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Abstract

The ongoing digitization of medical records, clinical charts, and health archives
has markedly enhanced the accessibility of these critical documents, thereby ush-
ering in a new era in the field of medicine. This data serves as a foundational
cornerstone for the field of "precision medicine", whose primary objective is to
elevate the standards of personalized diagnoses and therapies by harnessing the
individualized attributes of patients, including but not limited to lifestyle factors,
medical histories and genomic information. However, a notable challenge is that
about 80% of healthcare data is unstructured, comprising textual elements like
clinical notes and discharge summaries, and remains largely unexplored.

Traditional Natural Language Processing (NLP) algorithms, when applied
to clinical scenarios, have largely depended on shallow matching techniques,
template-based approaches, and non-contextualized word embeddings. These
approaches exhibit limitations in capturing nuanced contextual semantics. Al-
though there have been significant advancements in the broader NLP domain
through language models able to effectively leverage contextual information,
many of these general-purpose NLP algorithms face challenges when applied to
specific clinical NLP tasks that necessitate specialized biomedical knowledge, es-
pecially in low-resource languages where there is a lack of annotated datasets.

This thesis delves into the multifaceted domain of few-shot learning tech-
niques aimed at extracting information from clinical textual data. A pivotal
focus is placed on data augmentation strategies and the amalgamation of multi-
ple datasets into a unified model to enhance the learning efficacy. In this work, a
novel representation of patients’ medical histories is proposed through the intro-
duction of Temporal Knowledge Graphs, which provide a structured framework
for encapsulating chronological clinical information. Furthermore, a specialized
model is developed, which utilizes recurrent units of Graph Convolutional Neural
Networks (GCNs) to effectively harness the temporal dependencies within the
data. This approach aims to anticipate potential health disorders a patient may
encounter in the future, presenting a significant stride towards proactive health-
care management.

The validation of the proposed framework is carried out on two distinct
datasets: the publicly accessible MIMIC-III database and a private dataset fur-
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nished by the Department of Advanced Biomedical Sciences at the University of
Naples Federico II. The latter offers a unique lens into clinical narratives com-
piled in Italian, thereby broadening the evaluation spectrum and demonstrating
the capability of the framework in handling multilingual clinical text. Through
rigorous evaluation, this thesis underscores the potential of harmonizing clini-
cal notes with structured temporal data representation in advancing predictive
healthcare analytics.

Keywords: knowledge graphs, few-shot learning, data augmentation, nat-

ural language processing, electronic health records.




Sintesi in lingua Italiana

La crescente digitalizzazione dei referti, delle cartelle cliniche e dei fascicoli
sanitari ha notevolmente migliorato ’accessibilita a questi documenti, aprendo la
porta a nuove opportunitd in campo medico. Questo rappresenta una prospettiva
completamente nuova per la medicina, poiché la vasta quantita di dati disponibili
in questo vasto archivio & ancora in gran parte inesplorata. Questa abbondanza di
dati rappresenta un pilastro fondamentale per la "medicina di precisione", il cui
obiettivo principale ¢ migliorare le diagnosi e le terapie personalizzate sfruttando
le caratteristiche individuali dei pazienti, tra cui lo stile di vita, la storia clinica
e le informazioni genomiche, e cosi via. Tuttavia, una sfida rilevante ¢ dato dal
fatto che circa I'80% dei dati sanitari & in forma non strutturata, sotto forma di
note cliniche e sintesi di dimissioni, e rimane in gran parte inesplorato.

Gli algoritmi tradizionali di Natural Language Processing (NLP), quando
applicati a scenari clinici, hanno in gran parte dipeso da tecniche di "shallow
matching", approcci basati su template predefiniti e word embeddings privi di
informazioni di contesto. Questi approcci mostrano limiti nel catturare la se-
mantica di elementi dipendenti dal contesto. Nonostante ci siano stati progressi
significativi nel campo del’NLP attraverso modelli linguistici in grado di sfruttare
efficacemente le informazioni contestuali, molti di questi algoritmi perdono di effi-
cacia quando applicati a specifici task in ambito clinico che richiedono conoscenze
biomediche specializzate, specialmente in lingue con risorse limitate a causa della
scarsita di dataset annotati.

Questa tesi si addentra nell’ampio dominio delle tecniche di "few-shot learn-
ing", mirate all’estrazione di informazioni dai testi clinici in scenari con scarsita
di dati annotati. Particolare attenzione é posta sulle strategie di "data augmen-
tation" e sull’unione di insiemi di dati multipli in un modello unificato per miglio-
rare 'efficacia dell’apprendimento. Inoltre, in questa tesi viene proposta una rap-
presentazione delle storie mediche dei pazienti attraverso "Temporal Knowledge
Graphs", che rappresentano una struttura dati in grado di racchiudere e integrare
le informagzioni cliniche dei pazienti tenendo anche conto dell’andamento dinam-
ico dello stato di salute. La tesi propone un modello specializzato che impiega
unita ricorrenti di Graph Convolutional Neural Networks (GCNs) per sfruttare

le dipendenze temporali nei dati, con I'obiettivo di anticipare potenziali disturbi



di salute che un paziente potrebbe incontrare in futuro.

La validazione del framework proposto ¢ stata effettuata su due set di dati
distinti: il database pubblicamente accessibile MIMIC-III e un set di dati pri-
vato fornito dal Dipartimento di Scienze Biomediche Avanzate dell’Universita
di Napoli Federico II. Quest’ultimo offre una prospettiva sulle cartelle cliniche
raccolte in italiano, ampliando cosi lo spettro di valutazione e dimostrando la ca-
pacita del framework di gestire testi clinici multilingue. Attraverso una rigorosa
valutazione, questa tesi sottolinea il potenziale di armonizzare le note cliniche
con una rappresentazione strutturata dei dati temporali nell’avanzamento delle
analisi di salute predittive.

Parole chiave: knowledge graphs, few-shot learning, data augmenta-

tion, natural language processing, electronic health records.
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Chapter

Aims and scope

1.1 Motivation and Objectives

Scientific studies reveal that among the most popular medications in
the United States, only 25% of patients get some benefit in the best-case
scenario, and a mere 4% in the worst-case scenario [214]|. This happens be-
cause most clinical research relies on randomized trials where groups of pa-
tients are administered medications, and their outcomes are subsequently
examined. The reliability of these studies depends on how many people are
in the study and their characteristics. However, the ever-increasing avail-
ability of digitalized medical records, clinical charts, and health archives
is enhancing the accessibility to information on clinical practice, thereby
ushering in a new era in the field of medicine.

Throughout the vast span of their evolution, humans have continually
harnessed the power of natural languages for communication and informa-
tion storage, employing the resources at hand, be it inscriptions on stone,
handwritten manuscripts, or today’s electronic storage media. These nat-
ural languages emerge as a highly effective and near-optimal medium for
the conveyance of ideas, propelling the dissemination of knowledge, aug-
menting productivity, providing cognitive scaffolding, and easing decision-
making processes among other vital functions.

In the contemporary era of digital transformation, natural languages
are systematically transcribed into digital formats encompassing text and
audio representations, exhibiting an unprecedented volume of linguistic
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data that undergoes computational scrutiny via specialized algorithms,
specifically, Natural Language Processing (NLP). NLP, predicated on sta-
tistical and machine learning techniques, has ushered in a paradigm shift
in our daily lives, catalyzed by its widespread applicability across domains
such as search engines, chatbots, and recommendation systems. This tech-
nological revolution has redefined our interactions with information and
communication.

This trend of digitization is having a significant impact within the
clinical domain, wherein the realm of digital healthcare data accumula-
tion has reached unparalleled proportions through the pervasive adoption
of Electronic Health Records (EHRs). These repositories archive health-
care information pertaining to billions of patients, encompassing medi-
cal histories, diagnostic records, measurements, therapeutic interventions,
pharmacological regimens, and so on. The information stored in EHRs
assumes paramount significance for healthcare practitioners and scientific
researchers, as it serves as the cornerstone for patient profile delineation,
precision treatment strategy formulation, unraveling the intricacies of com-
plex disorders such as cancer, pioneering advancements in life sciences re-
search, and fundamentally, enhancing patient outcomes.

The availability of EHR data represents a significant step towards the
realization of "precision medicine," a transformative approach to health-
care that tailors medical interventions and treatments to the individual
characteristics of each patient. In precision medicine, healthcare deci-
sions are not solely based on generalized guidelines or population averages
but are instead informed by a comprehensive understanding of a patient’s
unique genetic makeup, medical history, lifestyle factors, and other rele-
vant data. This approach aims to optimize treatment efficacy, minimize
adverse effects, and enhance overall patient well-being by ensuring that
medical interventions are precisely matched to the specific needs and at-
tributes of each individual.

However, it is noteworthy that a substantial portion (up to 80%) of
the data stored within EHRs exists in an unstructured format [110]. This
predominantly entails textual data, necessitating considerable time from
clinicians who must engage in manual reading and writing tasks as part
of their routine practice. Nevertheless, this reliance on manual endeavors
is inherently susceptible to error, thereby instigating consequential rami-




1.1. MoTivaTioN AND OBJECTIVES

Stratified Medicine Precision Medicine

Ak
T

Therapy (mainly Rx)

ividual patient level:
nomics and Omics

* Exogenous Factors

3 Companion Diagnostic

€
£E & ® (0¥ Bomarker

Therapy (Rx + Dx = CDx)

? ? ? ? ']
‘. ® ® ® ®
o e o e o 0 ° ° °
Adverse No Benefit Patient groups benefit from more targeted Each patient benefits from individualized

Event Benefit treatment treatment

Figure 1.1. Transitioning from one-size-fits-all to precision medicine. Source:
Drug Industry Bets Big On Precision Medicine: Five Trends Shaping Care
Delivery, Forbes

fications, including elevated operational costs, diminished operational ef-
ficiency within healthcare service providers, and suboptimal patient out-
comes, particularly in cases where individuals at elevated risk of severe
diseases suffer from diagnostic inaccuracies or oversights.

Furthermore, the substantial prevalence of unstructured data within
EHRs poses considerable challenges when analysing medical histories or
using them for predictive downstream tasks (e.g. adverse event predic-
tion). The initial step of extracting vital information from this unstruc-
tured wealth of data necessitates advanced NLP techniques, including
Named Entity Recognition (NER) and entity linking. However, the de-
ployment of these techniques crucially depends on the availability of anno-
tated datasets, a resource that demands extensive efforts from healthcare
professionals and domain experts. This requirement presents a significant
hurdle, as it entails not only significant time and labor investments but also
relies heavily on domain expertise to ensure high quality. This challenge
is particularly pronounced in the context of low-resource languages, where
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publicly accessible annotated datasets are often scarce or entirely absent.
Consequently, the development and application of NLP-based solutions
for structured information extraction in EHRs encounter substantial ob-
stacles, hindering progress in this vital field of healthcare data analytics.

1.2 Contributions

This thesis examines the extraction and analysis of data from unstruc-
tured clinical texts. Our contributions can be categorized and summarized
as follows:

Few-shot learning In specialized sectors such as healthcare, particu-
larly in underrepresented languages, there exists a notable scarcity of data.
Addressing this challenge, this thesis offers a comprehensive examination
of few-shot NER methods in Chapter 4. Innovative strategies rooted in
data augmentation are presented in Chapters 6 and 7, while multi-task
learning approaches are discussed in Chapters 8 and 9. Transformer-based
models are also applied to Spanish and Italian clinical datasets in Chapters
5, 11, and 12, highlighting the disparities in data availability compared to
English.

Data augmentation In addressing the challenge of training with lim-
ited data, this thesis highlights data augmentation as a pivotal solution.
Perturbation techniques for enhancing Named Entity Recognition (NER)
data are examined, with traditional methods often introducing inconsisten-
cies in both syntax and semantic. Two novel strategies are proposed: first,
as detailed in Chapter 6, a method is proposed to replace entity mentions
using a vocabulary, assessing their congruence through cosine similarities
between embeddings; second, as outlined in Chapter 7, a methodology
akin to Policy-based Active Learning is employed to select optimal exam-
ples from augmented data.

Multi-task learning In this thesis, multi-task learning (MTL) is pre-
sented as a method that allows a single model to address multiple related
tasks by harnessing their shared attributes. Chapter 8 introduces an in-
novative MTL approach for Named Entity Recognition (NER), deploy-
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ing a unified model that integrates knowledge from entity-specific models.
Chapter 9 explores the utilization of multi-task deep neural networks (MT-
DNNs) in relation extraction, emphasizing their efficacy in limited-sample
contexts and assessing potential performance trade-offs.

Future disorders prediction This thesis seeks to develop a system
that predicts potential future medical issues for a patient, based on their
digitally recorded medical history. In Chapter 10, a novel approach is
introduced utilizing temporal knowledge graphs (TKGs). This approach
takes into account both the dynamic data from patient histories and the
fixed relationships found in medical ontologies. The methodology is tested
on the public MIMIC-III dataset in Chapter 10. Further evaluation is
conducted using a private dataset from the University of Naples Federico
IT’s Department of Advanced Biomedical Sciences in Chapter 12, with
results validated by domain experts.

Italian case study In Chapters 11 and 12 of this thesis, a compre-
hensive pipeline for Information Extraction and the analysis of medical
histories from Italian clinical data is presented. Chapter 11 provides an
in-depth look at the raw dataset from the Campania Salute (CS) network
[229] and describes the approach utilized to extract mentions of medi-
cal concepts from clinical notes, subsequently linking them to the Unified
Medical Language System (UMLS) ontology. This methodology involved
annotation for Named Entity Recognition, Assertion Classification, and
Entity Linking tasks. We plan to share these datasets in future research.
Chapter 12 delves into the analysis of the derived medical histories, em-
ploying the TKG-based methodology outlined in Chapter 10. Validation
of the results has been conducted with the aid of domain experts.

1.3 Thesis outline & Contributions

The structure of this thesis is delineated as follows:

Chapter 2 presents the context within this thesis is situated. We un-
derscore the pivotal role of Artificial Intelligence in propelling the field of
"precision medicine". This approach seeks to harness comprehensive pa-
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tient data — ranging from genetics to lifestyle and health history — to
tailor individualized treatments. Following this, we introduce Knowledge
Graphs as a potent tool to facilitate this endeavor. We further elucidate
the challenges posed by the sparse data availability in specialized domains
like healthcare and in languages with limited resources, such as Italian.

Chapter 3 delves into the foundational background necessary to grasp
the nuances of this thesis. It elucidates the concept of Knowledge Graphs
and expounds upon the pivotal tasks associated with their construction and
analysis, including Named Entity Recognition, Entity Linking, Relation
Extraction, and Adverse Events Prediction.

Chapter 4 presents the few-shot learning challenge, with a particular
emphasis of the Named Entity Recognition task. NER identifies prede-
fined entity mentions within unstructured text and plays a crucial role in
various subsequent tasks, notably the creation of Knowledge Graphs and
Question Answering. The urgency for NER systems that can be trained
with a minimal number of annotated examples is especially felt in areas
where annotation demands time, expertise, and domain knowledge (like
healthcare, finance, and legal) and in languages with limited resources.

Chapter 5 delves into the application of pre-trained transformer mod-
els for Named Entity Recognition and Entity Linking in Spanish data.
The efficacy of these architectures is emphasized by showcasing the award-
winning solution to the BioASQ Disease Text Mining (DisTEMIST) chal-
lenge. This challenge focuses on identifying disorder mentions within Span-
ish clinical notes and associating them with the SNOMED-CT ontology.

Chapter 6 addresses the enhancement of Named Entity Recognition
through data augmentation. By harnessing similarity metrics, it intro-
duces a method to produce augmented samples, ensuring the creation of
sentences that remain plausible in real-world scenarios.

Chapter 7 delves into the enhancement of data augmentation systems,
focusing on the challenge of minimizing noise introduced during the gener-
ation of augmented samples, such as syntactically or semantically incorrect




1.3. THEsIS OUTLINE & CONTRIBUTIONS

sentences. Specifically, we will employ a deep Q-network to learn a heuris-
tic for data selection, utilizing a policy-based active learning framework.

Chapter 8 tackles the intricacies of integrating multiple biomedical
Named Entity Recognition datasets in a unique model. Particularly, many
of the publicly available datasets specialize in annotating only one entity
type, thus limiting their utility for the recognition of multiple entity types.
To address this limitation, this chapter introduces TaughtNet, a knowledge
distillation-based framework that learns a multi-entity model, i.e. the stu-
dent, by leveraging multiple single-entity models, i.e. the teachers.

Chapter 9 addresses the scarcity of annotated datasets for biomedi-
cal Relation Extraction. Specifically, the chapter introduces a multi-task
learning paradigm that uses various publicly accessible biomedical datasets
to bolster relation extraction outcomes. This multi-task model amalga-
mates shared encoding layers across various datasets while dedicating spe-
cific layers for task-specific classifications, thereby producing specialized
representations.

Chapter 10 explores the use of knowledge graphs to help predict poten-
tial future disorders in patients. By analyzing patients’ medical histories,
we extract key concepts from clinical notes made during their hospital
visits. Our prediction framework combines this dynamic medical history
data with static information from medical ontologies. We then process
these graphs using recurrent Graph Convolutional Network (GCN) units
to estimate the probability of future disorders.

Chapter 11 initiates our case study on an Italian dataset supplied by
the Department of Biomedical Sciences at the University of Naples Federico
II. This dataset is part of the CampaniaSalute network, comprising data
from hypertensive clinics located in different community hospitals in the
Naples metropolitan area. It includes data of 57,147 individuals, with
records extending from 1980 onwards. In this chapter, we outline the data
and describe our process of information extraction from clinical notes.
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Chapter 12 analyzes the Italian dataset using the information extrac-
tion techniques from Chapter 11 to obtain medical histories. These histo-
ries constitute the training set for the methodology in Chapter 10, which
aims to predict possible future disorders in patients. Results, validated
with the help of domain experts, will be discussed in detail.




Chapter

Towards next-generation
health science applications

2.1 The Artificial Intelligence Era

The term "Artificial Intelligence" (AI) refers to the ability of a com-
puter system to mimic cognitive functions similar to those in the human
brain. While it might seem a recent phenomenon, the quest for creat-
ing machines with human-like cognitive abilities began in the early 1940s.
From its inception, Al has been a focal point of discussions in the scientific
arena. Researchers have tirelessly worked on refining its theoretical under-
pinnings and methodologies, seeking to empower machines with intelligent
cognition and actions. Meanwhile, philosophers ponder the implications
of attributing intelligence to a man-made entity. Marvin Minsky, a piv-
otal figure in Al’s early days alongside icons like Alan Turing and Frank
Rosenblatt, succinctly described the core ambition of Al: "to create ma-
chines that can perform tasks that, if done by humans, would be considered
intelligent" [165].

However, the Al landscape is riddled with challenges, one of the fore-
most being the absence of a universally agreed-upon definition of intel-
ligence. The widely referenced benchmark today originates from Alan
Turing’s "imitation game," presented in his groundbreaking 1950 paper,
"Computing Machine and Intelligence" [245]. Here, a machine’s intelli-
gence is assessed based on its ability to deceive a human evaluator through
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hidden interaction, such that its responses are indistinguishable from those
of a human. While some AI models have displayed impressive capabilities,
even surpassing humans in certain tasks [237], creating an AI that consis-
tently deceives a human evaluator remains an elusive objective.

A notable characteristic of today’s most advanced Al systems is their
specialization. They excel in the tasks they are designed for but often fal-
ter when faced with diverse inputs or when expected to generalize across
domains. Yet, the integration of Al into various sectors is rapidly expand-
ing, from niche technology industries to everyday applications, indicating
its significant global economic influence.

The surge in accessible data, coupled with the advent of cutting-edge
techniques such as deep neural networks and transformers, has propelled
ATD’s evolution. A testament to this progress is the emergence of Large
Language Models. These models, capable of sifting through enormous
textual data to discern intricate patterns, have ushered in revolutions in
areas like translation and text generation. Their influence marks a pivotal
moment in Al-driven language processing, promising a future with even
more advanced human-machine interactions.

2.2 Precision Medicine

Precision medicine refers to the customization of medical treatment tai-
lored to the individual characteristics of each patient. This approach con-
siders factors like genetic makeup, environmental influences, and lifestyle
to devise treatments, deviating from the conventional "one-size-fits-all"
method. Central to precision medicine is the utilization of extensive data
sources, most notably Electronic Health Records (EHRs), which encapsu-
late a patient’s comprehensive medical history, from genetic information
to lifestyle indicators [176].

EHRs, digital versions of a patient’s medical history, have been revolu-
tionary in streamlining patient information management. When processed
efficiently, EHRs can offer profound insights into patient health, aiding in
accurate diagnoses, treatment suggestions, and future health predictions.
However, the heterogeneous and expansive nature of EHRs presents a chal-
lenge in deriving coherent and actionable insights.

This is where the power of Artificial Intelligence (AI) becomes indis-
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pensable. As detailed in the prior section on the AI Era, AI models,
particularly advanced systems like deep learning, have an innate capacity
to sift through vast datasets and discern intricate patterns [196]. In the
context of healthcare, this ability translates to Al’s potential to analyze
multifaceted data from EHRs to predict potential health risks, even before
they manifest.

In this thesis, the primary focus is on harnessing artificial intelligence
to predict future adverse health events in patients using historical medical
data stored in Electronic Health Records (EHRs). Through the application
of Al algorithms, it is possible to analyze in-depth a patient’s medical
history, ranging from prior ailments and treatments to drug responses, to
forecast potential health complications. Such predictive capabilities enable
timely interventions, which may minimize or even avert the onset of certain
health adversities [180].

Furthermore, integrating Al-driven insights derived from EHRs can
elevate precision medicine to unparalleled heights, ensuring that medical
care is not just reactive, but preemptive. The ensuing chapters will elu-
cidate the methodologies, intricacies, and promise that AI brings to the
realm of precision medicine, fostering a healthcare ecosystem that is both
individualized and ahead of the curve [64].

2.3 Knowledge graphs: an enabling technology

Knowledge Graphs (KGs) are a transformative tool in the realm of
data organization and representation. At their core, Knowledge Graphs are
structured, graphical representations that connect entities (nodes) through
relationships (edges), offering a semantic understanding of information.
In essence, a KG captures knowledge in a format that is both machine-
readable and inherently relational, providing a holistic view of intricate
datasets.

Introduced by Google to enhance its search capabilities, Knowledge
Graphs have found applications across various domains, with healthcare
emerging as a particularly promising field [224]. In healthcare, KGs can
be invaluable in providing a comprehensive, interconnected view of patient
information, ensuring that data from disparate sources converges to offer
a more complete understanding of patient health.
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The task of leveraging Artificial Intelligence for predicting adverse
health events can be augmented through the strategic use of Knowledge
Graphs. By extracting vital concepts such as disorders, treatments, and
tests from clinical notes, we can construct temporal knowledge graphs that
systematically organize patients’ medical histories. These temporal KGs
serve as dynamic repositories, mapping the evolution of a patient’s health
status and treatments over time. Such an organization not only offers an
unparalleled view of a patient’s health journey but also serves as a struc-
tured input for advanced Al models.

2.4 Few-shot conditions: the challenge of Italian
clinical notes

In the endeavor to construct robust knowledge graphs in the healthcare
domain, processing clinical notes is imperative. These notes, replete with
critical patient information, hold the key to extracting essential mentions
and relationships that constitute the nodes and edges of a knowledge graph.
Three fundamental tasks underpin this extraction process:

e Biomedical Named Entity Recognition (BioNER). This task involves
pinpointing mentions of interest, such as disorders, treatments, and
tests [75].

o Relation FExtraction: Post BioNER, the relationships between the
recognized entities are discerned, connecting disorders to treatments
or diagnoses to specific tests, for instance [284].

e FEntity Linking: This involves mapping the identified entities to unique
identifiers in established biomedical ontologies, such as UMLS or
SNOMED, ensuring that the extracted information is standardized
and interoperable with other biomedical systems [44].

The biomedical domain, laden with domain-specific terminology and
intricate relationships, inherently makes these tasks challenging [99]. How-
ever, the advent of natural language understanding methodologies, partic-
ularly the attention mechanism and transformer architectures, has ushered
in significant advancements [249].
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Yet, this thesis confronts an additional layer of complexity. The clini-
cal notes under study are compiled in Italian, a language that, while rich
and expansive, lacks extensive resources in the context of biomedical pro-
cessing [191]. The dearth of publicly available datasets and the absence of
pre-trained transformer architectures tailored for Italian biomedical data
compound the challenge.

In light of the identified low-resource limitation, the focus transitions
to the domain of few-shot learning [227]. This paradigm, which entails
the training of models on a small dataset, presents a viable resolution
under constrained resource scenarios. Given the limited availability of
annotated Italian clinical notes, few-shot learning appears conducive for
executing the Information Extraction tasks essential for knowledge graph
development [26]. Through the adoption of this approach, the objective
is to achieve entity extraction, relation, and linking at a level of precision
comparable to models nurtured on larger datasets, thereby introducing a
novel methodology for healthcare knowledge graph construction in low-
resource settings.

2.5 Ethics and Privacy

The task of extracting valuable information from EHRs through Named
Entity Recognition, Relation Extraction and Entity Linking, and the pre-
diction of future adverse events, bring forth a plethora of ethical and pri-
vacy considerations. These concerns are augmented when viewed through
the lens of regulatory frameworks such as the General Data Protection Reg-
ulation (GDPR) and the impending Artificial Intelligence Act (AI Act) by

the European Commission.

Data privacy and consent GDPR mandates that personal data pro-
cessing be done lawfully, fairly, and transparently, ensuring individuals’
rights to data privacy. It stipulates obtaining explicit consent for data
processing, where Article 4(11) defines consent as "any freely given, spe-
cific, informed and unambiguous indication of the data subject’s wishes by
which he or she, by a statement or by a clear affirmative action, signifies
agreement to the processing of personal data relating to him or her". In
the realm of EHR, obtaining informed consent is crucial before any data
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processing task, ensuring individuals are aware of how their data will be
used, especially in identifying named entities or linking entities which could
potentially re-identify anonymized data.

Data minimization and purpose limitation The GDPR’s princi-
ples of data minimization (Article 5(1)(c)) and purpose limitation (Article
5(1)(b)) emphasize collecting data only for explicit and legitimate pur-
poses and restricting further processing outside the initially stated pur-
poses. Specifically, Article 5(1)(c) of the GDPR mandates that personal
data should be "adequate, relevant and limited to what is necessary" con-
cerning the purposes for which they are processed. This implies that com-
panies should only gather the minimal amount of personal data needed
to provide their services and should not collect more data than required
for the data processing objective. On the other hand, Article 5(1)(b) in-
dicates that personal data should be collected for "specified, explicit and
legitimate purposes" and should not be further processed in a manner that
is incompatible with those initial purposes. The aspect of incompatibility
is context-dependent and hinges on the expectations of the data subject.
However, further processing of the data is permissible for purposes like
public interest, scientific or historical research, or statistical analysis, es-
pecially in accordance with Article 89(1) of the GDPR which provides
certain conditions under which such processing can occur. Moreover, the
principle of purpose limitation is intricately tied to other GDPR principles
such as lawfulness, fairness, and transparency in data processing. This
principle underscores the importance of clarity and legitimacy in the pur-
poses for which data is collected and processed, and it also dictates that
any further processing should align with these originally specified purposes

In the context of EHR, it is pivotal to adhere to these principles to
avoid over-collection and misuse of sensitive health data, particularly in
prediction tasks which may tempt extending data usage beyond the original
consent.

Anonymization and pseudonymization GDPR encourages the use
of anonymization and pseudonymization as a means to safeguard individu-
als’ data. Article 4(5) of the GDPR defines the term "pseudonymisation"
as the processing of personal data in such a way that the data can no longer
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be attributed to a specific data subject without the use of additional in-
formation, provided that such additional information is kept separately
and is subject to technical and organisational measures to ensure that the
personal data are not attributed to an identified or identifiable natural
person. Employing these techniques is fundamental in EHR information
extraction to mitigate risks associated with data privacy and consent.

Transparency and Accountability The upcoming Al Act emphasizes
human-centric Al, which aligns with GDPR’s principles of transparency
and accountability. The Act aims to ensure that Al systems are safe, re-
spect existing laws on fundamental rights, and that they are grounded in
Union values and principles. Transparency in how Al models operate and
make predictions, especially in adverse event predictions, and accountabil-
ity in cases of erroneous predictions or misidentifications are essential to
uphold ethical standards and public trust.

High-risk AI systems The Al Act proposes a risk-based approach to
regulate Al systems, identifying “high-risk” Al systems that pose significant
risks to individuals’ health, safety, or fundamental rights. These systems
would need to comply with mandatory requirements for trustworthy Al
and follow conformity assessment procedures. Given the sensitive nature
of health data, the AI applications in EHR could be categorized as high-
risk, necessitating strict adherence to the regulatory requirements proposed
in the Al Act to ensure the protection of individuals’ privacy and rights.

Below are the key regulatory requirements as outlined in various pro-
visions and discussions surrounding the Al Act:

o (lassification and Conformity Assessment. Al systems intended for
use as safety components or are themselves products, and fall within
the scope of Union harmonisation legislation listed in Annex II of
the AT Act, must undergo a third-party conformity assessment before
being placed on the market or put into service.

e Quality Data, Documentation, and Traceability. High-risk Al sys-
tems must adhere to requirements regarding high-quality data, doc-
umentation, traceability to ensure accuracy and robustness, which
are crucial for mitigating risks to fundamental rights and safety.
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e Transparency and Human Oversight. The Al Act mandates trans-
parency and human oversight for high-risk Al systems to ensure they
can be easily understood and controlled by human operators.

o Risk Management System. Providers of high-risk Al systems are re-
quired to maintain an appropriate risk management system through-
out the lifecycle of the Al system.

e Data Governance, Robustness, Accuracy, and Security. The Al Act
specifies legal requirements in areas such as data governance, robust-
ness, accuracy, and security for high-risk Al systems.

e Additional Requirements. Additional requirements are set out in
Chapter 2, Title III of the AI Act and in points 4.3., 4.4., 4.5., 4.685
of Annex VII of the Al Act concerning the conformity assessment
procedures that high-risk Al systems must comply with.

These regulatory requirements are aimed at ensuring that high-risk
Al systems are developed, deployed, and maintained in a manner that
safeguards individuals’ privacy, health, safety, and fundamental rights. By
adhering to these regulations, providers of high-risk Al systems aim to
build trust and ensure compliance with the legal framework proposed in
the AT Act.

Bias and discrimination The AI Act emphasis on addressing the
opacity, complexity, and bias in Al systems is crucial in healthcare set-
tings, where bias in named entity recognition or adverse event predictions
could lead to disparate impacts or discriminatory practices. Strategies to
identify, mitigate, and communicate biases in data and model predictions
are fundamental to uphold ethical standards and ensure equitable health-
care service delivery. These considerations underscore the imperative of
a meticulous approach to data privacy, ethical considerations, and regu-
latory compliance in conducting information extraction tasks on EHR, as
non-compliance could not only result in legal repercussions but also erode
public trust in healthcare Al applications.
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2.6 Conclusion

This chapter laid a foundational understanding of the various aspects
that converge to form the basis for the ensuing explorations in this thesis.
Initially, an examination of the Al era was conducted, delving into the
genesis and evolution of artificial intelligence. Emphasis was placed on
its potential and the hurdles encountered on the path towards achieving
human-like cognition. The discussion on precision medicine underscored
the synergistic interaction between AI and healthcare, leading to a more
personalized medical treatment paradigm, powered by the rich data con-
tained in Electronic Health Records (EHRs).

The introduction to Knowledge Graphs (KGs) elucidates the transfor-
mative capability of these structures in organizing and representing data,
establishing a foundation for their application in healthcare to provide
a more structured and comprehensive view of patient information. The
exploration of Italian clinical notes highlights the linguistic and resource
challenges encountered in information extraction tasks, suggesting few-shot
learning as a potential solution in low-resource scenarios.

Furthermore, the section on ethics and privacy brought to the fore the
crucial considerations that underpin the deployment of Al in healthcare.
It underscored the importance of adhering to existing and forthcoming
regulatory frameworks to ensure the ethical handling of sensitive health
data, especially in tasks that involve the extraction and analysis of patient
information from EHRs.

In proceeding to the subsequent chapters, the focus transitions to the
practical facets of this thesis, specifically on the construction and analysis
of medical Knowledge Graphs. Building on the theoretical foundations
outlined in this chapter, the discussion will extend to the methodologies,
challenges, and insights derived from the practical application of Al and
KGs in healthcare. The forthcoming discourse seeks to explore not only
the technical advancements but also to intertwine ethical considerations
throughout the process of constructing and analyzing medical Knowledge
Graphs, advancing towards the overarching goal of nurturing a more in-
formed, personalized, and ethically-grounded healthcare ecosystem.
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Chapter

Background: definitions, tasks
and metrics

The extraction and interpretation of pertinent information from vast
and diverse healthcare texts have assumed paramount significance in en-
abling evidence-based medical research, informed clinical decision-making,
and improved patient care. The field of healthcare has undergone transfor-
mative changes with the integration of advanced technologies, particularly
in the realm of machine learning (ML) and natural language processing

(NLP). A definition for ML is provided as follows:

Definition 3.1 — Machine Learning [168, 170|

A computer program is said to learn from experience E with respect
to some classes of task T and performance measure P if its performance
can improve with E on T measured by P.

In this chapter, definitions for knowledge graphs are provided, and the
foundational tasks of NLP and ML central to the thesis — Named Entity
Recognition (NER), Relation Extraction (RE), Entity Linking (EL), and
Adverse Events Prediction (AEP) — are explored.

3.1 Knowledge Graphs

A knowledge graph (KG) depicts a systematic arrangement of infor-
mation, made up of entities, their interconnections, and detailed semantic
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explanations. These entities can be tangible items or theoretical notions,
while their connections indicate how they relate to one another. The de-
tailed explanations about the entities and their connections include specific
types and attributes that have a clear significance. Commonly, these are
represented using property or attributed graphs where both nodes and
their connections possess certain characteristics or attributes. A widely
accepted definition for Knowledge Graph is provided as follows:

Definition 3.2 — Knowledge Graph [253|

A knowledge graph is a multi-relational graph composed of entities
and relations which are regarded as nodes and different types of edges,
respectively.

Knowledge can be thus expressed as a sequence of triples:
(head, relation, tail),

where head and tail are two nodes and relation represents their connection.

3.1.1 Representing time

In this thesis, knowledge graphs are employed to encapsulate the mul-
tifaceted information pertaining to patients and the dynamic trajectory
of their medical histories. Thus, the temporal dimension is particularly
important, offering a lens through which to elucidate the progression of
diseases. For instance, by analyzing the time-stamped data nodes within
the knowledge graph, one can discern patterns and trends in disease evo-
lution, which could be instrumental in prognostic assessments and the
tailoring of therapeutic strategies. The refined knowledge representation,
named Temporal Knowledge Graph (TKG) encapsulates a chronologically-
ordered series of quadruples, expressed as:

(head, relation, tail, timestamp)

The incorporation of the timestamp dimension furnishes a temporal con-
text to the interrelations among entities, thereby facilitating a nuanced
understanding of their dynamic interplay over time.

A formal definition is provided as follows:
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Definition 3.3 — Temporal Knowledge Graph

A Temporal Knowledge Graph (TKG) can be formalized as a se-
quence of KGs, i.e. Hp = {4, %, ..., %r}, where T is the length of
the KGs sequence and each KG 4, = (V, R, E;) at timestamp ¢ is a
directed heterogeneous graph, V, R and E; being the sets of entities,
relations and facts at timestamp ¢, respectively.

3.2 Named Entity Recognition

This task focuses on identifying and categorizing key entities within
a text. In the healthcare sector, NER is invaluable for pinpointing enti-
ties like medical terms, anatomical structures, drug names, and various
clinical metrics. Properly extracting these entities is crucial for building
structured knowledge databases and enhancing efficient information access
and knowledge application.

Based on Definition 3.1, NER can be identified as the task T" and F is a
corpus of sentences annotated with entity mentions, so that a performance
measure P (usually Precision, Recall and/or F'1) of the machine learning
model can be improved. Formally, NER is defined as in Definition 3.4.

Definition 3.4 — Named Entity Recognition [131]

Given a sequence of tokens (i.e. a sentence) s = [t1,t2,...,tN],
NER outputs a list of tuples [, I, t] representing named entities men-
tioned in s. Here, I; € [1, N] and I, € [1, N] are the indexes of start
and end characters of the named entity mention, while ¢ is the entity

type.

It is important to acknowledge that the preceding definition is con-
strained to continuous spans, which represent a frequent occurrence. Nev-
ertheless, when applying NER to real-world tasks, some cases may arise
where named entities exhibit overlapping characteristics or are positioned
within discontinuous textual spans. These particular situations have been
subject to comprehensive investigation across various studies [174, 251, 60].

Due to its unique attributes, NER is a token-level classification task,
with models generating predictions for each token separately. This can be
likened to the analogous task of image segmentation in computer vision,
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where classification occurs pixel by pixel rather than being based on the
entire image. Consequently, numerous techniques and model structures
developed to address few-shot tasks in text classification cannot be directly
employed in the context of NER. This situation necessitates additional
endeavors, extensions, and adaptations to make them suitable for NER
challenges.

3.2.1 Annotation schemes

A plethora of annotation schemes has been employed across schol-
arly literature. Nevertheless, the endeavor of identifying the most suit-
able annotation scheme represents a multifaceted conundrum [111]|. These
schemes are detailed as follows:

e IO: Serving as the most rudimentary scheme for this task, it as-
signs each token within the dataset one of two discerning labels: an
"inside" tag (I) denoting named entities, and an "outside" tag (O)
associated with ordinary words. It is important to note that this
scheme exhibits a limitation, as it inadequately captures consecutive
entities of identical types.

e IOB: This scheme, also referred to as BIO, ascribes categorical tags
to each word, indicating whether it denotes the "beginning" (B) of a
recognized named entity, resides "inside" (I) such an entity, or resides
"outside" (O) the scope of any known entities.

e TIOE: Analogous to IOB, IOE functions in a near-identical manner,
yet diverges by signaling the "end" of an entity (via the E tag) instead
of its inception.

e IOBES: Serving as an alternative to the IOB schema, IOBES offers
a heightened granularity of boundary-related information concerning
named entities. In tandem with designating words as "beginning"
(B), "inside" (I), "end" (E), and "outside" (O) relative to a named
entity, this scheme employs an "S" label to typify single-token enti-
ties.

e BI: This scheme bears semblance to IOB in its approach to entity
tagging. Notably, it augments its function by characterizing the ini-
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tiation of non-entity words through the "B-O" tag, subsequently as-
signing "I-O" tags to the following words.

e IE: Functioning congruently with IOE, the IE scheme diverges by
allocating the "E-O" tag to demarcate the culmination of non-entity
words, while designating the remainder with "I-O" tags.

e BIES: In a manner reminiscent of IOBES, the BIES scheme encodes
entities, while simultaneously applying analogous encoding principles
to non-entity words. This involves employing "B-O" to demarcate
the inception of non-entity words, utilizing "I-O" to signify the inte-
rior of non-entity words, and introducing "S-O" to label individual
non-entity tokens positioned amidst two entities.

Findings show that the IO annotation scheme is usually able to achieve
the highest performance [11]. However, its main limitation is the inability
to recognize consecutive entities. The most commonly used scheme is IOB,
as it guarantees a good trade-off between performance and annotation
efforts.

3.2.2 Metrics

As a token-level classification task, the evaluation of NER systems
employs metrics such as precision, recall, and F1l-score at the token level,
providing insights into their token-wise classification abilities. However, as
the application of predicted named entities extends to downstream tasks,
there arises a need to assess system performance at a more comprehensive
named-entity level. According to the Language-Independent Named Entity
Recognition task introduced at CoNLL-2003 [205],

Definition 3.5 — NER metrics

Precision is the percentage of named entities found by the learning
system that are correct. Recall is the percentage of named entities in
the corpus found by the system. A named entity is correct only if it
is an exact match of the corresponding entity in the data file

SemEval’13! introduced a comprehensive framework encompassing four

1https://www.aclweb.org/portal/content/semeval—2013—international—works
hop-semantic-evaluation
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distinct methodologies for quantifying precision, recall, and F1-score out-
comes grounded in particular metrics. These methodologies are outlined
as follows:

e Strict: This approach entails a stringent evaluation involving an
exact alignment of boundary surfaces, ensuring both string corre-
spondence and entity classification congruence.

e Exact: Within this context, a meticulous comparison is undertaken,
specifically concerning the accurate delineation of boundary extents
across surface strings, without consideration for entity categoriza-
tion.

e Partial: This methodology involves a judicious assessment of partial
boundary alignments along surface strings, irrespective of the entity
classification, allowing for partial matches.

e Type: In this mode, an essential requirement pertains to a certain
degree of overlap between the entity identified by the system and the
corresponding gold-standard annotation.

Each of these evaluative methodologies operates distinctively, encom-
passing correct, incorrect, partial, missed, and extraneous aspects, thus
offering a nuanced perspective on performance assessment.

3.3 Entity Linking

Within the domain of natural language processing, the task of en-
tity linking, commonly denoted as named-entity linking (NEL), named-
entity disambiguation (NED), named-entity recognition and disambigua-
tion (NERD), or named-entity normalization (NEN) assumes significance
as an endeavor to establish a distinct and unequivocal identity for entities
(such as persons, locations, diseases, or treatments) referenced in text. For
instance, consider the sentence "The patient displayed clinical indicators
consistent with diabetes”. In this context, the primary aim is to accurately
determine that "diabetes" pertains to the medical condition rather than
being misconstrued as a broader concept or denoting an individual’s name.
It is crucial to acknowledge that entity linking deviates from named-entity
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recognition (NER), which merely identifies the presence of named entities
within text, devoid of the capacity to ascertain the precise entity being
alluded to.

3.3.1 Biomedical ontologies

Entity Linking in the biomedical domain can leverage a large set of
ontologies. Biomedical ontologies are structured frameworks that provide a
formalized representation of knowledge in the domain of healthcare and life
sciences. These ontologies serve as structured vocabularies, capturing the
relationships between different biomedical concepts, enabling standardized
data sharing, interoperability, and facilitating advanced analysis. Several
prominent biomedical ontologies have been developed to cater to different
aspects of the healthcare domain. Some examples of biomedical ontologies
are reported as follows:

e UMLS (Unified Medical Language System): UMLS is a knowl-
edge integration system developed by the National Library of Medicine
(NLM). It integrates a variety of biomedical vocabularies, classifica-
tions, and standards, including SNOMED CT, MeSH (Medical Sub-
ject Headings), ICD-10 (International Classification of Diseases), and
more. UMLS aims to create connections between disparate termi-
nologies, allowing researchers, clinicians, and developers to access
and work with a unified representation of biomedical knowledge. It
includes tools for mapping between different terminologies and en-
hancing cross-terminology querying.

¢ SNOMED CT (Systematized Nomenclature of Medicine -
Clinical Terms): SNOMED CT is an extensive clinical terminol-
ogy and ontology that encompasses a comprehensive set of medi-
cal concepts, covering a wide range of clinical domains. It provides
a standardized way of representing clinical information, facilitating
communication and data exchange between different healthcare sys-
tems. SNOMED CT goes beyond a simple list of terms by organizing
concepts into a hierarchical structure and capturing various relation-
ships between them. It plays a vital role in electronic health records
(EHRs), clinical decision support systems, and health information
exchange.
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e Gene Ontology (GO): Focuses on the molecular functions, biolog-
ical processes, and cellular components of genes and gene products.
It aids in the annotation and analysis of genomic and proteomic data.

e Human Phenotype Ontology (HPO): Captures phenotypic ab-
normalities and provides a standardized vocabulary for describing
and annotating human phenotypes. It is crucial for clinical genetics
and disease diagnostics.

e Chemical Entities of Biological Interest (ChEBI): Focuses on
chemical compounds and their role in biological processes. It’s es-
sential for research in drug discovery and molecular biology.

e Protein Ontology (PRO): Represents information about proteins,
their functions, and roles in various biological processes. It aids in
understanding the relationships between genes, proteins, and dis-
eases.

e Anatomical Ontologies (e.g., FMA, Uberon): Capture the hi-
erarchical structure and relationships among anatomical entities, fa-
cilitating the annotation of anatomical information in research and
clinical contexts.

3.4 Relation Extraction

Relation Extraction (RE) is a NLP task that involves identifying and
classifying relationships between entities mentioned in text. Entities can
be people, organizations, locations, or any other named entities. The rela-
tionships between these entities are represented as specific types, such as
"is-a," "part-of," "located-in," "causes," "treats," etc. Relation Extraction
aims to extract these relationships from unstructured text and represent
them in a structured format, making it easier for machines to understand
and analyze the information.

In the realm of biomedicine, the accumulation of scientific literature,
clinical reports, and biological data has reached an unprecedented scale.
Extracting meaningful relationships from this vast amount of information
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is a daunting task for human experts alone. This is where Relation Extrac-
tion plays a critical role. Here are several reasons why Relation Extrac-
tion is of paramount importance in the context of building and analyzing
biomedical knowledge graphs:

¢ Knowledge Integration: Biomedical research generates a multi-
tude of heterogeneous data sources, including scholarly articles, clin-
ical records, and experimental results. By extracting relationships
between entities mentioned in these sources, Relation Extraction con-
tributes to integrating this diverse knowledge into a unified frame-
work.

¢ Hypothesis Generation: Relation Extraction can uncover hidden
connections between biological entities that might not be immedi-
ately obvious to researchers. These newly discovered relationships
can lead to the formulation of novel research hypotheses and guide
further experimental studies.

e Drug Discovery and Development: In the pharmaceutical do-
main, identifying interactions between drugs, genes, proteins, and
diseases is critical for drug discovery and development. Relation Ex-
traction assists in identifying potential drug-target interactions, side
effects, and disease mechanisms.

e Clinical Decision Support: Extracting relationships from clinical
texts enables the creation of a knowledge base that can aid healthcare
professionals in making informed decisions. For instance, identifying
associations between symptoms, diseases, and treatments can assist
in diagnosing and treating patients effectively.

e Biological Pathway Reconstruction: Relation Extraction con-
tributes to reconstructing complex biological pathways by identifying
interactions between genes, proteins, and metabolites. This aids in
understanding cellular processes and disease mechanisms at a molec-
ular level.

e Data Mining and Literature Analysis: Relation Extraction sup-
ports efficient data mining and literature analysis by structuring
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unstructured text into a graph-like representation. This allows re-
searchers to perform advanced queries and analyze the relationships
between entities in a systematic manner.

e Semantic Enrichment: Incorporating extracted relationships into
a biomedical knowledge graph enhances its semantic richness. This
enables advanced semantic searches, automated reasoning, and the
discovery of previously unreported connections.

Relation Extraction acts as a foundational step that transforms un-
structured biomedical information into structured knowledge, facilitating
advanced data analytics, hypothesis generation, and decision-making in
various biomedical domains.

3.5 Adverse Events Prediction

Adverse Events Prediction (AEP) aims to anticipate and forecast po-
tential adverse events associated with pharmaceuticals, medical treatments,
or interventions. Adverse events encompass any harmful or unintended
effects resulting from the use of medical products, and predicting these
events involves leveraging available data to identify patterns and relation-
ships that can aid in foreseeing such occurrences.

In the context of biomedical research and healthcare, adverse events
prediction holds paramount significance due to its potential to revolution-
ize clinical decision-making. Biomedical knowledge graphs, which repre-
sent complex networks of biomedical entities (such as drugs, genes, dis-
eases, and their relationships), provide an ideal foundation for integrating
diverse data sources and enabling advanced predictive analytics.

In this thesis, we aim predict adverse events by leveraging temporal
knowledge graph (TKG) data structures to model medical histories, as
described Definition 3.3.

Hence, AEP can be defined as follows:

Definition 3.6 — Adverse events prediction
Given the patient s € ¥ and its medical history .#; (represented
as a temporal knowledge graph), the input to our model is a query
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(s,r,?7,t+1), i.e. we want to predict the next adverse event associated
to s.

The integration of adverse events prediction into biomedical knowledge
graphs contributes to the realization of personalized medicine. By consid-
ering an individual’s unique characteristics, genetic features, and medical
history, clinicians can make treatment decisions that maximize benefits
while minimizing risks.

3.5.1 Metrics

While the literature in the TKGs field aims to test a model’s ability
to predict the occurrence of an event at a future timestamp, of which the
actual occurrence is known, our ground truth is composed of a multiplicity
of events, meaning that there is not a single disease that will be associated
with the patient in the future, but a list of diseases that could potentially be
associated with the patient. This required us to use a different evaluation
protocol and set of metrics to test our models. To assess the effectiveness of
our model, a set of metrics has been employed, including Mean Reciprocal
Rank (M RR), True Positive rate at k (TP _rate@k), Hits at k& (HitsQk),
Mean Recall at & (MR@Fk), Mean Averaged Precision at k (MAPQE), where
k denotes the top-k ranked predictions made by the model. Metrics are
detailed in the following.

Mean Reciprocal Rank MRR measures the average of the reciprocal
ranks of the correct results in a set of queries or predictions. The formula
for MRR is:

N

1 1
MRR=—S"—_ 1
Rl N Z; rank;’ (3.1)

1=

where N is the number of correct concepts and rank; denotes the ranked
position of the i-th concept.

The utilization of MRR as an evaluation metric presents several ad-
vantages. Firstly, it is scale-independent, making it an appropriate metric
for comparing the performance of different models or tasks, regardless of
the number of items in the list, which can decrease as the medical his-
tory progresses. Additionally, MRR places a strong emphasis on the first
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correct result, which is particularly relevant in tasks such as information
retrieval, where users are less likely to scroll through long lists of results.
Furthermore, it takes into account the entire ranked list, as opposed to
only the top k results, as seen in metrics such as precision and recall. Due
to these advantages, we employ MRR as a method of selecting the optimal
model among the results obtained at each epoch of training.

True Positive rate To evaluate the usability of our model in real-
world scenarios, where it would serve as an assistant for risk prediction or
diagnosis suggestion, we investigate how likely one of the top-k predictions
is correct, i.e. it appears in future steps of the medical history. Thus, we
consider a prediction as a true positive if at least one of the top-k scored
disorders is correct. The TP rate is then defined as the ratio between the
sum of true positives and the total number of test samples:

N
TP rateQk = % Z (yi, ¥5), (3.2)
i=1
where N denotes the number of test samples, y; is the list of correct future
disorders, yf denotes the first k disorders scored by the model and 1(y;, yf’ )
equals to 1 if at least one element of yf is also in y;, 0 otherwise.
Note that the number of correct concepts decreases as we move forward
with the medical history, thus implying a possible decline of performance
computed with this metric.

Hits Despite physicians having the knowledge and expertise to distin-
guish useful predictions among all the others, we would like every disorder
predicted by the model to be correct. Hence, we compute HitsQk as the
percentage of correct top-k predictions, i.e. its averaged precision:

TPk

- (3.3)

=|

L
HitsQk = Z
i=1

where TPifC denotes the number of true positives for the i-th test sample
obtained by considering the top-k predictions.

As with TP _rate@k, performance could decrease as we proceed for-
ward with the patient’s timeline.




3.5. ADVERSE EVENTS PREDICTION

35

Mean Recall While TP rate@Fk and Hits@Fk give us an idea of the pre-
cision of the model, i.e. of its ability to correctly identify future disorders,
we are interested also in its recall, i.e. its ability to find all the future
disorders. Mean Recall is defined as the fraction of correct items found in
the top-k predictions:

N k
1 TP

MR@E = — Y ——t 3.4
N < TP} + FN} (3:4)

where FN¥ denotes the number of false negatives for the i-th test sample
obtained by considering the top-k predictions.

Note that while this metric theoretically lies in the [0, 1] range, values
are usually small in practice because the ground-truth list of correct con-
cepts is usually longer than k, making it impossible to reach high scores.

Mean Averaged Precision Ideally, we would like our model to score
relevant future disorders at the top positions. MAP takes into account both
the precision and recall of the recommendations made by the model and
rewards first-loaded relevant recommendations, making it more informative
than all the other metrics which does not consider the order in the rankings
of predictions. It is computed as follows:

N
1
MAP@k = — z_; APQF, (3.5)

where APQF is the average of the precision at each recall level for a par-
ticular test sample:

k
AP@k = > " Hits@k - rel (i), (3.6)

=1

where rel(7) is an indicator function which is 1 if the i-th item is relevant,
0 otherwise.







Chapter

Few-Shot Learning for
Information Extraction

Despite the burgeoning growth in data volume, there are significant
challenges in ensuring the confidentiality of sensitive information, espe-
cially in sectors such as healthcare. Additionally, the labor-intensive na-
ture of curating high-quality datasets underscores the need for alternative
machine learning training methodologies that do not rely on extensive
datasets [177, 250, 147, 283].

In the evolving landscape of few-shot learning, there is a marked shift
towards refining and tailoring existing few-shot techniques specifically for
Named Entity Recognition (NER) tasks. This observation is substanti-
ated by the surge in academic publications on the subject, as depicted in
Figure 4.1. Li et al. [131] underscore the constraints of transfer learning,
particularly stemming from linguistic variances and differences in anno-
tated textual datasets. Such constraints often result in diminished efficacy
when a model trained on one dataset is applied to diverse textual datasets.
The burgeoning theoretical frameworks aimed at bolstering model gener-
alization within the few-shot learning domain, in conjunction with the
growing research initiatives, underscore the need for a rigorous evaluation
of the prevailing state-of-the-art. Such an evaluation is imperative to glean
insights into the inherent merits of each approach.

In this chapter, we delineate the contemporary advancements in Few-

https://scholar.google.com/
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Figure 4.1. Evolution of the number of total publications whose title, ab-
stract and/or keywords refer to few-shot learning during the last years. Data
retrieved from Google Scholar! (Feb 11th, 2023) by using the queries indicated
in the legend.

Shot Named Entity Recognition (FS-NER). We commence by elucidating
the concept of FS-NER and its relevance in the current research milieu.
Subsequently, we introduce a classification schema, bifurcating the litera-
ture into two predominant categories: model-centric and data-centric. The
model-centric category emphasizes the design and training of models op-
timized for few-shot scenarios, while the data-centric category delves into
data manipulations aimed at enhancing or augmenting the available train-
ing datasets.

4.1 Few-shot NER: what, why, where and how

In this Section, we use some questions from the Kipling method? to
provide an overview of FS-NER. Specifically, we provide answers for ques-
tions listed as follows:

o What? (Problem definition) — in Section 4.1.1 we formalize the few-
shot NER problem in the context of machine learning and few-shot
learning sub-field. Contextually, we will outline differences making
few-shot NER a more challenging task worth of an in-depth analysis.

o Why? (The need for FS-NER) — we will provide a clear and concise
example which shows the reasons behind the hype towards few-shot

Zhttps://projectofhow.com/methods/the-kipling-method/
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NER in Section 4.1.2.

o Where? (Applications) — in Section 4.1.3 we will describe real-
world scenarios where FS-NER methodologies are needed.

e How? (Tazonomy) — we propose a taxonomy to categorize works
on FS-NER, which will be described and analyzed in Section 4.2 and
Section 4.3.

4.1.1 Problem definition

Few-Shot Named Entity Recognition (FS-NER) constitutes a distinc-
tive subdomain within the broader landscape of Few-Shot Learning (FSL),
which, in its entirety, resides within the overarching realm of machine learn-
ing (see Definition 3.1). The conventional trajectory of machine learning
entails a reliance on substantial datasets infused with meticulously an-
notated information, commonly referred to as ground-truth, to achieve
optimal training outcomes for models. In contrast, the specific pursuit
of FSL is centered on the attainment of commendable performance even
when confronted with a scarcity of annotated data instances. Formally,
FSL can be defined as in Definition 4.1.

Definition 4.1 — Few-Shot Learning (FSL) [259]

Few-Shot Learning (FSL) is a type of machine learning problems
(specified by E, T and P), where E contains only a limited number of
examples with supervised information for the target T.

In concrete terms, FSL aims at learning a classifier able to predict a
label y for each input z (e.g. image classification [144], text classification
[233]). In the light of Definitions 3.1 and 3.2, we can provide a clear and
concise definition for FS-NER as described in Definition 4.2.

Definition 4.2 — Few-Shot Named Entity Recognition (FS-NER)
Few-Shot Named Entity Recognition (FS-NER) is a sub-area of
FSL where the machine learning problem specified by E, T' and P is

not only constrained by E containing a limited number of examples,
but also by T being a NER task.
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A pivotal distinction inherent in FS-NER lies in the needed associ-
ation of multiple labels y = [y1,¥2,...,yn] with each input sentence
s = [t1,t2,...,tn], effectively corresponding to distinct tokens ¢; € s. This
intricate task configuration diverges markedly from conventional setups.
Furthermore, the interdependence between two tokens, t; € s (i € [1, N])
and t; € s (j € [1,N]), extends beyond mere token-level adjacency to
encompass semantic interconnectedness. This is instrumental in the con-
struction of efficacious models, but this interdependence also implies chal-
lenges for the application of many FSL to FS-NER.

4.1.2 The need for FS-NER

Current strategies for Named Entity Recognition (NER) heavily rely
on the underpinning frameworks of deep neural networks and Transformer
architectures. These modern techniques have demonstrated remarkable
prowess by obviating the need for extensive feature engineering, thereby
attaining state-of-the-art benchmarks. Nonetheless, their practical appli-
cability often encounters impediments due to their need for vast manually
labeled training datasets. This reliance on abundant training data poses
challenges when translating these achievements to real-world contexts. In
FS-NER, the number of available training examples is small, thus impact-
ing the reliability of the resulting NER model which, as a consequence,
usually overfits data [259].

We present this phenomenon in Figure 4.2, wherein we illustrate the
trends of F1 scores with respect to increasing NER training epochs. These
trends are derived from validation sets associated with three extensively
employed benchmark datasets: CoNLL-2003 [242], WNUT-17 [50], and
WikiANN (en) [185].3

We can observe a discernible decrement in performance when the num-
ber of training instances, referred to as "shots," remains excessively small.

3To ensure reproducibility, we outline the specifics of this experimental setup. The
models and datasets utilized are sourced from the HuggingFace repository [265]. For
each dataset, a BERT base (cased) network [51] was fine-tuned over a span of ten epochs,
with a learning rate set at 2e-5 and a weight decay of 0.01. All other hyperparameters
retained their default configurations. The reported F1 scores are computed based on
the validation sets. The training datasets for the few-shot experiments are composed
by randomly sampling from the original training corpora.
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Figure 4.2. F1 score trends of few-shot NER models as the training epochs
progress.

Specifically, for the CoNLL-2003 and WikiANN datasets, this decline be-
comes conspicuous when shots < 20, whereas for the WNUT-17 dataset,
it becomes evident when shots < 100. This diminishing performance is
indicative of the model’s proclivity to overfit the limited training data it is
provided. Furthermore, even as the F1 score exhibits an ascending trajec-
tory with increasing training iterations, its eventual attainment remains
lackluster due to the inherent limitation of the model in recalling all the
instances of ground-truth entity mentions present within the test set.

These observations highlight the dual challenges faced: the mitigation
of overfitting tendencies and the enhancement of NER model performance
under the constraints of scarce labeled examples. It is from the conver-
gence of these challenges that the exigency for Few-Shot Named Entity
Recognition (FS-NER) methodologies becomes apparent.

4.1.3 Applications

In broad terms, the imperative for FS-NER is manifest across various
application scenarios characterized by the scarcity of available training
samples. This scarcity can be attributed to several factors:

e Scarcity of resources — a dataset to train our models NER models is
not always available. For example, most of the current NLP research
is focused on 20 out of the 7000 languages spread all over the world
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[159], which are thus inevitably disadvantaged with the unavailability
of data sources.

e Difficult data sharing — depending on the application domain, the
possibility to share data and build training corpora may be a chal-
lenge. For instance, within the realm of healthcare, individuals, i.e.,
patients, often exhibit reluctance to disclose their sensitive informa-
tion for research or commercial purposes. This hesitance persists
despite the potentially transformative impact such data could exert.

e Annotation costs — the manual labelling process of NER data is
expensive. This process entails the involvement of multiple annota-
tors adhering to standardized protocols to mitigate annotation con-
flicts. Attaining high-quality training corpora necessitates a substan-
tial temporal commitment to the annotation process. Additionally,
specialized domain knowledge, such as healthcare or finance exper-
tise, is often indispensable, thereby augmenting the overall costs in-
curred.

Hence, many real-world applications involve FS-NER. However, current
state-of-the-art does not offer many successful use cases yet — methods are
usually tested on benchmark datasets. Wang et al. [261] experiment their
few-shot method on a private corpus of 1600 de-identified EHRs from car-
diology, respiratory, neurology and gastroenterology deparments; Ni et al.
[181] test their cross-lingual FS-NER approach on a custom multi-lingual
dataset with over 50 entity types annotated to build cognitive question
answering applications on top of the FS-NER system.

4.1.4 Taxonomy

In this section, we propose a taxonomy to categorize existing state-of-
the-art FS-NER techniques. The first layer of the taxonomy is based on
whether the methodology is focused on model architecture (model-centric)
or data (data-centric), respectively. Input data sources and methodological
flows change dependently on the technique, but we summarized high-level
details in Figure 4.3.
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Figure 4.3. High-level methodological flows of FS-NER methods. The stan-
dard training approach (black arrows) receives labeled data as inputs; data
augmentation techniques (green arrows) leverage labeled and unlabeled data,
external sources and/or even the model itself to augment the size of the train-
ing corpus; active learning (red arrows) selects a subset of unlabeled data
to be labeled by a human annotator by leveraging model predictions; dis-
tant supervision (yellow arrows) uses external sources and heuristics, while
self-learning (blue arrows) uses model predictions to provide annotations to
unlabeled data. Models are often trained relying on transfer learning or meta
learning approaches. Numerical values are assigned to each data flow to in-
dicate the sequence of operations.
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Model-centric methods In this setting, model architectures are de-
signed to make the most of the few available training samples. Transfer
learning approaches leverage model weights learned in another domain or
language. Differently from transfer learning, which leverage knowledge
from the same task but a different domain, Meta learning aims to build
models able to quickly adapt to new tasks without the need to be re-trained
from scratch.

Data-centric methods The shift from model-centric to data-centric
AI* is ongoing and increasingly widespread. This can be justified by the
fact that the astonishing improvements brought by deep learning models
on the state-of-the-art of several Al tasks has led the research community
to find ever more better models, but now that a performance plateau has
been reached, efforts are being made to deal with the other important
aspect of Al systems: data. In the context of FS-NER, we identified four
common methods to deal with the lack of data:

e Data Augmentation techniques leverage not only training samples
but also external sources and unannotated data (when available) to
increase the training corpus size

e Active Learning aims to select the most informative samples to be
annotated from an unlabeled corpus in order to optimize the trade-
off between performance and annotation costs.

o Distant Supervision consists in leveraging external data sources and
heuristics to provide "weak" labels to data from an unlabeled corpus.

e Self Learning approaches use the model itself to provide a label to
data from an unlabeled corpus.

In the following Sections we are describing in details the discussed
methodologies.

4.2 Model-centric methods

In this section, we review model-centric FS-NER methods by separat-
ing them into two sections. Hence, we line up methods as a story and

“https://datacentricai.org
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summarize their key characteristics and discuss similarities and differences
under each category as well as limitations that have not been addressed
yet.

4.2.1 Transfer Learning

In all the fields of Machine Learning, Transfer Learning is the stan-
dard approach to deal with the lack of data. The knowledge — i.e., their
learned parameters — of models trained on huge datasets is "adapted"
with new training iterations to make it possible for the model to perform
well with a target domain where there is a lack of resources. Current Trans-
fer Learning methods for NER are mainly based on deep neural networks
and Transformer architectures and usually leverage feature representation
transfer [188], which makes the model learn to map inputs from differ-
ent domains in a close feature space, and parameter transfer [273], which
makes the target model parameters close to those of the source model. We
divide transfer learning approaches for FS-NER in three categories: cross-
domain, cross-lingual, fine-tuning. In the following, we describe them in
detail.

Cross-domain transfer In cross-domain Transfer Learning [89, 261],
we aim to transfer the knowledge from a source specialty (e.g. Electronic
Health Records, a.k.a. EHRs, from the department of cardiology) to a
target specialty (e.g. EHRs from the department of orthopaedics). Figure
4.4 presents an example of inputs that can be used to train a cross-domain
transfer learning system. The goal of this system is to enhance performance
in a distinct target domain, which may feature a dissimilar set of entity
types. The corresponding output is also depicted in the figure.

Cross-language transfer A high number of FS-NER works focus on
leveraging cross-lingual information to improve the model performance [47,
181, 41, 267, 194]. Based on the availability of data, many transfer learn-
ing scenarios are possible, as shown in Figure 4.5. Most of the approaches
rely on a projection-based transfer scheme [274, 104, 252, 181, 208]: one
side of bitext is annotated with a tagger for a high-resource language and
then the annotation is projected over the bilingual alignments obtained
through unsupervised learning [183|. Projected annotations are then used
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Source domains
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Figure 4.4. Example of inputs for cross-domain transfer learning. Knowledge
is being transferred to a new domain, which may even have a different set of
entity types.

as weak supervision to train the tagger in the target language. However,
paired sentences are not always readily available. In some cases, all that
is available are individual sentences in a high-resource language, or a mul-
tilingual corpus that includes samples from multiple languages.

Prompt-based transfer Recent work in NLP has demonstrated the
impressive gains obtainable with the pre-training and fine-tuning approach,
especially when applied to transformer language models [249]. During the
pre-training phase, a large unsupervised dataset is used to train the lan-
guage model to find informative representations of inputs which can then
be used to solve downstream tasks. Hofer et al. [82] show that pre-training
on domain-specific corpora and reducing out-of-vocabulary words can sig-
nificantly improve performance of NER models in few-shot settings. The
number of publicly available pre-trained models in a variety of domains and
languages is high and constantly increasing®. Just to mention one exam-
ple, BioBERT [124] pretrains a BERT-based language model on PubMed
abstracts and PMC full-text articles to apply the advancements of trans-
formers for biomedical text understanding. However, how to replicate these
contributions in low-resource languages, where also unsupervised text data
is difficult to obtain, is an open challenge. Bondarenko et al. [22] fine-tune

Shttps://huggingface.co/models
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Unsupervised Paired sentences Multilingual corpus

Eff In the evening == it will be sunnyweazszs . Bf€ In the evening o= it will be sunny weazses |, BI€ In the evening o= it will be sunny weazses |,

EfZ Itis heavy raining weazszz nowrne . B0 Inserata mu=sara soleggiato weanses. ' B0 Adesso = sta piovendo a dirotto  weazsx, !
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Figure 4.5. Training corpora for cross-language transfer. In unsupervised
scenarios, we only have access to high-resource language data, but need to
extract entity mentions for a low-resource language. The ideal scenario is when
we have both the high-resource language annotation and the corresponding
low-resource language annotation available (paired sentences). In some cases,
we can use a multilingual corpus that contains both high- and low-resource
language samples.

a BERT language model pre-trained on russian data (RuBERT) to adapt
it to NER and Relation Extraction. Schneider et al. [213] transfer learned
the information encoded in a multilingual BERT model to a corpora of
clinical narratives and biomedical scientific papers in Brazilian Portuguese.
Reimers et al. [201] propose a knowledge distillation based approach to
extend existing sentence embeddings models to new languages.

Recent work leverages prompts to exploit the knowledge acquired by
such architectures during the pre-training phase by re-phrasing the task to
a masked language modeling task which is closer to the target NER task
[79, 67, 43, 88]. Figure 4.6 shows the workflow of PromptSlotTagging [88]
as an example.

4.2.2 Meta-learning

Inspired by human intelligence, meta-learning (a.k.a. learning to learn)
[212, 240] aims to quickly adapt models to new tasks without the need to
re-train them from scratch and with only few data points. As humans,
we are able to easily learn new skills after a few minutes or zero expe-
rience: for example, if we can ride a bike, we will easily learn to ride
a motorcycle. This can be accomplished by ML models with a meta-
learning phase during which the model learns to adapt to a large variety of
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Figure 4.6. PromptSlotTagging model. In the first phase, the input sentence
is embedded with inverse prompts and decoded by the language model. In the
second phase, predictions are iteratively refined by reinforcing prompts with
previously-predicted values.

tasks. While having being widely applied for few-shot image classification
[59, 138, 195, 260], only recently meta-learning attempts have been made
in NLP applications. Gu et al. [71] used meta-learning in neural machine
translation, adapting the model to low-resource languages. Huang et al.
[95] applied MAML to the query generation task. Qian and Zhou [193]
proposed DAML, which learns general and transfereable information by
combining multiple dialog tasks during training. Lin et al. [182] use meta-
learning to generate personalized responses by leveraging just a few dialog
samples. Recently, several works have applied meta-learning techniques to
the NER task [63, 135, 117, 87, 184].

4.2.3 Summary and Discussion

Since when deep learning has started to proliferate, model architectures
have been the focus of research. In the context of FS-NER, works are based
on transfer or meta learning. The two approaches, while similar in their
objective (i.e. improving the performance in the presence of scarse data
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resources), are slightly different in the mode in which they operate: while
transfer learning uses a model trained with data from a similar domain or
language to shift its knowledge to another model, meta learning focuses
on training procedures allowing models to quickly adapt to new tasks.

When a model trained on a similar task is available, transfer learning
can be easily applied without too many adaptation, and guarantees high-
quality results, especially with transformer architectures. However, this
ideal scenario is quite uncommon, since real-world task may be similar but
deal with another language, or other entity types, thus requiring many
adaptations which may also limit the resulting performance — e.g. multi-
lingual transfer usually requires a machine-translation step whose error
inevitably propagate across the transfer-learning framework. To overcome
this, meta-learning models easily adapt when new tasks emerge (e.g. a
new entity type is required to be recognized).

4.3 Data-centric methods

The ever-increasing attention towards Data-Centric AI [187] is reflected
in a high number of FS-NER works focusing on data to improve perfor-
mance. In this section, we review data-centric FS-NER approaches by sep-
arately focusing on data augmentation, distant supervision, active learning
and self learning. Hence, we summarize their key characteristics and dis-
cuss similarities and differences under each category as well as limitations
that have not been addressed yet.

4.3.1 Data Augmentation

One common way to deal with the lack of data is data augmenta-
tion, which consists in increasing the size of the available dataset with
new samples generated by means of heuristics or external data sources.
Augmentation methods explored in current literature for natural language
processing (NLP) tasks usually manipulate words in the original sentence
by word replacement [27], random deletion [262], word position swap [164]
and generative models [276]. Applying these transformations to NER in-
put samples is not possible due to the token-level classification implied by
this task (each manipulation impacts labels). Thus, data augmentation
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Figure 4.7. General flowchart of a distant supervision approach

techniques for NER are comparatively less studied [45]. However, recent
studies show that data augmentation is a promising direction to improve
FS-NER performance [146, 279, 45, 16, 34].

4.3.2 Distant Supervision

In few-shot scenarios, labelled data could be retrieved from heuristics,
different domains or laguages, external knowledge bases or ontologies. Dis-
tant supervision [166] aims to leverage such resources to heuristically anno-
tate training data. For example, in biomedicine there are a lot of curated
resources available: NCBO Bioportal [263] houses 541 biomedical ontolo-
gies, Medical Subject Headings (MeSH)® is a controlled vocabulary with
347,692 classes of medical items, and so on. Combining ontologies is a dif-
ficult task due to their heterogeneous structures, concept granularities and
overlaps or conflicts between definitions of entities. Generally, the main
steps of distant supervision are (1) candidate generation, i.e. the identifi-
cation of potential entities, and (2) labeling heuristics to generate noisy la-
bels, as shown in the example of Figure 4.7. The use of distant supervision
for FS-NER in low-resource languages has yet to be deeply explored. The
amount of external information available in low-resource settings might
be very limited: for example, the Wikipedia knowledge graph contains 4

Shttps://www.nlm.nih.gov/mesh/meshhome.html
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Figure 4.8. Active Learning workflow.

million person names in English while only 32 thousand in Yoruba [1].
Furthermore, without further tuning under better supervision, distantly
supervised models have low recall [28|. Several studies explore the benefits
of distant supervision to the NER task (62, 220, 272, 143, 28, 155, 203, 121].

4.3.3 Active Learning

Active Learning aims to select informative sets of examples for train-
ing, actively querying the user for labels, as shown in the cycle depicted
in Figure 4.8. The most common approach is uncertainty sampling [126],
in which the model selects examples based on the uncertainty of its predic-
tions (a general approach uses entropy as an uncertainty measure [223]).
While its theoretical properties have been extensively studied in past works
[48, 15, 14, 20], Active Learning approaches are recently spreading in natu-
ral language processing tasks. Zhang et al. [281] are the firsts to investigate
active learning for sentence classification: they use the Fapected Gradient
Length (EGL) [217] as an active learning strategy aiming to select the in-
stances which would result in the maximum change in the current model
parameter estimates if their labels were provided. Shen et al. [222] are the
firsts to explore AL methods on Deep Neural Networks (DNNs) for the
NER task.
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Figure 4.9. General flowchart of a self-training approach.

4.3.4 Self-training

Self-training, also referred to as self-learning, is an approach similar to
distant supervision, where the model is trained on examples labelled by the
model itself. As shown in Figure 4.9, the difference is that the labelling
heuristics is replaced by the model itself. Originally proposed by Scudder
et al. [216], it is one of the earliest semi-supervised methods. In the
NLP field, it has been successfully applied to neural machine translation
[77] and sentence classification [175]. Zoph et al. [286] show that self-
training guarantees improvements in performance in both high- and low-
data scenarios, while data augmentation results sometimes in decreases of
performance of pretraining. The potential of self-training to FS-NER has
been explored in several works [145, 32, 278, 142, 91].

4.3.5 Summary and Discussion

Data-centric approaches for FS-NER try to make the most of the few
available training samples or to leverage in the cleanest way possible an
available but unannotated corpus, thanks to the intervention of humans,
external resources and/or the model itself.

When the available few-shot training corpus is the one and only source
of information available, data augmentation can be usually applied since
it increases the size of the dataset by transforming the available samples.
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However, the majority of research work assumes the presence of external
resources such as a vocabulary of entities [279] or synonyms [45].

In general, an unannotated corpus is the key to achieve better results in
few-shot contexts — methods basically differ on how they handle it to find
greedy annotations. Active learning usually requires one (or many) human
(s) to optimize the trade-off between the annotation efforts required and
the resulting performance. On the other hand, distant supervision lever-
ages external resources, such as heuristic rules and ontologies, to obtain
weak labels. Similarly, self-learning gets weak labels by the model itself,
which could be particularly useful when using language models to leverage
the knowledge they acquired during the pre-training stage.

4.4 Conclusion

This chapter has provided a comprehensive review of state-of-the-art
algorithms for few-shot Named Entity Recognition. The application field is
analyzed and discussed in detail, and a taxonomy is proposed to summarize
existing techniques into two macro-categories: model-centric and data-
centric. Based on how models are defined and data are manipulated to
address the few-shot learning task, methods in each macro-category are
further categorized into subgroups.







Chapter

Information Extraction in
Healthcare: the value of
pre-trained language models

Knowledge graphs serve as a foundational framework for the repre-
sentation and organization of heterogeneous information sources, such as
clinical narratives and medical ontologies. These graphs can be harnessed
for various downstream applications, including adverse event prediction
and health risk assessment. The efficacy of knowledge graphs hinges on
a meticulous information-extraction phase, which discerns and assimilates
pertinent concepts from the data. Within this paradigm, the extraction of
salient facts is paramount, as this phase profoundly influences the subse-
quent analytical processes. For instance, in the realm of electronic health
record (EHR) analysis, the accurate extraction of patient medical events
is crucial, as any oversight can culminate in flawed or incomplete insights.

However, the development of proficient information extraction systems
in the healthcare domain is fraught with challenges. The intrinsic complex-
ities of healthcare data, coupled with its unique challenges, pose significant
impediments.

A primary challenge is the existence of synonyms, alternate orthogra-
phies, and polysemous terms in medical lexicon. Multiple synonyms or
variant spellings for a single medical term can introduce ambiguity in data
interpretation. For example, a medical condition might be denoted by
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diverse nomenclatures or acronyms across different medical documents,
complicating the task for automated systems to consistently identify and
interpret these nuances.

Example — Synonyms and alternate spellings
"Myocardial Infarction" is also known as "Heart Attack". Similarily,
"Hemorrhage" can be referred to as "Bleeding" or "Haemorrhage."

Polysemous terms, which assume varied meanings based on their con-
text, are prevalent in medical discourse. Such terms can lead to miscon-
ceptions if not contextualized appropriately by the extraction system.

Example — Polysemous words
Let us consider two clinical notes, where the word cold assumes dif-
ferent meanings:

1. The patient presented with a runny nose, sneezing, and a mild
cough. The symptoms are consistent with a common cold. Ad-
vised rest, hydration, and over-the-counter cold medications.

2. The patient mentioned feeling a bit cold during the examination.
Provided a warm blanket to ensure comfort.

In the former, "cold" denotes a viral ailment, while in the latter,
it pertains to the sensation of low temperature.

Furthermore, the paucity of annotated datasets poses a major chal-
lenge. Constructing machine learning models for information extraction
necessitates voluminous labeled datasets. However, curating such datasets
in healthcare is labor-intensive, necessitating domain experts to anno-
tate data meticulously. This scarcity is even more pronounced for under-
resourced languages. Additionally, the evolving nature of medical knowl-
edge mandates perpetual updates to the extraction systems. With the
incessant emergence of novel medical findings, it is imperative that the
system remains updated, entailing a sustained and resource-intensive com-
mitment.

In this chapter, the efficacy of transformer architectures is demon-
strated through the proposed solution to the Disease Text Mining (Dis-
TEMIST) challenge at BioASQ 2022 [208|. The presented solution secured
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the top-ranking position among nine participating teams in the Named
Entity Recognition track. In Section 5.1, general information about the
DisTEMIST challenge is provided, outlining its objectives and scope. Fol-
lowing that, in Section 5.2, a dive into the specifics of the winning approach
is taken, with a detailed account of how transformer architectures played
a pivotal role in achieving the outcome. Through this research, the signif-
icant advancements in NLP are highlighted, particularly the transforma-
tive impact of transformer-based models in tackling real-world challenges
in biomedical text understanding, even in situations with limited available
data.

5.1 The Disease Text Mining (DisTEMIST) chal-
lenge at BioASQ 2022

The Disease Text Mining (DisTEMIST) challenge [167] has been held
at BioASQ! 2022, that invited researchers, biomedical professional and
NLP experts to develop systems able to index the content about diseases
in biomedical texts. The corpus contains a collection of 1000 clinical case
reports written in Spanish, containing annotations of disease mentions on
clinical notes, manually mapped to SNOMED-CT (Systematized Nomen-
clature of Medicine - Clinical Terms) codes.

The building process of the dataset is detailed in Figure 5.1. It was
produced with meticulous attention to detail, complying to detailed an-
notation requirements and requiring a significant amount of manual text
labelling done by clinical professionals. DisTEMIST documents from a
variety of medical specialities, including cardiology, ophthalmology, infec-
tious diseases, urology, oncology, paediatrics, tropical diseases, internal
medicine, dentistry, and others, were purposefully chosen to represent a
wide range of disorders. The goal of this diversity was to make it easier to
transfer knowledge between other fields and textual sources.

The DisTEMIST Gold Standard corpus production process can be bro-
ken down into two separate phases. First, there was a manual text anno-
tation phase in which the annotators located and labelled text references
to diseases. Second, each of these observed disease mentions was given a

http://bioasq.org
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Figure 5.1. Overview of the DisTEMIST Shared Task. Illustration from
[167].

unique SNOMED CT identity. There were, however, a number of difficul-
ties in normalising the disease’s references to SNOMED CT. These issues
resulted from the wide range of terminology changes over time, variations
in how clinicians expressed the same condition, and the complexity and

diversity of clinical entities and expressions, some of which lacked an ideal
SNOMED CT identifier.

5.1.1 Corpus statistics

Table 5.1 summarizes the characteristics of the DisTEMIST corpus. It
consists of 1,000 documents with 16,678 sentences and 406,318 tokens in
total. The training set and test set were split randomly into two sets, the
latter of which had 250 records and was put aside for team evaluation.
Each of the 10,665 instances of disease mentions in the corpus’ documents
was manually mapped to a corresponding SNOMED CT word, yielding
7,303 distinct codes. The annotated training set was made available during
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Table 5.1. DisTEMIST corpus statistics

Documents Annotations Unique Sentences Codes

codes
Training 750 8,066 4,817 12,499 305,166
Test 250 2,599 2,484 4,179 101,152
Total 1,000 10,655 7,303 16,678 406,318

the challenge, however because to uncertainties regarding the quality of
normalisation for the remaining 165 documents, only 585 documents had
their disease mentions normalised to SNOMED CT. After the shared task,
the annotation for these 165 documents was provided.

5.1.2 Gazetteer

To facilitate the normalisation process, challenge organizers provided a
subset of SNOMED CT codes with concepts relevant to DiSTEMIST dis-
eases. A dictionary has been provided to participants, containing 147,280
entries, of which 111,177 are SNOMED CT main terms. A name and a
description are associated to each code.

5.2 Methodology

Figure 5.2 shows an overview of the methodological flow of our solution
for the DisTEMIST track. A Transformer backbone network pre-trained
with Spanish biomedical corpora has been used in both NER and EL tasks.
In the former case, it has been used to compute token embeddings for a
classification head with a linear layer and a softmax activation function;
in the latter, it computes concept embeddings for each concept within the
gazetteer, which will be then used to link an entity mention to the nearest
concept based on a measure of similarity. In this section, each module of
our methodology will be extensively described.

5.2.1 Biomedical Transformer Backbone network

The Biomedical Transformer Backbone network used in this work has
been pre-trained and made publicly available by Carrino et al. [29]. It uses
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Figure 5.2. Overview of our NER + EL solution for the DisTEMIST track.
A biomedical Spanish pre-trained Transformer backbone network is used to
compute: (1) token embeddings to be classified by a classification head (linear
layer + softmax); (2) concept embeddings for each concept within the gazetteer
which will be used by the Linker to associate the nearest concept to an entity
mention based on similarity measures.

a RoBERTa [151] base model with 12 self-attention layers with masked
language modeling as the pre-training objective. The dataset used to pre-
train the network consists in two corpora with different sizes and domains:

e (Clinical corpus: it contains 91M tokens from more than 278K clinical
documents (e.g. discharge reports, clinical course notes).

e Biomedical corpus: it contains data from a variety of sources, such
as medical crawlers, PubMed? and Scielo® publications and patents.
The entire corpus counts a total of 968M words.

2https ://pubmed.ncbi.nlm.nih.gov
Shttps://scielo.org
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5.2.2 Named Entity Recognizer

The Transformer-based backbone network is used to extract an embed-
ded representation of each token x; in an input sample x, z = fy, ,,(x;),
O being the set of language model parameters. Thereafter, a linear
layer (a.k.a. classification head) with parameters §; = {W,b} project
the Transformer-based representation z into the label space, fp, (z) =
Softmax(Wz + b). The model parameters are then optimized by mini-
mizing cross-entropy:

ZLcE = Z iKL(yz

(x )€ i=1

where K L(p|q) is the Kullback-Leibler divergence between the two distri-
butions p and ¢, and ¢ is the prediction probability vector for each token:

alwile) ) (5.1)

Q(y’x) = Softmaac(W : fOPLM (x> + b) (5'2)

5.2.3 Entity Linker

Inspired by Kraljevic et al. [112], our EL approach relies on a Concept
Database (CDB) component, i.e. a table representing a concept dictio-
nary. To this end, e used the gazetteer provided by DisTEMIST track
organizers. Even though not every concept within the gazetteer appears
in our training set, we decided to keep all the concepts due to the unpre-
dictability of concepts in the test set. Our linking approach is based on
context similarity: we learn an embedded representation for each concept
and for new documents, when an entity mention is detected by the NER
model, its context is compared to the embedded representations of all the
concepts in the C'DB to choose the most appropriate one.

Concept Embeddings We learn concept embeddings in a supervised
fashion. For each concept ¢ € CDB, we perform the steps described as
follows to compute its concept embedding V5, cops:

1. Initialization: given the concept name cpgme and its description

Cdescription Provided with the gazetteer, we initialize Vg, .., with the
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embedding of the concatenation of the two strings [chame, Cdescription)
computed with the Biomedical Transformer backbone network.

2. Context embeddings: for each entity in the training set annotated
with the concept ¢, we compute its context embedding V ontert With
the Biomedical Transformer backbone network.

3. Update: for each entity in the training set annotated with the con-
cept ¢, the concept embedding Vi, ., is updated with the context
embedding Vi ontert. Specifically, the update criterion is described by
the following equation:

cfmcept = ‘/;%ncept +1r- (1 - S’Lm) : ‘/contexta (53>
where:
e [r is the learning rate, computed as Ir = i, . being the

number of times the concept appears during training.

e sim is the cosine similarity between Veoncept and Veontest,

c
choncept ‘/context )

: (5.4)
H Vcconcept ” || Veonteat ||

sim = max (O,

Linking Given the entity mention recognized by the NER model, we
compute its context embedding V yntert by means of the Biomedical Trans-
former backbone network. Then, we compute its cosine similarity sim with
all the concept embeddings Vioncept- We eventually link the entity with the
most similar concept.

5.2.4 Experiments

The performance of our proposed approaches for NER and EL has
been evaluated by participating to the DISease TExt Mining Shared Task
(DisTEMIST) track within the BioASQ 2022 challenge. In this section
we show the performance results of our methodology on the final test set
and some preliminary experiments on the training corpus provided by the
challenge organizers.
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Experimental setup

Evaluation Metrics Evaluation is done by comparing the automati-
cally generated results to the results generated by manual annotation of
experts. The primary evaluation metric for both the NER and EL sub-
tracks will consist of micro-averaged precision (MiP), recall (MiR) and
Fl-scores (MiF'1).

Configuration Both the NER and EL models were implemented us-
ing the HuggingFace Transformers library (v4.4.0) [264]. The biomedical
Spanish Transformer backbone network* has been downloaded from the
HuggingFace model repository. To deal with the limited length of input
samples, we consider each sentence in a clinical case as a separate input
samples for our models. In a preliminary phase to our submission, we stud-
ied the effects of various hyperparameters and the generalization error of
our models by splitting the original corpus of clinical cases in three parts:
(1) a training set (60% of the original corpus) used to train the model,
(2) a validation set (20% of the original corpus) to evaluate the effects of
hyperparameters and (3) a test set (20% of the original corpus) to evaluate
the ability of our models to generalize to unseen data. We fine-tune our
models with a Google Colab environment, which provided us a Tesla T4
GPU.

Results

NER hyperparameters and evaluation We studied the effects of
different hyperparameters on our validation set:

e learning rate: the initial learning rate for AdamW optimizer. Ini-
tialized to 5e-b.

e weight decay: the weight decay to apply to all layers except all bias
and LayerNorm weights in AdamW optimizer. Initialized to 0 (no
weight decay applied)

e batch size: the batch size per device (e.g. CPU, GPU) for training.
Initialized to 16.

4PlanTL—GOB—ES/roberta—base—biomedical—clinical—es




64

CHAPTER 5. INFORMATION EXTRACTION IN HEALTHCARE: THE VALUE OF PRE-TRAINED
LANGUAGE MODELS

Table 5.2. NER hyperparameter selection (first stage)

batch size learning rate weight decay MiP MiR MiF1
16 5e-5 0.0 0.7199 0.7759 0.7521
16 4e-5 0.0 0.7136 0.7677 0.7448
16 3e-5 0.0 0.7095 0.7749 0.7460
16 2e-5 0.0 0.6805 0.7672 0.7263
16 le-5 0.0 0.6209 0.7175 0.6704
16 6e-5 0.0 0.7274 0.7836 0.7598
16 Te-5 0.0 0.7370 0.7822 0.7624
16 8e-5 0.0 0.7400 0.7836 0.7642
16 9e-5 0.0 0.7331 0.7827 0.7571
16 le-4 0.0 0.7373 0.7754 0.7612
16 8e-5 0.1 0.7375 0.7885 0.7675
16 8e-5 0.2 0.7428 0.7865 0.7694
16 8e-5 0.3 0.7396 0.7846 0.7668
8 8e-5 0.2 0.7479 0.7865 0.7722

For each experiment, we train the NER model for two epochs — at
the end of the selection process we will analyze the effects of an increased
number of epochs. Our search for hyperparameters divides into two stages:
in the first stage, we make hyperparameters vary in large ranges with the
aim to detect a smaller range where we will perform a grid search. All
the different configurations and associated performance results are listed
in Table 5.2.

In the second stage, we perform a grid search based on a uniform
distribution within the following hyperparameters ranges (which have been
chosen based on the results of the first stage):

e learning rate: [7e-5, 8e-5]
e weight decay: [0.1, 0.2]

e batch size: 8

Given the best results from the grid search, we increased the number
of training epochs with an early stopping criterion, by stopping training
when the performance on the validation set does not increase for 5 con-
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Table 5.3. Final preliminary NER results

epochs batch learning weight MiP MiR MiF1

size rate decay
18 8 8.516e-5 0.1844 0.7814 0.8031 0.7921 best hyper-
parameters
18 8 8.516e-5 0.1844 0.7738 0.7931 0.7833 internal test set

error

Table 5.4. Entity linking "internal" test set results with and without using
the gazetteer.

System MiP MiR MiF1
With gazetteer 0.7374 0.7374 0.7374
Without gazetteer 0.7374 0.7374 0.7374

secutive epochs. The final preliminary results and the generalization error
are shown in Table 5.3.

EL evaluation We evaluated results of our linking module with and
without the gazetteer: challenge organizers declared that it contains all
the possibile links to all the entity mentions in the test set. However,
its size (113609 concepts) is much higher w.r.t. the number of concepts
in our training set (2430 concepts). When a concept does not appear in
the training set, its embedding is determined by its name and description,
which could result in many "noisy" concepts leading to wrong linking re-
sults. Table 5.4 reports results on our "internal" test set (a 20% subset
of the training files provided for entity linking) obtained with and without
the gazetteer, i.e. we considered only concepts appearing at least one time
in the training set. Since results are equivalent, we decided to keep the
gazetteer for our submission.

Leaderboard Official results of the DisTEMIST track are reported in
Table 5.5 (NER) and Table 5.6 (EL). Specifically, we show (1) our results,
(2) results from the best participant team (second-best in case of NER,
since our team is the first ranked), and (3) median results (computed by
considering the best submissions of each participant team). While the
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Table 5.5. Official results of BioASQ DisTEMIST NER task. We show our
result, the second-best result and median result (computed by considering just
the best MiF1 score for each participant team).

System MiP MiR MiF1

Ours 0.7915 0.7629 0.7770

Second-best participant 0.7434 0.7483 0.7458

Median 0.7146 0.6736 0.6935
Table 5.6. Official results of BioASQ DisTEMIST linking task. We show our
result, the best result and median result (computed by considering just the
best MiF1 score for each participant team).

System MiP MiR MiF1

Ours 0.2814 0.2748 0.2780

Best participant 0.6207 0.5196 0.5657

Median 0.4795 0.2292 0.3102

domain-specific pre-training of the backbone network has been the key for
a successful NER system, the EL solution seems to suffer from a design
flaw. We can indeed observe a big discrepancy between results on our inter-
nal test set and the leaderboard, which may be caused by two main factors:
(1) pipelined errors of NER and EL predictions and (2) the inappropriate-
ness of the size of the training set: the gazetteer size (113609 concepts)
suggests us that the leaderboard test set contains many concepts which
are not present in our training set (2430 concepts). However, our context-
based EL methodology computes embedded representations of concepts
based on their occurrences in the training set, and all the other concepts
are represented with their description provided with the gazetteer, which
may be useless or even detrimental for similarity computation. Further
investigations to handle the above-described problems are thus needed.

5.3 Conclusion

In this chapter, a solution for the Disease Text Mining (DisTEMIST)
challenge at BioASQ 2022 has been presented. The described approach
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leverages the capabilities of transformer architectures, specifically a pre-
trained RoBERTa model fine-tuned on Spanish biomedical corpora, to ad-
dress the challenges of Named Entity Recognition and Entity Linking in
the healthcare domain. This solution secured the top-ranking position in
the NER track, exemplifying the efficacy of transformer-based models in
extracting and linking pertinent medical information from clinical texts.

The challenges observed in the healthcare domain, like the presence of
synonyms, alternate orthographies, and polysemous terms, underline the
necessity of context-aware models. Transformer architectures, with their
capacity to encapsulate contextual information, have demonstrated to be
a substantial asset in overcoming these challenges. Moreover, the dearth of
annotated datasets in the healthcare domain accentuates the importance
of pre-trained models that can be fine-tuned for specific tasks with limited
data.

The engagement in the DisTEMIST challenge yielded insightful ex-
periences regarding the practical application of NLP techniques in the
biomedical domain. The results garnered in the NER track authenticate
the potential of transformer-based models in extracting relevant entities
from clinical texts. Nonetheless, the discrepancies noted in the EL track
between the internal test set and the leaderboard results signify a requisite
for continued research and refinement in the entity linking process.

In conclusion, the advancements in NLP, especially the advent of trans-
former architectures, have inaugurated new pathways for information ex-
traction in the healthcare domain. With the ongoing evolution of the
medical field, the assimilation of NLP techniques is anticipated to be in-
strumental in harnessing the expansive amounts of unstructured data to
distill meaningful insights and augment patient care.







Chapter

Data augmentation via
context-based similarity

In Chapter 4, it was discussed that the training of NER models typ-
ically requires a substantial amount of annotated data to serve as a reli-
able reference. However, the process of generating accurate annotations
is noted to be both time-consuming and costly, particularly in specialized
fields such as law, history, or medicine, where a high degree of specialized
knowledge is essential. These factors can pose challenges in securing fund-
ing for the acquisition of extensive annotated data. Moreover, experts in
these specialized domains, being often engaged with their primary respon-
sibilities, may have limited availability for annotation tasks.

Data augmentation, which entails expanding the size of the given dataset
with additional samples produced by using heuristics or external data
sources, is one popular method of addressing the scarcity of data. For
Natural Language Processing (NLP) tasks, word replacement [27], ran-
dom deletion [262], word position swap [164| and generative models [276]
are the most common word manipulation techniques used in augmentation
methods. However, the token-level classification implied by NER makes
it impossible to apply these augmentation techniques to input data (each
manipulation impacts labels). Consequently, NER data augmentation ap-
proaches are comparatively understudied [46], even though new studies
have recently been carried out utilizing transfer learning to generate aug-
mented datasets starting from domains with more resources|35] or using
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Output sentences

'COVID-19 is a contagious disease caused by a virus.
1SARS-CoV-2 is a contagious disease caused by a virus.
ESmaIIpox is a contagious disease caused by a virus.

COVID-19:
COVID-19 is a contagious disease SARS-CoV-2
caused by a virus Smallpox
Input sentence Ordered entity lexicon

Figure 6.1. Example of NER data augmentation for an input sample. The
mention "COVID-19" is replaced with mentions from the Entity Lexicon,
which is ordered based on a context-based similarity metric

Masked Language Models (MLM)[285] to mitigate label misalignment.

Furthermore, although data augmentation has shown promising out-
comes, the currently proposed data manipulation methods frequently pro-
duce an excessive amount of noisy and incorrectly classified samples since
the added data may be syntactically and/or semantically erroneous.

To address the identified issue, the proposed solution is COntext SImilarity-
based data augmentation for NER (COSINER) [16, 17|, leveraging simi-
larity metrics to generate augmented examples, thereby facilitating the
creation of sentences that retain plausibility within a real-world context.
This is achieved through a defined context-based mention replacement aug-
mentation technique, where mentions within the input data are substituted
with mentions from an Entity Lexicon likely to occur within the same con-
textual framework. Figure 6.1 illustrates an augmentation example applied
to an input sentence.

Extensive experiments are conducted on three benchmark datasets in
the biomedical domain to evaluate the performance of the proposed meth-
ods. Specifically, the performance of COSINER is compared against a set
of baselines from existing literature, demonstrating that leveraging simi-
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larity for data augmentation yields improved performance. The choice of
datasets from the biomedical domain is driven by the typical scarcity of
data available for analysis in this field. However, the proposed methodol-
ogy is versatile across various domains and can be deployed for any task
involving named entity recognition (NER). It is further demonstrated that
the enhanced performance achieved with COSINER is attributed to the
first-ranked samples, obviating the need for large augmented datasets to
improve results, thus offering a computational advantage.

6.1 Related Work

Data augmentation techniques based on manipulating the given corpus
have been extensively investigated for problems requiring sentence-level
classification [164, 262], but they have not yet received enough attention
for tasks requiring token-level classification, where NER belongs. Data
augmentation for NER is a promising research area, according to recent
studies 46, 53].

State-of-the-art techniques are detailed below, with examples of aug-
mented samples presented in Table 6.1.

e Mention Replacement (MR): every entity mention from an input sam-
ple has a chance to be randomly replaced with a different mention
from the original training set with probability p.

o Label-wise token replacement (LwTR): each token from an input sam-
ple is randomly replaced (with a certain probability p) with any other
word with the same label within the training dataset.

e Synonym replacement (SR): each word from the input sample can be
randomly replaced with probability p with a synonym, which could
be retrieved by using WordNet [163].

e Masked Entity Language Modeling (MELM) [285]: pre-trained Masked
Language Model (MLM) that has been fine-tuned to allow for men-
tion replacement. After a linearization step used to minimize the
number of tokens incompatible with the original labels, it performs
masked entity prediction over the training set to generate new sen-
tences.
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Table 6.1. NER data augmentation examples. Disease entity mentions are
in dtalic, while manipulated tokens are bolded (they may overlap).

Method Example

Input example Breast cancer can occur in both women and men.

MR Diabetes can occur in both women and men.

LwTR Breast cancer can complain in both women and men.
SR Breast tumor can occur in both women and men.
MELM Mammal cancer can occur in both women and men.
style NER In patients with cancer the mortality rate is 10%

o Cross-Domain Named Entity Recognition (style NER) [35]: neural
architecture that transforms sentences from a high-resource domain
to a lower-resource one to generate augmented data. At each iter-
ation the model pairs a random sentence from the source domain
to the target domain, then it performs a denoising reconstruction
to learn a compressed representation of the input. Finally, a step
of de-transforming reconstruction is performed to convert sentences
from one domain to another.

In few-shot conditions, the benefits of data augmentation strategies
dramatically decline [35]. This is because text manipulation techniques
may result in samples that are grammatically and semantically inaccurate,
and the issue is made worse when the size of the augmented data outweighs
the size of the original corpus. The key idea of the proposed system is to
generate realistic augmented samples by using a similarity-based method
in order to address this problem.

To the best of existing knowledge, this work represents the inaugural
effort in examining context-based similarity for data augmentation pur-
poses. Specifically, the approach entails the manipulation of input sam-
ples through the substitution of entity mentions with analogous mentions
on both syntactic and semantic grounds, indicating a likelihood of these
mentions appearing within comparable contexts.
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Figure 6.2. COSINER methodological flow (boxes represent steps). (1)
Given the original training set, a Lexicon with all the entities is generated, (2)
then all entities are mapped to an embedded space extracted from sentences
with at least one mention. (3) Similarity values among embedding pairs are
computed so as to link each entity to a ranked list of its most (least) similar
entities. (4) The augmented training set is thus generated. (5) Finally, a model
is trained by exploiting both the original and augmented training sets.

6.2 Methodology

In essence, COSINER uses mention replacement as a means of aug-
menting the initial training set. This technique was proposed and inves-
tigated by Dai et al. [46]. It involves choosing the entities of interest
within the sentences of the dataset using a binomial distribution and re-
placing them with another item chosen at random from the same dataset.
However, since this method is random, a lot of noisy or even incorrectly
labeled samples are produced, which could have a bad impact on model
performance. In order to replace the entity mention with the entities that
are most similar to it in terms of syntax, semantics, and context, we use
a similarity-based methodical flow. Figure 6.2 depicts the proposed me-
thodical flow in broad strokes, and the following outlines each phase.

6.2.1 Lexicon generation

Each concept (i.e. entity mention) contained in the training set must
be gathered so as to replace mentions. A concept may consist of one
or more words, and we additionally store the frequency with which each
word appears in the training set in the Lexicon Ceopeept. Depending on the
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number of mentions in the dataset, the number of entities in the Lexicon
will vary. Note that the size of the Lexicon has a significant impact on how
quickly similarity values between entity pairs are computed, nevertheless
this impact is not a limitation as we conduct experiments under few-shot
circumstances.

6.2.2 Embeddings extraction

"A numerical representation, denoted as Vioncept, is needed for every
concept in the Lexicon to determine the similarities between entities within
the dataset. This is achieved by employing a pre-trained language model,
as referenced in [52, 24|, as a feature extractor. For each phrase in the Lexi-
con containing a specific mention, the extractor takes the phrase and maps
each token to its corresponding word embedding, Veoptert- The Veontent r€P-
resents the token in its specific context as an array of numerical features.
When mentions consist of multiple tokens, the Vignutest 18 computed by
averaging the word embeddings of those tokens. Once a Viypteqt is deter-
mined, the overarching numerical representation, Veoncept, is adjusted as
delineated below:

‘/concept = ‘/concept +1r- (1 - Sim) * Veontext (61)

where [r is a regularization term defined by the reciprocal of the number
of times a mention appears in the whole dataset and sim is the cosine
similarity between Veoneept and Veontest:

1
lr = ——— 6.2
Cconcept ( )
. V. V.
Slm(vconceptv %cmtea:t) = max(O, choncepZH : HVconZesz) (6.3)
concep contex

Veoncept 1s initialized to the Vipntest value of the first sentence where
the mention appears.
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6.2.3 Similarity computation

The cosine similarity between the embeddings Vioncept of every pair
of entities in the Lexicon is computed so as to obtain a ranked list of
similarity scores zi; = sim(V.,copt Vioneept) linked to each Lexicon entry.
Two ranking criteria have been defined:

e Maximum (descending order): the first positions represent the con-
cepts which are the most related. This increases the amount of data
while keeping it as near to the training distribution as possible, al-
lowing to generate realistic augmented samples that maintain the
consistency of the context provided by the sentence;

e Minimum (ascending order): by considering the least similar enti-
ties first, we can include samples that lie as far as possible from the
knowledge boundary, allowing to recognize and correctly classify ex-
treme cases.

6.2.4 Augmented set generation

All the sentences with at least one mention are taken into account
to create the augmented set. A similarity value s,, to each sentence is
assigned, computed as the average of the entity similarity scores z;; of the
new entities within the phrase.

Two strategies have been defined:

e Local Augmentation: for each sentence, we generate k new samples.
The advantage of this approach is that it takes every training sen-
tence into consideration to generate the augmented set.

e Global Augmentation: for each sentence, k new samples are generated
just like the previous strategy. Then all the new generated sentences
are ranked in a single list by their similarity value s,, and select the
first h elements. By doing so, there is a higher focus on samples that
are closer to the initial training distribution.

In Figure 6.3 the differences between the two strategies are highlighted.
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Figure 6.3. COSINER Augmentation strategies. The initial steps of the
local and global strategies are shared. First of all, k& augmented sentences for
each phrase with at least one mention are generated starting from similarity
lists and the training set via Mention Replacement (MR), then the sentence
similarity value s,, is calculated and assigned to each augmented example. For
the local strategy all the augmented examples are used in the new training set.
For the global strategy, a new list is created with all the examples ordered by
their s,, and the first h sentences are selected for the augmented training set.

6.2.5 NER model training

The IOB2 scheme [197] is used for NER token-classification task, each
token being thus associated to the B (beginning of an entity mention), I (in-
side) or O (outside) label. The original training dataset and the augmented
samples are fed to a Transformer network backbone, [52, 24|, an encoder-
decoder structure that leverages stacked self-attention, point-wise and fully
connected layers to extract the contextualized representation of each token
xj in an input sample x, z = fy,.,,,(z;), Oprar being the set of PLM param-
eters. Thanks to the auto-regression, the representation of the token x; will
be used as an additional input for the following token, in the BERT based
architectures this relation is bidirectional, thus a token x; will retrieve its
context from both left and right. Thereafter, a linear layer (a.k.a. classifi-
cation head) with parameters 7, = {W, b} projects the Transformer-based
representation z into the label space, fp, (z) = Softmax(Wz + b). The
model parameters are then optimized by minimizing cross-entropy.
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6.2.6 Computational cost

Excluding lexicon generation and embeddings extraction from a formal
analysis of computational times is justified as these tasks can be conducted
off-line. Given:

e n represents the number of entities in the entity lexicon

e m denotes the fixed size of the embeddings extracted from these
entities

It becomes necessary to compute the cosine similarity n? times for de-
termining all the similarities among every entity pair. This results in a
computational complexity of O(mn?) for calculating pair-wise cosine sim-
ilarities across n embedding vectors of size m. The time required to gen-
erate new examples is minimal. Even with the quadratic complexity, the
influence on processing duration remains slight due to the constraints of
few-shot scenarios and a restricted quantity of examples, ensuring the pro-
cedure remains manageable and viable.

6.3 Experiments

In this section, the effectiveness and efficiency of the proposed method
are assessed on three benchmark datasets from the biomedical field. Re-
sults indicate that the method outperforms selected benchmarks from ex-
isting literature in several datasets and few-shot scenarios. Additionally,
the computing times are on par with simpler augmentation techniques and
more favorable compared to complex approaches.

6.3.1 Experimental setup

Datasets and few-shot scenarios

"The method is trained and evaluated on three benchmark datasets
sourced from biomedical articles. Details are as follows:

e NCBI-Disease[56]: consists of 793 PubMed abstracts, including 6,881
disease entity mentions;
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e BC5CDR|[132] consists of 1,500 PubMed articles, including 15,935
chemical and 12,852 disease mentions. We consider only chemical
mentions in our experiments to add variety to entities since diseases
have already been used in NCBI. Therefore our approach has been
developed to be applied only to one entity type.

e BC2GM|225] consists of 20,000 sentences from PubMed abstracts,
including 20,702 gene entities.

Three few-shot scenarios are defined based on the percentage of samples
from the available corpora used for method application: 2%, 5%, and 10%.
All experimental results are reported within these three few-shot contexts.
Dataset statistics and details of these scenarios can be found in Table 6.2.

To assess the performance of the style NER baseline, supplementary
datasets with equivalent training set sizes to the benchmark datasets were
employed:

e BC5CDR (Disease)[132]: we used the same BC5CDR corpus that is
our target, but taking into account only disease mentions;

e CHEMDNERJ115]: consists in a collection of 10,000 PubMed ab-
stracts, including 84,355 chemical entity mentions;

e JNLPBAJ[39]: contains 2,000 abstracts from the GENIA corpus 3.02
with a taxonomy of 48 classes. We have considered only the genes
mentions.

The experiments were carried out using a Kaggle notebook that pro-
vides a NVIDIA Tesla P100 GPU with 16 GB of memory and a 2-core
Intel Xeon CPU with 13 GB of RAM in the configuration used.

Training details

Building on prior research in few-shot learning [209], it is assumed
that the operating scenarios do not have data available for hyperparame-
ter tuning. Consequently, hyperparameters are selected based on historical
findings and pragmatic considerations. In particular, a pre-trained biomed-
ical Transformer network [124] is utilized. All models and the elementary
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Table 6.2. Statistics of the benchmark datasets used in our experiments.

Dataset splits Few-shot size
Dataset Entity type Train Dev Test 2% 5% 10%
NCBI-disease  Disease 5425 924 941 108 271 542
BC5CDR Chemical 4561 4582 4798 91 228 456
BC2GM Gene 12575 2520 5039 251 628 1257

baselines are trained for 5 epochs with a learning rate of 5- 1075, an
AdamW optimizer [154|, a batch size of 8, and a maximum sequence
length of 512. For the MELM approach, a pre-trained RoBERTa model is
employed as MLM to predict masked sentences. The style  NER approach
utilizes a pre-trained BERT model as the foundational architecture, which
is then trained for 5 epochs on source datasets. For both these strategies,
a BERT model with the aforementioned parameters is trained on a new
augmented dataset for 20 epochs. Each model undergoes training with five
distinct seeds, and average outcomes along with 95% confidence intervals
are documented. The efficacy of the methods is assessed via F'1 scores,
determined using the seqevall Python framework.

6.3.2 Results
Comparison with baselines

Comparative results with notable baselines from the literature [46] are
presented below. The benchmarks described are as follows:

For the 5 executions on NCBI-Disease in the 2% scenario using the
optimal BERT:

e No Augmentation: This records outcomes achieved with the founda-
tional training set, assessed using a pre-trained BERT model.

e No Augmentation (BioBERT): Outcomes from the foundational train-
ing set, evaluated using a specialized pre-trained BERT model for the
biomedical domain, are reported here.

https://github. com/chakki-works/seqeval
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Table 6.3. Dataset used to transfer knowledge from a source domain to our
target domain

Source Dataset Target Dataset
BC5CDR (Disease) NCBI-disease
CHEMDNER BC5CDR
JNLPBA BC2GM

e Mention replacement (MR): A method where a random mention from
the foundational training set of the same entity type is selected for
each mention in an instance.

e Label-wise token replacement (LwTR): In this method, for each word
in a sentence, a decision is made randomly on its replacement with
any other word from the dataset possessing the same label.

e Synonym replacement (SR): In this approach, each word in a sentence
is subject to a binomial distribution decision regarding its replace-
ment with a WordNet [163] synonym.

e Masked Entity Language Modeling (MELM): Here, a RoBERTa pre-
trained model is used as an MLM to forecast masks within the train-
ing dataset. Subsequently, a BERT model is trained on the aug-
mented dataset derived.

e Cross-Domain Named Entity Recognition (style NER): Knowledge is
transferred from a source domain to a target domain for this bench-
mark. Supplementary data is necessary, and an appropriate dataset
with congruent entity types for each target dataset is selected, as
detailed in Table 6.3. The results are gauged using a BERT model.

Examples of generated samples per baseline are shown in Table 6.1. For
each baseline, we generated one augmented sample per sentence (whenever
possible), thus resulting in training datasets at most twice as large as the
original.

Table 6.4 compares precision, recall and F1 scores of the different base-
lines with our method. Results indicate that COSINER, thanks to its
effective use of context-based similarities, surpasses baselines in most of
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the scenarios and datasets. While it always guarantees the highest perfor-
mance in terms of recall scores, meaning that the system is able to find
more entity mentions that are present in the corpus, COSINER performs
worse than SR in some scenarios in terms of precision, indicating that the
augmentation process generates a higher number of false positives. Recall
is crucial in biomedical named entity recognition NER because missing
even a single entity can have significant consequences. For example, imag-
ine a physician is using an electronic health record (EHR) system to review
a patient’s medical history to make a diagnosis. The EHR system relies
on NER to identify relevant entities in the patient’s medical records, such
as their medical conditions, medications, and allergies. If the NER system
misses a single entity, such as a patient’s allergy to penicillin, this could
lead to a prescription of a penicillin-based medication, which could result
in a life-threatening allergic reaction. Therefore, it is critical for the NER
system to have high recall to ensure that all relevant entities are identified.

The high scores of the SR baseline prove the importance of generating
plausible augmented samples when transforming input sentences. Random
replacements of MR and LwTR baselines result in too many noisy samples
which, in some cases, may even decrease the performance obtained with-
out applying any augmentation method, similarly MELM and style NER
surpass the BERT baseline without augmentation, but fail to overcome
the use of a simple BioBERT model.

Effects of increasing the augmented set size

When generating an augmented dataset, the number of augmented
samples is generally an important parameter to consider. Hence, the pro-
posed method has been experimented with three different budgets for the
augmented set: small (100 samples), medium (300 samples) and large (500
samples).

Figure 6.4 shows the results obtained on the three benchmark datasets.
As expected, since — thanks to the similarity-based approach — the most
informative examples are in the first ranked positions, there is no big dif-
ference in using higher budgets.
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Figure 6.4. Comparative results between the small, medium and large budget
of local augmentation strategy with maximum similarity technique




Table 6.4. Comparative results between the local augmentation strategy with maximum similarity technique
and baselines.

Dataset size Method NCBI-Disease BC5CDR BC2GM
F1 Precision Recall F1 Precision Recall F1 Precision Recall

No augmentation 0.430 +0.193 0.403 +0.169 0.461 +0.225 0.628 +0.179 0.625 +0.185 0.634 +0.215 0.510 +o0.036 0.448 +o0.015 0.592 +0.082
No augmentation (BioBERT) 0.651 +o0.122  0.619 o100  0.688 +o.162 | 0.792 0.067  0.799 z0.0s8  0.786 +0.110 | 0.644 +0.031 0.600 +0.057  0.695 +0.022
MR 0.666 +0.0sa  0.626 +0.1 0.710 +0.067 | 0.813 +0.032  0.806 +o0.06 0.822 +o0.071 0.640 +o0.02 0.593 +0.062  0.696 +0.049

2% LwTR 0.677 o0.101 0.637 +o.125 0.723 +o.08 0.828 +0.019  0.808 +0.052 0.850 +0.075 0.642 +0.037 0.591 +0.059  0.704 +o.019
SR 0.692 +0.103  0.649 +o0.132  0.742 +o.08¢ | 0.813 x0.032  0.811 0.085  0.835 +o.064 | 0.662 £0.033  0.619 +0.058  0.710 +o0.020
MELM 0.578 +0.038  0.545 0.0a6  0.615 +o0.041 0.754 x0.019  0.719 xo.0a7  0.795 +0.036 | 0.566 +0.011  0.504 x0.006  0.647 +o0.027
style_ NER 0.581 +0.061  0.537 +0.076  0.636 +o.067 | 0.752 +0.018  0.713 £0.041  0.796 +o.016 | 0.581 +0.003  0.540 +0.018  0.631 +o0.025
COSINER (ours) 0.692 +o.0s1  0.640 +0.076  0.764 +0.11 0.832 +0.022 0.814 +0.08  0.853 +o.066 | 0.665 +0.03s 0.614 x0.065  0.724 +0.025
No augmentation 0.621 +0.055 0.572 +0.088 0.68 +0.054 0.757 +0.039 0.73 +0.062 0.788 +o.121 0.612 +0.022 0.563 +0.03 0.671 +o0.077
No augmentation (BioBERT)  0.735 +0.041 0.706 +0.051 0.767 +0.062 0.850 +0.02 0.836 +0.01 0.865 +0.048 0.711 +o0.012 0.680 +0.028  0.744 +o.019
MR 0.743 0.04s  0.712 £0.045  0.776 +0.059 | 0.849 +0.021  0.834 +0.03 0.865 +0.026 | 0.713 +0.006  0.675 +0.02 0.755 £0.024

5% LwTR 0.743 +o0.072 0.710 +o0.066 0.780 -+0.086 0.860 +0.039 0.846 +o0.017 0.876 +0.067 0.699 +o.012 0.660 +0.024  0.742 +0.029
SR 0.758 +0.044  0.719 £0.049  0.800 +0.049 | 0.858 +o0.03 0.841 +0.033  0.875 £o0.067 | 0.719 x0.011  0.684 0.023  0.758 +o0.019
MELM 0.678 +0.034  0.647 +0.037  0.713 +0.035 | 0.800 +0.020  0.769 +0.043  0.835 +0.030 | 0.629 +0.010  0.587 z0.010  0.677 +o0.021
style_ NER 0.687 +0.040  0.662 +0.03s  0.714 +o.042 | 0.805 +0.015  0.793 0.020  0.818 +0.020 | 0.640 +0.005  0.594 +0.018  0.695 +o0.017
COSINER (ours) 0.765 +0.035 0.733 +0.039  0.810 +0.057 | 0.863 +0.042 0.839 +0.04 0.892 +o0.058 | 0.726 +0.022 0.692 +0.013 0.767 =0.03
No augmentation 0.712 0.056 ~ 0.670 £0.065  0.76 +0.046 0.804 +0.032  0.781 +0.046  0.829 +0.05¢4 | 0.669 +0.019  0.626 £0.026  0.720 0.045
No augmentation (BioBERT)  0.791 +0.028  0.760 0.024 0.825 +0.036 0.875 +0.013  0.858 +o.02 0.892 +o.028 0.759 +0.017 0.734 +0.019  0.786 +o.016
MR 0.794 x0.018  0.761 £0.025  0.831 +0.019 | 0.874 +0.03¢  0.859 +0.038  0.889 +0.04 0.754 o0.01 0.724 x0.013  0.787 +0.032

10% LwTR 0.789 +0.023  0.756 +0.031 0.825 +0.036 0.882 +o0.017 0.870 +o0.021  0.893 +0.022 0.741 +o0.012 0.712 +0.023  0.772 +0.025
SR 0.803 +0.033  0.776 +0.033  0.832 +0.053 | 0.883 +0.018 0.862 £0.016  0.904 +0.021 | 0.763 £0.012  0.738 +0.019  0.788 +o0.02
MELM 0.740 0.017  0.712 £0.019  0.770 £0.016 | 0.841 x0.010  0.824 0.013  0.858 +0.019 | 0.685 £0.006  0.647 z0.008  0.728 +o0.010
style_ NER 0.745 x0.014  0.738 +0.018  0.752 +0.014 | 0.838 +0.012  0.829 x0.025  0.847 +0.021 0.694 +0.004  0.660 +0.009  0.732 xo0.010
COSINER (ours) 0.816 +0.066 0.780 +0.014 0.856 +0.06s | 0.882 +0.007  0.861 z0.022  0.914 +o.02 | 0.767 +0.023 0.738 +0.026 0.798 =0.015
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Table 6.5. Comparative results between COSINER techniques with their
best budget.

Dataset size Similarity Strategy = NCBI Disease BC5CDR BC2GM
Maximum Global 0.688 4+ 0.077 0.83 £+ 0.023 0.658 4 0.036
2% Minimum Global 0.683 £ 0.086 0.823 £ 0.032 0.652 £ 0.027
0 Maximum Local 0.689 + 0.088 0.832 +£0.022 0.665 +0.038
Minimum Local 0.692 +0.081 0.824 £ 0.015 0.659 £ 0.049
Maximum Global 0.765 +0.035 0.858 £ 0.023 0.717 £ 0.007
5% Minimum Global 0.756 £ 0.028 0.853 £ 0.029 0.713 £ 0.009
¢ Maximum Local 0.76 + 0.031 0.863 +0.042 0.726 +£0.022
Minimum Local 0.764 4 0.041 0.86 £ 0.031 0.714 £ 0.007
Maximum Global 0.807 = 0.038 0.88 +0.018 0.76 £+ 0.02
10% Minimum Global 0.807 4 0.029 0.873 £ 0.016 0.761 £+ 0.012
? Maximum Local 0.816 +0.066 0.882 +0.007 0.767 +£0.023
Minimum Local 0.807 4 0.038 0.876 £ 0.016 0.76 & 0.009

Effects of parameters for similarity computation and augmented
set generation

Table 6.5 shows results obtained with different configurations of param-
eters for similarity computation (Maximum vs Minimum) and augmented
set generation (Local vs Global) discussed in Section 6.2. As expected, the
use of Maximum similarity computation leads to higher performance, since
augmented samples are plausible and thus nearer to the test distribution.
However, the high results obtained with the Minimum configuration show
that sometimes it may be beneficial to consider "distant" entities to ex-
pand the scope of action of the NER model, especially in strongly limited
few-shot settings. With regards to the augmentated set generation, Local
criterion is generally better thanks to the augmentation of all the sentences
in the original dataset.

Efficiency of data augmentation

The execution time required for data augmentation was compared
across different baselines and budgets. Results in Table 6.6 indicate that
COSINER not only surpasses baselines in terms of NER performance in
limited scenarios (2%, 5%), but its computing times are also on par with
simpler augmentation methods and better than more complex ones. It
should be noted that the execution time is considerably influenced by the
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Legend: [l Negative [ Neutral & Positive

True Predicted Attribution  Attribution Word Importance
Label Label Label Score P
[CLS] In many parts of the world the Mediterranean type of G ##6 ##PD deficiency is
1 1(1.00) G 1.32
prevalent . [SEP]
[CLS] In many parts of the world the Mediterranean type of G ##6 ##PD deficiency is
2 2(1.00) ##6 1.42
prevalent . [SEP]
[CLS] In many parts of the world the Mediterranean type of G ##6 ##PD deficiency is
2 2 (1.00) ##PD 1.28
prevalent . [SEP]
. [CLS] In many parts of the world the Mediterranean type of G ##6 ##PD deficiency is
2 2(1.00) deficiency 1.07
prevalent . [SEP]
[CLS] In many parts of the world the Mediterranean type of C ##2 deficiency is
1 1(1.00) [+ 0.95
prevalent . [SEP]
[CLS] In many parts of the world the Mediterranean type of C ##2 deficiency is
2 2 (1.00) ##2 0.97
prevalent . [SEP]
L. [CLS] In many parts of the world the Mediterranean type of C ##2 deficiency is
2 2(1.00) deficiency 0.93

prevalent . [SEP]

Figure 6.5. Example of XAI tokens analyzed with IG method. In the first
column is shown the ground truth, while in the second the predicted label for
each token. The third indicates the token that has been examined following
a tokenization phase carried out by the model, and the fourth displays the
attribution score. The outcome of the IG algorithm applied to the sentence
for that particular token is shown in the last column.

size of the training corpus, attributed to the larger entity Lexicon and
increased number of pairwise similarities to compute. Additionally, the
execution time for generating Lexicon and embeddings was not considered
as these are one-time operations that can be executed off-line.

Interpretability of the model on augmented samples

In order to gain insights into the approach, explanations were derived
for a sentence from the NCBI-Disease dataset using the Integrated Gradi-
ents (IG) method [235] on a model trained with 2% of available data. The
sentence "In many parts of the world the Mediterranean type of G6PD
deficiency is prevalent" was evaluated, highlighting the entity "G6PD de-
ficiency" and its modified version where the term was replaced with "C2
deficiency." As depicted in Figure 6.5, tokens contributing to the outcome
have comparable influence (tokens with positive impact are underlined in
green, and those with negative impact in red). The similarity in attri-
bution scores between the two sentences indicates the robustness of the




Table 6.6. Run times (s) for data augmentation with 95% confidence intervals. Comparison with baselines and

budgets.

Dataset size Method NCBI Disease BC5CDR BC2GM

MR 0.123 +o0.020 0.117 +o0.044 0.233 +0.040
LwTR 0.149 +o.067 0.141 +o.066 0.288 +o0.171
SR 3.271 +o.670 3.322 +0.293 4.374 +0.643

2% MELM 231.4 +21.355 608.8 +18.151 468.2 +29.597
style NER 420.2 +5.916 2199.6 +24.765 1096.6 +14.760
COSINER (small) 0.389 +o0.218 0.445 +o0.192 2.859 +0.975
COSINER (medium) 0.44 +0.472 0.428 +o.272 2.975 +1.354
COSINER (big) 0.529 +0.491 0.586 +0.202 3.415 +1.765
MR 0.212 +o.065 0.198 +o0.091 0.436 +0.204
LwTR 0.287 +o0.171 0.264 +o.111 0.656 +o0.251
SR 3.703 +1.493 4.016 +0.893 4.494 +1.137

5% MELM 298.4 +4.613 657.2 +8.485 600.8 +17.192
style NER 499.2 +11.304 2327.4 +32.540 1338 +9.292
COSINER (small) 1.541 +1.002 1.578 +o.936 15.555 +5.233
COSINER (medium) 1.678 +o0.811 1.601 +1.134 17.257 +7.973
COSINER (big) 1.705 +o0.628 1.717 +o0.496 16.711 +9.581
MR 0.329 +o0.139 0.342 +o0.054 0.846 +0.316
LwTR 0.591 +o.264 0.502 +o0.145 1.206 +o0.528
SR 4.238 +1.362 4.233 +1.174 6.069 +2.463

10% MELM 407.2 +17.458 759.2 +37.747 874.6 +22.291
style NER 639.4 +15.172 4346.2 +88.666 1854.4 +30.320

COSINER (small)
COSINER (medium)
COSINER (big)

4.286 +1.305
4.689 +1.601
4.864 +0.916

4.367 +1.087
4.553 +1.276
4.961 +1.841

60.416 +19.012
60.508 +31.661
62.386 +22.487
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example, suggesting potential model improvements from such inputs.

6.4 Conclusion & Future Work

In this chapter, a context similarity-based methodology was applied to
generate plausible augmented data, aiming to enhance the performance
of NER tasks. This method mitigates the challenges posed by noisy and
mislabeled data that frequently arise with existing techniques.

Experiments conducted in the medical domain (a crucial context for
data augmentation) demonstrated the efficacy of this methodology, out-
pacing several leading baselines while maintaining comparable execution
times.

Future directions may explore the integration of this approach with
techniques beyond Mention Replacement. Additional tests will be under-
taken across varied application contexts and with diverse entity types.







Chapter

Learning how to augment data

Although the first attempts of NER data augmentation have shown
promising results, the proposed methods of data manipulation may fre-
quently generate a considerable amount of mislabeled and noisy samples,
as the new data may not be syntactically and/or semantically accurate.
For example, if we manipulate the sentence " Hypotension is a term that
indicates low blood pressure" so as to replace the entity mention hypoten-
ston with another disorder (e.g. dyspnea, hypertension), the resulting aug-
mented sample may be inaccurate and thus mislead the model in effectively
identifying mentions.

In the presented chapter, the challenge of selecting highly informative
samples from an augmented pool is tackled. Taking cues from policy-based
active learning [58], a fixed heuristic is eschewed in favor of permitting the
outlined framework to learn active data selection. This is achieved by fram-
ing the selection task as a reinforcement learning challenge. Specifically,
for each instance within the augmented pool, a decision is to be made by
an agent regarding its selection, grounded on the sample’s attributes and
model outcomes. The selection strategy is honed through the employment
of a deep Q-network [169].

The method is experimented by simulating few-shot scenarios in BioNER
applications, namely utilizing only k samples as the training data, with
k € {10,50,100}. Under such configurations, the framework demonstrates
its capability to prioritize the selection of the most informative augmented
samples, exhibiting encouraging results as evidenced by the comparison

89
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with the selected baselines. This approach introduces a novel avenue for
investigating the potential of data augmentation in enhancing the per-
formance of NER models amidst limited training data availability. The
findings suggest a significant scope for improvement, given that the data
augmentation technique deployed for generating the augmented pool could
be substituted with more sophisticated and effective methods.

The remainder of this chapter is organized as follows: Section 7.1 sum-
marizes the literature on NER data augmentation. Section 7.2 presents
the augmentation framework, and Section 7.3 reports the experimental re-
sults. The chapter concludes in Section 7.4. The material in this chapter
is based on the article " Learning How To Augment Data: An Application
To Biomedical NER" [173], presented at the 6th International Workshop
on Knowledge Discovery from Healthcare Data, co-located with the 32nd
International Joint Conference on Artificial Intelligence (IJCAI 2023).

7.1 Related Work

Data augmentation aims to increase the amount of available training
data by means of data manipulations, heuristics or external data sources.
Dai and Adel [45] investigate the improvements in performance obtained
by augmenting NER data with simple data manipulations, such as token
replacements, mention replacements, and shuffling. However, these ap-
proaches may generate too many noisy samples which may in turn hinder
the ability of the model to be effectively trained. Bartolini et al. [16]
address this challenge by replacing entity mentions with the most similar
entities retrieved by computing context-base similarity. Zeng et al. [280]
address the poor generalization ability of few-shot systems to spurious cor-
relations between an entity mention and its context by generating coun-
terfactual examples. Chen et al. [34] leverage an external high-resource
corpus to learn how to imitate language patterns (e.g. style, noise, abbre-
viations). All these works do not evaluate the impact of the noise produced
by their proposed augmentation approach over models’ performance.

The approach for selecting less noisy samples from an augmented pool
is grounded in policy-based active learning [58]. Active learning (AL) is
a recognized method for selecting highly informative unlabeled data for
annotation, which in turn aids in training an optimized classifier, thereby
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enhancing the efficiency of human efforts. The strategies employed in AL
are heuristic-based: for instance, uncertainty sampling [125, 243| operates
by selecting data contingent on the uncertainty reflected in the model’s
outputs, while Seung et al. [218] opt for data based on the disagreement
within a committee. In a different vein, Fang et al. [58] reconceptualize AL
as a reinforcement learning challenge, wherein an intelligent agent employs
a deep Q-network [169] to autonomously learn a selection strategy. In this
endeavor, an intelligent agent autonomously acquires a policy for identify-
ing the most beneficial samples from an augmented dataset, to enhance the
overall model performance. Consequently, the agent is capable of selecting
samples with a lower likelihood of misleading the model, eliminating the
necessity for human input or guidance.

7.2 Methodology

The methodological workflow of the proposed framework is illustrated
in Figure 7.1. In this section, we will first provide a formalization of
the few-shot BioNER problem, and then describe each module in-depth,
from the generation of a concepts vocabulary to the reinforcement learning
cycles.

7.2.1 Problem formulation

The input of a NER system is a sentence s, which can be represented
as a sequence of tokens s = [t1,ta,...,txy]. NER outputs a list of tuples
[Is, I, t] representing named entities mentioned in s. Here, I € [1, N] and
I, € [1, N] are the indexes of start and end characters of the named entity
mention, while ¢ is the entity type [136].

In practice, this task is usually accomplished by producing a paired
sequence of categorical values y = [y1, 92, . .., yn] as the output of the NER
model, where y; € # indicates the entity type of the i-th token. Hence, a
NER dataset is defined as a collection of pairwise data 2 = {(s;,y:)} X,
K being the number of examples.

For the purposes of this work, the IOB scheme will be used to identify
entity mentions. Under this scheme, each input token is mapped to the
beginning (B), inside (I) or outside (O) of an entity mention. Furthermore,




92

CHAPTER 7. LEARNING HOW TO AUGMENT DATA

Vocabulary

hypertensive disorder

Aranan Augmented Reinforcement Learning
cancer pool

' ' States Actions
5 Y | m e :
‘[ | ommmE X L0

s GMemtion | PR o - -
Replacement | ' : :
Training : : ! : : : : .
data E D : - % E D

A

el ){ NER model <

Figure 7.1. Methodological workflow for the augmentation of BioNER
datasets. First, we collect the entity mentions occurring in training data, thus
building a concepts vocabulary, which is then used to generate an augmented
pool of data samples with a simple data augmentation technique named men-
tion replacement. A deep Q-learning based approach iteratively assigns a state
to each sample in the augmented pool and decides whether to select it or not
to re-train the NER model according to a policy that is updated at each cycle
based on a reward that measures the extent to which the addition of the new
samples improves the quality of the model.

we will consider inputs from biomedical domains, where the NER task is
known as Biomedical NER (BioNER). Due to the data scarcity that usually
affects such domains, the system will be tested in few-shot settings, i.e. the
number of training instances K is small (e.g. K € {10, 50,100} ).

7.2.2 Generation of a vocabulary of concepts

Based on the available training data, all entity mentions are extracted,
thus building a vocabulary of concepts. In this work, the framework is
tested by relying solely on the input training data, but this module can be
easily extended to include concepts from biomedical ontologies or guided
by domain experts. For example, physicians usually possess knowledge
regarding the representation of medical concepts in clinical notes; hence, if
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Input

Output

If untreated, hemochromatosis
can cause serious illness and early
death, but the disease is still sub-
stantially under-diagnosed.

If untreated, mononucleosis can
cause serious illness and early
death, but the disease is still sub-
stantially under-diagnosed.

When expressed in Escherichia
coli, SH-PTP2 displays tyrosine-
specific phosphatase activity

When expressed in Escherichia
coli, PTPN6 displays tyrosine-
specific phosphatase activity

Table 7.1. Examples of data augmentation via mention replacement. Here,
entity mentions are reported in bold.

interested in recognizing mentions of a particular concept, a set of aliases
can be provided to effectively augment the original training set.

7.2.3 Data augmentation via mention replacement

In each sentence of the training set, the determination of whether a
mention should be replaced is made using a binomial distribution. If the
outcome is affirmative, a replacement mention is selected from the con-
cepts vocabulary. Subsequently, the corresponding IOB-label sequence is
modified as needed. Examples of mention replacement are provided in Ta-
ble 7.1.

The reason behind the choice of this augmentation technique lies in the
high number of noisy samples it may generate, given the random nature
of the mention replacement. This allows us effectively test the ability of
our framework to discard samples that may mislead the model. However,
the performance of the framework can be further improved with more
sophisticated augmentation methods, e.g. based on context similarity [16]
or learning patterns from cross-domain data [34].

7.2.4 Reinforcement learning cycles

We learn how to select data from the augmented pool with a module
based on reinforcement learning. Our method is built upon the foundations
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of Policy-based Active Learning [58|, which has been previously demon-
strated to be capable of automatically learning an active learning strategy
from data by formulating the active learning as a reinforcement learning
problem where the state corresponds to the unlabeled data selected for
labeling, and their label, and the action is the selection heuristic. Specif-
ically, we adapt the method not to work with unlabeled data and human
oracles, but with the augmented pool generated in the previous step, and
to learn the best strategy to select the samples that may mostly benefit the
performance of the NER model. Furthermore, while Fang et al. [58] make
a streaming assumption, i.e. unlabelled data arrive one by one and the
agent decides the action to take, we assume batch-based learning where
the augmented pool is entirely available and the reward is computed on
the set of actions that the agent has decided to take on the whole dataset
in the ¢-th cycle.

In the remainder of this section, an in-depth details on the components
of the reinforcement learning process is provided.

States

The representation of the state of each sentence s in the augmented pool
at time 7 is determined by considering both an embedded representation of
its content and the outputs of the NER model ©; trained over the selected
data at time ¢. Specifically, the state sj is defined as the concatenation
of the three representations described as follows: content, marginals, and
confidence. The set of states at time 7 is denoted by ..

Content Adopting the approach delineated by Kim [105], each of the
N tokens t; in a given sentence is initially encoded, resulting in a matrix
X = {x1,%2,...,Xn}. Subsequently, a convolutional neural network is
applied, encompassing a series of filters executing linear transformations
followed by ReLLU activation functions. The terminal layer of the network
undertakes a max-pooling operation, furnishing the representation of the
sentence content he.

Marginals Let pg,(y|s) indicate the prediction outputs of the NER
model given the input sentence s. Another convolutional neural network
is used to represent the predictive marginals, i.e. the probability distri-
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butions associated to all the tokens in s. Following Fang et al. [58], the
convolutional layer contains j filters activated with ReLLU applied with a
window width of 3 and height equal to the number of classes (3 in our
case, i.e. I, O and B). Padding is used to endure a wide convolution,
and mean pooling is used to allow the network to effectively capture the
average uncertainty in each window. The final hidden layer outputs the
representation of predictive marginals h,,.

Confidence In accordance with Fang et al. [58|, the confidence is rep-
resented by calculating the probability of the most probable sequence of

labels as per the model, expressed as C' = {/maxype,(y|s), where n de-
notes the length of the sentence s.

Actions

Given the state of each input sample, an agent has to decide whether
to select it or not to re-train the NER model. Thus, for each sentence s
in the augmented pool, the agent selects either to use it (ay = 1) or not
(ar, = 0). We denote the set of actions made at time ¢ with 7.

Reward

The reward provides a feedback on the quality of the decisions made by
the agent. At each step i, the reward is defined as the change in held-out
performance:

RHi(Fi-1, ;) = Performance(0;) — Performance(0;_1), (7.1)

where Performance(+) is a measure of the model’s quality. In the conducted
work, the F1 score is computed for the purpose of determining rewards.
It is noteworthy that the value of %; may be negative, indicating that the
actions executed by the agent potentially exert a detrimental impact on
the performance.
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Deep Q-Network

A deep Q-learning [169] approach is adopted where the utility of choos-
ing the action aj, from state sj is evaluated by the Q function 27 (s, ay)
according to the policy w. The Q-function is iteratively updated by the
agent by considering the rewards obtained in each episode.

The deep Q-network (DQN) consists in a single hidden layer which
takes the state vector of a single instance s; = [he, hy,, C] as input and
uses a ReLU activation function to output two scalar values 2(sy,a)
associated to the two possible actions ay € {0,1}.

The training objective is to minimize the difference between the esti-
mated 2-value and the true 2-value for a given state-action pair. This is
typically done by using a variant of the Q-learning algorithm known as the
Bellman equation, which recursively defines the 2-value for a state-action
pair as the immediate reward plus the discounted future 2-value for the
next state-action pair. Mathematically, this can be expressed as:

Q(Si, ai) = E[Ti +7- maxa, 4 Q(Si-l-l? ai-‘rl)]? (7'2)

where 2(s,a) is the Z-value for state s and action a, v € [0,1] is the
discount factor, and maxgy, , Q(Sit1,a:41) is the maximum 2-value over
all possible actions in the next state.

The goal of the Q-learning algorithm is to update the Q-network weights
f to minimize the mean squared error between the estimated 2-value
2(s,a;0) and the target 2-value y:

L(0) = E[(yi(rs, siv1) — 2(si, ai;0))°], (7.3)

where y;(r;, s;41) = r; + 7 - maxq,,, Q(Sit1,ai41;0;-1) is the target 2-
value based on the current parameters 6;_1, and results are averaged over
a minibatch of samples. Learning updates are based on stochastic gradient
descent.

7.3 Experiments

In this section, a comprehensive elucidation of the experiments con-
ducted to evaluate the system’s performance is presented. Initially, the
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experimental setup is delineated in Section 7.3.1, followed by a discourse
on the experimental outcomes in Section 7.3.2.

7.3.1 Experimental setup
Datasets

The methodology is assessed on three widely recognized benchmark
datasets from the biomedical domain, described as follows:

e NCBI-Disease |54]: 793 abstracts from PubMed, annotated with
disorders entity mentions.

e BC2GM [226]: over 20,000 abstracts from PubMed annotated with
gene mentions.

e BC5CDR [134]: over 1,500 abstracts from PubMed annotated with
diseases and chemicals. For simplicity, we consider only chemical
entity mentions in our experiments.

For each dataset, the original training, validation and test sets provided
with their original release have been considered.

Few-shot simulations In order to emulate data scarcity conditions,
a random sample of k sentences is taken from the training set, where
k € {10,50,100}. Given the potential variability in performance due to
different training sample selections, each experiment is conducted 5 times
and results are reported as an average.

Training details

Given the data-limited aspect of the work, it is assumed that data for
tuning hyper-parameters is unavailable. Despite this, models are tested
on the entire test set. Hyperparameters are selected based on prior work
and practical considerations. Particularly, a pre-trained biomedical Trans-
former network [124] is utilized, and all models are trained for 3 epochs
with a learning rate of 2-107%, utilizing an AdamW optimizer, a batch
size of 5, and a maximum sequence length of 256. The reinforcement
learning framework is executed for 5 episodes. Model quality is assessed
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based on the precision, recall, and F1 scores acquired with the seqevall
Python library.

Hardware configuration

All experiments were conducted on the platform Google Colab, using
the Free tier plan, which provides a virtual machine with an NVIDIA T4
GPU with 16GB of RAM, an Intel® Xeon® processor with a frequency
of 2.3GHz and 10 cores (but only one used by the VM instance), 12 GB
of available memory and 78.19 GB of free disk. Due to the limits imposed
by Colab’s free plan, we were unable to pursue further improvements on
the obtained results. Specifically, we could only run a maximum of 5
PAL episodes per experiment. Although this was sufficient to achieve the
intended goals, conducting a greater number of episodes could have allowed
for a more refined selection policy for the augmented instances, potentially
leading to improved model performances.

Baselines

The proposed method has been compared with the two baselines for
the selection of samples from the augmented pool described as follows:

e Random: a random set of instances is sampled from the augmented
pool.

e Uncertainty: uncertainty-based active learning [125] is leveraged as
an heuristic-based framework for the selection of samples, i.e. we
rank augmented samples according to the uncertainty of the model
in its predictions. Since model predictions are mapped to each token
in the sentence, we aggregate them to obtain a single ranking value.

For each method, the initial model is always pre-trained with the avail-
able training data in the simulated few-shot scenario. Subsequently, the
performance of that model is assessed when fine-tuned with the selected
samples.

"https://github.com/chakki-works/seqeval
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7.3.2 Results

The results in Table 7.2 offer a comprehensive comparison of various
baselines performance across different k-shot scenarios and datasets for
BioNER tasks. It is evident that the proposed method exhibits consistent
and competitive results, notably securing top F1 scores in several instances.
This signifies the method’s capability in accurately pinpointing entity men-
tions. A notable enhancement over the random baseline is evident in the
10-shot scenario on the BC2GM dataset. Given the dataset’s emphasis on
the gene entity type, which can be expressed diversely (examples include
mStaf gene, OBP, primase, V8 protease, MT), random mention replace-
ments can introduce significant noise. As data becomes scarcer, this noise
detrimentally impacts results. Yet, the inclusion of clean training data can
mitigate this. Moreover, the presented method either surpasses or matches
the top performers in precision, indicative of a dependable selection policy
that curbs false positives.

Results indicate significant variations in standard deviations, linking
model quality to the sampling of the few-shot training set.

Figure 7.2 depicts F1 score performance trends when increasing the
amount of data selected from the augmented pool in a 50-shots context.
The method presented here consistently outperforms both random and
uncertainty-based selection techniques. Notably, the performance advan-
tage is more pronounced when fewer elements are selected. However, as the
selection quantity grows, the differences between the curves become mini-
mal. This observation aligns with the study by Fang et al. [58], suggesting
that Policy-based Active Learning is more efficient with fewer selected
elements. In each of the plots, the peak performance of the presented
method surpasses that of a model without augmented samples, denoted

by the dashed red line.

7.4 Conclusion & Future Work

The chapter introduces a new methodology for selecting pertinent sam-
ples from an enhanced pool, aiming to enhance Named Entity Recognition
(NER) model outcomes in the biomedical sector when only limited training
data is available. This method incorporates policy-based active learning




100

CHAPTER 7. LEARNING HOW TO AUGMENT DATA

Shots ‘ Dataset Method Precision Recall F1
Random 11.94+ 14.87  4.81+9.66 6.30 + 12.08
NCBI-Disease Uncertainty 20.01 +9.16 36.62 + 20.58 25.05+13.07
Ours 21.33+6.82 26.31+17.06 21.58+ 13.77
Random 7.03+9.34 0.33+0.35 1.02 + 0.45
10| googm Uncertainty 8.47 + 7.95 95.38+23.28  12.68 + 11.82
Ours 21.32+5.18 30.85+21.05 23.11+12.11
Random 79.27+13.40 49.84+2578  55.80 + 18.26
BC5CDR Uncertainty 46.91 42845  50.22 +45.76  39.14 + 35.96
Ours 6215+ 11.94 74.99+9.64 66.71 + 6.92
Random 3047 +17.32 41.52+24.53 34.82+19.75
NCBI-Disease Uncertainty 25.24 + 15.23 47.42 +27.48 32.26 + 18.37
Ours 2916+ 18.41  45.06+27.31  34.37 + 20.28
Random 26.79+13.92 4017 +23.47  31.91 + 17.58
50 | geaaM Uncertainty 2517 +7.63  49.26+27.83  31.28+ 16.75
Ours 32234241 52.70+13.35 39.68+5.90
Random 62.02+4.62  86.39+4.35 72.02+2.44
BC5CDR Uncertainty 61.89 +5.27 85.59 £ 3.64 71.69 £ 3.32
Ours 67.26+7.16 83.38+3.60  7T4.18+4.12
Random 49.74+4.01  68.44+4.09  57.45+2.26
NCBI-Disease Uncertainty 50.66 +2.84  69.37 £ 5.36 58.39 + 1.65
Ours 50254834  72.90+459 58.92+4.34
Random 37.88+3.02 62.90+3.46  47.27+3.30
100 | geogm Uncertainty 35.82+1.28  62.91+6.38  45.60 + 2.64
Ours 37.0242.8%8 62044752  46.33 +4.22
Random 67.19+435 88.65+1.47  76.36 +2.41
BC5CDR Uncertainty 60.46 +3.20  90.44+1.42 7245+ 2.72
Ours 64.53+3.48 87824454 7428+ 1.88

Table 7.2. Average results on the benchmark BioNER datasets in different
k-shot scenarios, k € {10,50,100}. For each method and score, we report the
mean u and standard deviation o obtained across 5 repetitions, in the format
=+ 0. Results with the highest mean are reported in bold.
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Figure 7.2. Performance trends as the number of selected samples increases.
The horizontal dashed red line is the performance of the original model without
augmented samples. These results have been obtained in the 50-shots scenario.

[58] to craft a policy for pinpointing the most significant enhanced samples,
which bolsters the NER model’s capacity to generalize.

Assessments of this technique in simulated few-shot settings within
BioNER tasks indicate its prowess in prioritizing the most significant en-
hanced samples. The results achieved are notable when juxtaposed with
established benchmarks. This strategy sheds light on the untapped poten-
tial of data augmentation in amplifying the performance of NER models,
especially in niches like the biomedical realm where labeled datasets are
limited and domain expertise is paramount.

It would be beneficial for upcoming studies to gauge the resilience of
this structure when applied to tangible biomedical datasets and to probe
into the impact of diverse data enhancement methods on the technique
effectiveness. While the current design of this structure utilizes a straight-
forward mention replacement method, it could be supplanted by more
intricate techniques.

Additionally, there is potential in adapting this technique for other
linguistic processing tasks outside of NER, such as the extraction of rela-
tionships and entity linkage. It would be insightful to contrast its efficacy
with that of present leading-edge techniques. An exploration into the
transparency of the deduced selection strategy could also provide a deeper
understanding of the vital features of enhanced data samples that bolster
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the NER model’s outcomes.




Chapter

Multi-task Biomedical Named
Entity Recognition with
Knowledge Distillation

Numerous industrial sectors, including healthcare, are being revolu-
tionised by the uncontrolled growth of data produced by humans and ma-
chines as well as the availability of computing resources and algorithms
able to handle and analyse it. In 2022, PubMed Central' provides open
online access to 7.8 million full-text articles. Concomitantly, efforts are
being made to collect and make available the unstructured health infor-
mation associated with hospital admissions (e.g. EHRs, laboratory tests,
medications). As a result, the field of biomedical text understanding can
profitably benefit from the current advancements in Deep Learning and
Natural Language Processing techniques.

Biomedical Named Entity Recognition (BioNER) consists in identify-
ing mentions of biomedical entities (e.g. disorders, chemical compounds,
genetic information) from unstructured text data. It is the first and essen-
tial step of many text understanding applications, such as the construction
of knowledge graphs for data representation and analysis or conversational
agents including research assistants and medical chatbots.

It is extremely difficult to develop a BioNER system that can recognise
a wide range of entity types with high precision and recall for a number of

https://www.ncbi.nlm.nih.gov/pmc/
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Table 8.1. Example of TaughtNet output for the identification of disease ,

chemical and 'gene mentions, compared to the ground truth.Sample taken
from the test set of the dataset NCBI-disease

Ground Cycloheximide facilitates the identification of aberrant transcripts re-
truth sulting from a novel splice-site mutation in COL17A1 in a patient with
generalized athrophic benign epidemolysis bullosa .

TaughtNet Cycloheximide facilitates the identification of aberrant transcripts

resulting from a novel splice-site mutation in / COL17A1 in a patient

with generalized athrophic benign epidemolysis bullosa .

reasons, including:

e Presence of synonyms, alternate spellings, polysemous words. Biomed-
ical datasets are characterized by a large number of synonyms or
alternate spellings of entities, which are often referred to with non-
standard abbreviations; polysemy is very common, i.e. the same
token could represent different entities based on its context (e.g. the
token "VHL" may refer to the Von Hippel-Lindau disease or to the
gene name which causes the disease).

e Lack of annotated data. To guarantee high quality, the labeling pro-
cess of healthcare datasets requires time, effort and domain knowl-
edge. As a result, there is a lack of publicly available training data.
Furthermore, the majority of datasets covers only one or two entity
types, making it necessary to integrate different data sources.

e Inference time and memory constraints. Being (usually) a compo-
nent of a larger pipeline architecture, the BioNER system has to be
able to promptly provide its results when required. Moreover, in
conversational agents, it may be necessary to deploy the system on
devices with a limited amount of memory.

NER systems for biological text mining were used to be primarily
dictionary- and rule-based, but they had a number of issues, including
the out-of-vocabulary problem, i.e. they struggled to deal with unseen
and /or polysemous words and had a low recall.
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As a result of the availability of an increasing number of human-labeled
datasets, BioNER, systems evolved over time by means of deep learning
techniques able to infer features from sentence contexts. These methods
were typically based on Bidirectional Long-Short Term Memory networks
with Conditional Random Fields (BiLSTM-CRF) [120, 204] and/or try-
ing to capture character-level features of words [158, 37, 74, 257|. Re-
cently, large-scale language models pre-trained on biomedical corpora and
fine-tuned over BioNER datasets [18, 124, 92, 10, 73| have shown their
remarkable potential to enhance the state-of-the-art of biomedical entity
recognition and their promising prospects for improvement as the avail-
ability of training data increases [127].

Nevertheless, the above-mentioned models usually have hundreds of
millions of parameters, and recent research demonstrates that as the train-
ing parameters are increased, performance on downstream tasks improves
[25]. The expansion of model parameters implies computational and mem-
ory limitations, which may make it more difficult to use these systems in
real-world settings.

This study seeks to harness the technological advances of Transformer
models to develop a multi-task BioNER, system capable of recognizing
multiple entity types from its inputs, addressing the data shortage in the
biomedical domain. Notably, many publicly accessible datasets in this do-
main are limited to tags for a singular entity type. The notion of creating,
training, and implementing a distinct Transformer-based BioNER model
for each dataset available is deemed impractical, primarily due to their
extensive memory needs and potential issues stemming from overlapping
predictions, such as a single mention receiving different entity type assign-
ments from multiple models. Thus, this research introduces TaughtNet, a
multi-task framework rooted in knowledge distillation, designed to refine
a singular transformer architecture for the identification of various entity
types (a sample output is illustrated in Table 8.1).

Contemporary studies by Khan et al. [101] and Yoon et al. [277]
advocate for modifications in model architecture and training processes
to achieve similar outcomes: the former integrates multiple models with
shared layers to establish a "shared knowledge" across datasets, whereas
the latter employs an ensemble of single-task models. Contrarily, Taught-
Net yields a standalone Student Transformer model proficient in discerning




CHAPTER 8. MuLTI-TASK BroMEDICAL NAMED ENTITY RECOGNITION WITH KNOWLEDGE
106 DisTILLATION

an array of entity types. Within this framework, the Teacher models are
not amalgamated into an ensemble for concurrent prediction. Instead,
they function solely to transfer their expertise to the Student during the
training phase.

Experimental results indicate that TaughtNet not only provides an ef-
ficient means of distinguishing between multiple entity types, maintain-
ing peak performance across three benchmark datasets, but also exhibits
adaptability to more compact and nimble Student models. Such adapt-
ability proves advantageous in real-world applications, particularly where
deployment on hardware with memory constraints or swift inferences are
of concern. Moreover, the study highlights TaughtNet’s inherent capability
to elucidate its prediction rationale, a feat often unattainable with the use
of multiple models or intricate architectural alterations.

The subsequent sections are organized as follows: Section 2 revisits
foundational concepts such as Biomedical Named Entity Recognition, Pre-
trained Language Models, Multitask Learning, Knowledge Distillation, and
outlines prominent Related Works. The TaughtNet training framework is
elaborated upon in Section 3, followed by a detailed account of experi-
ments in Section 4. Conclusions and prospective research directions are
discussed in Section 5.

This study is grounded in the article titled " TaughtNet: Learning Multi-
Task Biomedical Named Entity Recognition From Single-Task Teachers"
[172], featured in the IEEE Journal on Biomedical and Health Informatics
(J-BHI).

8.1 Background

The focus of this paper is not to pretrain a novel language model, but
rather to design a fine-tuning framework which, based on knowledge dis-
tillation, allows us to accomplish the NER task for multiple entities by
exploiting pretrained language models and heterogeneous publicly avail-
able healthcare datasets, each of them referring to a different entity type.
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8.1.1 Multi-Task Learning

Multi-Task Learning (MTL) aims to leverage multiple datasets that
are similar to one another yet address various tasks [30]. The key idea is
that the knowledge acquired by the model for solving a task (e.g., disease
extraction) can help it in solving similar tasks (e.g. drug extraction).

In biomedical text mining, the first approaches (e.g. [42]) ignored the
information of subwords which can be crucial to obtain high performance.
Wang et al. [257] propose the combination of a multi-task BiLSTM-CRF
model and a BiLSTM layer for modeling character sequences, obtaining
promising results. To the best of our knowledge, [101] is the first work
adopting the multi-task learning framework with a pre-trained language
model.

Yoon et al. [277] highlight that despite the high recall obtained by
MTL models, their precision is relatively low, i.e. they have difficulties in
differentiating between entity types, primarily due to the presence of poly-
semous words in text which confuse the model. To solve such false-positive
problem, the authors propose CollaboNet, a network composed of multiple
models, each one built on a different dataset for a different task, which
collaborates during training and inferences to output the final prediction.
Despite the promising results, this framework requires "collaborator" mod-
els to be stored in memory at inference time and to provide their outputs
when a prediction is required, resulting in low efficiency in computational
and memory consumption terms.

To address the challenges of low precision and high computational and
memory consumption, a training framework called TaughtNet was devel-
oped, drawing inspiration from CollaboNet. This framework facilitates the
fine-tuning of a single transformer language model for multi-task BioNER
using Knowledge Distillation. Put simply, single-task models are trained
on distinct datasets. Instead of collaborating directly on prediction out-
puts, these models "teach" a central multi-task "student" model to predict
entity types in their respective areas of expertise.

8.1.2 Knowledge Distillation

Knowledge Distillation (KD) has been originally proposed in [81] as
a teacher-student framework which allows the knowledge embedded in a




CHAPTER 8. MuLTI-TASK BroMEDICAL NAMED ENTITY RECOGNITION WITH KNOWLEDGE
108 DisTILLATION

large "teacher" model to be shared with its small "student". Modeling
the behavior of teacher and student with functions fr(-) and fs(-), respec-
tively, the objective of KD is to minimize the following objective function:

2= L(fs(@), fr(@)), (8.1)
zed
where 2 is the training dataset and L(-) denotes the loss function com-
puting the difference between the two behavior function outputs for the
input x € 2.

With the primary aim to "compress" the knowledge embedded in a
large model — which shows good performance but is too large to be used
in real scenarios — into a smaller one, the application of KG in NLP and
pre-trained models has been extensively studied [106, 90, 207, 232, 234,
255, 97].

Research on the application of the KD framework for purposes other
than model compression is restricted to a few works. Reimers et al. [201]
try to transfer the knowledge embedded in an English BERT model to the
German language. In [36], a fine-tuned BERT teacher is used as extra
supervision to improve the text generation performance of conventional
Seq2Seq student models.

TaughtNet is the first approach exploiting KD in a NER scenario to
transfer the knowledge encoded in a variety of teachers, specialized in single
entity types, into a single student, which learns to recognize all the entity
types.

The multi-teacher scenario in the application of the KD approach has
been thoroughly investigated [31, 65, 12, 152|. Fukuda et al. [65] hypoth-
esize that the different "views" provided by various teacher distributions
may help the student generalizing better while also capturing the com-
plementary information embedded in each teacher stream. In [31], the
teacher is an ensemble of models whose outputs are determined by the
combination of the individual model predictions and the student learns to
imitate its behavior by minimizing the Kullback-Leibler (KL) divergence
[118] between student and teacher distributions (which the authors prove
to be equal to minimizing the cross-entropy error between the two distri-
butions). The use of an ensemble knowledge distillation framework in [12]
results in better student accuracy thanks to the encouragement of hetero-
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geneity in feature learning. [152] highlights the importance of assigning
the proper weights to teachers when distilling their knowledge.

In contrast to traditional KD approaches, where teachers and students
share the same tasks, this work aims to design a student able to handle all
the tasks learned from teachers in a single model. Tan et al. [238] propose
a similar approach, designing a multilingual translation system based on
knowledge distillation from multiple individual teachers handling separate
language pairs. Their experimental results, showing that the multilingual
model reaches comparable performance with teachers — even outperform-
ing them in many cases — further encourage our work.

8.2 Methodology

In this study, a set of publicly available healthcare datasets is utilized
to develop a multi-task BioNER model. An extensive overview of the
framework can be found in Figure 8.1. For clarity, the notation used
throughout is summarized in Table 8.2, and each methodological step is
exemplified.

8.2.1 Problem Formulation

Let [E the set of entity types to be individuated, e; € [E representing the
i-th entity type (with ¢ € {1,...,|E|}). A corpus of annotated sentences
9; is associated to each entity type, Z; = {(x,y) € Z; x %;}, Z; being
the set of sentences x (sequences of tokens z; € x, j € {1,...,H}, where
H represents the maximum sequence length) and %; being the relative set
of labels. In this work, we will refer to the IOB2 annotation schema [199],
assigning the "B" label to the beginning, the "I" label to the inside and
the "O" to the outside of an entity mention.

Based on such datasets, our aim is to learn a model f(-) able to map
each token z; in a sentence x to its label y; € gymulti where:

@yl — {B-ey, I-ey, B-ey, I-ea,..., B-ejg|, I-eg, O} (8.2)




110

CHAPTER 8. MuLTI-TASK BroMEDICAL NAMED ENTITY RECOGNITION WITH KNOWLEDGE
DisTILLATION

Teacher Aggregate distributions

T {y; = kix;0)}

y
D ; Teacher
D2 Ti{y; = kfxi6;)}

A {y; = ¥ |x;0L,...,08}

Kullback-Leibler divergence

Lxp(Ds;0s,0%,...,07)

Multi-task Student
Sy; = K[x;05)}

Cross-entropy loss
Ler(Ds; 0s)

q
Merge datasets Dg

Figure 8.1. Overview of TaughtNet training framework. (1) First, single-
entity datasets are merged together to build a multi-entity corpus Zg used as
a ground truth reference during the training of the Student; (2) then, each
Teacher provides its predictions for each sample in Zg and (3) their output
distributions are aggregated so as to build the corpus & used to distill the
knowledge from Teachers. (4) Finally, the Student is trained to minimize two
loss components referring to Teachers’ knowledge and ground truth, respec-
tively.

Running example

The set of entity types in our running example is E = {e1, ez, €3} =
{disease, gene, drug}. Hence, the model trained with TaughtNET will
learn how to predict one of the labels reported below to each token of
input samples:

gymulti — (B_disease, I-disease, B-gene,

I-gene, B-drug, I-drug, O} (8.3)

8.2.2 TaughtNet

The structure of this section reflects the procedural steps summarized

in Figure 8.1 by comprehensively describing the phases involved in the

training procedure: (1) datasets aggregation, (2) retrieval of teacher distri-
butions, (3) aggregation of teacher distributions and (4) student training.
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Table 8.2. Notations

Symbol  Description

E set of entities we aim to recognize

e; €E i-th entity

H maximum sequence length

x sentence (sequence of tokens)

Tj €EX j-th token

y label list associated to a sentence x

Y €Yy label associated to x;.

D; corpus of annotated sentences associated with the entity e; or the
student s, Z; = {(x,y) € Zi x %}

Z; set of sentences x (sequences of tokens z; € x, j € {1,...,H}) associ-
ated to Y;

4 set of label lists y associated to each sentence x € %

6% model parameters of the teacher associated to the entity e;

Os model parameters of the student

Tij {} output distribution of the teacher related to the entity e; for the input
token z;

@7} output distribution resulting from the aggregation of teacher distribu-
tions for the input token x;

S{} student output distribution for the input token z;

Z() training loss function

LK p(+;+) loss component based on teacher distributions (knowledge distillation)

Zar(+;+) loss component based on ground truth

A hyper-parameter allowing to control the weight of the two loss com-
ponents

Datasets aggregation Based on the available training datasets 2y, %o, . ..

we build an aggregated dataset:
PDs ={(x,y) € & x %}, (8.4)

where Z¢ results from the concatenation of the sentences contained in
each single-task dataset 27§ = X1 %Z3... 25|, and the same goes for labels
% with the only difference that B and I labels are diversified based on
the corresponding entities, as described in Section 8.2.1.

The aggregated dataset Zg will serve as the data source to obtain the
distribution representing the knowledge of teachers (used for knowledge
distillation) and as a ground truth reference during student training.

7-@]E7
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Retrieval of Teacher predictions Let G%F, 9%, . ,9'715 " 'be the parame-
ters learnt by teacher models on their corresponding single-task datasets.
For each sentence token x; € x, the i-th teacher will be able to provide
the distribution Tz.j :

T/ {y; = klx; 05)}. k € {B,1,0} (8.5)

Distributions aggregation Thanks to knowledge distillation, a stu-
dent model learns how to mimic the output distribution of a teacher model.
Differently from the standard approach, our student has to learn from an
heterogeneous set of teachers, each of them able to individuate a different
entity type. Hence, we need an aggregation phase, where teacher distri-
butions are merged in one single distribution to be used in the knowledge
distillation framework.

Let z; € x be a token we have to aggregate distributions for. Let’s
denote with pi = Tij (y; = k|x;0%) the probability which the i-th teacher
assigns to the label k, where k € {B,I,0}.

The probability of the token x; being assigned to the label B-e;, I-e;
and O can be respectively computed as the probability of the intersection
of the events shown as follows:

P(B-¢;) = P((T; assigns B) Njx (I does not assign B)) (8.6)
P(I-e;) = P((T; assigns I) Njyz (T does not assign I)) (8.7)
P(0) = P(n; (T; assigns O)) (8.8)

Given the independence between teachers and the mutual exclusivity
characterizing each teacher distribution, we can then compute the proba-
bilities of the aggregated distribution &7 as follows:

, E A . .
A (y; = Beeilx; 0h,...,00) = pls [ (v} + ) (8.9)
J#
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Iy = Lelx; 0h,...,00) = pi [ (s + ) (8.10)
J#i
A (y; = Olx; O, ..., 08)) = [T vy (8.11)

Given a sentence token z; € x, j € {1,...,H}, the output of this phase
is the distribution of % labels:

Ay = klx; 0%, .0} ke v (8.12)

Running example ‘

Let z; € x be the input token and 77 = {0.8,0.1,0.1},
Tiene = {0.05,0.05,0.9}, Tgmg = {0.1,0.1,0.8} its associated teacher
predictions for labels B, I and O. Resulting from the aggregation of

distributions we will have:

/7 ={0.8-(0.05+0.9) - (0.1 +0.8),
0.1-(0.05+0.9) - (0.1 +0.8),...,0.1-0.9-0.8} =
= {0.68,0.09, 0.01,0.04,0.02,0.09,0.07},

where results for labels { B-disease, I-disease, B-gene,
I-gene, B-drug, I-drug, O} are reported in order.

Student Training Let us represent the student model with its param-
eters 0g and its output distribution S{y; = k|x;0s}, k € #’. The fine-
tuning procedure aims to minimize a loss function composed by two terms:
the former measuring the distance of the student distribution from its
teachers distribution, the latter representing its error on the ground-truth.
Formally, we can define our loss as shown below:

L(Ds 05,05, ..., 0F) = XLy p(Ds: 05,0k, ... 0F)+
+ (1= NZar(Zs;0s), (8.13)
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where Zip and £ are the knowledge distillation and ground-truth loss,
respectively, while A is an hyperparameter controlling their weight on the
overall loss .Z.

Despite the Kullback-Leibler divergence being suitable for this knowledge-
distillation task, similarly to [238]| and in compliance with [31] which proves
that minimizing the Kullback-Leibler divergence is equal to minimize the
cross-entropy error between two distributions, it is sufficient to train the
student model to minimize the following loss function:

“Zkp(Ds;0s,01) =

H
y)€Dg t=1 ke’
logS{y: = k|x;0s}, (8.14)

where S is the sequence length and S{-} denotes the student distribution.
The ground-truth-based loss function is:

Zar(Dg;0s) =

H
> D K = kHogS{y. = klx; 0s}, (8.15)

(I7y)eDS t=1

where the indicator #{-} represents the one-hot label annotated in the
ground truth.

8.3 Experiments

In this section, an empirical evaluation of TaughtNet is presented.
First, three student models are trained for three distinct biomedical entity
types: diseases, chemical compounds, and genetic information. Subse-
quently, a variety of student architectures with differing sizes and parame-
ters are trained, with results detailed in the Results subsection. The find-
ings include: (1) a comparison of the top-performing student model against
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Table 8.3. Datasets and performance of teachers used in the experiments

Teacher

Dataset  Size Entity type +# Mentions Precision Recall F1

NCBI 793 abstracts Disease 6,881 87.31 89.58 88.43
BC5CDR 1500 articles Chemical 15,935 94.38 94.19  94.28
BC2GM 20,000 sentences  Gene 24,583 85.24 86.17 85.70

several state-of-the-art benchmarks; (2) outcomes of students based on
varying architectures and sizes; (3) a comparative analysis of all student
models regarding prediction consensus; (4) an error assessment concerning
various error categories; and (5) an exploration into the internal mecha-
nism shifts from teachers to student models.

8.3.1 Experimental setup
Datasets and teachers

Performance evaluation of the proposed approach was conducted using
three benchmark datasets. These datasets were constructed from PubMed
abstracts: NCBI-Disease [55], BC5CDR [133], and BC2GM [226|. The
datasets, inclusive of their training, development, and test splits, were
sourced from: https://github.com/dmis-lab/biobert. Word labels
were encoded using the IOB2 notation format [206].

For each dataset, teacher models were trained through fine-tuning over
30 epochs on a RoBERTa-large architecture. This architecture had been
previously trained on PubMed, PMC, and MIMIC-III using a BPE Vocab
derived from PubMed [127].

A summary of the datasets, in terms of size and entity-type, and of
the teachers, in terms of their precision, recall and F1 scores, is provided
in Table 8.3.

Evaluation details

For all the datasets, the same dataset splits as BioBERT [124] have
been used, which are based on earlier publications for a fair evaluation. In
particular, training /development /test splits of NCBI-disease and BC5CDR
corpora are the same as their original version, while the training set of
BC2GM has been modified because the original corpus does not provide a
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development set. Thus, 2,500 sentences are split off from the training data
to generate the development set.

Metrics

Quality For evaluating the quality of named entity recognition approaches,
the metrics Precision, Recall, and F'1 were utilized, calculated using the
seqeval Python framework. In essence, Precision denotes the percentage
of entities correctly identified by the system, while Recall represents the
percentage of entities from the test set detected by the system. A system
exhibiting low Precision struggles to differentiate between entity types.
Conversely, low Recall signifies the system’s inefficiency in recognizing en-
tities.

The degree of agreement between different models was ascertained us-
ing the Cohen’s Kappa metric, defined as follows:

Po — De
K= T (8.16)

where p, is the relative observed agreement among predictions, and p.
is the hypothetical probability of chance agreement, using the observed
data to calculate the probabilities of each observer randomly seeing each
category.

Memory occupation and inference time The efficiency of models
has been evaluated based on their size (in terms of MB of memory occu-
pied) and the samples-per-second (SPS) required during the training and
inference phases. A model with too many parameters is difficult to deploy
on hardware systems with strict memory constraints, while a slow model
is difficult to integrate in complex systems where the NER engine is just
a step in a pipeline. Experiments have been performed on a Oracle Cloud
Infrastructure (OCI) with an Intel(R) Xeon(R) Platinum 8167M CPU @
2.00GHz (12 cores) and a NVIDIA Tesla V100 SXM2 GPU.

Settings and hyperparameters

The framework was developed utilizing the HuggingFace transform-
ers library [264]. Various model architectures and weight sizes were ex-
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Table 8.4. Comparative experiments. Best scores are reported in bold.

Dataset Metric Merged MTM- CollaboNet MT- TaughtNet
CwW BioNER
Precision 83.88 85.86 85.48 86.73 88.51
NCBI Recall 85.10 86.42 87.27 89.70 89.90
F1 84.49 86.14 86.36 88.10 89.20
Precision 94.08 89.10 94.26 88.46 94.51
BC5CDR Recall 83.87 88.47 92.38 90.52 93.40
F1 88.69 88.78 93.31 89.50 93.95
Precision 83.29 82.10 80.49 82.01 84.90
BC2GM Recall 78.94 79.42 78.99 84.04 83.45
F1 81.06 80.74 79.73 83.01 84.84

plored. Specifically, models such as RoBERTa—large—PM—M3—Voc and
RoBERTa—base—PM—M3—Voc—train—longer from Lewis et al. [127],

along with huawei—noah /TinyBERT _General 41, 312D and distilroberta —base
from the HuggingFace model hub were used.

For fine-tuning, the Adam optimizer was employed, having an initial
learning rate of 5e-5, with 1 = 0.9, B2 = 0.999, and ¢ = le—8. Batch
sizes were set at 8, with a maximum sequence length of 128.

Regarding performance, while quality outcomes were satisfactory from
initial epochs, optimal performance was typically observed after 20 epochs,
aligning with findings from Lee et al. [124].

For the student model’s training loss function, both KLDivLoss and
NLLLoss PyTorch implementations were used for the knowledge distilla-
tion ZK D and ground-truth ZGT loss components.

8.3.2 Results

Comparison with baselines

The quality of the best student has been compared with several base-
lines, described as follows:

o Merged: the simplest way to train a multi-label NER model from
single-entity datasets is to merge them in one aggregated dataset to
be used for training and testing. We fine-tuned until convergence the




CHAPTER 8. MuLTI-TASK BroMEDICAL NAMED ENTITY RECOGNITION WITH KNOWLEDGE
118 DisTILLATION

same RoBERTa-large model architecture used for teachers on such
dataset.

o MTM-CW: multi-task model built upon a single-task BiLSTM-CRF
model with an additional context-dependent BiLSTM layer to model
character sequences.

o (CollaboNET: aggregates the results of collaborator single-task mod-
els, and uses them as an additional input to the target multi-task
model.

e MT-BioNER: multi-task transformer-based neural architecture, where
different models for different datasets share some layers to build a
"shared" knowledge across tasks.

Table 8.4 reports results over the three benchmark datasets in terms
of Precision, Recall and F1 scores. Thanks to the utilization of high-
performing teachers, the student model achieves the best results for each
of the datasets. Interestingly, performance obtained for the NCBI dataset
surpasses the related teacher thanks to the indirect positive effect of the
(1) data augmentation obtained by merging all the dataset and the (2)
joint training based on both the ground-truth and teacher predictions. A
comparative discussion with baselines is provided in Section 8.3.3.

Smaller and smaller students

Thanks to its knowledge distillation based architecture, one of the ad-
vantages of using TaughtNet is its straightforward way to train multi-task
small models by leveraging the knowledge of large and high-performing
teachers. In experiments, results of different student architectures have
been compared:

e Large: same as teachers’, i.e. RoBERTa-large architecture pre-trained
on PubMed and PMC and MIMIC-IIT with a BPE Vocab learnt from
PubMed.

e Base: RoBERTa-base architecture pre-trained on PubMed and PMC
and MIMIC-III with a BPE Vocab learnt from PubMed with an
additional 50K steps.
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Table 8.5. Performance of various student architectures with decreasing size.
SPS stands for samples-per-second.

SPS scores F1 scores
Model train inference Size (MB) NCBI BC5CDR BC2GM
Large 38 125 1,416.3 89.20 93.95 84.84
Base 111 324 495.5 87.62 93.63 84.25
Distil 202 566 265.5 80.71 85.24 77.45
Tiny 475 914 57 77.80 81.42 71.94

o Distil: distilled version of BERT base introduced by Sanh et al. [207].
It has 40% less parameters and runs 60% faster than BERT-base.

e Tiny: distilled version of BERT-base introduced by Jiao et al. [97],
7.5x smaller and 9.4x faster on inference than BERT-base.

Results are reported in Table 8.5 in terms of model size, samples-per-
second (SPS) processed during the training and inference phase, and F1
scores over the three benchmark datasets. Interestingly, the Base architec-
ture achieves F1 scores closely resembling its Large counterpart, probably
resulting in the best choice in the trade-off between quality of predic-
tions and model size / inference time. The distilled architectures (Distil
and Tiny) result in lower F1 scores, but their considerable improvement
in memory occupation and processing time could make them a suitable
choice in limited-resource scenarios. In the experiments that follow, the
differences between these students and their corresponding teachers will
be presented.

Levels of agreement (Cohen’s Kappa)

The Cohen’s Kappa metric has been computed to measure the degree of
agreement among models and the ground-truth?. Heatmaps in Figure 8.2
show agreements over the three benchmark datasets among the ground
truth, the teacher, and the size-decreasing student architectures. Despite

2When computing the Cohen’s Kappa between a teacher and a student, the outside
(O) label has been assigned to predictions of entity types which are different from the
type in which the teacher is specialized.
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Figure 8.2. Heatmaps of Cohen’s Kappas among models and ground truth.

the disagreement between distilled models and their teacher — which high-
lights a limitation in distilling their knowledge, which will be explored in
future work — results show an overall agreement between teachers and
their students and among student architectures.

Error Analysis

We further explored the differences among models based on the num-
ber of correctly-retrieved entity mentions (CORRECT), new predictions
deriving from the application of the framework (NEW) and their errors,
which can be divided into five categories described as follows:

e Complete False Positive (CPF): the model recognizes an entity which
was not annotated as a named entity.

e Complete False Negative (CFN: the model does not recognize an
entity which was annotated as a named entity.

e Wrong Label Right Span (WLRS): the model correctly recognizes the
presence of an annotated named entity, but assigns the wrong label.

e Wrong Label Overlapping Span (WLOS): the model recognizes the
presence of an annotated named entity, but assigns the wrong label
and the span is wrong.
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Table 8.6. Number of correct predictions, new predictions (for entity types
not annotated in the ground truth) and different types of error.

Dataset Model ‘ CORRECT NEW CFP CFN WLRS WLOS RLOS

Large 785 803 43 24 9 24 113
Base 785 801 51 19 8 18 125
NCBI Distil 742 172 61 126 1 7 79
Tiny 720 185 83 158 3 5 69
Large 4753 4612 190 189 58 93 279
Base 4750 4654 194 168 50 97 307
4
BCSCDR Distil 4187 307 143 995 48 42 100
Tiny 4032 357 339 1120 48 41 131
Large 5330 3426 257 213 48 37 608
Base 5306 3453 309 202 56 32 640
BO2GM Distil 4797 625 468 699 18 31 685
Tiny 4393 764 617 987 35 48 767

e Right Label Overlapping Span (RLOS): the model recognizes the
presence of an annotated named entity, but the span is wrong.

It can be seen from the data in Table 8.6 that students trained with
TaughtNet allow us to retrieve a considerable number of novel entity men-
tions which were not annotated in the ground-truth, thanks to the knowl-
edge of the teachers employed. Concordant with the above-reported exper-
iments, Large and Base students are able to detect a significantly higher
number of new entity mentions w.r.t. distilled architectures. The highest
limitation of distilled architectures w.r.t. to their "larger" counterparts is
in the number of CFN errors, i.e. they are not able to identify mentions
which are actually annotated.

The majority of errors fall in the RLOS category, meaning that models
are able to identify an entity mention, but the range detected is not the
same as the ground truth. However, previous works have shown that this
type of errors are often a result of the subjectivity and inconsistency of
span annotations [244, 179]. Some examples are shown in Table 8.7. It
is important to note that many of the errors are due to the ability of our
model to recognize multiple entity types: for example, the two words gene
mention "estrogen receptor" (see WRLS, 2nd example) are assigned by our
model to two different entity types ("estrogen" as a chemical compound,
"receptor” as a gene).
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Table 8.7. Samples annotated by the Large model which contain errors in
disease , chemical and/or [gene| mention predictions. Errors are highlighted

with a higher level of transparency ([diSease|, chemical , [E8§]). One input
sample is randomly selected for each dataset and error.

Error Student annotation Ground Truth

CFP Other complement components were normal during remission ~ Other complement, components
of , but A ﬁ, -, and - levels fell during were normal during remission of
exacerbations. lupus, but C1, C4, C2, and C3 levels fell during exac-

erbations.

The encoded protein contains an amino terminal PDZ do- The encoded protein contains an amino terminal PDZ do-
main, followed by a predicted coiled-coil region, a PEST do- main, followed by a predicted coiled-coil region, a PEST do-
main, and a carboxy-terminal domain. main, and a carboxy-terminal SAM domain.
We conclude that CNA and INA demonstrated similar pro- ~ We conclude that CNA and INA demonstrated similar profiles
files with regard to safety, morbidity, and mortality. with regard to safety, morbidity, and mortality.

CFN If untreated, hemochromatosis can cause serious illness and If untreated, hemochromatosis can cause serious illness and

early death, but the disease is still substantially under-
diagnosed.

ORF3 encodes a putative  periplasmic c-type cytochrome
with a molecular mass of 94,000 Da and contains seven c-
heme-binding motifs but shows no sequence homology to occ
or ORF1.

BS pool size was decreased by 27% but total BS synthesis

was not affected by EE in intact rats.

, but the disease is still substantially under-
1agnosed.
ORF3 encodes a putative |periplasmic c-type cytochrome
with a molecular mass of 94,000 Da and contains seven c-
heme-binding motifs but shows no sequence homology to [B&@
or ORF1.
BS pool size was decreased by 27% but total BS synthesis

was not affected by EE in intact rats.

WLRS HFE is an [MHC-related protein that is mutated in the

iron
Effects of long-term use of raloxifene , a selective  estrogen

receptor modulator, on thyroid function test profiles.

_, also known as H,
is an endogenous ligand or the
orphan opioid receptor-like receptor 1 ( ORL1 ) and in-
volves

in various functions in the central nervous system (CNS).

HFE is an MHC-related irotein that is mutated in the

Effects of long-term wuse of

modulator,

raloxifene, a selective
on thyroid function test
profiles.
Nociceptin , also  known
an  endogenous ligand for the orphan  opioid
receptor-like  receptor 1 (ORL1) and  involves
in various functions in the central nervous system (CNS).

as orphanin FQ , is

‘WLOS Previous family studies suggested that these individuals mai

be compound heterozygotes for the common

- and a rare (allelic) mutant gene.
When expressed in Escherichia coli, [SH-PTP2 displays
tyrosine -specific phosphatase activity.

inhibition of nitric-oxide

Sub-chronic synthesis modi-

fies haloperidol -induced catalepsy and the number of

Previous family studies suggested that these individuals ma;

be compound heterozygotes for the common mutant

gene and a rare (allelic) mutant gene.

‘When expressed in Escherichia coli, [SH-PTP2 displays
activity.

inhibition of nitric-oxide

Sub-chronic synthesis modi-

fies haloperidol -induced catalepsy and the number of

NADPH -diaphorase neurons in mice.

RLOS

The evidence of a significant proportion of loss-of-function
mutations and a complete absence of the normal copy of
ATM in the majority of mutated tumours establishes so-
matic inactivation of this gene in the pathogenesis of sporadic

and suggests that ATM acts as a tumour suppres-

sor.
A GT-rich sequence binding the transcription fac-
tor is crucial for high expression of the
human type VII collagen gene  ( COL7A1) in fibrob-

lasts and keratinocytes.

An increase in TDR by  dl-sotalol facilitated transmural
propagation of EADs that initiated multiple episodes of spon-
taneous TdP in 3 of 6 rabbit left ventricles.

The evidence of a significant proportion of loss-of-function
mutations and a complete absence of the normal copy
of ATM in the majority of mutated tumours estab-
lishes somatic inactivation of this gene in the pathogen-
esis of and suggests that ATM acts as
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human type VII collagen gene  ( COL7A1) in fibrob-
lasts and keratinocytes.

An increase in  TDR by dl-sotalol facilitated
transmural  propagation of EADs  that initiated
multiple episodes of spontaneous TdP in 3 of

6 rabbit left ventricles.
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Explainability

We apply Integrated Gradients [235] to assign an importance score to
each input token by approximating the integral of gradients of the output
w.r.t the inputs®. To investigate how the inner workings of the mod-
els change from Teachers to Student, we report in Figure 8.3 the ex-
planations from the three large Teachers and the resulting Student to
the sentence: "Sub-chronic inhibition of nitric-oxide synthesis modifies
haloperidol-induced catalepsy and the number of NADPH-diaphorase neu-
rons in mice”, which contains at least one mention per entity type. In-
terestingly, despite our experiment being carried out with just the aim
to prove the effortlessly interpretability of our method — which does not
modify the architecture of the Student model and thus can leverage off-
the-shelf methods to explain its predictions —, we also observed that the
explanations provided by the Student are better targeted (i.e. lower num-
ber of influential tokens) and understandable.

8.3.3 Discussion

In the conducted experiments, an in-depth analysis was performed on
the effects of learning from various single-task transformer-based teachers,
contrasting TaughtNet with notable baselines from existing literature.

As presented in Table 8.8, a methodological comparison of cutting-
edge methods is accompanied by average precision, recall, and F1 scores
for the benchmark datasets employed. The findings indicate that multi-
task methods leveraging high-performing pre-trained transformer models
consistently surpass CollaboNet in several scenarios. This is notable con-
sidering CollaboNet’s capability to address the low-precision issue encoun-
tered in multi-task learning systems. This is achieved through its collab-
orative framework, comprised of single-task BiLSTM-CRF models, which
also tackles the type conflict issue - the scenario where different models
identify identical mentions. TaughtNet incorporates the benefits of both
multi-task learning and transformers, addressing the same challenges as
CollaboNet. The outcome is an efficient fine-tuned transformer model ca-
pable of recognizing mentions across various entity types. This offers two

3Integrated Gradients for Transformers interpretability, code: https://github.com
/cdpierse/transformers-interpret
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True Label Predicted Label Attribution Label Attribution Score Word Importance

B B (0.92) catal 3.30 #s Sub - chronic inhibition of nitric - oxide synthesis modifies haloperidol - induced catal ep sy and the number of NADPH - di aph or ase neurons in mice #/s.
1 1(0.99) ep 3.49 #s Sub - chronic inhibition of nitric - oxide synthesis modifies haloperidol - induced catal ep sy and the number of NADPH - di aph or ase neurons in mice #/s.
1 1(0.91) sy 321 #s Sub - chronic inhibition of nitric - oxide synthesis modifies haloperidol - induced catal ep sy and the number of NADPH - di aph or ase neurons in mice #/s

(a) NCBI (disease)

True Label Predicted Label Attribution Label Attribution Score Word Importance

B B(1.00) nitric 1.04 #s Sub - chronic inhibition of nitric Soxide synthesis modifies haloperidol - induced catal ep sy and the number of NADPH - di aph or ase neurons in mice #/s
[ 1(1.00) - -1.40 #s Sub - chronic ffhibition of nitrc - oXide'synthesis modifies haloperidol - induced catal ep sy and the number of NADPH - di aph or ase neurons in mice #/s
[ 1(1.00) oxide -0.81 #s Sub - chronic inhibition of nitric - B¥id@@lsynthesis modifies haloperidol - induced catal ep sy and the number of NADPH - di aph or ase neurons in mice #/s
B B (1.00) haloperidol  -0.19 #s Sub - chronic inhibition of nitric foxide synthesis modifies haloperidol - induced catal ep sy and the number of NADPH - di aph or ase neurons in mice #/s

(b) BC5CDR (chem)

True Label Predicted Label Attribution Label Attribution Score Word Importance

B B (1.00) NADPH 1.28 #s Sub - chronic inhibition of nitric - oxide synthesis modifies haloperidol - induced catal ep sy and the number of NADPH - di aph or @se neurons in mice #/s
1 1(1.00) - 1.33 #s Sub - chronic inhibition of nitric - oxide synthesis modifies haloperidol - induced catal ep sy and the number of NADPH - di aph or &se neurons in mice #/s
1 1(1.00) di 1.26 #s Sub - chronic inhibition of nitric - oxide synthesis modifies haloperidol - induced catal ep sy and the number of NADPH - di aph or &sé neurons in mice #/s
I 1(1.00) aph 123 #s Sub - chronic inhibition of niric - oxide synthesis modifies haloperidol - induced catal ep sy and the number of NADPH - di aph or 888 ineurons in mice #/s
1 1(1.00) or 1.10 #s Sub - chronic inhibition of nitric - oxide synthesis modifies haloperidol - induced catal ep sy and the number of NADPH - di aph or @seé neurons in mice #/s
1 1(1.00) ase 1.20 #s Sub - chronic inhibition of nitric - oxide synthesis modifies haloperidol - induced catal ep sy and the number of NADPH - di aph or &se neurons in mice #/s
(c) BC2GM (gene)
True Label Predicted Label Attribution Label Attribution Score ‘Word Importance

B-BCSCDR-chem  B-BCSCDR-chem (0.38)  nitric 314 #5 Sub - chronic inhibition of nitric - oxide synthesis modifies haloperidol - induced catal ep sy and the number of NADPH - di aph or ase neurons in mice #/s
BCSCDR-chem  -BCSCDR-chem (0.39) - 236 #s Sub - chronic inhibition of Rl oxide synthesis modifies haloperidol - induced catal ep sy and the number of NADPH - di aph or ase neurons in mice #/s
BCSCDR-chem  -BCSCDR-chem (0.39)  oxide 281 #5 Sub - chronic inhibition of firic - 6Xidesynthesis modifies haloperidol - induced catal ep sy and the number of NADPH - di aph or ase neurons in mice #/s
B-BC5CDR-chem  B-BC5CDR-chem (0.38) haloperidol  1.80 #5Sub - of nitrc - oxide synthe i induced catal ep sy and the number of NADPH - di aph or ase neurons in mice #/s
B-NCBl-disease  B-NCBl-disease (0.29)  catal 1.41 #5 Sub - chronic inhibition of nitric - oxide synthesis modifies haloperidol - induiced/catal ep sy and the number of NADPH - di aph or ase neurons in mice #/s
I-NCBH-disease I-NCBI-disease (0.28) ep 159 #s Sub - chronic inhibition of nitric - oxide synthesis modifies halopericol - induced catal ep sy and the number of NADPH - di aph or ase neurons in mice #/s
I-NCBH-disease NCBI-disease (0.27) sy 1.60 #s Sub - chronic inhibition of nitric - oxide synthesis modifies haloperidol - indicedcatal ep sy'and the number of NADPH - di aph or ase neurons in mice #/s
B-BC2GM B-BC2GM (0.32) NADPH 163 #5 Sub - chronic inhibition of nitrc - oxide synthesis modifies haloperidol - induced catal ep sy and the number of NADPH - di aph or B88ineurons in mice #/s
-BC2GM BC2GM (0.34) - 174 #5 Sub - chronic inhibition of nitric - oxide synthesis modifies haloperidol - induced catal ep sy and the number of NADPH - di aph or B8&ineurons in mice #/s
-BC2GM BC2GM (0.34) di 171 #s Sub - chronic inhibition of nitric - oxide synthesis modifies halopericol - induced catal ep sy and the number of NADPH - di aph or &8ineurons in mice #/s
-BC2GM BC2GM (0.34) aph 170 #5 Sub - chronic inhibition of nitric - oxide synthesis modifies haloperidol - induced catal ep sy and the number of NADPH - di aph or &88lneurons in mice #/s
-BC2GM FBC2GM (0.34) or 1.69 #5 Sub - chronic inhibition of nitrc - oxide synthesis modifies haloperidol - induced catal ep sy and the number of NADPH - di aph or B88ineurons in mice #/s
+BC2GM BC2GM (0.34) ase 171 #5 Sub - chronic inhibition of nitric - oxide synthesis modifies haloperidol - induced catal ep sy and the number of NADPH - di aph or B8&ineurons in mice #/s

(d) Student (disease, chem, gene)

Figure 8.3. Visualization of attribution scores computed by applying In-
tegrated Gradients to our Teachers (a-c) and Student (d). For each token,
we show its true and predicted label, its attribution score and the original
sentence where each token is highlighted based on its contribution to the pre-
diction (green if positive, red otherwise)
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Table 8.8. Overview of state-of-the-art approaches for multi-task BioNER.
Precision, Recall and F1 scores shown here have been averaged across the
benchmarking datasets used in this work. Best results are reported in bold.

Method Ref Year Model Characteristics Precision Recall F1
MTM-CW [258] 2018 Multi-task (+) outperforms the previous  85.69 84.77 85.22
BiLSTM- state-of-the-art by leveraging

CRF model multi-task learning;
(-) type conflict problem
CollaboNet [277) 2019 Collaborating (4) handles the low-precision  86.74 86.21 86.46
BiLSTM- problem of multi-task models;
CRF models  (+) no type conflict problem;
(-) requires single-task models
to be trained in advance and
called for every inference

MT-BioNER  [101] 2020 Multi-task (+) obtains state-of-the-art  85.73 88.08 86.87
transformer performance thanks to the use
model of a transformer-based archi-
tecture;

(-) suffers from the low-
precision problem of multi-
task learning systems;

(-) type conflict problem

TaughtNet — — Transformer  (+) combines the advantages 89.31 88.91 89.33
model of multi-task learning, trans-
former architectures and Col-
laboNet;

(+) easy to lighten;

(+) no low-precision problem;
(+) no type conflict problem;
(+) easy applicability of eX-
plainable AT techniques;

(-) requires teachers to be
trained in advance

key advantages: (1) the possibility to deploy lighter models such as Dis-
tiIBERT and TinyBERT under constrained hardware and computational
requirements, and (2) the straightforward application of existing explain-
ability techniques, given that the architecture remains unaltered.

8.4 Conclusion & Future work

The difficulty in finding a single dataset with all the entities required
for a Biomedical Named Entity Recognition System (e.g. diseases, genes,
species, drugs) has laid the foundations of this chapter. TaughtNet has
the objective to integrate various publicly available single-task healthcare
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datasets in a single BERT architecture which can be used as a fast and
highly performing BioNER engine in real applications, such as conversa-
tional agents or knowledge graph development.

Experimental results demonstrate that not only does TaughtNet sur-
pass strong state-of-the-art baselines, but it also is a valuable option when
constrained by strict computational and memory requirements thanks to
its ability to train lightweight models that distill the knowledge from high-
performing single-task teachers. Furthermore, we have shown the poten-
tial of TaughtNet to provide explainability, which is a valuable advantage,
especially when dealing with healthcare data.

There is abundant room for further progress in exploring the use and
application of knowledge distillation to bring the student performance as
close as possible to that of teachers. As a future work, we would like to
integrate more datasets and to extend the framework not only to other
downstream tasks, but also to other application domains, since the tech-
nique is not dependent on the biomedical domain.




Chapter

Multi-task learning for
few-shot biomedical relation
extraction

Relation Extraction (RE) is a subfield of text classification, a natu-
ral language processing (NLP) task that aims to automatically associate
unstructured text to one [86, 85| or several [102] labels. Specifically, RE
aims to identify and extract relationships between entities in unstructured
text data. This task is crucial for various applications such as information
retrieval 68|, question answering [123|, knowledge graph construction
[253] and text summarization [160]. One of the major challenges in the
field of relation extraction is the high variability and complexity of the
language used to express relationships. To address this challenge, various
methods have been proposed, including rule-based methods [178, 19|, ma-
chine learning-based methods [8, 83|, and hybrid approaches [94, 282| that
combine both.

In recent years, there has been a surge in research in the fields of soft
computing [2, 5, 4, 3| and relation extraction and their potential for var-
ious NLP applications, especially in biomedical text understanding. Ap-
plications include detecting protein-protein interactions (PPIs) [192] and
extracting information on adverse drug events (ADEs) [72|. One major
driving factor behind the advancements in relation extraction for biomedi-
cal text is the integration of attention mechanisms [128] into NLP models.

127
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These mechanisms enable the models to concentrate on specific parts of
the input, which is crucial when dealing with complex biomedical text
that contains a high density of specialized terminology. Furthermore, the
widespread availability of pre-trained biomedical language models has also
been a key factor in enhancing the performance of relation extraction tasks.
These models have been trained on vast amounts of biomedical data and
can be fine-tuned for specific tasks, resulting in substantial improvements
in performance [127|. Overall, the recent advancements in NLP and the
availability of pre-trained biomedical language models have paved the way
for a new generation of relation extraction models with improved perfor-
mance. These models can extract valuable information from biomedical
text with greater accuracy and efficiency, providing benefits for various
biomedical applications.

While relation extraction for biomedical text has seen significant progress,
the lack of large and high-quality annotated biomedical datasets remains
a major challenge. The annotation process is time-consuming and re-
quires extensive domain knowledge, making it expensive to obtain large
amounts of annotated data. As a result, this has a significant impact on
the performance of relation extraction models in real-world applications.
To overcome these limitations, there is a growing need to shift focus from
model-centric to data-centric Al, emphasizing the critical role of data in
the learning process and the need to extract maximum value from it. Such
a shift would enable the development of more effective and robust rela-
tion extraction models, addressing the limitations of limited annotated
datasets.

Multi-task learning [30] is a technique that aims to address the issue
of limited annotated training data by leveraging the similarities between
different datasets. This approach involves training a single model on mul-
tiple related tasks, using the similarities between the tasks to improve the
training process. This technique has been widely adopted in biomedical
text understanding and has demonstrated its usefulness in several studies
[189]. However, despite its advantages, multi-task learning can also result
in a degradation of performance if the datasets used have different struc-
tures and objectives. The size and underlying properties of the datasets
can also have an impact on the performance of the model [9]. Thus, careful
consideration should be given to the choice of datasets used in multi-task
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learning to ensure optimal results.

In this chapter, a multi-task framework for biomedical relation extrac-
tion (RE) is introduced. This framework leverages a renowned multi-task
learning approach [149] and utilizes three prominent multi-class datasets:
DDI-2013, ChemProt, and 12B2-2010 RE. These datasets annotate rela-
tionships among various biomedical entities such as drugs, chemical com-
pounds, proteins, medical issues, treatments, and tests. The design of the
framework features a transformer-based model, incorporating shared layers
for all three RE tasks while maintaining unique classification heads for each
dataset. To augment performance, a training strategy rooted in knowledge
distillation is implemented. Experimental outcomes explore the efficacy of
this multi-task framework in situations with limited training data. The
results indicate a significant enhancement, with F1 scores improving by as
much as 65% over leading few-shot techniques when working with merely
10 training samples. This underscores the potential benefits of integrating
multi-task learning in environments where procuring extensive annotated
datasets is a challenge but acquiring smaller, analogous datasets from var-
ious clinical entities is more achievable. For those interested in further
exploration, the implementation can be accessed at this GitHub reposi-
tory: https://github.com/IoSylar/Multi-task-Learning-for-Biome
dical-Relation-Extraction.

Key contributions from this work include:

e The introduction of a novel framework combining multi-task learn-
ing with knowledge distillation to address the challenges of few-shot
learning in the domain of biomedical RE.

e Demonstrated superiority over contemporary benchmarks, consis-
tently outperforming the current best methods in numerous few-shot
learning contexts.

e A comprehensive, data-driven exploration into the principal elements
influencing multi-task learning during the incorporation of varied
biomedical datasets.

e A detailed performance analysis across scenarios with differing data
availabilities, ranging from 1 to 1000 training samples.
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The structure of this chapter is as follows: Section 2 delves into prior
research focusing on relation extraction in the biomedical domain and its
applicability in few-shot contexts. Section 3 provides a thorough descrip-
tion of the datasets employed and the methodological approach. Section 4
offers insights into the conducted experiments, their application in few-shot
scenarios, and a discussion on the derived results. The chapter concludes
in Section 5. The material presented in this chapter is based on the arti-
cle "Multi-task learning for few-shot biomedical relation extraction" [171]
published on the Artificial Intelligence Review journal.

9.1 Related Work

Relation Extraction (RE) has been thoroughly investigated in the realm
of NLP and Information Extraction (IE). One of the most widely adopted
rule-based methods is the use of regular expressions and lexical patterns to
identify relationships, which rely on the manual creation of patterns that
are specific to the target relationships and the domain of the text [178, 19].
While this approach has demonstrated good results, it is heavily dependent
on the quality and coverage of the patterns. In contrast, machine learning-
based approaches |8, 83| leverage supervised learning techniques to train
models on annotated text data, enabling the models to learn to identify
relationships based on context and features of the entities and their inter-
actions. This approach is more robust and adaptable to new domains and
relationships, but requires a substantial amount of annotated text data,
which can be costly and time-consuming to obtain. Hybrid approaches
[94, 282] combine the advantages of both rule-based and machine learning-
based methods by using rule-based methods to pre-process the text and
extract candidate relationships, which are then fed to a machine learning
model for final classification. This approach can enhance performance and
reduce the need for annotated data.

Relation extraction in biomedical applications presents a unique set of
challenges compared to traditional NLP tasks. One of the key difficulties
is the complexity of the domain-specific medical language, which often
includes technical terms, acronyms, and abbreviations that are not found
in general English text. Additionally, the relationships between entities in
biomedical texts can be highly nuanced, with subtle differences in meaning
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that require a deep understanding of the biological and medical context.
Despite these challenges, relation extraction has a wide range of potential
applications in biomedical research, including the discovery of biological
pathway [103] and associations between genes and diseases [161].

However, another important challenge is that annotated training data
for relation extraction in the biomedical domain is limited, making it diffi-
cult to train machine learning models to accurately recognize relationships.
While a vast amount of works on few-shot learning exist on image data
[239, 236], these scenarios in RE are relatively under-studied. Hong et al.
[84] propose a method based on distant supervision that automatically ex-
tract biomedical relations from large-scale literature repositories. Li et al
[129] propose a joint model for named entity recognition and relation ex-
traction based on a CNN for charactel-level representations and BiLSTMs.
Chen et al. [33] introduce transformers as encoding layers of joint mod-
els to improve the performance in identifying patients suitable for clinical
trials. Li et al. [137] explores the relatedness among multiple tasks by
applying simple multi-task learning approaches.

Despite its advantages, when learning from multiple tasks it is possible
that the performance of the resulting model may decrease compared to
training a separate model for each task [9]. This can occur because the
model may struggle to balance the optimization of multiple tasks, leading
to sub-optimal performance on one or more tasks. Additionally, the tasks
may have conflicting objectives or requirements, which can result in poor
performance on some tasks. Furthermore, the model may over-generalize
or over-fit to the training data, making it less effective at making pre-
dictions on unseen data. Therefore, it is important to carefully evaluate
the trade-off between the potential benefits of multi-task learning and the
potential risks to performance before choosing this approach for a given
problem. In contrast to prior studies, this work goes beyond the evaluation
of multi-task biomedical relation extraction models in few-shot scenarios
and provides a comprehensive examination of the inter-task influences,
both positive and negative, in our multi-task models.
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9.2 Materials and Methods

In this section, we describe data, models and algorithms used to per-
form our experiments.

9.2.1 Datasets

The biomedical datasets used in this study are described in this sec-
tion. We focus on three publicly available multi-class datasets for relation
extraction: DDI-2013 [80], ChemProt [116], 12B2-2010 RE [246]. We use
the same pre-processing procedure as in [127].

DDI-2013

This corpus consists in documents from the DrugBank database! and
MedLine? abstracts annotated with pharmacological substances and their
interactions. It is the first dataset highlighting (1) pharmacodynamic (PD),
i.e. the changes in pharmacological effects of a drug caused by the presence
of another drug, and (2) pharmacokinectic (PK), which occurs in presence
of interference in the intake of one drug (i.e. the distribution or elimination
of one drug from another).

The annotated relations are described as follows:

o Mechanism: describes the PK interference mechanism

e Fffect: describes the effect of the intake of a drug or the PD mecha-
nism

e Aduvice: highlights a recommendation or advice which regards inter-
actions between drugs

e [nt: indicates a drug-drug interaction without any additional infor-
mation, explanations or advice

Size of training, development and test sets is: | Zirain |= 29,334,
‘ Diew ’: 7,245, | Drest |: 5, 762.

1https ://go .drugbank. com
Zhttps://www.nlm.nih.gov/medline/index.html
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ChemProt

This corpus contains data from open source databases (e.g. CheMBL,
BindingDB, PDSP Ki, DrugBank) annotated with chemical compounds,
proteins and their interactions. We will consider the following groups of
chemical-proteins relations (CPRs) in our study:

e CPR 3: indicates upregulation relations (activation, promotion, in-
creased activity)

e CPR /: indicates downregulation (inhibition, block, decreased ac-
tivity)
e CPR 5, CPR 6: are related to interactions of type "agonist" and

"antagonist", respectively.

e (PR 9: is related to substrate or part of relations. Therefore, this
relation does not have particularly relevant features and is thus dif-
ficult to extract.

Size of training, development and test sets is: | Zyrain |= 19,461,
’ -@dev ’: 1178217 ’ -@test ‘: 16,944
12B2-2010 RE

This corpus focuses on relationships between medical concepts such as
tests and treatments. The relation extraction task has 8 classes divided
into 3 categories depending on the entities involves. We describes these
categories as follows:

o Medical problem-treatment relations

TrIP: the treatment improves or cures the medical problem

— TrWP: the treatment worsens the medical problem

TrCP: the treatment causes the medical problem

— TrAP: the treatment is administered for the medical problem
(the result is not mentioned in the sentence)

— TrNAP: the tratment is not provided or is intermittently ad-
ministered due to the medical problem
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o Medical problem-test relations

— TeRP: the test reveals the medical problem

— TeCP: the test is conducted to investigate the medical problem
(the sentence does not indicate the result but the reason for the
test)

e Medical problem-medical problem relations

— PIP: medical problem indicates medical problem

Size of training, development and test sets is: | Zirain |= 21,385,
| Diew |= 873, | Drest |= 43,001.

9.2.2 Method

In this section, we outline the methodology employed in our study.
Specifically, we utilize a multi-task learning framework, MT-DNN [150],
on three biomedical datasets for the purpose of Relation Extraction, as
detailed in Section 9.2.1. As depicted in Figure 9.1, an Encoder based
on a transformer architecture is shared among the tasks, and specialized
classification heads are fine-tuned for each of the datasets. Subsequently,
a knowledge distillation process is employed to enhance performance, as
illustrated in Figure 9.2: multiple multi-task models are trained, with their
predictions constituting the knowledge that is distilled by a single multi-
task model.

Multi-task learning architecture: MT-DNN

We use a Multi-Task Deep Neural Network (MT-DNN) [150] as the
multi-task framework for our experiments. The overall architecture is
shown in Figure 9.1. The input X = {[CLS],z2,...,zn} is a word se-
quence of length m from one of the three analyzed datasets. The Lexicon
Encoder maps each token x; to its input embedding vector I; obtained
by summing the corresponding word, segment and positional embeddings.
The pre-trained Transformer Encoder maps input embedding vectors into
a sequence of contextual embedding vectors thus forming a shared rep-
resentation across the different tasks. In this work, we use one of the




9.2. MATERIALS AND METHODS

135

) VN
> = § Relation Extractor
s 23 (DDI-2013)
DDI-2013 ) 25
25 S 3
5 S €3 .| Relation Extractor
Y m > =8 - (ChemProt)
ChemProt 28 g >
48 a3
e 3 —a .
3 oK) > Relation Extractor
w o) (12B2-2010)
12B2-2010 = <
L J L J
RS RS
Shared layers Task-specific layers

Figure 9.1. Overview of the multi-task architecture applied to our study.
The Lexicon Encoder and Transformer Encoder are shared across the different
tasks and maps the input first to a sequence of embedding vectors (one for each
token) and then to shared contextual embedding vectors which take count of
contextual information. A task-specific layer is then used for each dataset to
generate dataset-specific representations.

pre-trained models made available by Lewis et al. [127] as the backbone
of the multi-task framework. Task specific layers are defined as sentence
classification models: the first token [C'LS] of each sentence X is a seman-
tic representation of the sentence and the probability that X contains a
relation between medical entities is predicted by a logistic regression with
softmax:

P(isRelation | X) = softmaz(W} -x), (9.1)

where W/ is the parameter matrix for the task .
Knowledge Distillation

The knowledge distillation (KD) method has been successfully used
with multi-task learning to enjoy the advantages of ensemble learning while
not needing to keep the entire ensemble of models but just one single model
[148], our KD methodology is shown in Figure 9.2: we start by training
three MT-DNN networks with three dropout values p = {0.1,0.15,0.2}
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and each of them is then used as the backbone for a single-task network
fine-tuned on each task dataset. Soft labels produced by teachers for each
training example are then averaged to produce the dark knowledge to be
distilled. We studied the effects of two types of KD loss: (1) Mean Squared
Error (MSE) and (2) a hybrid loss based on Kullback Leibler divergence.
MSE minimizes the mean squared discrepancy between the soft labels of
the teacher and values estimated by the student network:

Pusp = > (- 9) 92

The hybrid loss is based on two contribution: the first is given by the
Kullback Leibler loss which minimizes the divergence between two proba-
bility distributions, i.e. the soft labels of the teacher and the predictions
of the student: the second contribution assumes that the teacher is not
perfect and thus takes into account the ground truth by means of the
cross-entropy loss:

Lhgorid = NLop (YL, fr(75,0))+

A A (9.3)
(1= N ZrL(fr(27.0), f- (2%, 07)),

where Zci(y,9) denotes the cross-entropy loss, ¥ = y& being the ground

truth label for the i-th sample at time step 7 and § = f,(z%, §) representing
the predicted output for the i-th sample at time step 7, given the model
parameters 6; £k denotes the Kullback-Leibler divergence between the
output probability distribution from the model with parameters # and the
teacher with parameters 67; the parameter A controls the weighting of the
contribution of the knowledge distillation and ensures that the student also
learns from the actual ground truth.

9.3 Experiments

Our analysis will be focused on answering the questions reported as
follows.

e Q1: Comparison with few-shot baselines. How does few-

shot MT-DNN perform as compared to few-shot learning
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Figure 9.2. Overview of the knowledge distillation process applied in our
study. First, MT-DNN networks are trained with different dropout values

p:

{0.1,0.15,0.2}. Each MT-DNN network is then fine-tuned on each dataset

and all the soft-labels produced by teachers are averaged to produce the dark
knowledge to be distilled. A single MT-DNN student is trained with a knowl-
edge distillation loss which takes count of the knowledge acquired by teachers.

baselines? We use three few-shot learning baselines to perform a
comparison with the multi-task architecture leveraged in this work:
a Siamese network [109], ProtoNET [228|, BioBERT [124], Clinical-
BERT [10] and PET [210].

Q2: Effects of multi-task learning. Can it improve the per-
formance w.r.t. single-task models? We select one of the pub-
licly available biomedical pre-trained transformer architectures as the
base for our multi-task MT-DNN model, which is then enhanced with
Knowledge Distillation and compared with single-task performance
over the entire training-sets. Furthermore, we study how knowledge
distillation impacts the overall performance by analyzing the effects
of different values assigned to the loss weight A

Q3: Tasks influence analysis. What are the main influenc-
ing factors in multi-task learning? Different datasets can have
a different impact over the multi-task performance. We will analyze
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similarities and differences between datasets to understand their ef-
fects on positive and negative transfer when training the multi-task
model. On the basis of the above, we will analyze the mutual in-
fluence between different tasks by pairwise training, i.e. selectively
excluding datasets from the training procedure to analyze their over-
all effects over the multi-task performance.

e Q4: Few-shot scenarios. How does the performance vary in
few-shot scenarios? We are interested in the understanding of the
value of multi-task learning when only a few set of data is available
for each dataset, and how its effects vary when the training dataset
increases. More in detail, we will train our multi-task models by
simulating few-shot scenarios in where only k training examples are
available for each dataset (with k varying from 1 to 1000) and we
will test their performance over the entire test set.

9.3.1 Training parameters

In this section we report the training parameters used in our experi-
ments. We fixed the input sequence length to 512 and the batch size
to 8. We used the training parameters suggested in Liu et al. [150] for
both the multi-task and single-task experiments. In particular, we con-
ducted experiments by setting various hyperparameters such as learning
rate, weight decay and optimizer using an initial random search and sub-
sequently performing a greedy search focusing on the neighborhood of the
default values on a subset of the training data, as commonly done in the
literature. These preliminary experiments confirmed the suggested param-
eter values. Thus, we used an Adamax optimizer with learning rate set
to He-5 and weight decay to 0.01 with adam eps to le-7. To avoid gra-
dient explosion, the grad clipping parameter is set to 1.0. Additionally,
we provide an empirical study on the value of the loss weighting parameter
A used in the knowledge distillation process.

When the training procedure involves the entire training dataset or
at least 1000 examples, we set the number of epochs to 10 (in both the
single-task and multi-task cases), while we set it to 20 in 1-, 10-, 50- and
100-shot scenarios.

The loss functions vary according to the type of approach: in single-
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task and simple multi-task learning, we use the cross-entropy loss; when
using knowledge distillation, we experimented with MSE and a hybrid loss
formed by cross-entropy and Kullback Leibler divergence.
The training parameters used for few-shot baselines are reported as
follows:
e Siamese Network [109]: we use GloVe embeddings (embedding size
= 100)

e ProtoNET [228]: learning rate is set to le-5, Euclidean loss is
used and the support set varies depending on the number of shots.
In 1-shot training, a support set equal to 1 is necessarily chosen; in
10-shot training we select a support set equal to 5 and this value
remains the same in all the other scenarios due to RAM availability
constraints.

e BioBERT [124] and ClinicalBERT [10|: same parameters used to
train our multi-task networks.

e PET [210]: 5 epochs with 250 steps, learning rate set to le-4,
batch size to 8, weight decay to 0.01. Furthermore, we initial-
ize the weights of the transformer architecture with the biomedical
checkpoint publicly made available in [127], which is the same we use
for our MT-DNN models.

Note that the number of epochs and the learning rate were selected
based on the complexity of the model and the amount of data available, and
were determined through appropriate tuning to avoid overfitting,obtaining
the best possible model on the validation set. It was observed that as the
amount of data increased in few-shot tasks, fewer training epochs were
required. To maintain fairness in comparing the results between the dif-
ferent tasks, common evaluation metrics such as F1, recall, and precision
were used. The dependence on the number of shots and the initialization
of the various networks was mitigated by sampling with 5 different seeds
for each shot of training for each task, and initializing the network with
these seeds during different trainings. This helps to increase the reliability
and generalizability of the results and ensure a fair comparison between
the different tasks.
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9.3.2 Results

Q1: Comparison with few-shot baselines Tables 9.1, 9.2 and 9.3
report the comparison between our framework and state-of-the-art base-
lines in terms of precision, recall and F1 scores, respectively.

The results presented in Table 9.1 indicate that ProtoNET yields the
highest precision in scenarios with extremely limited training data (1-shot
and 10-shot). This method is based on a prototypical network that em-
phasizes on the representation of each relation type and the calculation
of prototypes for each relation type, which enhances precision in relation
identification when the training samples are relevant. However, when a
slightly larger number of training samples are available, the multi-task
learning approach demonstrates superior performance. This is due to the
information shared among the three relation extraction tasks and the in-
creased robustness and generalization capability of the model resulting
from the larger number of training samples.

Despite its precision in identifying relations, ProtoNET exhibits a low
recall as evidenced by the results presented in Table 9.2. The utilization of
language models pre-trained with biomedical data as BioBERT and Clini-
calBERT, the implementation of prompts in PET, which effectively lever-
ages the knowledge gained by language models, and multi-task approaches
that incorporate information from additional tasks may enhance recall and
thus make these approaches more suitable for identifying a greater number
of relevant relationships. Among these methods, our multi-task learning
approach guarantees the highest results in terms of recall scores.

To sum up, our approach consistently produced the best results in 50-
shot contexts with regard to precision, recall, and F1. In 10-shot contexts,
our approach still achieved the best F1, as shown in Table 9.3, although
precision was comparable or slightly lower compared to other baselines.
However, our approach excelled in terms of recall, significantly outper-
forming other methods. This is attributed to the use of data from other
tasks, which allowed us to identify a larger number of relevant relation-
ships.

Q2: Effects of multi-task learning The results of utilizing MT-DNN
and its extension through knowledge distillation are presented in Table
9.4. Tt is evident from the table that multi-task learning provides a signif-
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Shots Dataset Siamese ProtoNET ClinicalBERT BioBERT PET Ours
DDI-2013 | 4.96 + 1.66 23.42 + 10.92 5.80 + 2.08 6.50 + 2.11 8.19 + 1.37 6.97 + 2.01

1 ChemProt | 5.63 + 1.87 16.03 + 5.39 4.19 £ 0.77 4.64 + 0.62 6.04 + 1.32 7.57 £ 1.79
12B2-2010 | 3.21 + 0.75 14.19 + 3.06 1.98 + 0.85 2.31 + 0.80 2.55 + 0.92 1.66 + 0.79
DDI-2013 | 6.55 £0.76  33.58 + 4.44  14.52 + 1.42 15.04 £ 0.86 15.03 +£ 1.45 16.00 + 0.88

10 ChemProt | 5.26 £+ 0.79 20.71 + 7.29 10.43 + 1.53 12.73 £ 2.15 11.30 £ 0.56  17.00 £ 0.90
12B2-2010 | 4.79 £ 142  20.37 + 3.58 15.15 +2.97 14.47 £ 277 10.55 £5.04 18.39 + 2.34
DDI-2013 | 11.10 £ 2.74 32.03 £4.34 24.12 £ 1.21 27.17 £1.83 2226 £2.76 35.58 + 4.20

50 ChemProt | 7.77 £+ 2.20 18.62 + 2.30 23.04 + 1.83 27.51 +£1.92 21.44 +1.67 31.40 + 1.19
12B2-2010 | 14.02 £2.09 22.45 £ 2.93 25.89 + 1.50 27.76 £ 3.23 2255 £2.07 29.82 + 2.85

Table 9.1. Comparison of precision scores (mean =+ std values across five
repetitions) with state-of-the-art baselines in k-shot learning scenarios, k €
{1,10,50}.

Shots Dataset ‘ Siamese ProtoNET ClinicalBERT BioBERT PET Ours
DDI-2013 | 23.31 + 14.04 5.04 +£1.90  27.59 £ 8.65 35.92 + 13.37 44.17 + 8.60 34.58 + 10.02
1 ChemProt | 18.06 + 2.29 4.19 £+ 0.85 17.72 + 3.49 21.24 + 2.90 23.15 £+ 5.51 32.05 + 7.95
12B2-2010 | 18.42 £ 6.59 2.73 £0.65 11.74 £ 6.99 14.47 +£1.81  10.78 £ 6.57  6.64 £ 2.90
DDI-2013 | 26.92 +£4.10  6.82 £0.64  60.30 &+ 4.13 67.61 +6.14  62.96 + 6.38 74.22 + 5.26
10 ChemProt | 22.21 + 3.24 4.99 +1.19 42.00 + 6.04 49.21 + 8.98 41.72 + 4.98 64.41 + 6.24
12B2-2010 | 27.20 £ 6.74  3.59 + 0.50  58.88 + 6.67 57.49 +£ 753  61.67 + 2.61 68.23 + 6.67
DDI-2013 | 40.20 + 9.77 718 £ 1.39  71.48 +2.49 7844 £2.22 7830 +234  83.92 + 2.04
50 ChemProt | 29.75 + 7.30 522 +£0.92  68.35 + 3.31 76.56 +£3.86 67.32 +5.14  82.31 + 2.28
12B2-2010 | 50.88 +3.24  3.92 £ 0.54  77.55 + 2.12 7813 £1.02  T1.67 + 2.61 85.21 + 1.38

Table 9.2. Comparison of recall scores (mean + std values across five
repetitions) with state-of-the-art baselines in k-shot learning scenarios, k €
{1,10,50}.

icant improvement for the inference task on the ChemProt and 12B2-2010
datasets. However, it results in a decrease in performance when applied to
the DDI-2013 dataset. The application of knowledge distillation is advan-
tageous for all downstream tasks but fails to outperform the single-task
performance on the DDI-2013 dataset. This phenomenon, referred to as
negative transfer, will be thoroughly analyzed in research question Q3.
Furthermore, we analyzed the impact of knowledge distillation on the
overall performance. In particular, we have performed hyper-parameter
tuning on the weighting parameter A which controls the contribution of
ground truth to the knowlege distillation loss as in Eq. 9.3. Specifically, the
tuning was conducted using shots 1, 10, and 50, while fixing the network
initialization and shot extraction seeds to be the same across experiments
with different A values. The parameters used in these experiments are the
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Shots Dataset Siamese ProtoNET ClinicalBERT BioBERT PET Ours
DDI-2013 | 7.76 + 3.06  8.20 £ 3.31  9.55 4 3.22 10.62 + 3.97 13.82 + 2.38 11.55 + 3.16
1 ChemProt | 8.48 4+ 2.19 6.66 + 1.50 6.76 +£ 1.18 7.68 £+ 0.80 9.51 + 2.03 12.06 + 2.84
12B2-2010 | 5.40 + 1.31 4.53 +0.79 3.38 + 1.55 3.30 +£ 1.12 4.32 + 1.61 3.17 £ 2.07
DDI-2013 | 10.49 + 1.08 11.30 £ 0.84 23.34 £ 1.71 24.17 £ 157 24.22 £ 244  26.32 + 1.41
10 ChemProt | 850 £1.25  8.00 £2.06 16.71 + 2.41 20.21 +£3.44 17.75+£0.94  26.86 + 1.27
12B2-2010 | 8.14 £2.34  6.10 £ 0.87  24.05 £ 4.15 23.07 £3.93 1752 +7.82  28.92 + 3.16
DDI-2013 | 17.36 £4.19 12.07 £1.09 36.06 & 1.55 40.34 £2.13 34.61 £3.50  49.84 + 3.90
50 ChemProt | 12.38 £3.46 8.12 £ 1.19  34.42 4 2.09 40.46 £ 2.53 3251 £242  45.60 + 0.74
12B2-2010 | 20.35 +£ 1.62 6.66 + 0.85 32.63 £ 15.10 40.41 + 3.88 34.22 + 2.18 44.12 + 3.22

Table 9.3. Comparison of F1 scores (mean 4 std values across five rep-
etitions) with state-of-the-art baselines in k-shot learning scenarios, k €
{1, 10, 50}.

same as those used in our multi-task few-shot experiments. The A values
used for tuning are: 0, 0.2, 0.4, 0.6, 0.8, and 1. Results in Figure 9.3 show
that the best F1 score is achieved with A values that imply considering both
the ground truth and teachers. In particular, the optimal value obtained in
every few-shot scenario and with all the datasets — with the only exception
of DDI-2013 (10-shot) — is A = 0.4, slightly biased towards the teacher’s
additional knowledge. Hence, the student network can learn from the
teacher how to capture more subtle and complex patterns in the data
such as uncertainties and correlations between different classes and the
nuances and complexities of the language. However, results degrade when
the student network relies too heavily on the teachers’ predictions.

Q3: Tasks influence analysis We first analyze the three tasks based
on their similarities, and then study their mutual influence and effects in
the multi-task learning framework used.

Differences in syntax. Initially, a vocabulary was derived from each
dataset that encompasses the occurring words. The number of shared
words between the tasks is depicted in the pie chart of Figure 9.4. It
can be observed that the tasks of DDI-2013 and ChemProt exhibit the
highest number of shared words, which is 42.9% of the total vocabulary.
Conversely, the words in the 12B2-2010 dataset are distinct from those in
the other two datasets, with a similarity of 30.8% and 26.3% compared to
ChemProt and DDI-2013, respectively.
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Figure 9.3. Impact of the knowledge distillation on F1 scores in few-shot
learning scenarios (k € {1,10,50}. Results with varying loss weight A. As
A increases, more weight is given to the ground truth instead of relying on

teachers’ knowledge.
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Dataset Task Precision Recall F1
Single Task 83.37 £ 0.76 80.82 + 0.66 82.07 + 0.63
DDI-2013 MT-DNN 83.05 + 0.65 79.96 + 0.79 81.47 + 0.57
MT-DNN+KD (Klb) 82.86 + 0.49 79.67 + 1.09 81.22 + 0.56
MT-DNN+KD (MSE) 83.32 4 0.72 79.86 + 1.06 81.55 + 0.66
Single Task 74.41 4+ 1.64 74.90 £ 1.81 74.62 £ 0.42
ChemProt MT-DNN 75.64 + 0.74 75.38 £ 0.91 75.25 £ 0.26
MT-DNN+KD (Klb)  75.94 + 0.44 75.62 + 052  75.75 + 0.29
MT-DNN+KD (MSE) 75.61 + 0.85 76.31 + 0.82 75.95 £ 0.20
Single Task 75.96 + 1.78 75.64 + 4.25 75.68 £ 1.35
2B2-2010 MT-DNN 76.88 £ 0.79 76.59 £+ 0.84 76.73 £ 0.35
MT-DNN+KD (Klb) 77.31 £0.70 76.74 + 0.54 77.02 £ 0.10
MT-DNN+KD (MSE) 77.56 + 0.82 76.78 £ 0.77 77.17 + 0.12

Table 9.4. Comparison of MT-DNN variants with single-task models over
the entire training sets (results are reported in terms of mean + stdDev).
We experimented MT-DNN in its original version and with the knowledge
distillation procedure described in Section 9.2.1 by using the MSE loss (MT-
DNN+KD (MSE)) and the hybrid loss based on Kullback Leibler divergence
(MT-DNN+KD (Klb)).

In Figure 9.5, the distributions of sentence lengths are presented, where
the sentences are represented as a sequence of words. It is evident that,
despite the similarities in median values across the various tasks, DDI-2013
exhibits a substantial quantity of lengthy sentences, with approximately
1000 instances surpassing 600 words. Conversely, sentences in 12B2-2010
tend to be comparatively shorter in comparison to those in other tasks.

Differences in semantics. The semantic similarity between various
tasks was determined by computing the similarity between sentence em-
beddings generated with SentenceBERT [200]. This was achieved by utiliz-
ing BlueBERT [190] as the primary encoder. The method involved calcu-
lating the cosine similarity score between each sentence from each dataset
and all the examples in each dataset, and then averaging the scores to ob-
tain the similarity score between the target sentence and the three datasets.
To obtain the similarity scores between datasets D and Ds, the average

similarity scores between sentences s € D1 and dataset Do were calculated.
The results presented in Figure 9.6 indicate that 12B2-2010 is the most
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Figure 9.4. Percentage of words shared between pairs of datasets.

heterogeneous dataset, as evidenced by the low similarity score with itself.
This is likely due to the fact that the data was collected from eight distinct
hospitals. Conversely, ChemProt and DDI-2013 demonstrate a high degree
of semantic similarity to each other.

We are interested in understanding the impact of semantic similarity
and dissimilarity on performance when considering pairs of tasks. This in-
vestigation was conducted through the use of pairwise training [230]. The
results presented in Table 9.5 show the scores obtained when multi-task
training was performed with the task indexed in the row and the task
indexed in the column (single-task performance is reported on the diag-
onal). The table reveals that while the performance of the other tasks
is improved through multi-task training, DDI-2013 experiences a negative
transfer, probably due to the absence of long sentences in other datasets,
resulting in a decrease in performance compared to the single-task scenario.
Additionally, the contributions made by DDI-2013 to the performance im-
provement of the other tasks are generally inferior compared to those made
by the other tasks. On the other hand, the 12B2-2010 task, despite its in-
herent high variability, benefits the most from multi-task training.

Q4: Few-shot scenarios We examined the impact of multi-task learn-
ing on performance in scenarios with varying degrees of data scarcity. To




146

CHAPTER 9. MULTI-TASK LEARNING FOR FEW-SHOT BIOMEDICAL RELATION EXTRACTION

5000 DDI-2013

ChemProt
4000 12B2-2010

3000

Count

2000

1000

0 200 400 600 800 1000
Sequence length

Figure 9.5. Sentence length distributions. Median values are marked with a
dotted line.

Task DDI-2013 ChemProt 12B2-2010 All

DDI-2013 82.07 81.69 81.17 81.473
ChemProt 74.86 74.62 75.07 75.25
12B2-2010 76.52 76.60 75.68 76.73

Table 9.5. Pairwise multi-task relationships between datasets. In the first
three columns, single-task results are reported on the diagonal and pair-wise
multi-task results obtained on the row-indexed dataset are reported when it
is used in a multi-task setting with the column-indexed dataset. Multi-task
results obtained by using all the datasets of this study are reported in the last
column.

accomplish this, we measured the performance of multi-task models as
the number of samples (k) increased (k € 1,10,50,100,1000), and the
results are presented in Figure 9.7 in terms of precision, recall, and F1
scores. In contrast to the results obtained in the pairwise experiments as
described in Question 3, we observed a generally positive transfer in per-
formance. Specifically, while the DDI-2013 dataset experienced negative
transfer when utilizing the complete training data, we noted a benefit from
multi-task learning in low-resource scenarios for all datasets, with relative
improvements ranging from 18.3% to 32.4% in F1 scores.

Furthermore, the improvement percentage typically increased as the




9.3. EXPERIMENTS

147

m

=)

o 79.3% 0.88
a

)

- 0.86
e

= 79.7%

5 e -0.84
<

O

g -0.82
N 79.3% 79.7% 78.9%

o

m -0.80
N

DDI-2013 ChemProt 12B2-2010

Figure 9.6. Heatmap showing the semantic similarities across tasks.

amount of training data decreased, reaching a maximum of 77.4% in F1
scores on the ChemProt data in the 1-shot scenario. This aligns with
previous research [266, 230] that emphasizes the potential benefits of multi-
task learning in few-shot learning contexts. Although the improvement
in precision scores either remained constant or increased as the number
of samples increased, there was a notable decrease in recall scores. This
suggests that the advantage of multi-task learning in the few-shot scenarios
investigated is mainly due to the improved ability of the trained model to
differentiate between true positives and false negatives.

We conducted the pairwise experiment in few-shot learning scenarios to
gain a deeper understanding of positive and negative transfer in few-shot
scenarios. The results displayed in Figure 9.8 demonstrate that models
trained in a pairwise manner have comparable scores to the multi-task
models examined in Figure 9.7. The small differences across the pairwise
results can be only observed in recall scores, where we can observe small
decreases in performance when pairing ChemProt with other datasets. Ad-
ditionally, the performance of the pairwise models is consistently higher
than that of single-task models.
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Figure 9.7. Few-shot comparison between single-task and multi-task net-
works. Performance on the three datasets under analysis (rows) is reported
in terms of precision (first column), recall (second column) and F1 (third col-
umn). The improvement percentage of the multi-task network w.r.t. the single
task network is reported for each k-shot setting.
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Figure 9.8. Pair-wise experiment in few-shot scenarios. For each dataset
(rows), multi-task performance obtained with by using all the dataset is com-
pared with multi-task performance obtained by using only one other dataset.
Performance is reported in terms of precision (first column), recall (second
column) and F1 (third column)
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9.4 Conclusion & Future Work

In the presented chapter, a new framework for few-shot biomedical
relation extraction is introduced, leveraging a transformer-based network
combined with a multi-task learning method [150]. This method employs
a shared layer across biomedical RE tasks and establishes a distinct classi-
fication head for each individual task. To optimize performance, a training
structure rooted in knowledge distillation is implemented.

An analysis into the elements leading to positive and negative transfer
in biomedical relation extraction shows that the introduced framework con-
sistently attains positive transfer in scenarios with limited labeled data for
the primary assignment. Furthermore, this strategy consistently outper-
forms contemporary few-shot learning benchmarks in a majority of tasks
and settings, with a notable emphasis on recall metrics, reaching as high
as 84% from just 50 training examples. This data indicates the model pro-
ficiency in accurately recognizing a significant majority of genuine positive
relations.

Nonetheless, the precision metrics reveal potential areas for advance-
ment, particularly in contexts demanding meticulous decision-making. To
refine multi-task model precision, it’s recommended to integrate supple-
mentary attributes like dictionaries and medical ontologies. These re-
sources offer structured vocabularies and semantic guidelines for discerning
relations.

It is critical to underscore that the performance evaluation of the sys-
tem utilized publicly accessible datasets. This may not provide a complete
representation of its efficacy on real-world clinical datasets. As a result,
more rigorous examinations using authentic clinical data are required to
gauge the system’s real-world effectiveness.
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Temporal Knowledge Graphs
for Predictive Analysis of
Patient Medical Histories

In the digital era, Electronic Health Records (EHRs) have become in-
dispensable for healthcare providers, offering a comprehensive compilation
of a patient’s health history—encompassing demographics, medications,
lab results, and treatment plans. This data repository not only augments
the continuity of care and coordination among healthcare providers but
also facilitates trend identification and data-driven decision-making to en-
hance patient care.

Numerous studies have ventured into analyzing the structured informa-
tion within EHRs to predict potential medical issues [198, 139, 221]. How-
ever, a significant portion of EHR data is unstructured, thereby presenting
a substantial challenge in extracting pertinent information for effective uti-
lization. Natural Language Processing (NLP) techniques emerge as a so-
lution, demonstrating capabilities in extracting relevant information from
unstructured data and associating it with medical ontologies [271, 93, 61].

While transformer architectures excel in identifying intricate temporal
patterns within data, their integration with static information—such as
that derived from medical ontologies encapsulating medical scientific lit-
erature—remains challenging. This static information holds potential for
forecasting future disorders. Conversely, Knowledge Graphs (KGs), which
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have recently shown promise in recommendation systems [256], informa-
tion retrieval [153], and natural language processing, present an avenue
for integrating both dynamic and static information. A traditional static
KG is a structured knowledge representation utilizing a graph-based data
topology to integrate factual information in the form of triples, (s,r,0),
where s and o denote the subject and object entities, respectively, and r
represents the relation between them. Medical ontologies, like SNOMED
CT! and UMLS [21], are often structured as hierarchies of concepts, al-
lowing for their representation in the form of KGs.

However, the static nature of traditional KGs contrasts with the con-
tinuously evolving nature of a patient’s health status. This discrepancy
underscores the necessity for alternative representations like Temporal
Knowledge Graphs (TKGs), which adeptly capture the dynamic health
status of patients by extending facts from a triple (s,r,0) to a quadruple
(s,r,0,t), with a timestamp t appended. Consequently, a medical history
can be modeled as a TKG, consisting of multiple snapshots that capture
the patient’s health status at different temporal junctures.

Recent work suggests that incorporating entities’ static information,
such as their types, enhances the quality of the model’s entity representa-
tions [141]. In our endeavor, we amalgamate both the dynamic information
of medical histories and the static information of medical ontologies in a
learning framework, named MedTKG, with an aim to predict future dis-
orders associated with a patient, i.e., the missing objects in the quadruple
(s,r,7,t), where s and r denote the patient and the disorder relation type,
while ¢ represents the timestamp of the query.

Figure 10.1 shows an example of a medical history and the related dis-
order diagnosis task. Each timestamp, denoted by t;, represents a snap-
shot of the patient’s health status at a particular point in time. These
timestamps capture all the events that took place during a single day of
the patient’s hospital stay. The patient is connected to all the concepts
extracted from clinical notes that were recorded at that timestamp. To
ensure that the model does not predict repetitive or periodic events that
have already occurred in the patient’s timeline, we only store new facts
that have not been previously recorded.

Contrary to existing literature on TKGs, the proposed methodology

"https://www.snomed.org
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Figure 10.1. Modelling medical histories with Temporal Knowledge Graphs.
To prognosticate potential disorders a patient may manifest at a subsequent
time point ¢;11, we leverage historical data amassed from ¢y to t;. Within each
timestamp, this data is articulated in the form of a knowledge graph, where the
patient is represented as a pivotal node interconnected to a myriad of medical
concepts encompassing disorders, substances, procedures, and findings.

entails analyzing individual TKGs for each patient within the dataset,
wherein a query (s,r,?,t) does not have a unique object as the correct
answer, but rather a list of all possible disorders that may transpire in the
patient’s future. This approach necessitates modifications to the training
methodology and a revision of the evaluation metrics, leading us to leverage
metrics commonly employed in the field of recommender systems.

Findings illustrate that integrating medical ontologies with the pre-
diction model significantly bolsters its performance, manifesting a +4.8%
relative improvement of mean recall (MR) and mean averaged precision
(MAP) scores, among the others. These outcomes furnish valuable in-
sights for ensuing research in the healthcare domain, and hold promise in
augmenting the decision-making process for clinicians, ultimately aspiring
to enhance patient outcomes.

10.1 Related Work

This section delineates a review of the extant literature pertinent to
electronic healthcare record mining for subsequent disorder prediction em-
ploying deep learning techniques, and recent advancements in Temporal
Knowledge Graphs (TKGs).




CHAPTER 10. TEMPORAL KNOWLEDGE GRAPHS FOR PREDICTIVE ANALYSIS OF PATIENT
154 MEebpicAL HISTORIES

10.1.1 Deep learning for disorder forecasting

Predominantly, prior endeavors in prediction or forecasting have en-
gaged structured datasets or structured data encapsulated in EHRs to
prognosticate a restricted array of prospective events.

A substantive corpus of research has employed transformer-based mod-
els to scrutinize Electronic Health Records (EHRs). For instance, BEHRT
[139] engages a subset of 301 disorders inherent in structured EHR data,
albeit with a limitation to predicting disorders within a specified, pre-
determined temporal frame due to the requisite grouping of information
by patient visits; its multi-label approach may encounter challenges with
escalating numbers of concepts to be predicted. G-BERT [221] utilizes
single-visit samples from EHRs, thus circumscribing its aptitude to cap-
ture extended contextual information and, akin to BEHRT, only leverages
structured data. Med-BERT [198] is trained on structured diagnosis data
encoded via the International Classification of Diseases but is evaluated
on a narrow subset of disorders, thereby impeding a comprehensive assess-
ment of performance. Conversely, MedGPT [114] exploits unstructured
data within clinical narratives, initially executing a Named Entity Recog-
nition and Linking (NER+L) task.

Despite the prowess of transformer-based models in discerning tempo-
ral patterns within data, they exhibit a deficiency in performance aug-
mentation through integration with medical ontologies. These ontologies,
entrenched in scientific literature, have been illustrated to foster more
precise predictions via graph data structures. For instance, GRAM [38]
leverages medical ontologies and the attention mechanism to learn robust
medical code representations, KAME [157] prognosticates future visit in-
formation with medical ontologies, and CompNet [254] discerns correlative
and adverse interactions between medicines, factoring in additional medi-
cal knowledge such as drug-drug interactions.

10.1.2 Temporal Knowledge Graphs

Temporal Knowledge Graphs (TKGs) augment the conventional Knowl-
edge Graph (KG) representation by infusing time-awareness into event
modeling. A variety of TKG methodologies have been proposed includ-
ing TTransE [122] that enhances the translation-based score function em-
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ployed in traditional KG embedding techniques [23] with an additional
time embedding, HyTE [49] which projects entities and predicates onto
a specific time hyperplane, DE-SimplE [69] employing diachronic entity
embeddings to represent entities across different timestamps, ATiSE [270]
learning time-aware embeddings of entities and predicates as a Gaussian
distribution to signify time uncertainty, TeRo [269] extending HyTE by
learning time-sensitive entity and predicate embeddings via rotation oper-
ations specific to various timestamps, and TComplEx [119] which refines
ComplEx by scoring each event through a fourth-order tensor decomposi-
tion encapsulating time information. An array of models have been intro-
duced that integrate Graph Neural Networks (GNNs) or Recurrent Neural
Networks (RNNs) to discern spatial-temporal patterns, such as RE-NET
[98], RE-GCN [141], HIP [78], and EvoKG [186].

10.2 Methodology

In this section, the proposed methodology to tackle the challenge of fu-
ture disorder prediction is delineated. Our strategy takes inspiration from
the work of Li et al. [141], where a Temporal Knowledge Graph (TKG)-
based model is devised by contemplating the interrelationships among si-
multaneous facts, event patterns over time, and intrinsic attributes of enti-
ties. We adapt this strategy to our clinical context (i.e., employing clinical
notes as input to model medical histories and medical ontologies as the
repository of static information for medical concepts) and extend it to
accommodate multiple independent TKGs, each representing a patient’s
medical history.

The architecture of the proposed MedTKG model is illustrated in Fig-
ure 10.2. Subsequent sections will furnish a detailed exposition of each
constituent component.

10.2.1 Inputs

Medical History Commencing with the free text encapsulated in clin-
ical notes, the first step in our architecture is the execution of Named
Entity Recognition and Linking (NER+L), aiming to extract mentions of
clinical concepts of interest and link them to a medical ontology. In our
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Figure 10.2. A methodological flowchart illustrating the steps involved in
processing a single patient’s medical history.

experiments, mentions of disorders, procedures, substances, and findings
were extracted, and linked to the SNOMED-CT ontology employing the
Medical Concept Annotation Toolkit (MedCAT) [113]. This module is de-
signed for facile replacement to meet individual requirements.

Subsequent to the extraction of all pertinent medical concepts from
a patient’s medical history, this knowledge is represented in the guise of
TKGs (refer to Section 3.1.1). While entities ¥ and relations & are shared
across timestamps and TKGs (i.e. the same concept can be present in
different medical histories), facts &; depend on the patient and the current
timestamp. A fact e € & can be formalized as a quadruple e = (s, r,0,1),
where s € ¥, 0 € ¥, r € Z and t is the current timestamp. In this work,
a fact e = (s,r,o0,t) indicates that a patient s is related to the medical
concept o of type r (e.g. disorder, medical procedure, medical substance)
at timestamp ¢.

Medical Ontology Graph To assimilate the knowledge from the med-
ical ontology into the learning framework, it is requisite to represent it as
an Ontology graph, articulated as follows:

Definition 10.1 — Medical Ontology Graph

The ontology graph ¥¢° is a static knowledge graph that models
the knowledge encapsulated in a medical ontology. It is formalized
as a graph ¥° = (¥V°, %%, &%), where ¥° C ¥ is the set of concepts
included in the ontology, #° represents the set of possible relations
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between concepts, and &° denotes the edges.

In this study, the SNOMED-CT medical ontology is employed, and
the links between medical concepts are leveraged. Specifically, two types
of relations are considered: (1) a direct relation, delineated as an "is a"
relationship between two concepts as represented in the ontology, and (2)
an indirect relation, delineated as a relationship between two concepts that
are not directly linked in the ontology, yet share a common parent, i.e.,
they are both related to the same medical concept, also with an "is a"
relationship.

10.2.2 Evolution unit

The Evolution Unit, grounded on the work of Li et al. [141], encom-
passes several elements employed to model the temporal dynamics of the
patient’s health status alongside the static information from a medical
ontology. A Relation-aware Graph Convolutional Network (GCN) is de-
ployed to capture the structural dependencies within the knowledge graph
(KG) at each timestamp. The temporal evolution of the KG is orchestrated
through the amalgamation of two gated recurrent components, specifically,
a time-gated recurrent component and a Gated Recurrent Unit (GRU)
component. These components facilitate the recurrent computation of the
evolutionary representations of entities and relations at each timestamp.
Moreover, a static graph constraint component introduces constraints be-
tween the static embeddings and the evolutionary embeddings of entities
to integrate the static properties of the medical ontology. The objective
of the evolution unit is to yield an entity-embedding matrix H; for each
graph ¢; in the medical history.

In the following, we will describe each module of the evolution unit in
detail.

Structural dependencies The structural dependencies among concur-
rent facts in a knowledge graph are captured to model the associations
among the entities through the facts they participate in. Given their well-
demonstrated ability to learn from multi-relational graph-structured data
[140, 219, 275], a w-layer relation-aware Graph Convolutional Network
(GCN) is employed to model structural dependencies. This approach al-
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lows for a comprehensive understanding of the relationships and depen-
dencies within the knowledge graph, which can be used to enhance perfor-
mance on various knowledge-intensive tasks.

Specifically, given a KG ¥; € .# at timestamp t and the object entity
o € ¥ at layer [, its embedding at the next layer [ 4+ 1 is computed under
a message-passing framework as shown as follows:

1
hﬁf::RReLu(g— 3 VVﬂh;t+ra—%VVQ%¢>, (10.1)
0 (s,r):3(s,r,0)EE

l
where hy, .,

hé,t and r; are the embeddings of the object o, subject s and
relation r at layer [ and timestamp ¢, respectively; Wl1 and VVZ2 are the
parameters for aggregating features and self-loop in the [-th layer; hl&t +ry
implies the translational property between s to o via the relation 7; ¢,
denotes a normalization constant (in-degree of 0); the RReLu activation

function is from Xu et al. [268].

Historical dynamics Sequential patterns in the medical history are
captured by stacking the w-layer relation-aware GCN. To mitigate the
over-smoothing problem [108] and the vanishing gradient problem caused
by long medical histories, a time gated recurrent component is applied as
in [130]:

H =UoH+(1-U)®H,_, (10.2)

where ® indicates the dot-product operation, Hf is the output of the
final layer of the relation-aware GCN and the time gate U, performs the
non-linear transformation U; = 0(W4H;_1 + b), 0 and Wydenoting the
sigmoid function and the weight matrix of the time gate, respectively.
By using the time gate component, the entity embedding matrix H; is
obtained by taking into consideration both the output of the final layer of
the relation-aware GCN HY and the embedding H;_; from the previous
timestamp.

To capture the sequential patterns of relations, a GRU component
is adopted. In particular, given a relation r at timestamp ¢ and its re-
lated entities A7 = {i|(i,7,0,t) or (s,r,i,t) € &}, we compute the input
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for the GRU at timestamp ¢ as the concatenation of (1) the result of a
mean pooling operation over the embedding matrix of entities in A7,
pooling(H;_1, 4, ,) and (2) the embedding r € R of the relation 7:

r; = [pooling(Hy_1_y;,); 1] (10.3)

Then, the relation embedding matrix is updated via the GRU:

R, = GRU(R,_1, R)), (10.4)

where R} contains the r} values for all the relations.

Medical ontology static dependencies

The static embeddings of entities in the medical ontology are obtained
through a 1-layer R-GCN |[211] without self loops. The update rule is
defined as follows, where the ReLLU activation function is employed to
introduce non-linearity into the model:

S 1 S
hi = ReLU(Z S Wen ) (10.5)
’ (r,5):3(i,r5,5)€E*

where hf and h;s denote the i-th and j-th lines of the output matrices
H?® and H'®, respectively; W,s is the relation matrix of r® and ¢; is a
normalization constant equal to the number of entities linked to 7.

10.2.3 Scoring function

The scoring function is devised to compute the conditional probabil-
ity delineated in Section 3.5. Particularly, given the medical history .47,
the probability score of candidate triples (s,r,0) is desired, formulated as
p(ols,r, #:) = p(o|s, r, Hi, Ry) since medical histories are represented with
entity and relation embeddings. ConvTransE [219] is employed as a de-
coder due to its capability of handling multi-relational data in conjunction
with GCNs [248]. The scoring function is thus computed as follows:

p(ols,m, Hy, Ry) = o (HtCoanransE(st, rt)) , (10.6)
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where o(-) is the sigmoid function while s; € H; and r; € Ry are the
embeddings of the subject s and relation r, respectively.

10.2.4 Formulation of the loss function

The loss optimized by our model amalgamates two terms emanating
from the entity prediction task (i.e., .£¢) and the medical ontology con-
straint (i.e., £*). Medical histories corresponding to numerous patients
are processed independently by the model. Thus, given M medical histo-
ries, the loss function is articulated as follows:

M—-1
L= ML+ Ny, (10.7)
m=0
where A\; and Ay are parameters controlling the loss terms. We will describe
the two loss terms in the following and omit the medical history identifier
m for the sake of simplicity.

Entity prediction loss The entity prediction task is treated as a multi-
label learning problem. The loss function is computed as follows:

H

[71-1

= Z Ye+1,ilog pi(ols, r, Hy, Ry), (10.8)
t=0 (s,r,0,t+1)€&t41 =0

where T' is the length of the medical history, y;y1; is the i-th element of
yi+1 and p; is the probability score of entity .

Medical ontology constraint The medical ontology constraint con-
fines the angle between the evolutionary embedding h;; and the static
embedding h{ of the entity 7 at timestamp ¢ not to exceed a threshold
which increases over time. The loss of the medical ontology constraint
component at timestamp ¢ is defined as follows:

[7°|-1
LF = Z max(cos@t — cos(hj, hy;), 0) (10.9)
i=0
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Given a medical history of length T', the medical ontology constraint

loss is £ = Ztho Z7.

10.3 Experiments

10.3.1 Experimental setup
EHRs Dataset

The dataset employed for the training and evaluation of our framework
is the MIMIC-III dataset [100], curated by the MIT Lab for Computa-
tional Physiology. This dataset encapsulates patient data from individuals
admitted to the critical care units of Beth Israel Deaconess Medical Cen-
ter spanning the years 2001 to 2012 and is publicly available for research
purposes. The corpus for our analysis was culled from the entirety of
unstructured clinical notes, aggregating to 2,083,179 documents encom-
passing 46,520 patients.

Subsequent to the extraction of medical concepts via MedCAT, a pre-
processing regimen was enacted. Initially, infrequent concepts, delineated
as those manifesting fewer than 100 instances across the dataset, were ex-
purgated to obviate the potential detriments of rare diseases and possible
patient identification. The conserved concepts were then categorized per
patient and chronologically structured. To augment the robustness and
exhaustiveness of the medical histories, several iterative steps were em-
ployed: 1) A biomedical concept was preserved within a patient’s medical
history if it manifested at least biannually, thus enhancing the precision of
our Named Entity Recognition (NER) and Linking (NER+L) instrument
albeit potentially diminishing recall; 2) Parent concepts of extant concepts
in the timeline, as delineated by the SNOMED ontology, were removed
to attenuate noise and excise redundant information; 3) Medical histories
were segmented into diurnal intervals, and repetitive concepts within a
segment were expunged; 4) Medical histories exhibiting fewer than 10 con-
cepts were precluded from further analysis.

Ultimately, the medical histories were mapped onto the Temporal Knowl-
edge Graph (TKG) structure delineated in Section 3.1.1. While conven-
tional research paradigms employ a singular TKG, typically bifurcated
based on the chronological succession of events for training and testing, our
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Table 10.1. Statistics of the dataset.

Nodes train  dev test Facts train dev test

| Saisorder | 911,418 47,647 49,259

|Eprocedure| 72,511 3,747 3,896
}2d1|‘ §§5 gzg 236 | Sanding| 596,900 31,844 32,470
i "b ‘:g | a2 458 449  |Gsubstanco| 421,551 22,151 22,738

|Ypatient | 36,803 1,947 2,027
| Ydisorder| 1,376 1,330 1,322

2000 A
1750 +
1500 1
1250 1
1000 1

750 A

Test set support

500 ~

250~

0 5 10 1I5 20 25 30 35 40 45
Medical history length

Figure 10.3. Trend of test set support as the length of medical histories
increases.

methodology avails distinct medical histories, thereby engendering multi-
ple TKGs. A segment of these TKGs was designated for model training,
with the remainder allocated for testing. Specifically, the patient data was
apportioned into training, validation, and testing sets, constituting 90%,
5%, and 5% of the dataset, respectively. It’s noteworthy that each patient
in the test set was further bifurcated into numerous test samples reflecting
the entire spectrum of available medical history lengths. The intricacies of
the graph data engendered through our study are elucidated in Table 10.1,
offering a statistical overview of the dataset. Moreover, Figure 10.3 delin-
eates the trend of diminishing support in the test set concomitant with the
augmentation of medical history length, quantified in days.
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Figure 10.4. Relationships found in the medical ontology from source (rows)
to destination (columns) concepts.

Medical Ontology

We employed the SNOMED CT ontology to facilitate a systematic
mapping between all medical concepts and their corresponding codes. This
methodology enabled the identification and analysis of various interrela-
tionships among the encompassed concepts. We considered both direct
and indirect relationships. Direct relationships are epitomized by the is a
relationship between the source and destination concepts, whereas indirect
relationships are characterized by a shared is a relationship between two
concepts and a common ancestor. Figure 10.4 displays heatmaps depicting
the quantity of direct and indirect relationships extracted from SNOMED
CT.

Metrics
We used the metrics defined in Section 3.5.1 to evaluate the perfor-
mance of our method: MRR, TP rate, Hits, MR, MAP.

Training parameters

Based on prior investigative endeavors [141] and empirical evidences,
the training hyperparameters for the evolution unit were judiciously chosen
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to ensure optimal performance. The following specifications were adhered

to:

The embedding dimensionality, denoted as d, was designated a value
of 200, aligning with conventional practice to ensure a rich represen-
tational space.

The depth of the relation-aware GCN, symbolized as w, was fixed
at 2 layers, aiming to balance between model complexity and the
capacity to capture relational dependencies.

A dropout regularization with a rate of 0.2 was implemented across
each layer of the relation-aware GCN to mitigate the potential over-
fitting phenomenon.

The Adam optimizer [107], renowned for its efficacy in handling
sparse gradients, was employed for parameter optimization with a
specified learning rate of 0.0001.

In the context of the medical ontology constraint component, the
RGCN was configured with a block dimension of 2 x 2, and each
layer was subjected to dropout regularization at a rate of 0.2.

Pertaining to the ConvTransE model, the configuration was set to
encompass 50 kernels with a kernel size of 2 x 3, alongside a dropout
regularization rate of 0.2, to enhance the model’s capability in cap-
turing multi-relational nuances.

The training regimen spanned across 10 epochs, executed on an
NVIDIA A100 GPU, ensuring a comprehensive exploration of the
model parameter space.

Model selection was performed based on the highest Mean Recipro-
cal Rank (MRR) score attained on the validation dataset, thereby
ensuring the generalizability and robustness of the model when tran-
sitioned to the testing phase.

This meticulous configuration of training hyperparameters was orches-

trated to harmonize the trade-off between model expressiveness and com-
putational efficiency, thereby facilitating precise and reliable prognostica-

tions.
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10.3.2 Results

In this study, we explore the impact of incorporating static informa-
tion, sourced from a medical ontology, into our machine learning paradigm.
Specifically, we scrutinize the model’s performance modulation in response
to variations in two facets: (1) the influence of the medical ontology con-
straint on the learning loss, and (2) the temporal rate of alteration in the
angle between evolutionary and static embeddings. Our evaluative pro-
cedure is executed employing the metrics delineated in Section 77, sup-
plemented by an assessment of the quantity of concepts leveraged by the
model for prognostication, in tandem with the associated precision scores.

Performance comparison

Table 10.2 delineates the comparative performance outcomes corre-
sponding to diverse medical ontology weights within the framework of the
next-disorder prediction task. A discernible trend emanates from the data,
indicating that the incorporation of medical ontology elicits consistent en-
hancements across the examined metric spectrum. Notably, an optimal
balance appears to be achieved with a weight value of 0.6, which predomi-
nantly yields superior results relative to other weight denominations. This
optimum is perceived to arise due to a harmonious interplay between the
imposed medical ontology constraint and the network’s aptitude for assim-
ilating evolving information, where an excessive weight could potentially
thwart the network’s learning trajectory. Moreover, the elevated true pos-
itive rate and hits values are indicative of a precise model formulation,
albeit the modest recall highlights a conceivable challenge stemming from
the voluminous concept spectrum considered. A plausible remediation
for this caveat might entail the prediction of concepts residing at higher
echelons within the SNOMED-CT hierarchy, notwithstanding the conse-
quential decrement in the model’s response specificity.

Subsequent to the medical ontology weight impact on the training loss,
the model’s capacity for synthesizing static and dynamic information is
modulated by the rate of augmentation in the threshold angle separating
static and dynamic embeddings over progressive timesteps. The insights
from Table 10.3 reveal that elevated pace threshold values (> 15) are syn-
onymous with enhanced performance in the model’s top predictions, owing




Table 10.2. Impact of the medical ontology weight. Best and second-best results are reported in bold and
underlined, respectively. The last row (+%) reports the relative improvements obtained when using the medical
ontology graph.

TP rate Hits MR MAP
Weight | MRR | @1 a3 @5 @10 | @1 @3 @s @0 | @ @ @ @0 @ @ @ @10
1.0 7.25 | 43.27 6548 74.07 82.36 | 4327 37.38 34.27 2897 | 351 883 1294 2008 | 351 682 88 1165
0.8 7.07 | 4173 6473 7443 82.39 | 41.73 36.33 33.69 2862 | 346 866 1297 20.05 | 346 669 87 1155
0.6 7.15 434  66.61 75.05 82.44 | 434  37.85 34.23 2852 | 3.7 9.09 13.3 2013 | 3.7 7.09 9.08 11.85
0.4 7.13 43.54 6534 73.86 81.79 | 43.54 37.13 33.65 2843 | 344 875 1284 19.99 | 344 675 87 1154
0.2 7.02 4214 6452 7371 8239 | 4214 36.26 33.06 2838 | 346 869 1275 20.17 | 346 674 864 1155
0.0 7.21 43.01 6526  74.35 8207 | 43.01 36.92 3415 28.98 | 3.53 875 13.04 20.23 | 3.53 (.82 8.85 11.81
+% | 105 1.2 2.1 0.9 0.4 1.2 2.5 0.3 003 | 48 39 120 103 48 40 26 03

Table 10.3. Impact of the pace of the angle threshold between dynamic and static embeddings. The weight
of the medical ontology graph is set to 1.0. Best and second-best results are reported in bold and underlined,
respectively.

TP rate Hits MR MAP
Angle | MRR ‘ Qi @3 @5 @10 ‘ @] @3 @5 @10 ‘ [@J] @3 @5 @10 ‘ af @3 @5 @
1 7.09 42.88  63.74 73.18 81.57 | 42.88 36.13 329 28.03 | 3.31 833 123 1943 | 3.31 6.44 827 11.05
5 7.2 43.15  65.57 74.98 82.94 | 43.15 37.36 34.26 29.16 | 3.62 8.8 13.13 20.6 | 3.62 688 8.9 11.92
10 7.25 43.27 6548  74.07 8236 | 43.27 37.38  34.27 2897 | 3,51 883 1294 20.08 | 3.51 6.82 8.8 11.65
15 7.18 43.06 66.66 74.86 82.52 | 43.06 37.1 33.77 28.72 | 3.64 8.98 13.01 20.25 | 3.64 6.93 885 11.72
20 7.19 43.49 65.8 73.56  81.71 | 43.49 38.14 3386 28.12 | 3.5 8.75 1253  19.51 | 3.5 6.85 8.68 11.44
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Table 10.4. Impact of the medical ontology weight on the number of con-
cepts ever predicted (CEPQk, k being the number of top-ranked predictions
considered).

Weight ‘ CEP@1 CEP@3 CEP@5 CEPQ@10

1.0 75 152 208 366
0.8 81 146 222 383
0.6 103 202 280 460
0.4 70 146 217 396
0.2 74 144 223 393
0.0 79 165 251 439

to its augmented learning potential from the training dataset, unencum-
bered by the medical ontology constraint. Inversely, diminished threshold
values (< 10) foster superior outcomes across a broader spectrum of top
predictions, thereby empowering the model to retrieve an expanded array
of correct concepts. This dichotomy underscores the intricate balance be-
tween the model’s learning freedom and the guiding framework provided
by the medical ontology, thereby illuminating avenues for fine-tuning the
model to achieve a desired performance contour.

Impact on concepts predicted

In Table 10.4, the extent of conceptual diversity captured by models
with differing weights allocated to the medical ontology graph is eluci-
dated. The data delineates that the prudent integration of the medical on-
tology, contingent on an apt weight assignment during the training phase,
augments the model’s competency in recognizing an expansive array of
concepts. Additionally, the validation trajectory illustrated in Figure 10.5
elucidates a stark contrast between the models. The model devoid of the
medical ontology’s guidance initially discerns a voluminous number of con-
cepts, albeit subsequently succumbs to overfitting, thereby constricting its
conceptual scope. Conversely, the employment of the medical ontology en-
ables a methodical assimilation of diverse concepts, thereby progressively
enriching the model’s conceptual comprehension.

In tandem with evaluating the quantity of concepts prognosticated by
the model, a meticulous examination of the precision in predicting these
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Figure 10.5. Trends of concepts ever predicted (CEP) with different Medical
Ontology weights on validation data over training epochs.

concepts was executed, considering the incidence rate of their manifesta-
tion among the patient cohort. The elucidated outcomes, delineated in Fig-
ure 10.6, substantiate a robust correlation between the model’s efficacy and
the prevalence of the predicted concepts within the patient populace. As
anticipated, the model exhibits augmented performance on concepts that
are frequently encountered throughout its training regimen, attributable
to their elevated support. Intriguingly, the integration of biomedical on-
tologies yields superior outcomes, notably for concepts with diminished
support (as evidenced in the results ranging between 0.6 and 0.8), under-
scoring the advantageous impact of employing medical ontologies in such
scenarios.
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Figure 10.6. Prevalence of concepts in test data (support) vs precision (PQk)
of the model in identifying them. We plot only concepts appearing in more

than the 20% of patients.

Performance vs medical history length

In Figure 10.7, a nuanced interplay between the length of medical histo-
ries and model performance is depicted. Contrary to a monotonic augmen-
tation, a pronounced dip in performance is observed initially, succeeded by
an ascent. This trajectory can be elucidated by the relative predictability
of initial disorders, which is bolstered by the expansive dataset employed,
the circumscribed set of concepts, and the substantial patient cohort ex-
hibiting merely one or two events in their medical annals as illustrated in
Figure 10.3. During the phase corresponding to the performance trough,
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Figure 10.7. Performance trends of models with different weights attributed
to the medical ontology constraint as the length of medical histories increases.

the data is scant and the concept spectrum is broad, rendering prediction
more challenging. Conversely, in the subsequent phase, the enriched time-
line furnishes ample data to facilitate diagnostic inference. A comparative
examination of the curves reveals that the incorporation of a medical on-
tology can significantly enhance the predictive outcomes, particularly for
patients with truncated medical histories. This enhancement is ascribed
to the model’s constrained access to temporal data, compelling it to ef-
fectively harness the knowledge encapsulated in the medical ontology for
more accurate prognostications.

10.4 Conclusion & Future Work

In this chapter, a novel Temporal Knowledge Graph (TKG) framework,
named MedTKG, has been articulated for the prognostication of forthcom-
ing disorders, leveraging both dynamic and static data gleaned from Elec-
tronic Health Records (EHRs) and medical ontologies, correspondingly.
The empirical evidence garnered suggests a promising avenue in augment-
ing the predictive prowess of the model vis-a-vis future disorders through
the assimilation of medical ontologies. Moreover, a meticulous examina-
tion concerning the ramifications of varying parameters, which dictate the
weight accorded to the medical ontology during the training phase, was
conducted. Looking ahead, we envisage amplifying the breadth of our
inquiry by encompassing a diverse array of datasets, inclusive of those ar-




10.4. ConcrusioN & FuTure WoORK 171

ticulated in assorted linguistic frameworks, and broadening our predictive
horizon to encapsulate an extended gamut of medical events, such as medi-
cations and procedural interventions. In a subsequent stride, we are poised
to scrutinize the clinical viability of the MedTKG framework through the
orchestration of a clinical trial in collaboration with healthcare practition-
ers, aiming to evaluate its efficacy in enhancing patient-centric outcomes.
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Case study on Italian data
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Introduction

In previous sections, the challenges faced during the construction and
analysis of a biomedical knowledge graph were explored, especially when
faced with limited data and the incorporation of less-resourced languages.
This foundation sets the stage for the subsequent chapters that delve into
an analysis of individuals accessing healthcare services at a cardiology de-
partment in an Italian medical institution, specifically at the hospital of
Naples Federico II.

The structure of this case study unfolds as follows: in the upcom-
ing Chapter 11, the dataset will be introduced and the methodology for
extracting essential medical events from raw patient histories will be elu-
cidated. Subsequently, an in-depth analysis of the data will be presented
in Chapter 12, with an emphasis on predicting potential adverse events.
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Information extraction

11.1 Raw data from the "Campania Salute" net-
work

The dataset employed in this study has been supplied by the Depart-
ment of Advanced Biomedical Sciences at the University of Naples Federico
II. The dataset has been exported from the Campania Salute (CS) network
[229], an healthcare organization estabilished in 1998 that involves 23 out-
patient hypertensive clinics distributed in different community hospitals of
the metropolitan area of Naples, 60 randomly selected GPs homogeneously
distributed in the same area, and the Hypertension Clinic of the University
of Naples Federico II as the co-ordinating centre.

The CS network facilitates the transmission of clinical information ac-
quired during each patient visit between peripheral healthcare facilities,
such as general practitioners’ offices and community hospitals’ hyperten-
sion clinics, tasked with overseeing low-risk hypertensive patients, and the
coordinating center, primarily responsible for managing high-risk hyper-
tensive patients. The coordinating center collaborates closely with the
peripheral healthcare units in the therapeutic interventions and continu-
ous monitoring of all hypertensive patients. This collaborative effort en-
compasses the evaluation of target organ damage (TOD) and associated
diseases

Patient information is shared via online access to a remote database,
which is seamlessly integrated through the utilization of smartcards. The
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central database leverages the Wincare software developed by TSD Projects
in Milan, Italy. This software comprises distinct sections dedicated to
medical history, physical examinations, biochemical profiles, electrocar-
diographic data, ultrasonography records, additional imaging assessments,
and ambulatory blood pressure monitoring. The clinical and personal data
of the enrolled patients are subjected to robust digital security measures
to ensure confidentiality and data integrity at every access point within
the network.

The dataset employed in this study was exported from the CS net-
work in May 2023. It comprises data pertaining to 57,147 individuals for
whom events have been documented within the CS network, with records
spanning from the year 1980 onward. Figure 11.1a illustrates that 56.9%
of the patient cohort comprises males, while 42.6% are females, with the
remaining 0.5% gender being unknown. The age distribution of patients is
depicted in Figure 11.1b, while Figures 11.1c and 11.1d show the distribu-
tion of events over time and the most occurring event types, respectively.

In the remainder of this chapter, the Information Extraction process
employed to discern and subsequently scrutinize medical conditions, ther-
apeutic interventions, and diagnostic assessments that constitute an indi-
vidual’s medical record will be described.

11.2 Extraction of medical problems from struc-
tured fields

With the collaboration of domain experts affiliated with the Univer-
sity of Naples Federico II (i.e. physicians, medical researchers), who have
been utilizing the Wincare database since the establishment of the CS net-
work, we have formulated a set of rules designed to discern the occurrence
of medical conditions, therapeutic interventions, or diagnostic procedures
within a particular temporal event. In this section, we will furnish com-
prehensive details concerning the concepts of interest and elucidate our
methodology for ascertaining their manifestation in a patient’s record at a
specific timestamp.

Diabetes is a chronic medical condition characterized by elevated levels
of glucose (sugar) in the blood, resulting from the inability of the body
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Figure 11.1. Dataset statistics

to effectively produce or utilize insulin. Insulin is a hormone produced
by the pancreas that helps regulate blood sugar levels by facilitating the
uptake of glucose into cells for energy. There are several types of diabetes,
including Type 1 diabetes, Type 2 diabetes, and gestational diabetes, each
with distinct causes and characteristics. Wincare contains some boolean
fields that can be filled by phsycians by means of checkboxes in their user
interface, that allow us also to identify insuline-treated patients and pa-
tients who are undergoing oral terapy. Additionally, we associate diabetes
with patients exhibiting glycemic levels exceeding the threshold of 126.

Dyslipidemia is a medical condition characterized by abnormal lev-
els of lipids (fats) in the blood. This typically includes elevated levels of




180 CHAPTER 11. INFORMATION EXTRACTION

cholesterol or triglycerides, or an imbalance in the various types of choles-
terol, such as high levels of low-density lipoprotein (LDL) cholesterol, often
referred to as "bad" cholesterol, and low levels of high-density lipoprotein
(HDL) cholesterol, often called "good" cholesterol. Dyslipidemia is a sig-
nificant risk factor for cardiovascular diseases, including atherosclerosis,
heart attacks, and strokes, as it can lead to the accumulation of fatty
deposits in the arteries, narrowing them and impairing blood flow. We
extract the following types of dyslipidemia from categorical fields: statins,
fibers, hypercholesterolemia, hypertriglyceridemia, mixed dyslipidemia.

Smoking habits refer to the routine of an individual of smoking to-
bacco products, such as cigarettes, cigars, or pipes. Smoking habits can
range from occasional or social smoking to heavy and habitual use, and
they can have a significant impact on an individual’s health and well-being,
as smoking is a major risk factor for various diseases, including lung cancer,
cardiovascular diseases, and respiratory conditions. We extract informa-
tion about smoking habits from a semi-structured field that allows us to
distinguish current-smokers, ex-smokers and non-smokers.

Hypertensive disease also known as hypertension or high blood pres-
sure, is a medical condition characterized by consistently elevated blood
pressure in the arteries. Blood pressure is the force of blood against the
walls of the arteries as the heart pumps it throughout the body. When
this pressure remains consistently high, it can put added strain on the
heart and blood vessels, potentially leading to serious health problems.
Hypertensive disease is a significant risk factor for various cardiovascular
problems, including heart disease, stroke, and kidney disease. We detect
the presence of hypertensive disease by checking the entrance gate in the
Wincare database.

Obesity is a medical condition characterized by an excessive and un-
healthy accumulation of body fat to the extent that it can have a negative
impact on a person’s health. Obesity is associated with an increased risk of
various health problems, including heart disease, type 2 diabetes, certain
types of cancer, sleep apnea, and joint disorders, among others. It often
results from a combination of genetic, environmental, and lifestyle factors,
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such as poor diet and lack of physical activity. We extract information
about obesity by leveraging the body mass index (BMI), which is a mea-
sure of weight in relation to height. A BMI of 30 or higher is considered
indicative of obesity.

Chronic Kidney Disease (CKD) is a long-term medical condition
characterized by the gradual and progressive loss of kidney function over
time. The kidneys play a crucial role in filtering waste products and ex-
cess fluids from the blood, regulating electrolyte balance, and maintaining
overall bodily homeostasis. CKD is typically categorized into stages based
on the level of kidney function, with Stage 1 being the mildest and Stage
5 being the most severe. Common causes of CKD include diabetes, high
blood pressure, glomerulonephritis, and polycystic kidney disease, among
others. As CKD progresses, it can lead to various complications, such as
electrolyte imbalances, anemia, bone health problems, and an increased
risk of cardiovascular disease. To identify the CKD stage, we estimate the
glomerular filtrate rate (GFR) from serum creatinine and other readily
available clinical parameters by means of the CKD-EPI (Chronic Kidney
Disease Epidemiology Collaboration) equation [96] shown as follows:

« —1.209
GFR = 141- (ﬁ) <ﬂ> 10.99349¢.1.018 [if female]-1.159 [if black]

" " (11.1)

where scr is serum creatinine (mg/dL), x is 0.7 for females and 0.9 for
males, « is -0.329 for females and -0.411 for males.

Coronary Artery Disease (CAD) is a medical condition character-
ized by the narrowing or blockage of the coronary arteries, which are the
blood vessels responsible for supplying oxygen and nutrients to the heart
muscle. This narrowing occurs due to the buildup of fatty deposits and
plaque on the artery walls, a process known as atherosclerosis. Coronary
Artery Disease can lead to various cardiac events, including acute myocar-
dial infarction, commonly referred to as a heart attack. It occurs when a
coronary artery becomes severely blocked, leading to a lack of blood flow
to a part of the heart muscle, which can result in tissue damage or cell
death due to insufficient oxygen. Treatment options for CAD include:
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o PCI (Percutaneous Coronary Intervention). This is a minimally in-
vasive procedure in which a catheter with a balloon at its tip is used
to open the blocked coronary artery. Often, a stent (a tiny mesh
tube) is placed at the site of the blockage to help keep the artery
open and improve blood flow.

e CABG (Coronary Artery Bypass Grafting). CABG is a surgical pro-
cedure in which a surgeon creates bypasses or detours around the
blocked coronary arteries using blood vessels from other parts of the
body. This allows blood to bypass the blockages and reach the heart
muscle, restoring blood supply.

We are able to identify the presence of CAD, previous acute myocardial
infarction or PCI and CAD by means of boolean values in the Wincare
database.

CAD family history plays a significant role due to genetic factors,
shared lifestyle and shared environmental factors. Knowing the family
history of CAD can be crucial for early detection and prevention. We are
able to identify this information in boolean fields of the database.

Atrial fibrillation (AFib) is a common heart rhythm disorder char-
acterized by irregular and often rapid electrical signals in the upper cham-
bers (atria) of the heart. Instead of contracting regularly and effectively to
pump blood into the lower chambers (ventricles), the atria in AFib quiver
or fibrillate, leading to an irregular heartbeat. This irregular heart rhythm
can disrupt the normal flow of blood in the heart, potentially causing blood
to pool and form clots. If these clots travel to other parts of the body, they
can block blood vessels and lead to serious complications, such as strokes
or heart attacks. Atrial fibrillation can occur for various reasons, including
underlying heart conditions, high blood pressure, obesity, and other med-
ical factors. We extract information about AFib in semi-structured fields
of the database.

Stroke is asudden and often serious medical condition that occurs when
there is a disruption in the blood supply to a part of the brain. This
disruption can be caused by a blocked blood vessel (ischemic stroke) or the
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rupture of a blood vessel (hemorrhagic stroke). Ischemic strokes are more
common and result from the blockage of an artery in the brain, typically
due to a blood clot or plaque buildup. Hemorrhagic strokes occur when
a blood vessel in the brain ruptures, leading to bleeding within or around
the brain. We identify the presence of a previous stroke by means of a
boolean value in the database.

Heart Failure is a medical condition in which the heart is unable to
pump blood efficiently to meet the body’s needs. This occurs when the
heart’s ability to contract and/or relax is impaired, preventing it from ef-
fectively circulating oxygen and nutrient-rich blood to the body’s organs
and tissues. Heart failure can result from various underlying causes, in-
cluding coronary artery disease, high blood pressure, heart valve disorders,
and cardiomyopathy. It is characterized by symptoms such as shortness
of breath, fatigue, fluid retention (edema), and reduced exercise tolerance.
These symptoms can range from mild to severe and can significantly im-
pact an individual’s quality of life. To identify heart failure within our
database, we consider the ejection fraction (EF) measure, which is used
to assess the efficiency of the heart’s pumping function. It represents the
percentage of blood that is pumped out of the left ventricle of the heart
(the main pumping chamber) with each heartbeat. In the context of heart
failure, an ejection fraction value below 40% is used as a diagnostic crite-
rion.

Aortic disease refers to a group of medical conditions that affect the
aorta, the largest and main artery in the human body that carries oxygen-
rich blood from the heart to the rest of the body. We are interested in
identifying the presence of aortic dilation, aortic aneurysm and abdominal
aortic aneurysm in patients from our database. Details are provided as
follows:

e Aortic dilation: it refers to the abnormal widening or enlargement of
the aorta. This can occur in different segments of the aorta, including
the ascending aorta (the portion leaving the heart) and the descend-
ing aorta (the portion extending down the chest and abdomen). Aor-
tic dilation is often a precursor to more serious conditions like aortic
aneurysms or dissections. Based on findings from Evangelista et al.
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[57], we identify aorta dilation when the diameter of the aorta is
greater than 40 mm in male adults and 34 mm in female adults.

e Aortic aneurysm: it is characterized by a localized and abnormal
enlargement or bulging of the aorta, which is the main artery in
the body that carries oxygen-rich blood from the heart to the rest
of the body. This enlargement typically occurs in a weakened area
of the aortic wall, causing the aorta to balloon outward. Based on
findings from Evangelista et al. [57], we identify the presence of
aortic aneurysm when the diameter of the ascending aorta is greater
than 45 mm.

o Abdominal aortic aneurysm (AAA): it is a specific type of aortic
disease that involves the formation of a weakened and bulging area
in the abdominal segment of the aorta. Based on the definition
from Erbel et al. [162|, we identify AAA when the diameter of the
abdominal aorta is greater than 30 mm.

11.3 Dealing with free-text

Electronic Health Records typically comprise a combination of struc-
tured and free-text fields. While structured fields are designed to capture
specific information such as patient demographics, lab results, and med-
ical diagnoses, free-text fields allow healthcare providers to input infor-
mation in a more flexible manner. This flexibility, however, can lead to
inconsistencies and challenges in extracting relevant data. As a matter of
fact, physicians, depending on their habits and preferences, might choose
to enter critical patient characteristics in free-text notes even when some
structured fields had been designed to contain such kind of information.
This variability is a significant hurdle in data extraction as it necessitates
methods to harmonize and reconcile disparate data sources.

To address this challenge, we engaged in collaborative efforts with med-
ical experts to establish a comprehensive nomenclature system encompass-
ing a set of aliases for each concept of interest. Subsequently, we employed
string-matching algorithms in tandem with the creation of meticulously an-
notated datasets designed for Named Entity Recognition, Assertion Clas-
sification, and Entity Linking. We further harnessed the capabilities of
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transformer-based models through extensive training to proficiently tackle
these multifaceted tasks. Comprehensive details about the extraction pro-
cess from unstructured fields will be provided in the remainder of this
section.

11.3.1 Medical Terminology

With the help of physicians who have been using the Wincare database
since the establishment of the Campania Salute network, we have designed
a medical terminology that provides a set of aliases for each concept health-
care providers are interesting to when providing their diagnoses or analyses.
The terminology is reported in Table 11.1.

When analyzing a clinical note, the medical terminology is utilized
within a string-matching algorithm to detect potential medical problems
associated with the patient. It is crucial to emphasize that the mere iden-
tification of a pattern within the clinical note does not inherently indicate
the presence of a medical problem. For instance, it is conceivable that
the physician has simply documented that the patient negates to being a
smoker, which, in fact, signifies the absence of the problem rather than its
presence. Hence, these candidate mentions necessitate additional scrutiny
through an assertion classifier, a NLP system designed to differentiate be-
tween present and absent medical problems. To develop such a classifier,
we have meticulously annotated an extensive dataset, which will be de-
scribed in the subsequent sections.

11.3.2 Datasets annotation

Aiming to extract further information from clinical narratives, our ob-
jective is twofold: firstly, to discern the definitive existence of medical
conditions within a patient’s records, and secondly, to establish a unique
identifier with a biomedical ontology, such as the Unified Medical Lan-
guage System (UMLS). To achieve these aims, we have curated annotated
datasets tailored for the tasks of Named Entity Recognition, Assertion
Classification, and Entity Linking, respectively.




186

CHAPTER 11. INFORMATION EXTRACTION

Table 11.1. Medical terminology. A comprehensive list of aliases is associated
with each specific concept of interest. Note that the aliases are presented in
the Italian language due to the linguistic context of our clinical notes.

Medical concept

Aliases

Diabetes
Dyslipidemia
Dyslipidemia
holesterolemia)
Dyslipidemia
triglyceridemia)
Dyslipidemia (mixed)
Smoker

Ex smoker

(hyperc-

(hyper-

Hypertensive disease
Obesity

Chronic Kidney Disease
CKD (stage 5)

Coronary Artery Disease
(CAD)

CAD family history

Chronic Obstructive Pul-
monary Disease (COPD)
Atrial fibrillation

Previous acute myocardial
infarction

Previous percutaneous
coronary intervention
(PCI)

Previous coronary artery
bypass graft (CABG)
surgery

Stroke

Peripheral revasculariza-
tion

Aortic disease

Heart failure

Peripheral artery disease

Aortic/mitral  valve

placement

re-

Implantable cardioverter
defibrillator (ICD)
Pace-maker (PM)

CRT-d implant

Diabete, diabete mellito, Diabetico, Diabetica, DM, IDDM
Iperlipidemia, dislipidemia, ipercolesterolemia familiare
ipercolesterolemia, colesterolo elevato

ipertrigliceridemia

dislipidemia mista

Fumatrice, fumatore, Fumo di sigaretta, Abitudine tabagica, tabagista, tabagismo

ex Fumatrice, ex fumatore, ex-fumatore, ex-fumatrice, pregressa abitudine tabagica, ex tabagista, ex-tabagista,
ex tabagismo, pregresso tabagismo

ipertensione, Ipertensione arteriosa, Iperteso, ipertesa, ipertensione in terapia, elevati valori pressori

Obesita, obeso, obesa, sovrappeso, BMI elevato

IRC, CKD, insufficienza renale, alterata funzionalita renale, insufficienza renale cronica

dialisi, terapia dialitica

Malattia aterosclerotica coronarica, CAD, angina stabile, malattia coronarica, malattia multivasale, Diffusa malat-
tia aterosclerotica coronarica

Familiarita per CAD, Fratello deceduto con CAD, Sorella deceduta con CAD, Madre deceduta per CAD, Padre
deceduto per CAD, familiarita per IMA, familiaritd per infarto, Famigliaritd per CAD, Anamnesi positiva per
famigliarita, famigliarita per IMA, famigliarita per infarto, Anamnesi familiare positiva per cad

BPCO, insufficienza respiratoria, COPD, bronchite cronica, enfisema polmonare, ossigenoterapia

fibrillazione, FA, Fibrillazione atriale, fibr.atriale paros., F.A. PAROSSISTICA, Aritmia (FA), fibrillazione atriale,
FA permanente, FA parossistica, F.A., Parossismi di fibrillazione atriale, AFib, FibA

SCA, IMA, SCA STEMI, IMA non Q, STEMI inferiore, NSTEMI, SCA NSTEMI, IM grave, STEMI inferior,
STEMI anteriore, IMA NSTEMI, INFARTO MIOCARDICO, NSTEMI, NSTE-ACS, Sindrome coronarica acuta,
infarto miocardico acuto, infarto del miocardio

PCI, Angioplastica coronarica, Rivascolarizzazione miocardica, PTCA + STENT SU CX, ptca + stent IVA,
PTCA, PTCA IVA e CX, PTCA + STENT, PTCA (IVA), Coronarografia + PTCA, PTCA con stent su IVA,
CABG, PTCA +stent, Rivascolarizzazione chirurgica, STENTING C. SX, PTCA per restenosi, impianto di stent
coronarico, impianto di DES, impianto di BMS, Rivascolarizzazione coronarica

CABG, TRIPLICE BYPASS, BY-PASS aorto coronarico, rivascolarizzazione chirurgica, BY pass, AMIS

TIA, ICTUS emorragico, emorragia subaracnoidea, emorragia cerebrale, emorragia subaracnoi, Ictus, ICTUS
EMORRAGICO, Emorragia subdurale, ischemia cerebrale, ICTUS, Ictus cerebri, TIA/Ictus, Ictus Cerebrale
emorragico, Ictus emorragico, Stroke, Accidente cerebrovascolare, CVA, ictus embolico

Endoarterectomia, TEA car. Dx, stent carotideo, endoarteriectomia, TEA carotide dx, STENT Carotideo, PTCA
carotide in. DX, PTCA carotide, PTCA CAR. INT. SX, PTA ICA DX, TEA RICA, TEA, PTA Carotide SX,
TEA carotide, interv carotid dx, TEA sx, tromboendoarterectomia carotidea sx, TEA su ICA, endoarteriectomia
ICA sn, safenectomia dx, safenectomia, embolectomia art inf dx, STENT AA ILIACA, PTCA FEMORALE SUP
DX, safenectomia sn, PTCA + stent arteria iliaca com.dx, PTCA + STent iliaca destra, Angioplastica Iliaca, PTA
femorale superficiale sin e dx, Endoprotesi per aneurisma dell’ arteria iliaca, PTA periferica, rivascolarizzazione
periferica, PTA BTK, Bypass arto-femorale, bypass aorto-bifemorale, PTA renale, stenting renale, stent renale,
angioplastica renale

AAA, aneurismectomia, aneurisma aorta addominale, endoprotesi AAA, Aneurisma aorta, Aneurisma AO ad-
dominale, Aneurisma Add, Endoprotesi AAA, TEVAR, EVAR, Bentall, Endoprotesi aortica, dissezione aortica,
sindrome aortica acuta, rottura aneurisma aortico

sub edema polmonare, scompenso cardiaco, EPA, TEP, edema polmonare acuto, Scompenso, SubEPA, Edema
polmonare, HFrEF, disfunzione ventricolare sinistra, scompenso destro

Arteriopatia obliterante arti inferiori, AOCP, PAD, arteriopatia arti inferiori, arto critico, arto ischemico, Fontaine,
occlusione femorale, occlusione carotide, occlusione iliaco, occlusione iliaca, occlusione iliaco-femorale, occlu-
sione popliteo, occlusione vertebrale, occlusione femoro-popliteo, stenosi femorale, stenosi carotide, stenosi ili-
aco, stenosi iliaca, stenosi iliaco-femorale, stenosi popliteo, stenosi vertebrale, stenosi femoro-popliteo, malattia
femorale, malattia carotide, malattia iliaco, malattia iliaca, malattia iliaco-femorale, malattia popliteo, malattia
vertebrale, malattia femoro-popliteo, ostruzione femorale, ostruzione carotide, ostruzione iliaco, ostruzione iliaca,
ostruzione iliaco-femorale, ostruzione popliteo, ostruzione vertebrale, ostruzione femoro-popliteo, aterosclerosi
femorale, aterosclerosi carotidea, aterosclerosi iliaco, aterosclerosi iliaca, aterosclerosi iliaco-femorale, aterosclerosi
popliteo, aterosclerosi vertebrale, aterosclerosi femoro-popliteo

sost. valvola aortica, Sostituzione valvolare (mitro-aortica), Sost. Valv. AO, Sostituzione valvolare mitralica, ap-
placazione di protesi aortica biologica, Sot. valv. Aortica, Sost. Valv, Sostituzione valvolare aortica, Sostituzione
valvolare mitralica, Valvuloplastica mitralica, SVAo, Protesi valv.mitralica, TAVI, SAVR, Portatore di protesi
meccanica, portatore di protesi biologica, portatrice di protesi meccanica, portatrice di protesi meccanica

ICD, impianto di ICD, Defibrillatore, impianto di defibrillatore, icd

Impianto Pace-Maker, PMK, Pacemaker, impianto PMK, pace-maker
CRT-D, CRT, impianto di CRT, impianto di CRTd, CRTd
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Data preparation

We collected a total of 227,721 documents by extracting all the unstruc-
tured text written by physicians or nurses during hospital admissions. We
retained documents with at least 10 tokens. After this filtering step, we
were left with 175,891 documents.

With the aim to keep as much information as possible from the avail-
able data, the first set of documents to be annotated has been extracted
by clustering all the documents in 2000 groups and retaining their cen-
troids. Specifically, (1) we used a transformer-based model pre-trained on
Italian corpora [215] to compute document embeddings, each consisting in
768 numerical attributes; (2) then, we reduced their dimensionality to 50
attributes by PCA, explaining the 92.8% of the variance in the original
corpus; (3) finally, we applied KMeans clustering and retained the nearest
documents to cluster centroids as the unannotated starting corpus.

Annotators and annotation process

Each of the selected documents has been manually annotated indepen-
dently by two annotators for each of the downstream tasks. Each document
has been annotated by two annotators picked at random from a team of
twenty-eight annotators with backgrounds in biomedical informatics, and
contrasting annotations were then discussed to obtain a consensus.

Due to the high number of documents and the practical infeasibility to
handle the whole set, we have followed a strategy based on Active Learning
(AL) [202]: starting from an initial set of 736 samples, a transformer-based
model has been trained and iteratively used to choose the most informative
samples to be annotated from the available pool of unlabeled documents
according to a bayesian-active-learning uncertainty measure |66, 13]. We
performed a total of 6 iterations, obtaining a final set of 1578 annotated
documents. Active learning has been applied only for the annotations
regarding the NER task: AC and EL samples were then selected from the
same NER dataset.
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Annotation guidelines

We applied the same annotation guidelines as Uzuner et al. [247]'.
Specifically, we annotated mentions referring to three categories:

e Medical problems: observations made about a patient’s body or mind
that are believed to be abnormal or the result of a sickness.

e Treatments: words used to describe actions taken, interventions made,
and medications administered to a patient.

e Tests: phrases used to describe actions taken on a patient or a sample
of body fluid or tissue in order to identify, exclude, or learn more
about a medical problem.

After having identified candidate entity mentions, we are interested in
the following categories of assertions:

e Present (default category): the medical problem is associated with
the patient.

o Absent: the medical problem is not associated with the patient.

e Possible: the patient may have the medical problem, but the note
expresses uncertainty.

e Conditional: The patient only experiences the medical problem un-
der specific circumstances (e.g. allergies).

e Hypothetical: the patient may develop the medical problem.

e Not associated with patient (N/A): the medical problem is connected
to a person other than the patient (e.g. family history).

Note that the AC dataset annotated with these categories is highly
imbalanced, thus leading to poor results. For this reason, the dataset
has been reviewed with the help of medical experts and simplified for the
classification of Present, Absent and Famili History-related mentions.

Finally, we use the Unified Medical Language System (UMLS) metathe-
saurus to link entity mentions to unique identifiers.

! Annotation guidelines for NER, AC and RE from the i2b2-2010 challenge: https:
//www.i2b2.0org/NLP/Relations/Documentation.php
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Table 11.2. NER dataset statistics. Number of mentions per entity type,
total number of sentences per split.

Entity type Training Validation Test
Medical problem 3818 766 820
Treatment 1188 211 228
Test 1491 333 304
Documents 1104 237 237

11.3.3 NLP models

We compare several transformer-based architectures on all the down-
stream tasks. Specifically, we the experimented models are listed below:

e BERT multilingual (cased) [52]: pretrained BERT model on the top
104 languages with a Wikipedia dump using a masked language mod-
eling (MLM) objective. This model is case sensitive.

e XLM-RoBERTa [40]: XLM-RoBERTa model pre-trained on 2.5TB

of filtered CommonCrawl data containing 100 languages

e BERT Italian (cased): pretrained BERT model on an Italian Wikipedia
dump and various text from the OPUS [241] and OSCAR [231] cor-
pora.

We train all our models for 30 epochs with a learning rate of 5-107°,
an AdamW optimizer [154], a batch size of 8 and a maximum sequence
length of 512. We evaluate the quality of methods in terms of precision,
recall and f1 scores.

11.3.4 Named Entity Recognition

We divide NER training data in training, validation and test splits with
a 70-15-15 ratio. Table 11.2 presents details about the resulting datasets,
while Figure 11.2 shows the most occurring mentions for each entity type,
separately.
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(a) Medical problems (b) Treatments (c) Tests

Figure 11.2. Most occurring mentions of (a) medical problems, (b) treat-
ments and (c) tests in our NER data.

Table 11.3. NER results

MedicalProblems Treatments Tests
Model P R F1 | P R F1 | P R F1
BERT multilingual (cased) | 0.859 0.896 0.877 | 0.724 0.663 0.692 | 0.790 0.778 0.784
XLM-RoBERTa 0.895 0.918 0.906 | 0.802 0.766 0.784 | 0.823 0.812 0.818
BERT Italian (cased) 0.896 0.919 0.907| 0.790 0.827 0.808| 0.811 0.835 0.823

Results The results presented in Table 11.3 depict the performance
achieved by our baseline models when recognizing diverse entity types. The
findings indicate a consistent high performance of the BERT model pre-
trained on Italian corpora, across all three entity categories. Conversely,
the XLM-RoBERTa model exhibits superior precision in the identification
of treatments and tests. This observation suggests that XLM-RoBERTa
excels in recognizing mentions with reduced false positives.

11.3.5 Assertion Classification

The datasets annotated for Assertion Classification are presented in
Tables 11.4 (original) and 11.5 (reviewed).

The original dataset is too imbalanced and did not reflect the needs
of medical experts for the classification of assertions. For this reason,
we revised the dataset to get sufficiently high performance while meeting
physicians’ needs. For the sake of completeness, we will provide results
obtained both on the original and reviewed datasets.
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Table 11.4. Assertion Classification dataset statistics (original). Number of
samples per assertion class, total number of sentences per split.

Class Training Validation Test
Present 3733 716 744
Absent 511 96 95
Possible 30 6 8
Conditional 67 16 18
Hypothetical 17 4 5
N/A 24 4 3
Sentences 994 213 214

Table 11.5. Assertion Classification dataset statistics (reviewed). Number
of samples per assertion class, total number of sentences per split.

Class Training Validation Test
Present 5674 702 709
Absent 657 81 82
Family History 151 19 19
Sentences 994 213 214

Results Table 11.6 reports results obtained on the original AC dataset.
While the performance obtained on the Present label is very high, it is
not sufficient on all the other labels. While we could have dealt with
this through imbalance learning techniques, since the medical experts we
have been collaborating were extremely insterested just in recognizing the
presence, absence or the family history of a medical problem, we have
decided to rather revise the dataset to include only these three labels.
Results referring to the revised dataset are reported in Table 11.7.

11.3.6 Entity Linking

Every term annotated for NER has been further processed to link
mentions to the UMLS terminology. We provide a chord diagram of co-
occurring entities in the same sentences in Figure 11.3.

All the entities reported in our training data form a Lexicon that is
used whenever we need to link a mention to UMLS. Specifically, we re-
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Table 11.6. AC (original) results

Model Present Absent Possible Conditional HypotheticalN/A
Precision
BERT multilingual (cased) 0.925 0.606 0.250 0.105 0.000 0.250
XLM-RoBERTa 0.926 0.690 0.000 0.167 0.000 0.500
BERT Italian (cased) 0.933 0.630 0.200 0.158 0.000 0.333
Recall
BERT multilingual (cased) 0.935 0.600 0.125 0.111 0.000 0.333
XLM-RoBERTa 0.957 0.632 0.000 0.111 0.000 0.333
BERT Italian (cased) 0.935 0.663 0.125 0.167 0.000 0.333
F1
BERT multilingual (cased)  0.930 0.603 0.167 0.108 0.000 0.286
XLM-RoBERTa 0.941 0.659 0.000 0.133 0.000 0.400
BERT Italian (cased) 0.934 0.646 0.154 0.162 0.000 0.333

Table 11.7. AC (reviewed) results

Present Absent Family History
Model P R F1 | P R F1 | P R F1
BERT multilingual (cased) | 0.983 0.978 0.980 | 0.835 0.865 0.850 | 0.894 0.894 0.894
XLM-RoBERTa 0.974 0980 0.977 | 0.800 0.829 0.814 | 0.916 0.578 0.709
BERT Italian (cased) 0.985 0.977 0.981| 0.829 0.890 0.858| 0.947 0.947 0.947

quire a numerical representation Veoncept by using a pre-trained language
model [52, 24] as a feature extractor. This process involves feeding each
phrase that contains a specific mention from the Lexicon into the feature
extractor.

The feature extractor takes these input phrases and maps each token
within them to its corresponding word embedding, which we denote as
Veontext- This word embedding consists of an array of numerical features
that represent the token within the context in which it is found. When
mentions consist of multiple tokens, the Vioniert is computed by averaging
the word embeddings of all the tokens in the mention.

After retrieving a Viontest, the overall numerical representation of the
concept Vioncept is updated as follows:

‘/concept = ‘/concept + l?’ : (1 - szm) . ‘/contexta (112)

where [r is a regularization term defined by the reciprocal of the number
of times a mention appears in the whole dataset and sim is the cosine
similarity between Veoncept and Veontert:
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1
lr=——— 11.3
Cconcept ( )
. V. V.
Slm(vconcepta Vcontext) = maX(07 ”‘/Concesz : H‘/conzex; | ) (114)
concep contex

Veoncept 1 initialized to the Vionsers value of the first sentence where
the mention appears.

Results We have applied the methodology described above to link enti-
ties while using the transformer architectures presented in Section 11.3.3.
Results have been evaluated in terms of accuracy and we present them in
Table 11.8.

Although the utilization of transformer architectures pretrained on Ital-
ian corpora has demonstrated its utility also in this context, the results
are worse w.r.t. NER and AC tasks. This diminished performance can be
attributed to the inherent intricacies associated with mapping and aligning
the linguistic structures to biomedical ontologies.

Table 11.8. EL results

Class MedicalProblem Treatment Test

BERT multilingual (cased)  0.594 0.500 0.724
XLM-RoBERTa 0.548 0.400 0.557
BERT Italian (cased) 0.651 0.600 0.729

To delve deeper into the performance of the EL model, we have re-
ported its accuracy in associating with each unique test concept identifier
(CUI), depicted in a descending order in Figure 11.4. Across all entity
types, a consistent pattern emerges: a subset of concepts, approximately
half, is amenable to accurate linking by the model, while another subset
consistently eludes correct association.

Several instances of errors have been documented in Table 11.9. These
instances serve as illustrative demonstrations, highlighting that, notwith-
standing the presence of errors, the model’s predictions exhibit a degree of
semantic relevance to the input entity mention. The applicability of this
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Table 11.9. EL examples. English translations for the input samples are
reported to ease the understanding of international readers.

Sentence Ground truth Prediction

Il pz riferisce dolore toracico qualche giorno fa, per il ripres-  C0002962 C0008031

netarsi della sintomatologia anginosa. (Angina Pec-  (Chest Pain)
(The patient reports chest pain a few days ago due to resur-  toris)

face of angina symptoms.)

Cardiopatia ischemica con indici di funzione sistolica ven-  C0151744 C1869045
tricolare sinistra ridotti a riposo (EF circa 35%). (Myocardial Is-  (Ischaemic heart
(Ischemic heart disease with reduced left ventricular sys- chemia) disease)

tolic function indices at rest (EF about 35%))

Test sottomassimale a medio carico eseguito in terapia farma-  C0000768 C0919620
cologica . Assenza di sintomi, aritmie e anomalie del tratto  (Congenital Ab-  (Electrocardiogram
ST-T. Buono il profilo pressorio normality) ST-T change)
(Mid-load submazimal test performed under drug therapy. Ab-

sence of symptoms, arrhythmias and ST-T tract abnormal-

ities. Good pressor profile.)

Ipertensione Arteriosa Grado III STADIO III TIA/ICTUS. (0038454 C0007787
Rischio cardiovascolare aggiuntivo molto elevato. Controllo (Cerebrovascular  (Transient Is-
farmacologico insoddisfacente. accident) chemic Attack)
(Hypertension Grade III STAGE III TIA/STROKE. Very

high additional cardiovascular risk. Unsatisfactory pharma-

cological control.)

Sospendere gradualmente Atenololo una settimana prima del ~ C1606917 C0162712

test ergometrico ( 1/2 cp per i primi 2 giorni, 1/4 cp per i  (amlodipine 5  (Norvasc)

successivi 2 poi sospende) e sostituirlo con Norvasc 5.

(Gradually discontinue Atenolol one week before the exercise
test (half a tablet for the first 2 days, a quarter tablet for the
next 2 and then discontinue) and replace it with Norvasc 5.)

MG [Norvasc])

model is contingent upon the inherent criticality of the specific application

context.

The accuracy of predictions is inherently dependent on the level of the

similarity value generated by the system. Elevated similarity scores corre-
late positively with heightened prediction accuracy. However, as demon-
strated in Figure 11.5, there exists a discernible inverse relationship be-
tween accuracy and support, i.e. the number of test samples for which the
system can furnish a given similarity threshold. In light of these results,
to guarantee high accuracy while maintaining a good support, we link in-
stances with our model when the output similarity score provided by the
model is higher than 0.8, otherwise we use UMLS query search APIs to
get the most syntactically relevant link to the input mention.
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Figure 11.3. Chord diagram of the Entity Linking corpus. Here we show
the co-mentions of the top 20 UMLS codes. Instead of the concept unique
identifiers (CUIs), we show the name of the terms to ease the understanding
of the plot.
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Figure 11.4. Accuracy of the proposed EL method on the test CUIs, reported
separately for each entity type and in descending order.
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Figure 11.5. Trade-off between accuracy and support at different similarity
threshold levels.
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Analytics

The dataset from the Campania Salute (CS) network, referenced in
Section 11.1, stands as a pivotal repository of clinical information, doc-
umenting a plethora of medical events for a heterogeneous patient pop-
ulation. Using the Information Extraction techniques outlined in Chap-
ter 11, a Temporal Knowledge Graph (TKG) can be constructed for each
patient. These TKGs not only facilitate the structured representation of
patients’ medical histories for domain specialists but also optimize them
for advanced processing through graph-based embedding techniques. In
particular, this chapter explores the application of MedTKG, the method-
odology described in Chapter 10.

In contrast to the strategy in Chapter 10 that employs the SNOMED-
CT ontology, the UMLS ontology is adopted here. This choice broadens
the spectrum of relationships between biomedical concepts, potentially en-
hancing predictive capabilities regarding future adverse events for patients.
The intricate web of relationships within UMLS, when juxtaposed with
SNOMED-CT, may yield superior result quality.

This chapter presents the analysis results. Section 12.1 provides a de-
tailed overview of the methods used to shape TKGs that depict the medical
histories of patients, combined with the Medical Ontology Graph—a collec-
tion of relations extracted from the UMLS Metathesaurus. Following this,
Section 12.2 offers a comprehensive examination of the outcomes, based
on the methodology described in Chapter 10. Illustrative cases processed
using this approach and reviewed by domain specialists are also included.

197
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Figure 12.1. Overview of the TKG extraction flow

12.1 Materials & Methods

12.1.1 Medical Histories: patients TKGs

Figure 12.1 provides a schematic representation of the workflow em-
ployed for constructing a TKG that encapsulates the medical history of a
patient.

This process is initiated by aggregating comprehensive patient informa-
tion from both structured and unstructured sources within the Campania
Salute network. Subsequently, these data are subjected to a Information
Extraction pipeline with methods detailed in Chapter 11.

To be more specific, the proposed methodology extracts a range of
adverse events from structured data using a specific procedure, which is
detailed in Section 11.2. Furthermore, numerous medical concepts are de-
rived from unstructured clinical notes. This extraction uses two methods:
(1) a string-matching algorithm based on medical terminology, and (2) a
transformer-based Named Entity Recognition (NER) model tailored for
Italian medical text. For more information on these methods, see Sec-
tion 11.3.

Concepts extracted from free-text notes is further processed with an As-
sertion Classification model (refer to Section 11.3.5 for details) that filters
out all the non-relevant events (i.e. concepts that are absent, hypotheti-
cal or conditional). Then, while concepts extracted under domain experts
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Figure 12.2. Medical history lengths distributions across training and test
data. We do not report the distribution for validation data since it overlaps
with test data due to the stratified nature of our splitting strategy.

guidance affer to pre-determined categories which are already linked to
UMLS concept identifiers, an Entity Linking step is required for concepts
extracted with the NER model (refer to Section 11.3.6 for details). Infor-
mation extracted with the above-described modalities is then merged and
aligned so as to constitute the medical history of a patient as a TKG, as
defined in Definition 3.3. Events occurring during the same day have been
grouped in the same timestamp. The resulting dataset comprises 16,100
patients.

To empirically evaluate the efficacy of the methods, a systematic par-
titioning of the dataset was performed. Specifically, 80% of the patient
cohort (12,896 patients) was allocated to the training dataset, while the
remaining 20% was evenly distributed between the validation and test
datasets (1,594 and 1,610 patients, respectively). The partitioning was
conducted in a stratified manner, using the lengths of patients’ medical
histories as the stratification criterion. This strategy ensures an equiva-
lent distribution of patients across various historical record lengths in both
the training and test datasets. Figure 12.2 displays medical history lengths
distributions across training and test data, similar to those observed in the
MIMIC-III data as shown in Figure 10.3.

A distribution of the number of extracted concepts for each patient is
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Figure 12.3. Distribution of the number of extracted concepts for each pa-
tient. We limit the x-axis between 0 and 100, though some outliers exceed this
threshold, the maximum value being 301.

shown in Figure 12.3. The majority of concepts extracted refer to disorders
and findings, as summarized in Table 12.1.

Medical Ontology Graph

We use the UMLS query APIs to get all the relationships between
the medical concepts stored in our training data. We take the following
relationship types into consideration:

e RN: the two concepts have a narrow relationship
e RB: the two concepts have a broad relationship

e RO: the two concepts have a relationship other than narrower or
broader.

Based on the 6,812 concepts (CUIs) in the dataset, a total of 1,092
narrow relationships (RN), 475 broad relationships (RB), and 1,728 other
(RO) have been extracted. Figure 12.4 illustrates the interconnections
among the top-5 concept types. The illustration highlights that the pri-
mary associations are between disorders and findings, pathologic functions
and disorders, and within therapeutic procedures.
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Table 12.1. Number of concepts in the dataset splits. We show the oc-
currences of the most relevant concepts separately, and the total number of
concepts in the last row.

Concept type Training Validation Test
Disease or Syndrome 82,028 10,135 10,232
Finding 24,029 2,919 2,959
Therapeutic or Preventive Procedure 17,215 2,109 2,169
Pathologic Function 15,259 1,867 1,925
Diagnostic Procedure 15,138 2,023 1,854
Congenital abnormality 8,738 1,084 1,036
Medical Device 6,176 685 689
Functional Concept 6,116 762 835
Health Care Activity 4,807 619 626
Organism Function 4,366 538 590
Total 221,798 27,451 27,810

12.2 Adverse events prediction

The previously described TKGs and the medical ontology graph will be
harnessed to construct a system capable of identifying potential disorders
that may be linked to patients in the future. This effort will be guided by
the methodology outlined in Chapter 10. It is recommended to refer to the
techniques detailed in Chapter 10 for insights into the prediction of future
disorders. The findings will be presented and analyzed in this section from
various viewpoints.

12.2.1 Results

The experimental results of the proposed methodology methodology
are presented in Table 12.2. The findings demonstrate that the proposed
model exhibits a notable capability to forecast a forthcoming disorder,
finding a true positive at the top-ranking position in approximately 67%
of test samples. As k increases, the TP Rate also increases significantly,
reaching 93.04% when considering the top 10 predictions (k=10). This
indicates that when the system considers more predictions, it becomes
more effective at identifying adverse events correctly. This is a positive
trend, suggesting that the predictions become more reliable as more options
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(a) Narrow (b) Broad (c) Others

Figure 12.4. Relationships between top-5 occurring concept types. Results
are shown for each relationship type, separately.

Table 12.2. Performance of the system for adverse events prediction. k&
indicates the number of top predictions considered for the computation of the
metric (except for MRR, that does not depend from k).

Metric k=1 k=3 k=5 k=10
TP Rate 67.06 82.06 86.9 93.04
Hits 67.06 42.84 31.74 20.42
MR 20.27 33.93 39.76 48.29
MAP 20.27 29.88 32.47 34.96
MRR 42.99

are considered. However, at kK = 1, Hits is equal to TP Rate, but as k
grows, Hits drops more rapidly. This suggests that the system may make
some accurate predictions within the top few predictions but becomes less
accurate as more predictions are included.

Ensuring a robustly high recall rate in the prognostication of prospec-
tive medical conditions poses a challenge that stems from the propensity
of the model to generate predictions for disorders that, while theoretically
plausible, do not manifest in reality. Consequently, this discrepancy gives
rise to negative predictions, exerting a detrimental influence on the mean
recall (MR) metric.

While there has been prior discussion on the general performance of
the system, the focus will now shift to the top 20 most-occurring concepts,
where an enhanced performance is anticipated. Specifically, Table 12.3
showcases precision scores (P@k) for various concepts associated with dis-
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Table 12.3. Precision (P@k) on the 20 most-occurring concepts. Results in
the first quartile are highlighted in green, while those in the last quartile are
highlighted in red.

Disorder or Syndrome PQ1 P@3 P@5 P@il0
Chronic Kidney Insufficiency (co403447) 68.11 84.28 92.24 98.02
Mitral Valve Insufficiency (coo26266) 37.11 85.55 96.42 100.00
Myocardial Ischemia (co151744) 48.89 74.45 86.28 94.28
Chronic myocardial ischemia (co264694) 43.98 56.68 69.59 83.82
Hypertensive disease (C0020538) 12.38 43.89 51.16 73.67
Aortic Diseases (C0003493) 37.85 57.46 80.48 94.80
Dyslipidemias (co0242339) 20.99 34.52 49.18 87.77
Aortic Valve Insufficiency (coo03504) 9.79 27.78 39.95 80.25
Tricuspid Valve Insufficiency (coo4o0961) 10.63 41.95 57.85 94.83
Diabetes (coo11847) 45.10 75.07 85.86 98.12
Cardiomyopathies (cos7ss44) 64.78 69.80 70.33 71.61
Heart failure (coo1sso1) 37.86 63.13 66.34 78.15
Sclerotic aortic valve (c4015488) 13.28 41.28 46.22 53.78
Left Ventricular Hypertrophy (co149721) 23.68 57.20 63.16 79.09
Obesity (coo28754) 21.01 53.70 57.99 71.89
Left cardiac ventricular dilatation (cos44911) = 10.57 21.59 29.56 37.52
Atrial Fibrillation (cooo4238) 12.70 47.58 56.35 61.72
Aortic sclerosis (C1331537) 0.72 17.95 38.42 50.81
Peripheral Arterial Diseases (C1704436) 11.97 44.22 45.03 64.10
Myocardial Infarction (coo27051) 9.16 47.45 72.30 72.30

orders and syndromes. These precision scores represent the percentage of
accurate predictions made by a machine learning model when evaluating
the top k predicted concepts. Additionally, the table emphasizes precision
scores across different quartiles for a comprehensive understanding. Preci-
sion scores in the first quartile are accentuated in green, denoting superior
performance for the respective concept. Conversely, scores in the last quar-
tile are marked in red, signifying a comparatively lower performance.
Analyzing the table, it can be observed that: Chronic Kidney Insuffi-
ctency shows consistently high precision scores across all prediction scenar-
ios, with the highest precision at P@Q10 (98.02%). This indicates that the
machine learning model has a high accuracy in predicting this particular
concept; Mitral Valve Insufficiency also has high precision scores, with per-
fect precision at P@Q10 (100.00%); Myocardial Ischemia exhibits relatively
high precision scores, particularly at PQ1 (48.89%) and PQ3 (74.45%).
However, precision drops as the number of predictions increases, relatively
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Figure 12.5. Trends of performance with different Medical Ontology weights
on validation data over training epochs

to other concepts; Hypertensive disease has a relatively low precision score
at PQ1 (12.38%), indicating that it is more challenging for the model to
predict this concept accurately in the top position. However, the precision
improves as the number of predictions increases. It is worth to note that
Tricuspid Valve Insufficiency is rarely predicted at the top position, but it
is one of the most accurately predicted concepts among the first ten predic-
tions: this means that the model may correctly predict this disorder, but
might not be very confident in doing so. If the model was trained on data
that reflects the clinical decision-making process, it may have learned to
prioritize certain conditions over others based on historical medical prac-
tices.

12.2.2 Training results

In this section, we summarize training results that highlight the impact
of the medical ontology and medical histories.

Trends of performance during the training of the model are shown in
Figure 12.5. Our findings highlight the impact of using the external med-
ical ontology as a source for medical information, that guarantees higher
performance from the very beginning of the learning process.

Figure 12.6 illustrates the trends of concepts ever predicted (CEP)
with different Medical Ontology weights, showing that the use of external
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Figure 12.6. Trends of concepts ever predicted (CEP) with different Medical
Ontology weights on validation data over training epochs.

knowledge guarantees a higher coverage of medical concepts in model pre-
dictions, especially in the top-scoring ones (represented by CEP@1 scores).

Finally, Figure 12.7 reports results showing the impact of leveraging
longer medical histories. Thanks to the inner characteristics of the Italian
dataset, we have observed better results w.r.t. MIMIC-III data (ref. to
Figure 10.7). The metrics that benefit the most from longer medical his-
tories are MRR, TP Rate and Hits, meaning that the model improves its
ability to distinguish between true and false positives.
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Figure 12.7. Performance trends of models with different weights attributed
to the medical ontology constraint as the length of medical histories increases.

12.2.3 Examples

In this section, predictions from the proposed model for a subset of
five test patients, which were not part of the training set, are presented.
Discrepancies between these predictions and the established ground truth
are highlighted. Additionally, all predictions have been analyzed and dis-
cussed with the help of domain experts.

Patient 1 (Figure 12.8) This patient has a complex medical history
with various interconnected disorders and conditions. The ground truth
shows that the patient will be related to Chronic Kidney Insufficiency at
the next time step tg, which is something we would expect. Predictions
provided by MedTKG highlight further medical problems that might be
related to the patient’s history and could possibly manifest in the future.
In the following, we detail every prediction:

e Chronic Kidney Insufficiency (CKI). The patient already has CKI
from t3 to tg. Diabetes and hypertension (from ¢y) are well-known
risk factors for CKI. Over time, high blood sugar levels from diabetes
and high blood pressure can damage the kidneys’ glomeruli, leading
to CKI.

o Mitral Valve Insufficiency. Both hypertension and CKI can con-
tribute to left ventricular hypertrophy and atrial fibrillation, which
in turn can lead to mitral valve insufficiency.




12.2.

ADVERSE EVENTS PREDICTION

207

Opisorder or Syndrome (QFinding ()Diagnostic procedure

(Organism Function (OHealth Care Activity

O Hypertensive disease Crosndiiray
ODmbe(es P @ Blood Chemistry Chronic Kidney - Chronic Kidney Insufficiency
Screening Tests Insufficiency Chronic Kidney
O Former smoker Insufficiency
Predictions (top 10)
- Chronic Kidney Insufficiency
% - Mitral Valve Insufficiency
- Aortic Di
Glycosylated haemoglobin - Fcoh[;:malscascs
ODY"‘P'dC"““ decreased - Aortic Valve Insufficiency
- Tricuspid Valve Insufficiency
H t H t3 H ts H - Premature Ventricular Contractions
to H 2} T 7 T 7 » - Left Ventricular Hypertrophy
: : : - Chronic Myocardial Ischemia
- Cardiovascular Risk
Myocardial scintigraphy Chronic Kidney Chronic Kidney
Insufficiency Insufficiency
i Blood Pressure
Premau@ ventricular OEClhyma
contractions

Figure 12.8. Example of prediction from a given medical history (n. 1)

Aortic Diseases. Hypertension (from ) is a significant risk factor
for aortic diseases as it can cause damage to the aorta’s wall.

Ecthyma. The patient has already had ecthyma at ¢;. Diabetes
(from tp) can impair immune system function and wound healing,
making the patient susceptible to skin infections like ecthyma.

Aortic Valve Insufficiency. Hypertension and left ventricular hyper-
trophy can strain the aortic valve, leading to aortic valve insuffi-
ciency.

Tricuspid Valve Insufficiency. Elevated blood pressure, especially
pulmonary hypertension, can lead to right heart strain and subse-
quently tricuspid valve insufficiency.

Premature Ventricular Contractions (PVCs). The patient has al-
ready had PVCs at t;. Hypertension, left ventricular hypertrophy,
and myocardial ischemia can contribute to the occurrence of PVCs.

Left Ventricular Hypertrophy (LVH). Hypertension (from tp) is a
well-known cause of LVH as it makes the heart work harder to pump
blood, causing the left ventricle to thicken or stiffen.

Chronic Myocardial Ischemia. The presence of diabetes, hyperten-
sion, and dyslipidemia (from t() significantly increases the risk of
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Figure 12.9. Example of prediction from a given medical history (n. 2)

coronary artery disease, which can lead to chronic myocardial is-
chemia.

e (Cardiovascular Risk. The comorbidity of diabetes, hypertension, and
dyslipidemia (from tg), along with CKI and the cardiac issues noted,
significantly heightens the patient’s overall cardiovascular risk.

The interplay of these conditions and their progression over time can
lead to a compound effect on the patient’s health, often exacerbating one
or more of the other conditions in a vicious cycle. Each condition needs to
be managed appropriately to mitigate the risk of further complications.

Patient 2 (Figure 12.9) The medical history illustrates a case of a pa-
tient grappling with escalating cardiac complications, prominently affect-
ing the aortic valve and related cardiac anatomy. MedTKG proficiently
pinpoints Sclerotic Aortic Valve and Mitral Valve Insufficiency as plausi-
ble medical concerns for the patient, aligning with expectations since the
medical history mentions Sclerotic Aortic Valve and Macrothrombocytope-
nia with Mitral Valve Insufficiency. Yet, it overlooks Atrial Fibrillation
(AFib), a potentially significant issue warranting consideration in a thor-
ough clinical evaluation and management strategy, given the progressive
nature of the patient’s cardiac ailments.

An analysis of how the predicted future medical problems could be
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related to the historical medical issues of the patient is provided as follows:

e Sclerotic Aortic Valve. Initially mentioned at ¢y and ¢4, sclerotic aor-
tic valve can cause stenosis, restricting blood flow from the heart to
the aorta. This condition can progress over time, leading to symp-
toms like chest pain, fatigue, and sometimes heart failure.

e Aortic Valve Insufficiency. This condition is recurrently mentioned
from t; to t3. It refers to the inability of the aortic valve to close
tightly, allowing blood to flow backward into the heart. This can be
a progression or a consequence of the sclerotic aortic valve.

e Aortic Diseases Mentioned at t1 and t9, aortic diseases could encom-
pass a range of disorders affecting the aorta, potentially stemming
from the sclerotic aortic valve or valve insufficiency.

e Chronic Kidney Insufficiency. Cardiac and renal functions are closely
interrelated. Aortic diseases and hypertension (noted at ¢;) could
lead to renal artery stenosis, impeding blood flow to the kidneys and
resulting in chronic kidney insufficiency.

e Diabetes. While not directly mentioned in the history, hypertension
and aortic diseases can be associated with metabolic disorders like
diabetes. Additionally, diabetes is a risk factor for atherosclerosis,
which may worsen aortic and valvular conditions.

e Mitral Valve Insufficiency. Mentioned at t4 with macrothrombocy-
topenia. Mitral valve insufficiency could result from the dilation of
cardiac chambers and altered hemodynamics noted in earlier times-
tamps.

o Tricuspid Valve Insufficiency. The dilation of cardiac chambers and
increased pulmonary artery pressures mentioned might affect the
function of the tricuspid valve over time.

o Chronic Myocardial Ischemia. Aortic valve disorders and hyperten-
sion can lead to increased cardiac workload, potentially resulting in
myocardial ischemia over time due to inadequate blood supply.
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o Dyslipidemias. Dyslipidemia is a common comorbidity with hy-
pertension and aortic diseases. It might exacerbate atherosclerotic
changes in the aortic valve and vessels.

e Macrothrombocytopenia with Mitral Valve Insufficiency. Mentioned
at t4, it is a rare disorder that presents with both cardiac and hema-
tologic abnormalities. The cardiac alterations observed in earlier
timestamps might have predisposed or coexisted with this condition.

The progressive cardiac issues of this patient, along with associated
findings like increased blood pressure and cardiac chamber dilations, create
a complex clinical picture with intertwined cardiac, renal, and potentially
metabolic disorders.

Patient 3 (Figure 12.10) The patient has a complex cardiovascular
medical history characterized by multiple valvular insufficiencies (mitral
and aortic), aortic diseases, and systemic conditions like obesity, hyper-
tension, diabetes, and dyslipidemia, which are well-known risk factors for
cardiovascular disease. They have also experienced a myocardial infarc-
tion, further complicating their cardiac status. Various diagnostic and
therapeutic interventions have been employed, including the insertion of
a cardioverter-defibrillator, radio-frequency ablation, angiogram, cardiac
electrophysiologic studies, and dilate procedures. Despite these interven-
tions, persistent issues like left atrial dilation, elevated pulmonary artery
pressure, and eccentric hypertrophy indicate ongoing cardiac remodeling
and dysfunction. MedTKG correctly identifies Myocardial Ischemia as a
potential risk for the patient. However, it is worthy to note that Chronic
Myocardial Ischemia — which implies a long-standing or recurring issue
— is ranked higher among the predictions, possibly because the extensive
cardiac history including myocardial infarction at ¢;, the ongoing nature
of their heart problems suggests a more chronic course of myocardial is-
chemia.

In the following, we evaluate how each of the predicted future medical
problems could be related to the patient:

o Mitral Valve Insufficiency. This condition has already been men-
tioned at multiple timestamps (¢, t2, t3). Given the persistence of
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Figure 12.10. Example of prediction from a given medical history (n. 3)

this issue, it may continue to affect the patient or even worsen over
time.

o Aortic Valve Insufficiency. Similar to mitral valve insufficiency, aor-
tic valve insufficiency is also mentioned repeatedly across the times-
tamps (tg, t2, t3). The ongoing presence of this condition indicates
a likelihood of its continuation or progression.

Chronic Kidney Insufficiency. Hypertensive disease and diabetes (t¢)
are well-known risk factors for chronic kidney disease. The heart and
kidney have a complex interplay; issues like heart failure or valvular
diseases can exacerbate kidney dysfunction and vice versa.

Chronic Myocardial Ischemia. The patient has a history of myocar-
dial infarction (1) and other cardiac-related issues, which may pre-
dispose them to chronic myocardial ischemia due to a possible un-
derlying atherosclerotic disease.

Tricuspid Valve Insufficiency. The persistent left atrial dilation, in-
creased pulmonary artery pressure (tg, to, t3), and other cardiac
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abnormalities may place additional strain on the tricuspid valve, po-
tentially leading to tricuspid valve insufficiency.

Heart Failure. The patient has numerous risk factors for heart fail-
ure including hypertension, obesity, diabetes (p), and myocardial
infarction (¢1). Additionally, valvular diseases and reduced ejection
fraction (tg, t2) are direct contributors to heart failure.

Left Ventricular Hypertrophy (LVH). Hypertension (ty) and aortic
valve diseases can cause increased pressure load on the left ventricle,
possibly leading to LVH. The eccentric hypertrophy mentioned (¢,
t9, t3) also points towards an ongoing process of cardiac remodeling.

Aortic Diseases. Aortic diseases were already present at tg. The
patient’s hypertension and aortic valve insufficiency could contribute
to the progression of these aortic diseases.

Myocardial Ischemia. Similar to chronic myocardial ischemia, the
past myocardial infarction (¢;) and potential underlying atheroscle-
rotic disease may predispose the patient to episodes of myocardial
ischemia.

Aortic Sclerosis. The presence of aortic diseases and aortic valve in-
sufficiency (g, t2, t3), along with dyslipidemias (), may contribute
to a process of aortic sclerosis.

Patient 4 (Figure 12.11) The medical history of this patient depicts
a complex and interrelated array of cardiovascular and renal disorders,
alongside interventions and various findings. The potential future medical
issues listed are deeply interconnected with the past medical conditions and
may arise due to the progression of these conditions or as complications
thereof. In the following, we delve into how each of these future medical
problems might be related to the medical history:

e Pericardial Effusion. This condition, which involves the accumula-

tion of fluid in the pericardial cavity, persists in the patient medical
history from timestamp ¢; and could be a result of several existing
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Figure 12.11. Example of prediction from a given medical history (n. 4)

conditions such as heart failure, myocardial infarction, and atrial fib-
rillation. These conditions can lead to inflammation or irritation of
the pericardium, contributing to pericardial effusion.

e Sclerotic Aortic Valve. A sclerotic aortic valve is observed at ¢; and
to, potentially arising from the patient’s dyslipidemias, which could
cause lipid deposition and calcification in the aortic valve, leading to
sclerosis over time.

o Mitral Valve Insufficiency. This might develop due to the left atrial
dilatation noted at t; and to, which could stretch and deform the
mitral valve annulus, leading to mitral valve insufficiency. Addition-
ally, the chronic myocardial ischemia and left ventricular hypertrophy
could further impair mitral valve function.

e Diabetes. Diabetes could potentially develop due to the interplay
between dyslipidemias, chronic kidney insufficiency, and potentially
a sedentary lifestyle or other risk factors not specified in the patient’s
history.

o Aortic Diseases. Aortic diseases might manifest from the existing
sclerotic aortic valve condition, dyslipidemias, and possibly hyper-
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tension (if present). These conditions can cause structural and func-
tional changes in the aorta.

o Tricuspid Valve Insufficiency. This could arise due to the atrial fib-
rillation and right-sided heart changes secondary to left-sided heart
conditions like heart failure and mitral valve insufficiency.

e Aortic Valve Insufficiency. This could result from the progression
of the sclerotic aortic valve condition and possibly exacerbated by
chronic myocardial ischemia.

e Chronic Myocardial Ischemia. The patient’s history of acute myocar-
dial infarction, dyslipidemias, and coronary revascularization sug-
gests a background of coronary artery disease, which could progress
to chronic myocardial ischemia.

o Left Ventricular Hypertrophy (LVH). LVH might develop as a com-
pensatory response to the increased workload from aortic or mitral
valve disorders, hypertension, or the progression of heart failure.

o Hypertensive Disease. Hypertension might either pre-exist or de-
velop secondary to chronic kidney insufficiency and heart disorders.
The interplay between renal and cardiac function, alongside the dys-
lipidemias, creates a fertile ground for hypertensive disease.

Each of these future medical problems reflects the complex interactions
and the cumulative burden of cardiovascular and renal conditions in the
patient’s medical history. Early identification, monitoring, and manage-
ment of these potential future issues are crucial for improving the patient’s
prognosis and quality of life.

Patient 5 This patient has a complex medical history involving cardiac
issues, which may predispose them to a variety of other health conditions in
the future. Our model correctly identifies CKI within the top-3 predictions
as one of the possible future disorders. Below is a step-by-step explanation
of how each medical problem listed might be related to the patient in the
future based on their past medical history:
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Figure 12.12. Example of prediction from a given medical history (n. 5)

Dilated Peripartum Cardiomyopathy (DPCM). This condition is al-
ready part of the patient’s medical history. It’s a form of heart failure
that occurs during pregnancy or in the postpartum period, leading
to dilation and poor contraction of the heart chambers.

Mitral Valve Insufficiency. The dilation and impaired contraction of
the heart chambers in DPCM could adversely affect the function of
the mitral valve, leading to mitral valve insufficiency, where the valve
does not close properly and allows blood to flow backward into the
heart.

Chronic Kidney Insufficiency. Heart and kidney function are closely
related. Poor cardiac function from DPCM or other cardiac issues
can lead to decreased blood flow to the kidneys, potentially resulting
in chronic kidney insufficiency.

Diabetes. While not directly related to the cardiac issues, people with
cardiovascular disease may have a higher risk of developing diabetes,
possibly due to shared risk factors like obesity and hypertension.

Aortic Diseases. The patient has a congenital abnormality, Bicuspid
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Aortic Valve, which could predispose them to aortic diseases, like
aortic stenosis or aortic aneurysm.

o Tricuspid Valve Insufficiency. Similar to mitral valve insufficiency,
the dilation of heart chambers in DPCM could affect the tricuspid
valve’s function leading to tricuspid valve insufficiency.

e Chronic Myocardial Ischemia. DPCM and other structural heart
issues could lead to inadequate blood supply to the heart muscle
over time, resulting in chronic myocardial ischemia.

o Dyslipidemias. Dyslipidemias are often associated with cardiovascu-
lar diseases. Although not directly linked to the current conditions
of the patient, the presence of heart disease might be associated with
or exacerbated by lipid metabolism disorders.

e Aortic Valve Insufficiency. The Bicuspid Aortic Valve can lead to
aortic valve insufficiency, where the valve does not close properly,
allowing some blood to flow back into the heart.

e Heart Failure. The history of DPCM and other cardiac abnormalities
significantly increase the risk of future heart failure, where the heart
is unable to pump blood effectively to meet the needs of the body.

12.3 Conclusion

In this chapter, the intricate process of applying Information Extrac-
tion methods to the Campania Salute (CS) network Italian dataset was
meticulously explored, culminating in the creation of Temporal Knowledge
Graphs (TKGs), one for each patient in the database. These TKG serves
as a pivotal tool, bridging the gap between vast datasets and actionable in-
sights, particularly in the realm of patient medical histories. MedTKG, i.e.
the TKG-based predictive method proposed in Chapter 10, has been ap-
plied and its predictive capabilities concerning potential adverse events for
patients have been assessed. The experimental results, which underscore
the proficiency model in forecasting forthcoming disorders, have proven the
robustness of the approach and its potential implications in the healthcare
domain.
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In the medical field, much of the data exists in written form, making
it challenging to analyze. The aim of this thesis is to enable computer
systems to interpret and utilize this data to assist healthcare professionals
and patients. This thesis introduces novel methods that allow computers
to process and comprehend medical texts, particularly in languages with
limited digital resources. Once interpreted, the data integrates into knowl-
edge graphs, that enable the design of systems to predict potential health
issues a patient may encounter in the future.

In Chapter 2, the potential of Artificial Intelligence in revolutionizing
precision medicine has been emphasized. The chapter introduced the im-
portance of Knowledge Graphs in this realm, particularly when grappling
with sparse data availability in niche areas like healthcare or in languages
with constrained resources, exemplified by the Italian context. Chapter 3
set the groundwork for this thesis by clarifying the fundamental principles
of Knowledge Graphs. As we explored detailed aspects like Named Entity
Recognition, Entity Linking, Relation Extraction, and Adverse Events Pre-
diction, the depth and breadth of this research began to unfold.

Few-shot learning, a critical theme for languages and domains with lim-
ited resources, took center stage in Chapter 4. The demand for effective
Named Entity Recognition with minimal annotated data in complex areas
such as healthcare was put forth, illuminating the challenges and the need
for innovative solutions. The practical efficacy of pre-trained transformer
models in the realm of Named Entity Recognition, particularly for Spanish
data, was showcased in Chapter 5. This chapter underscored the achieve-
ments of transformer architectures in the BioASQ Disease Text Mining
challenge, highlighting the power and potential of these pre-trained mod-
els in real-world applications.

Data augmentation, a cornerstone for bolstering model performance,
was thoroughly investigated in Chapter 6. Through a novel methodology
based on context similarity, this chapter accentuated the importance of
generating plausible augmented samples, minimizing noise, and ensuring a
consistent improvement over leading baselines. Building upon this, Chap-
ter 7 introduced an advanced methodology for selecting the most pertinent
samples for enhancing Named Entity Recognition. This policy-based ac-
tive learning framework sought to prioritize the most impactful augmented
samples, shedding light on the untapped potential of data augmentation.
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While data augmentation methods have been designed and tested for
few-shot scenarios, there exist many annotated datasets for the recognition
of medical mentions from unstructured text. However, since they are very
costly due to the time needed and the expert knowledge needed for the an-
notation efforts, they usually specialize for one single entity type. Chapter
8 addressed a pivotal challenge: the fusion of multiple single-entity biomed-
ical datasets into a unified model. TaughtNet offers a solution, showcasing
the strength of knowledge distillation and multi-task learning.

With the focus shifting to relation extraction in Chapter 9, a multi-
task learning paradigm, grounded in transformer-based architectures, was
articulated. This model harnessed the strengths of shared encoding layers,
amplifying performance even in scenarios constrained by limited data.

Chapter 10 introduced the novel Temporal Knowledge Graph frame-
work, MedTKG. By amalgamating dynamic medical history data from
Electronic Health Records with static information from medical ontolo-
gies, MedTKG promised a powerful tool for predicting future disorders in
patients. In this chapter, the framework has been tested on MIMIC-III
(Medical Information Mart for Intensive Care III), which is a large, freely
available database comprising de-identified health-related data associated
with over 40,000 patients who stayed in critical care units of the Beth Is-
rael Deaconess Medical Center between 2001 and 2012. The dataset was
developed by the Laboratory for Computational Physiology at the Mas-
sachusetts Institute of Technology (MIT).

Chapters 11 and 12 brought the research home, focusing on the real-
world application of the techniques developed. Using an extensive Italian
dataset from the CampaniaSalute network provided by the Department of
Advanced Biomedical Sciences at the University of Naples Federico II, the
process of information extraction from clinical notes was elaborated upon.
Then, MedTKG has been trained on the resulting temporal knowledge
graphs representing patients medical histories. The results, validated with
domain experts, revealed the efficacy of the methodologies in extracting
relevant insights and predicting potential disorders.

While the contributions of this thesis are manifold and profound, future
work might be devoted to handle several limitations.

The MedTKG models presented in this study possess limited gener-
alizability as they were trained specifically on the MIMIC-III and Cam-
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paniaSalute datasets, which focus on critical care and hypertensive units
respectively. Consequently, these models may not perform optimally out-
side their respective training domains. Future research should explore
integrating datasets from various hospital departments to develop a more
universally applicable model.

Furthermore, while we have shown that the utilization of static rela-
tionships between medical concepts produces an enhancement of model
performance in predicting future disorders, the influence of such static
information has the potential to be even greater. Notably, association net-
works between genes, disorders, symptoms, treatments, and other related
factors are being developed by many researchers [156, 76, 70|. Integrating
these networks into the system could further amplify its performance.

Another field of promising exploration is undoubtedly the extraction
of valuable information from specialized healthcare unstructured data in
low-resource languages, with a focus on employing Large Language Models
(LLMs). Recent advancements have showcased the significant potential of
LLMs in zero-shot contexts, which is particularly compelling for the health-
care sector. A notable instance is the utilization of LLMs like InstructGPT
for zero- and few-shot information extraction from clinical text, despite the
models not being specifically trained for the clinical domain [7].

Furthermore, in the realm of healthcare diagnostics, the integration of
Explainable Artificial Intelligence (XAI) stands as a promising, and nec-
essary, frontier. The complexity and critical nature of medical decision-
making demand not only accuracy but also transparency in Al-driven sys-
tems. In light of this, being easy-visualizable and explorable, knowledge
graphs offer a good potential for explainability, as proven by current litera-
ture [6]. Thus, future research could focus on developing XAI models that
provide clinicians with comprehensible insights into the decision-making
process of Al algorithms.

Additionally, the fusion of XAI with patient-specific data interpreta-
tion could pave the way for more personalized healthcare, where Al not
only diagnoses but also explains variations in disease manifestation and
treatment responses among individuals. This human-centric approach in
Al could revolutionize the way healthcare providers interact with technol-
ogy, making it a collaborative tool rather than a mysterious black box

In conclusion, this thesis demonstrates the significant potential of Arti-
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ficial Intelligence (AI) in advancing the field of precision medicine. Despite
existing challenges and unexplored areas, the forward trajectory, guided by
the findings and methodologies of this research, is ripe with opportunities.
The integration of Al and healthcare, as showcased in this work, extends
beyond mere technological innovation; it signifies a substantial promise for
improved healthcare delivery. This amalgamation holds the potential to
usher in an era of personalized, accurate, and proactive healthcare solu-
tions.
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