models (such as cfai-command-r-7b and deepseek-
v2-coder-16b), the determinism score rose to nearly 1.00. This behavior occurred
because those models consistently produced invalid outputs; as the metric is based
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SpiderdSPARQL Bestiary LC-QuAD
a a a
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m a m A m a

gpt-8.5-turbo | 0.85 0.76 0.73 0.62 0.91 0.87
gpt-4o-mini | 0.84 0.77 0.86 0.70 0.86 0.86

gpt-40| 0.87 0.86 0.83 0.73 0.88 0.90

llama-3.1-8b| 0.76 0.79 0.82 0.76 0.89 0.79
llama-3.3-70b| 0.81 0.78 0.92 0.80 0.91 0.88
phi-4-14b| 0.73 0.80 0.71 0.73 0.76 0.74
c4ai-command-r-7b | 0.81 0.94 0.80 0.99 0.77 0.77
c4ai-command-r-32b | 0.70 0.73 0.77 0.70 0.73 0.79
codestral-v0.1-22b | 0.77 0.75 0.68 0.59 0.85 0.82
mistral-small-24b | 0.83 0.79 0.70 0.70 0.94 0.84
quen-2.5-32b | 0.76 0.76 0.83 0.74 0.79 0.83
quen-2.5-coder-32b| 0.88 0.83 0.73 0.81 0.87 0.86
deepseek-v2-coder-16b | 0.94 0.99 0.82 1.00 0.73 0.91
deepseek-r1-qwen-32b| 0.57 0.59 0.53 0.54 0.63 0.69

Table 4.3: Average determinism across datasets and prompt granularities. The COT
prompt is excluded, as only one repetition per query was executed.

Spider4SPARQL Bestiary LC-QuAD
a a a
] 75| 75|
A | A
= <t H < H <
% P e 0 [ [ 0 = e
< (| =) < i =) = %] o
M a O ) a O M =) O

gpt-3.5-turbo | 0.92 0.92 0.90 | 0.87 0.80 0.74]0.99 0.99 0.98
gpt-40-mini | 0.94 0.91 0.94 | 0.94 0.86 0.95]0.99 0.97 0.96
gpt-4010.99 0.99 0.99 |0.95 0.95 0.95|1.00 1.00 1.00

llama-3.1-8b| 0.58 0.27 0.44 | 0.61 0.23 0.48|0.91 0.54 0.84
llama-3.3-70b | 0.60 0.79 0.82 | 0.08 0.57 0.65|0.46 0.88 0.97
phi-4-14b10.83 0.40 0.60 | 0.79 0.39 0.55|0.76 0.46 0.57
c4ai-command-r-7b | 0.37 0.08 0.02 | 0.38 0.00 0.01|0.54 0.47 0.38
c4ai-command-r-32b | 0.70 0.81 0.79 | 0.72 0.83 0.76 | 0.90 0.92 0.92
codestral-v0.1-22b | 0.79 0.80 0.83 | 0.72 0.69 0.75|0.97 0.96 0.94
mistral-small-24b1 0.92 0.74 0.79 | 0.89 0.60 0.23|1.00 0.93 0.77
quen-2.5-32b 1 0.70 0.72 0.78 | 0.20 0.37 0.51|0.77 0.89 0.81
quen-2.5-coder-32b | 0.94 0.85 0.91 | 0.80 0.19 0.84|0.61 0.91 0.86
deepseek-v2-coder-16b | 0.07 0.01 0.01 | 0.26 0.00 0.05|0.53 0.11 0.29
deepseek-r1-qwen-32b | 0.78 0.75 0.69 | 0.66 0.65 0.48 | 0.93 0.92 0.81

Table 4.4: Average syntax correctness across datasets and prompt granularities.



4.3. RESULTS 79

on result comparison, consistent failure yields artificially high determinism values.
The COT prompt is excluded from this evaluation, since only a single execution per
query was performed, precluding an assessment of variance.

While errors can influence determinism, the relationship is not necessarily causal.
Higher-performing models, such as those in the GPT family, llama-5.3-70b, and
quen-2.5-coder-32b, generally exhibited higher determinism compared with smaller,
less accurate systems such as phi-4-14b and codestral-v0.1-22b. For instance,
codestral-v0.1-22b, despite slightly outperforming mistral-small-24b overall, showed
lower syntax correctness and determinism. It is worth noting that locally executed
models can always be configured for complete determinism by switching to argmaz
decoding. Across all configurations, the GPT family more consistently generated
SPARQL-compliant queries, outperforming other models in terms of syntax correct-
ness.

4.3.3 Inference time

Table reports the average execution times, aggregated across datasets, as no
significant differences were observed among them. Models queried via OpenAl’s
API proved the most efficient, achieving average generation times below two seconds
for non-reasoning prompts. This performance reflects the robustness of OpenAl’s
infrastructure, with only moderate increases in latency observed under reasoning-
oriented prompts.

=)
o
O

BASIC
DETAILED

gpt-3.5-turbo | 0.93 1.15 2.45
gpt-40-mini | 1.46 1.75 6.39

gpt-40| 1.56 1.80 7.77

llama-3.1-8b | 3.51 6.40  28.67
llama-3.3-70b | 6.29 9.87 34.24
phi-4-14b| 2.38 6.32  14.22
c4ai-command-r-7b | 2.61 3.89  14.26
c4ai-command-r-32b | 3.69 5.38  16.39
codestral-v0.1-22b | 4.86 5.98  16.40
mastral-small-24b | 3.59 3.81  18.06
quen-2.5-32b| 3.83 5.55  24.48
qwen-2.5-coder-32b | 3.55 4.62  25.00
deepseek-v2-coder-16b| 8.03 8.72 37.30
deepseek-r1-quwen-32b| 19.46  19.37  25.65

Table 4.5: Average generation time (in seconds) across prompt configurations.

Local models generally exhibited longer execution times, with progressive in-
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creases from the BASIC to the DETAILED and COT configurations. This trend stems
from both the longer instruction sequences and the models’ tendency to produce
more verbose responses (especially under DETAILED prompts), which include ex-
tended schema descriptions, and under COT, which explicitly elicits reasoning. For
the BASIC setting, smaller models required approximately three seconds per query,
while larger ones such as llama-3.3-70b averaged around seven seconds. With
DETAILED and COT, execution times increased to between four and approximately
twenty-five seconds.

The DeepSeek models constitute a notable exception due to their disproportion-
ately high response times. The reasoning-oriented deepseek-r1-quwen-32b averaged
about twenty seconds even for BASIC and DETAILED prompts, largely due to its
generation of longer outputs (on average 2,600 tokens per prompt, compared with
150-300 for other models). Similarly, deepseek-v2-coder-16b required roughly eight
seconds for non-reasoning prompts and thirty-seven seconds under COT, despite gen-
erating relatively moderate-length responses. These results indicate inefficiencies
relative to both model size and token output.

Overall, execution time represents a critical factor for question-answering sys-
tems. Depending on available computational resources, using LLMs as a service
may offer a more balanced trade-off between latency and answer quality.

4.3.4 Failure analysis

This section examines the model outputs to identify recurring failure patterns and
understand where models struggled to generate correct SPARQL queries.

Model-specific failures

Although many error types recur across models, certain systems displayed distinct
and reproducible failure modes. This subsection highlights specific cases in which
a model consistently failed across datasets, often due to identifiable structural or
syntactic issues.

The lowest-performing model in Table was not the smallest one but rather
deepseek-v2-coder-16b, which achieved near-zero accuracy across all datasets and
prompt types. An inspection of its outputs revealed that it systematically omitted
required prefixes in class and property names, resulting in invalid SPARQL syntax
and execution failures. This behavior is reflected in Table where the same model
shows widespread syntax invalidity.

Another pronounced failure mode occurred with qwen-2.5-32b, which achieved
competitive results on Spider4SPARQL (e.g., ENSEMBLE accuracy of 0.54) but nearly
collapsed on Bestiary (ENSEMBLE accuracy of 0.03). In this case, the generated
queries often contained incorrect or missing prefixes and poorly adapted structures.
Unlike deepseek-v2-coder-16b, these errors were not entirely systematic: the model
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occasionally produced syntactically valid queries for simpler questions, though these
frequently contained semantic or logical inconsistencies.

Smaller models, such as llama-3.1-8b and particularly c4ai-command-r-7b, also
exhibited frequent syntax errors resembling the prefix-omission pattern described
above, though in a less consistent manner. Often, class names were correctly pre-
fixed while predicates were not, suggesting partial understanding of the prompt
conventions. Such partially malformed queries systematically failed during execu-
tion.

These patterns indicate that failure mechanisms vary by model type: some dis-
play consistent, systematic breakdowns, others fail intermittently, and some are
highly sensitive to the dataset or prompt template. In the present experiments, the
most severe and consistent failures (those leading to near-zero accuracy) primarily
stemmed from syntactic errors such as incomplete or malformed query structures.
Nevertheless, syntax errors represent only the most visible layer of failure. Correct-
ing them does not necessarily resolve deeper semantic issues, as alignment errors
between natural-language expressions and ontology elements often persist.

Determining the precise causes of these syntactic failures would require targeted
ablation studies or controlled prompting experiments. However, certain explanations
can be reasonably excluded. Given the clean and consistent format of the inputs,
tokenization problems are unlikely to account for the observed behaviors. Instead,
these consistent failures, such as those of deepseck-v2-coder-16b, are more plausibly
attributed to prompt incompatibilities (e.g., mismatched formatting conventions) or
to limited reasoning ability in structured semantic generation tasks such as SPARQL
query construction.

Taxonomy of typical failure cases

To better understand the limitations of current LLMs in SPARQL generation, a
taxonomy of common failure cases identified in the evaluation is presented. The
cases are grouped into eight distinct categories, each reflecting a recurring failure
mode.

Category Description

1. Prefix/omission Missing or misused prefixes, unresolved IRIs
2. Ontology misalignment  Invented or misused classes or predicates

3. Aggregation logic errors Incorrect use of aggregates or grouping

4. Filter misapplication Incorrect logical conditions or set reasoning

5. Structural syntax errors Violations of SPARQL syntax or grammar

6. Repetition patterns Runaway generation or infinite clauses

7. Variable binding errors  Undefined or mis-scoped variables

8. Wrong query form Using SELECT instead of ASK (or vice versa)

Table 4.6: Taxonomy of common SPARQL generation errors observed across models
and datasets.
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For each category, a short definition and one representative example are provided,
including the dataset question and the corresponding model-generated SPARQL
query. Since many errors overlap, each example is assigned to the category that
best reflects its primary issue. Because queries may be incorrect for multiple reasons
beyond the one being discussed, direct comparison with the ground truth is not
always meaningful. To maintain conciseness, ground-truth SPARQL queries are
omitted.

1. Prefix omission and IRI resolution errors These errors occur when models
omit necessary prefixes or apply them incorrectly, producing unresolved IRIs and
non-executable queries. They usually cause syntax errors or semantic mismatches
when the model assumes an incorrect namespace resolution. This error pattern
accounts for many of the systematic failures observed with deepseek-v2-coder-16b.

e Failing question (Bestiary)
Which creatures that speak a language, but not DraconicL, do have Chaotic-
Good alignment?

e Generated query (deepseek-v2-coder-16b)

SELECT 7beast
WHERE {
?beast hasAlignment :ChaoticGood.
7beast hasLanguages 7language.
FILTER NOT EXISTS {?beast hasLanguages :DraconicL}
FILTER EXISTS {7beast spokenBy 7language}
b

e Error
The model omits the required prefix for hasAlignment and other predicates,
causing parsing failure. Even if prefixes are inserted during post-processing,
unresolved symbols still lead to execution errors.

2. Ontology misalignment (predicate or class misuse) These errors arise
when the model hallucinates class or property names, or misuses existing ones.
Generated terms may appear semantically plausible but do not exist in the ontology.

e Failing question (Spider/SPARQL)
What are the codes of template types that are not used for any document?

e Generated query (gpt-3.5-turbo)

SELECT DISTINCT 7template_type_code WHERE {
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7template_type a :ref_template_types .
FILTER NOT EXISTS {
?template a :templates .

7template :ref-template_type_code 7template_type .
b
X

e Error
The model invents classes such as :ref template types and properties like
:ref-template_type_code, which are not defined in the ontology.

3. Aggregation logic errors These occur when models misuse SPARQL aggre-
gation constructs. Typical problems include replacing proper aggregation functions
(MIN, MAX) with ORDER BY and LIMIT, or violating grouping rules.

e Failing question (Spider/SPARQL)
What is the maker of the car produced in the earliest year and what year was
it?

e Generated query (gpt-40)

SELECT ?makerName 7earliestYear WHERE {
?carData :year 7earliestYear ;
:id ?carld .
7?carName :makeid 7carld ;
:make 7makerName .
}
ORDER BY ASC(7earliestYear)
LIMIT 1

e Error
The query uses ORDER BY and LIMIT to approximate a MIN operation, which
is incorrect and unreliable when multiple matches exist.

4. Filter misapplication and set-reasoning mistakes These involve incorrect
use of FILTER, MINUS, or EXISTS, producing faulty logical interpretations. The model
often reasons at the triple level instead of the set level.

e Failing question (Spider4SPARQL)
Return the country codes for countries that do not speak English.

e Generated query (gpt-40)
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SELECT DISTINCT 7countryCode

WHERE {
?countrylanguage :countrycode 7countryCode .
7countrylanguage :language 7language .
FILTER(?language != "English")

by

e Error
The query filters individual language triples, incorrectly retaining countries
that speak both English and other languages. The intended meaning re-
quires excluding all countries that speak English, using a MINUS or FILTER
NOT EXISTS construct.

5. Structural syntax errors This category includes violations of SPARQL gram-

mar, such as misuse of a (rdf:type), invalid nesting, or undefined constructs.

e Failing question (LC-QuAD)
How many different people own the Timeform award winners?

e Generated query (cjai-command-r-7b)

SELECT COUNT(DISTINCT 7person) WHERE {
?film a :property/awards :resource/Timeform .
7film :ontology/owner ?person .

3

e Error
The triple ?7film a :property/awards :resource/Timeform misuses a with
a compound path, which is syntactically invalid. The a keyword must be
followed by a single class IRI.

6. Run-on repetition and non-terminating patterns Some models generate
excessively long or repeating queries due to token-level loops or confusion during

decoding. This produces unparseable outputs that fail to capture any coherent
logic.

e Failing question (Bestiary)

Are angels characterized by the greater average value of experience points than
demons?

e Generated query (llama-3.1-8b)

[Omitted for brevity; consisted of over 600 lines with repeating SELECT, BIND,
and structural patterns.]
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e Error
The model enters a runaway generation loop, producing redundant clauses
that do not terminate meaningfully. Such outputs typically fail to execute due
to timeouts or size constraints.

7. Variable scope and binding errors These occur when variables are used
without being properly introduced or when their scope is misinterpreted. Such
mistakes generally render the query invalid.

e Failing question (Spider/SPARQL)
What are the names of the dogs for which the owner has not spent more than
1000 for treatment?

e Generated query (qwen-2.5-coder-32b)

SELECT ?dog_name WHERE {
?dog :name ?7dog_name .
?dog :ref-owner 7owner .
?treatment :ref-dog 7dog .
7charge :ref-treatment 7treatment .
FILTER(?7charge_amount <= 1000)
X
GROUP BY 7dog_name
HAVING(SUM(?charge_amount) <= 1000)

e Error
The variable ?charge _amount is never bound before use in the FILTER and
HAVING clauses, making the query invalid.

8. Wrong query-form selection These errors involve choosing the wrong
SPARQL form (SELECT, ASK, or CONSTRUCT) relative to the user intent. This pro-
duces verbose or semantically mismatched outputs.

e Failing question (Bestiary)
Do Lorelei and sirens speak the same languages?

e Generated query (mistral-small-24b)

SELECT 7langl 7lang2

WHERE {
?lorelei :hasName "Lorelei' .
?siren :hasName "Siren" .
?lorelei :haslLanguages 7langl .
7?siren :hasLanguages 7lang2 .
FILTER (?langl = 7lang?2)
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e Error
The query lists all matching language pairs, while the user’s intent is to check
whether any overlap exists. The correct form should be ASK, as the expected
output is a boolean value.

4.4 Summary

This chapter investigated the ability of large language models (LLMs) to translate
natural language questions into SPARQL queries in a zero-shot setting over domain-
specific knowledge graphs and ontologies. The study was conceived in continuity
with the previous chapter, where the automatic construction of such knowledge
graphs was explored. The evaluation therefore focused on scenarios in which the
graphs or ontologies are newly created and lack training data, reflecting the practical
conditions of automatically structured knowledge resources.

The results demonstrate that larger and more capable models consistently
achieve higher accuracy, particularly when handling structurally complex queries.
Nevertheless, recent open-weight models, including qwen-2.5-coder-32b, llama-3.5-
70b, and codestral-v0.1-22b, exhibit competitive performance that approaches that
of proprietary models, indicating a narrowing performance gap between open and
closed systems.

Prompt formulation emerged as a central factor influencing model behavior.
Structured prompting strategies, such as DETAILED and COT, tend to benefit larger
models by encouraging more systematic reasoning, whereas smaller models perform
more reliably with the simpler BASIC prompt. This pattern reflects differences in
the models’ ability to process and exploit complex instructions.

Across datasets, results confirm that LLMs can generate syntactically valid and
semantically meaningful SPARQL queries even without domain-specific training.
The comparison with the SGPT reference model emphasizes the advantage of models
capable of incorporating ontology information at inference time, which supports
broader generalization across distinct knowledge graphs.

The failure analysis identified several recurring error types, including prefix omis-
sions, ontology misalignment, and aggregation or filtering mistakes. These findings
highlight the dependence of LLMs on clear and consistent ontology design. Ex-
plicit and well-structured ontologies, providing intuitive naming, coherent relations,
and standardized modeling, substantially improve LLM interpretability and query
accuracy.

Overall, this chapter provided an integrated evaluation of LLM prompting strate-
gies for knowledge graph querying. It established that prompt design, model capac-
ity, and ontology quality jointly determine performance in NL-to-SPARQL transla-
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tion, outlining the conditions under which language models can function as effective
intermediaries between users and structured knowledge.



88

CHAPTER 4. KNOWLEDGE RETRIEVAL



Chapter 5

Application

Once textual knowledge has been structured into coherent representations and made
accessible through natural-language interfaces, the next step is to apply these prin-
ciples in a real-world domain. Among the many contexts where large volumes of
heterogeneous information are routinely generated, healthcare is particularly em-
blematic. Electronic Health Records (EHRs) constitute one of the richest and most
complex data ecosystems, documenting the medical history of patients across mul-
tiple encounters, institutions, and care processes.

EHR systems combine diverse information types, ranging from highly structured
administrative and laboratory data to semi-structured forms and fully unstructured
clinical narratives. While the structured components enable standardized storage
and retrieval, the unstructured notes written by clinicians often contain essential
details that are not captured elsewhere, such as observations, justifications, and
contextual nuances that are indispensable for understanding patient trajectories.
This coexistence of structured and unstructured information mirrors the broader
challenges discussed throughout this thesis: how to represent, integrate, and exploit
textual knowledge in a machine-interpretable form.

At the same time, the healthcare domain illustrates the critical importance of
interoperability. Differences in data models, formats, and terminologies across hos-
pitals and information systems limit the reusability of clinical data and hinder its
secondary use for research, monitoring, and decision support. Knowledge graph
technologies provide a promising avenue to address these issues, offering a semantic
layer capable of integrating heterogeneous sources within a unified representational
framework. However, the integration of free-text notes within such structures re-
mains particularly challenging, given their volume, variability, and sensitivity.

The work presented in this chapter explores how Large Language Models (LLMs)
and ontology-driven knowledge graph modeling can be combined to address these
challenges. Focusing on real-world EHR data represented in the FNUX format, it
examines how LLMs can structure unstructured clinical notes into event-based rep-
resentations that complement and extend the native structured data. By doing so,
it demonstrates how the techniques developed in previous chapters can be applied to
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a concrete, domain-specific scenario where interoperability, semantics, and temporal
reasoning are essential.

5.1 Problem analysis and system architecture

Building on the challenges outlined in the introduction, this section examines the
two main issues that shape the proposed architecture. First, a substantial portion of
clinically relevant information resides in free-text notes, which limits interoperability
and automated use. Second, existing EHR data models are typically based on rigid
schemas and lack the flexibility to represent semantically rich aspects of patient data,
particularly in capturing temporality and linking to broader biomedical knowledge.

To address the first challenge, recent advances in large language models (LLMs)
are leveraged for the identification and structuring of clinically relevant information
from unstructured notes, even under zero-shot conditions [135] 67, 161, 123], 52].
These capabilities make LLMs a suitable component in pipelines designed to trans-
form clinical narratives into structured event representations. To address the second
challenge, a semantic modeling approach based on knowledge graphs is adopted. An
event-based ontology incorporating temporal attributes enables the knowledge graph
to capture the evolution of patient health status and to provide a more expressive
representation than conventional EHR data models. This approach relies on an
ontology-driven mapping process, transforming both natively structured data and
LLM-extracted events into RDF triples.

EHR data

Ingestion

3
EHR

Knowledge Graph
(patients + events)

Patient data
objects

Ontology-driven
mapping

Native
structured
data

2
Unstructured Ontology-driven SE;;S’Cat fltree ‘:j
notes event extraction data }—[

Figure 5.1: Conceptual pipeline for transforming heterogeneous EHR data into a
knowledge graph representation. Gray ovals represent external sources (EHR data,
LLM, ontology), green rounded boxes represent processing modules, blue rectangles
represent intermediate data states, and the orange rectangle indicates the final out-
put.

The resulting pipeline architecture combines these two components. LLMs pro-
cess clinical notes locally, within a secure and restricted environment, to extract
diagnoses and other clinically relevant events, while an ontology-based representa-
tion layer integrates these extracted events with the structured portion of the EHR.
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The outcome is a knowledge graph that captures both structured and unstructured
information in a coherent, temporally aware model. Figure illustrates the pro-
cess at a high level. In module (1), EHR data (whether stored in local databases or
accessed through APIs) are ingested and parsed into an internal patient-level rep-
resentation that facilitates downstream processing. Module (2) constitutes the core
of the system: an LLM processes unstructured clinical notes in an ontology-driven
event extraction step, while native structured fields are preserved. Finally, module
(3) integrates both native and extracted structured data through ontology-driven
mapping, producing an event-based knowledge graph representation of the patient
records.

In summary, the architecture integrates LLM-based event extraction with
ontology-driven semantic modeling, addressing the challenges of unstructured in-
formation and temporal representation in EHR data.

5.1.1 Ontology-driven event extraction

As illustrated in Figure , the pipeline consists of three modules. Modules (1)
and (3) perform format-dependent mappings: from the source EHR schema into
an internal representation, and subsequently into RDF/OWL. These steps, while
essential, are primarily engineering tasks that adapt to the specific data model and
ontology. By contrast, module (2) constitutes the core research component, focusing
on the extraction of clinically meaningful events from unstructured notes and their
alignment with an event-based ontology. This module combines local large language
models with an ontology-driven schema to recognize, classify, and structure events
such as diagnoses from free-text clinical notes. The following subsections introduce
the event-based ontology design principles and describe the extraction component
that operationalizes them on clinical notes for integration into the semantic repre-
sentation layer.

Event-based ontology

To represent clinical information in a temporally coherent way, a general model-
ing framework is introduced to organize patient data around events. The ontol-
ogy framework is designed to accommodate heterogeneous EHR information while
placing particular emphasis on events and their temporal dimension. Its high-
level structure is shown in Figure [5.2] comprising five main categories: Patient,
PatientHealthOccurrence, ClinicalConcept, ClinicalEntity, and HealthcareSystemEn-
tity.

Patient and PatientHealthOccurrence capture the temporal aspects of a patient’s
clinical history. A distinction is made between ClinicalCourse, representing aggre-
gated events of care, and ClinicalEvent, representing atomic occurrences in time.
Events provide a natural unit of representation, as they can be temporally situated
and linked to other concepts. For example, a ProcedureEvent may register an in-
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Figure 5.2: High-level organization of the ontology classes.

tervention on a patient and be linked to related concepts such as the affected body
part, a medical device used during the procedure, and the healthcare personnel who
carried it out. Since these events constitute the main targets of the extraction mod-
ule, each subclass of ClinicalEvent must be supported by appropriate strategies for
recognition and structuring from clinical text.

ClinicalConcept represents static or terminological knowledge, such as diagnoses,
drugs, medical devices, or prescription reasons. These concepts are not tied to
specific patients but provide the controlled vocabularies referenced by events and
entities. This is also the level where the local concepts can be linked to widely used
biomedical ontologies, such as SNOMED CT, LOINC, DRON, OGMS, or OBI. Such
mappings are key to improving semantic interoperability and facilitating integration
with external biomedical knowledge bases.

Clinical Entity covers concrete objects in the EHR that are tracked in the hospital
system, such as a specific drug dispensed, a laboratory result, or a clinical episode.
Unlike concepts, which capture definitional knowledge (e.g., the drug “Ibuprofen”),
entities represent patient-specific instances (e.g., “Ibuprofen 400 mg with a specific
identifier and batch number”). Moreover, they differ from events in that an event
may aggregate multiple entities and link them to the patient and additional concepts.

Finally, HealthcareSystemEntity includes facilities, healthcare workers, and roles.
These classes provide contextual information about the actors and settings in which
clinical events occur.

This ontology framework emphasizes the centrality of events while providing a
principled way to connect them with static concepts, concrete entities, and health-
care context. It also aligns directly with the extraction tasks in the pipeline, which
aim to detect, classify, and structure such events from free-text notes. It is pre-
sented as a generic framework: in practice, additional classes must be introduced to
capture the specific data structures and coding systems of a given EHR.

LLM-based event recognition and structuring

Module (2) of the pipeline implements the ontology-driven extraction of clinically
meaningful events from unstructured notes. The process operates iteratively on one
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clinical notdﬂ and one event type at a time, with each step mediated by a local
large language model. The LLM receives the clinical note as input context, and
its behavior is guided by dedicated prompts. Prompts for the same step can differ
slightly across event types (such as for diagnoses, procedures, or medications) to
match the semantics of each type as defined in the ontology.

The extraction process is divided into three successive steps. This modular de-
sign improves accuracy while reducing execution time. The first step (classification)
is formulated as a binary classification, requiring the model to generate only a single
token. The following steps (listing and structuring) progressively increase in com-
plexity but are executed only if the classifier predicts that the note contains at least
one mention of the candidate event type. Since LLM latency is mainly proportional
to the number of generated tokens, this organization helps to contain inference time.
The process is iterated for each note and event type, as illustrated in Figure |5.3]
and detailed below.

Unstructured Event-based
note ontology

Event
structure ~
template

Event type
name

Ontology-driven
event extraction ~

-
1

[ @3 i E—
-3

Event name Event structuring ! Event JSON

no event recognition

Empty JSON

Figure 5.3: Detailed internal processing of module “(2) Ontology-driven event ex-
traction”. Gray ovals represent external sources (note, LLM, ontology), green
rounded boxes represent processing modules, blue rectangles represent intermedi-
ate data states, and the orange rectangle indicates the final output.

Event recognition (2.1). Event recognition classifies the note as mentioning or
not a candidate event type. The LLM is prompted with the clinical note and the
event type definition from the ontology to decide if any instance is present. The
output is a binary decision (“yes”/“no”), which determines whether the extraction
process continues for that event type. A bypass option allows subsequent steps to
be skipped in the negative case, thereby avoiding token-expensive processing that
would otherwise yield only empty results. An instance of the prompt used in this

step is reported in Section [A.4.1]

1Since notes are extracted from an EHR system, the patient to whom each note belongs is
already known. This information is not expected to be re-extracted from the note.
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Event listing (2.2). Event listing enumerates the explicit mentions of events.
If the candidate event type is recognized, the system proceeds to list the explicit
mentions of that event in the note. Each mention is assigned a representative name
(e.g., for a diagnosis, the name of the condition; for a prescription, the name of
the drug). The LLM is prompted with the note and the event type and asked to
return an array of strings in JSON format, each corresponding to one distinct event
mention. This step deliberately restricts the task to listing surface forms, deferring

more complex enrichment to the structuring step. An instance of the prompt used
in this step is reported in Section [A.4.2]

Event structuring (2.3). Event structuring enriches each event with detailed
attributes. Each extracted event name is then independently processed by the struc-
turing module, which enriches and normalizes the event according to the ontology
schema. Every event type is associated with a structure template, i.e., a JSON ob-
ject specifying the expected attributes and their format. For example, a diagnosis
template may include keys such as date, certainty (suspected or certain), and status
(active or cured), with optional extensions for provider information, standardized
codes (ICD-10, SNOMED), or other metadata. The LLM receives the note as con-
text, the event name to be structured, and the corresponding template. Its task is
to replicate the template, filling values with information extracted from the note, or
omitting keys if the information is absent. The output is a structured JSON object
for each event mention. An instance of the prompt used in this step is reported in

Section [A4.3]

Temporal information. Temporal attributes can be explicitly requested through
the structure template. When the note specifies a date (e.g., “diagnosed in 2020"),
the LLM is expected to return it in a standardized format (e.g., ISO 8601). When no
explicit date is present, the timestamp of the note itself is used. This design choice
is generally practical for acute clinical events such as prescriptions or diagnoses but
less reliable for chronic conditions or past medical history. Nevertheless, it provides
a workable strategy to assign temporal anchors to extracted events when direct
evidence is missing.

Output. The outputs of the three steps are aggregated by event type into a list
of structured events. Each event is later converted into ontological triples and in-
serted into the knowledge graph, linked both to the originating patient and grounded
with its temporal information. This complements the events reconstructed from the
natively structured data available in the EHR.

Discussion. This design emphasizes modularity: recognition, listing, and struc-
turing are decoupled components, each guided by ontology-derived prompts and
templates. The iterative processing of individual event mentions ensures focus and
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interpretability, while the manually curated schema templates enforce semantic con-
sistency across event types. These design choices allow the extraction process to
scale across clinical ontologies and to accommodate evolving definitions of clinically
relevant events, while ensuring that the extracted events are readily convertible into
ontological triples for integration into the knowledge graph.

5.2 Experiments

The experiments assess the effectiveness of the LLM-based extraction module (2),
focusing on two key aspects: the identification of clinically relevant events from
free-text notes and the assignment of temporal attributes. These aspects constitute
the main methodological contributions of the proposed approach and are therefore
the focus of the evaluation.

As a case study, the analysis concentrates on diagnoses, a type of clinical event of
particular importance in medicine and consistently encoded in EHR systems. For-
mally, a diagnosis is the process of identifying and characterizing a patient’s health
condition by recognizing diseases, disorders, or injuries from their signs, symptoms,
and test results, and distinguishing them from other possible conditionsPf] While
historically diagnoses were categorized directly by disease, in contemporary practice
and EHR systems they are operationalized more broadly and encoded using classi-
fication systems [101], such as ICD for disease-specific coding or ICPC for broader
primary care contexts. Defining and structuring diagnoses is therefore both clini-
cally central and methodologically challenging, making them a suitable test case for
the pipeline.

The datasets are analyzed in Section [5.2.1] the note processing components in
Section [5.2.2] the evaluation methodology in Section [5.2.3] and the results in Sec-
tion [(.2.41

5.2.1 Datasets

This subsection discusses the challenges in selecting datasets for event extraction
from clinical notes, describes the resources ultimately used in the evaluation, and
outlines the preprocessing and descriptive analyses applied to them.

Challenges in dataset selection

Evaluating event extraction from free-text clinical notes is challenging, largely due
to the scarcity of viable datasets. Although the pipeline is event-agnostic and can
be adapted to recognize different types of events enriched with attributes, two main
challenges hamper systematic evaluation.

Zhttps://www.britannica.com/science/diagnosis
3https://www.cancer.gov/publications/dictionaries/cancer-terms/def/diagnosis
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The first challenge concerns data availability. Many corpora used in prior clinical
NLP research remain private and institution-specific. Examples include the Pedi-
atric Osteosarcoma Pathology Reports with annotated tumor grades [67], the RACF
Nursing Notes annotated for agitation [161] and malnutrition risk factors [5], and
the Stanford MOUD Dataset of opioid use disorder notes [97]. Numerous other
studies rely on similarly restricted resources, limiting reproducibility [135] 123 [150].

The second challenge relates to annotation richness. Publicly available corpora
such as MIMIC' [75][74] are widely used [49, [105] and provide real-world de-identified
collections of clinical data from intensive care units, including free-text discharge
notes linked to admission diagnoses. Several derived datasets add targeted annota-
tions, for example the Processed Benchmark Dataset from BIMSHY which assigns
specialties to diagnoses (e.g., cardiology, neurology) [49], or MDACE [26], which
links admission diagnoses to explicit textual evidence under manual supervision [72].
Despite their value, these resources primarily provide flat entity annotations (e.g.,
diagnosis names), without systematically capturing attributes of interest such as
status, temporality, certainty, or severity in the case of diagnoses. In this setting,
an event is essentially an entity enriched with temporal and other contextual at-
tributes, which makes the evaluation of event structuring difficult in the absence of
such metadata.

A notable exception is the 2012 i2b2 Temporal Relations Challenge corpus [153],
which annotated discharge summaries with a wide range of clinically relevant events
organized into four categories: clinical concepts, clinical departments, evidentials,
and occurrences. Fach event is labeled with attributes for type, polarity, and modal-
ity, and temporal expressions (TIMEX3) are linked to events through temporal re-
lations (TLINKSs). Although the schema remains relatively shallow (each event type
is enriched only with polarity and modality, and the categorization is not grounded
in a formal ontology) this corpus was one of the earliest large-scale resources to
support temporal event extraction from clinical notes. However, it is currently not
openly hosted and is listed as temporarily unavailableﬂ

Selected datasets and filtering

Since no single dataset fully satisfies the requirements for event structuring and
open availability, two sources were selected that complement each other in terms of
accessibility and annotation detail:

e the MDACE dataset [26], openly available, from which 560 MIMIC-III notes
annotated with diagnoses coded in ICD-10 were obtained. While in principle
plain MIMIC discharge diagnoses could have been used, the manual evidence
annotations in MDACE provide additional assurance that each code corre-
sponds to an explicit mention in the note;

“https://github.com/BIMSBbioinfo/medL.LMbenchmark
Shttps://portal.dbmi.hms.harvard.edu/projects/n2c2-nlp/
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e the FNUX data, private and non-disclosable, obtained through collaboration
with Aalborg University Hospital. This dataset comprises the clinical histo-
ries of several patients, yielding 1,290 Danish clinical notes with linked di-
agnoses coded in ICPC-2 and SKS (Sygehusveesnets Klassifikationssystem).
Both notes and diagnoses are associated with dates, enabling evaluation of
temporal anchoring within a realistic and heterogeneous EHR setting. Notes
without associated diagnoses were excluded.

For both datasets, only the diagnosis names were retained, disregarding the
associated ICD-10, ICPC-2, or SKS codes since they are not explicitly mentioned
in the text. While ICD and ICPC operationalize diagnoses through their entire
code lists, including concepts outside a strict medical definition, the definition of
diagnosis events adopted here is based on a concise medical description applicable
across coding systems. To ensure consistency with this ontological definition, a
filtering procedure was applied to exclude codes that do not correspond to diagnoses
in this stricter sense. Both the full annotated set and the filtered subset are retained,
providing two complementary views of the data for later evaluation. The filtering
rules are as follows:

e Natural language form: exclude codes whose description contains terms
such as “concern,” “fear,” or “question,” which signal non-diagnostic concepts.

e ICPC-2 codes: consist of a one-letter category followed by a two-digit num-
ber. Exclude process codes (prefix “—7), social problems (category “Z”), and
general codes (“A”) below 91. All other categories are retained, but only codes
numbered 70 or above.

e ICD-10 codes: consist of a one-letter category prefix. Exclude symptom
codes (“R”), encounter codes (“Z"), and external causes (“V/W/X/Y”). Re-
tain disease codes (“A-Q7), injury codes (“S/T”), and special-purpose cate-
gories (“U”).

Together, these datasets allow the examination of complementary aspects of the
pipeline: MDACE, as an openly available resource that enables reproducible diag-
nosis extraction experiments, and FNUX, as a private but temporally rich EHR
collection that allows evaluation in a realistic clinical setting. During preliminary
pipeline design and prompt engineering, the PMC-Patients dataset [I80] was also
used, providing a convenient publicly available set of clinical narratives for proto-

typing.
Descriptive statistics

To provide an overview of the selected datasets, simple statistics are reported to-
gether with descriptive observations.
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MDACE notes, derived from MIMIC-III, consist exclusively of discharge sum-
maries. These documents summarize an entire patient stay and are therefore long
and information-dense, with diagnostic mentions interleaved with a substantial
amount of additional medical detail. By contrast, FNUX includes a broader range
of clinical notes, where discharge summaries are relatively uncommon. Most FNUX
notes are shorter and more focused, often containing only one or a few diagnoses.
This contrast is reflected in the note length distribution shown in Figure [5.4
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Figure 5.4: Distribution of note lengths in FNUX and MDACE, measured in word
counts per note (logarithmic y-scale). MDACE notes are generally longer and exhibit
a broader distribution, while FNUX notes are shorter and more concentrated at lower
word counts.

Note length also correlates with the number of diagnoses linked to each note. In
FNUX, the average is close to one diagnosis per note, whereas MDACE averages
around six. Applying the filtering rules reduces the number of retained diagnoses
in both datasets, and in FNUX it occasionally leaves notes with no remaining diag-
noses. The counts of notes and diagnoses before and after filtering are summarized

in Table 5.1l

Dataset  Notes Diagnoses (all) Diagnoses (filtered)

MDACE 560 3,319 2,565 (—22.7%)
FNUX 1,290 1,401 649 (—53.7%)

Table 5.1: Counts of notes and diagnoses before and after filtering.
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5.2.2 LLM-based note processing

The language model encodes the natural language and medical knowledge required
to interpret clinical notes and extract structured medical events. The following
describes how the model was chosen and how it was instructed through prompting
for the different pipeline steps, focusing on the case of diagnosis events.

Language model choice

Prior literature shows that many studies commonly rely on general-purpose LLM
families such as OpenAT’'s GPT [135], 67, 150}, 120} 57, [182] 102} 144, [72, O7], Google
DeepMind’s Gemini [120] 57, 182 [144], Anthropic’s Claude [120], 49, 144], and Meta’s
Llama [2, 161, 123, 150, (2, 120, 144, 5, O7]. Other families, including Mistral,
Cohere, Bard, PaLM, Flan, and BERT, have also been evaluated across a range of
clinical NLP tasks. Other families, including Mistral, Cohere, Bard, PaLM, Flan,
and BERT, have also been evaluated across a range of clinical NLP tasks.

In this case study, remote-only LLMs such as GPT, Gemini, or Claude, while
demonstrating strong performance in many prior evaluations, were not considered
viable due to the sensitivity of clinical notes and the requirement for a pipeline de-
ployable entirely on secure local infrastructure. To this end, preliminary experiments
were conducted with a set of open-weight models of moderate size (tens of billions
of parameters), chosen to balance performance with the feasibility of local deploy-
ment.ﬂ The models explored included Llama 3 (8B, 70B), Mistral 24B, Qwen 2.5
(14B, 32B), and Gemma 3 27B, as well as its medical variant MedGemma [139].
These preliminary tests focused on event recognition and listing (diagnoses, pre-
scriptions, procedures, device exposures, admissions to care), followed by event
structuring (e.g., linking prescriptions with drug names, dosages and frequencies,
or procedures with the targeted body part and associated devices). Experiments
were conducted on notes from the PMC-Patients dataset [I80], with manual super-
vision of the outputs. Because this process was labor intensive, we did not run a
systematic or extensive comparison across models and we relied mainly on qualita-
tive observations.

Smaller models such as Llama 3 8B struggled to consistently handle event list-
ing and structuring, whereas larger models generally produced more reliable results.
No single model clearly outperformed the others in this limited exploratory setting.
However, given evidence that domain-specialized LLMs often achieve superior per-
formance in clinical tasks [86], and since MedGemma [139] performed strongly in
both event extraction and structuring during preliminary evaluations, it was adopted
as the core model for the pipeline. Prompts and extraction logic were tuned accord-
ingly, and MedGemma is the model formally evaluated in this work.

6With 4-bit quantization, the largest model tested required less than 48 GB of memory.
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Prompt formulation

The performance of the extraction pipeline depends not only on the underlying LLM
but also on how it is instructed. Based on preliminary investigations, a generic
prompt structure was defined that can be adapted to each pipeline step and event
type. Every prompt includes a {note} placeholder, substituted at runtime with the
clinical note, and generally follows a common pattern: (i) provide a short intro-
duction describing the note, (ii) formulate the task at a high level (classification,
extraction, or structuring), (iii) insert the note text, and (iv) restate the task with
more detail, optionally including event-specific guidance.

Initially, fully generic event placeholders for event type and semantic description
were tested, retrieved automatically from the ontology. However, these formula-
tions proved too rigid, as effective prompts often benefit from event-specific details
or dataset-specific instructions. For example, since FNUX notes are predominantly
written in Danish but occasionally in English, prompts explicitly warn the model
about this variability. Similarly, when a dataset encodes diagnoses in a specific
system (e.g., ICD-10), allowing for more tailored instructions may improve perfor-
mance. A general prompting flow was therefore adopted, complemented by manually
written, event-specific instructions to ensure flexibility across different event types.

It was also found advantageous to vary the strictness of prompts across steps.
In the recognition stage, the task is deliberately more permissive than in the listing
stage: the model is instructed to return “yes” whenever a diagnosis might plausibly
be present, thereby reducing false negatives that would otherwise halt the pipeline.
This comes at the cost of some additional false positives, but these are subsequently
checked in the listing step, which applies stricter criteria to enumerate only explicit
mentions and may ultimately return none.

Finally, the structuring step enriches each mention according to an ontology-
derived schema. Prompts in this step include a {json_template} placeholder, re-
placed at runtime with a JSON object describing the expected fields (e.g., date,
status, certainty). The model is instructed to replicate the template and fill in only
attributes explicitly mentioned or clearly implied in the note, omitting absent fields.
These schemas must be defined manually for each event type.

5.2.3 Evaluation criteria

The evaluation assesses the effectiveness of the pipeline along two complementary
dimensions: (i) the ability to recognize and extract diagnosis mentions from clin-
ical notes, and (ii) the ability to correctly assign temporal anchors to these diag-
noses. Both evaluations are performed on the annotated datasets introduced in
Section [5.2.1], considering results on both the full set of annotated diagnoses and
the filtered subset that retains only strict diagnoses. Extraction of diagnosis names
can be assessed on both MDACFE and FNUX, which provide notes annotated with
diagnoses. Temporal anchoring, in contrast, can only be assessed on FNUX, as it
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is the only dataset that includes EHR-based temporal annotations. The following
subsections describe the evaluation methodology for each of these tasks.

Diagnosis extraction

The recognition and listing modules were evaluated on the MDACFE and FNUX
datasets, each providing clinical notes annotated with diagnoses. Extraction is per-
formed independently on each note, as illustrated in Figure [5.5]
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Figure 5.5: Evaluation pipeline for diagnosis extraction. Ground-truth diagnoses
are paired with the extracted diagnoses, and their equivalence is assessed by an
LLM-based judge.

Given a note, the set of annotated (ground-truth) diagnoses is denoted as G =
{91, .-, 9m} and the set of diagnoses extracted by the system as € = {ej1,...,e,}. To
assess correctness, all possible pairs (e;, g;) are formed and evaluated to determine
whether the two diagnoses are medically equivalent.

A key challenge in this evaluation is that equivalent diagnoses often appear un-
der different surface forms (e.g., “renal failure” vs. “kidney failure”). Exact string
matching is too rigid and results in excessive false negatives, whereas embedding-
based similarity requires threshold calibration and might inflate false positives. To
overcome these limitations, the medical LLM MedGemma is adopted as a judge to
assess whether each (e;, g;) pair is medically equivalent. This approach aligns with
the emerging “LLM-as-a-Judge” paradigm [53], which has shown that LLMs can
provide reliable semantic evaluation at scale. While human annotation remains the
gold standard, it is prohibitively costly at the scale of these experiments. In contrast,
LLM-based judging offers a practical compromise: more robust than purely lexical
or embedding-based methods, and far more scalable than manual curation. To em-
pirically assess its reliability in this specific setting, the judge itself was additionally
evaluated against human annotators (Section [5.2.3)).

The judge returns a label for each pair, resulting in triples of the form (e;, g;,7)
or (e;, g, F), where T indicates semantic equivalence and F' indicates none. Collec-
tively, these form the set M. From this, precision and recall are defined as:

Hee&:(eq,T) e M}

pP—
€]

(5.1)
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_Hyeg:(e9T) e M}
4

Here, P measures the fraction of extracted diagnoses that are correct (precision),

while R measures the fraction of annotated diagnoses successfully recovered (recall).

Both metrics are averaged over all notes to yield dataset-level scores. Results are

reported on both the full annotated set G and the filtered subset Gy C G, which

retains only strict diagnoses according to the filtering rules described in Section |5.2.1].

R

(5.2)

Structuring and temporal anchoring

Beyond diagnosis recognition, the evaluation also assesses the temporal anchoring
of extracted diagnoses using the FNUX dataset, which includes temporal annota-
tions in the source EHR. Temporal assignment follows the procedure described in
Section [5.1.1] where dates are derived from the structuring module; if no explicit
temporal expression is identified in the note, the note creation date is used as a
proxy.

Formally, let 7 (x) denote the date assigned to diagnosis z. Temporal accuracy
can be assessed only for extracted diagnoses that were judged correct, i.e. equivalence
triples (e, g,T') € M, since only these have a valid ground-truth reference. For each
such pair, the predicted date T (e) is compared with the annotated date T (g), as
illustrated in Figure [5.6]

( )
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Structuring Event date Note creation |
(for each event) attributes time (proxy)

equivalent P e ! P : pr—
only (1) : ' [ :

get dates Lt
from EHR

Figure 5.6: Evaluation pipeline for temporal anchoring. For each correctly matched
diagnosis pair (e, g, T'), the date assigned by the structuring module (or the note date
as proxy) is compared with the ground-truth date annotated in the EHR system.

Accuracy is reported at three temporal granularities: exact day (D), within one
week (W), and within one month (M). For a tolerance window h € {D,W, M},
temporal accuracy is defined as:

4, = Weg.T) € M:[T(e) = Tlg)l < b
{(e,9,T) € M}

This metric quantifies the proportion of correctly extracted diagnoses whose
predicted temporal anchor falls within A days of the annotated ground-truth date.

(5.3)
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Reliability of the judge

To assess whether MedGemma produces judgments consistent with human reason-
ing, a focused inter-annotator agreement study was conducted.

From all pairs (e;,g;) created for evaluating diagnosis equivalence, 200 were
randomly selected for human review. Because non-equivalent pairs were expected
to dominate, a stratified sampling strategy was applied based on the LLM judge’s
predictions, selecting 100 pairs previously labeled as equivalent and 100 as non-
equivalent. This ensured a balanced and informative evaluation of both categories,
even though the strata were defined according to the model’s own judgments rather
than verified ground truth.

Each pair was independently re-annotated by three human experts affiliated
with the Department of Medicine at Aalborg University, consisting of one senior
academic and two advanced medical students. All annotators followed the same
written guidelines used to instruct the model, deciding whether each pair of diagnosis
names referred to the same underlying clinical condition.

Inter-annotator agreement was measured using Cohen’s x, a chance-corrected
coefficient that quantifies the consistency between categorical judgments. The re-
sulting values, reported in Table include both human—human and human-LLM
pairings. According to the inter-rater categorization proposed by [104] for the
“Level of Agreement,” values of k£ € [0.40,0.59] fall within the class Weak, val-
ues of k € [0.60,0.79] within the class Moderate, and values of x € [0.80,0.90] within
the class Strong.

Rater pair Cohen’s k Interpretation

LLM — CV 0.75 Moderate
LLM — AF 0.62 Moderate
LLM — SB 0.55 Weak
CV — AF 0.81 Strong
CV — SB 0.71 Moderate
AF — SB 0.70 Moderate

Table 5.2: Pairwise inter-rater agreement (Cohen’s k) between the LLM judge (LLM)
and human annotators (CV, AF, SB).

Human annotators displayed imperfect consensus, confirming that the equiv-
alence task involves inherent ambiguity even under shared guidelines. The LLM
achieved an average x of 0.64 against individual humans, compared with 0.74 among
humans. Both fall within the same interpretive band of Moderate agreement, sug-
gesting that the model’s consistency is reasonably aligned with human performance.

Rather than emphasizing the statistical precision of individual x values, as dis-
cussed by [104], the analysis focuses on the relative differences between human and
LLM judgments. Manual inspection of disagreements revealed that the LLM occa-
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sionally diverged in cases where all humans concurred, reflecting less plausible rea-
soning. These instances account for the observed drop in LLM-human agreement
but represent a limited subset compared with the broader pool of ambiguous cases in
which even humans disagreed. The overall magnitude of disagreement therefore re-
mains comparable to that observed among human annotators, as both fall within the
same level of Moderate agreement on average. Given this, the LLM is considered
sufficiently reliable to serve as a scalable proxy for pairwise diagnosis-equivalence
assessment in subsequent experiments.

5.2.4 Results

To illustrate the behavior of the extraction pipeline, this section first reports an
example of diagnoses from a MIMIC note in the MDACE dataset []] Table[5.3|shows
both the ground truth and extracted diagnoses by columns, aligning matches on the
same line.

Ground truth Extracted

[filtered] Car occupant (driver) (passenger) injured in other —
specified transport accidents, initial encounter

Fracture of vault of skull, initial encounter for open fracture Skull Fracture

Traumatic subdural hemorrhage without loss of consciousness, —
initial encounter

Displaced fracture of base of third metacarpal bone, left hand, Left metacarpal fracture
initial encounter for closed fracture

Fracture of unspecified part of left clavicle, initial encounter for  Left clavicle fracture
closed fracture

Injury of abducent nerve, unspecified side, initial encounter Traumatic 6th nerve palsy
Epidural hemorrhage without loss of consciousness, initial Epidural Hematoma
encounter

— Scalp laceration

— Left arm laceration

Table 5.3: Example of ground truth diagnoses aligned with extracted diagnoses
from a restricted MIMIC note (MDACE). Non-matching cells are filled with “—.
Ground truth entries filtered as non-strict diagnoses are marked as [filtered).

Having illustrated the extraction pipeline with an example, the following para-
graphs report the results obtained by applying the evaluation procedure described
in Section [£.2.3 to the datasets introduced in Section 5.2.1l The outcomes are sum-
marized in Table 5.4

"The note itself cannot be shown due to restricted access requirements.




5.2. EXPERIMENTS 105

Dataset P, R, Py Ry Ap Aw Ay

MDACE 048 0.79 0.46 085 -~
FNUX 083 0.76 0.84 094 0.86 090 0.93

Table 5.4: Evaluation results. P,, R,: precision and recall on all annotated diag-
noses. Py, R;: precision and recall after filtering non-diagnostic codes. Aj: temporal
accuracy at different tolerance windows (same day, £1 week, +1 month).

Both datasets show relatively high recall and lower precision.

For MDACE, the evaluation is based on 3,319 annotated diagnoses across 560
notes, reduced to 2,565 after filtering. Precision is notably low (0.48 unfiltered, 0.46
filtered), while recall remains comparatively high (0.79 and 0.85, respectively). As
discussed in Section MDACE notes are discharge summaries that are longer
and denser, typically interleaving diagnostic mentions with substantial amounts of
additional information. This likely encouraged the LLM to generate more candidate
diagnoses, some of which did not match the annotated scope, thereby lowering pre-
cision. Filtering had little effect, suggesting that both matching and non-matching
diagnoses were reduced in similar proportions.

For FNUX, the evaluation covers 1,401 annotated diagnoses across 1,290 notes,
reduced to 649 after filtering. Results are more balanced, with precision above 0.8
in both settings (0.83 and 0.84) and recall increasing from 0.76 to 0.94 after fil-
tering (+23.7%). This improvement can be partly explained by the shorter, more
focused nature of FNUX notes, which often state only a single diagnosis. Filtering
occasionally produced notes with no remaining diagnoses, but these were correctly
handled by the recognition/listing module, which in such cases returned no predic-
tions. Overall, filtering had a strong effect in FNUX, reflecting the broader coverage
of ICPC-2 codes that include non-diagnostic concepts. Although these codes are la-
beled as “diagnoses” in the FNUX schema, their removal improved alignment with
the definition used in the extraction instructions and substantially boosted recall.

Temporal anchoring evaluation on FNUX showed that 86% of diagnoses were
assigned the correct day, increasing to 90% within one week and 93% within one
month. This indicates that while the system tends to overgenerate on MDACE,
it achieves robust performance in the more heterogeneous EHR setting of FNUX,
particularly with respect to temporal information.

It is worth recalling that MDACE is a valuable dataset for automated med-
ical coding (i.e., extracting diagnostic codes from medical notes), since it links
MIMIC-IIT discharge summaries to ICD-10 codes together with the textual evi-
dence supporting them. In the present experiments, 0.46 precision and 0.79 recall
were obtained, formulating the task as the extraction of diagnoses and conditions
in natural language while ignoring the codes themselves. By contrast, most papers
that rely on MDACE address the full coding problem, typically reporting precision
in the range of 0.40-0.88 and recall between 0.58-0.86, depending on the model
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family and setup [I71), 9], 112], usually trading higher precision for lower recall and
vice versa. Similarly, [72] uses MDACE in a sentence-classification setup, deciding
whether a sentence contains any code-supporting evidence. Although different in
formulation, it shares the focus on identifying evidence rather than performing full
coding, and reports precision around 0.25-0.54 and recall of 0.66-0.70, depending on
whether GPT-3.5 or BioBERT is used. These approaches are not directly compara-
ble because of differences in task definition, model tuning, and architectural setup,
but their reported performance provides an indicative frame of reference for these
results.

5.3 Summary

This chapter presented an application of ontology-driven knowledge modeling com-
bined with large language models (LLMs) for the semantic integration of electronic
health records. The proposed pipeline unifies structured and unstructured compo-
nents of EHR data by transforming free-text clinical notes into temporally grounded,
event-based representations. An ontology tailored to the FNUX format provides the
semantic backbone for integrating the extracted events with existing structured data,
resulting in a coherent knowledge graph representation of patient histories.

Experiments conducted on the public MDACE dataset and the private FNUX
collection demonstrated that the pipeline effectively identifies and structures clin-
ically relevant diagnoses from free-text notes, achieving high recall and reliable
temporal anchoring. Precision was found to depend on the degree of note com-
plexity, with more concise notes yielding better performance. Despite these varia-
tions, the results confirm the feasibility of combining local LLM-based extraction
with ontology-driven modeling for enhancing interoperability and temporal reason-
ing within clinical data.

Overall, the chapter illustrates how methods developed throughout this thesis
can be applied to a real-world domain characterized by heterogeneous and sensitive
textual data, showing that LLM-assisted knowledge structuring can extend beyond
research settings to support complex, high-stakes applications such as healthcare.
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Conclusion

This thesis investigated how Large Language Models (LLMs) can act as knowledge
engineers, mediating between unstructured text and formal, machine-interpretable
representations. The research has been articulated along three main axes: the auto-
matic structuring of textual information into Knowledge Graphs (KGs), the retrieval
of structured knowledge through natural-language interfaces, and the application of
these methods to clinical electronic health records. Each axis has been explored both
conceptually and experimentally, showing how the reasoning and generative abili-
ties of LLMs can be operationalized for knowledge engineering tasks traditionally
requiring extensive manual design.

Knowledge Structuring. In Chapter[3] two complementary methodologies were
introduced to address the automatic organization of textual information into coher-
ent and semantically interpretable Knowledge Graphs. The schema-first approach
proposed an LLM-based pipeline for the unsupervised induction of domain schemas.
By combining keyword extraction, topic generalization, and clustering, it automati-
cally generated candidate classes and hierarchies grounded in textual evidence. Ex-
periments across distinct domains demonstrated that the induced schemas capture
the essential conceptual structures of the source corpora and can effectively support
downstream entity extraction tasks.

The extraction-first approach complemented this perspective by constructing
KGs directly from text through the iterative identification of entities and rela-
tions. LLMs were employed to extract semantically enriched triples including entity
types, descriptions, and expressive predicates, yielding data-driven, interpretable
graph representations without predefined schemas. Empirical results confirmed the
robustness and adaptability of this strategy, demonstrating its ability to produce
comprehensive and diverse representations of textual content.

A comparative analysis of the two approaches revealed their conceptual comple-
mentarity and convergence toward a hybrid paradigm of knowledge structuring.
Building upon their integration, the thesis explored reasoning-driven refinement
mechanisms for the automatic inference of hierarchical and relational dependen-
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cies. These experiments marked a first step toward ontology induction, showing
that the same language-based reasoning underlying text understanding can support
the formation and refinement of conceptual taxonomies.

Knowledge Retrieval. Chapter (4] investigated how structured knowledge can
be accessed and queried through natural language. A comprehensive evaluation
of fourteen instruction-tuned LLMs was conducted on the zero-shot translation of
natural-language questions into SPARQL queries across multiple datasets and on-
tologies. The study assessed both correctness and consistency under various prompt
formulations, identifying the decisive influence of prompt structure and ontology
clarity on query generation accuracy.

The results show that large-scale models, such as those from the GPT family,
achieve high accuracy even without domain-specific fine-tuning, while recent open-
weight models (qwen-2.5-coder-32b, llama-3.3-70b, and codestral-v0.1-22b) exhibit
competitive performance, significantly narrowing the gap with proprietary systems.
The experiments also emphasized the role of ontology design: well-structured and
semantically explicit schemas enable models to interpret relations more consistently,
whereas ambiguous or underspecified ones hinder performance.

The analysis of failure modes revealed recurrent sources of error, including prefix
omissions, ontology misalignment, and incorrect use of aggregations or filters. These
findings highlight that, beyond model capacity, the effectiveness of natural-language
querying depends crucially on the semantic clarity of the underlying knowledge
representation. Overall, the chapter established a reproducible baseline for zero-shot
NL-to-SPARQL translation and outlined how prompting strategies and ontology
quality jointly determine the usability of LLMs as intermediaries between users and
structured knowledge.

Application to Electronic Health Records. Chapter |5 demonstrated the ap-
plicability of the proposed methodologies in a real-world setting through the integra-
tion of structured and unstructured data in electronic health records (EHRs). The
developed pipeline combined a locally deployed LLM with an event-based ontology
to extract and temporally align clinically relevant information from free-text notes.
This approach enabled the construction of temporally coherent knowledge graphs
that unify native structured data with extracted events, supporting the longitudinal
representation of patient trajectories.

Experiments on public (MDACE) and private (FNUX) datasets confirmed the
feasibility of this approach, achieving good recall and stable temporal anchoring.
However, precision remains a challenge, particularly in long, information-dense dis-
charge summaries. Addressing such cases may require the introduction of sum-
marization or chunking strategies to improve reliability, as well as the exploration
of model tuning and ontology-guided prompting to enhance specificity. While the
current experiments focused on diagnoses, the framework is designed to generalize
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to other clinical event types, including procedures, prescriptions, and laboratory
results, offering a foundation for broader semantic integration in healthcare data.

Overall Perspective. Taken together, the contributions of this dissertation ad-
vance the understanding of how LLMs can operate as mediators between natural
language and formal semantic representations. Across structuring, retrieval, and
applied integration, the results demonstrate that the generative and reasoning capa-
bilities enabling text comprehension can also be used to construct, refine, and query
structured knowledge. At the same time, the work identified several open challenges
that remain central to the reliable use of LLMs for knowledge engineering, including
scalability, interpretability, factual grounding, and dependence on ontology design.
These findings suggest that future progress will rely on hybrid, human-in-the-loop
workflows that balance the efficiency of automation with the precision of expert
supervision.

6.1 Future Work

The study and results here presented open multiple directions for further research
and investigation.

Refinement of knowledge structuring. Future work should extend the auto-
matic schema induction pipeline by introducing adaptive parameter tuning, itera-
tive clustering, and hierarchical reasoning. A promising avenue is the integration of
schema-first and extraction-first paradigms into unified hybrid workflows capable of
evolving toward ontology induction through automated reasoning over entities and
relations.

Enhancing scalability and retrieval. In knowledge retrieval, the main challenge
lies in scaling zero-shot query generation to large, real-world ontologies that exceed
a model’s input window. Integrating retrieval-augmented prompting and few-shot
strategies represents a crucial step toward scalable semantic querying. Developing
methods to dynamically select relevant ontology fragments during inference, while
maintaining interpretability, remains an open research problem.

Improving precision and domain adaptation. Within the clinical domain,
future developments should focus on precision-oriented extraction strategies, po-
tentially combining summarization or document segmentation with ontology-guided
prompting. Expanding the evaluation to additional event types such as prescrip-
tions, procedures, and laboratory measurements will be essential to validate the
generality of the proposed framework.
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Toward hybrid human-AI workflows. More broadly, advancing the field will
require new forms of collaboration between human experts and LLMs. Integrating
interactive validation, human feedback, and symbolic reasoning into model-driven
structuring processes may enhance both semantic reliability and explainability. Such
hybrid human-AlI frameworks could pave the way toward practical, scalable, and
trustworthy systems for automated knowledge engineering.

In summary, this thesis demonstrated that LLMs can already act as capable assis-
tants in the construction and exploration of structured knowledge. However, realiz-
ing their full potential will depend on advancing hybrid methodologies that combine
data-driven inference with explicit semantic reasoning and human oversight.
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Prompt Listings

This appendix presents the system prompts used in the various pipelines and ex-
periments described in the thesis. For experiments involving prompt templates, the
prompts are reported in their fully instantiated form, with placeholders replaced by
the specific details used in each experiment. The appendix is intended for documen-
tation purposes, and no further discussion or analysis of the prompts is provided
here.

A.1 Schema-first structuring

This section reports the prompts used in the schema-first structuring pipeline de-

scribed in Section B.1].

A.1.1 Topic discovery

Given a list of keywords, identify their closest hypernym and rewrite the input
list by adding the assigned hypernym.

The output is formatted as a JSON object with each keyword and its
corresponding hypernym.

Example:

Input:
- apple
- fruit
- food

Output:

{
"apple": "fruit",
"fruit": "food",
"food": "edible item"
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A.1.2 Cluster labeling

Given a cluster of specific topics, identify a broader concept or category that
encompasses all the topics in the cluster.

This broader concept is referred to as an ontology label.

The label represents a general category that includes all the specific topics.

For example, if the cluster includes topics such as "dog breeds", "dog training
", and "dog health", the ontology label could be "dog care".

The abstract description of the label should have no individual examples, and
would be: "The process of caring for dogs."

The output is a JSON document that includes the ontology label and abstract

description:
{
"ontology label": "dog care",
"abstract description": "The process of caring for dogs."
X

A.2 Extraction-first structuring

This section reports the prompts used in the extraction-first structuring pipeline
described in Section [3.2

A.2.1 Entity Extraction

The information in a text is expressed by mentions of concepts such as
assertions, facts, individuals, objects, events, tasks, activities, and
more. We call these concepts "entities".

You identify all the "entities" in the text, and for each one, you provide both

- a brief description of that entity (max 1 sentence);

- a list of types, i.e. a term (or compound term) to define a category or
hyperonym for that entity.

The output you provide is the list of entities, descriptions, and types,
formatted with an initial hyphen this way:

“- <entity>|||<description>| || [<type 1>, <type 2>, ...I1°

The user text language may be anything, but your output should be English!
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A.2.2 Mention recognition

You identify mentions of entities in the text: the user provides you a list of
known entities and a sentence in which those entities may be mentioned. For
each entity you tell if they are actually mentioned in the sentence by
saying "yes" or '"mno".
You write the user list again in the same order with your additional answer
formatted this way:
“<entity ID>) <entity>|||<yes/no>"

A.2.3 Relation extraction

You find relations between entities in the text: the user provides you a list
of known entities and a sentence in which those entities may be related.
For each entity you check the relation with the other entities and if it
exists you express the relation using a '"predicate" that is expressive yet
straightforward (max 5 words). Think about a predicate that could be used
in an ontology for a knowledge graph.

Your output is the list of relations formatted as RDF triplets, that you format

with an initial hyphen this way:

“- <entity> (<entity index>)|||<predicate>|||<entity> (<entity index>)"

The user text language may be anything, but your output should be {
output_languagel!

A.2.4 Predicate description

You provide an extended description of the "predicates" in a set of RDF
triplets, which means you give a summary of the type of relation,
characteristics, behaviors, or associations that the '"predicate" is
expressing between the "subject" and "object". The description must be
general and reusable, so it must make no explicit references to the "
subject" and "object".

The user provides you a sentence from which the triplets are extracted and a
list of triplets formatted this way:

“- <subject>|||<predicate>|||<object>"

For each unique predicate, you provide the so said description, formatting your

output this way:

“- <predicate>|||<predicate description><new line>"

The user text language may be anything, but your output should be {
output_language}!
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A.3 Knowledge retrieval

This section reports the prompts used in the knowledge retrieval experiments de-

scribed in Chapter [4]

A.3.1 Basic

Given an input question and an ontology create a syntactically correct SPARQL

query.

# Ontology

{"classes": ["battle", "ship", "death"], "object_properties": ["ref-
lost_in_battle", "ref-caused_by_ship"], "data_properties": ["
bulgarian_commander", "result", "disposition_of_ship", "killed", "tonnage",

"ship_type", "id", "latin_commander", "location", "date", "injured", "

caused_by_ship_id", "name", "lost_in_battle", "note"]}

# Output

Use the prefix “: for all ontology entities, but don’t define any “PREFIX" in
the query.

Your answer must be the SPARQL query only.

A.3.2 Detailed

You are a powerful NLP and SPARQL Interpreter tool.

Your final goal is to find the information needed to answer a user question. So
, your task is to analyze natural language questions and construct SPARQL
queries that provide valuable information for the proper answer.

# Classes
- battle
- ship
- death

# Relations
- ref-lost_in_battle : [ship] -> [battle]
- ref-caused_by_ship : [death] -> [ship]

# Attributes

- bulgarian_commander : [battle] -> [str]
- result : [battle] -> [str]

- disposition_of_ship : [ship] -> [str]

- killed : [death] -> [int]

- tonnage : [ship] -> [str]
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- ship_type : [ship] -> [str]

- id : [shipl|battle|death] -> [int]

- latin_commander : [battle] -> [str]
- location : [ship] -> [str]

- date : [battle] —-> [str]

- injured : [death] -> [int]

- caused_by_ship_id : [death] -> [int]
- name : [shiplbattle] -> [str]

- lost_in_battle : [ship] -> [int]

- note : [death] -> [str]

# Instructions

### 1. Check the input

Carefully check the classes, relations and attributes that the user show you:
choose all those that are necessary to represent the query patterns of the
answer.

### 2. Identify key elements

Determine the key components of the question and the answer to map them into
SPARQL keywords:

- **Return information**: the focus of what is being asked? (Use “SELECT , ~ASK
RE

- **Quantifiers**: how many? (Use ~COUNT);

- **Superlatives**: best, most, worst? (Use “ORDER BY  with optionally ~ASC-,
DESC™ and/or "LIMIT™, "MIN™, “MAX™, ...);

- **Constraints*#*: inequalities or conditions on specific values? (Use “FILTER®
and “HAVING);

- *xAggregations**: average, sum, etc.? (Use “AVG™, “SUM™, ...);

- **xGrouping**: collect and aggregate data based on a common condition? (Use °
GROUP BY™);

- **Exclusions**: with no, without any, where no one, ...7 (Use "MINUS® or -

FILTER NOT EXIST);
- #xAlternative options**: including alternative patterns "or"? (Use “UNION).

### 3. Build the SPARQL query

Put together all the input data to construct a functioning SPARQL query, with
proper variables. Pay attention to:

Perfectly match the syntax and naming of classes, relations and attributes (
including letter case).

- Use distinguished variables for different concepts.

- Use the prefix :° for all graph classes and properties. Anyway, you dont

have to define any PREFIX.
- Return exactly the information the query is asking for, not a variable more.

### 4. Final answer
Your answer must be the SPARQL query only.
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A.3.3 Chain of thought

You are a powerful NLP and SPARQL Interpreter tool.

Your task is to reason step-by-step through the mapping between the user’s
question and the query patterns needed to retrieve valuable information for
the proper answer. After reasoning, you will produce a valid SPARQL query
that retrieves the answer.

# Classes
- battle
- ship

- death

# Relations
- ref-lost_in_battle : [ship] -> [battle]
- ref-caused_by_ship : [death] -> [ship]

# Attributes

- bulgarian_commander : [battle] -> [str]
- result : [battle] -> [str]

- disposition_of_ship : [ship] -> [str]
- killed : [death] -> [int]

- tonnage : [ship] -> [str]

- ship_type : [ship] -> [str]

- id : [shiplbattleldeath] -> [int]

- latin_commander : [battle] -> [str]

- location : [ship] -> [str]

- date : [battle] -> [str]

- injured : [death] -> [int]

- caused_by_ship_id : [death] -> [int]
- name : [shipl|battle] -> [str]

- lost_in_battle : [ship] -> [int]

- note : [death] -> [str]

# Instructions
Follow these reasoning steps explicitly before generating the query:

### Step 1: Analyze the question

Identify:

- The main entity or type(s) involved (relevant classes).

- The focus of the question (what information is being asked) .

- Any filters or conditions (e.g., values, constraints, comparisons).

- Any aggregation, ordering, or limits.

- The expected shape of the answer (single value, list, boolean, etc.).

### Step 2: Plan the query
Decide:
- Which variables will be used and what they represent.
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- Which classes, properties (object or data), and filters are needed.

- How to join them in the WHERE clause.

- How to structure the SELECT clause (e.g., with DISTINCT, COUNT, ORDER BY, etc
2d o

### Step 3: Generate the query
Write the final SPARQL query using "~ :° as prefix for all ontology entities, **
without defining any PREFIX clausexx*.

# Final Output

Respond with:

1. Your reasoning steps (Step 1 and Step 2).

2. The final SPARQL query **enclosed in a fenced triple backtick (°77) code
block**, and nothing else inside the block.

You only produce one SPARQL query as the very final step of your answer.

A.4 EHR application

This section reports the prompts used in the EHR application pipeline described in
Chapter [ as instantiated for diagnosis event extraction.

A.4.1 Event recognition

You are given a medical note about a patient. It can be written in either
English or Danish.

Notes may range from brief, vague comments by general practitioners to detailed
reports from specialists or test results.

Your task is to determine whether the note contains information important
diagnoses.

We talk about diagnoses in a broader sense, that means references to confirmed
or suspected conditions, symptoms, abnormal findings, practitioner concerns

and physician assessments.

Mentions may include phrases like ’patient has X’, ’we suspect Y’, ’likely Z°,
>complains of A’, ’history of B’, ’abnormal C’, ’fear of D’.

Providers can be essential, and sometimes just type the name or list of
diagnoses/conditions in the title of the note without any explicit
statement (e.g. ’the patient has’). We can interpret these cases as clear
important diagnoses.

The diagnoses must be recent and addressed personally to the patient, not its
relatives.

Say whether any relevant diagnosis is mentioned:
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- Respond "yes" if there clearly is at least one important diagnosis mentioned
in the corpus.
- Respond "yes" if there the title clearly mention a name or list of diagnoses/

conditions.
- Respond "no" if they note is solely focusing on other events (drug
prescriptions, lab results, ...).

Do not explain your answer. Only output "yes" or "no".

A.4.2 Event listing

You are given a medical note about a patient. It can be written in either
English or Danish.

Notes may range from brief, vague comments by general practitioners to detailed
reports from specialists or test results.

Your task is to extract **all diagnosis** mentions.

A "diagnosis" means any **confirmed condition or disease** that applies to the
patient.

Include any condition affecting the patient, whether current or past, as long
as it is explicitly stated or clearly implied.

Ignore isolated symptoms and normal exam findings that are not described as
actual conditions.

Ignore **secondary effects or symptoms that are explained by another diagnosis
** (e.g., if chest pain is caused by muscle strain, include only '"muscle
strain").

The note is likely a detailed clinical document. Carefully identify the
relevant diagnoses, focusing on the most significant and clinically
relevant conditions:

- **If the note is a full summary report** of the patient’s recent or past
history, include all main diagnosed problems that are clinically important.

The list will typically contain **around two to ten diagnoses (more or
less)**, depending on the complexity of the case. Avoid listing an
excessively long or trivial set.

- **If the note focuses on a specific event or encounter**, include only the *x*
main diagnosed condition(s)** relevant to that event (usually #**one or two
*%) |

Return a **JSON array** of concise condition names (strings).
No explanations, no metadata, no duplicates, and no additional formatting
beyond valid JSON.
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A.4.3 Event structuring

You are given a medical note about a patient. It can be written in either
English or Danish.

The note may mention a lot of information, but specifically contains
information about a particular "Epidural Hematoma" diagnosis.

Your task is to extract the relevant information and return it as a JSON object
following this template:

"date": "date when the diagnosis was made (in ISO 8601 format, e.g.
’2020-12-03") ",

"certainty": "either ’suspected’ or ’certain’",

"status": "either ’active’ or ’cured’",

The template contains field names with descriptions as placeholder values.

If any field is missing or uncertain, do not include.

Otherwise, if the information is available replace the description with the
corresponding value from the note.

Only extract information that is explicitly stated or crearly implied in the
text.

Output only a valid JSON, with no explanation or extra text (could also be an
empty document, if none of the requested information is mentioned).

Keep the values in Danish if the source is Danish.
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