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Resumo

A crescente disponibilidade de dados de unidades de cuidados intensivos cria oportunidades para
0 apoio a decisdo clinica baseado em inteligéncia artificial, mas introduz desafios relacionados
com heterogeneidade, dados em falta, irregularidade temporal, multimodalidade e generalizacdo
entre bases de dados. Esta dissertacdo aborda estes desafios através da revisdo de pipelines de
harmonizagao de dados de cuidados intensivos e de modelos de inteligéncia artificial clinica, bem
como da implementagcdo de uma metodologia de benchmarking para modelacdo preditiva com
dados estruturados em diferentes bases de dados e tarefas clinicas.

A revisdo de 32 estudos sobre pipelines de estruturacdo e harmonizagdo de dados mostrou
melhorias na reprodutibilidade e no processamento de diferentes conjuntos de dados, mas também
uma frequente falta de integracdo com modelos generativos e sistemas de apoio ao raciocinio
clinico. Por sua vez, a revisdo de 23 estudos sobre inteligéncia artificial generativa revelou que
as solucdes baseadas em modelos de linguagem estavam frequentemente pouco integradas em
pipelines de dados clinicos reutilizdveis. Esta lacuna motivou a avaliacdo da reutilizacdo dos
dados harmonizados em modelos diferentes dos originalmente previstos.

A pipeline METRE foi adaptada e alargada as bases de dados MIMIC-IV e eICU através da
reconstru¢io de componentes de processamento indisponiveis, da geracdo de representacdes lon-
gitudinais preparadas para modelacdo e da implementagdo de um protocolo unificado de treino
e avaliacdo. O benchmark incluiu modelos de referéncia de aprendizagem automatica, arquite-
turas de redes neuronais derivadas do METRE e uma adaptacio da arquitetura externa EMERGE
baseada em dados longitudinais estruturados de registos eletrénicos de saide. A avaliacdo com-
binou validacdo cruzada estratificada com 10 folds, otimizacdo Bayesiana de hiperparametros,
conjuntos de teste internos e externos e intervalos de confianca obtidos por bootstrap.

Os resultados demonstraram que a otimizagdo bayesiana de hiperpardmetros melhorou vérias
configuragdes modelo-tarefa relativamente as configuracdes de referéncia propostas pelos autores
dos benchmarks originais, embora os ganhos ndo tenham sido uniformes. A mortalidade foi
a tarefa mais robusta e transferivel, enquanto a insuficiéncia respiratéria aguda e o choque se
mostraram mais sensiveis as diferengas entre bases de dados e as varidveis relacionadas com trata-
mentos. O modelo Random Forest manteve um desempenho competitivo face a modelos mais
complexos, sugerindo que os dados harmonizados preservaram informagdo preditiva relevante.
A adaptacdo do EMERGE demonstrou que os dados processados pelo METRE podiam supor-
tar o ramo longitudinal estruturado de uma arquitetura externa. A avaliacdo externa revelou uma
degradacdo do desempenho em vadrias tarefas, confirmando que a validacdo interna, por si s6, é
insuficiente para avaliar a robustez clinica. Globalmente, esta dissertacdo apresenta uma revisao
critica e uma metodologia reprodutivel de benchmarking aplicada a diferentes bases de dados,
tarefas e familias de modelos.

Palavras-chave: Unidade de Cuidados Intensivos, Inteligéncia Artificial, Registos Eletronicos
de Satide, Harmonizacao de Dados, Modelagao Preditiva Clinica, Avaliacdo entre Bases de Dados,
Benchmarking.



Abstract

The increasing availability of intensive care unit data creates opportunities for artificial
intelligence-based clinical decision support, but also introduces challenges related to hetero-
geneity, missingness, temporal irregularity, multimodality, and cross-database generalisation.
This dissertation addresses these challenges by reviewing intensive care data harmonisation
pipelines and clinical artificial intelligence models, and by developing a benchmark-oriented
workflow for structured prediction across databases and multiple clinical tasks.

The review of 32 studies on data structuring and harmonisation pipelines showed improve-
ments in reproducibility and cross-dataset processing, but also a frequent disconnection from
downstream generative and reasoning-based models. Conversely, the review of 23 generative
artificial intelligence studies found that language-model approaches were often weakly connected
to reusable clinical data pipelines. This gap motivated the exploration of whether harmonised
pipeline outputs could support models beyond those originally included in the pipeline.

The open-source METRE pipeline was adapted and extended for MIMIC-IV and eICU by
reconstructing unavailable processing components, generating model-ready longitudinal repre-
sentations, and implementing a unified model training and evaluation protocol. The benchmark
included baseline machine-learning models, METRE-derived neural-network architectures, and
an adapted external EMERGE architecture using structured longitudinal electronic health record
data. Evaluation combined stratified 10-fold cross-validation, Bayesian hyperparameter optimisa-
tion, internal and external test sets, and bootstrap confidence intervals.

The results showed that Bayesian hyperparameter optimisation improved several model-task
configurations relative to the reference configurations proposed by the original benchmark authors,
although the gains were not uniform. Mortality was the most robust and transferable task, whereas
acute respiratory failure and shock were more sensitive to database shift and treatment-related
variables. Random Forest remained competitive with more complex models, indicating that the
harmonised representation retained relevant predictive information. The EMERGE adaptation
demonstrated that METRE data processing outputs could support the structured longitudinal-data
branch of an external model architecture. External evaluation revealed performance degradation
across several tasks, confirming that internal validation alone is insufficient to assess clinical ro-
bustness. Overall, this dissertation provides a critical review and a reproducible benchmarking
workflow spanning databases, tasks, and model families.

Keywords: Intensive Care Unit, Artificial Intelligence, Electronic Health Records, Data Har-
monisation, Clinical Predictive Modelling, Cross-database Evaluation, Benchmarking.
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UN Sustainable Development Goals

The United Nations Sustainable Development Goals (SDGs) provide a global framework for pro-
moting social, economic, and environmental development. The framework comprises 17 goals'
addressing major global challenges, including health, education, inequality, climate change, inno-
vation, peace, and justice.

This dissertation is primarily aligned with SDG 3, Good Health and Well-being, and SDG 9,
Industry, Innovation and Infrastructure. Its contribution is methodological and research-oriented
rather than directly clinical. Although the developed workflow was not deployed as a clinical
system, this work investigates data harmonisation, predictive modelling, benchmarking, and cross-
database generalisation in intensive care. These contributions may support the future development
of more robust and transferable early-warning and risk-prediction systems for critical care.

The specific Sustainable Development Goals considered are:

SDG 3 Ensure healthy lives and promote well-being for all at all ages.

SDG 9 Build resilient infrastructure, promote inclusive and sustainable industrialisation and fos-
ter innovation.

lhttps ://sdgs.un.org/goals

il


https://sdgs.un.org/goals

v

SDG Target Contribution Performance Indicators and Met-
rics
3d The dissertation evaluates predictive models | Predictive performance measured
3 for clinically relevant intensive care outcomes, | using AUROC, AUPRC, accuracy,
including hospital mortality, acute respiratory | precision, sensitivity, specificity,
failure, and shock. This contributes to research | Fl-score, and min(+P,Se); Num-
on early-warning and clinical risk-prediction | ber and type of clinical prediction
systems. tasks evaluated.
3d The study assesses model generalisation | Internal and external test perfor-
across independent Intensive Care Unit (ICU) | mance; Differences between inter-
databases, providing evidence on the ro- | nal and external evaluation metrics;
bustness and transferability of predictive ap- | Identification of tasks and models
proaches beyond the database used for model | with reduced cross-database trans-
development. ferability.
9.5 The dissertation adapts a multidatabase ICU | Number of databases processed;
? extraction and harmonisation pipeline and es- | Number of clinical tasks and model
tablishes a standardised experimental work- | families evaluated; Consistency of
flow for training, validating, and comparing | cohort construction and preprocess-
multiple predictive models. ing across databases; Documenta-
tion of experimental configurations
and results.
9.5 The work investigates whether harmonised | Integration of the adapted architec-

representations generated by Multidatabase
ExTRaction PipEline (METRE) can support
models beyond those originally included in the
pipeline, through the adaptation and evaluation
of the EMERGE time-series architecture.

ture with METRE-generated data;
Comparative performance of clas-
sical machine-learning baselines,
neural-network models, and the
adapted external architecture under
a common evaluation protocol.
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Chapter 1

Introduction

The project presented in this dissertation was developed with the support of Fraunhofer Portugal
Research and carried out at Fraunhofer Portugal AICOS, in Porto. This work was conducted
within the scope of the Master’s in Biomedical Engineering (MEB) at the Faculty of Engineering
of the University of Porto (FEUP), corresponding to the dissertation developed during the second
year of the programme and formally completed through the 30-European Credit Transfer and
Accumulation System (ECTS) curricular unit Dissertation.

This first chapter presents the background and motivation of the study, as well as the objectives

and structure of the dissertation.

1.1 Background

Over the last decades, the widespread adoption of Electronic Health Records (EHRs) has funda-
mentally transformed healthcare delivery and clinical data availability [1], [2]. EHR systems store
large volumes of heterogeneous patient data, including demographic information, diagnoses, lab-
oratory results, medication records, imaging reports, and unstructured clinical notes [2]. Although
initially developed to support administrative efficiency and continuity of care, EHRs have become
a central resource for secondary data use, enabling large-scale medical informatics research and
data-driven clinical analysis [1], [3].

Within this high data volume ecosystem, Decision Support Systems (DSSs) have emerged as a
key technological instrument to assist clinicians in managing complex clinical information. Early
DSSs originated from symbolic and rule-based approaches aimed at replicating elements of clini-
cal reasoning [4]. Over time, these systems evolved towards data-driven paradigms, increasingly
relying on statistical and Machine Learning (ML) methods to uncover latent associations within
clinical data and to support, rather than replace, clinical judgement [5], [6]. Formally, DSSs are
defined as computer-based systems that combine patient-specific data with medical knowledge to

improve clinical decision-making at the point of care [4].
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Despite demonstrated benefits in improving diagnostic accuracy, reducing medical errors, and
optimising healthcare resource utilisation, the large-scale adoption of clinical DSSs remains lim-
ited [7]. Persistent challenges include the lack of standardised medical terminologies, semantic
heterogeneity across health information systems, limited interoperability, and difficulties in trans-
ferring and maintaining clinical knowledge across institutional boundaries [7]-[9]. These barriers
are particularly relevant to the development of data-driven healthcare systems, in which clinical
data are continuously generated, analysed, and reintegrated into practice to support evidence-based
improvement [10], [11].

These challenges are amplified in Intensive Care Units (ICUs), which represent some of the
most data-intensive and time-critical environments in modern healthcare [12]. ICU patients re-
quire continuous monitoring and rapid intervention, generating high-frequency, multimodal data
streams that include physiological signals, laboratory measurements, ventilator settings, and clin-
ical observations [13]. While this abundance of data creates opportunities for advanced analytics
and predictive modelling, it also imposes significant demands on data organisation, real-time in-
terpretation, and clinical reliability [14]. As a result, ICUs exemplify both the potential and the
unresolved limitations of data-driven clinical decision support.

In recent years, Artificial Intelligence (Al), particularly Deep Learnings (DLs)-based meth-
ods, has emerged as a promising enabler of next-generation clinical DSSs [15]. Al systems are
capable of learning complex, non-linear relationships from high-dimensional clinical data and
have demonstrated superior performance over traditional statistical approaches in several critical
care prediction tasks [12], [16]. These developments highlight the growing role of Al in sup-
porting clinical decision-making, while simultaneously exposing unresolved challenges related to
data quality, interpretability, and real-world deployment in safety-critical environments such as the
ICU.

1.2 Motivation

The convergence of large-scale EHR data, clinical DSSs, and advanced Al techniques creates a
compelling opportunity to improve decision-making in critical care. This opportunity is particu-
larly salient in ICUs, where clinical decisions must often be made under extreme time pressure,
high uncertainty, and substantial cognitive load, with direct consequences for patient outcomes
[12], [13]. In such settings, even marginal improvements in situational awareness, early warning,
or treatment optimisation can have significant clinical impact [14].

At the same time, the increasing availability of rich and heterogeneous ICU data remains
largely underexploited in routine practice [12], [16]. Raw data alone does not translate into clin-
ical insights without robust mechanisms for data harmonisation, temporal alignment, and mean-
ingful representation. Many existing Al-driven approaches rely on simplified data abstractions,
retrospective validation, or task-specific pipelines that limit generalisability and clinical relevance
[7], [16]. As a result, promising predictive performance reported in experimental settings often

fails to translate into dependable, real-time decision support in real-world ICU workflows.
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Furthermore, persistent challenges related to data heterogeneity, interoperability, transparency,
and ethical deployment continue to hinder the integration of Al-based DSSs into everyday clinical
practice [7]-[9]. ICU data combine multiple modalities, variable sampling frequencies, and irreg-
ular temporal patterns, complicating both data harmonisation and model robustness [12]. Without
principled frameworks that address these challenges holistically, Al systems risk remaining iso-
lated research artefacts rather than clinically trustworthy tools.

This dissertation is motivated by the need to bridge this gap between methodological advances
in Al and the practical realities of ICU decision support. This requires moving beyond model
development alone and addressing how ICU data are structured, harmonised, and transformed into

representations that can support reliable, interpretable, and adaptable clinical decision-making.

1.3 Objectives

The primary objective of this thesis is to investigate how state-of-the-art DL architectures can
enhance clinical decision-making by effectively exploring the complexity of ICU data. To achieve

this goal, this work will focus on the following practical objectives:

* Conduct a review of the state of the art on ICU medical data, analysing their characteristics,
limitations, and existing structuring pipelines to identify requirements for data harmonisa-

tion and integration;

* Conduct a review on recent advances on Generative Al models and their adaptation to struc-

tured and multimodal medical data;

* Process and harmonise multiple open-access ICU databases into a unified and standardised

structure suitable for model training, validation, and cross-dataset comparison;

» Explore, implement, and train novel architectures tailored for ICU data, toward improving

the robustness of Al-based clinical DSS when operating on complex ICU data.

 Validate the proposed models across benchmark prediction tasks relevant to critical care

using multiple datasets.

The first stage of this work, conducted during the first semester as part of the Dissertation
Project curricular unit and corresponding to 18 ECTS, focused on the literature review and theo-
retical grounding of the dissertation. The remaining objectives were addressed during the second
semester, within the 30 ECTS Dissertation curricular unit, through the adaptation of the selected
data pipeline, implementation of the modelling workflow, and evaluation of the selected models

across internal and external test settings.

1.4 Document Structure

This dissertation is organised into six main chapters, followed by references and appendices.
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Chapter 1, Introduction, presents the background and motivation of the study, defines the
research objectives, and outlines the structure of the dissertation.

Chapter 2, Theoretical Foundations, introduces the conceptual basis required to understand the
work developed in the dissertation. It covers the characteristics of ICU medical data, clinical data
representation and standardisation, Al in clinical predictive modelling, and the main modelling
and evaluation concepts used throughout the methodology and results chapters.

Chapter 3, Literature Review, presents the state of the art in two research directions relevant to
this work. First, it reviews medical ICU data structuring pipelines, with emphasis on data extrac-
tion, preprocessing, harmonisation, and cross-dataset reuse. Second, it analyses recent generative
Al and Transformer-based models applied to medical data, including structured, longitudinal, and
multimodal EHR settings. The chapter concludes with a critical synthesis of the reviewed litera-
ture and identifies the methodological gaps that motivate the proposed work.

Chapter 4, Methodology, describes the experimental workflow implemented in this disser-
tation. It presents the selected data sources, the adaptation of the Multidatabase ExTRaction
PipEline (METRE) pipeline, the definition of the prediction tasks, the implementation of base-
line and METRE-derived models, the adaptation of the external Electronic Medical Records and
Genomics Network (EMERGE) Time Series (TS)-only model, and the unified evaluation protocol
used for internal validation and cross-database testing.

Chapter 5, Results and Discussion, presents and analyses the experimental results. It begins
with the cohort and task composition, then discusses internal validation, hyperparameter optimi-
sation, final internal and external test performance, model comparison, and the impact of cross-
database evaluation. The chapter concludes by summarising the main findings and outlining future
research directions.

The final chapter 6, Conclusion, summarises the main contributions of the dissertation, recaps
its limitations, and highlights possible extensions of the work. Finally, the appendices provide
supplementary material, including auxiliary Structured Query Language (SQL) queries, additional
evaluation tables, and hyperparameter information, while the References section lists all cited

sources.



Chapter 2

Theoretical Foundations

This chapter introduces the fundamental concepts required to understand the methodological and
experimental work developed in this dissertation. It begins by characterising medical data col-
lected in ICUs, with emphasis on their main sources, data types, temporal structure, heterogeneity,
and quality limitations. These characteristics are central to the challenges addressed in this work,
since they directly affect data harmonisation, model development, and cross-database evaluation.
The chapter then discusses clinical data representation and interoperability, distinguishing be-
tween structured, unstructured, and multimodal clinical data, and introducing the main terminolo-
gies, exchange standards, and Common Data Models (CDMs) relevant to secondary use of health-
care data. These concepts provide the foundation for understanding the role of harmonisation
pipelines and the difficulties involved in reusing ICU data across institutions and databases.
Finally, the chapter presents the Al and predictive modelling concepts used throughout the
dissertation. It defines the relationship between Al, ML, DL, Generative Al, and Large Language
Models (LLMs), introduces the main learning paradigms, and describes the clinical predictive
modelling workflow, including data pre-processing, model training, hyperparameter optimisation,
and performance evaluation. The models most relevant to this dissertation are also introduced,
including classical ML baselines, Recurrent Neural Networks (RNNs), Temporal Convolutional
Networks (TCNs), and Transformer encoders. Together, these concepts establish the theoretical

basis for the literature review, methodology, and results presented in the following chapters.

2.1 Characteristics and Limitations of Medical data from the ICU

Largely driven by the widespread adoption of EHR systems, digital data collection during routine
clinical practice in hospitals has substantially increased, resulting in exponential data generation
within the healthcare sector [17], [18]. For those reasons, the ICU stands out and represents
a particularly data-intensive environment, where patients require continuous monitoring and in-
terventions, producing highly complex and multifaceted clinical information [17]. Under these
conditions this environment presents both logistical challenges and significant opportunities for
the development of DSSs [18].
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This section therefore describes the main sources and types of ICU data, followed by the

principal limitations that affect their secondary use in predictive modelling and decision support.

2.1.1 Sources and Types of ICU Data

The ICU constitutes a data-rich environment that continuously generates highly detailed and spe-
cific patient information, making it an optimal setting for data science applications, such as Al
[19], [20]. According to M. Imhoff [21], data acquisition in the ICU primarily arises from four

major sources:

* Bedside Medical Devices, that produce high-frequency physiological signals, such as
Electrocardiograms (ECGs), arterial blood pressure, oxygen saturation, and respiratory

waveforms;

» Hospital Information System (HIS), which maintains administrative records, patient EHRs,
diagnostic information, laboratory results, and treatment data, serving as the main repository

of patient-related information within the hospital infrastructure;

* ICU Local Area Network, which enables real-time communication, synchronisation, and
data transfer among medical devices, monitoring systems, and information servers within

the ICU environment;

e Manual input provided by healthcare professionals, encompassing observations, clinical
notes, and procedural records that complement automated data streams and capture con-

textual information not available through electronic systems.

The information generated in the ICU can be also broadly categorised as either quantitative
or qualitative data [12]. Quantitative data include numerically measurable parameters, such as
physiological signals, laboratory test results, mechanical ventilator settings, medication dosages,
and severity of illness scores (for example, Acute Physiology and Chronic Health Evaluation
(APACHE) and Sequential Organ Failure Assessment (SOFA) [22], [23]) [12], [13], [24]. In
contrast, qualitative data include visual or graphical information, such as ventilator waveforms
or radiographic images such as X-rays, and Computed Tomography (CT) scans [12]. These data
types require pre-processing and feature extraction prior to computational analysis [25].

Among these sources, bedside medical devices, including monitors, ventilators, and infusion
pumps, generate real-time waveforms and numerical measurements that are electronically pre-
sented on relational or interval scales [21]. Continuous monitoring facilitates the acquisition of
high-resolution data, with sampling frequencies that can reach several hundred hertz, commonly
around 400 Hz, for signals such as ECGs, and supports high-granularity datasets that capture
minute-by-minute variations in physiological parameters, like heart rate, blood pressure, oxygen
saturation, and intracranial pressure [21], [24], [26]. Consequently, even without waveform stor-
age, a single patient may produce 0.5-4 Megabyte (MB) of data per day, increasing to approxi-
mately 100 MB when multiple high-frequency channels are recorded [21], [27]. This data volume
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and temporal precision support advanced analytics and real-time predictive modelling, but also
place significant demands on data storage, processing, and systems synchronisation.

To ensure that these heterogeneous datasets can be effectively utilised, data standardisation
and interoperability are essential. This is achieved through established clinical terminologies
and protocols [24]. For instance, diagnostic and procedural information commonly adheres
to International Classification of Diseases (ICD) codes, while laboratory results are frequently
mapped to Logical Observation Identifiers Names and Codes (LOINC), and other clinical terms
to the Systematized Nomenclature of Medicine Clinical Terms (SNOMED CT) [13], [24], [26].
High time-resolution data are often stored in portable formats such as Hierarchical Data Format,
Version 5 (HDF5) [26], [28]. Moreover, contemporary ICU databases increasingly adopt the
Observational Medical Outcomes Partnership (OMOP) CDM, which promotes harmonisation and
enhances data sharing [19], [29].

2.1.2 Limitations and Challenges in ICU Data

Despite the richness and diversity of ICU data, its effective utilisation for research and analyti-
cal purposes is hindered by several intrinsic limitations that must be carefully addressed during
model development [19]. One of the primary challenges is data heterogeneity, defined as the vari-
ability in data structure, format, and content across different sources and institutions [30]. This
variability arises from substantial differences in patient populations, including comorbidities, age,
and disease severity, as well as from variations in clinical practice and information systems across
institutions [19], [24]. Consequently, inconsistent data collection patterns emerge. For example,
differences in patient length of stay and the frequency of physiological measurements complicate
the development of generalisable models suitable for diverse patient cohorts [31].

Closely related to heterogeneity is the issue of data quality, which constitutes another signifi-
cant limitation for Al applications in this area. The performance and reliability of predictive mod-
els are inherently dependent on the quality of their underlying data [24]. Real-world ICU datasets
are particularly susceptible to human error, notably in manually input records, which may contain
implausible values for parameters such as height or weight [32]. Furthermore, incompleteness and
missing values are pervasive challenges [32]. Stringent de-identification procedures mandated by
regulations such as the European Union’s General Data Protection Regulation (GDPR) and the
Health Insurance Portability and Accountability Act (HIPAA) frequently result in the suppression
or generalisation of key variables. For instance, age may be grouped for patients over 89 years, and
detailed medical histories may be omitted [19], [32]. Such constraints impede researchers’ ability
to contextualise patient outcomes and trajectories [19]. Additionally, a considerable portion of
clinically relevant information, often conveyed in unstructured formats such as free-text notes or
verbal communications, is typically excluded from structured datasets, thereby exacerbating data
incompleteness [24].

Beyond heterogeneity and quality issues, the integration of multimodal data, that is, the com-
bination of diverse data types, introduces further technical and methodological challenges [33].

Multimodal data are typically acquired using heterogeneous protocols that highlight different
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anatomical, physiological, and biological aspects of the same individual [34]. Since each modal-
ity captures distinct physical and biological phenomena, the resulting datasets are inherently non-
commensurable, exhibiting heterogeneous units, dimensionalities, and modality-specific artefacts
derived from disparate acquisition and processing routines [34], [35]. This intrinsic variability in
acquisition methods hinders data standardisation and interoperability across studies, demanding
extensive preprocessing and the design of tailored model architectures to enable effective data
integration [35]. Additionally, although high-resolution physiological data are collected contin-
uously, only sparse, discrete summaries are typically incorporated into the EHRs, and these are
often validated by ICU staff on an hourly basis [13], [26]. This asynchrony impedes precise tem-
poral alignment with contextual data, such as medication administration times, which may be
inaccurate by several minutes or even hours [26]. The absence of standardised acquisition meth-
ods and comprehensive metadata, including information such as sensor placement or concurrent
clinical interventions, further limits the interpretability and collaborative use of multimodal ICU
datasets [26].

These limitations constrain real-time data analysis, complicate cross-centre validation, and
hinder the broader utilisation of high-resolution ICU datasets in advancing patient-centred, data-
driven care like clinical DSSs [19], [24].

2.2 Clinical Data Representation and Interoperability

As discussed in Section 2.1, ICU data are heterogeneous, longitudinal, and generated across mul-
tiple clinical and technical systems. Their secondary use therefore depends not only on data avail-
ability, but also on consistent representation and interoperability, particularly when EHR and ICU
data from different institutions or databases are analysed together [36], [37]. Achieving this re-
quires standardised protocols, terminologies, and CDMs, since equivalent clinical concepts may
otherwise be recorded using different structures, vocabularies, measurement units, and local con-
ventions [36], [38], [39].

This section introduces the concepts of structured, unstructured, and multimodal clinical data,
and presents the healthcare terminologies, exchange standards, and CDMs most relevant to the

work developed in this dissertation.

2.2.1 Structured, Unstructured, and Multimodal Clinical Data

Structured clinical data refers to patient information stored in an organised and computer-readable
format, usually according to a predefined schema [40], [41]. Common examples include coded
diagnoses, surgical procedures, laboratory test results, medication administration records, phys-
iological vital signs, flowsheets, and other tabular or time-stamped EHR variables, often stored
in relational databases or structured tables that make them easier to query and analyse computa-
tionally [40], [42]. This structure makes such data particularly suitable for statistical analysis and
ML, but it may not fully capture clinical context, uncertainty, causal reasoning, or the nuanced

interpretation documented by healthcare professionals [40], [42], [43].
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Unstructured clinical data complements structured records by capturing information in free-
text narratives and reports that do not follow a fixed data model [40], [41]. Examples include
clinical notes, nursing narratives, discharge summaries, radiology reports, and pathology reports
[40], [42]. Because these documents often contain detailed descriptions of patient care, symp-
toms, temporal reasoning, causal relationships, clinical impressions, and diagnostic or therapeutic
decisions, they may provide information that is absent or only partially represented in structured
EHR fields [40], [43], [44]. Nevertheless, unstructured data also introduces specific challenges,
particularly because its information is less directly computable and often requires Natural Lan-
guage Processing (NLP) or other representation learning methods before it can be integrated into
analytical workflows.

For this reason, structured and unstructured clinical data can be viewed as complementary
representations of the patient state. This complementarity has motivated increasing interest in
multimodal clinical representations, in which different types of patient information are jointly
modelled. In this context, multimodal clinical data may include structured time-series variables,
clinical text, medical images, physiological waveforms, multi-omics data, and external knowledge
sources [38], [45]. Such approaches are increasingly relevant in clinical Al and EHR modelling
because each modality can contribute a distinct perspective on the patient trajectory. When ap-
propriately integrated, these complementary data streams may reduce the ambiguity of individual

sources and support more robust clinical prediction or decision-support systems [38], [42], [45].

2.2.2 Healthcare Terminologies, Exchange Standards, and Common Data Models

Healthcare interoperability relies on several types of standards that work together. Clinical termi-
nologies and classifications offer standard vocabularies for describing clinical concepts. Exchange
standards explain how data moves between systems. CDMs set shared structures and meanings so
different datasets can be compared more easily [36], [39], [46]. The following concepts are par-
ticularly relevant in this dissertation because they appear throughout the reviewed literature and
underpin several approaches to clinical data harmonisation and cross-database research.

These mechanisms operate at distinct but complementary levels of healthcare interoperability.
Clinical terminologies and classifications standardise the meaning assigned to diagnoses, labora-
tory observations, and other clinical concepts [1]. Exchange standards define how clinical and ad-
ministrative information is structured and transferred between heterogeneous information systems
[46]. CDMs address a different requirement by transforming source data into a shared schema and
vocabulary suitable for consistent analysis across databases [36], [47]. Their use therefore depends
on the interoperability objective: terminologies support semantic coding, exchange standards sup-
port communication between systems, and CDMs support harmonised storage and analysis. These

mechanisms may coexist within the same data workflow rather than serving as direct alternatives.

1. International Classification of Diseases

The ICD is an international classification system maintained by the World Health Orga-

nization (WHO) and used to represent diseases, causes of death, symptoms, and related
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health conditions in a standardised way [48]. It is widely used for morbidity and mortality
statistics, epidemiological surveillance, administrative reporting, reimbursement, and co-
hort definition in clinical research. Although ICD codes are frequently reused in clinical
research, their structure was primarily developed for archiving and administrative pur-
poses, including billing. Consequently, they may not represent nuanced clinical informa-
tion such as severity, temporality, laterality, or detailed clinical reasoning [1], [44], [49],
[50].

2. Systematized Nomenclature of Medicine Clinical Terms

SNOMED CT is a comprehensive, multilingual clinical terminology designed to facili-
tate semantic interoperability within EHRs. It provides broad and scientifically validated
coverage of clinical concepts, including diagnoses, symptoms, findings, procedures, and
other healthcare concepts, and is mapped to several international standards to support se-
mantic interoperability. Its main limitations relate to implementation complexity, the need
for careful mapping to local systems or other coding standards, and possible gaps when
highly specific administrative or locally defined concepts must be represented [47], [51],
[52].

3. Logical Observation Identifiers Names and Codes

LOINC provides a standard terminology for identifying laboratory tests, clinical mea-
surements, documents, and other observations. It is widely used to harmonise laboratory
results, vital signs, and clinical assessment instruments, enabling data pooling and com-
parison across institutions and research datasets. Nevertheless, mapping local observations
to LOINC can be challenging when tests, panels, units, question wording, or temporal ref-

erence periods differ between institutions [39], [53], [54].

4. Fast Healthcare Interoperability Resources

Fast Healthcare Interoperability Resources (FHIR) is a healthcare data exchange standard
created by Health Level Seven (HL7) International and based on modular resources
and modern web technologies, including REpresentational State Transfer (REST)ful
Application Programming Interfaces (APIs) [55]. It is used to support the exchange of
clinical and administrative data across healthcare systems, research applications, mobile
applications, wearable devices, and digital health infrastructures through a resource-based
representation of healthcare concepts. Its limitations include implementation complexity,
variation across local profiles and versions, and the technical requirements associated with

deploying and maintaining interoperable FHIR-based services [46].

5. Observational Medical Outcomes Partnership Common Data Model

The OMOP CDM is a standardised CDM for observational health data, designed to trans-

form heterogeneous clinical and administrative datasets into a shared structure. It supports
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large-scale observational research, federated analytics, cohort definition, and reproducible
cross-database studies, and is closely associated with the Observational Health Data Sci-
ences and Informatics (OHDSI) community and its analytical tooling. However, imple-
menting the OMOP CDM requires substantial Extract, Transform, and Load (ETL) work,
careful vocabulary mapping, and, in some specialised domains, additional extensions to
represent clinically relevant information not fully covered by the standard model [36],
[47], [56].

2.3 Artificial Intelligence and Clinical Predictive Modelling

This section introduces the computational concepts that support the predictive modelling ap-
proaches explored in this dissertation. It first defines the relationship between Al, ML, and DL,
including the role of Neural Networks (NNs) and representation learning in modern clinical mod-
elling. It then situates Generative Al and LLMs within this broader hierarchy, before outlining the
main learning paradigms and the general workflow through which clinical data are transformed,

modelled, optimised, and evaluated.

2.3.1 Artificial Intelligence, Machine Learning, and Deep Learning

According to McCarthy, one of the founders of the field, Al can be defined as:

“the science and engineering of making intelligent machines, especially intelligent
computer programs. It is related to the similar task of using computers to understand
human intelligence, but Al does not have to confine itself to methods that are biolog-
ically observable.” [57], [58].

As a subset of Al, ML focuses specifically on algorithms that improve their performance
through experience with data rather than through explicitly programmed rules [59]. In clinical
applications, traditional ML methods, such as Logistic Regression (LR) and Random Forest (RF),
often rely on structured feature engineering, while DL, a specialised ML approach, uses multi-
layered NNs to automatically learn hierarchical data representations [57], [60].

NN are computational models composed of interconnected units organised in layers, in which
input data are transformed through learned weights, biases, and activation functions to produce an
output. Through this layered structure, DL. models can perform representation learning, deriving
informative latent representations from raw or low-level data and reducing the dependence on
manual feature engineering [61], [62]. This is particularly relevant in EHR analysis, where DL
models have shown strong capability in processing unstructured data, including clinical notes and
images, although their reliance on large datasets remains a challenge in healthcare settings where
labelled data are often limited [57], [63].

The effectiveness of DL models in processing EHR data relies heavily on optimisation tech-

niques such as backpropagation, a gradient calculation algorithm that enables NNs to learn by
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iteratively adjusting weights and biases to minimise a loss function, a quantitative measure of pre-
diction error [64]. During training, outputs are first computed through a feedforward pass and
compared with target values; the resulting error is then propagated backward through the net-
work’s acyclic directed graph, where the chain rule is used to compute gradients for each parame-
ter with respect to the cost function [65]. These gradients indicate how weights and biases should
be updated through gradient descent, and this process is repeated until the model progressively

converges towards improved predictions [66].

2.3.2 Generative Al and Large Language Models

Building upon the foundations of Al, ML, and DL, Generative Al refers to a family of models
designed not only to recognise patterns or assign labels, but also to produce new data artefacts
based on patterns learned from training data. These models are commonly based on deep NNs
that learn the statistical structure of large datasets and use this learned representation to generate
synthetic outputs with characteristics similar to the original data. As a result, Generative Al can be
applied across multiple modalities, including text, images, audio, and molecular structures [67],
[68].

Within this broader class of models, LLMs represent one of the most prominent applications of
Generative Al to language data [67], [69]. Based on Transformer architectures, LLLMs are trained
on large collections of linguistic tokens and learn probabilistic relationships between words and
contexts, enabling natural language understanding, text generation, zero-shot generalisation, and
reasoning-like behaviour [70]-[72]. In healthcare, models such as Generative Pre-trained Trans-
former (GPT)-4 and MedLM have demonstrated strong performance in processing unstructured
clinical data and supporting tasks such as medical documentation, information extraction from
EHRs, and diagnostic assistance, although hallucinations and integration barriers remain impor-
tant limitations [71], [72]. This remains a rapidly evolving field, with new general-purpose and
clinically specialised models being continually proposed. Consequently, the examples discussed
here represent the state of the field during the period covered by this dissertation rather than an
exhaustive or definitive set of models [67], [69].

Taken together, these concepts can be understood as a nested hierarchy: Al is the broadest
field, ML comprises data-driven methods within Al, and DL represents a subset of ML based
on multi-layered NNs [60], [63]. Generative Al can then be situated within this landscape as a
family of mostly deep-learning-based models focused on generating new content, while LLMs
correspond to a prominent class of generative models specialised in language and commonly built

on Transformer architectures [68]-[70]. This hierarchy is schematically represented in Figure 2.1.

2.3.3 Learning Paradigms

ML approaches can be grouped according to the type of supervision available during training. This
distinction is particularly relevant in healthcare, where labelled data may be limited, expensive to

obtain, or dependent on expert annotation.
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Artificial Intelligence

Generative Al

Large Language Models

Figure 2.1: Schematic representation of the hierarchical relationship between Al, ML, DL, Gen-
erative Al, and LLMs. The figure was created by the author to summarise the conceptual organi-
sation adopted in this dissertation.

* Supervised learning uses labelled datasets in which each input sample is associated with a
target outcome, such as a diagnosis, prognosis, or clinical event. This is the most common
setting for clinical prediction tasks, but it depends on the availability and quality of labelled
data, which can be challenging in EHR-based research [60], [73].

* Unsupervised learning aims to identify latent structure in unlabelled data, for example
through clustering, dimensionality reduction, or pattern discovery. In clinical contexts, these
methods may support the identification of patient subgroups, disease phenotypes, or hidden

associations without requiring predefined outcome labels [60], [73].

* Semi-supervised learning combines a limited amount of labelled data with a larger set
of unlabelled samples. This approach is particularly relevant in healthcare, where expert
annotation is costly and time-consuming, but large volumes of unlabelled clinical data may
be available [60], [73].

* Self-supervised learning generates supervisory signals directly from unlabelled data
through pretext tasks, such as predicting masked words in text or reconstructing missing
parts of an input. By learning reusable representations from large unlabelled datasets,
self-supervised methods can support downstream tasks such as classification, prediction, or
retrieval, particularly in data-rich domains such as NLP, computer vision, and multimodal
clinical modelling [74].

2.3.4 Clinical Predictive Modelling Workflow

After introducing the main families of learning systems, this subsection describes the practical
workflow through which clinical predictive models are developed. In EHR-based research, this
process begins with the transformation of heterogeneous clinical records into model-ready rep-
resentations, continues with model training and hyperparameter selection, and concludes with
performance evaluation on unseen data. The following sections therefore summarise the main
concepts required to understand the experimental pipeline used in this dissertation, from data pre-

processing and temporal representation to model training, optimisation, and evaluation metrics.
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2.3.4.1 Data Pre-processing and Representation

Clinical and EHR data usually require pre-processing before predictive modelling, since they are
often uncurated, high-dimensional, sparse, heterogeneous, and affected by quality issues such as
random errors, systematic biases, noise, missing values, duplicate records, and implausible mea-
surements [1], [75]. Data cleaning therefore represents an essential step in clinical modelling
workflows, including procedures such as outlier detection, correction or removal of implausi-
ble values, duplicate handling, and assessment of clinical plausibility [37], [76]. Missing values
may be handled through imputation strategies, sometimes combined with binary indicators that
preserve information about whether a value was originally observed or imputed [37], [77]. In
addition, harmonisation and scaling procedures are often required when variables originate from
different systems, units, or numerical ranges [37], [78].

After cleaning, clinical variables must be transformed into numerical representations that can
be processed by predictive models [79]. Categorical variables may require numerical encoding,
while discrete medical codes and clinical concepts can also be represented through dense embed-
dings that project high-dimensional symbolic information into continuous vector spaces [1], [79].
Continuous variables, such as vital signs and laboratory measurements, are commonly normalised
or standardised so that features measured on different scales contribute more comparably during
model training [75], [78]. One common approach is z-score standardisation, which transforms
variables to have approximately zero mean and unit variance, reducing the dominance of features
with larger numerical ranges [75], [78].

Temporal representation is particularly important in ICU and longitudinal EHR data, where
measurements are time-stamped, irregularly sampled, and collected at different frequencies [62],
[75]. Clinical observations may therefore be aligned within predefined observation windows and
segmented into meaningful intervals, such as hourly time steps, depending on the task and mod-
elling objective [37], [62], [75]. Irregularly sampled variables can then be summarised within these
windows using aggregation strategies, such as minimum, maximum, first, last, or other descriptive
statistics, allowing models to capture both absolute values and temporal changes [37].

The result of these steps is a model-ready representation of the patient record. For classical
ML models, this representation is often a tabular feature matrix in which each patient or episode is
described by a fixed set of variables [76]. For longitudinal and DL approaches, the same clinical
information may instead be organised as temporal matrices or tensors, preserving dimensions
such as patients, time steps, and clinical variables or events [62], [78]. More advanced models
can further learn latent representations from these processed inputs, compressing sparse or high-
dimensional patient histories into dense representations for downstream prediction or analysis [1],
[62], [78].

2.3.4.2 Model Training

After pre-processing, model training is the stage in which predictive algorithms learn relationships

between patient-level representations and clinical outcomes. In supervised clinical prediction, this
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process involves fitting model parameters using labelled examples while controlling the model’s
ability to generalise to previously unseen patients [60].

The available data are commonly divided into training, validation, and test subsets. The train-
ing set is used to fit model parameters, and any pre-processing operations that learn from the data,
such as imputation or feature scaling, should also be estimated exclusively from this subset to
prevent information leakage [37], [78]. The validation set supports model selection and hyperpa-
rameter tuning, whereas the test set remains unseen until the final performance assessment [60],
[80].

The validation process also helps identify overfitting, which occurs when a model learns pat-
terns or noise specific to the training data and consequently performs well during training but
generalises poorly to unseen instances. Cross-validation extends this assessment by repeatedly
training and validating the model across different data partitions, providing information about
performance stability. In imbalanced clinical prediction tasks, stratified cross-validation is partic-
ularly useful because it preserves the outcome distribution across folds [37], [78].

Model training is also influenced by hyperparameters, which are configuration values defined
before or during training and affect model behaviour, learning efficiency, and generalisation to
unseen data. These settings may include regularisation strength, the number of decision trees
in an ensemble, kernel parameters, learning rate, hidden-layer size, number of layers, dropout
probability, or batch size [78], [80].

Manual tuning can be inefficient and time-consuming, particularly when several hyperparam-
eters interact within a high-dimensional search space. Systematic strategies such as Bayesian op-
timisation can instead use information from previous trials to guide the search towards promising
regions of that space [78], [81].

Automated optimisation frameworks support this process by managing the definition, execu-
tion, and pruning of hyperparameter trials. Optuna is an open-source framework that supports
dynamically constructed search spaces through a define-by-run API and includes mechanisms for
efficient trial pruning. Its default sampler is based on the Tree-structured Parzen Estimator, a se-
quential model-based optimisation method that samples promising configurations more efficiently

than unguided manual search [81].

2.3.4.3 Classical Machine Learning Models

Classical ML models generally operate on fixed-length feature representations and provide inter-
pretable and computationally efficient baselines for clinical prediction. The models most relevant

to this dissertation are introduced below.

1. Logistic Regression

LR is a linear probabilistic classifier that estimates the probability of a target outcome from
a weighted combination of input features, commonly using a sigmoidal transformation for
binary classification. Owing to its simplicity and interpretability, it is frequently used as

a baseline in clinical prediction tasks, although its capacity to model complex nonlinear
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interactions is limited unless such relationships are explicitly represented in the input fea-
tures [60], [78].

2. Random Forest

RF is an ensemble learning method that combines multiple decision trees, typically trained
on different samples and feature subsets, to improve predictive robustness and generalisa-
tion. This structure allows the model to capture nonlinear relationships and feature inter-
actions in tabular EHR data, although temporal dependencies must usually be represented
through aggregated or engineered features rather than modelled directly as sequences [1],
[78].

3. Support Vector Machine

Support Vector Machine (SVM) is a maximum-margin classifier that seeks a separating
hyperplane between classes in a high-dimensional feature space. Through kernel func-
tions, SVMs can model nonlinear decision boundaries, making them suitable for complex
feature spaces, but their training can become computationally expensive when applied to

large datasets [78].

4. Naive Bayes

Naive Bayes (NB) is a probabilistic classifier based on Bayes’ theorem and the assump-
tion that features are conditionally independent given the class label. This assumption
simplifies learning and makes the method computationally efficient, supporting its use as
a simple diagnostic or predictive baseline, although the independence assumption is often

unrealistic in clinical data [30], [75].

2.3.4.4 Deep Learning Architectures for Longitudinal Clinical Data

Unlike classical models, longitudinal DL architectures can process temporally ordered patient
representations and learn dependencies across successive clinical observations. The recurrent and

convolutional architectures most relevant to this dissertation are described below.

1. Recurrent Neural Networks

RNNs are neural architectures designed for sequential data, processing observations step
by step while maintaining a hidden state that summarises information from previous time
points. Gated variants, such as Long Short-Term Memory (LSTM) and Gated Recurrent
Unit (GRU), introduce mechanisms that regulate how information is retained, updated, or
discarded, improving the ability to model longer temporal dependencies in patient trajec-
tories [1], [62].

2. Temporal Convolutional Networks
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TCNs are sequence-modelling architectures based on one-dimensional temporal Convolutional
Neural Networks (CNNs). Causal convolutions prevent each output from using future
observations, while dilated convolutions expand the receptive field across the sequence
without requiring a proportional increase in network depth. Residual connections further
support the training of deeper architectures. Together, these mechanisms allow TCNs to
capture short- and long-range temporal patterns while enabling greater parallelisation than
recurrent models [16], [76], [78].

2.3.4.5 Transformer Encoders and Attention

Transformer encoders are attention-based architectures that transform input sequences into contex-
tual representations for downstream tasks. Their central operation is self-attention, which allows
each time step or token to attend to other elements in the same sequence and capture dependencies
between distant observations without processing them strictly step by step [82], [83].

In the standard attention formulation, each input is projected into queries (Q), keys (K), and
values (V). Queries represent the information being sought, keys represent the elements against
which each query is compared, and values contain the information to be aggregated [84]. The 2.1

shows how the equation for scaled dot-product attention is:

Attention(Q, K, V) = softmax (QKT> V 2.1
Y ) \/ch ) M

where dj, is the dimensionality of the key vectors. The scaling term prevents the dot products
from becoming excessively large, while the softmax operation converts the similarity scores into
attention weights that determine how strongly each value contributes to the output [82], [85].
When Q, K, and V are derived from the same sequence, the operation is termed self-attention.
Multi-head attention applies several attention operations in parallel, allowing different heads to
learn complementary relationships within the same input [82].

The Transformer architecture, introduced by Vaswani et al. in Attention Is All You Need [82],
replaced recurrent sequence processing with stacked attention-based layers. Each encoder layer
combines multi-head self-attention with a position-wise feed-forward network, residual connec-
tions, and layer normalisation to support stable representation learning. Because self-attention
does not inherently encode sequence order, positional encodings are added so that the model
can combine content-based relationships with information about the position of observations or
tokens [82], [83]. This ability to model long-range dependencies has made Transformer-based
architectures central to modern sequence modelling, including language models and clinical NLP

applications [83].

2.3.4.6 Performance Evaluation

After model training, performance evaluation estimates how well a trained model generalises to
data that were not used to fit its parameters [80]. This evaluation is commonly performed us-

ing an independent held-out test set or through k-fold cross-validation, ensuring that the reported
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Figure 2.2: Schematic representation of scaled dot-product attention and multi-head attention. Q,
K, and V denote queries, keys, and values, respectively, and & denotes the number of attention
heads. Retrieved from SANTOS [85], based on Vaswani, Shazeer, Parmar, et al. [82].

performance is not obtained from the same data used during training [78]. As discussed above,
cross-validation is also useful for assessing model stability across different data partitions [78].

In addition to estimating average performance, it is often necessary to quantify the uncertainty
associated with performance metrics. Bootstrapping is a statistical resampling technique in which
repeated samples are drawn from the observed dataset with replacement, and the statistic of in-
terest is recalculated for each resampled set. The resulting empirical distribution approximates
the variability that would be expected across repeated samples from the underlying population,
allowing estimates such as standard errors or confidence intervals to be obtained [86].

For binary classification, most metrics are derived from the confusion matrix, which compares
predicted and true class labels [78], [87]. In this setting, true positives (7'P) correspond to positive
cases correctly identified by the model, and true negatives (TN) correspond to negative cases
correctly identified [80]. False positives (F P) occur when negative cases are incorrectly classified
as positive, whereas false negatives (FN) occur when positive cases are incorrectly classified as

negative [80].

1. Accuracy

Accuracy, defined in Equation 2.2, measures the proportion of correct predictions among
all evaluated instances. Although intuitive, it can be misleading in imbalanced clinical
datasets, since a model may obtain high accuracy by predominantly predicting the majority

class while failing to detect clinically important rare events [80], [87].

Accuracy = TP+ TN (2.2)
Y T TPYTN+FP+FN ‘
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2. Precision

Precision, also known as positive predictive value and defined in Equation 2.3, measures
the proportion of positive predictions that are truly positive. It is a critical metric in clin-
ical scenarios where false positives are costly or disruptive, such as avoiding unnecessary

clinical alarms or invasive follow-up procedures [80], [87].

.. TP
Precision = ——— (2.3)
TP+ FP

3. Sensitivity

Sensitivity, also termed recall or true positive rate and defined in Equation 2.4, measures
the proportion of actual positive cases correctly identified by the model. In intensive care
prediction tasks, sensitivity is important when false negatives carry high clinical risk, such

as failing to identify patient deterioration, mortality risk, or organ dysfunction [80], [87].

TP
Sensitivity = Recall = ———— 2.4
TP+FN

4. Specificity
Specificity, defined in Equation 2.5, measures the proportion of actual negative cases cor-
rectly identified by the classifier. It reflects the model’s ability to avoid false positives,
which is important in diagnostic and early-warning settings where excessive false alarms

may reduce clinical usefulness [87].

TN

5. F1-score

The F1-score, defined in Equation 2.6, is the harmonic mean of precision and sensitivity.
It provides a single summary measure that balances false positives and false negatives,
and is useful when both precision and sensitivity are important, particularly in imbalanced

classification settings where accuracy alone may be insufficient [80], [87].

2 X Precision x Sensitivit
Fl-score = — — Y (2.6)
Precision + Sensitivity

6. min(+P, Se)

The min(+P, Se) metric corresponds to the minimum between precision, also denoted +P,

and sensitivity (Se). It provides a conservative summary of their balance because its value
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is determined by the weaker of the two quantities. Consequently, a high value can only be
achieved when both precision and sensitivity are simultaneously high. Like the F1-score,

it depends on the selected classification threshold [88].

min(+P,Se) = min(Precision,Sensitivity) (2.7)

7. AUROC

The Area under the Receiver Operating Characteristic Curve (AUROC) provides a
threshold-independent measure of discriminative performance by summarising the re-
ceiver operating characteristic curve, which plots the true positive rate against the false
positive rate across classification thresholds. An AUROC of 0.5 indicates discrimination
no better than random chance, whereas a value of 1.0 indicates perfect discrimination
[87].

8. AUPRC

The Area under the Precision—Recall Curve (AUPRC) summarises the relationship be-
tween precision and sensitivity across different decision thresholds. It is particularly infor-
mative in imbalanced clinical datasets because it focuses on performance for the positive

class, which is often the clinically relevant minority class [87].



Chapter 3

Literature Review

This chapter presents a comprehensive review of the state of the art relevant to the main research
directions addressed in this work. It begins with the Search Strategy section, which describes the
systematic methodology adopted for literature identification, screening, and selection.

Two main thematic reviews are subsequently developed. The Medical ICU Structuring
Pipelines section examines existing approaches for data structuring, preprocessing, and harmon-
isation of medical data generated in ICU environments. The Generative AI Models Applied to
Medical Data section reviews recent advances in DL and generative Al, with particular emphasis
on the adaptation and empirical evaluation of Transformer-based architectures and LLMs for
heterogeneous medical data, including EHRs.

The chapter concludes with a Critical Review of the Literature, which synthesises the princi-
pal findings from both state of the art analyses, critically examines their limitations, and identifies
methodological gaps and open challenges in ICU clinical DSSs. These insights are used to mo-
tivate and contextualise the research directions pursued in the present work, highlighting areas

where meaningful contributions may be achieved.

3.1 Search Strategy

A search strategy was designed to ensure a comprehensive and reproducible exploration of the
literature supporting both state-of-the-art analyses developed in this dissertation. The methodol-
ogy was informed by the principles of the Preferred Reporting Items for Systematic Reviews and
Meta-Analyses (PRISMA) framework [89], with the aim of promoting transparency and rigour in
the identification, selection, and inclusion of relevant studies. While a full systematic review pro-
tocol was not formally adopted, key elements of structured and reproducible evidence synthesis
were incorporated. For each of the research directions, a specific research question was formu-
lated, and key concepts were identified to compose the corresponding search strings. The search
strings were developed through an iterative process, combining keywords and synonyms using the
Boolean operators “AND” and “OR”, to ensure a broad yet precise scope. Searches were con-

ducted across multiple scientific databases, PubMed, ScienceDirect, Scopus, and Web of Science,
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selected for their broad coverage of biomedical, clinical, and computational research. All retrieved
articles were imported into the screening software Rayyan [90], which supported the selection of
relevant studies through the application of predefined inclusion and exclusion criteria, based on a
careful analysis of titles and abstracts.

For each state-of-the-art, the applied search strings, the number of retrieved, excluded, and
included studies, as well as the results of the selected papers, are presented in the corresponding
sections below. This search approach ensures a more robust overview of the literature consid-
ered and establishes a solid baseline for the analyses and discussions developed in the subsequent

sections.

3.2 Medical ICU Structuring Pipelines

In this section, the literature review will focus on data structuring pipelines for medical ICU set-
tings. It will describe the current approaches to processing, harmonising, and standardising [CU
medical data, highlighting methods for integrating heterogeneous datasets, including EHRs and
multimodal medical data. Key findings from existing pipelines will be summarised, and some

limitations or gaps in current methodologies will be identified.

3.2.1 Search Strategy Results

The literature search for this state of the art was performed covering the last ten years, with the
search conducted up to October 10, 2025. The following search string was used: ("Intensive Care
Unit") AND ("Electronic Health Record" OR "medical data" OR "database") AND ("pipeline" OR
"preprocessing” OR "harmonization" OR "standardization" OR "Benchmark").

A total of 748 articles were retrieved, of which 182 duplicates were removed. The remaining
articles were screened. The studies considered for inclusion were required to be written in English
and to focus on clinical DSSs for medical professionals, addressing practical methodologies for
processing broad medical data, including multimodal sources such as EHRs and other heteroge-
neous clinical data. Studies were excluded if they were non-article formats, targeted exclusively
at non-medical professionals, focused solely on a single data modality without integration with
EHRs, or lacked a clearly described and evaluated data processing pipeline. Articles presenting
ML pipelines were included only when data processing constituted a substantive methodological
contribution rather than a peripheral preprocessing step. Literature reviews were considered solely
if they reported original implementations or empirical analyses. This strategy prioritised studies
offering methodological depth and evidence-based insights into clinical data pipelines over purely
theoretical or conceptual contributions.

Following title and abstract screening in Rayyan [90], 42 articles were included, and 524
articles were excluded. Subsequent full-text assessment led to the additional exclusion of 10
studies that did not meet the predefined selection criteria, resulting in a final set of 32 articles,

which constitute the literature review presented in this section.
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3.2.2 Considerations for Structuring the Review

The reviewed literature demonstrates considerable diversity in data types, research objectives, and
processing strategies, which permits several alternative ways of structuring the review, each with
distinct advantages and limitations. Therefore, multiple organisational strategies were considered
to determine the most appropriate framework for presenting the findings from the 32 included
studies. These included organising studies by the temporal distribution of publications to illus-
trate the evolution of methodological approaches over the past decade, structuring them according
to pipeline stages, from data acquisition and harmonisation to modelling and validation, group-
ing studies by levels of interoperability, such as institutional or multicentre implementations and
standards-based pipelines, and arranging them by clinical or computational objectives to reflect
increasing methodological complexity.

However, to ensure a clear and comparable structure, since the number of studies found
was so considerable, a consistent pattern was identified regarding the types of data processed
by the pipelines. Accordingly, the studies in this section will be presented in three categories:
pipelines exclusively based on structured data, pipelines exclusively based on unstructured data,
and pipelines based on both structured and unstructured data.

Within each category, the first works discussed will be those that do not propose a fully de-
fined data harmonisation or preprocessing pipeline, but rather rely on partial, auxiliary, or parallel
preprocessing strategies. These will then be followed by studies that explicitly present data har-

monisation or preprocessing pipelines as a defined and central component of their methodology.

3.2.3 Pipelines Based on Structured Data

As defined in Section 2.2.1, structured data refers to routinely collected clinical variables rep-
resented in standardised, tabular formats. In the reviewed ICU literature, this typically includes
demographics, vital signs, laboratory measurements, medication records, and coded diagnoses.
Several contributions to structured data harmonisation focus not on fully end-to-end pipelines, but
rather on isolated methodological components. In this subsection, the methodologies and selected

results of 25 such studies are presented.

3.2.3.1 Preliminary and Partial Approaches

The harmonisation of structured EHR data rarely emerges as a single, fully integrated pipeline.
Instead, it is typically realised through the progressive formalisation of isolated preprocessing
layers that address specific challenges such as temporal alignment, semantic consistency, or fea-
ture construction. This subsection discusses eight studies that exemplify this layered evolution,
ranging from partial methodologies addressing specific problems to more formalised and reusable
harmonisation frameworks.

Concerns related to temporal dataset shift are explicitly addressed by Guo et al. [91], who out-
line a feature extraction procedure from Medical Information Mart for Intensive Care (MIMIC)-IV

[17] for benchmarking domain generalisation algorithms. In this study, raw clinical measurements,
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which are inherently irregular, sparse, and affected by missing values, are mapped to patient sum-
mary statistic levels computed over predefined temporal windows, including an initial 0-4 h win-
dow after ICU admission and broader retrospective intervals, thereby enforcing a consistent rep-
resentation across training and evaluation periods. The resulting representations were evaluated
for in-hospital mortality, long Length of Stay (LOS), sepsis, and invasive ventilation prediction.
Although domain generalisation and unsupervised domain adaptation are applied downstream, the
central harmonisation mechanism lies in the temporal summarisation of heterogeneous time series
into fixed, structured vectors. Even though limited in granularity, this approach highlights the role
of preprocessing choices in mitigating temporal drift.

A related approach to temporal abstraction is proposed by Fu et al. [92], who rely exclu-
sively on event timestamps from longitudinal EHR data to classify clinical deterioration. Their
methodology assumes that the sequence and density of recorded events reflect clinical workflow
and healthcare processes, rather than solely patient pathophysiology. Timestamped events, in-
cluding vital sign measurements, flowsheet entries, and order records, are segmented into regular
time bins, within which event counts are computed per feature, yielding structured representations
based purely on temporal occurrence. While this approach demonstrates that temporal abstrac-
tion can act as a harmonisation strategy, it discards information regarding the spacing between
measurements and, where applicable, quantitative values such as medication dosages, potentially
limiting physiological fidelity.

Beyond temporal considerations, several studies illustrate harmonisation through the struc-
tured definition of clinical concepts and outcomes. Thomas et al. present a computable pheno-
type for hospital-acquired venous thromboembolism, constructed to enable consistent reuse across
large clinical databases [93]. Their methodology integrates ICD-9/10 diagnosis codes with Present
on Admission indicators and Current Procedural Terminology (CPT) codes related to imaging
studies, derived from EHR data at the University of Vermont Medical Center. Although narrow
in scope, this work exemplifies harmonisation via the integration of established coding systems,
enabling consistent outcome definitions across institutional contexts.

Semantic harmonisation also constitutes a further foundational layer for structured data reuse.
The work presented by Kim et al. focuses on mapping nursing documentation from the Korea
Medical Information Mart for Intensive Care (K-MIMIC) dataset to the SNOMED CT, proposing
a preprocessing workflow centred on terminology alignment rather than automation [94]. Their
approach involves the expert selection of top-level hierarchies and semantic tags, cross-validation
among annotators, and an external expert review. While no scalable ETL pipeline is introduced,
this mapping exercise underscores that semantic standardisation constitutes a foundational har-
monisation layer, without which downstream Al based DSS development is not feasible.

A complementary perspective on semantic harmonisation is presented by Piittmann et al. [95],
who assess the Findability, Accessibility, Interoperability, and Reusability (FAIR)ness of two
Dutch ICU research databases previously transformed into the OMOP CDM. Rather than in-
troducing a new transformation pipeline, the study evaluates the outputs of the existing ETL pro-

cesses, including their data structures, vocabulary mappings, metadata, and publication through
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the European Health Data and Evidence Network (EHDEN) portal. Within this framework, clini-
cal data elements are represented using standard terminologies such as SNOMED CT and LOINC,
while OHDSI tools support structural validation and data quality assessment. The study therefore
demonstrates how CDM and standard vocabularies can facilitate semantic consistency and data
reuse, while identifying remaining limitations related to globally unique identifiers and metadata
standardisation.

Moving from semantic alignment to clinically informed feature construction, Stein et al. pro-
pose a reusable preprocessing workflow for extracting high frequency telemetry data alongside
laboratory and demographic variables from paediatric ICU EHRs [96]. Unlike earlier works, this
study explicitly documents the preprocessing steps as a standardised sequence, demonstrating how
structured harmonisation can be directly integrated into physiological considerations in a popula-
tion where normal ranges vary substantially with age.

A complementary perspective on preprocessing is provided by Jagesar et al. [97], who com-
pare manually curated versus automatically extracted EHR data for ICU mortality prediction using
the Amsterdam University Medical Center (UMC) [98]. Rather than proposing a reusable harmon-
isation framework, the authors employ an automated SQL-based extraction pipeline and deliber-
ately exclude variables requiring manual curation, such as detailed diagnostic labels, a choice that
improves scalability but removes clinically nuanced information and may limit model expressive-
ness and transferability. Missing physiological and laboratory values are imputed as normal, and
feature selection is driven by domain knowledge. Although limited in generalisability, this study
demonstrates that automated preprocessing pipelines, combined with clinical knowledge imputa-
tion, can reproduce the performance of manually curated reference models, highlighting manual
curation itself as an implicit harmonisation strategy.

The final study addresses harmonisation challenges at the level of specific variables or record-
ing practices. Wang et al. develop a standardisation approach for pulse oximetry and supplemental
oxygen data within the Veterans Health Administration (VHA) system [99]. Their preprocessing
pipeline resolves heterogeneous charting conventions by converting diverse representations into a
unified litres-per-minute scale, followed by validation of the derived variables through face, con-
current, and predictive validity analyses. The resulting variables were also examined in relation
to in-hospital and one-year post-discharge mortality. Although local in scope, this work illustrates
how variable standardisation constitutes a necessary preprocessing layer within broader structured

data pipelines.

3.2.3.2 End-to-End Pipelines

In this subsection, 17 works are examined. These end-to-end pipelines differ substantially in both
intent and design. To avoid conflating fundamentally distinct methodological contributions, this
subsection adopts a taxonomy grounded not in abstract technical characteristics, but in practical
reusability and methodological scope. The reviewed works are organised according to the role

that harmonisation plays within the overall pipeline and the extent to which the resulting artefacts
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can be reused across datasets, tasks, and modelling approaches. Four general categories are distin-
guished: 1) Data harmonisation as an independent and reusable component; ii) Data harmonisation
for standardised clinical labels and phenotypes; iii) Data harmonisation within benchmarking and

evaluation pipelines; iv) Data harmonisation for specific task and model architectures.

Data harmonisation as an independent and reusable component

The works in this category treat data harmonisation as a standalone methodological contribu-
tion, explicitly separating the harmonisation process from any single predictive task or modelling
choice. Their primary objective is to reduce structural and semantic heterogeneity across ICU
datasets in a way that enables reuse, cross-dataset analysis, and external validation.

A paradigmatic example is provided by Bennett et al. through ricu [100], an open-source R
package offering a unified interface to multiple large-scale ICU databases, including MIMIC-III
[101], MIMIC-1V [17], electronic Intensive Care Unit (eICU) [13], Amsterdam UMC [98], and
High time-Resolution Intensive Care Database (HiRID) [102]. The motivation underlying ricu
is the observation that ICU data is highly heterogeneous and the absence of computational infras-
tructure for handling multiple datasets simultaneously. Rather than enforcing strict compliance
with a single CDM, ricu adopts a concept-centred harmonisation strategy, supporting 119 clini-
cal concepts grounded primarily in the OMOP Vocabulary. Harmonisation is achieved through a
layered loading process that resolves discrepancies in units, data types, and temporal references,
producing aligned longitudinal representations. Importantly, ricu is explicitly designed for reuse
and extensibility, allowing incremental integration of new datasets and concepts.

A closely related, though narrower, approach is proposed by Liao and Voldman through the
METRE [103]. METRE focuses on consistent extraction across MIMIC-IV [17] and eICU [13],
transforming raw EHR data into structured, time-aligned data frames suitable for ML. Within a
single pipeline, METRE formalises cohort definition, variable extraction across static, vital, and
intervention data, unit harmonisation, outlier handling, missingness thresholding, and semantic
aggregation. The pipeline was evaluated on hospital mortality, Acute Respiratory Failure (ARF),
and shock prediction. Although narrower in scope than ricu, METRE exemplifies an end-to-
end approach in which harmonisation decisions are made explicit and consistently applied across
datasets.

Figure 3.1 presents a schematic overview of the METRE extraction pipeline, illustrating how
heterogeneous EHR data are processed into structured, time-aligned tables. The pipeline sepa-
rates static and time-dependent data streams, applies temporal aggregation and preprocessing, and
produces three harmonised outputs: a Static table, demographics and comorbidities, a Vital table,
vital signs and blood gas measurements, and an Intervention table, procedures and administered
therapies.

While ricu and METRE focus primarily on harmonised extraction, other works extend these
principles towards the construction of harmonised datasets rather than solely extraction pipelines.
Oliver et al. introduced BlendedICU [104], the first international ICU dataset synthesised from
Amsterdam UMC [98], eICU [13], HiRID [102], and MIMIC-IV [17]. The authors address the
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Figure 3.1: METRE schematic retrieved from the original article [103]. (Dashed box is specific
for eICU. Output dataframe shape is from MIMIC-1V.)

lack of a harmonised processing pipeline spanning these widely used databases, each characterised
by distinct languages, terminologies, units, and clinical practices. Their pipeline extracts variables
from each source and maps them to the OMOP CDM, applying temporal resampling, value clip-
ping and normalisation, drug mapping, missing data imputation, and provides both raw and openly
available preprocessed versions to the community.

Figure 3.2 presents a schematic overview of the BlendedICU construction pipeline. The figure
illustrates the progressive transition from heterogeneous source databases to a harmonised dataset
through explicit filtering, variable selection, and clinically validated preprocessing steps, including
temporal resampling, normalisation, and imputation, culminating in both raw and preprocessed
OMOP-compatible outputs suitable for downstream analysis.

A complementary perspective on large-scale harmonisation is offered by Rojas et al. through
the Common Longitudinal ICU Format (CLIF) [105]. CLIF is an open-source data model and ETL
pipeline designed to support multicentre ICU research across 39 hospitals and 9 health systems in
the United States. It defines a minimum set of Common ICU Data Elements (mCIDE) organised
into more than 20 longitudinally structured, clinically meaningful tables, mapping source-specific
variables to categorised and standardised representations. CLIF is further implemented as a fed-
erated analysis framework, enabling reproducible research across heterogeneous health systems
without centralising patient data. The framework was demonstrated through external validation of
an in-hospital mortality prediction model and an assessment of 72-hour temperature trajectories
associated with mechanical ventilation and in-hospital mortality. Unlike OMOP-based transfor-
mations, CLIF prioritises clinically interpretable longitudinal structure over exhaustive vocabulary
coverage.

Formal transformation to a CDM is further exemplified by Paris et al. [106], who documented
the complete conversion and evaluation of MIMIC-III [101] into the OMOP CDM . Their openly
documented SQL-based ETL pipeline involved semantic and structural mapping of source tables,
standardising data from 26 MIMIC tables into 19 OMOP tables, and was supported by systematic
unit testing and data quality assessment using established OHDSI tooling. Validation was carried
out through a large-scale datathon, during which hundreds of participants conducted clinical re-
search projects using the MIMIC-OMOP database, demonstrating the model’s interpretability and
practical usability. This effort ultimately resulted in a freely accessible MIMIC-OMOP dataset for

reproducible intensive care research.
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Figure 3.2: Flowchart illustrating the end-to-end pipeline for the creation of the BlendedICU
dataset, from multi-database selection and filtering to harmonisation and standardisation into the
OMOP CDM. Adapted from Oliver, Allyn, Carencotte, et al. [104].

While previous efforts focused on large-scale or multi-database standardisation, Bode et al.
propose a data integration pipeline aimed at establishing an interoperable routine for paediatric
intensive care medicine at Hannover Medical School [107]. The authors describe a three-level
integration framework in which more than 3,000 data items from heterogeneous clinical systems,
including the HIS and Patient Data Management System (PDMS), are converted into an openEHR-
based representation. The pipeline combines systematic data item identification, an intermediate
SQL-based structure, and 31 interoperable ETL processes supported by 15 openEHR templates,
resulting in anonymised and standardised longitudinal data for approximately 4,200 paediatric pa-
tients. The workflow relies exclusively on open-source software and openly available data models.

Finally, adopting a similarly institutional approach, Fleuren et al. describe the Dutch Data
Warehouse (DDW), a multicentre EHR database comprising full-admission data from critically ill
COrona VIrus Disease (COVID)-19 patients across the Netherlands [108]. Data from participating
centres are processed through an ETL pipeline, manually mapped to a common concept vocabulary
defined by the authors, and enriched with derived clinical scores such as SOFA and APACHE I1.
Although the pipeline draws on OMOP and openEHR-related principles, access to the resulting
dataset is governed by data-sharing agreements and ethical constraints, limiting reuse despite the
availability of the underlying repository code. Nevertheless, this work illustrates the organisational
and procedural challenges inherent to harmonising ICU data at a national scale.

From a comparative perspective, these approaches differ less in their fundamental objectives
than in the level at which harmonisation is enforced. ricu and METRE prioritise reusable ex-

traction logic across heterogeneous sources, differing mainly in scope and vocabulary coverage
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[100], [103]. BlendedICU, CLIF, and OMOP-based transformations shift harmonisation towards
dataset-level standardisation, trading flexibility for interoperability and consistency [104]-[106].
Institution-specific pipelines such as those proposed by Bode et al. and Fleuren et al. further
embed harmonisation within organisational and governance structures [107], [108]. Across all
cases, harmonisation relies on similar mechanisms, concept mapping, unit normalisation, tempo-
ral alignment, and missing data handling, with distinctions arising primarily from design choices
regarding reuse, scale, and intended scope rather than from fundamentally different methodologi-

cal paradigms.

Data harmonisation for standardised clinical labels and phenotypes

In contrast to general approaches, the pipelines grouped here employ data harmonisation as en-
ables the consistent derivation of clinically meaningful labels or phenotypes. In these works, the
scope of reuse is intentionally limited to a specific outcome or clinical task, but the preprocessing
and harmonisation steps are nevertheless fully specified and reproducible.

Hofford et al. introduced OpenSep [109], an open-source pipeline for the automated computa-
tion of the SOFA score and Sepsis-3 classification, validated on MIMIC-IV [17]. Addressing the
limited transferability and dataset-specific nature of existing Sepsis-3 implementations, OpenSep
formalises cohort selection, variable extraction, score computation, and validation within a unified
pipeline. Central to this approach is the Minimal Sepsis Data Model (MSDM), which structures
essential inputs such as laboratory measurements, vital signs, vasopressor use, and antibiotic ad-
ministration. Although restricted to sepsis-related tasks and not intended as a general-purpose har-
monisation framework, the pipeline prioritises generalisability by requiring substantially less data
restructuring than complex data model-based approaches. The public availability of the source
code further positions OpenSep as a focused example of transparent, task-driven data harmonisa-
tion.

A closely related contribution is provided by Porschen et al. through pyAKI [110], an open-
source pipeline for automated Acute Kidney Injury (AKI) classification according to Kidney Dis-
ease Improving Global Outcomes (KDIGO) criteria using MIMIC-IV [17] time-series data. The
pipeline standardises input formats, baseline serum creatinine definitions, imputation strategies,
and temporal logic for AKI staging, and demonstrates through validation against clinician-derived
gold standards that preprocessing choices substantially affect outcome labelling. pyAKI further
incorporates interpolation to upsample sparse measurements to hourly resolution and derives final
AKI stages from both creatinine and urine output. As with OpenSep, its primary contribution
lies in the formalisation and standardisation of clinically defined labels, reinforced by a minimal,

standardised AKI data model designed to ensure reproducibility across studies.

Data harmonisation within benchmarking and evaluation pipelines

The pipelines discussed in this section used data harmonisation within standardised experimental

workflows designed to support systematic evaluation and comparison of Al models. In this con-
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text, harmonisation functions as a prerequisite for controlling methodological variability rather
than as an end in itself.

Tang et al. [111] developed Flexible Data-Driven Pipeline (FIDDLE), an open source, prepro-
cessing framework evaluated on MIMIC-III [101] and eICU [13]. FIDDLE aims to reduce reliance
on manual, specific task feature engineering by systematically standardising the transformation of
raw EHR data into representations ready to be applied to models. The pipeline operates in three
stages, pre-filter, transform, and post-filter, to address common challenges such as heterogeneous
data types, irregular sampling, and high dimensionality. Through largely data-driven strategies,
including carry forward imputation and discretisation based on quintile, FIDDLE converts input
data into a matrix of invariant time features and a tensor of dependent time features. Although
evaluated on in-hospital mortality, ARF, and shock prediction, its primary objective is to generate
reusable feature representations that facilitate consistent and reproducible EHR analysis across
tasks and datasets. While semantic harmonisation across institutions is not explicitly addressed,
FIDDLE provides a general preprocessing pipeline that standardises key design choices and is
openly available for reuse.

Building upon ricu for initial data harmonisation and concept definition, van de Water et
al. [112] introduced Yet Another ICU Benchmark (YAIB), an open-source, modular framework
designed to support five major open-access ICU datasets: MIMIC-III [101], MIMIC-1V [17],
elCU [13], HiRID [102], and Amsterdam UMC [98]. Unlike ricu, which primarily provides the
harmonisation and concept extraction layer, YAIB extends this foundation into a benchmarking
framework by adding five task definitions, ICU mortality, AKI, sepsis, kidney function, and re-
maining LOS, together with exclusion criteria, preprocessing configurations, model training, and
standardised evaluation. Users can configure imputation, missingness indicators, and multiple Al
models, including LR, gradient boosting, GRU, LSTM, TCN, and Transformer-based neural net-
works. The framework is publicly available and emphasises transparent, reproducible experiment
definitions for method development and cross-dataset comparison.

The COVID-19 benchmark by Gao et al. shares a similar objective, providing open-source
preprocessing pipelines for cleaning, filtering, missing-value imputation, and cohort construction
using the Tongji Hospital (TJH) and COVID Data for Shared Learning (CDSL) COVID-19 EHR
datasets [113]. MIMIC-II [101] and MIMIC-IV [17] were additionally considered for external
comparison. The complete framework includes standardised processing and the evaluation of
18 predictive models for length-of-stay and early-mortality prediction, enabling controlled and

reproducible model comparison.

Data harmonisation for specific task and model architectures

This final group includes pipelines in which preprocessing is designed around a specific clinical
task or modelling approach. These workflows provide complete solutions for their intended appli-
cations, but their task-specific processing and representations may limit reuse across other tasks,

datasets, or models.
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Escudero-Arnanz et al. propose the eXplainable Spatio-Temporal Graph Convolutional Neural
Network (XST-GCNN) architecture, explicitly designed for processing heterogeneous and irreg-
ular multivariate TS data from ICU patient EHRs [114]. The pipeline’s core is tightly linked to
the prediction model, capturing both temporal and feature dependencies through a unified spatio-
temporal graph representation. Using ICU data from a Spanish hospital, heterogeneous clinical
variables are embedded into a unified feature space, and pairwise relationships are quantified us-
ing a Gower-based distance, a similarity measure suitable for mixed numerical and categorical
variables, to accommodate mixed data types. These graphs are then processed within a graph con-
volutional framework, in which graph construction and temporal modelling are intrinsically linked
to the prediction task. As a result, data preprocessing, representation learning, and inference form
a model-specific pipeline rather than a reusable harmonisation framework.

Adopting a complementary but less explicitly architectural approach, Xu et al. [115] presented
a semi-supervised pipeline for extracting clinical states associated with pneumonia in two cohorts,
the Successful Clinical Response In Pneumonia Therapy (SCRIPT) study and MIMIC-IV [17].
The pipeline optimises feature selection, normalisation, temporal aggregation to day resolution,
optimisation of preprocessing choices guided by a “common-sense” ground truth, dimensionality
reduction, and ensemble clustering. The pipeline process ends by learning a low dimensional
embedding space via Principal Component Analysis (PCA) and employing a robust ensemble
clustering method to identify and characterise five clinical states.

Rather than being driven primarily by data representation or architecture, Wang et al. [116]
presented a physiology phenotyping pipeline motivated by the limitation of based conventional
EHR analyses in capturing latent physiological states. Their approach integrates EHR extraction
with mechanistic modelling of the glucose—insulin system, using data assimilation and Markov
Chain Monte Carlo (MCMC) to estimate unobserved specific patient parameters, followed by un-
supervised learning to derive continuous physiological phenotypes that are subsequently validated
against ICD-9/10 codes and clinical documentation. In this setting, harmonisation is achieved im-
plicitly through the mechanistic model, which regularises sparse and irregular EHR observations
via continuous simulation.

A similarly model dependent interpretation is adopted by Jajcay et al. [117], who propose a
pipeline for cardiogenic shock prediction in MIMIC-III [101] centred on systematic management
of missing data. After cohort selection based on ICD-9 codes, the pipeline performs detailed
data inspection, outlier correction, variable grouping, and multivariate imputation using multiple
imputation by chained equations, generating several completed datasets from which a final model
cohort is derived and evaluated using a gradient-boosted predictor.

Likewise, Liu et al. [118] address a different clinical objective by developing an unsupervised
pipeline for stratifying patients with vital organ failure, in which diagnosis histories encoded as
ICD codes are transformed into structured representations through aware ontology embeddings,
autoencoder representation learning, and joint optimisation with a clustering objective.

Although these last three pipelines differ substantially in clinical focus and modelling strat-

egy, they share a common characteristic, data harmonisation is inseparable from the modelling
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framework itself, with representation construction, inference, and learning jointly defined, yield-
ing end-to-end workflows that are computationally complete but inherently limited in reuse beyond

their original tasks and datasets.

3.2.4 Pipelines Based on Unstructured Data

As discussed in Section 2.2.1, unstructured data lacks a fixed tabular schema and includes clinical
notes, narrative reports, and textual or semi-structured EHR metadata, such as parameter names
and flowsheet labels. This subsection discusses four studies. The first two are presented as pre-
liminary and partial approaches because text processing supports downstream modelling or label
generation. The remaining two define end-to-end workflows for concept mapping and harmon-
isation, although they still require expert validation and are not necessarily fully automated or

publicly reproducible.

3.2.4.1 Preliminary and Partial Approaches

Gupta et al. [119] introduced the Hierarchical Attention-based Integrated Learning (HAIL) frame-
work, an attention-based architecture designed to process unstructured clinical notes for predic-
tive tasks, including in-hospital mortality and LOS prediction, using MIMIC-III [101], MIMIC-
IV [17], and PUBHEALTH [120]. The framework uses a pre-trained language model, such as
Bidirectional Encoder Representations from Transformers (BERT) [121], to generate text embed-
dings. Hierarchical attention is then applied at the sentence level to aggregate information across
text chunks and at the feature level to refine missing value embeddings. The resulting patient
embedding is used for prediction through a Graph NN. Missing textual information is handled
internally through attention-based representation refinement, rather than through explicit prepro-
cessing or harmonisation before modelling. Therefore, the transformation of unstructured data in
HAIL remains dependent on the proposed architecture, and no standalone reusable harmonisation
pipeline is defined.

Similarly, Nowak et al. [122] present a Transformer-based approach for structuring radiologi-
cal free-text reports to create labels for corresponding image data, supporting the development of
image-based DSSs. Although the resulting labels are used with radiographic images, the process-
ing workflow itself operates on the associated free-text reports, which justifies its classification
within this subsection. The preprocessing task consists of automatically annotating reports to
identify five typical radiological findings using text-based Transformer models. The methodology
involved training BERT models [121], bidirectional Transformer encoders pre-trained for lan-
guage representation, on human annotations, referred to as “gold labels”, after which the trained
models generated automated “silver labels” for the remaining reports. Although this process struc-
tures free text, it is designed to support image model training rather than harmonise textual data
across systems or studies. The code associated with the report annotation pipeline is referenced

through prior work, but is not explicitly released as a standalone reusable preprocessing framework
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in this study. Consequently, its utility is primarily defined by its interaction with DSS model train-
ing, where performance improvements were observed when using Transformer-generated “silver

labels” compared with “gold labels” alone.

3.2.4.2 End-to-End Pipelines

In contrast to the previous approaches, the following studies propose more complete pipelines for
harmonising unstructured or semi-structured data elements across heterogeneous EHR systems.
Dam et al. [123] proposed an augmented intelligence pipeline to facilitate concept mapping of
unstructured parameter names extracted from EHR data originating from multiple Dutch hospital
systems. The approach maps parameter names to a locally defined reference set of 1,679 clinically
relevant concepts, originally curated through extensive manual effort. The pipeline follows three
stages: linguistic preprocessing, including tokenisation, lemmatisation, and synonym handling;
encoding through term frequency-inverse document frequency; and multi-class concept prediction
using a linear classifier trained via stochastic gradient descent. Predicted labels associated with
numeric parameters are then refined using aggregated data distribution statistics. Importantly, the
harmonisation process is independent of downstream predictive models and is designed to support
ontology alignment across heterogeneous EHR systems. Although manual validation remains
necessary, the public pipeline substantially reduces the workload associated with manual concept
mapping, initially estimated at 2,000 hours.

Fan et al. [124] present a semi-automated pipeline for aligning EHR data and mapping nurs-
ing documentation concepts across multiple healthcare sites. Flowsheet fields, including template
and measure names, are reformatted into template-measure pairs, which serve as the units for
harmonisation. The pipeline then applies exact matching, lexical matching using string similar-
ity measures, and semantic alignment to the Clinical Care Classification (CCC) terminology. In
the semantic stage, LLMs generate embeddings for both template-measure pair names and CCC
concepts, with cosine similarity used to rank candidate mappings. The workflow is intended to
accelerate manual alignment and concept mapping rather than optimise downstream predictive
performance. Although modular and potentially extensible to alternative terminologies, expert
validation remains necessary and, due to contractual restrictions, neither the underlying data nor
the full implementation code is publicly available. Accordingly, Fan et al. can be considered an
end-to-end harmonisation workflow for nursing documentation alignment, but not a fully auto-
mated or fully reproducible pipeline, since expert validation remains necessary and the complete

implementation is not publicly available.

3.2.5 Pipelines Based on Structured and Unstructured Data

Approaches that integrate structured and unstructured data introduce additional complexity to data
harmonisation pipelines, as they must reconcile heterogeneous modalities while preserving se-

mantic and temporal consistency. This subsection discusses three studies combining structured
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and unstructured clinical data. Rather than forming a clear progression from partial to end-to-
end pipelines, these works illustrate different integration strategies: multimodal dataset linkage
for benchmarking and fairness analysis, task-specific feature fusion for predictive modelling, and
infrastructure-level integration of structured streams with clinical notes [125]-[127].

Yang et al. [125] introduce the publicly available MIMIC-IV-Social Determinants of Health
(SDOH) dataset by linking structured and unstructured EHR data from MIMIC-IV [17] with ex-
ternal community-level SDOH databases, including County Health Rankings (CHR), the Social
Vulnerability Index (SVI), and the SDOH itself. The EHR data include structured tabular fea-
tures, such as demographics, risk scores, and laboratory measurements from the first 24 hours of
ICU stay, as well as unstructured discharge notes. Structured numerical features undergo median
imputation and standard scaling, while categorical variables are processed through constant impu-
tation and one-hot encoding. Discharge notes are cleaned, tokenised, lemmatised, filtered through
corpus-specific stop word removal, and represented using Term Frequency-Inverse Document Fre-
quency (TF-IDF). Community-level SDOH features are integrated by mapping patient zip codes
to county-level data using residential ratios. Although the study provides a well-documented mul-
timodal linkage and enables downstream benchmarking across 15 feature sets, its preprocessing
choices primarily support comparative modelling and fairness analysis rather than a reusable har-
monisation pipeline.

A contrasting approach is presented by Mani et al. [126], who developed a preoperative
multimodal architecture integrating structured EHR data, such as demographics, comorbidities,
and clinical covariates, with unstructured free-text inputs from past medical and surgical history,
medication lists, and problem lists. Structured data were processed through numerical encod-
ing, categorical transformation, standardisation, and one-hot encoding. Free-text reports were
stemmed, tokenised, and converted into numerical vectors using a bag-of-words approach to cre-
ate a Document-Feature Matrix (DFM). The resulting tabular and text-derived representations
were combined into a preoperative dataset used by an Extreme Gradient Boosted (XGBoost)
model to predict perioperative safety indicators. Although the authors evaluate the full cohort
and procedure-specific subcohorts, the pipeline remains specific to a single institutional context,
with clinical data institutionally sourced and code available only upon request.

A different multimodal strategy is presented by Noteboom et al., who propose a pipeline for
integrating real-time and retrospective ICU data within a cloud environment for structured stor-
age and advanced clinical decision support [127]. The pipeline ingests and stores high-frequency
structured physiological data, while incorporating unstructured EHR notes primarily to support co-
hort selection rather than feature extraction. Structured data streams are continuously transmitted
to a cloud data warehouse, where they are stored as a raw full copy and pseudonymised by default.
Clinical notes are ingested into the same environment, enabling unified querying across modali-
ties. Integration between structured and unstructured data is achieved through targeted keyword
searches in clinical notes to identify events such as cardiac arrest; once these events are located,
corresponding high-frequency time-series data can be extracted for temporal analysis. Manual

screening of selected keyword cohorts is used to validate the unstructured component. Although
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the pipeline combines structured and unstructured data operationally, it does not define extensive
text preprocessing or representation learning for unstructured data. It is therefore multimodal at the
infrastructure level, but not a comprehensive harmonisation framework for unstructured clinical
text. As an institutional implementation at Amsterdam UMC, relying on a cloud service provider
and security mechanisms such as private networking and encryption, neither the source code nor

the underlying data are publicly available.

3.2.6 Summary and Synthesis

Across the reviewed literature, a central conclusion is that data harmonisation in ICU settings is
rarely realised as a single procedure, but rather as a spectrum of design choices that balance in-
teroperability, clinical specificity, and computational feasibility. Reproducible pipelines are most
clearly articulated in works that explicitly formalise extraction, transformation, and validation
stages as reusable artefacts, often supported by open-source implementations or CDMs. Exam-
ples include harmonisation frameworks grounded in OMOP or openEHR transformations, as well
as universal dataset extraction layers such as ricu and METRE, which prioritise transparent pre-
processing logic over a specific task optimisation [100], [103], [106], [107]. These approaches
consistently emphasise explicit documentation of assumptions, semantic mappings, and temporal
alignment as requirements for cross-dataset reuse and external validation.

Beyond these independent and reusable frameworks, several pipelines demonstrate that the
scope and design of harmonisation are closely tied to the intended analytical objective. Task fo-
cused pipelines for standardised clinical labels or phenotypes, as well as frameworks oriented
for some benchmarking, tend to prioritise internal consistency and controlled preprocessing over
broad semantic interoperability, yielding workflows that are reproducible but deliberately con-
strained in reuse [109]-[113]. Conversely, pipelines in which harmonisation is tightly integrated
with specific modelling architectures or representation learning strategies achieve coherent end-to-
end solutions at the cost of generalisability, while approaches to unstructured or multimodal data
show greater transferability when preprocessing remains modular and explicitly separated from
downstream models, even when expert validation is still required [114], [116], [118], [123], [124],
[127].

Table 3.1 provides a structured summary of the 32 studies included in this part of the review.
For each approach, it presents its methodological role, data modalities and datasets, harmonisation
focus, clinical tasks, public code availability, primary contribution, and main limitation, enabling
direct comparison across the reviewed pipelines. Public code is reported as available when the
article provides an accessible implementation repository or project website, and as available upon

request when access depends on contacting the authors.



Table 3.1: Structured summary of the 32 included ICU data structuring approaches.

Work Approach Role Data Modalities Harmonisation Clinical Tasks  Public Primary Contribution Main Limitation
and Datasets Focus Code
Bennett et Reusable Structured data; Semantic Lactate— Yes Provides a unified The concept dictionary is
al. (2023) harmonisation MIMIC-III, mapping, unit mortality and interface for extracting not comprehensive
[100] framework MIMIC-IV, elCU, standardisation, diabetes— 119 clinical concepts because concepts were
ricu AmsterdamUMCdb,  and temporal insulin-use across five heterogeneous  added case by case.
and HiRID alignment analyses ICU databases.
Bode et al. Institutional Structured data; Semantic No clinical Yes Converts heterogeneous Source-specific
(2023) [107]  integration Hannover Medical mapping, ETL, tasks studied paediatric ICU data into extraction remains
pipeline School HIS and and longitudinal standardised openEHR resource-intensive and
PDMS structuring representations through templates may require
interoperable ETL local adaptation.
processes.
Dam et al. Concept- Unstructured EHR Semantic mapping  No clinical Yes Uses NLP and ML to Mapping recall is
(2023) [123] mapping pipeline  metadata; and text tasks studied map heterogeneous EHR  imperfect and manual
AutoMap Dutch ICU Data structuring parameter names to a validation remains
Warehouse standardised concept set.  necessary.
Escudero- Model-specific Structured data Feature Multidrug- Yes Models temporal and Inference is
Arnanz et al.  predictive (time-series); construction and resistance feature dependencies approximately three
(2025) [114]  pipeline Hospital of temporal prediction through a unified times slower than
XST-GCNN Fuenlabrada representation spatio-temporal graph lightweight baseline
representation. models.

Continued on next page
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Work Approach Role Data Modalities Harmonisation Clinical Tasks  Public Primary Contribution Main Limitation
and Datasets Focus Code
Fan et al. Semi-automated Semi-structured Semantic mapping  No clinical No Combines exact, lexical, = Expert verification
(2025) [124]  concept-mapping EHR metadata; and lexical tasks studied and LLM-based semantic  remains necessary
pipeline Two institutional alignment matching for multi-site because semantic
Epic sites flowsheet alignment. mappings can be
inconsistent.
Fleuren et Multicentre data Structured data; ETL, semantic No clinical Yes Establishes a national Data and repository
al. (2021) warehouse Dutch multicentre mapping, and tasks studied (upon full-admission ICU data access are governed by
[108] COVID-19 ICU data  feature derivation request)  warehouse with data-sharing agreements
DDW harmonised concepts and  and ethical restrictions.
derived clinical scores.
Fu et al. Task-specific Structured data Feature Composite Yes Uses only EHR entry Evaluated on a relatively
(2021) [92] temporal (event timestamps); construction and clinical timestamps to represent small dataset from a
abstraction Institutional EHR temporal deterioration healthcare processes and  single healthcare system.
data alignment prediction predict deterioration.
Gao et al. Benchmarking Structured data; Missing-data Outcome- Yes Provides standardised Mortality and LOS
(2024) [113]  framework TJH [113] and handling, feature specific LOS preprocessing and models were constrained
CDSL[128], with construction, and and evaluation of 18 models to identical architectures

MIMIC-IIT and
MIMIC-1V for

external comparison

cohort
standardisation

early-mortality

prediction

across two COVID-19
ICU datasets.

for comparison.
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Work Approach Role Data Modalities Harmonisation Clinical Tasks  Public Primary Contribution Main Limitation
and Datasets Focus Code
Guo et al. Temporal-shift Structured data; Temporal In-hospital Yes Benchmarks domain Coarse temporal
(2022) [91] evaluation MIMIC-1V aggregation, mortality, long generalisation and information prevented
framework feature LOS, sepsis, adaptation under detailed estimation of the
construction, and and invasive temporal dataset shift. rate of performance
missing-data ventilation deterioration.
handling prediction
Guptaetal. = Model-specific Unstructured data Text representation  In-hospital No Integrates hierarchical Dense patient graphs
(2025) [119]  text-processing (clinical text); and missing-data mortality, LOS, attention and graph create substantial
HAIL framework MIMIC-III, handling and neural networks to model = computational demands.
MIMIC-1V, and medical-claim long and incomplete
PUBHEALTH classification clinical text.
Hofford et Clinical Structured data; Label derivation, Sepsis-3 Yes Provides an open-source  Execution speed was
al. (2022) phenotype MIMIC-1V feature classification pipeline and minimal traded for code
[109] pipeline construction, and and SOFA score data model for readability and ease of
OpenSep semantic mapping  calculation reproducible Sepsis-3 review.
phenotyping.
Jagesar et al.  Extraction Structured data; Feature In-hospital No Compares automatically ~ Single-centre evaluation

(2024) [97]

comparison study

AmsterdamUMCdb

construction and

label derivation

mortality

prediction

extracted EHR variables
with manually curated

mortality-model inputs.

limits the generalisability

of the findings.
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Work Approach Role Data Modalities Harmonisation Clinical Tasks  Public Primary Contribution Main Limitation
and Datasets Focus Code
Jajcay etal.  Task-specific Structured data; Missing-data Cardiogenic Yes Defines a systematic The pipeline was not
(2023) [117]  preprocessing MIMIC-IIT handling and shock (upon processing and evaluated on EHR
pipeline feature prediction request)  multivariate-imputation datasets other than
construction workflow for cardiogenic =~ MIMIC-IIIL.
shock prediction.
Kim et al. Semantic Structured nursing Semantic mapping  No clinical No Maps ICU nursing data The mapping process
(2025) [94] mapping study data; tasks studied to SNOMED CT to remains manual and
K-MIMIC support semantic requires improved
consistency and reuse. efficiency for broader
application.
Liao and Multi-database Structured data; Feature Hospital Yes Enables harmonised Cross-database
Voldman extraction MIMIC-IV and construction, mortality, ARF, extraction and evaluation is restricted to
(2023) [103]  pipeline elCU missing-data and shock cross-database model variables shared by both
METRE handling, unit prediction validation between databases.
standardisation, MIMIC-IV and eICU.
and temporal
alignment
Liu et al. Model-specific Structured data Semantic Heart, No Combines Uses only ICD
(2023) [118]  clustering (clinical codes); representation and  respiratory, and ontology-grounded ICD information without
pipeline MIMIC-IIT feature kidney failure embeddings, graph integrating
construction patient attention, and deep demographics,
clustering clustering. procedures, or vital

signs.
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Work Approach Role Data Modalities Harmonisation Clinical Tasks  Public Primary Contribution Main Limitation
and Datasets Focus Code
Mani et al. Task-specific Structured and Multimodal Extended LOS,  Yes Integrates structured Some frequent text
(2025) [126]  multimodal unstructured data; integration and 90-day (upon EHR variables and free features lack clinical
pipeline Institutional feature reoperation, and request)  text for perioperative relevance and may
spine-surgery data construction ICU admission safety prediction. contribute to overfitting.
prediction
Noteboom Institutional Structured data Multimodal Cardiac-arrest No Integrates Keyword-based event
etal. (2025) multimodal (time-series) and integration and cohort high-frequency monitor identification produces
[127] infrastructure clinical text; temporal identification data and clinical notes excessive false positives.
Amsterdam UMC alignment within a cloud data
environment.
Nowak et al.  Text-based Unstructured data Text structuring Radiological No Uses text-based Labels inherit
(2024) [122] label-generation (radiology reports); and label finding label Transformers to generate  inaccuracies and
workflow University Hospital derivation generation labels for chest omissions from the
Bonn radiographs from source radiology reports.
corresponding reports.
Oliver et al. Harmonised Structured data; Semantic ICU mortality Yes Produces an international  Extraction is less

(2023) [104]
BlendedICU

dataset pipeline

AmsterdamUMCdDb,
eICU, HiRID, and

MIMIC-1V

mapping, unit
standardisation,
and temporal

alignment

and LOS

comparison

ICU dataset harmonised
to the OMOP CDM.

exhaustive than pipelines
specialised for a single
database.

Continued on next page
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Work Approach Role Data Modalities Harmonisation Clinical Tasks  Public Primary Contribution Main Limitation
and Datasets Focus Code
Paris et al. Common-data- Structured data; Semantic mapping  No clinical Yes Transforms MIMIC-III Centralising measured
(2021) [106] model MIMIC-IIT and ETL tasks studied into the OMOP CDM facts in one table
MIMIC- transformation through structural and increases row volume
OMOP semantic mapping. and reduces query
performance.
Porschen et Clinical label Structured data Label derivation AKI Yes Implements KDIGO Standardised procedures
al. (2025) pipeline (time-series); and temporal classification criteria in an open-source  for testing AKI
[110] MIMIC-IV alignment and standardised classification software
DPYAKI demonstration cohort time-series pipeline. remain unavailable.
Piittmann et  FAIRness Structured data; Semantic and No clinical No Assesses two Evaluation was restricted
al. (2023) assessment DDW structural tasks studied OMOP-converted ICU to two overlapping Dutch
[95] workflow assessment databases using ICU use cases.
standardised FAIRness
criteria.
Rojas et al. Federated Structured data; Semantic mapping  In-hospital Yes Defines an open-source Federated analyses
(2025) [105]  harmonisation 39 hospitals across and longitudinal mortality longitudinal ICU format  require labour-intensive
CLIF framework nine United structuring prediction and for federated multicentre ~ manual execution and

States (US) health
systems

temperature-
trajectory
assessment

research.

site-specific debugging.
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Work Approach Role Data Modalities Harmonisation Clinical Tasks  Public Primary Contribution Main Limitation
and Datasets Focus Code
Stein et al. Feature- Structured data Feature Cardiovascular  Yes Consolidates Single-centre evaluation
(2025) [96] engineering (time-series); construction, unit deterioration high-frequency with a relatively small
PicEWS pipeline Great Ormond Street  standardisation, prediction paediatric ICU data using  dataset requires external
Hospital and missing-data age-normalised and validation.
handling variability-aware
features.
Tang et al. General Structured data; Feature In-hospital Yes Systematically Porting clinical features
(2020) [111]  preprocessing MIMIC-IIT and eICU  construction, mortality, ARF, transforms structured across institutions
FIDDLE framework missing-data and shock EHR data into reusable remains unresolved.
handling, and prediction fixed and temporal
temporal feature representations.
alignment
Thomas et Phenotype Structured data (ICD  Label derivation Hospital- No Develops and validates a ~ Not explicitly reported.
al. (2020) development and CPT codes); and feature Acquired computable phenotype
[93] workflow University of construction Venous Throm- for hospital-acquired
Vermont Medical boembolism venous thrombosis.
Center phenotype
development
Wang et al. Variable- Structured data; Unit In-hospital and  Yes Standardises pulse Developed for non-ICU
(2021) [99] standardisation VHA Corporate Data  standardisation post-discharge oximetry and hospitalisations and
methodology Warehouse and missing-data mortality risk supplemental oxygen excludes advanced

handling

analysis

data across more than
130 hospitals.

respiratory support

recordings.
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Work Approach Role Data Modalities Harmonisation Clinical Tasks  Public Primary Contribution Main Limitation
and Datasets Focus Code
Wang et al. Mechanistic Structured data; Feature Glycaemic No Uses data assimilation Results may be sensitive
(2023) [116]  phenotyping Columbia University ~ construction and phenotyping and mechanistic to preliminary modelling
pipeline and UCHealth physiological modelling to estimate and parameter-estimation
representation latent physiological choices.
parameters.
Xu et al. Clinical-state Structured data Feature Pneumonia- Yes Uses semi-supervised The MIMIC-IV cohort
(2024) [115]  extraction (time-series); construction, associated preprocessing and contains less
pipeline SCRIPT and missing-data clinical-state ensemble clustering to severe-disease diversity
MIMIC-IV handling, and extraction identify five reproducible  than SCRIPT.
temporal clinical states.
aggregation
Yang et al. Multimodal Structured and Multimodal In-hospital No Links MIMIC-IV with Individual-level,
(2023) [125] data-linkage unstructured data integration and mortality, community-level SDOH  high-resolution SDOH
MIMIC-1V- workflow with external SDOH; feature 30-day data to evaluate data were unavailable.
SDOH MIMIC-IV, CHR, construction readmission, prediction and fairness.
SVI, and SDOH and one-year
mortality
prediction
van de Multicentre Structured data; Feature ICU mortality, Yes Provides reproducible Limited to ICU settings
Water et al. benchmarking MIMIC-III, construction, AKI, sepsis, cohort definition, and features shared
(2024) [112]  framework MIMIC-1V, elCU, missing-data kidney function, preprocessing, training, across the supported
YAIB HiRID, and handling, and and remaining and evaluation across five  datasets.
AmsterdamUMCdb temporal LOS prediction ICU databases.
alignment
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3.3 Generative AI Models applied to Medical Data

This section presents a structured review of generative Al models applied to medical data. It ex-
amines the adaptation and empirical evaluation of architectures such as Transformers and LL.Ms
across tasks involving EHRs, multimodal clinical data, synthetic data generation, representation
learning, and clinical DSSs. Particular emphasis is placed on practical implementations and quan-
titative or qualitative performance assessments, to identify methodological limitations, open chal-

lenges, and opportunities that motivate and inform the present work.

3.3.1 Search Strategy Results

The literature search for this review was conducted covering the last five years, with inclusion
completed up to November 10, 2025. The following search string was applied: ("Generative Al"
OR "Large Language Model" OR "Transformer") AND ("Electronic Health Record" OR "medi-
cal data") AND ("clinical decision support” OR "representation learning" OR "Benchmark" OR
"Predictive modeling").

A total of 540 articles were retrieved, of which 125 duplicates were removed. The remaining
articles were screened. Studies were considered eligible if they were written in English and pro-
posed, implemented, or adapted generative Al models, such as Transformer-based architectures
or LLMs, applied to medical data, with a particular focus on EHRs or other structured and multi-
modal clinical datasets. Eligible studies were required to address tasks including, but not limited
to, clinical decision support, predictive modelling, representation learning or synthetic data gen-
eration, and to report quantitative experimental evaluation. Studies were excluded if they were
non-article formats, focused exclusively on medical imaging, biosignals, or NLP without inte-
gration with EHR data, lacked practical implementation or empirical assessment of the proposed
generative approach.

Following title and abstract screening in Rayyan [90], 26 articles were included for full-text re-
view, while 389 records were excluded. Subsequent full-text assessment resulted in the exclusion
of three additional studies. Two articles were removed for failing to meet the predefined inclusion
criteria upon detailed evaluation, and one study was excluded due to the absence of public avail-
ability and the inability to obtain full-text access within the required time-frame. Consequently, a
final set of 23 articles was retained and forms the basis of the literature review presented in this
section.

To facilitate a systematic and conceptually coherent analysis, the selected studies were
subsequently organised into four thematic categories, reflecting both the underlying modelling
paradigms and their clinical application scope: Transformer and LLM-based Representation
Learning for Structured and Longitudinal EHR; Multimodal Representation Learning and Data
Fusion in Heterogeneous EHR; LLLM for Clinical DSS: From Predictive Models to Integrated Sys-
tems; and Generative Models for Synthetic EHR. This categorisation provides the organisational

framework for the literature review presented in the following sections.
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3.3.2 Transformer and LLM-based Representation Learning for Structured and
Longitudinal EHR

This subsection reviews six works that examine how Transformer architectures and LLMs are
used to learn representations from structured and longitudinal EHRs. The studies by Dwivedi et al.
[129], Wang et al. [130], and Qiu et al. [131] focus primarily on representation learning itself. The
remaining works by Wu et al. [132], Shoham et al. [133], and Kang et al. [134] are also included
in this subsection because, despite being evaluated on downstream predictive tasks, their main
contribution lies in how clinical records are encoded, aligned with language model representations,
or enriched with external medical knowledge. Across all studies, the shared objective is to address
the limitations of conventional sequence models when faced with the sparsity, heterogeneity, and
hierarchical structure of real-world EHR data.

A core representational challenge is explicitly addressed by Dwivedi et al. [129], who show
that standard subword tokenisation schemes, fragment the semantics of medical codes and fail to
capture clinically meaningful co-occurrence patterns. Their UniStruct architecture introduces an
adapted Byte Pair Encoding (BPE) strategy that merges frequently co-occurring medical codes
into atomic tokens, thereby preserving relational structure within longitudinal patient histories.
Methodologically, UniStruct employs a dual-modality Transformer, a BERT-based encoder [121]
that processes unstructured clinical text from the current visit, and a separate Transformer that
models structured history using a causal language modelling objective. According to the authors,
incorporating structured patient history is the dominant factor driving performance gains, yielding
up to a 23% recall improvement on internal hospital data and the public EHRSHOT dataset [135].
However, they note that structured and unstructured modalities remain encoded in separate repre-
sentation spaces, limiting deeper cross-modal integration. Figure 3.3 provides an overview of the
UniStruct architecture.

Where UniStruct focuses on representation quality at the token and sequence level, Wang
et al. [130] address task adaptability under limited supervision. The authors proposed a task-
independent pipeline designed to improve zero-shot and few-shot learning through soft prompt
transfer wich they called Soft Prompt Transfer for Electronic Health Records (SptEHR). Their
methodology follows three stages: self-supervised pre-training using masked code modelling on
structured EHR codes, where diagnosis, procedure, and medication codes are treated as discrete to-
kens within a Transformer architecture, using the MIMIC-III dataset [101], supervised multi-task
continual learning to acquire task-specific soft prompts, and, for unseen tasks, new prompts are
constructed as linear combinations of existing ones based on task similarity. Empirically, SptEHR
consistently outperforms conventional fine-tuning and prompt-tuning baselines on MIMIC-III,
with particularly large gains in extreme few-shot settings. The study concluded that task scal-
ing serves as an efficient alternative to model scaling, allowing models to rapidly generalise to
unseen tasks without extensive computational overhead. Figure 3.4 provides an overview of the
SptEHR architecture.
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Figure 3.3: Overview of the UniStruct architecture, retrieved from the original article [129]. The
figure illustrates the dual-modality Transformer design, where unstructured clinical text from the
current visit and longitudinal structured patient history are encoded separately, with the latter
modelled using a causal language modelling objective.
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Figure 3.4: Overview of the SptEHR architecture, retrieved from the original article [130]. The
figure illustrates the three-stage framework comprising self-supervised pre-training on structured
EHR codes, supervised multi-task continual learning with task-specific soft prompts, and prompt
transfer for zero-shot and few-shot adaptation to unseen clinical tasks.
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Figure 3.5: Overview of the Llemr model architecture, retrieved from the original article [132].
The figure illustrates how timestamped clinical event sequences are encoded and linearly projected
into a LLLM to enable instruction-based reasoning and downstream clinical prediction.

Motivated from physician burnout and the difficulty of navigating complex EHR user inter-
faces, a more radical departure from task-specific training is proposed by Wu et al. [132], who
introduced the Llemr framework and the MIMIC-Instr dataset, derived from MIMIC-IV [17]. Op-
erationally, patient records are represented as streams of timestamped clinical events derived from
structured EHR data, which are first encoded using ClinicalBERT [136] and then mapped to a
backbone LLM, Vicuna-7b-v1.5 [137], via linear projection. Although the original patient records
are not free-text, the approach relies on an intermediate text-aligned representation to interface
structured clinical events with alLLM. Through two-stage curriculum training focused on schema
alignment and clinical reasoning, Llemr achieved an AUROC of 83.9% for mortality prediction,
80.9% for ICU diagnosis classification, and reaches approximately 73% of GPT-4 performance.
Although the dataset may contain noise inherent to GPT-assisted generation, this approach ef-
fectively bridges the schema gap between structured EHR data and natural language achieving
excellent results in answering diverse inquiries about a patient and performs on par with state-
of-the-art baselines when further fine-tuned for clinical predictive tasks. Figure 3.5 provides an
overview of the Llemr architecture, illustrating the direct alignment between longitudinal clinical
event representations and instruction-following LLMs.

In contrast, Shoham et al. [133] investigate whether pre-trained LLLMs can be directly re-
purposed for structured EHR prediction. The Clinical Prediction with Large Language Mod-
els (CPLLM) method presented involves the fine-tuning of pre-trained LLMs such as Llama2
[138] and BioMedLM [139] for clinical disease and readmission prediction. CPLLM treats struc-
tured EHR data as a chronological document where medical concepts are represented by tex-
tual descriptions, utilizing QLoRA [140] and PEFT [141] for efficient training. Experimentally,
CPLLM achieves state-of-the-art performance on disease prediction and readmission tasks across
MIMIC-IV [17] and eICU [13], including a AUROC of 76.41% for respiratory failure, without
requiring extensive clinical pre-training, surpassing Med-BERT [142] and REverse Time Atten-
tloN (RETAIN) [143] in both AUROC and AUPRC. Although the underlying data originate from

structured EHR records, CPLLM operates over an explicitly textualised representation to enable
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the reuse of pre-trained LLMs. However, the authors highlight the higher hardware demands as-
sociated with large parameter counts.

Extending representation learning beyond supervised prediction, Qiu et al. [131] propose
Variational deep survival clustering (VaDeSC)-EHR, a Transformer-based variational autoencoder
for clustering longitudinal survival data extracted from EHRs. The architecture combines hier-
archical ICD-10 information with patients’ diagnosis sequences to learn compact representations
suitable for survival-based clustering. Using UK Biobank data [144], VaDeSC-EHR outperformed
baseline methods on synthetic and real-world benchmarks and identified four Crohn’s disease sub-
groups with distinct diagnostic trajectories and risk profiles. This work demonstrates the potential
of combining survival modelling and unsupervised clustering to identify clinically relevant patient
subgroups.

Lastly, Kang et al. [134] present LLM-DG, a framework that enriches disease prediction
through inter-patient and intra-patient modelling. Large language models generate semantic rep-
resentations of diagnostic codes, patients, and discharge summaries, while patient clustering cap-
tures shared trajectories and a dynamic graph models disease evolution within individual patients.
Experiments on MIMIC-III [101] and MIMIC-IV [17] demonstrated a 12.39% improvement in
weighted F1-score for diagnosis prediction compared with state-of-the-art baselines. Despite the
computational cost of feature generation, LLM-DG illustrates how external medical knowledge

can enrich conventional code-based representations.

3.3.3 Multimodal Representation Learning and Data Fusion in Heterogeneous
EHR

This subsection reviews five task-oriented works on multimodal representation learning and data
fusion in heterogeneous EHRs. The studies by Engelke et al. [145], Hemamalini et al. [146],
and Zhu et al. [88] are included because they explicitly integrate multiple clinical data modal-
ities within unified predictive frameworks, albeit through different mechanisms, ranging from
standards-based interoperability to LLMs-mediated semantic integration and knowledge ground-
ing. The remaining works by Yang et al. [147] and Xu et al. [148] could also be viewed as
representation or knowledge modelling approaches. However, they are grouped here because their
primary contribution lies in fusing heterogeneous clinical information, whether multi-source or
knowledge-derived, to support downstream clinical prediction.

Clinical data heterogeneity, reliance on manual feature engineering, and variation in FHIR im-
plementations limit the scalability and generalisability of existing models. To address these chal-
lenges, Engelke et al. [145] developed FHIR-Former, an open-source framework combining FHIR
with the encoder-based language model GeBERTa [149]. The framework processes structured and
unstructured data using sliding and expanding windows and maps predictions back to FHIR risk
assessment resources, supporting integration into clinical infrastructures. Evaluated on retrospec-
tive inpatient data from Essen University Hospital across four prediction tasks, it achieved 88.1%

accuracy for in-hospital mortality without manual feature engineering. Its main contribution is
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Figure 3.6: Overall network architecture of the TabPF framework, retrieved from the original
article [147]. The figure illustrates the LLM-mediated transformation of heterogeneous EHR fea-
tures into a unified textual modality, followed by attention-based fusion through symmetric cross-
attention and self-attention mechanisms for downstream clinical prediction.

the demonstration that multimodal modelling can be integrated with established interoperability
standards, rather than a substantial improvement in predictive performance. Nonetheless, they ac-
knowledge limitations in interpretability and restricted generalisability beyond inpatient settings.

While FHIR-Former prioritises interoperability, subsequent works adopt a more model-centric
perspective by using LLMs to unify heterogeneous representations. Yang et al. propose TabPF
[147], a prompt-learning fusion framework for extracting patient representations from numerical,
categorical, and textual EHR features. These features are converted into a unified textual modality
through tailored prompts and ChatGLM-4-Flash [150], embedded using BGE M3-Embedding
[151], and combined through cross-attention and self-attention. Evaluated on three prediction
tasks using eICU [13] and the CECMed elderly cohort [152], TabPF outperformed traditional ML
and Transformer-based tabular baselines, achieving an AUROC of 89.8% for mortality prediction.
The authors also report that LLM-based summarisation improved regression performance by up
to 42%, suggesting that semantic transformation and attention-based fusion can capture relevant
patterns across heterogeneous clinical variables. Figure 3.6 provides a high-level overview of the
TabPF architecture, highlighting how LL.Ms are employed as an intermediate semantic layer to
enable attention-based fusion of heterogeneous tabular EHR representations.

A related knowledge-based approach is presented by Xu et al. in DearLLLM [148], which in-
corporates LLM-derived feature relationships into personalised clinical prediction. Unlike TabPF,
which unifies heterogeneous features through text, DearLLM uses the conditional perplexity of
HuatuoGPT-II [153] to estimate how strongly clinical features are related within a patient’s visit
history. These relationships form a directed prior graph that is integrated with structured EHR
representations through graph pooling. Experiments on MIMIC-III [101] and MIMIC-IV [17]
showed improvements over state-of-the-art methods, particularly under data scarcity. Although
not multimodal, DearLLM performs knowledge-guided feature-level fusion by integrating LLM-
derived correlation priors with structured EHR representations. Xu et al. conclude that utilizing
LLMs to deduce quantitative correlation priors reduces learning uncertainty and accurately reflects

complex medical associations.
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Complementing these frameworks, Hemamalini et al. [146] address multimodal representa-
tion learning under extreme label scarcity, proposing Multimodal Few-Shot Learning (MFSL), a
framework for disease prediction from heterogeneous EHRs. The approach combines structured
EHR variables transformed into natural language templates with raw clinical narratives, processed
independently by a dual-encoder architecture followed by contrastive learning using InfoNCE
loss to align representations in a shared latent space. Few-shot inference is conducted through
in-context learning, whereby a pre-trained LLM is conditioned on a small set of labelled patient
examples. Evaluated on MIMIC-IV [17], MFSL achieves an accuracy of 86.4% and an F1-score
of 84%, significantly outperforming zero-shot, single-modal, and meta-learning baselines. While
the results demonstrate that multimodal few-shot learning can remain effective in low-resource
and rapidly evolving clinical settings, the dependence on templated text generation and external
LLMs may pose challenges for reproducibility across institutions.

While MESL focuses on aligning heterogeneous modalities through contrastive learning and
in-context reasoning, Zhu et al. shift the focus towards grounding multimodal representations in
external medical knowledge, introducing the EMERGE framework a Retrieval Augmented Gen-
eration (RAG) framework designed to incorporate external medical context into predictive mod-
elling [88], [146]. Addressing the limitations of neural models trained from scratch, EMERGE
extracts clinically relevant entities from time-series data and clinical notes using LLM prompting
combined with statistical filtering, and aligns them with the PrimeKG knowledge graph [154] to
generate task-relevant health status summaries via DeepSeek-V2 Chat [155]. These summaries
are then fused with EHR embeddings through an adaptive cross-attention multimodal network.
The overall EMERGE architecture is illustrated in Figure 3.7. EMERGE outperforms multimodal
and knowledge-augmented baselines on MIMIC-III [101] and MIMIC-IV [17] for mortality and
readmission prediction, achieving an AUROC of 89.5% on MIMIC-IV mortality. Ablation studies
confirm the critical contribution of both the generated summaries and cross-attention fusion, with
robustness maintained even under extreme data scarcity, such as 1% of training samples. The au-
thors argue that grounding generation in curated medical knowledge graphs is shown to mitigate

LLM hallucination, even at the cost of increased pipeline complexity and computational overhead.

3.3.4 LLM for Clinical DSS: From Predictive Models to Integrated Systems

This subsection reviews eight works examining the use of LLMs for clinical decision support,
illustrating a progression from task-specific predictive augmentation towards systems integrated
with clinical practice. Glicksberg et al. [156], Cohen et al. [157], and Li et al. [158] examine how
LLMs can contextualise or structure evidence from existing models and clinical data sources, po-
sitioning them as decision-support layers rather than standalone predictive models. The remaining
works [159]-[163] are grouped here because their main contribution lies in integrating LLM-
generated outputs into clinical workflows, with emphasis on interpretability, clinician interaction,

and decision support.
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Figure 3.7: Overall architecture of the EMERGE framework, retrieved from the original article
[88]. The figure provides a high-level overview of the RAG-enhanced pipeline used to ground
multimodal EHR representations in external medical knowledge, with the dashed box highlighting
the integration of knowledge retrieval and LL.M-based summarisation. “LLM” denotes a BERT-
based language model [121].

Initial task-oriented studies examine whether LLMs can enhance predictive performance or
clinical reasoning in well defined settings. Glicksberg et al. [156] evaluate GPT-4 [164] for pre-
dicting hospital admission from emergency department encounters across seven New York City
hospitals, directly comparing it with supervised models trained on structured and unstructured
EHR data, including an ensemble of Bio-Clinical-BERT [165] and XGBoost [166]. While the con-
ventional ensemble achieved superior standalone performance, AUROC of 88%, naive zero-shot
GPT-4 underperformed. However, augmenting GPT-4 with RAG based on contextually similar
historical cases substantially improved performance with further gains observed when numerical
admission probabilities from the ML ensemble were provided as input. The authors conclude that
LLMs are most effective when used to contextualise and reason over existing predictive signals,
rather than as replacements for supervised models in clinical triage.

A complementary perspective is provided by Cohen et al. [157], who compare a clinical
LLM, GatorTron [167], with multiple traditional ML models for predicting Antimicrobial Resis-
tance (AMR) and Methicillin-Resistant Staphylococcus aureus (MRSA) in hospital-onset sepsis.
Structured EHR data from the University of Florida Integrated Data Repository are converted
into chronologically ordered textual templates, where structured variables are deterministically
mapped to standardised textual descriptions and concatenated into a single paragraph for LLM
input, while conventional models rely on manually engineered features. The authors report that
GatorTron outperforms traditional approaches for MRS A prediction, achieving an AUROC of 73%
compared to 66% for the best-performing ML baseline, alongside higher sensitivity, F1-scores,
and a negative predictive value exceeding 90% across most infection syndromes. Although per-
formance for broader AMR prediction remains limited, these findings indicate that clinical LLMs
can identify resistant cases using simpler and more readily available feature representations, sup-

porting early clinical decision-making despite persistent microbiological complexity.
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Li et al. [158] extend this paradigm with Collaborative Analysis & Risk Evaluation for
Alzheimer’s Disease (CARE-AD), a multi-agent LLM framework for forecasting Alzheimer’s
disease onset from longitudinal clinical notes. The framework emulates a multidisciplinary di-
agnostic process: a fine-tuned LLaMA-based agent [138] extracts relevant clinical signals, spe-
cialised agents assess distinct clinical dimensions, and a central Alzheimer’s disease specialist
agent synthesises their conclusions. Evaluated retrospectively on US VHA data, CARE-AD out-
performed single-model baselines at long prediction horizons, achieving 53% accuracy up to ten
years before formal diagnosis, compared with 26%-45% for comparator methods. These results
demonstrate the potential of multi-agent systems for early risk stratification and more transparent
clinical assessment.

Later works shift explicitly towards workflow integration, interpretability, and clinician align-
ment. Nateghi Haredasht et al. [159] show that LLM-derived features extracted from unstructured
clinical notes can improve prediction of six-month treatment retention in medication for opioid
use disorder. Their Clinical Entity Augmented Retrieval (CLEAR) pipeline uses Flan-T5 [168]
and GPT-4 [164] to extract 13 psychosocial features, which are combined with structured EHR
variables in classification and survival models. Across datasets from STAnford Research Reposi-
tory (STARR) [169] and NeuroBlu [170], the inclusion of LLM-derived features yields consistent
performance gains, with the largest relative improvements observed in simpler models such as
LR, although overall discrimination remains moderate, achieving an AUROC of 65%. Beyond
predictive performance, the authors highlight that LLMs capture clinically salient contextual risks
not reliably represented in structured data, supporting more interpretable, clinician-facing risk
assessment.

Two related studies by Laaouar and Yanes introduce CLARA [160], [161], a drug recommen-
dation framework combining LLMs with graph NNs. In both variants, LLMs extract symptoms,
allergies, and chronic conditions from clinical notes, enrich patient representations within a het-
erogeneous graph, and generate readable explanations. The first study emphasises contextual fea-
ture extraction, semantic representation, and post-hoc explanation, whereas the second focuses
more directly on workflow integration, clinician-facing interpretability, and physician validation.
On MIMIC-III [101], CLARA outperformed graph-based baselines using only structured data,
achieving AUROC values up to 93% and F1-scores above 87%. Ablation studies showed that re-
moving narrative context caused the largest performance degradation, while physician assessments
found the generated explanations generally clear and clinically appropriate.

Purely data-driven clinical models often provide limited interpretability for clinical decision-
making. Wang et al. propose ColaCare [162], an Multidisciplinary Team (MDT)-inspired frame-
work that combines expert EHR models, multi-agent collaboration, and retrieval-augmented gen-
eration. The framework separates quantitative evidence extraction from clinical reasoning. Expert
time-series models first derive predictive logits and SHapley Additive exPlanations (SHAP)-based
[171] feature attributions from structured EHR data. These outputs are then contextualised through
retrieval-augmented alignment with authoritative medical guidelines from the Manual of Diagno-

sis and Therapy. Clinical decision support is produced through a multi-agent consultation process
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Figure 3.8: Overall architecture of the ColaCare framework, retrieved from the original article
[162]. The figure provides a high-level overview of an MDT-inspired, LLLM-driven collaborative
decision pipeline, where structured EHR evidence extracted by expert models is contextualised
via retrieval-augmented medical knowledge and synthesised through multi-agent deliberation to
support interpretable clinical prediction.

in which several LLM-based DoctorAgents independently assess patient risk using the model ev-
idence and retrieved knowledge. A MetaAgent subsequently synthesises their assessments into a
consensus report. Although ColaCare combines multiple data and knowledge sources, its prin-
cipal contribution lies in structuring LL.M-mediated reasoning within a clinical decision-support
workflow rather than in multimodal representation learning. Evaluated on MIMIC-1V [17], CDSL
[128], and End-Stage Renal Disease datasets, ColaCare consistently improved AUPRC across pre-
diction tasks. Ablation studies showed marked performance degradation when the expert models
were removed, indicating that the LLM agents alone were insufficient without structured predic-
tive evidence. This collaborative design mirrors multidisciplinary clinical decision-making by
combining quantitative predictions, feature-level explanations, retrieved medical knowledge, and
agent-based deliberation. Figure 3.8 illustrates the separation between evidence extraction and
collaborative, LLM-mediated clinical reasoning.

Finally, Lammert et al. introduce Medical Evidence Retrieval and Data Integration for Tailored
Healthcare (MEREDITH) [163], an expert-guided LLM system for precision oncology, evaluated
through simulated Molecular Tumour Board (MTB) case reviews . Built on Gemini Pro, the
pipeline utilises RAG and Chain of Thought (CoT) to integrate PubMed studies, trial databases,
drug approval lists, and oncologic guidelines. Benchmarked on expert fictional case vignettes,
MEREDITH achieves a high concordance rate with human expert recommendations, 94.7%, while
often identifying a broader set of clinically relevant treatment options. The study concluded that
replicating the precision oncologist’s evaluation process significantly enhances LLM utility, al-

though reliance on proprietary institutional access remains a limitation for wider adoption.

3.3.5 Generative Models for Synthetic EHR

This subsection reviews four model-centric and task-independent studies on synthetic EHR gener-

ation, including the works by Miletic and Sariyar [172], Pamisetty et al. [173], Zhong et al. [174],
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and Huang et al. [175]. These studies address synthetic data generation as a response to data
scarcity and privacy constraints, reflecting a clear methodological progression from benchmark-
ing generators based on transformer against classical Generative Adversarial Networks (GANs),
to autoregressive and diffusion-based architectures capable of modelling longitudinal and multi-
modal EHRs, and finally to systematic evaluations of bias in generated data.

Privacy regulations and the scarcity of public medical datasets hinder research, yet traditional
generative models such as GANSs often suffer from mode collapse and unstable training. Miletic
and Sariyar conducted a benchmark study comparing transformer-based LLLMs from the Pythia
Suite [176] against Conditional Tabular GAN (CTGAN) for synthetic tabular health data genera-
tion [172]. Using datasets such as the Centers for Disease Control and Prevention (CDC) Diabetes
Health Indicators, the researchers trained models on varying sample sizes and assessed synthetic
quality via random forest classification on real test sets. The results indicated that LLMs tend
to perform better at capturing complex joint probability distributions as parameter size increases,
with Pythia 1B achieving the highest accuracy. The study concluded that while LL.Ms are more
flexible than GANSs, their demand for specialised hardware and the influence of pre-training data
are key considerations for real-world usage.

Moving beyond the benchmarking of static tabular generators, Pamisetty et al. propose
EHRGPT [173], an autoregressive transformer for generating full longitudinal patient records
from structured EHR data. The model adopts a task-independent modelling approach based on the
GPT-3 [177] architecture to generate full-trajectory synthetic health records, relying on a unified
"master record" representation per admission and a specialised tabular tokenizer to preserve struc-
tural integrity during chronological sequence training. Evaluated on MIMIC-1V [17], EHRGPT
demonstrates high statistical fidelity, achieving an inverse KL-divergence similarity score of
97.2%, substantially outperforming GAN baselines such as CorGAN [178] and MedBGAN
[179] while maintaining low membership and attribute inference risks. The authors conclude
that autoregressive language modelling can capture realistic longitudinal EHR trajectories while
maintaining acceptable privacy guarantees, positioning EHRGPT as a high-fidelity alternative
for synthetic data sharing and downstream model development. Figure 3.9 provides a high-level
overview of the EHRGPT workflow, clarifying how structured EHR data are transformed into a
unified master record and subsequently modelled autoregressively to generate full longitudinal
patient trajectories.

Where EHRGPT adopts an autoregressive language modelling paradigm to generate longitu-
dinal records [173], Zhong et al. introduce MedDiTPro [174], a diffusion transformer specifically
designed for multimodal and longitudinal EHR synthesis. Departing from U-Net-based diffu-
sion baselines [ 180], MedDiTPro architecture employs self-attention for intra-modality code-level
interactions and parallel prompt learners to capture global data context and local inter-modality
dependencies. Evaluated on MIMIC-III [101], MIMIC-IV [17], and eICU [13], the framework
achieves the lowest longitudinal imputation perplexity and the highest synthesis alignment scores
across all baselines. Downstream utility assessments further show that predictive models trained

on MedDiTPro-generated data yield consistent improvements in mortality prediction, with gains
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Figure 3.9: High-level workflow of the EHRGPT framework, retrieved from the original article
[173]. The diagram illustrates the construction of a unified "master record", its transformation into
a sequential tokenised representation, and the autoregressive generation of longitudinal synthetic
EHR data, together with downstream evaluation and application stages.

in both AUPRC and F1 Score when synthetic data are combined with real samples. The authors
concluded that self-attention mechanisms are pivotal for generating realistic, diverse synthetic
records that maintain clinical meaningfulness and high utility in downstream tasks.

While the preceding works primarily prioritise statistical fidelity and downstream predictive
utility, Huang et al. shift the focus towards a critical evaluation of demographic bias and repre-
sentational fairness in LLM-generated synthetic EHRs [175]. The study evaluates approximately
140,000 synthetic records generated across seven open-source LL.Ms and 20 diseases, introducing
the Electronic Health Record Performance Score (EPS) to assess completeness and Statistical Par-
ity Difference (SPD) to quantify bias. Larger models consistently achieve higher completeness,
with Yi-34B [181] reaching an EPS of 96.8. However, this performance gain is accompanied by
amplified demographic distortions. For female-dominated diseases, Qwen-14B [182] generates
97.3% female records compared with 75.8% in real data, while Hispanic populations are system-
atically under-represented across models. The authors identify a clear performance—bias trade-off,
demonstrating that high-fidelity synthetic generation does not ensure demographic representative-
ness and may risk reinforcing existing healthcare inequities without explicit bias aware evaluation

and mitigation strategies.

3.3.6 Summary and Synthesis

Across the reviewed literature, a clear trajectory emerges in the use of LLMs for clinical data, pro-
gressing from task-bound predictive enhancements towards more generalisable representational
and system-level roles. Early studies primarily explore how Transformer architectures and LL.Ms

can address long-standing limitations of structured and longitudinal EHR data, by improving how
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medical codes are represented, enabling faster adaptation to new clinical tasks with limited labelled
data, and making structured records compatible with pre-trained language models [129], [130],
[133]. Subsequent works extend this paradigm beyond prediction-centric approaches, demonstrat-
ing that instruction tuning, unsupervised clustering, and knowledge-guided representation learning
allow LLMs to operate over heterogeneous and longitudinal clinical data without being tied to a
specific predictive task [131], [132], [134], [148]. In parallel, multimodal frameworks increasingly
position LL.Ms as semantic mediators between disparate data sources, whether through standards-
compliant pipelines, prompt-based unification of heterogeneous tabular features, or retrieval and
contrastive-based integration of external medical knowledge [88], [145]-[147].

Complementing these representational advances, a second body of work illustrates how LLMs
are being embedded into broader clinical DSSs, where predictive accuracy is contextualised within
interpretability, workflow integration, and clinician-aligned reasoning. Across diverse clinical set-
tings, LLLMs consistently demonstrate their greatest utility when augmenting, contextualising, or
synthesising evidence derived from conventional predictive models rather than replacing them
outright [156]-[158]. Workflow-integrated systems further emphasise transparency and clinical
plausibility by grounding LLM outputs in curated guidelines, knowledge graphs, or multidisci-
plinary consultation paradigms, as seen in CLEAR [159], CLARA [160], [161], ColaCare [162],
and MEREDITH [163]. Finally, studies on synthetic EHR generation underscore that gains in
how realistically synthetic records resemble real data and how useful they are for training clini-
cal prediction models must be considered alongside privacy preservation and demographic bias,
reinforcing that technical realism alone is insufficient for clinical applicability [172]-[175]. To-
gether, these findings establish a common foundation for critically examining how representational
choices, evaluation practices, and system-level design decisions shape the clinical reliability and
generalisability of LLM-enabled healthcare systems.

Table 3.2 provides a compact overview of the reviewed studies, consolidating each article’s
methodological role, data modalities and datasets, clinical tasks, public code availability, primary
contribution, and main limitation. Public code is reported as available when the article provides
an accessible implementation repository or project website, and as available upon request when
access depends on contacting the authors. In this sense, this table functions as a reference scaffold
for the review, anchoring the deconstructed discussion of individual works in a unified comparative

summary.



Table 3.2: Structured summary of the 23 included generative Al approaches applied to medical data.

Article Approach Role Data Modalities and  Clinical Tasks Public Primary Contribution Main Limitation
Datasets Code
Cohen et al. Clinical LLM Structured EHR; AMR and MRSA No GatorTron achieves higher Performance for broad AMR
(2025) [157] evaluation UF Integrated Data prediction sensitivity than traditional prediction remains limited;
GatorTron Repository ML using simplified, readily =~ Evaluated within a single
available features. healthcare system.
Dwivedi et al. Representation Structured EHR + Medical code and No Adapted tokenisation Structured and unstructured
(2024) [129] learner clinical text; clinical outcome preserves medical code modalities remain encoded in
UniStruct Cheng Hsin General prediction semantics and improves separate representation
Hospital and generalisation across tasks. spaces.
EHRSHOT
Engelke et al. Predictive model Structured EHR + Readmission, Yes Eliminates manual feature Interpretability is limited and
(2025) [145] within clinical text (FHIR); mortality, imaging, engineering and supports generalisability beyond
FHIR-Former interoperable Essen University and ICD-10-GM deployment within inpatient settings is unclear.
framework Hospital prediction FHIR-compliant
infrastructures.
Glicksberg et al. Reasoning Structured EHR + Emergency No RAG enables LLM reasoning  Standalone LLM
(2024) [156] augmentor clinical text; department admission to contextualise traditional performance is inferior to
Mount Sinai Health prediction ML predictions effectively. supervised ML; Evaluated in
System urban hospital systems.
Hemamalini et Multimodal Structured EHR + Few-shot disease No Contrastive multimodal Dependence on templated
al. (2025) [146] representation clinical text; prediction alignment enables robust text generation and external
MFSL learner MIMIC-1V learning with very limited LLMs may hinder

labelled data.

reproducibility.

Continued on next page
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Article Approach Role Data Modalities and  Clinical Tasks Public Primary Contribution Main Limitation
Datasets Code
Huang et al. Synthetic data Synthetic multimodal ~ Synthetic EHR No Evaluation framework reveals ~ Generation quality
(2025) [175] evaluation and EHR; generation and bias performance-bias trade-offs improvements amplify
bias analysis Synthetic EHR dataset  evaluation in LLM-generated EHRs. demographic biases without
mitigation strategies.
Kang et al. Knowledge- Structured EHR Diagnosis and heart Yes LLM-enriched High computational cost
(2025) [134] enhanced clinical ~ (longitudinal) + failure prediction (upon representations capture inter-  associated with LLM-based
LLM-DG predictor clinical text; request)  and intra-patient relationships  feature extraction.
MIMIC-III and effectively.
MIMIC-IV
Laaouar & Yanes DSS Structured EHR + Medication Yes Multi-level LLM integration Temporal dynamics across
(2025a) [160] clinical text; recommendation and improves predictive accuracy  longitudinal visits are not
CLARA MIMIC-III subset explanation generation and human-readable explicitly modelled.
explanations.
Laaouar & Yanes DSS Structured EHR + Medication No Semantic integration of Latency and operational cost
(2025b) [161] clinical text; recommendation and narrative context of LLM components limit
CLARA MIMIC-IIT explanation generation substantially improves real-time deployment.
recommendation
performance.
Lammert et al. DSS Multimodal EHR + Precision oncology Yes Expert-guided RAG closely Evaluated only on fictional

(2024) [163]
MEREDITH

genomic data +

medical guidelines;

Fictional oncology

case vignettes

treatment

recommendation

mirrors molecular tumour
board reasoning and reduces

hallucinations.

case vignettes and at limited

scale.

Continued on next page
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Article Approach Role Data Modalities and  Clinical Tasks Public Primary Contribution Main Limitation
Datasets Code
Li et al. (2025) Multi-agent Structured EHR + Alzheimer’s disease Yes Multi-agent design captures Selection bias and reliance on
[158] clinical clinical text; onset prediction and (upon complementary specialist retrospective notes limit
CARE-AD decision-support VHA Corporate Data ~ symptom extraction request)  perspectives and improves generalisability.
framework Warehouse long-horizon prediction.
Miletic & Sariyar Benchmark and Structured EHR; Synthetic health data No Benchmark shows that LLMs  High computational cost for
(2024) [172] evaluation CDC Diabetes, Adult,  generation and outperform GANS in larger LLMs limits
framework and Body Signals benchmarking modelling complex joint accessibility.
datasets distributions.
Nateghi Feature extractor Structured EHR + Six-month Opioid Use  Yes LLM-derived features Overall predictive
Haredasht et al. clinical text; Disorder treatment uncover psychosocial risks performance remains modest.
(2025) [159] STARR and NeuroBlu retention prediction absent from structured codes.
CLEAR
Pamisetty et al. Synthetic data Synthetic EHR Synthetic EHR No Preserves longitudinal Evaluation focuses on
(2024) [173] generator (longitudinal); generation structure while achieving a statistical similarity rather
EHRGPT MIMIC-1IV strong fidelity-privacy than downstream utility.
trade-off.
Qiuetal. (2025)  Representation Structured EHR Survival-based patient  Yes Joint modelling of Limited integration of
[131] learner (longitudinal); clustering and risk trajectories and survival clinical text.
VaDeSC-EHR UK Biobank prediction uncovers clinically
meaningful subgroups.
Shoham and Clinical predictor  Structured EHR Disease and hospital Yes LLM:s effectively model long  High computational footprint
Rappoport (longitudinal); readmission temporal sequences without compared with classical
(2024) [133] MIMIC-IV and eICU  prediction medical pre-training. models.
CPLLM

Continued on next page

vIR(] [BOIPJA 01 parjdde S[OpOJAl [V 2ADRIoUALD) £°€

6S



Article Approach Role Data Modalities and  Clinical Tasks Public Primary Contribution Main Limitation
Datasets Code
Wang et al. Representation Structured EHR; Zero-shot and No Task scaling through soft Performance depends on
(2023) [130] learner MIMIC-III few-shot disease prompt transfer enables similarity between source and
SptEHR prediction efficient adaptation to rare target tasks.
diseases.
Wang et al. Multi-agent DSS Structured EHR Mortality and Yes MDT-inspired multi-agent System complexity and
(2025) [162] (time-series) + readmission reasoning improves inference cost may hinder
ColaCare medical guidelines; prediction transparency and predictive deployment.
MIMIC-1V, CDSL, performance.
and ESRD
Wu et al. (2024)  Instruction-tuned  Structured EHR EHR question Yes Large-scale instruction tuning  Requires substantial curated
[132] EHR framework (longitudinal); answering and clinical bridges the schema gap and data and multi-stage training.
Llemr MIMIC-Instr prediction enables general-purpose EHR
reasoning.
Xu et al. (2025) Feature Structured EHR; Mortality prediction Yes LLM-deduced feature Correlation extraction relies
[148] interaction MIMIC-III and correlations enable explicit on LLM inference rather than
DearLLM modeller MIMIC-1IV modelling of non-linear causal validation.
clinical interactions.
Yang et al. Prompt-based Structured EHR; Severity, mortality, No Prompt learning exploits Performance depends on
(2025) [147] clinical predictor ~ eICU and CECMed and length-of-stay heterogeneous tabular data prompt engineering and
TabPF prediction without architecture redesign.  task-specific tuning.

Continued on next page
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Article Approach Role Data Modalities and  Clinical Tasks Public Primary Contribution Main Limitation
Datasets Code
Zhong et al. Synthetic data Synthetic EHR Multimodal data Yes Diffusion-based generation Evaluation of downstream
(2025) [174] generator (multimodal, synthesis and preserves temporal coherence  clinical utility remains
MedDiTPro longitudinal); risk-prediction across heterogeneous limited.
MIMIC-III, augmentation modalities.
MIMIC-1V, eICU, and
Breast Cancer Trial
Zhu et al. (2024)  Retrieval- Structured EHR In-hospital mortality Yes RAG-driven integration of Increased pipeline
[88] augmented (time-series) + clinical and readmission external medical knowledge complexity and dependence
EMERGE multimodal text; prediction improves robustness under on high-quality knowledge
predictive MIMIC-III and data sparsity. graphs.
framework MIMIC-1IV
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3.4 Ciritical Review of the Literature

This section critically integrates the two state-of-the-art analyses reviewed in this chapter: Medical
ICU data Structuring Pipelines and Generative AI Models applied to Medical Data. It examines
their conceptual and methodological relationships, identifies assumptions limiting clinical appli-
cability, and articulates the gaps that motivate this dissertation.

The scope of this review is shaped by its search strategy. Only studies retrieved through the
predefined search strings were considered, meaning that relevant works using alternative termi-
nology may not have been captured. For example, while EHR was included, related terms such
as Electronic Medical Record (EMR) were not systematically incorporated. Expanding the search
to encompass all adjacent terminology would have substantially increased the number of retrieved
studies beyond the practical scope of this dissertation. Incomplete coverage of related literature is
therefore acknowledged as a limitation.

The two bodies of literature converge on enabling reliable, generalisable, and clinically
meaningful decision support from complex ICU data. Data structuring pipelines have evolved
from institution-specific preprocessing routines into increasingly reusable frameworks, including
CDMs, extraction layers, and benchmarking workflows. In parallel, generative Al and LLMs
have demonstrated substantial capacity to model longitudinal, heterogeneous, and multimodal
data while supporting abstraction, reasoning, and explanation. Nevertheless, integration be-
tween robust data pipelines and generative clinical intelligence remains fragmented, limiting the
translational potential of both areas.

From the perspective of ICU data structuring, a central strength of the state of the art lies in
the explicit formalisation of harmonisation processes as reusable artefacts. Frameworks such as
OMOP and openEHR-based pipelines, as well as reusable extraction layers such as ricu and
multi-database pipelines such as METRE, demonstrate that semantic alignment, temporal consis-
tency, and unit standardisation can be systematically enforced across heterogeneous critical care
databases [100], [103], [106], [107]. These approaches have substantially improved reproducibil-
ity and enabled cross-dataset benchmarking. Nevertheless, they often prioritise interoperability
and structural consistency over downstream clinical expressiveness, resulting in representations
that are technically aligned but not optimally suited for advanced representation learning or clini-
cal reasoning.

Conversely, task-driven pipelines designed for phenotype definition, benchmarking, or spe-
cific prediction objectives achieve strong internal consistency and clinical validity, as illustrated by
OpenSep, pyAKI, FIDDLE, and YAIB [109]-[112]. Yet, their deliberate narrowing of scope con-
strains reuse beyond the original task formulation. At the opposite extreme, pipelines tightly cou-
pled to specific graph-based, mechanistic, or representation-learning architectures achieve coher-
ent end-to-end solutions but sacrifice generalisability and modularity [114], [116], [118]. Across
these categories, a persistent gap emerges: few pipelines are explicitly designed to serve as stable,
clinically grounded substrates for modern generative or reasoning-based models.

The literature on generative Al applied to medical data addresses many of the representational
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limitations inherent to structured EHR modelling. Transformer-based architectures and LLMs
have shown clear benefits in preserving temporal dependencies, encoding hierarchical medical
knowledge, and adapting across tasks under limited supervision [129], [130], [133]. Instruction-
tuned and knowledge-enriched models further demonstrate that LL.Ms can bridge the schema gap
between structured clinical data and natural language reasoning, enabling more flexible interaction
with longitudinal patient records [132], [134]. However, these advances are predominantly model-
centric, data representations are frequently reshaped to suit the architecture, rather than emerging
from clinically principled, reusable data pipelines.

Multimodal, knowledge-guided, and retrieval-augmented frameworks further highlight this
tension. Systems such as FHIR-Former, TabPF, DearLLM, and EMERGE position LLMs as se-
mantic mediators across heterogeneous data sources and external medical knowledge [88], [145],
[147], [148]. While these approaches can improve predictive performance, particularly under data
sparsity, they introduce additional complexity and computational overhead, and remain highly sen-
sitive to prompt design, knowledge source quality, and institutional context. Importantly, the un-
derlying data pipelines are rarely decoupled from the modelling logic, complicating reproducibil-
ity and limiting transfer across settings.

A similar pattern is observed in workflow-integrated clinical DSSs. Frameworks such as
CLARA, CARE-AD, ColaCare, and MEREDITH demonstrate that LL.Ms deliver the greatest
clinical value when augmenting, contextualising, and synthesising evidence derived from struc-
tured models and curated guidelines, rather than acting as standalone predictors [158], [160],
[162], [163]. These systems move decisively towards interpretability, human—AlI collaboration,
and alignment with real clinical workflows.

Across both reviews, a fundamental disconnect becomes apparent. Data harmonisation
pipelines are largely designed independently of generative reasoning requirements, while LLM-
based systems frequently assume that data representations can be flexibly transformed without
compromising clinical validity. This lack of co-design results in systems that may be interoperable
but limited in clinical expressiveness, or expressive but difficult to reproduce and transfer across
institutions. As a consequence, few existing approaches simultaneously achieve interoperability,
clinical grounding, interpretability, and adaptability in ICU decision support.

These observations point towards a clear research opportunity. Future ICU DSSs should build
upon clinically principled and reusable data pipelines that explicitly support advanced predictive
and generative models, rather than treating harmonisation as a peripheral preprocessing step. At
the same time, LL.Ms should be positioned as mediators of evidence, explanation, and synthesis,
grounded in structured and validated clinical signals, rather than as opaque end-to-end decision
engines. Frameworks that separate quantitative evidence extraction from generative clinical rea-
soning, while aligning both with multidisciplinary workflows, offer a promising direction [162].
This dissertation addresses a foundational part of this broader challenge by investigating reusable
ICU data harmonisation, benchmark-oriented modelling, and cross-database evaluation, while ex-
amining the feasibility of connecting an external model architecture to harmonised pipeline out-
puts.



Chapter 4

Methodology

This chapter describes the methodological framework followed in this dissertation, from data
preparation to model evaluation. In line with the objectives defined in Chapter 1, it focuses on the
practical steps required to process and harmonise heterogeneous ICU databases, generate struc-
tured representations suitable for model training, define clinically relevant prediction tasks, and
evaluate predictive models under a unified validation and cross-dataset comparison framework.
The chapter begins by presenting the research approach and data sources. It then describes
the adaptation of the data processing workflow, the definition of the prediction tasks, and the
modelling strategies explored, including baseline models, METRE-derived architectures, and the
adapted external model, EMERGE. The final sections address hyperparameter optimisation, inter-
nal and external evaluation, and the procedures used to assess model robustness across databases,
providing the methodological basis for the experimental analysis presented in the following chap-

ter.

4.1 Research Approach

Based on the objectives of this dissertation and on the findings of the literature review, the method-
ology was structured around two complementary stages. First, an open-source pipeline for the
extraction and harmonisation of structured ICU data was selected and improved. Second, a
benchmark-oriented modelling workflow was built on top of the generated representation, allow-
ing the same processed data representation to be evaluated under the same experimental protocol
and across different databases.

The selection of the base data pipeline was guided by three criteria: availability of open-source
code, support for cross-dataset validation across more than one critical care database, and sufficient
methodological documentation to allow reproduction and adaptation. The selected pipeline also
needed to operate as a reusable harmonisation framework rather than being tightly coupled to a
single model architecture, while supporting clinically relevant prediction tasks and comparative

experiments for model generalisation.

64
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Among the pipelines reviewed in Section 3.2.3, ricu and METRE were the most directly
relevant, as both provide reusable approaches for processing heterogeneous ICU data [100], [103].
ricu offers a comprehensive extraction framework, supporting multiple databases and clinical
concepts with extensive documentation and active community development. However, it functions
primarily as a harmonisation and concept-mapping layer rather than as a task-oriented modelling
pipeline. METRE was therefore selected as the primary pipeline because it combines reusable
data harmonisation with explicitly defined clinical prediction tasks and a modelling framework
designed for cross-database evaluation between MIMIC-IV and eICU.

After the adaptation of METRE, an external model was selected to assess whether the struc-
tured outputs generated by the pipeline could be reused beyond the models originally implemented
by its authors. This provided an additional benchmarking layer, in which the pipeline was eval-
uated not only through its native models, but also through its ability to support an independent
modelling architecture. Candidate external models were considered according to their compat-
ibility with longitudinal structured EHR data, availability of implementation details or reusable
code, and feasibility of adaptation to the METRE-generated TS representation within the scope
and timeframe of this dissertation.

Within the reviewed models, EMERGE was selected because it had been explicitly evalu-
ated in a T'S-only configuration using structured EHR data from MIMIC-1V, included overlapping
prediction tasks, and provided a published comparison against its own multimodal variants [88].
This allowed the model to be assessed under controlled conditions using the same structured data
representation as the METRE models. Other open-source models reviewed were not prioritised
because their input assumptions were not directly aligned with the outputs of the adapted METRE
pipeline: FHIR-Former [145] depends on FHIR-formatted data, MedDiTPro [174] addresses syn-
thetic data generation, and CLARA [160], VaDeSC-EHR [131], and CLEAR [159] target tasks not
directly comparable with the selected METRE prediction tasks. Among the remaining candidates,
ColaCare [162] required externally generated clinical reports and repeated LLM inference per pa-
tient, whereas CPLLM [133] and DearLLM [148] operate on diagnostic code sequences rather
than continuous multivariate time series, making EMERGE the most compatible option for con-
trolled reuse of the METRE representation. These models remain relevant for future extensions,
but would require additional modalities, alternative task definitions, or architectural adaptations

beyond the structured TS benchmark implemented in this dissertation.

4.2 Datasets

This dissertation used two publicly available critical care databases: MIMIC-1V [17] and the eICU
Collaborative Research Database [13]. These datasets were selected because they are among the
most widely used resources for intensive care research and because they are supported by the
original METRE pipeline. Their combined use was particularly relevant for this work because
they differ in institutional origin, database structure, and clinical documentation practices, while

still providing overlapping types of structured ICU data.
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4.2.1 MIMIC-IV

MIMIC-IV is a publicly available, de-identified clinical database developed by the MIT Labora-
tory for Computational Physiology and Beth Israel Deaconess Medical Center [17]. The database
contains data from patients admitted to the emergency department or intensive care units at Beth
Israel Deaconess Medical Center between 2008 and 2022. It includes data for over 65,000 patients
admitted to an intensive care unit and over 200,000 patients admitted to the emergency department.

MIMIC-1IV is organised into modules that reflect the provenance of the data. The hosp mod-
ule contains hospital-wide information, including patient demographics, admissions, transfers,
diagnoses, procedures, laboratory measurements, microbiology events, medication prescriptions,
pharmacy records, and billing-related codes. The icu module contains data sourced from the
MetaVision ICU clinical information system, including ICU stays, charted observations, intra-
venous and fluid inputs, outputs, procedures, date-time events, and other time-stamped bedside
measurements. These modules are linked through de-identified identifiers such as subject_id,
hadm_id, and stay_id, allowing patient trajectories to be reconstructed across hospital and
ICU-level events.

Direct patient identifiers are removed, and dates are shifted into the future using a patient-
specific offset while preserving temporal intervals within each patient record. This allows longi-
tudinal analyses to be performed while preventing direct identification of admission dates. Access
is provided through PhysioNet and requires completion of certified training in human subjects re-
search and acceptance of a data use agreement. In this dissertation, MIMIC-IV version 3.1 was

used.

4.2.2 eICU

The elCU Collaborative Research Database is a publicly available, multi-centre critical care
database developed by the MIT Laboratory for Computational Physiology in collaboration with
Philips Healthcare [13]. The database contains de-identified data associated with I[CU admissions
across the United States between 2014 and 2015.

In contrast to MIMIC-IV, which originates from a single academic medical centre, eICU in-
cludes data from multiple hospitals and care units. The database comprises over 200,000 patient
unit encounters from over 139,000 unique patients admitted to 335 units across 208 hospitals. Pa-
tients were selected for inclusion in the public database from hospital discharges, using a stratified
sampling strategy based on hospital representation in the original private repository.

The database includes a wide range of structured critical care information, including vital
signs, laboratory measurements, medications, admission diagnoses, patient history, APACHE
severity of illness components, care plan documentation, time-stamped diagnoses, and treatment
information. Data are stored in a relational format and linked primarily through identifiers such
aspatientUnitStayID. Asin MIMIC-IV, the relational structure allows multiple data streams
to be combined into patient-level temporal representations, although the underlying schema and

documentation conventions differ between the two databases.
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All tables were de-identified in accordance with the safe harbour provisions of the Health In-
surance Portability and Accountability Act, including removal of protected health information and
hospital identifiers. Like MIMIC-IV, access is provided through PhysioNet and requires comple-
tion of human research training and acceptance of the corresponding data use agreement. In this

dissertation, eICU version 2.0 was used.

4.3 METRE-Based Data Pipeline

As described in Section 4.1, METRE was selected as the base data pipeline because it provides an
open-source workflow for multi-database extraction, harmonisation, and validation in critical care
research. The original repository, proposed by Liao and Voldman, includes BigQuery-based ex-
traction, harmonised table construction, train-development-test splitting, and downstream clinical
prediction models [103].

In this dissertation, the METRE codebase was adapted to support the selected database ver-
sions, reconstruct required intermediate components, generate model-ready files, and standardise
the downstream training and evaluation workflow. These adaptations were necessary because
some implementation details required for full end-to-end execution were not directly available in
the public repository. In particular, some database tables expected by the extraction scripts were
not directly present in the source databases and therefore had to be reconstructed from available
clinical tables, suggesting that they had been generated as auxiliary intermediate tables in the
original workflow. In addition, the transition between extracted HDFS5 files and the NumPy Ar-
ray (NPY) inputs expected by the training code was not provided, and some model architectures
reported in the original article were not directly implemented in the released training pipeline.
Clarification was sought from the original authors, but no additional implementation artefacts were
made available during the development of this dissertation. Therefore, the methodology included
both the use of the original METRE workflow and the implementation of additional processing
steps needed to obtain reproducible model inputs for all selected tasks and databases.

This section first summarises the original METRE pipeline and then details the adaptations re-
quired for its use in this dissertation, including database query updates, reconstruction of auxiliary

tables, HDF5-to-NPY conversion, integrity validation, and preparation of the training workflow.

4.3.1 Original Pipeline

As introduced in the literature review, METRE is organised around two main stages: data extrac-
tion and model training. The extraction stage is executed after access to MIMIC-IV and eICU has
been configured through PhysioNet and Google Cloud. The released repository assumes access
to both databases through Google BigQuery and provides scripts in which the user specifies the
database to extract, the Google Cloud billing project, cohort restrictions such as minimum age and
ICU length of stay, optional patient groups, and the temporal aggregation window. The repository
documentation refers to MIMIC-IV v2.2 and eICU v2.0 as the supported database sources at the

time of release.
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Operationally, the extraction pipeline starts from cohort selection and then queries static, time-
dependent, and intervention-related records from the source database. The retrieved variables
are semantically grouped, temporally aligned relative to ICU admission, and aggregated into a
common hourly representation. This process produces three harmonised outputs, corresponding

to the same structure illustrated in Figure 3.1.

* Static table: contains patient-level and admission-level variables, including demographics,

admission characteristics, comorbidities, and outcome labels.

* Vital table: contains time-dependent physiological, laboratory, microbiology, urine output,
and clinical assessment variables. These variables are aggregated into hourly bins by de-
fault. For numerical variables, METRE stores both the aggregated value and a measurement
indicator, allowing missingness patterns to be represented explicitly. Categorical micro-
biology variables are semantically grouped and encoded to preserve compatibility across

databases.

 Intervention table: contains binary time-dependent variables indicating whether a treat-
ment or procedure was active at each hour of the ICU stay. These variables include me-
chanical ventilation, antibiotics, vasoactive agents, heparin, continuous renal replacement
therapy, red blood cell transfusion, platelet transfusion, fresh frozen plasma transfusion,

colloid bolus, and crystalloid bolus.

After extraction, the pipeline applies outlier removal, missing data handling, and normalisa-
tion. Numerical measurements are filtered using predefined physiologically plausible ranges, with
the same outlier-removal criteria applied across MIMIC-IV and eICU after the variable mapping
and harmonisation steps. This is important because equivalent clinical concepts may be recorded
differently across databases, including differences in item definitions, documentation practices, or
measurement units. Missing values are handled after temporal aggregation, and measurement in-
dicators are converted into binary variables reflecting whether a value was observed. Continuous
variables are standardised, with the original workflow allowing eICU variables to be normalised
using statistics derived from MIMIC-IV. The processed tables are then split into train, develop-
ment, and test partitions. In the released code, this corresponds to a 70/10/20 split, although the
training stage subsequently combines the train and development partitions for cross-validation.
The final extraction outputs are saved as HDF5 files containing the vital, inv, and static
tables for each split.

The model input produced by the pipeline is a structured multivariate time series for each
ICU stay. Each sample corresponds to one ICU stay and contains the time-dependent variables
extracted during the selected observation window. In practice, the hourly vital, laboratory, micro-
biology, missingness, and intervention variables are arranged as a feature-by-time matrix, while
the corresponding task label is obtained from the static table. This representation allows the same
extracted data to be used by different temporal models without returning to the raw relational

databases.
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The original pipeline also defines the clinical prediction tasks used for downstream model
evaluation. These tasks are part of the operational design of the pipeline, since each task deter-
mines the eligible cohort, observation window, target label, and temporal exclusion criteria applied
before model training. Five prediction settings were considered: hospital mortality based on the
first 48 hours of ICU data, ARF based on either the first 4 or 12 hours of ICU data, and shock
based on either the first 4 or 12 hours of ICU data. In each setting, these initial hours constitute
the observation window made available to the model, while the gap period separates the end of
this window from the earliest eligible event onset. The original METRE study adopted a 6-hour

gap for its reported experiments, and the same value was maintained in this dissertation.

Hospital Mortality

Hospital mortality was formulated as a binary classification task in which the model estimates
the probability of death before hospital discharge. Following the original configuration, the input
consisted of the first 48 hours of ICU data. ICU stays with insufficient length-of-stay (LOS) to
provide the required observation window and gap period were excluded. The target label was
obtained from the hospital mortality information available in the structured admission records.
Positive cases corresponded to patients who died during the hospital admission, whereas negative

cases corresponded to patients discharged alive.

Acute Respiratory Failure

ARF was defined as the subsequent need for positive-pressure respiratory support. Two prediction
settings were evaluated, using either the first 4 hours or the first 12 hours of ICU data as input.
ARF labels are generated from the extracted ventilation-related variables, including mechanical
ventilation and positive end-expiratory pressure. Patients who already met the respiratory support
criteria during the observation window or gap period were excluded from the corresponding task.
Positive cases corresponded to patients whose first eligible respiratory support event occurred after
the observation window and gap period, whereas negative cases corresponded to patients with no

such onset during the ICU stay.

Shock

Shock was defined through the subsequent initiation of vasoactive therapy. As with ARF, two
observation windows were considered: 4 hours and 12 hours after ICU admission. The label
was generated from the vasoactive intervention variables extracted by METRE, including nore-
pinephrine, epinephrine, dopamine, vasopressin, and phenylephrine. Patients already receiving
vasoactive therapy during the observation window or gap period were excluded from the corre-
sponding task. Positive cases corresponded to patients whose first vasoactive treatment occurred
after the observation window and gap period, whereas negative cases corresponded to patients

with no vasoactive treatment onset during the ICU stay.
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After defining the extracted representation and prediction tasks, the original METRE workflow
proceeds to model training and evaluation. The repository includes several modelling approaches,
although they are not all integrated into a single execution workflow. LR and RF baselines are pro-
vided in a separate notebook, with hyperparameter search performed through Bayesian optimisa-
tion. The main training script implements NN models, including a TCN, RNN, and a Transformer
encoder. The models evaluated in this dissertation and the adaptations made to standardise their
execution are described in Section 4.4.

For model evaluation, the original training workflow combines the training and development
partitions and applies a 10-fold cross-validation procedure during model development. For each
fold, a model is trained on the corresponding training subset and monitored on the validation
subset. The trained models are then evaluated on the held-out test set of the source database
and, for cross-database validation, on the other database. The original reported workflow focuses
primarily on AUROC and AUPRC, with 95% confidence intervals estimated from 1000 bootstrap
iterations, each drawing a resampled subset of 1000 test instances. Based on inspection of the
released training code, the final reported test results are obtained from a selected fold model rather
than from all cross-validation models jointly. This evaluation strategy was reviewed and modified

in this dissertation, as described in Section 4.6.

4.3.2 Reproduction and Adaptation

The implementation first followed the workflow described in the original METRE repository, from
database access and extraction to the execution of the training scripts. Access to MIMIC-IV and
elCU was configured through PhysioNet and Google Cloud, and the extraction pipeline was exe-
cuted through BigQuery using the command-line interface provided by the authors. The extraction
stage retained the original structure of METRE, from cohort filtering and temporal aggregation to
normalisation and generation of split HDFES files for the static, vital, and intervention tables. Since
the released repository did not include a fully pinned requirements file, a stable execution environ-
ment was also configured.

Direct reproduction of the released workflow required several adaptations. These were mainly
related to changes in MIMIC-IV since the release of the original repository, missing or differently
structured derived tables, incompatibilities between the extraction outputs and the training inputs,
and the need to make the final training workflow reproducible across all tasks and models. The

following subsections describe these adaptations in the order in which they occur in the pipeline.

4.3.2.1 Adaptation of MIMIC-IV queries

The original METRE repository was developed for an earlier release of MIMIC-1V, v2.2. In
this dissertation, MIMIC-IV v3.1 was used, as it was the most recent version selected during
methodology of the work. The SQL extraction scripts were therefore updated to reference the
corresponding v3.1 BigQuery schemas, including physionet-data.mimiciv_3_1_hosp,

physionet-data.mimiciv_3_1_icu, and physionet—-data.mimiciv_3_1_derived.
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These updates affected cohort selection, static patient information, laboratory and charted mea-
surements, derived clinical variables, and intervention-related queries.

Several schema-level changes were required to preserve compatibility with the original
METRE extraction logic. In the MIMIC-IV static queries, demographic extraction was up-
dated to use the race field, available in the v3.1 derived tables, instead of ethnicity.
The urine output query was also updated to retrieve urine output rate information from
mimiciv_3_1_derived.urine_output_rate. In addition, the combined chart and
laboratory query was adjusted so that unit-of-measure fields such as valueuom were removed
before downstream aggregation, since these string-valued columns were not required for the
numerical feature construction and could interfere with group-level operations.

These changes were restricted to compatibility with the updated database schema. No new
clinical prediction task or additional feature family was introduced, the objective was just to pre-
serve the original METRE feature definitions and extraction structure while making the pipeline
executable against MIMIC-IV v3.1.

4.3.2.2 Reconstruction of auxiliary derived tables

During the adaptation to MIMIC-IV v3.1, two auxiliary tables expected by the extraction code
were not available in the required form: culture and heparin. These tables could not sim-
ply be removed without changing the feature schema expected by the rest of the pipeline. The
culture-related variables contribute to the vital feature representation, while heparin is one
of the intervention variables expected in the intervention table. Removing either component would
alter the feature layout used by the models and reduce comparability with the original METRE
representation.

The expected interface of the culture table was inferred from the METRE function that
queried this table, together with the downstream processing steps that consumed its columns and
the JSON files defining culture-site mappings and feature ordering. Although the original SQL
used by the authors to create this auxiliary table was not available, the extraction code expected
fields corresponding to patient and admission identifiers, culture timing, specimen type, screening
status, culture positivity, and antimicrobial sensitivity availability. The reconstructed table was
therefore derived from microbiologyevents. Culture positivity was defined by the presence
of an organism name, while sensitivity availability was defined by the presence of an antibiotic
name. Since no direct equivalent for the original screen field was identified in the same form,
this field was retained as null to preserve the expected schema.

The expected heparin structure was inferred from the intervention extraction function and
the intervention feature ordering used by the pipeline. The reconstructed table was derived from
inputevents, selecting records whose itemid values corresponded to heparin-related admin-
istrations according to the d_items metadata table. The resulting table retained the patient,
admission, and stay identifiers, timing information, item label, amount, unit, rate, and rate unit. In
the absence of an explicit auxiliary table definition from the original implementation, all identified

heparin-related itemid values were included to preserve the intervention definition as broadly as
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possible. The auxiliary SQL queries used to reconstruct the culture and heparin tables are

provided in Appendix A.

4.3.2.3 Conversion from HDF5 to NPY

After successful extraction, the METRE pipeline produces HDFS5 files containing the processed
vital, inv, and static tables for each split. However, the NN training code used in the
repository expects compiled NPY files containing patient-level arrays and labels. As no standalone
conversion script was available in the released repository, a dedicated HDF5-to-NPY conversion
script was implemented.

For each split, the converter loads the corresponding vital, intervention, and static tables. The
time-dependent tables are grouped by ICU stay identifier, ordered temporally, and converted into
patient-level matrixes. The vital and intervention matrixes are then concatenated along the feature
axis, producing one multivariate TS array per ICU stay. The resulting arrays follow the format
expected by the training code, with entries such as train_head, dev_head, and test_head,
together with the corresponding static labels.

The feature-by-time representation was defined to match the format consumed by the METRE
training code. In the final configuration, each sample was represented as a matrix with shape
(200,T), where T is the number of hourly time points available for the ICU stay. The feature axis
contained 200 time-dependent variables, corresponding to 184 vital, laboratory, microbiology,
and missingness-related features, plus 16 intervention features. The time axis is from which task-

specific observation windows were later selected during training.

4.3.2.4 Integrity validation and feature alignment

A dedicated validation procedure was developed alongside the conversion script to ensure that
the generated NPY files preserved the intended structure of the extracted data. These checks
verified that the static, vital, and intervention tables contained consistent patient identifiers, that
the temporal indices of the vital and intervention streams matched within each ICU stay, and that
the expected number of features was present before the final arrays were saved.

Feature ordering was also explicitly validated. This was particularly important for cross-
database evaluation, since MIMIC-IV and eICU must share the same feature positions for a model
trained on one database to be evaluated on the other. The eICU vital features were therefore aligned
to the canonical MIMIC-IV feature order using explicit feature-name mappings, and intervention
features were checked against the expected intervention ordering. The validation scripts also in-
spected schema consistency, patient-label alignment, numeric compatibility, and the position of

key intervention variables used by the clinical tasks.

4.3.2.5 Training workflow preparation

The original METRE repository separated the baseline experiments from the main NN training

workflow. LR and RF baselines were provided in a separate notebook, whereas the RNN, TCN,
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and Transformer encoder models were implemented in the main training script. In this dissertation,
this workflow was reorganised so that all evaluated models could be executed systematically across
tasks, training databases, and evaluation settings.

The final METRE-based workflow included the original LR and RF baselines, two additional
classical baseline models implemented in this dissertation, SVM and NB, and the three METRE-
derived NN models, RNN, TCN, and Transformer encoder. This allowed the same task definitions,
data splits, hyperparameter optimisation procedure, and evaluation protocol to be applied consis-
tently across the full model set.

Further changes were made to support the evaluation design adopted in this dissertation, in-
cluding stratified cross-validation, systematic saving of fold-level predictions, checkpoint reten-
tion, additional metrics, Optuna-based hyperparameter optimisation, and post-training aggregation
of predictions. These changes are described in Section 4.6, since they concern the modelling and

evaluation workflow rather than the extraction and conversion of the data itself.

4.4 Baseline Models

This section describes the models evaluated after the adapted METRE workflow was standardised.
Since the theoretical basis of these algorithms was introduced in Chapter 2, the purpose here is to
specify how each model was connected to the generated METRE representations and which con-
figurable parameters were considered during model development. The complete hyperparameter

search spaces, selected Optuna values, and default configurations are reported in Appendix C.

4.4.1 Classical Baseline Models

The classical baseline models included LR, RF, SVM, and NB. These models were used to assess
how much predictive information could be captured from the structured METRE representation
without relying on sequence-specific NN architectures. For these models, the task-specific longi-
tudinal data were converted into fixed-size tabular inputs compatible with standard ML classifiers.

The LR configuration was controlled through the regularisation strength and elastic-net mix-
ing parameter. For RF, the evaluated parameters included the number of trees, maximum tree
depth, minimum number of samples required to split a node, minimum number of samples per
leaf, number of features considered at each split, and bootstrap sample fraction. The SVM config-
uration included the regularisation parameter, kernel type, and kernel coefficient. For NB, only the
smoothing parameter was considered. LR and RF were retained from the original METRE base-
line setting, while SVM and NB were added in this dissertation to broaden the classical baseline

comparison.

4.4.2 METRE-derived Neural-network Models

The METRE-derived NN models included the RNN, TCN, and Transformer encoder architec-

tures. These models operated directly on the longitudinal representation generated by the adapted



Methodology 74

pipeline, in which each ICU stay was represented as a feature-by-time matrix containing the
200 time-dependent variables produced during the HDF5-to-NPY conversion step. The tempo-
ral length of the input depended on the task-specific observation window.

The RNN model was evaluated as the recurrent sequence-modelling architecture. Its config-
urable parameters included the recurrent cell type, hidden dimension, number of recurrent layers,
dropout rate, and input dropout. The TCN model was evaluated as the convolutional temporal
architecture, with the number of convolutional channels, kernel size, and dropout rate considered
during model configuration. The Transformer encoder was evaluated as the attention-based ar-
chitecture, with configurable parameters including the embedding dimension, number of attention

heads, feed-forward dimension multiplier, number of encoder layers, and dropout rate.

4.5 External Model: EMERGE

The second modelling component of this dissertation was based on EMERGE, an external multi-
modal EHR predictive modelling framework proposed by Zhu et al. [88]. EMERGE was selected
as an external model because it includes a structured TS component compatible with the longi-
tudinal outputs generated by METRE, while also representing a more recent retrieval-augmented
and multimodal modelling approach. In this work, EMERGE was not used as a data extraction
pipeline, but as an independent modelling architecture adapted to consume the structured outputs
produced by the adapted METRE workflow. This adaptation supported the benchmarking ob-
jective of the dissertation, by testing whether the same harmonised data representation could be
reused beyond the models originally associated with METRE.

This section first describes the original EMERGE framework and then details the adaptations
required to apply it to the METRE-generated data, including conversion of NPY outputs into
EMERGE-style HDFS5 files, alignment of TS tensor dimensions, handling of unavailable textual
and summary modalities, and preparation of a training workflow compatible with the evaluation

protocol used in this dissertation.

4.5.1 Original Model

As introduced in the literature review, EMERGE is a multimodal EHR predictive modelling frame-
work designed to combine structured TS data, clinical notes, and external medical knowledge
through a retrieval-augmented generation strategy [88]. The overall architecture is illustrated in
Figure 3.7. The framework processes T'S EHR data with a temporal encoder, obtains text represen-
tations from clinical notes using language-model embeddings, retrieves relevant medical knowl-
edge from PrimeKG, generates task-relevant patient health summaries using a LLM, and fuses the
resulting representations through a multimodal fusion network. PrimeKG is a biomedical knowl-
edge graph that integrates information about diseases, drugs, genes, biological processes, and their
relationships, and is used by EMERGE as the external knowledge source for retrieval [154].

In the original formulation, each patient may be represented by multiple modalities. The struc-

tured TS component contains multivariate temporal EHR measurements, which is the component
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most closely aligned with the METRE representation used in this dissertation. However, while
METRE produces harmonised ICU TS tensors from structured database tables, EMERGE defines
its own processed input format and combines structured measurements with additional textual and
knowledge-derived representations. Clinical notes provide unstructured textual information de-
scribing the patient status. A further representation is produced through the retrieval-augmented
generation process: clinically relevant entities are extracted from TS abnormalities and clinical
notes, matched to PrimeKG, and used to generate a summary of the patient’s health status. In the
processed EMERGE data format, this generated summary is represented through the Summary
field.

The TS branch of EMERGE uses a GRU encoder to obtain a temporal patient representation.
The textual branches use language-model embeddings for clinical notes and the RAG-generated
summaries, PrimeKG is used as the external knowledge source for retrieval, not as the embedding
model itself. These modality-specific representations are then combined through a fusion module,
including cross-attention-based fusion in the full EMERGE architecture. The model is trained for
binary clinical prediction tasks, with the original paper evaluating in-hospital mortality and 30-day
readmission on MIMIC-III and MIMIC-IV.

The EMERGE paper evaluates several modality combinations, including TS only, note only,
summary only, TS plus notes, TS plus summaries, and multimodal combinations involving all
available representations. This ablation structure is relevant for this dissertation because it sep-
arates the TS component from the full multimodal framework, allowing the structured-data-only
variant to be considered independently from the note and summary components.

The original experimental protocol used fixed train, validation, and test partitions with 70%,
10%, and 20% split proportions, respectively. The reported metrics include AUROC, AUPRC, and
min(+P, Se), where the latter summarises the minimum value between precision and sensitivity.
The paper reports mean and standard deviation using bootstrap resampling on the test set rather
than 10-fold cross-validation. Consequently, the original EMERGE protocol was preserved only
as a secondary reference workflow in this dissertation, while the main comparative evaluation
was adapted to match the cross-validation protocol used for the METRE models, as described in
Section 4.6.

4.5.2 Reproduction and Adaptation

The public EMERGE repository provided the model implementation and a notebook-based execu-
tion workflow, but not the complete preprocessing pipeline or derived artefacts required to repro-
duce the original multimodal experiments. The adaptation was therefore restricted to the publicly
available structured TS branch, while preserving compatibility with the data format expected by
the original implementation.

The objective was not to reproduce the complete multimodal framework, but to evaluate
whether an external architecture could use the structured representations produced by METRE.
The selected ehr_only configuration corresponds to the TS-only ablation reported by the
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EMERGE authors and represented the most faithful setting supported by the publicly available

resources.

4.5.2.1 METRE-to-EMERGE Data Conversion

A dedicated conversion script was implemented to transform the compiled METRE NPY outputs
into the HDFS5 structure expected by EMERGE. The METRE training files contain split-specific
lists of patient-level arrays and their corresponding static labels. In contrast, the EMERGE data
loader expects three HDF5 files, named data_train.h5, data_val.h5, and data_test
.h5, where each patient is stored as a separate group containing structured TS data, note embed-
dings, summary embeddings, labels, and a patient identifier.

For each split, the conversion script reads the corresponding METRE arrays and writes an
EMERGE-compatible HDFS file. The structured TS data are stored under the X field, the patient
identifier under Pat ient ID, and the binary target under the Y field. Placeholder fields for Note
and Summary were also created to preserve the expected file structure. The interpretation of these
fields was consistent with the clarification later provided by the EMERGE authors, who confirmed
that X represents the structured TS tensor, Note the clinical-note embedding, Summary the RAG-
generated summary embedding, Y the prediction labels, and PatientID the identifier used to
align patient-level representations.

The converter was implemented to support the five METRE prediction settings: hospital mor-
tality at 48 hours, ARF at 4 and 12 hours, and shock at 4 and 12 hours, all with the same 6-hour
gap definition. In this dissertation, EMERGE TS-only was evaluated across all five METRE task
definitions. However, only the mortality task is directly aligned with the original EMERGE bench-
mark, the remaining tasks were used to assess whether the external TS architecture could operate

on METRE-generated representations under the same protocol as the other models.

4.5.2.2 Time-series Tensor Alignment

One important adaptation concerned the orientation and dimensionality of the TS tensors. The
METRE NPY representation stores each ICU stay as a feature-by-time matrix with shape (200, 7),
whereas EMERGE expects the structured TS input in time-by-feature format. Therefore, each
METRE array was transposed before being written to the EMERGE HDFS files.

The temporal length T depended on the prediction task, 48 hours for mortality and either 4
or 12 hours for ARF and shock. The EMERGE input dimensionality was also adjusted from
the original 61 structured features to 200 features, matching the representation generated by the
adapted METRE pipeline.

4.5.2.3 Handling Unavailable Note and Summary Modalities

The original EMERGE architecture is designed to operate with structured TS data, clinical-note

embeddings, and embeddings of summaries generated through the retrieval-augmented pipeline.
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However, the public repository did not provide the processed note embeddings, generated sum-
maries, retrieved knowledge records, or the complete preprocessing code required to reproduce
these modalities from the original databases. Since MIMIC-derived data are subject to creden-
tialed access and data use restrictions, such artefacts cannot be freely redistributed outside the
appropriate access framework, a reproducible alternative would require either the release of the
preprocessing code or deposition of the derived artefacts through a controlled platform such as
PhysioNet under the applicable data use agreement.! Moreover, generating new summaries from
MIMIC data would require a separate local and privacy-compliant language-model pipeline, as
patient data cannot be submitted to external hosted models.

To preserve compatibility with the EMERGE data loader while restricting the model to the
structured-data modality, placeholder vectors were created for the unavailable text-based fields.
Specifically, the Note and Summary fields were filled with zero vectors of dimension 768. These
placeholders maintained the expected HDFS structure but were not used by the model when the
ehr_only modality was selected. In this configuration, the prediction is based exclusively on the
structured TS encoder, corresponding to the TS-only variant reported in the EMERGE ablation

experiments.

4.5.2.4 Training Workflow Adaptation

The original EMERGE implementation was mainly notebook-based and was not directly suitable
for systematic execution with the outputs of the METRE pipeline. Therefore, the required data
loading, model initialisation, training, checkpointing, and prediction-export steps were adapted
into executable Python scripts. This allowed EMERGE to be run from the command line and on
the High-Performance Computing (HPC) environment, while preserving the original TS model
components used by the public implementation.

A fixed-split execution mode was first retained as a sanity-check setting, since it resembles the
original EMERGE workflow more closely. However, the final results reported in this dissertation
follow the common evaluation protocol described in Section 4.6, in order to make the EMERGE
results comparable with the METRE models.

4.6 Performance Evaluation

The original METRE and EMERGE implementations used different evaluation strategies.
METRE combined cross-validation with test-set evaluation and reported bootstrapped confidence
intervals, but the final reported test result in the released workflow was associated with a selected
fold model rather than with an aggregation of all cross-validation models. EMERGE, in con-
trast, used fixed train-validation-test partitions and reported performance over repeated bootstrap

evaluations. Since this dissertation compares models derived from both frameworks, a unified

Ihttps://physionet.org/content /mimiciv/view-dua/3.1/ (accessed 7 June 2026).
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evaluation protocol was implemented to ensure that all final results were obtained under the same
experimental logic.

All experiments were submitted through a Slurm-managed HPC environment using GPU-
enabled jobs. Each job requested one GPU, eight CPU cores, and 40 GB of memory. Separate
Conda environments were used for the adapted METRE and EMERGE workflows, and the exe-
cution scripts were standardised to run each task-model configuration, save checkpoints, export
predictions, and generate the corresponding tabular result files.

This section describes the experimental protocol used for hyperparameter optimisation, cross-
validation, internal and external testing, bootstrap-based confidence interval estimation, metric

calculation, and result artefacts.

4.6.1 Hyperparameter Optimisation

Two experimental configurations were considered whenever applicable: default configurations and
optimised configurations. Default configurations corresponded to the reference hyperparameters
available in the adapted workflows or to standard baseline settings when no task-specific default
was provided. Optimised configurations were obtained using Optuna, an automatic hyperparame-
ter optimisation framework [81].

Hyperparameter optimisation was performed separately for each task, training database, and
model. The objective metric was validation AUROC. Each optimisation study used 50 trials. To
reduce computational cost during tuning, each trial was trained on a stratified subset corresponding
to 35% of the development data and evaluated on a validation fold. The selected hyperparameters
were then used in the complete cross-validation and test evaluation procedure described below.

The same optimisation logic was applied to the classical baseline models, the METRE-derived
temporal models, and the adapted EMERGE TS-only model. Optuna was used only for model se-
lection during development; the final reported results were obtained from the full cross-validation,
internal testing, external testing, and bootstrap aggregation procedure. The search ranges, selected
Optuna values, and default values for each model are documented in Appendix C, allowing the

experimental configurations to be reproduced.

4.6.2 Evaluation Procedure

After hyperparameter selection, all final models were evaluated using a unified protocol designed
to support internal testing, external testing, and direct comparison between the baseline and ex-
ternal model workflows. The procedure combined stratified cross-validation, test-set evaluation,
ensemble-based bootstrap estimation, and systematic export of predictions and result summaries.

Figure 4.1 provides a schematic representation of the data partitions and their use during model

development, internal testing, and external cross-database evaluation.
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Figure 4.1: Schematic representation of the data partitioning and evaluation protocol. The origi-
nal 70/10/20 train-development-test split was retained, with the train and development partitions
combined for stratified 10-fold cross-validation. Models trained on each database were evaluated
on the held-out internal test partition and on the held-out test partition of the other database.

4.6.2.1 Cross-validation

For each experiment, the original train and development partitions of the training database were
combined into a single development cohort, defined here as the subset used for model training,
validation, and hyperparameter selection before any final test-set evaluation. This cohort was then
divided into ten folds using stratified cross-validation, preserving the proportion of positive and
negative cases in each fold. Stratification was used because several tasks, particularly ARF and
shock, are class-imbalanced and therefore sensitive to unequal fold composition. This strategy
differs from the released METRE workflow, where cross-validation is performed during develop-
ment but the final reported test results are obtained from a selected fold model rather than from
the joint use of all trained folds.

For each fold, a new model was trained on nine folds and validated on the remaining fold.
This produced ten independently trained models for each task-model configuration. The held-out
validation fold was used only for model monitoring and internal validation within the development
cohort. The dedicated test partition was never used during training, validation, early stopping, or
hyperparameter selection.

Validation performance was summarised from the fold-level validation results as mean and
standard deviation across the ten folds. This summary was used to characterise model behaviour

within the development cohort, independently from the final test-set evaluation.
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4.6.2.2 Internal and External Testing

After training each fold-specific model, evaluation was performed on two independent test sets.
The internal test set corresponded to the held-out test partition of the same database used for
training. The external test set corresponded to the held-out test partition of the other database not
used in training. Thus, models trained on MIMIC-IV were tested internally on MIMIC-IV and
externally on eICU, while the reverse setting was used for models trained on eICU.

Only the dedicated test partition of the external database was used for external evaluation.
This differs from the original METRE cross-database evaluation, where the full external cohort
was used. Restricting external evaluation to the test partition ensured that the same distinction
between development and test data was maintained for both internal and external assessment.

For each fold-specific model, predicted probabilities and ground-truth labels were saved for
the validation fold, the internal test set, and the external test set. These stored predictions allowed
all final metrics, confidence intervals, and additional analyses to be computed without retraining

the models.

4.6.2.3 Bootstrap Aggregation

The final test-set results were computed using a cross-validation ensemble bootstrap. For each test
set, the ten models trained during cross-validation generated one predicted probability per patient.
These ten probabilities were averaged to obtain a single ensemble probability for each patient.

Bootstrap resampling was then applied at patient level. In each bootstrap iteration, 1000 pa-
tients were sampled with replacement from the relevant test set. For every sampled patient, the
previously stored ensemble probability was used, and all metrics were computed on the resulting
bootstrap sample. This process was repeated 1000 times. The reported test performance cor-
responds to the mean and standard deviation of the bootstrap estimates, and the empirical 95%
confidence interval was obtained from the 2.5th and 97.5th percentiles of the bootstrap distribu-
tion.

This approach differs from averaging metrics or confidence intervals across folds. Instead, the
ten fold-specific models are treated as an ensemble, producing one final probability per patient
before the metric is calculated. It also differs from the original METRE procedure, where the
final bootstrapped result was associated with a selected fold model. In the present protocol, all ten

cross-validation models contribute to the final test estimate.

4.6.2.4 Metrics

The evaluation protocol included AUROC, AUPRC, accuracy, precision, sensitivity, specificity,
Fl-score, and min(+P,Se). These metrics were introduced in Section 2.3.4.6, here, they are
specified only in terms of their role in the experimental workflow. AUROC and AUPRC were
computed from predicted probabilities and were therefore threshold-independent. The remain-
ing metrics were computed after converting predicted probabilities into binary predictions using a
fixed threshold of 0.5.
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The min(+P, Se) metric was retained because it is reported in EMERGE and allowed the final
metric set to remain consistent across the METRE-based models and the adapted EMERGE TS-
only model. This metric was computed using the same thresholded predictions as precision and

sensitivity.

4.6.2.5 Result Artefacts

The evaluation pipeline exported both intermediate and final result files. Fold-level Comma-
Separated Values (CSV) files stored validation and test metrics for each of the ten cross-validation
models. Prediction files stored patient-level ground-truth labels and predicted probabilities for val-
idation, internal test, and external test sets. Summary CSV files stored mean and standard deviation
across folds, including validation summaries. Final bootstrap CSV files stored the ensemble-based
test results, including mean, standard deviation, 95% confidence intervals, number of patients, and
number of folds.

Consequently, validation results reported in the dissertation were obtained from the fold-level
validation summaries, whereas final internal and external test results were obtained from the en-

semble bootstrap summaries.

4.7 Methodological Workflow Summary

Figure 4.2 summarises the complete methodological workflow implemented in this dissertation,
from database access and METRE adaptation to model-ready data generation, model configura-
tion, and final cross-database evaluation. Dashed borders identify externally developed pipeline or
model components reproduced and adapted in this work, whereas the darker boxes highlight the
main adaptations and new implementations introduced in this dissertation.

The workflow began with MIMIC-IV v3.1 and eICU v2.0, accessed through Google Big-
Query. Applying METRE to MIMIC-1IV v3.1 required updates to the released SQL queries and
reconstruction of the auxiliary culture and heparin tables expected by the extraction func-
tions. These database-specific inputs were then supplied to the adapted METRE pipeline, which
performed cohort construction, extraction, preprocessing, temporal aggregation, harmonisation,
and consistency checks across the static, vital, and intervention data streams.

The pipeline generated split-specific HDFS5 outputs containing the static, vital, and inv
tables for the train, development, and test partitions. Because the released training workflow ex-
pected compiled NPY inputs, a dedicated HDF5-to-NPY conversion was implemented. The result-
ing files were subsequently validated against their HDF5 sources to verify patient-label alignment,
temporal structure, feature dimensions and ordering, and cross-database schema compatibility.
This produced the common harmonised NPY representation used throughout the modelling ex-
periments.

Two modelling branches were constructed from these validated outputs. The first used the
NPY files directly to train the classical baselines, LR, RF, NB, and SVM, and the METRE-derived
temporal models, RNN, TCN, and Transformer. In the second branch, the same NPY outputs
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Figure 4.2: Overview of the methodological workflow implemented in this dissertation. MIMIC-
IV and eICU data were processed through the adapted METRE pipeline, converted into validated
model-ready representations, and used to evaluate the baseline, METRE-derived, and EMERGE
TS-only models under a unified internal and external evaluation protocol. Dashed borders identify
externally developed components reproduced and adapted in this work, while darker boxes high-
light the main adaptations and new implementations introduced in this dissertation.
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were transposed and converted into the HDFS structure expected by EMERGE. This enabled
the EMERGE TS-only architecture to be evaluated using the same five task definitions, patient
partitions, and structured input variables, while excluding the unavailable note and generated-
summary modalities.

Hyperparameter optimisation was performed separately for each model, task, and training
database using 50 Optuna trials and validation AUROC as the objective. The selected configura-
tions were subsequently evaluated through the unified protocol illustrated in Figure 4.1. The train
and development partitions were combined and divided using stratified 10-fold cross-validation,
producing ten independently trained models. Each model generated predictions for its validation
fold, the held-out internal test set, and the held-out test set from the other database.

For final testing, the ten fold-specific probabilities were averaged for each patient before per-
formance estimation. Internal evaluation measured performance within the training database,
whereas external evaluation assessed transfer to the other database. Performance uncertainty was
estimated using 1000 patient-level bootstrap resamples, from which the mean, standard deviation,
and empirical 95% confidence intervals were obtained for all reported metrics. The resulting arte-
facts formed the benchmark used to compare model families, clinical tasks, and both directions of

cross-database generalisation.



Chapter 5

Results and Discussion

This chapter presents and discusses the results obtained after adapting the data processing work-
flow, defining the task-specific cohorts, training the selected models, and evaluating them under the
unified protocol described in Chapter 4. The results are organised progressively, beginning with
the effect of the MIMIC-IV version update and the composition of the prediction cohorts, followed
by internal validation and final test set evaluation. The evaluated models include classical baseline
models, the METRE-derived NN architectures, and the external EMERGE TS-only adaptation.
For the final evaluation, results are reported for both internal testing and cross-database testing,
allowing model performance to be analysed within the source database and after transfer to an ex-
ternal database. The chapter concludes by summarising the main findings across all experiments,
including the effect of hyperparameter optimisation, task-specific behaviour, model comparison,

and the impact of cross-database evaluation.

5.1 Cohort and Task Composition

This section presents the cohort-level results obtained after adapting the data extraction workflow
and applying the task-specific filtering criteria. These results provide the numerical context for
the subsequent model evaluation, since the number of available ICU stays and the prevalence of
positive cases directly affect training conditions, class imbalance, and the interpretation of perfor-
mance metrics such as AUPRC.

Table 5.1 compares the number of ICU stays available in the original METRE extraction and
in the extraction obtained after adapting the workflow to MIMIC-IV v3.1.

Table 5.1: Comparison between the MIMIC-IV cohort size reported in the original METRE
pipeline and the cohort obtained after adapting the extraction workflow to MIMIC-IV v3.1.

Source MIMIC-IV version Extracted ICU stays
Original METRE pipeline v2.2 38,766
Adapted extraction v3.1 47,438

84
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The adaptation to MIMIC-IV v3.1 increased the extracted MIMIC-IV cohort from 38,766
to 47,438 ICU stays, corresponding to an additional 9,672 stays. This increase was expected
because newer major versions of MIMIC-IV include additional admissions and updated database
content. From a modelling perspective, the larger extracted cohort is relevant because it increases
the amount of data available before task-specific filtering, which may improve the stability of
model training and cross-validation, particularly for tasks with fewer positive cases. Therefore,
the update to MIMIC-IV v3.1 was not only a compatibility requirement, but also provided a larger
data basis for the experiments conducted in this dissertation.

Table 5.2 presents the task-specific cohort composition after applying the observation windows
and the 6-hour gap defined in the evaluation protocol. For each database and task, the table reports
the number of negative and positive ICU stays in the training cohort and in the held-out test set.
The training cohort corresponds to the original train and development partitions combined for
cross-validation.

Table 5.2: Task-specific cohort composition after applying the observation windows and 6-hour
gap. Train corresponds to the train and development partitions combined for cross-validation.

Database  Task Window Train Train Train Test Test Test
(Negative cases) (Positive cases) Prevalence (Negative cases) (Positive cases) Prevalence
Mortality 48h 16,587 2,198 11.7% 4214 520 11.0%
ARF 4h 7,359 2,627 26.3% 1,839 654 26.2%
MIMIC-IV 12h 7,359 1,530 17.2% 1,839 366 16.6%
Shock 4h 26,089 1,800 6.5% 6,573 403 5.8%
12h 26,089 1,193 4.4% 6,573 257 3.8%
Mortality 48h 43,123 5,326 11.0% 10,701 1,318 11.0%
ARF 4h 83,435 1,896 2.2% 21,983 363 1.6%
elCU 12h 83,435 1,348 1.6% 21,983 251 1.1%
Shock 4h 83,810 3914 4.5% 21,802 880 3.9%
12h 83,810 2,733 32% 21,802 608 2.7%

Within each task and database, the number of negative cases remains constant across the
4 and 12 hour settings because negative cases correspond to ICU stays with no eligible event
recorded throughout the stay. Changing the observation window primarily alters which event-
positive stays remain eligible after applying the 6-hour gap. The difference between the ARF
and shock cohort sizes reflects their distinct task-specific filters and intervention variables. In
MIMIC-IV, respiratory-support indicators exclude substantially more stays from the ARF cohort
than vasoactive-treatment indicators exclude from the shock cohort. In eICU, the corresponding
negative-case counts are closer, reflecting differences in the availability and recording of these
intervention-derived variables.

The task-specific cohorts show substantial differences in class prevalence across tasks and
databases. Mortality was the most stable outcome, with a positive prevalence of approximately
11% in both MIMIC-IV and eICU, across training and test partitions. In contrast, ARF and shock
were considerably more imbalanced, particularly in eICU. Within eICU, ARF was especially
sparse, positive cases represented only 2.2% of the training cohort in the 4-hour setting and 1.6%
in the 12-hour setting, decreasing further to 1.6% and 1.1% in the corresponding test sets. This
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low prevalence is important for later interpretation of AUPRC, since precision-recall metrics are
strongly affected by the proportion of positive cases in the evaluated cohort. Therefore, lower
AUPRC values in highly imbalanced tasks should be interpreted with awareness of the underlying
class distribution rather than in isolation.

The comparison between MIMIC-IV and eICU also shows that the same task definition can
produce substantially different positive-case distributions across databases. This is particularly
relevant for cross-database evaluation, since differences in prevalence, clinical practice, interven-
tion recording, and cohort composition may affect both discrimination metrics and threshold-
dependent metrics. These cohort-level differences provide essential context for the internal vali-

dation and external evaluation results presented in the following sections.

5.2 Internal Validation

This section presents the internal validation results obtained during model development. Its pur-
pose is to evaluate the behaviour of each model under cross-validation and compare the reference
configurations reported in the corresponding studies or released implementations with the hyper-
parameters selected through Optuna, as detailed in Section 4.6.1, before proceeding to the final
held-out test evaluation. The analysis is therefore restricted to development-stage performance
and is not intended to replace the final internal and external test results presented in the following
section.

Table 5.3 summarises the validation performance obtained across the 10 cross-validation folds.
For each fold, the model was trained on the corresponding training set and evaluated on the held-
out validation set. Results are shown for models trained on MIMIC-IV and eICU, using both de-
fault configurations and hyperparameters selected using Optuna. The main table reports AUROC,
AUPRC, and min(+P, Se), while the remaining validation metrics, including accuracy, precision,
sensitivity, specificity, and F1-score, are provided in Appendix B.1. The reported values corre-

spond to the mean and standard deviation across folds.



Table 5.3: Internal validation performance for models trained on MIMIC-1V and eICU using default and selected Optuna hyperparameters. Values are
reported as mean + standard deviation. Trans denotes the Transformer model. Best results within each training database, task, and metric are shown in

bold.

Train
database

Config

Model

Mortality 48h

ARF 4h

ARF 12h

Shock 4h

Shock 12h

AUROC
(%)

AUPRC
(%)

min(+P, Se)
(%)

AUROC
(%)

AUPRC
(%)

min(+P, Se)
(%)

AUROC
(%)

AUPRC
(%)

min(+P, Se)
(%)

AUROC
(%)

AUPRC
(%)

min(+P, Se)
(%)

AUROC
(%)

AUPRC
(%)

min(+P, Se)
(%)

MIMIC-IV

Default

LR
RF
NB
SVM
RNN
TCN
Trans

87,02+0,85
86,89+1,15
69,32+2,51
89,03+1,00
88,02+0,94
88,09+0,97
87,36+0,86

52,68+3,63
49,80+3,40
19,46+1,31
54,24+3,15
54,22+4,28
54,09+4,43
50,84+3,11

37,33:1,27
32,85+3,98
20,78+1,43
35,08+2,70
36,07+3,44
34,7423 24
28,82+4,96

73,57+1,98
79,05+2,12
69,7142,25
75,62+1,84
76,40+1,96
759241,71
76,25+2,47

53,32+2,84
66,80+3,11
48,8843,56
56,17+1,94
61,6242,74
60,46+3,25
60,25+3,44

44,25+1,68
44,73+4,49
34,14+2,99
30,68+3,15
50,69+2,79
49,40+3,35
47284423

73,26:1,89
78,15+1,41
68,48+2,01
74,92+1,38
74,80+1,33
74,96+1,85
75,6241,82

42,33+3,37
54,7442,27
32,48+2,07
43384227
49.49+2,68
49,46+2,91
49,92+3,07

32,15+1,43
27,1242,84
39,00+1,49
13,9942,50
34,7343,53
35,90+5,30
36,2445,64

76,59+2,12
88,05:1,28
69,18+1,44
80,41+1,92
82,06+1,93
81,32+1,61
81,54+1,94

21,75+3,13
43,24+3,29
10,74+0,53
25,88+2,68
29,81+3,90
27,51+3,80
27,30+4,27

14,65+0,65
36,39+3,41
9,61+0,28
4,94+1,56
24,93+4,74
18,85+1,10
14,88+2,05

78,50+1,59
89,06+2,03
50,86+1,84
82,25+1,42
82,18+1,51
81,32+1,81
83,12+1,52

19,18+3,87
41,06+3,34
4,46+0,16
24,00+2,13
25,15+3,30
24,01+2,88
21,89+3,37

12,20+0,68
31,60+3,99
4,39+0,15

6,71+1,31

21,23+5,96
16,40+4,60
11,21+1,16

Optuna

LR
RF
NB
SVM
RNN
TCN
Trans

87,77+0,98
86,87+1,24
70,69+2,28
89,08+1,05
89,35+0,72
89,00+0,93
89,20+0,99

53,94+3,81
49,57+3,67
21,17£1,51
54,04+3,21
56,16+3,71
55,67+3,44
56,83+3,85

36,54+1,05
32,03+3,60
24,28+1,56
34,35+2,82
32,21+1,49
36,67+2,18
36,20+2,24

73,51+1,94
79,02+2,04
69,65+2,23
75,45+2,04
78,27+1,55
77,24+1,85
77,87+2,08

52,95+2,83
66,63+3,21
48,45+3,33
56,47+2,38
64,63+2,49
62,76+2,69
64,83+2,47

43,91+1,23
40,58+3,13
35,21+3,10
31,44+2,65
50,18+3,14
51,29+:4,92
50,76+4,20

73,30+2,01
77,64+1,57
68,52+1,97
74,83+1,86
77,03+2,05
76,74+1,97
76,24+1,70

42,09+3,57
53,36+2,20
32,64+1,96
43,66+3,09
52,49+2,66
52,05+2,93
51,69+3,32

31,72+1,92
22,29+43,13
38,37+1,75
15,62+2,93
37,12+2,53
38,244,064
32,52+3,74

76,62+2,33
87,87+1,38
70,44+1,82
81,54+2,26
83,10+2,20
82,62+1,85
83,10+1,49

20,38+3,08
43,00+3,28
11,63+0,89
24,86+2,86
30,54+3,51
29,82+3,81
29,89+2,93

14,00+0,70
40,56+3,74
11,39:0,67
2,72+1,15

16,25+1,33
20,85+4,33
15,52+1,67

79,17+1,52
89,06+2,05
64,86+2,98
83,42+1,54
84,48+1,64
82,31+1,63
82,77+2,19

19,65+3,39
41,24:3,41
6,48+0,48
22,2342,97
27244387
23,84+1,49
21,34+1,28

11,53+0,48
32,78+3,69
6,26:0,45
3,10+1,68
16,02+3,88
14,5242,39
12,36+0,93

eICU

Default

LR
RF
NB
SVM
RNN
TCN
Trans

85,00+0,81
85,75+0,53
69,04+1,18
86,67+0,56
85,05+0,69
85,27+0,81
84,02+1,05

50,43+1,61
51,01+2,04
17,61+0,57
51,10+1,68
50,26+1,93
50,91£2,23
46,49+2,58

32,22+1,02
4041235
18,09+0,57
42,60+1,00
30,98+2,94
29,96+3,92
25,4242,60

79,08+0,76
91,08+1,17
50,48+0,43
84,71+1,11
86,77+0,74
86,45+0,96
88,60+1,41

10,12+0,63
27,89+3,02
2,24+0,02
21,05+3,18
22,20+2,92
19,75+2,52
21,17+3,57

6,33+0,16
26,17+1,76
2,24+0,02
23,22+1,85
24,72+4,42
14,18+2,61
8,34+0,99

79,21+1,70
90,60+-0,88
50,08+0,70
84,27+2,12
85,77+1,23
84,5241,44
88,35+1,03

9,03+1,39
21,27+2,23
1,59+0,02
18,12+2,26
16,76+3,49
16,02+1,55
17,51+1,99

5,10+0,25
20,84+2,35
1,59+0,02
22,0342,68
15,20+4,23
15,06+2,70
5,58=1,10

75,32+1,82
82,40+0,97
50,17+0,14
77,58+1,07
77,00+1,25
76,60=1,16
78,81+1,39

15,57+0,96
26,52+2,19
4,48+0,02
17,38+1,47
18,10+1,93
17,48+1,26
17,64+1,71

10,40+0,46
22,92+2,04
4,48+0,02
17,64+0,84
14,01+£2,82
12,03+1,83
10,66+0,83

75,09+1,54
81,44+1,52
50,29+0,14
77,50+1,04
76,34+1,68
75,81£1,56
78,14+2,10

12,54+1,45
21,28+2,35
3,18+0,01

14,96+1,62
13,85+1,47
13,18+1,56
12,98+1,46

7,82+0,41
18,88+2,31
3,1820,01

19,53.:2,00
11,70+3,67
12,38+3,21
7,26+0,97

Optuna

LR
RF
NB
SVM
RNN
TCN
Trans

85,6140,83
86,00-0,71
72,231,449
86,89-0,64
86,22+0,67
85,89+0,78
87,48+0,58

51,41+1,55
51,83+2,04
21,09£1,12
52,99+1,63
52,56+2,47
51,87+2,05
56,68+1,94

32,21+0,97
36,73+2,13
23,72+1,15
34,13+0,81
27,61+1,24
30,07+0,98
35,14+1,59

79,54+0,73
91,69+1,07
66,90+2,50
85,67+0,93
90,12:+0,60
87,80+1,04
89,641,04

9,95:0,67
30,77+2,59
3,45:0,24
16,74+2,36
27,41+3,68
24,06+3,28
26,52+2,15

6,2320,14
34,08-3,17
2,60+0,08
9,55+0,33
13,02+2,78
13,57+4,18
9,82:0,97

80,07+1,57
89,69+0,88
56,90+2,19
85,63+1,48
87,53+1,34
85,58+1,54
90,08+0,98

8,40+1,10
18,1341,78

1,86+0,09
13,63+1,36
20,38+3,31
16,84+2,66
27,13+3,50

4,94+0,25
6,73+0,40
1,75+0,08
8,06::0,36
10,42+3,10
14,82+7,64
14,31+2,90

75,34+1,83
82,31+0,83
64,80+1,71
78,75+1,35
79,37+0,94
79,97+1,19
80,34+1,12

15,32+1,01
26,95:2,13
6,44-0,31
17,34+1,09
19,91+1,96
19,47+1,68
20,23+1,52

10,32+0,39
18,32+2,06
4,90+0,22

12,00+0,43
9,74+0,72

11,69+0,93
11,85+0,60

75,53=1,75
82,06-1,60
58,84:1,04
79,82+1,46
77,99+1,65
79,34+1,67
80,42:1,68

12,24+1,46
22,40-2,30
3,84+0,10
14,51+1,60
15,95+1,82
14,62+1,29
16,59+1,55

7,72+0,39
16,83+1,69
3,47+0,10
10,86+0,57
9,11+3,84
9,17+0,70
10,36+1,32

UONEPI[EA [PUISN] T°G

L8



Results and Discussion 88

Overall, the validation results show that hyperparameter optimisation had a measurable but
not uniform effect across models, tasks, and databases. In several cases, particularly among the
METRE-derived NN models, Optuna improved the main validation metrics. For models trained
on MIMIC-IV, the Transformer improved in mortality prediction from 87.36% to 89.20% AUROC
and from 50.84% to 56.83% AUPRC, while the TCN also improved in mortality across all three
reported metrics. Similar gains were observed for ARF 4h, where the Transformer increased from
76.25% to 77.87% AUROC and from 60.25% to 64.83% AUPRC. For models trained on eICU,
the effect of optimisation was also visible in several settings, such as the Transformer in ARF 12h,
where AUROC increased from 88.35% to 90.08% and AUPRC from 17.51% to 27.13%. These
examples indicate that the optimisation procedure was able to identify more suitable configurations
than the reference settings reported in the corresponding studies.

However, the effect of Optuna was not uniformly positive. This may be explained by the fact
that Optuna maximised validation AUROC over a finite search space using a stratified subset of
the development data. Consequently, the selected configuration may reflect task-specific sampling
variability, provide only marginal gains over an already suitable reference configuration, or favour
AUROC at the expense of other metrics. Its performance may also vary slightly when subsequently
evaluated through complete 10-fold cross-validation. Some classical baseline models showed only
marginal changes or even small decreases after optimisation, particularly when their default con-
figurations already produced stable validation performance. For example, RF models trained on
MIMIC-IV remained very similar before and after optimisation in mortality and shock prediction,
with only small variations in AUROC and AUPRC. In some tasks, improvements in one metric
were accompanied by decreases in another, especially for min(+P,Se), which is sensitive to the
balance between precision and sensitivity. This behaviour is expected in imbalanced clinical pre-
diction tasks, where optimising for AUROC does not necessarily maximise threshold-dependent
or precision-recall-based metrics. Therefore, the validation results should be interpreted as evi-
dence of task- and model-specific tuning effects, rather than as a universal improvement across
all metrics. Comparisons with the baseline performance reported in the original METRE study
should nevertheless be interpreted cautiously. In particular, this dissertation used MIMIC-IV v3.1
rather than the originally supported v2.2 release, requiring adaptations to the extraction workflow.
Differences in database versions, extracted cohorts, and available variables may therefore also
contribute to deviations from the published baseline results.

The comparison between model families also provides useful information before the final test
evaluation. The classical baselines were not merely trivial references, RF and SVM achieved
competitive validation performance in several tasks, particularly in mortality and shock predic-
tion. In MIMIC-IV validation, SVM obtained the highest default AUROC for mortality, while RF
achieved strong validation results in both shock tasks. This suggests that, for some structured tab-
ular representations, classical models can capture substantial predictive signal without requiring
more complex temporal architectures. Conversely, NB showed weaker and less stable behaviour,
especially in tasks derived from the Intervention table, where its AUPRC and min(+P, Se) values

were frequently low. LR behaved as a more stable but generally less expressive baseline, providing
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moderate performance across most tasks.

Across tasks, mortality prediction appeared to be the most stable validation setting, with con-
sistently high AUROC values across most models and both training databases. This is consistent
with the cohort composition reported in Table 5.2, where mortality showed similar positive preva-
lence in MIMIC-IV and eICU and was less sparse than ARF and shock. In contrast, ARF and
shock showed more heterogeneous behaviour across databases and metrics. In MIMIC-1V, ARF
produced relatively high AUPRC values for several models, particularly in the 4-hour setting,
reflecting the higher positive-case proportion in MIMIC-IV compared with eICU.

In eICU, where ARF positive cases were much rarer, AUPRC and min(+P, Se) remained low
despite reasonable AUROC values in some models. This pattern anticipates the need to interpret
the final test results relative to task prevalence, rather than from AUROC alone.

The additional validation metrics reported in Appendix B.1 support this interpretation. In
several sparse tasks, particularly ARF and shock in eICU, models could achieve high accuracy
or specificity while maintaining low precision, sensitivity, or F1-score. This indicates that good
overall classification performance was often influenced by the correct identification of negative
cases, rather than by reliable detection of positive events. These results do not replace the held-
out test evaluation, but they already show why positive-class metrics are essential for interpreting
imbalanced ICU prediction tasks.

Taken together, the validation stage provided the basis for selecting the final configurations
used in the held-out evaluation. Although Optuna did not improve every metric in every setting,
it offered a systematic and reproducible tuning procedure and produced relevant improvements
across several model and task combinations. For this reason, the final test set analyses focus on
the selected Optuna configurations for all models and tasks, while retaining the default results as

development-stage evidence of the effect of hyperparameter optimisation.

5.3 External Evaluation

This section presents the final held-out test evaluation of the optimised models. Unlike the internal
validation results, which were used to characterise model behaviour during development, the re-
sults reported here correspond to the final evaluation stage and were obtained after hyperparameter
selection.

For each training database, results are presented in a separate subsection. Models trained
on MIMIC-IV are evaluated on the internal MIMIC-IV test set and externally on eICU, whereas
models trained on elCU are evaluated on the internal eICU test set and externally on MIMIC-IV.
This structure allows the results to be interpreted in two complementary ways, comparing model
behaviour within the same data source, and by examining the extent to which performance is
preserved under cross-database transfer.

Only the optimised Optuna configurations are reported in the main external evaluation tables.
The main tables report AUROC, AUPRC, and min(+P, Se), while the remaining metrics, includ-

ing accuracy, precision, sensitivity, specificity, and F1-score, are provided in Appendix B.2 and



Results and Discussion 90

Appendix B.3.

5.3.1 MIMIC-IV Training

Table 5.4 presents the final test performance of the models trained on MIMIC-IV. Results are
reported for the internal MIMIC-IV test set and for the external eICU test set. Each cell contains
the bootstrap mean and standard deviation, with the corresponding 95% confidence interval shown

in parentheses below.



Table 5.4: Test performance for models trained on MIMIC-IV and evaluated on the internal MIMIC-IV test set and the external eICU test set. Values
are reported as mean + standard deviation, with the 95% confidence interval shown below. Trans denotes the Transformer model. Best results within

each test database, task, and metric are shown in bold.

Mortality 48h ARF 4h ARF 12h Shock 4h Shock 12h
datT:;;se Model AUROC ~ AUPRC min(+P,Se)  AUROC  AUPRC min(+P,Se) =~ AUROC  AUPRC min(+P,Se) =~ AUROC  AUPRC min(+P,Se) =~ AUROC  AUPRC min(+P,Se)
(%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%)

R 87.41+1,72 51,62+5,05 35,85:3,16  73,79+1,78 53.41:324 4344250  72,52+2,16 40,92+3,79 29911241  7599+3,07 20,28+4,36 1225:185  77.88+4,07 18,05:544 9,79:1,93
(83,97, 90,50) (42,05, 61,47) (29,83,42,26) (70,31, 77,16) (46,89, 59,74) (38,54, 48,16) (68,74, 76,64) (33,25, 48,38) (25,29, 34,63) (68,91, 81,72) (12,87,29,12) (8,78, 16,04) (69,31, 85,18) (9,06, 29,62) (6,28, 13,78)

RF 87,40+1,53 4824+504 31,12+451  79,03:1,65 66,95:2,56 4199:3,05  76,98+2,09 54,03:3,60 23,78+324  87,041248 42,10:6,59 39,81:596  88,24:3,10 42,88:833 37,53:7,68
(84,16, 90,29) (38,62, 58,13) (22,33,40,18) (75,77, 82,19) (61,71, 71,86) (35,82,47,92) (73,12, 81,19) (46,97, 60,97) (17,65, 30,07) (81,60, 91,57) (28,99, 54,60) (27,45, 51,35) (81,75, 93,69) (25,35, 57,82) (22,58, 52,28)

B 71,24+2,52 20,05+2,32 21,6242,31  70,09+1,94 52,54:3,07 36,53:2,98  68,44:2,46 34,46:330 38,80:3,49  70,79+2,95 10,74+1,78 10,34:1,56  66,37+3,58 5.84:1,10 548094

Z (66,23, 75,90) (15,77, 25,09) (17,10, 26,35) (66,18, 74,06) (46,39, 58,63) (30,90, 42,38) (63,50, 73,27) (28,12,41,25) (31,61,45,24) (64,98, 76,39) (7,38, 14,46) (7,20, 13,35) (58,83,72,71) (3,87,8,07) (3,72,7.41)
S syMm 89,02+1,41 52,03+5,04 30,84+444  7549+172 56,06+3,20 30,82+2,80  73,13+2,16 39,26:3,80 13,08:2,65 81,02+2,73 26,28+530 4441270  81,92+3,58 22,04:6,16 4,08+3.40
E (86,12, 91,76) (42,14, 62,22) (22,14,39,25) (71,92, 78,77) (49,56, 62,11) (25,11, 36,37) (69,28, 77,31) (31,68, 46,62) (7,78, 18,50) (75,15, 86,13) (16,93, 37,00) (0,00, 10,34) (74,83, 88,50) (11,28, 35,43) (0,00, 11,63)
Z N 89,37+1,39 56,01+4,80 30,91+2,69  78,06:1,69 66,33+2,60 4844:270  76,16:220 54,52+3,55 3553+2,87 82,75:2,72 33914626 1490+2,04  84,80:340 32,14+7,56 16,66+321
(86,55, 92,13) (46,72, 65,31) (25,52,36,05) (74,63, 81,33) (60,91, 71,30) (42,99, 53,62) (71,55, 80,31) (47,20, 61,34) (29,73,41,01) (76,99, 87,63) (21,78, 46,10) (10,89, 18,75) (77,70, 91,13) (18,56, 47,85) (10,61, 23,36)

TN 89,31+1,42 5534:4,73 36,33+3,13  7834+1,65 64,912,690 52,62+2,85  76,50+2,13 52,52:3.66 35,67:295  83,57+277 34,58+6,14 21,89:3.06  84,39+349 32,05:7,51 15,73+2,91
(86,58, 92,10) (46,36, 64,22) (30,30, 43,10) (75,07, 81,51) (59,29, 70,04) (46,69, 57,98) (72,40, 80,73) (44,83, 59,59) (29,63, 41,50) (77,51, 88,71) (22,56, 46,45) (16,06, 28,05) (77,07, 90,89) (18,83, 47,72) (10,26, 21,92)

Trans 89,74+1,38 56,92+4,74 36,33:3,08  77,82+1,68 6586+2,61 5235+2,82  7585+220 52,98+3,58 30,99:246  82,93+270 32,69:+6,02 13,86:192  82,88+342 26,80:6,85 10,88=1,95
(86,90, 92,48) (47,41, 65,92) (30,69, 42,68) (74,56, 80,98) (60,65, 70,87) (46,57, 58,08) (71,59, 80,10) (45,47, 59,57) (26,19, 35,82) (77,26, 87,81) (20,93, 44,15) (10,24, 17,61) (75,57, 89,10) (14,81, 41,72) (7,00, 14,90)

EMERGE 90,05:1,34 58,95:4,54 40,22:4,68 77,69+1,66 63,91+275 40,18+3,00 74,88+223 50,683,690 31,52+3,53  82,99:276 34,95:6,19 1539+4,67 8432349 33,39:7,79 16,706,227
TS-only (87,44, 92,69) (50,20, 67,62) (31,35,49,52) (74,45, 80,66) (58,29, 69,38) (34,37,45,83) (70,45, 79,15) (43,14, 57,66) (24,65, 38,61) (77,17, 88,03) (22,97, 47,08) (6,90, 24,59) (76,94, 90,66) (18,66, 49,02) (5,56, 30,31)

R 7535:2,60 3629+4,82 24,66+274  63,124745 3984220 2,04+0,59 6508825 328:240 1,60+0,56  64,86:4,65 8,89+2.63 6714137  64,90+557 7,72+323 553+1,69
(70,41, 80,27) (27,02, 46,09) (19,48,29,97) (47,94,76,05) (1,41, 10,13) (0,95, 3,19) (47,34, 80,62) (0,94,9,91) (0,62,2,71) (55,66, 73,29) (4,76, 14,83) (3,96, 9,21) (53,39,75,70) (3,17,15,66) (2,62, 8,95)

RF 78,11:2,20 31441435 930+2,78  80,94:3,94 6661324 4,16:1,14  73,64:6,39 398258 3,19:2,87  73,47:4,08 11,70:344 1,11:1,72  72,75:502 9,70:3,74 0,11:0,68
(73,49, 82,17) (23,22,40,42) (4,30, 15,18) (72,63, 87,98) (2,66, 15,21) (2,14,6,43) (60,08, 86,11) (1,22, 12,34) (0,00, 9,76) (65,05, 81,34) (6,23,19,64) (0,00, 5,56) (62,26, 82,32) (4,24, 18,51) (0,00, 3,03)

NB 49,02+2,15 1147+125 11,67+307  7539+540 3,89+1,14 393+1,11  48,74+10,38 186+0,87 221+122 63251492 649+139 6,19+1,19  54,084530 3,30:0,72 3,40:0,75
(45,04, 53,36) (9,24, 14,06) (5,82, 17,82) (64,00, 84,73) (1,89,6,19) (1,90, 6,23) (29,53, 68,80) (0,70,4,01) (0,00, 4,80) (53,33,72,55) (3,90,9,29) (3,84, 8,51) (43,80, 64,44) (2,05,4,89) (2,06,5,02)

2 sum 78,98:2,22 34224456 11,23+3,03  66,64+6,66 4,75:3,12 294:1,08  66,73:7,78 3,66+2.82 237:1,69  68,36:444 923257 0,35:0,97  68,39+5,05 7,07:2,58  0,00+0,00
5} (74,56, 83,28) (25,84, 43,69) (5,98, 17,70) (52,81, 78,83) (1,56,13,63) (1,12,5,20) (51,33, 81,30) (0,99, 11,61) (0,00, 6,16) (59,41, 76,86) (4,83,14,76) (0,00, 3,03) (57,61,77,43) (3,35,12,89) (0,00, 0,00)
RN 74,58:2,49 30,34+420 20,80+221  71,86+621 743453 2,39:0,64  6831:7,69 496:435 178:0,61  66,61+4,66 885:273 6,88:144  67,06£495 6,03:2,11 5,65+1,97
(69,83, 79,38) (22,35, 38,45) (16,62, 25,24) (58,40, 83,32) (1,86, 18,94) (1,20, 3,67) (52,29, 82,94) (1,05, 16,67) (0,68, 3,06) (57,47,75,27) (4,60, 15,69) (4,07,9,63) (57,75,76,50) (3,00, 11,13) (2,19,9,74)

TeN 77,18+2,41 36,52+4,60 22,824242 68431639 4944313 2421067  6739+8,11 4,17+3,65 190+0,68  6736+447 9043270 8,15:1,94  66,68+503 647+248 569+1,79
(72,55, 81,82) (27,55, 45,43) (18,10,27,49) (55,40, 80,80) (1,58,13,71) (1,16, 3,77) (49,99, 82,30) (0,98, 14,70) (0,74, 3,38) (58,13, 75,65) (4,73,15,48) (4,24, 12,18) (56,48, 75,81) (2,96, 12,24) (2,40,9,39)

Trans 78,08+2,35 37,68+4,72 28,27+3,15 69,71+6,69 9,81:16,63 234:0,64  69,67:7,78 5,19:442 1,68:0,54  69,28:439 1031+3,14 7.44:153  67,97+4,.88 7,58+3,00 547+1,57
(73,70, 82,65) (29,04, 47,15) (22,32,34,54) (56,13, 82,87) (1,83,24,77) (1,19, 3,62) (54,14, 84,97) (1,04, 16,98) (0,73, 2,78) (60,52, 77,38) (5,44,17,55) (4,32,10,37) (58,58,77,19) (3.41,15,02) (2,54, 8,78)

EMERGE  75,90:235 29,1614,06 26,82:4,12  68,78+6,83 5.81+3,84 3,07=1,00  6578:9,02 541:4,69 2,66:131  67,37+4,68 930:275 411317  66,15:4,890 6,17:220 5,97-4,26
TS-only (71,42, 80,38) (22,06, 37,43) (19,15, 34,87) (55,42, 81,61) (1,76,15,99) (1,27,5,15) (45,52, 82,54) (0,96, 17,68) (0,63, 5,70) (57,57,76,08) (4,67,15,65) (0,00, 11,43) (56,39, 75,78) (3,09, 11,40) (0,00, 14,81)
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The internal MIMIC-IV test results show that the harmonised representation extracted from
MIMIC-IV supported clinically meaningful prediction across the five tasks, but also that model
performance depended strongly on the outcome being predicted. Mortality was the most stable
task, with the METRE-derived NN models reaching AUROC values close to 90% and AUPRC
values between 55.34% and 56.92%. The EMERGE TS-only adaptation obtained the highest
mortality AUROC and AUPRC in the internal test set, at 90.05% and 58.95%, respectively. SVM
also performed strongly in mortality, reaching 89.02% AUROC, but this did not translate into the
best AUPRC or min(+P,Se), with values of 52.03% and 30.84%, respectively. These results indi-
cate that early ICU TS data contain a relatively consistent signal for hospital mortality prediction
and that this signal can be captured by different model families. The internal test results were also
broadly consistent with the preceding cross-validation results. For example, the optimised RNN,
TCN, and Transformer achieved validation AUROC values of 89.35%, 89.00%, and 89.20%, re-
spectively, compared with 89.37%, 89.31%, and 89.74% on the held-out test set. Their AUPRC
values were similarly close across both stages. This agreement suggests that the selected config-
urations generalised consistently from the development cohort to previously unseen MIMIC-IV
cases.

The comparison between classical baselines and more complex models is particularly infor-
mative. RF was not only a reference baseline but one of the strongest models in several tasks,
especially ARF and shock. In ARF 4h, RF obtained the highest AUPRC, 66.95%, while the RNN,
TCN, and Transformer obtained similar values between 64.91% and 66.33%. In shock predic-
tion, RF achieved the best AUROC and AUPRC in both settings, reaching 87.04% AUROC and
42.10% AUPRC for shock 4h, and 88.24% AUROC and 42.88% AUPRC for shock 12h. This
suggests that, after METRE preprocessing, a substantial part of the predictive signal is already
available in a structured representation that can be used by classical models. In other words, the
added complexity of NN architectures did not systematically translate into better internal perfor-
mance for all tasks. This does not make the temporal models unnecessary, but it shows that the
strength of the data representation and task definition can be as important as the model architecture
itself.

SVM added a different pattern among the baselines. It was highly competitive for mortality,
particularly in AUROC, and later achieved the best external mortality AUROC on eICU. However,
it was less consistent in ARF and shock, especially when considering positive-class metrics. For
example, internally in shock 12h, SVM reached 81.92% AUROC but only 4.08% min(+P,Se).
This indicates that SVM could rank patients reasonably well in some settings, but often strug-
gled to provide a useful balance between precision and sensitivity for rarer positive events. The
remaining baselines behaved as expected. LR provided stable but generally less competitive re-
sults, performing reasonably in mortality and ARF but showing limited positive-class performance
in shock. NB was consistently weaker, particularly in the shock tasks, where both AUPRC and
min(+P,Se) were low. In shock 4h, NB obtained 10.74% AUPRC and 10.34% min(+P, Se), while
in shock 12h these values decreased to 5.84% and 5.48%, respectively. This behaviour reinforces

its role as a low-complexity reference rather than a competitive final model.
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Across tasks, ARF and shock showed different types of difficulty. ARF 4h presented relatively
strong AUPRC values for several models, suggesting that respiratory support onset remained de-
tectable from the MIMIC-IV representation. Although the ARF 12h task provided more obser-
vations, the 6-hour gap excluded earlier events, reducing the number and prevalence of positive
cases. Moreover, relevant signs of deterioration may be concentrated in the latest hours, while
earlier measurements may be redundant or noisy. Therefore, a longer observation window did
not necessarily improve performance. Shock prediction presented a different pattern, RF achieved
high AUROC and AUPRC, whereas several METRE-derived temporal models had more modest
min(+P,Se). For shock 12h, RNN, TCN, and Transformer obtained values of 16.66%, 15.73%,
and 10.88%, respectively, despite AUROC values above 82%. This indicates that these models
preserved discriminative ranking without achieving the same balance between precision and sen-
sitivity.

A direct comparison with the original METRE results is not methodologically fair, since the
original study used a different evaluation protocol, different database versions, and a different
model selection procedure. Nevertheless, the comparison is still informative as a contextual ref-
erence. Under the protocol used in this dissertation, mortality prediction reached AUROC values
comparable to those reported for METRE-MIMIC-IV. In the original article, the METRE-MIMIC-
IV mortality AUROC values ranged from 86.7% to 87.6% across LR, RF, CNN, and LSTM, while
in this dissertation the METRE-derived temporal models and EMERGE TS-only were all close to
90% in the internal MIMIC-IV test set [103]. Shock prediction also remained competitive, for
example, the original METRE-MIMIC-IV shock 4h AUROC values ranged from 76.3% to 88.0%,
while the adapted workflow reached 87.04% with RF and 83.57% with TCN. These results sug-
gest that the adapted extraction, conversion, and training workflow preserved a substantial part of
the predictive information present in the original METRE representation.

The main exception was ARF, not because performance was uniformly poor, but because this
task can be particularly sensitive to how respiratory support variables are extracted, temporally
aligned, and encoded. Internally, ARF 4h obtained strong AUPRC values, such as 66.95% for
RF and 66.33% for RNN, which are close to or above the corresponding METRE-MIMIC-IV
values reported in the original article. However, the interpretation of ARF remains less straight-
forward than mortality or shock because its labels depend directly on respiratory support variables
extracted into the Intervention table. Unlike the published article, the public METRE repository
did not provide the complete HDF5-to-NPY conversion workflow required to reproduce the exact
model-ready tensors used by the authors. Consequently, the conversion file had to be reconstructed
in this dissertation, including assumptions about feature ordering, tensor organisation, and com-
patibility with the downstream training code. Any residual discrepancy in ARF performance may
therefore reflect task-specific sensitivity to the extraction, timing, or encoding of respiratory sup-

port variables, rather than a global failure of the adapted pipeline.
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EMERGE TS-only

The EMERGE TS-only adaptation provides a separate perspective, since it was not part of the
original METRE modelling framework. Internally, it achieved the strongest mortality perfor-
mance among the tested models, with 90.05% AUROC and 58.95% AUPRC. However, this result
corresponds only to the structured TS branch that could be adapted using the available data and
released implementation. The full EMERGE framework combines TS data with clinical notes,
generated summaries, retrieval-augmented knowledge, and multimodal fusion. The artefacts and
preprocessing components required to include these additional modalities were not available for
the implementation developed in this dissertation.

The original EMERGE article reported 89.50% AUROC, 63.11% AUPRC, and 59.95%
min(+P,Se) for the complete multimodal framework on MIMIC-IV mortality [88]. In the
corresponding ablation study, the original TS-only configuration achieved 87.96%, 55.62%,
and 55.02%, respectively. These values cannot be directly compared with those obtained in
this dissertation because the evaluation protocol and data processing workflow differed. Nev-
ertheless, they provide useful context. Compared with the original TS-only configuration, the
adapted model showed higher AUROC and AUPRC, but a substantially lower min(+P,Se) of
40.22%. This indicates that the model discriminated mortality risk well, but did not reproduce the
same precision-sensitivity balance reported for the full multimodal EMERGE framework. The
difference is consistent with the absence of notes, RAG summaries, and multimodal fusion.

For ARF and shock, EMERGE TS-only should be interpreted only as an external architecture
evaluated under the METRE task definitions, since these tasks were not part of the same EMERGE
benchmark. In these settings, EMERGE TS-only was competitive but not consistently superior to
RF or to the METRE-derived temporal models. Its main contribution in this dissertation was
therefore methodological, it showed that a model originally developed outside METRE could be

connected to METRE outputs and evaluated within the same protocol.

Cross-database Evaluation on eICU

The external eICU test set provides a stricter assessment of model generalisation, since all models
were trained on MIMIC-IV and then evaluated on a different critical care database. As expected,
performance decreased relative to the internal MIMIC-IV test set, but the degradation was task-
dependent rather than uniform. Mortality remained the most transferable outcome, whereas ARF
and shock showed clearer evidence of sensitivity to database shift. This pattern was observed
not only for the METRE-derived NN models, but also for the adapted EMERGE TS-only model,
indicating that the difficulty was not specific to a single architecture.

For mortality, several models retained moderate external performance. SVM obtained the
highest external AUROC, 78.98%, followed closely by RF and the Transformer, with 78.11%
and 78.08%, respectively. However, the Transformer achieved the strongest external AUPRC and
min(+P, Se), with 37.68% and 28.27%, indicating a better balance between ranking performance

and positive-class detection. Although AUPRC decreased relative to the internal test set, mortality
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performance remained more stable than the intervention tasks, particularly when considering the
joint behaviour of AUROC, AUPRC, and min(+P, Se).

ARF showed the strongest external degradation. In both the 4-hour and 12-hour settings,
AUPRC and min(+P, Se) were low across almost all models, including EMERGE TS-only. Some
models retained moderate AUROC values, but this did not translate into reliable positive-event
detection. For example, the Transformer obtained the highest ARF 4h external AUPRC, 9.81%,
while its min(+P,Se) remained only 2.34%. Given the much lower ARF prevalence in eICU,
these results suggest that respiratory support prediction was particularly affected by differences
in event frequency, recording practices, and the operational definition of mechanical ventilation
across databases.

Shock prediction showed an intermediate behaviour under external evaluation. External
AUROC values remained moderate for several models, especially RF and the METRE-derived
temporal models, but AUPRC and min(+P, Se) decreased markedly. EMERGE TS-only followed
the same general pattern, with external shock performance below its internal MIMIC-IV results.
RF illustrates the main issue clearly, despite achieving the best external AUROC in both shock
tasks, with 73.47% for shock 4h and 72.75% for shock 12h, its min(+P,Se) was only 1.11%
and 0.11%, respectively. This indicates that the model retained some ability to rank patients
externally, but failed to provide a useful balance between precision and sensitivity for positive
shock cases. The additional test metrics in Appendix B.2 support this interpretation, showing
that several external models preserved high specificity while sensitivity, precision, or Fl-score
remained limited.

Overall, the eICU external evaluation shows that the models preserved some transferable sig-
nal, especially for mortality, but struggled with tasks whose labels depend on recorded treatment
or support initiation. The loss of performance was not restricted to a single architecture, since
it affected both METRE-derived models and the adapted EMERGE TS-only model. This points
to database-specific outcome prevalence, recording practices, and label construction as central

factors in cross-database ICU prediction.

5.3.2 eICU Training

The eICU training results provide the complementary direction of the external evaluation, showing
how models trained on eICU behave when evaluated internally on eICU and externally on MIMIC-
IV. Since the main interpretation axes were already introduced for the MIMIC-IV-trained models,
this subsection focuses on whether the same patterns remain visible when the training database is
reversed. Table 5.5 reports the main test metrics, while the remaining metrics, including accuracy,

precision, sensitivity, specificity, and F1-score, are provided in Appendix B.3.



Table 5.5: Test performance for models trained on eICU and evaluated on the internal eICU test set and the external MIMIC-IV test set. Values are
reported as mean =+ standard deviation, with the 95% confidence interval shown below. Trans denotes the Transformer model. Best results within each
test database, task, and metric are shown in bold.

Mortality 48h ARF 4h ARF 12h Shock 4h Shock 12h
da;l:; ;S o Model AUROC AUPRC  min(+P,Se) AUROC AUPRC  min(+P,Se) AUROC AUPRC  min(+P,Se) AUROC AUPRC  min(+P,Se) AUROC AUPRC  min(+P,Se)
(%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%)

LR 85,36+1,82 50,30+5,06 31,79+2,96  80,81+5,61 9,40+4,15 5,11+1,53 80,47+7,34  7,37+4,12  3,76+1,33 74,22+4,22 15,12+4,72 8,52+1,63 74,53+5,02 12,66+4,78 6,37+1,44
(81,77, 88,84) (40,71, 60,14) (25,62,37,45) (69,27,90,53) (3,39, 19,66) (2,34, 8,38) (64,44, 92,84) (2,04,17,68) (1,49, 6,70) (65,98, 81,95) (7,59,25,56) (5,35,11,71) (64,17, 83,93) (5,20,23,24) (3,66, 9,20)

RE 86,00+1,84 51,70+5,07 36,24+4,83  93,59+2,79 34,79+11,10 30,07+9,25  91,37+3,95 25,54+12,05 4,99+1,54 81,73+3,72 26,52+7,05 19,95+6,63  82,44+4,36 22,88+7,53 16,74+7,24
(82,00, 89,41) (41,16, 61,65) (26,92, 46,50) (86,88,97,61) (14,34,57,39) (11,76,47,62) (82,54,97,55) (5,64,50,51) (2,27, 8,08) (74,23, 88,66) (13,19, 40,73) (7,14,33,33) (73,08, 90,41) (10,35, 39,56) (3,70, 33,33)

NB 71,49+243 20,87+2,49 22,87+2,65  70,24+4,60 2,87+0,76  1,94+0,49 57,63+6,15 1,380,443  1,21+0,36 65,28+3,46 5,87+1,01  4,32+0,69 60,51+£3,42  3,50+0,70  2,94+0,57
(66,86, 76,24) (15,98, 25,61) (17,74,28,03) (60,24, 77,47) (1,47,4,44) (1,00, 2,93) (43,95, 66,43) (0,60,2,27) (0,58, 1,96) (58,25,71,68) (3,86,7,84) (2,92,5,61) (53,00, 66,12) (2,24,5,01) (1,92,4,11)

8 SVM 86,49+1,75 51,18+5,21 33,16+3,11  86,78+4,12 15,72+7,17 7,26+2,17 85,70+5,29 14,72+8,43 6,33+2,34 77,82+3,71 17,54+5,13 10,39+1,91  78,65+4,66 15,23+5,53 9,24+2.22
i) (83,06, 89,79) (40,69, 61,97) (26,86, 39,01)  (77,96,93,79) (5,06,32,87) (3,31,11,88)  (74,63,95,05) (3,39,35,50) (2,25,11,32) (70,09, 84,81) (9,07,28,90) (6,61, 14,04) (69,51,86,91) (6,32,27,61) (5,20, 13,58)
RNN 86,14+1,83 52,00+5,20 27,44+2,60  92,54+3,28 34,25+11,42 13,03+3,54  89,52+5,50 25,19+11,13 12,15+4,33  79,20+3,87 21,58+6,09 8,83+1,51 79,89+4,66 19,47+6,94 9,17+2,16
(82,50, 89,73) (41,26, 62,09) (22,15, 32,35) (84,68, 97,65) (13,40,57,77) (6,32,20,00) (76,16,97,70) (6,73,49,37) (4,44,21,43) (7091, 86,39) (10,53, 34,40) (5,92,11,97) (70,20, 87,94) (8,16, 34,63) (5,08, 13,54)

TCN 85,60+1,84 50,50+5,04 29,49+2,80  90,33+3,82 28,11+10,44 13,44+3,99  86,73+6,01 25,64+12,08 17,83+7,68  79,92+3,82 20,44+5,67 11,10+£1,99  79,29+4,62 15,11+£542 8,36+1,96
(82,16, 89,25) (40,44, 60,60) (24,03, 35,10) (81,32,96,49) (9,22,48,45) (5,97,21,05) (72,70,96,42) (5,55,51,64) (4,35,34,78) (72,14, 86,88) (10,58, 32,63) (7,11,15,04) (69,86, 87,19) (6,50,27,96) (4,66, 12,17)

Trans 87,38+1,79 55,65+5,10 34,59+3,28  92,10+3,20 35,49+11,58 8,49+2,29 91,19+4,49 32,75+13,25 13,53+4,92  80,12+3,68 20,77+5,77 10,54+1,88  80,15+4,49 18,21+6,47 9,05+2,15
(83,93, 90,76) (45,76, 65,52) (27,98,40,83) (84,98, 97,23) (13,50,57,36) (4,12,13,05) (80,82,98,07) (7.83,59,85) (5,00,23,91) (72,24,86,57) (10,47,32,66) (6,93, 14,03) (70,81, 88,47) (7.14,33,83) (5,29, 13,51)

EMERGE 86,90+1,79 54,95+5,12 32,46+4,55  89,08+4,34 28,66+10,74 14,17+9,19  88,24+5,76 25,07+11,48 14,33+10,88  79,78+3,87 22,95+6,35 6,06+3,88 79,78+3,87 22,95+6,35 6,06+3,88
TS-only (83,49, 90,37) (44,77, 65,01) (23,71,41,77) (79,46, 96,59) (10,46, 51,12) (0,00, 33,33) (74,49, 97,40) (5.43,50,74) (0,00,37,50) (71,39, 86,67) (11,91, 36,84) (0,00, 15,00) (71,39, 86,67) (11,91, 36,84) (0,00, 15,00)

LR 77,88+2,57 38,77+4,82 36,13+4,06  58,45+2,14 35,18+2,84 32,85+247  58,35+2,51 24,52+280 21,99+2,12  62,63+4,02 10,99+2,47 9,77+1,75 65,39+4,83  7,98+2,29  6,26+1,31
(72,53, 82,75) (29,12,47,91) (27,92,43,98) (53,81, 62,66) (29,93, 40,67) (28,15, 37,68) (53,40, 63,35) (19,32, 30,80) (18,15,26,08) (55,04,70,57) (6,94,16,74) (6,29, 13,41) (56,18,74,19) (4,20, 13,26) (3,79, 8,92)

RE 81,19+2,12 38,82+4,63 9,04+2,77 67,30+2,06 48,65+3,21 13,28+2,08  67,15+2,34 36,69+3,67 30,68+2,77  77,67+2,93 20,42+4,52 3,59+2.43 78,97+3,45 15,39+4,41 1,27+1,93
(76,88, 84,85) (29,36,47,41) (3,92,14,55) (63,13, 71,43) (42,39, 54,80) (9,56, 17,60) (62,70, 71,57) (29,67,43,51) (25,00,36,19) (71,68, 83,24) (12,22, 30,53) (0,00, 9,09) (72,33, 85,25) (8,32,25,23) (0,00, 6,46)

NB 39,44+2,36  9,56+0,92  6,37+1,19 46,08+2,10 25,70+1,62 22,83+1,61 45374245 16,37+1,44 13,99+1,35  36,96+3,52 5,07+0,66 3,47+0,71 35,19+43,92  3,24+0,53 1,98+0,57

Z (34,92, 44,23) (7,80, 11,41) (4,02, 8,76) (42,16, 50,03) (22,49, 28,87) (19,74,25,92) (40,58, 50,01) (13,50, 19,14) (11,40, 16,62)  (29,97,43,98) (3.83,6,36) (2,15, 4,96) (27,72,43,17) (2,30,4,33) (0,99, 3,21)
9' SVM 81,26+2,24 41,85+4,96 35,36+3,75  59,43+2,08 36,43+2,80 32,17+2,87  60,68+2,49 25,54+2,84 21,00+2,99  67,50+3,69 12,40+2,71 12,33+2,24  68,96+4,55 9,83+3,05 8,20+2,10
= (76,63, 85,29) (31,87, 51,42) (28,16,42,65) (55,30, 63,44) (30,65,41,72) (26,61,37,83) (55,77, 65.40) (20,15,31,37) (14,96,26,47) (60,49, 74,25) (7,92, 18,78) (8,20,16,82) (59,01, 77,66) (4,92, 16,89) (4,23, 12,43)
= RNN 83,60+£1,90 46,22+4,74 25,68+2,49  62,51+£2,14 42,60+3,18 33,48+2,95  63,27+2,49 32,56+3,46 30,38+3,28  69,91+3,66 15,80+3,78 10,31+1,64  70,82+4,48 13,89+4,55 7,75+1,62
(79,65, 87,18) (37,15, 55,29) (20,75, 30,70) (58,33, 66,66) (36,67, 48,89) (27,71,39,48) (58,19, 68,10) (25,77, 39,00) (23,98,36,61) (62,41,76,96) (9,29,24,20) (7,24,13,55) (62,06,79,01) (6,30,24,37) (4,79, 10,93)

TCN 82,37+2,08 46,32+4,82 28,01+2,74  62,71+2,09 41,02+3,00 23,50+2,62  61,04+2,51 32,43+3,45 16,68+2,92  65,16+3,89 13,32+3,32 11,66+2,38  65,77+4,74 9,36+3,11 7,48+2,10
(78,02, 86,25) (37,00, 55,37) (22,78, 33,33) (58,49, 66,67) (35,22,47,12) (18,58, 28,68) (55,82, 65,88) (25,69, 38,93) (11,19,22,52) (57,60,72,70) (8,01,21,27) (7,29,16,41) (56,44,74,73) (4,59, 16,30) (3,68, 11,85)

Trans 83,74+2,01 48,20+4,94 37,35+3,74  64,88+2,17 51,61+2,93 42,82+2,82  64,65+2,63 41,84+3,57 32,01+:3,50  69,53+3,45 12,93+2,90 11,94+2,21  69,28+4,49 10,28+3,21 7,77+1,68
(79,47, 87,39) (38,40, 57,72) (29,87, 44,85) (60,68, 69,19) (45,97, 57,15) (37,30,48,39) (59,40, 69,83) (34,77, 48,50) (25,29,39,01) (62,45,76,14) (8,19,19,38) (7,66,16,53)  (60,56,77,92) (5,39, 18,04) (4,93, 11,25)

EMERGE 80,31+2,12 41,33+4,80 28,23+4,38  59,28+2,16 37,26+2,95 4,27+1,24 60,31+2,49 24,88+2,67 2,68+1,21 68,40+3,81 15,50+3,86 1,28+1,51 68,40+3,81 15,50+3,86 1,28+1,51
TS-only (76,08, 84,30) (32,08, 51,27) (19,49,37,26) (55,15, 63,73) (31,47,43,24) (2,07, 6,83) (55,36, 65,02) (19,85, 30,44) (0,59, 5,26) (60,90, 75,77) (8,98,23,88) (0,00, 5,17) (60,90, 75,77) (8,98,23,88) (0,00, 5,17)
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The internal eICU results confirm that mortality was the most stable prediction task. Most
models achieved AUROC values between 85.36% and 87.38%, with the Transformer, EMERGE
TS-only, SVM, RNN, TCN, RF, and LR showing broadly comparable discrimination. These val-
ues were slightly lower than those obtained internally on MIMIC-IV, where the strongest models
approached or exceeded 89% AUROC and EMERGE TS-only reached 90.05%. Nevertheless,
mortality performance remained comparatively stable across both training databases, consistent
with their similar outcome prevalence. RF remained one of the strongest eICU baselines, particu-
larly for min(+P, Se), where it reached 36.24%, compared with 31.12% in the internal MIMIC-IV
test. This further shows that simpler models can remain competitive when the structured feature
representation is informative.

For ARF and shock, the internal eICU results were more mixed and differed substantially
from those obtained after MIMIC-IV training. eICU produced higher maximum AUROC values
for ARF, with RF reaching 93.59% for ARF 4h and 91.37% for ARF 12h. However, positive-class
performance remained weaker. For example, in ARF 12h, RF achieved 25.54% AUPRC and only
4.99% min(+P,Se). Conversely, internal shock prediction was stronger after MIMIC-IV training,
with best AUPRC values of 42.10% and 42.88%, compared with 26.52% and 22.95% after eICU
training.

This pattern is consistent with the cohort composition reported earlier, since ARF and shock
had substantially lower positive prevalence in eICU, particularly in the 12-hour tasks. Therefore,
the high AUROC values indicate an ability to rank patients but not necessarily balanced positive-
event detection. The supplementary metrics in Appendix B.3 reinforce this interpretation: several
models achieved high accuracy and specificity while maintaining limited sensitivity or F1-score,
indicating that performance was partly driven by correct classification of the majority negative

class.

EMERGE TS-only

The EMERGE TS-only adaptation was again evaluated as an external architecture applied to the
METRE-derived structured representation. Internally, it achieved competitive results for mortality
and ARF, but it did not consistently outperform RF or the METRE-derived NN models. In mor-
tality, its AUROC was close to the best-performing models, reaching 86.90%, but its min(+P, Se)
remained below RF and the Transformer, with values of 32.46%, 36.24%, and 34.59%, respec-
tively. This suggests that, although the architecture captured useful risk information, it did not
provide a clear advantage in balancing precision and sensitivity.

For ARF and shock, EMERGE TS-only followed the same general limitations observed in
the other models. Its internal AUROC values were reasonable, particularly for ARF 4h and ARF
12h, where it reached 89.08% and 88.24%, respectively. However, min(+P,Se) remained low
in the more imbalanced tasks, especially in shock, with values of 6.06% for both shock predic-
tion windows. The Appendix B.3 metrics further clarify this behaviour, EMERGE TS-only often
achieved very high specificity but relatively low sensitivity, especially in shock. This means that

the model was conservative in identifying positive cases, which is problematic for tasks where the
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clinically relevant objective is the detection of future deterioration or treatment initiation. These
results support the same conclusion drawn from the MIMIC-IV training setting: in this disserta-
tion, EMERGE TS-only demonstrates the feasibility of connecting an external TS model to the
METRE data representation, but it should not be interpreted as reproducing the full multimodal
EMERGE framework.

Cross-database Evaluation on MIMIC-IV

When models trained on eICU were evaluated on the held-out MIMIC-IV test set, performance
decreased in most tasks relative to their internal eICU evaluation, confirming that cross-database
testing was more demanding than internal testing. However, the degradation was again not uni-
form across outcomes. Mortality remained the most transferable task, with several models pre-
serving substantial AUROC values, ranging from 77.88% for LR to 83.74% for the Transformer,
and meaningful AUPRC values, ranging from 38.77% for LR to 48.20% for the Transformer, on
the external MIMIC-IV test set. This transfer direction also preserved more performance than
training on MIMIC-IV and testing on eICU, where the best mortality AUROC and AUPRC were
78.98% and 37.68%, respectively. This is consistent with the previous direction of transfer and
suggests that mortality prediction relies on broader physiological patterns that are more stable
across databases than tasks derived from the Intervention table.

The external ARF results were more nuanced. Compared with the MIMIC-IV-to-eICU transfer
direction, ARF performance was less severely degraded when models were trained on eICU and
tested on MIMIC-1V, particularly in AUPRC for ARF 4h, where RF and the Transformer reached
48.65% and 51.61%, respectively. However, this should not be interpreted as evidence of intrinsi-
cally better transfer. The MIMIC-IV ARF test cohorts had substantially higher positive prevalence
than the corresponding eICU cohorts, which naturally affects AUPRC and makes positive-event
detection less sparse. The low min(+P,Se) values for several models still show that balanced
precision and sensitivity remained difficult to achieve, especially in the 12-hour setting.

Shock prediction again showed limited transferability. Nevertheless, transfer from eICU to
MIMIC-IV was less severe than in the opposite direction. The best external AUROC values
reached 77.67% and 78.97% for shock 4h and 12h, compared with 73.47% and 72.75% when mod-
els were trained on MIMIC-IV and tested on eICU. Some models retained moderate AUROC val-
ues, such as RF with 77.67% for shock 4h and 78.97% for shock 12h, but AUPRC and min(+P, Se)
were generally low. For example, in shock 12h, the best AUPRC was 15.50% for EMERGE TS-
only, while SVM achieved the highest min(+P,Se), at 8.20%. SVM also obtained the highest
min(+P,Se) for shock 4h, at 12.33%. Nevertheless, these values remained low in absolute terms,
indicating that external ranking ability did not translate into reliable positive-case detection. The
supplementary metrics in Appendix B.3 support this interpretation, several models showed high
specificity but weak sensitivity or F1-score, suggesting that they were better at identifying non-
events than detecting future shock onset. This pattern mirrors the previous training direction and
reinforces that shock prediction is highly sensitive to database-specific differences in treatment

recording, cohort composition, and temporal event representation.
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Overall, the eICU-trained experiments corroborate the main conclusions from the MIMIC-
IV-trained evaluation while adding an important nuance. Mortality was consistently the most
robust task, RF remained a strong baseline, and the METRE-derived NN models were competitive
but not uniformly superior. In contrast, ARF and shock remained the most fragile tasks under
external evaluation, particularly when judged by positive-class metrics rather than AUROC alone.
This confirms that cross-database validation is essential not only for estimating performance loss,
but also for revealing whether apparently strong models are genuinely detecting positive clinical

events or mainly learning database-specific patterns.

5.4 Overall Experimental Findings

This section summarises the main experimental patterns observed across cohort composition, in-
ternal validation, and external evaluation. Rather than repeating each individual table, it provides
an integrated view of the results, focusing on the effect of hyperparameter optimisation, the relative
behaviour of the evaluated models, and the impact of cross-database evaluation.

The internal validation stage was essential for understanding model behaviour before the final
test evaluation. In particular, it showed that the selected Optuna hyperparameters generally im-
proved performance over the default configurations, as reported in Table 5.3. These improvements
were not equally large across all models and tasks, and some metrics remained sensitive to the
selected operating point. Nevertheless, the validation results supported the use of the optimised
configurations in the final internal and external test evaluation.

Table 5.6 summarises the best-performing model for each task, training database, test database,
and metric. The best model was selected independently for AUROC, AUPRC, and min(+P,Se),
since these metrics capture different aspects of performance. Therefore, the table should not be
interpreted as identifying a single best model overall, but rather as summarising which models
performed best under each metric and evaluation setting.

Across the full set of experiments, mortality was the most stable prediction task. Its best
AUROC values remained high in internal testing and decreased less sharply under external eval-
uation than those observed for ARF and shock. By contrast, ARF and shock were more fragile,
particularly when evaluated through AUPRC and min(+P, Se). This pattern is consistent with the
cohort composition and with the dependence of these tasks on support and treatment variables
derived from the Intervention table.

The model comparison showed that higher architectural complexity did not guarantee better
performance. RF was consistently one of the strongest models, particularly for ARF and shock,
and often matched or exceeded the METRE-derived NN models. SVM also became relevant after
optimisation, it achieved the best external AUROC for mortality when trained on MIMIC-IV and
the highest external min(+P, Se) for both shock windows when trained on e[CU. However, these
advantages were metric-specific, and the shock results remained low in absolute terms. These
findings reinforce the importance of analysing AUROC together with AUPRC and min(+P,Se),

rather than selecting models based on discrimination alone.
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Table 5.6: Best-performing model for each task and evaluation setting. Values are reported in
percentage. The best model was selected independently for each metric.

Train Test

database  database 2K Best AUROC (%) Best AUPRC (%) Best min(+P, Se) (%)

Mortality 48h EMERGE TS-only (90.05) EMERGE TS-only (58.95) EMERGE TS-only (40.22)

ARF 4h RF (79.03) RF (66.95) TCN (52.62)
MIMIC-IV ARF 12h RF (76.98) RNN (54.52) NB (38.80)
Shock 4h RF (87.04) RF (42.10) RF (39.81)
MIMIC-IV Shock 12h RF (88.24) RF (42.88) RF (37.53)
Mortality 48h SVM (78.98) Trans (37.68) EMERGE TS-only (32.89)
ARF 4h RF (80.94) Trans (9.81) RF (4.16)
elCU ARF 12h RF (73.64) EMERGE TS-only (5.41) RF (3.19)
Shock 4h RF (73.47) RF (11.70) TCN (8.15)
Shock 12h RF (72.75) RF (9.70) EMERGE TS-only (5.97)
Mortality 48h Trans (87.38) Trans (55.65) RF (36.24)
ARF 4h RF (93.59) Trans (35.49) RF (30.07)
elCU ARF 12h RF (91.37) Trans (32.75) TCN (17.83)
Shock 4h RF (81.73) RF (26.52) RF (19.95)
ICU Shock 12h RF (82.44) EMERGE TS-only (22.95) RF (16.74)
Mortality 48h Trans (83.74) Trans (48.20) Trans (37.35)
ARF 4h RF (67.30) Trans (51.61) Trans (42.82)
MIMIC-IV ARF 12h RF (67.15) Trans (41.84) Trans (32.01)
Shock 4h RF (77.67) RF (20.42) SVM (12.33)
Shock 12h RF (78.97) EMERGE TS-only (15.50) SVM (8.20)

The METRE-derived NN models remained competitive, especially in mortality and in some
external evaluation settings, but their advantage was not systematic. EMERGE TS-only provided
an additional perspective by showing that an external TS architecture could be connected to the
METRE-derived representation and evaluated under the same protocol. However, its results should
be interpreted as the performance of the structured TS component only, rather than as a reproduc-
tion of the full multimodal EMERGE framework.

The strongest overall pattern was the difference between internal and external evaluation. Sev-
eral models achieved strong internal AUROC values, but external performance decreased substan-
tially, particularly for positive-class metrics in ARF and shock. In several cases, models preserved
moderate ranking ability while showing low AUPRC or min(+P, Se), indicating that discrimina-
tion did not necessarily translate into balanced positive-event detection. Taken together, these
results show that cross-database evaluation substantially changes the interpretation of model per-
formance and is essential for assessing whether ICU prediction models are likely to generalise

beyond their source database.



Chapter 6

Conclusions

This dissertation addressed the challenge of developing and evaluating clinical predictive mod-
els for ICU data under conditions of data heterogeneity, incomplete reproducibility, and cross-
database variability. The work was motivated by the observation that robust Al-based clinical
DSSs depend not only on model architecture, but also on reusable data pipelines, clinically mean-
ingful task definitions, and evaluation protocols capable of assessing generalisation beyond a sin-
gle database.

One of the major contributions of this dissertation was the structured review of the literature
supporting the methodological choices of the work. Following a transparent search and screening
strategy inspired by PRISMA, two complementary research directions were analysed: medical
ICU data structuring pipelines and Generative Al models applied to medical data. The first review
showed that harmonisation pipelines have substantially improved reproducibility, interoperability,
and cross-dataset processing, but often remain focused on structural consistency, specific clinical
tasks, or model-dependent workflows. The second review showed that Transformer- and LLM-
based approaches have expanded the capacity to model longitudinal, heterogeneous, and multi-
modal clinical data, but are frequently model-centric and weakly connected to reusable, clinically
grounded data pipelines.

The critical synthesis of these two reviews revealed a central methodological gap. Current
ICU data pipelines and modern clinical Al models are often developed in parallel rather than as
part of an integrated ecosystem. Pipelines may provide structured and interoperable data repre-
sentations without being designed for flexible downstream modelling, while recent generative or
reasoning-based models often assume customised representations that limit reproducibility and
transferability. This observation motivated the experimental direction of the dissertation: to inves-
tigate whether a reusable ICU harmonisation pipeline could support benchmark-oriented predic-
tive modelling across multiple model families and databases.

To address this gap, the open-source METRE pipeline was reproduced and improved to current
MIMIC-IV and eICU data, and a unified modelling and evaluation workflow was built around its
outputs. This required updating database extraction procedures, reconstructing auxiliary tables,

implementing the missing HDF5-to-NPY conversion step, validating the generated model-ready
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tensors, and standardising the training workflow across all selected tasks and models. The resulting
benchmark included classical baseline models, namely LR, RF, SVM, and NB, the METRE-
derived NN models, RNN, TCN, and Transformer encoder, and an adapted external EMERGE
TS-only model. This design allowed the same harmonised representation to be evaluated across
different modelling families, supporting the objective of testing whether the adapted pipeline could
serve as a reusable substrate for predictive modelling.

The experimental results demonstrated that the main objectives of the dissertation were
achieved. The adapted workflow supported training, validation, and testing across the selected
prediction tasks, including hospital mortality, ARF, and shock. Hyperparameter optimisation
through Optuna improved performance in several model-task configurations, although the effect
was not uniform across all metrics or models. Mortality was consistently the most robust and
transferable task, with stronger internal performance and less severe degradation under external
evaluation. In contrast, ARF and shock were more fragile, especially when assessed through
AUPRC and min(+P, Se), reflecting their stronger dependence on support and treatment variables,
fewer positive cases in some settings, and sensitivity to database-specific documentation practices.

The comparison between model families also produced important findings. RF was consis-
tently one of the strongest models, particularly for ARF and shock, showing that higher archi-
tectural complexity did not necessarily translate into superior performance when the structured
representation already retained relevant predictive signal. The METRE-derived NN models re-
mained competitive, particularly in mortality and some external settings, but their advantage was
not systematic. The EMERGE TS-only adaptation demonstrated that an external TS architecture
could be connected to the METRE-derived representation and evaluated under the same protocol.
However, it did not reproduce the full multimodal EMERGE framework and did not consistently
outperform the other models. Together, these results reinforce that model performance in clinical
prediction depends on the interaction between data representation, task definition, model architec-
ture, and evaluation setting.

Another central contribution of this dissertation was the emphasis on external evaluation. Sev-
eral models achieved strong internal results, but performance decreased substantially under cross-
database testing, especially for positive-class metrics in ARF and shock. This confirms that inter-
nal validation alone can overestimate the robustness of clinical predictive models. Cross-database
evaluation was therefore essential for revealing whether models were learning transferable clinical
patterns or database-specific regularities. In this sense, the work contributes not only a structured
synthesis of the literature and a set of experimental results, but also a reproducible benchmark-

oriented evaluation framework for studying generalisation in ICU prediction.

6.1 Limitations

Several limitations should be acknowledged. First, the adapted METRE workflow depended on
reconstructing components that were not fully available in the public repository. Some auxiliary

tables expected by the extraction scripts had to be recreated from available database tables, and
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the conversion from extracted HDFS files to the NPY inputs required by the training code had
to be implemented in this dissertation. Although validation checks were performed, residual dif-
ferences in feature ordering, temporal alignment, or intervention encoding may have influenced
task-specific results, particularly for ARF, whose labels depend directly on respiratory support
variables.

Second, the EMERGE adaptation was restricted to the TS-only configuration. The public
EMERGE repository provided the model implementation, but not the complete preprocessing arte-
facts required to reproduce the full multimodal framework, including processed note embeddings,
generated summaries, and retrieved knowledge records. As a result, this dissertation evaluated
whether the structured TS component of EMERGE could operate on METRE-derived data, but
did not reproduce the complete multimodal and retrieval-augmented EMERGE architecture.

Third, although the evaluation protocol was unified across models, the experiments remained
limited to two public critical care databases and five prediction settings. The results therefore
provide evidence of cross-database generalisation between MIMIC-IV and eICU, but not across
all possible ICU populations, healthcare systems, or clinical tasks. In addition, the selected 6-
hour gap and predefined observation windows were retained to remain aligned with the original
METRE configuration, rather than exhaustively exploring alternative temporal definitions.

The literature review also has limitations. Although the search strategy was structured and
designed to provide broad coverage of the two research directions, the search strings had to remain
sufficiently focused to keep the review feasible within the scope of the dissertation. As a result,
relevant works using alternative terminology, addressing adjacent clinical tasks, or focusing on
related modelling settings may not have been captured. Nevertheless, the review provided a broad

and coherent basis for identifying the methodological gap addressed in this dissertation.

6.2 Future Directions

One immediate direction is the further validation of the reconstructed METRE conversion work-
flow, particularly for tasks derived from the Intervention table. A detailed audit of respiratory
support variables, vasoactive treatment variables, temporal alignment rules, and task-label genera-
tion would help determine whether the weaker or less stable ARF results reflect model limitations
or remaining differences in the adapted preprocessing workflow. Additional experiments could
also assess alternative observation windows and gap periods, since the temporal distance between
observed data and event onset may substantially affect ARF and shock prediction.

A second direction concerns the extension of the EMERGE adaptation beyond the TS-only set-
ting. Incorporating MIMIC-IV-Note [183], local clinical text embeddings, or privacy-compliant
summary generation would allow the multimodal and retrieval-augmented components of
EMERGE to be evaluated more faithfully. This would also make it possible to investigate whether
clinical notes, generated summaries, and external medical knowledge improve cross-database

robustness beyond structured T'S data alone.
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The benchmark could also be expanded to additional models reviewed in the literature, includ-
ing architectures based on FHIR, diagnostic code sequences, clinical notes, generated reports, or
multimodal fusion. Incorporating models such as FHIR-Former [145], ColaCare [162], CPLLM
[133], DearLLM [148], CLARA [160], VaDeSC-EHR [131], or CLEAR [159] would require ex-
tending the current METRE-based workflow beyond structured TS tensors. Depending on the
model, this could involve mapping data into FHIR-compatible resources, adding diagnostic code
sequences, defining new prediction tasks, integrating clinical notes, or adapting model input lay-
ers to accept the METRE representation. Future work could also compare the METRE-based
representation with alternative ICU harmonisation frameworks to assess how different data repre-
sentations affect model generalisation.

More broadly, future research on Al-based ICU DSSs should continue to prioritise external
validation, uncertainty estimation, interpretability, and clinical usability. The results of this dis-
sertation show that strong internal performance is not sufficient evidence of clinical robustness.
Models intended for critical care must be evaluated across heterogeneous databases, aligned with
clinical workflows, and designed around transparent data processing assumptions. By combining
structured literature analysis, reusable ICU data harmonisation, benchmark-oriented modelling,
and systematic cross-database evaluation, this dissertation provides a foundation for developing

more reliable and generalisable clinical Al systems.
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Appendix A

Auxiliary SQL Queries for the METRE

Adaptation

This appendix presents the auxiliary SQL queries used to reconstruct intermediate tables required

by the adapted METRE extraction pipeline for MIMIC-IV v3.1.

Al

Culture Table

CREATE OR REPLACE TABLE ‘project.dataset.culture‘ AS
SELECT

m

m
m
m
m

.subject_id,
.hadm_id,
.charttime,
.chartdate,

.spec_type_desc AS specimen,

CAST (NULL AS STRING) AS screen,
CASE

WHEN m.org_name IS NOT NULL THEN 1
ELSE 0

END AS positive_culture,
CASE

WHEN m.ab_name IS NOT NULL THEN 1
ELSE 0

END AS has_sensitivity

FROM ‘physionet-data.mimiciv_3_1_hosp.microbiologyevents' m;
Listing A.1: SQL query used to reconstruct the culture table.
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CREATE
SELECT

ie

ie.
ie.
ie.
ie.
ie.
di.
ie.
ie.

ie.

ie

OR REPLACE TABLE ‘project.dataset.heparin‘' AS

.subject_id,

hadm_id
stay_id

endtime
itemid,
label,
amount,
amountu
rate,

.rateuom

I4

4

starttime,

I4

om,

FROM ‘physionet-data.mimiciv_3_1_icu.inputevents"' ie

INNER JOIN ‘physionet-data.mimiciv_3_1_icu.d_items' di

)i

ON ie.itemid = di.itemid

WHERE ie.itemid IN (

22
22

5152,
5975,

229597,
230044

Listing A.2: SQL query used to reconstruct the heparin table.




Appendix B

Additional Results

This appendix presents the supplementary internal validation and test metrics supporting the re-

sults discussed in Chapter 5.

B.1 Additional Internal Validation Metrics

Table B.1 reports the remaining internal validation metrics for the same model configurations.
The table includes accuracy, precision, sensitivity, specificity, and F1-score for models trained
on MIMIC-IV and eICU using default and Optuna-selected hyperparameters, , complementing
the main results presented in Section 5.2. Values are reported as mean + standard deviation, in

percentage points.

Table B.1: Supplementary internal validation metrics for models trained on MIMIC-IV and eICU.
Values are reported as mean + standard deviation.

Train Config Model Task Accuracy Precision Sensitivity Specificity F1-Score
database (%) (%) (%) (%) (%)

MIMIC-IV  Default LR Mortality 48h 82,52 +0,83 37,33 +127 7243159 83,85+1,01 4925+1,14

ARF 4h 69,33 £ 1,26 4425+1,68 64,03+3,60 7122+121 5232+227
ARF 12h 70,71 £ 1,16 32,15+ 1,43 63,14 +3,12 7228 + 1,28 42,59 + 1,82
Shock 4h 73,06 £ 0,85 14,65+0,65 6572+290 73,57+092 2396+1,03

Shock 12h 79,13 £0,65 12,20+0,68 60,86 +3,72 79,97+0,69 20,32+1,12

RF Mortality 48h 89,31 £ 0,59 57,54 £4,22 3285+398 96,79 £041 41,75 +4,04

ARF 4h 80,41 £ 143 69,883,555 44,73 +449 93,15+0,75 54,48 +4,28
ARF 12h 85,71 £0,57 72,90 +4,63 27,12+284 97,89+043 39,46+3,31
Shock 4h 93,64 £037 51,05+393 3639+341 9759+028 4245+349

Shock 12h 9598 £0,21  57,57+4,72 31,60+399 9892+024 40,60 + 3,66

NB Mortality 48h 64,59 + 2,19 20,78 + 1,43 71,70 +£3,09 63,65 +2,30 32,21 + 1,96

ARF 4h 77,66 +1,25 6428 £4,79 34,14+£299 93,19+ 1,19 44,54 +3,33
ARF 12h 79,87 +0,99 41,38+2,59 39,74+2,18 8822+138 4047 +1,61
Shock 4h 46,47 + 2,86 9,61 +0,28 86,67 +3,58 43,70 3,26 17,30 + 0,45

Shock 12h 10,54 + 0,90 4,39 +0,15 93,71 + 2,67 6,73 + 0,88 8,39+0,28

Continued on next page
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Train Config Model Task Accuracy Precision Sensitivity Specificity F1-Score
database (%) (%) (%) (%) (%)

SVM Mortality 48h 90,07 + 0,53 63,78 +4,17 35,08 +2,70 97,35+0,38 45,23 + 3,08
ARF 4h 77,57 +1,09 65,79 +4,04 30,68 +3,15 94,31 +0,80 41,79 + 3,51
ARF 12h 83,74 + 0,50 62,20 + 6,20 13,99 + 2,50 98,25+ 0,31 22,78 + 3,62

Shock 4h 93,52+ 0,13 47,14 + 10,89 4,94 + 1,56 99,63 + 0,07 8,94 + 2,75
Shock 12h 95,71 + 0,13 60,52 + 14,26 6,71 + 1,31 99,78 + 0,11 12,02 + 2,26
RNN Mortality 48h 80,93 + 2,71 36,07 + 3,44 77,84 + 3,91 81,34 + 3,52 49,08 + 2,58
ARF 4h 7422 + 1,82 51,13 +3,19 58,17 +4,37 79,96 + 3,15 54,26 + 2,26
ARF 12h 73,09 +4,02 34,73 + 3,53 60,20 + 6,06 75,77 + 6,01 43,65+ 1,75
Shock 4h 85,89 +5,30  25,79+5,92 50,11 + 16,15 88,35+6,75 31,82 + 2,06
Shock 12h 88,36 + 5,01 22,07 +6,96 48,11 + 16,68 90,20 + 5,96 27,39 + 2,79
TCN Mortality 48h 79,74 £2,54 34,74 +3,24  80,25+4,37 79,68 +3,34 48,29 +2,43
ARF 4h 73,45 + 2,51 50,14 + 4,19 59,23 + 5,05 78,53 + 4,60 54,01 +2,24
ARF 12h 73,81 £+549 3590+530 59,08+645 76,87 +7,81 44,09+ 3,14
Shock 4h 79,80 + 1,92 18,85+ 1,10 63,94 +5,79 80,90 + 2,39 29,04 + 1,22
Shock 12h 84,05 + 4,75 16,55 +5,03 56,78 + 11,85 85,30 +5,46 24,39 +2,76
Trans  Mortality 48h 72,16 + 7,13 28,82 +496 8490 +8,26 70,47 +9,14 4244 + 427
ARF 4h 72,37 +3,85 49,11 +6,02 60,00 + 8,34 76,79 + 7,25 53,30 + 3,40

ARF 12h 74,26 + 5,87 36,78 + 6,32 57,84 + 10,76 77,67 +9,15 43,85+ 291
Shock 4h 68,96 + 6,86 14,88 +2,05 77,33 +8,52 68,38 +7,81 24,76 +2,55
Shock 12h 71,03 + 3,98 11,21 +1,16 79,89+ 3,78 70,63 +4,28 19,62 + 1,75
Optuna LR Mortality 48h 81,80+ 0,79 36,54 +1,05 75,07 +1,69 82,69+ 1,02 49,13 +0,90
ARF 4h 69,03 +0,97 4391 + 1,23 64,03 +2,80 70,81 + 1,15 52,08 + 1,66
ARF 12h 70,28 + 1,57 31,72 + 1,92 62,88 +3,60 71,82+ 1,62 42,15+ 2,38

Shock 4h 70,57 + 0,60 14,00 + 0,70 69,28 +4,48 70,66 + 0,72 23,29 + 1,21
Shock 12h 76,44 + 0,73 11,53 + 0,48 65,72 + 3,01 76,93 + 0,80 19,61 + 0,80

RF Mortality 48h 89,32 + 0,64 57,85 + 5,12 32,03 +3,60 9691 +044 41,18 +4,05
ARF 4h 80,73 + 1,17 74,56 + 3,67 40,58 + 3,13 95,07 +0,72 52,52 + 3,41
ARF 12h 85,74+ 0,46 81,59 +4,34 2229+3,13 9893 +0,38 34,85+ 3,90
Shock 4h 93,14 + 0,35 46,41 + 3,17 40,56 + 3,74 96,77 + 0,24 43,26 + 3,37
Shock 12h 95,88 + 0,18 55,03 +3,48 32,778 +3,69 98,77 + 0,20 40,96 + 3,34
NB Mortality 48h 73,05 + 1,15 24,28 + 1,56 61,51 +4,53 74,58 + 1,17 34,81 + 2,25
ARF 4h 77,19 + 1,30 61,75 + 4,67 3521 +3,10 92,17 +1,29 44,78 + 3,34

ARF 12h 80,27 + 0,94 42,18 +2,56 38,63 + 2,03 88,93 + 1,27 40,26 + 1,61
Shock 4h 64,41 + 1,34 11,39 + 0,67 66,56 + 4,34 64,26 + 1,48 19,45+ 1,14
Shock 12h 41,86 + 4,52 6,26 + 0,45 87,43 +2,30 39,78 +4,72 11,67 + 0,79
SVM Mortality 48h 90,11 +£ 0,54 64,59 +4,44 3435+282 9750+0,39 44,81 +3,22
ARF 4h 77,83 +0,89 66,59 +3,17 31,44 +2,65 9439+047 42,69+ 3,02
ARF 12h 83,97 + 0,61 63,59 + 5,70 15,62 +2,93 98,18 +0,19 25,04 +4,20

Shock 4h 93,51 +0,14 47,73 +19,52 2,72+ 1,15 99,78 + 0,10 5,13 + 2,14

Shock 12h 95,65+ 0,09 48,92 + 21,93 3,10 + 1,68 99,88 + 0,05 5,82 +3,11

RNN Mortality 48h 76,97 £ 1,59 3221 +1,49 87,04+1,73 7564 +194 46,99 + 1,51
ARF 4h 73,65 + 2,11 50,18 + 3,14 62,80 + 4,15 77,52 +3,49 55,65 +234

ARF 12h 75,25 + 2,64 37,12 + 2,53 60,59 + 6,34 78,30 + 4,45 45,74 + 0,95
Shock 4h 72,32 +2,94 16,25 + 1,33 78,33 +4,63 7191 +3,29 26,87 + 1,85
Shock 12h 81,68 + 7,22 16,02 + 3,88 65,89 + 10,26 82,40+ 7,98 25,21 + 4,29

Continued on next page
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TCN Mortality 48h 81,35 + 1,96 36,67 + 2,18 79,75 + 4,49 81,56 +2,71 50,11 + 1,60
ARF 4h 7532 +3,38  53,88+5,68 57,14+6,15 81,80+597 54,95+2,99

ARF 12h 7593 +3,76 38,24 +4,64 58,63 +7,11 79,52 +575 4572 +2,58

Shock 4h 80,17 +5,88  20,85+4,33 66,89 +1049 81,08+692 31,15+4,13

Shock 12h 80,82 +526 14,52+239 6488+941 81,55+591 23,40+2,50

Trans  Mortality 48h 81,02 £ 1,84 36,20 +2,24 79,57 + 5,11 81,21 +2,70 49,60 + 1,25
ARF 4h 75,58 +3,26 5446 +6,15 58,12+6,68 81,80+6,09 5562+2,84

ARF 12h 69,29 +5,54  32,52+3,74 68,04 +8,70 69,55+ 833 43,47 +2,05

Shock 4h 69,78 +4,50 15,52 +1,67 81,22+528 68,99 +5,09 2599 +2.21

Shock 12h 76,06 +2,27 1236 +0,93  73,17+7,34  7620+2,59 21,11+ 1,51

elCU Default LR Mortality 48h 80,34 +0,70 32,22+ 1,02 71,31 +1,54 8145+0,75 44,37+ 1,14
ARF 4h 7744 +052  633+0,16 66,30+2,08 77,70+0,56 11,55+0,29

ARF 12h 80,78 + 0,53 5,10 + 0,25 62,99 +3,01 81,07+0,54 9,44 +047

Shock 4h 73,68 +0,37 10,40+046 6431+283 74,11+033 17,90+0,78

Shock 12h 76,23 + 0,43 7,82 + 041 60,48 +3,60 76,75+0,46 13,84 +0,73

RF Mortality 48h 89,92 + 0,31 55,72 + 2,03 40,41 + 2,35 96,03 + 0,28 46,81 + 2,03
ARF 4h 9591+0,19 26,17+1,76 46,00 +3,51 97,05+0,20 33,34 +2,15

ARF 12h 96,65+ 0,26 20,84 +235 3924 +424 9758 +0,26 27,17 +2,77

Shock 4h 94,85 + 0,23 37,46 + 3,69 2292 +2,04 9821 +0,18 28,41 +2,52

Shock 12h 96,30 + 0,08 3441+2,07 1888 +2,31 98,83+0,12 24,33+231

NB Mortality 48h 59,10 + 1,62 18,09+ 0,57  77,02+3,00 56,89 +2,04 29,29 + 0,83
ARF 4h 421 + 0,44 2,24 + 0,02 98,52 + 0,97 2,07 + 0,46 4,37 + 0,03

ARF 12h 3,98 + 0,38 1,59 +0,02 97,63+1,32 247+0,39  3,13+0,04

Shock 4h 4,96 + 0,10 448 +0,02  99,80+0,25 0,53+0,10 8,57 +0,03

Shock 12h 3,95 + 0,08 3,18 + 0,01 99,74 +0,29 0,83 +0,09 6,16 +0,02

SVM  Mortality 48h 86,64 + 0,34 42,60+ 1,00 61,88 +1,77 89,70 + 0,38 5045 + 1,12
ARF 4h 95,93 + 0,12 23,22 + 1,85 36,24 +4,09 97,28 +0,13 28,29 + 2,56

ARF 12h 97,88 +0,10 28,50 +3,03 22,03+2,68 99,10+0,10 24,80 + 2,65

Shock 4h 89,45+024 17,64+0,84 37,17+1,87 91,89+023 2392+ 1,12

Shock 12h 94,59 + 0,21 19,53 +2,00 22,87 +2,69 96,93 + 0,21 21,04 +2,22

RNN  Mortality 48h 78,62 + 3,08 30,98 +2,94 7422 +445 79,16 +3,96 43,51 +2,33
ARF 4h 96,00 + 1,56  25,80+5,12 3475+895 97,39+1,78 28,43+299

ARF 12h 94,54 + 3,31 15220 +4,23 41,02+ 12,79 9541 +3,56 21,06 +4,19

Shock 4h 82,46 +596 1449+371 5142+1695 83,90+7,01 20,76+ 1,01

Shock 12h 8493 +645 11,70 +3,67 47,89 +12,46 86,14+7,05 17,77 + 3,00

TCN Mortality 48h 77,09 + 4,28 29,96 +3,92 76,23 + 5,63 77,20 £ 5,47 42,66 + 2,99
ARF 4h 90,96 +2,06 14,18 +2,61 5721+6,75 91,73+224 2242 +258

ARF 12h 95,27 + 1,02 15,06 + 2,70 40,27 + 7,26 96,16 + 1,12 21,55 + 2,45

Shock 4h 77,96 + 4,91 12,03 + 1,83 59,58 +6,74 78,81 +543 19,83 +2,12

Shock 12h 86,87 +547 12,38 +3,21 4398 +12,01 88,27+6,03 18,36 +2,50

Trans  Mortality 48h 71,63 +4,37 2542 +2,60 79,20+5,14 70,70 + 549 38,30 + 2,40
ARF 4h 79,09 + 3,55 834+099 8228+511 79,01+3,72 15,10+ 1,58

ARF 12h 76,09 +597  558+1,10 83,61+505 7597+6,14 10,43+ 1,90

Shock 4h 71,90 + 3,14 10,66 + 0,83 71,08 + 4,24 71,94 +345 18,51 + 1,17

Shock 12h 68,76 +574  726+097  7352+5,12 68,60 +6,05 13,18 + 1,58
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Optuna LR Mortality 48h 80,08 + 0,75 32,21 + 0,97 73,38 + 1,70 80,90 + 0,87 44,76 + 1,06
ARF 4h 76,68 + 0,49 6,23 + 0,14 67,51 + 1,38 76,89 +0,52 11,40+ 0,24

ARF 12h 78,82 + 0,61 4,94 + 0,25 67,44 + 3,29 79,01 + 0,62 9,20 + 0,45

Shock 4h 73,40 + 0,36 10,32 + 0,39 64,51 +2,70 73,81 +0,37 17,79 + 0,68

Shock 12h 74,98 + 0,37 7,72 + 0,39 63,19 +348 7537 +0,39 13,76 + 0,70

RF Mortality 48h 90,46 = 0,34 61,08 £2,88 36,73 +2,13 97,10 £ 0,32 45,83 + 2,08

ARF 4h 97,16 + 0,12 35,83 + 2,31 35,08 +3,76 98,57 +0,15 35,37 +2,68

ARF 12h 81,97 + 0,67 6,73 + 0,40 80,27 + 3,04 82,00 + 0,66 12,42+ 0,71

Shock 4h 95,31 + 0,10 43,78 + 2,96 18,32+ 2,06 98,90 + 0,08 25,80 + 2,48

Shock 12h 96,59 + 0,15 40,91 +4,77 16,83 + 1,69 99,19 + 0,16 23,76 + 2,04

NB Mortality 48h 74,67 £ 0,60 23,72 + 1,15 58,94 + 3,64 76,61 +0,56 33,83 +1,73

ARF 4h 19,54 + 2,41 2,60 + 0,08 96,36 + 1,09 17,80 + 2,46 5,06 = 0,16

ARF 12h 14,26 + 2,67 1,75 + 0,08 96,14 + 1,96 12,93 +2,70  3,45+0,15

Shock 4h 15,69 + 4,94 4,90 + 0,22 97,04 + 1,72 11,89 +5,23 9,33 + 0,39

Shock 12h 14,70 + 3,29 3,47 + 0,10 96,89 + 1,55 12,02 + 3,43 6,70 £ 0,18

SVM Mortality 48h 81,41 +£0,58 34,13 + 0,81 74,18 + 1,47 82,31 +0,69 46,75 + 0,85

ARF 4h 84,91 + 0,38 9,55+ 0,33 68,36 + 2,45 85,29 + 0,41 16,76 + 0,56

ARF 12h 88,72 + 0,45 8,06 + 0,36 58,46 + 1,74 89,21 + 0,45 14,16 + 0,59

Shock 4h 77,27 + 0,38 12,00 + 0,43 64,64 +2,56 77,86 +0,39 20,24 + 0,74

Shock 12h 83,60 + 0,40 10,86 + 0,57 58,10 + 2,91 84,43 + 0,39 18,29 + 0,94

RNN Mortality 48h 74,49 + 1,58 27,61 +1,24 8094 +1,76 73,70+ 1,89 41,15+ 1,32

ARF 4h 87,56 + 4,29 13,02 +2,78 73,27 + 9,33 87,88 +4,59 21,79 + 3,63

ARF 12h 89,99 + 4,07 10,42 + 3,10 59,44 + 10,96 90,48 + 4,31 17,22 + 3,80

Shock 4h 66,74 + 3,75 9,74 + 0,72 77,31 £+3,42 66,24 +4,05 17,28 +1,10

Shock 12h 74,82 + 10,04 9,11 +3,84 61,87 +16,43 7524 +10,87 14,69 + 3,47

TCN Mortality 48h 77,76 + 1,08 30,07 + 0,98 76,87 +2,50 77,87 + 1,43 43,20 + 0,96

ARF 4h 88,62 + 5,00 13,57 +4,18 63,54+ 11,10 89,19 +5,35 21,64 +4,83

ARF 12h 91,94 + 5,77 15,50 + 8,47 45,52 + 18,71 92,69 + 6,15 19,16 + 6,20

Shock 4h 74,83 + 3,84 11,69 + 0,93 69,70 + 7,64 75,07 + 4,36 19,94 + 1,02

Shock 12h 78,42 + 2,67 9,17 + 0,70 64,80 + 5,41 78,86 +2,91 16,03 + 0,96

Trans Mortality 48h 81,91 + 1,24 35,14 + 1,59 75,42 + 3,13 82,72 + 1,72 47,87 + 1,07

ARF 4h 83,06 + 2,52 9,82 + 0,97 79,64 + 4,38 83,13 +2,65 17,45+ 1,50

ARF 12h 93,08 + 1,95 1431 +290 61,95+7,10 93,58 +2,09 2291 +3,30

Shock 4h 75,15 + 1,69 11,85+ 0,60 70,69 +2,83 7536+ 1,85 20,28 + 0,87

Shock 12h 81,49 + 3,38 10,36 + 1,32 61,73 + 4,10 82,14 +3,60 17,67 + 1,86

B.2 Additional Test Metrics for Models Trained on MIMIC

Table B.2 reports the supplementary test metrics for the models trained on MIMIC-IV. The table

includes accuracy, precision, sensitivity, specificity, and F1-score for the internal MIMIC-IV test

set and the external eICU test set, complementing the main results presented in Section 5.3. Values

are reported as mean + standard deviation, with the 95% confidence interval shown in parentheses

below.
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Table B.2: Supplementary test metrics for models trained on MIMIC-IV and evaluated on the
internal MIMIC-1IV test set and the external eICU test set. Values are reported as mean + standard
deviation, with the 95% confidence interval shown below.

Test Task Model Accuracy Precision Sensitivity Specificity F1-score
database (%) (%) (%) (%) (%)
MIMIC-IV  Mortality 48h LR 82,61 +1,21 3585+3,16 7531+4,11 83,51 + 1,25 48,50 + 3,32

(80,30, 85,00) (29,83,42,26) (67,24,83,04) (81,17,86,06) (41,80, 55,10)
RF 90,09 + 0,96 58,55+6,53 31,12 +4,51 97,31 + 0,53 40,50 + 4,90
(88,20,91,90) (45,45,70,70) (22,33,40,18) (96,20, 98,22) (29,94, 49,69)
NB 71,58 + 1,48 21,62 +2,31 61,17 + 4,65 72,86 + 1,53 31,89 + 2,90
(68,50, 74,40) (17,10, 26,35) (51,85,69,70) (69,89, 75,70) (26,21, 37,95)
SVM 90,31 £+0,95 60,98 + 6,83 30,84 + 4,44 97,58 + 0,52 40,82 + 4,90
(88,40, 92,10) (47,54,74,00) (22,14,39,25)  (96,55,98,54) (31,08, 49,69)
RNN 77,64 + 1,33 3091 +2,69 85,02+ 3,38 76,74 + 1,44 45,27 + 3,06
(74,80, 80,10) (25,52, 36,05) (78,12,92,06) (73,71,79,50) (38,96, 51,00)
TCN 82,69 + 1,20 36,33 +3,13 77,99 + 3,98 83,27 + 1,25 49,49 + 3,27
(80,30, 85,10) (30,30, 43,10) (70,19, 85,59) (80,66, 85,65) (42,69, 56,21)
Trans 82,53+ 1,20 36,33 +3,08 80,04 + 3,69 82,83 + 1,28 49,91 + 3,20

(80,00, 84,90)

(30,69, 42,68)

(72,83, 87,23)

(80,24, 85,31)

(43,80, 56,43)

EMERGE TS-only

91,24 + 0,90
(89,50, 92,90)

66,20 + 5,85
(54,83, 77,27)

40,22 + 4,68
(31,35, 49,52)

97,49 + 0,52
(96,36, 98,43)

49,89 + 4,59
(40,70, 58,65)

ARF 4 R 68,60 + 1,45 43441250 6491+3,00 6992+ 1,690 52,01 +237
(65,80, 71,40) (38,54,48,16) (58,97,70,29) (66,80, 73,20) (47,26, 56,45)

RE 80,93+ 1,25 74,15+349 41,99+305 9479 +081 53,56+ 2,97
(78,40, 83,30) (67,10,80,43) (35,82,47.92)  (93,10,96,27) (47,57, 59,09)

NB 78,59+ 129 6684+381 3653+298  9356+086 47,18 +3,06
(76,00, 81,10) (59,15, 74,39) (30,90,42,38)  (91,72,95,19) (41,01, 53,21)

SUM 77,50 £132 65,10 +4,34  30,82+280  94,11+:090 41,77 + 3,10
(74,90,79,90) (56,30,73,21) (25,11,36,37)  (92,28,95,76) (35,48, 47,94)

RNN 72,69+ 1,40 48441270 62,84+3,10 7620+ 1,57 54,66 + 2,47
(70,10, 75,50) (42,99, 53,62) (56,77, 69,08)  (73.24,79,06) (49,73, 59,43)

TN 7534+ 136 5280298 5688+3,17  8190+142 5472 +2,61
(72,60, 78,00) (46,69, 58,93) (50,73,62,78) (79,11, 84,65) (49,30, 59,65)

Trans 7514+ 133 52381285 5841+3,02 81,10+ 146 5519+ 248
(72,60, 77,90) (46,57, 58,18) (52,65, 64,38) (78,20, 83,95) (50,09, 60,31)

EMERGE TS-only [904+128 69362378 40184300 93684092 5083+ 2,98
(77,10, 82,20) (61,68, 76,64) (34,37,45.83)  (91,80,95,38) (44,99, 56,72)

ARF 12h R 69,64+ 146 2991:241 6184374  71,19+£1,55 4028 + 2,68
(66,80, 72,40) (25,29, 34,63) (55,03, 69.43)  (68,15,74,03) (35,01, 45,50)

RE 86,77+ 1,03 86,95 +5,16 2378324  9929+029  3725+4,18
(84,80, 88,80) (76,59,96,15) (17,65,30,07)  (98,69,99,76) (29,19, 45,23)

NB 80,68+ 1,24 41,36+3,85 3941+378  8889+1,07 4029+ 341
(78,30, 83,10) (33,75,49,14) (31,79,47,06)  (86,69,90,92) (33,56, 46,65)

SUM 84,16+ 1,12 6034 +836 13,08+265  9829+046 2141 +3,90
(82,00, 86,30) (42,86,75,76) (7.78,18,50)  (97,35,99,15) (13,46, 28,96)

RNN 75,58 £ 1,38 35,53+2,87 57974376 79,09+ 1,41 44,00 + 2,92
(73,10, 78,40) (29,73,41,01) (50,83, 65.42) (76,50, 81,96) (38,18, 49,66)

TON 7620+ 132 3567+295 5410+381  80,60+133  42,93+296
(73,60, 78,90) (29,63,41,50) (46,90, 61,28)  (77,95,83,17) (37,09, 48,69)

Trans 7028 = 1,41 30,99 246 6459:3,68 7141151 41,84 +273

(67,40, 73,00)

(26,19, 35,82)

(57,46, 71,68)

(68,32, 74,45)

(36,22, 47,51)
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EMERGE TS-only 85,88 + 1,03 65,47 +5,34 31,52 + 3,53 96,69 + 0,63 42,45 + 3,85
(83,90, 87,90) (55,26, 75,33) (24,65, 38,61)  (95,40,97,87) (34,58, 49,80)

Shock 4h LR 70,20 + 1,46 12,25 + 1,85 67,25 + 6,13 70,38 + 1,49 20,69 + 2,82
(67,30,73,10) (8,78, 16,04) (55,07,79,31) (67,48,73,46) (15,38,26,36)

RF 93,48 + 0,76 43,39 + 6,77 41,35 + 6,51 96,68 + 0,57 42,12 + 5,87
(92,00, 94,80) (29,82, 56,46) (28,85,54,10)  (95,60,97,77) (30,23, 53,04)

NB 63,55+ 1,48 10,34 + 1,56 68,98 + 6,04 63,21 + 1,52 17,95 + 2,48
(60,70, 66,50) (7,20, 13,35) (57,14, 80,44) (60,30, 66,28) (12,84, 22,69)

SVM 94,27 +0,73 57,19 +27,02 4,44 +270 99,80 + 0,15 8,13 +4,75

(92,80, 95,70) (0,00, 100,00) (0,00, 10,34) (99,47, 100,00) (0,00, 18,18)

RNN 73,29 + 1,36 14,90 £+ 2,04 76,69 + 5,63 73,08 + 1,40 24,90 + 3,01
(70,60, 76,00) (10,89, 18,75) (65,15, 87,04)  (70,34,75,95) (18,94, 30,29)

TCN 84,45 + 1,12 21,89 + 3,06 65,65 + 6,09 85,61 + 1,10 32,74 + 3,89
(82,20, 86,50) (16,06, 28,05) (53,45,78,26) (83,53, 87,67) (25,00, 40,51)

Trans 70,33 + 1,45 13,86 + 1,92 79,04 + 5,47 69,79 + 1,51 23,54 + 2,90
(67,30, 73,20) (10,24, 17,61) (67,92,89,47) (66,63,72,76) (17,93,29,14)

EMERGE TS-only 94,54 + 0,71 61,37 + 13,25 15,39 + 4,67 99,41 + 0,25 24,36 + 6,62
(93,20, 95,90) (33,33, 86,69) (6,90, 24,59) (98,84, 99,79) (11,63, 36,93)

Shock 12h LR 76,34 + 1,35 9,79 + 1,93 64,53 + 7,85 76,81 + 1,37 16,94 + 3,05
(73,70, 79,00) (6,28, 13,78) (48,48, 80,65) (74,10,79,37) (11,32,22,88)

RF 96,43 + 0,60 53,45+ 9,98 37,61 + 7,77 98,72 + 0,36 43,78 + 7,76
(95,20,97,50) (32,14,72,74) (22,72,53,33)  (97,93,99,38) (27,58, 58,18)

NB 41,76 + 1,62 5,48 + 0,94 89,37 + 5,18 39,91 + 1,65 10,31 + 1,68

(38,70,44,90) (3,72,7,41) (77,50,97,62) (36,77, 43,18) (7,12, 13,71)

SVM 96,24 + 0,61 45,39 + 32,86 4,08 + 3,40 99,83 + 0,13 7,33 + 5,88

(95,00, 97,40) (0,00, 100,00) (0,00, 11,63) (99,58, 100,00) (0,00, 20,01)

RNN 86,91 + 1,08 16,66 + 3,21 62,16 + 8,14 87,88 + 1,06 26,17 + 4,43
(84,80, 89,00) (10,61, 23,36) (45,45,77,78) (85,76, 89,82) (17,61, 34,97)

TCN 85,31 +1,12 15,73 + 2,91 66,88 + 7,47 86,03 + 1,13 25,36 + 4,08
(83,10, 87,40) (10,26,21,92) (51,52,81,25) (83,80, 88,10) (17,30, 33,51)

Trans 76,37 + 1,38 10,88 + 1,95 73,67 + 7,36 76,48 + 1,41 18,90 + 3,07
(73,80,78,90) (7,00, 14,90) (58,33,87,51)  (73,75,79.21) (12,77,25,16)

EMERGE TS-only 96,49 + 0,59 62,08 + 16,22 16,70 + 6,27 99,61 + 0,20 2591 + 8,61

(95,30,97,60) (28,57,91,73) (5,56, 30,31) (99,17,99,90) (9,52, 43,48)

ICU Mortality 48h LR 75,63 + 1,39 24,66 + 2,74 59,77 + 4,90 77,58 + 1,42 34,85 + 3,28
(73,00, 78,40) (19,48,29,97) (49,99, 69,29) (74,86, 80,36) (28,65, 40,91)

RF 88,71 + 1,02 42,63 + 10,43 9,30 + 2,78 98,46 + 0,41 15,16 + 4,22

(86,80, 90,60) (22,57,64,29) (4,30, 15,18) (97,65, 99,22) (7,35, 23,88)

NB 8191 +1,24 13,27 +3,48 11,84 + 3,18 90,52 + 0,94 12,46 + 3,20

(79,30, 84,30) (6,67, 20,23) (5,82, 18,35) (88,59, 92,33) (6,25, 18,88)

SVM 89,08 + 1,01 50,35+10,35 11,23 +3,03 98,64 + 0,39 18,24 + 4,49
(87,10, 91,00) (30,77,70,59) (5,98, 17,70)  (97,83,99,43) (10,08, 27,40)

RNN 67,53 + 1,52 20,80 + 2,21 70,17 + 4,44 67,20 + 1,59 32,04 + 2,89
(64,50, 70,50) (16,62,25,24) (61,16,78,81)  (64,28,70,21) (26,58, 37,89)

TCN 71,34 + 1,44 22,82 +242 68,06 + 4,52 71,74 + 1,52 34,13 + 3,04
(68,70, 74,00) (18,10,27,49) (59,16,76,58)  (68,78,74,69) (28,18, 40,00)

Trans 79,58 + 1,29 28,27 + 3,15 56,43 + 4,76 82,42 + 1,28 37,60 + 3,52

(76,90, 82,00)

(22,32, 34,54)

(47,27, 65,31)

(79,87, 84,86)

(30,87, 44,66)
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EMERGE TS-only 86,12+ 1,10 3328 +4,88 26,88 + 4,16 93,39 + 0,81 29,63 + 4,11
(83,90, 88,11) (23,96,43,53) (19,15,35,09) (91,81,94,92) (21,98, 37,81)
ARF 4h IR 40,73 +1,56  2,04+0,59 76,08 + 11,17 40,15 + 1,57 3,97 + 1,13
(37,70, 43,80)  (0,95,3,19)  (50,00,95,01) (37,14,43,22) (1,88, 6,15)
RF 69,55+ 148 4,16+ 1,14 81,30 + 10,24 69,36 + 1,49 7,90 + 2,07
(66,60, 72,30) (2,14, 6,43) (60,00, 100,00) (66,39,72,17) (4,15, 12,03)
NB 71,00 + 1,46 3,93 + 1,11 72,66 + 11,13 70,98 + 1,47 7,43 +2,02
(68,20, 73,80) (1,90, 6,23)  (50,00,92,86)  (68,26,73,91) (3,73, 11,52)
SVM 75,09 + 1,36 2,94+1,08 4520+ 12,61 75,58 + 1,37 5,50 + 1,97
(72,60,77,70)  (1,12,5,20)  (21,03,70,00)  (73,10,78,29)  (2,12,9,52)
RNN 4291 +1,56 2,39+ 0,64 86,48 + 8,60 42,19 + 1,57 4,64 +1,22
(39,80, 46,10) (1,20, 3,67) (66,67, 100,00) (39,15,45,26) (2,36, 7,04)
TCN 47,06 + 1,61 2,42 + 0,67 81,27 + 10,02 46,50 + 1,61 4,70 + 1,26
(43,90, 50,30) (1,16,3,77) (60,00, 100,00) (43,42,49,75)  (2,28,7,23)
Trans 43,52+ 1,62 2,34 +0,64 83,49 + 9,64 42,86 + 1,62 4,54 + 1,21
(40,50, 46,70) (1,19, 3,62) (62,50,100,00) (39,84,46,22) (2,35, 6,94)
EMERGE TS-only 69,36 + 1,46 3,07+ 1,00 59,06 + 12,97 69,53 + 1,47 5,83 + 1,83
(66,60, 72,20)  (1,27,5,15)  (33,33,83,36)  (66,67,72,39)  (2,47,9,62)
5238 +1,56  1,60+0,56 68,58 + 14,23 52,20 + 1,58 3,13+ 1,07
ARF 12h LR
(49,40, 55,60) (0,62,2,71)  (38,46,92,86)  (49,14,55,48)  (1,23,5,24)
RF 95,04 +0,70  3,19+287 11,64 +10,34 95,98 + 0,63 4,92 +4733
(93,60, 96,40)  (0,00,9,76)  (0,00,33,33)  (94,72,97,17) (0,00, 14,55)
NB 85,38 + 1,13 2,21 +1,22 27,70 + 14,03 86,03 + 1,11 4,06 + 2,21
(83,10, 87,50) (0,00, 4,80)  (0,00,58,35)  (83,72,88,12) (0,00, 8,70)
SVM 90,86 + 0,95 2,37 + 1,69 17,72 + 12,02 91,69 + 0,93 4,13 + 2,88
(88,90,92,70) (0,00, 6,16)  (0,00,42,88)  (89,81,93,41) (0,00, 10,42)
RNN 5551+1,58 1,78 +0,61 71,24 +13,76 55,34 + 1,60 347+ 1,16
(52,40, 58,50) (0,68, 3,06) (42,86, 100,00) (52,17,58,32)  (1,35,5,90)
TCN 61,96 + 1,53 1,90 +0,68 64,81 + 14,91 61,93 + 1,54 3,68 + 1,29
(59,10, 65,10)  (0,74,3,38)  (33,33,91,68)  (58,95,64,99) (1,46, 6,50)
Trans 46,86 + 1,59 1,68 + 0,54 80,65 + 12,49 46,48 + 1,60 3,29 + 1,04
(43,80,50,10)  (0,73,2,78)  (53,85,100,00) (43,41,49,75) (1,45, 5,40)
EMERGE TS-only 84,80 + 1,16 2,66 + 1,31 35,01 + 14,62 85,36 + 1,16 491 +2,37
(82,40, 87,00) (0,63,5,70) (9,07, 66,67)  (82,93,87,49) (1,18,10,17)
Shock 4h LR 69,20 + 1,44 6,71 + 1,37 53,36 + 7,92 69,85 + 1,46 11,89 + 2,30
(66,30, 72,00) (3,96,9,21)  (37,49,68,30) (66,95,72,73) (7,29, 16,00)
RF 95,99 +0,62 19,20 +30,76 1,11 +1,72 99,85 + 0,12 2,08 + 3,17
(94,70, 97,20) (0,00, 100,00) (0,00, 5,56) (99,58, 100,00) (0,00, 10,26)
NB 61,97 +1,52 6,19+1,19 61,73 + 7,38 61,98 + 1,56 11,23 £ 2,05
(58,90, 64,80) (3,84,8,51) (4545,76,67) (58,79,64,90) (7,14,15,14)
SVM 96,02 + 0,62 8,97 + 25,64 0,35+ 0,97 99,91 + 0,10 0,68 + 1,84
(94,80, 97,30) (0,00, 100,00) (0,00, 3,03) (99,69, 100,00) (0,00, 5,88)
RNN 70,50 + 1,39 6,88 + 1,44 52,27 + 8,15 71,25 + 1,39 12,12 + 2,39
(67,60,73,10) (4,07,9,63) (36,84, 67,44)  (68,46,73,90) (7,27, 16,67)
TCN 80,34 + 1,24 8,15+ 1,94 39,33 + 7,89 82,01 + 1,23 13,46 + 3,02
(77,90, 82,60) (4,24, 12,18) (24,44,55,56) (79,56, 84,36) (7,25, 19,59)
Trans 71,71 + 1,43 7,44 + 1,53 54,57 + 8,24 72,41 + 1,43 13,05 + 2,53
(68,90, 74,30) (4,32,10,37) (38,46,70,76) (69,66, 75,10)  (7,87,17,79)

Continued on next page



B.3 Additional Test Metrics for Models Trained on eICU

129

Test Task Model Accuracy Precision Sensitivity Specificity F1-score
database (%) (%) (%) (%) (%)

EMERGE TS-only 95,34 + 0,67 1491 + 11,11 4,11 + 3,17 99,05 + 0,31 6,32 + 4,73

(94,00, 96,60) (0,00, 40,00) (0,00, 11,43)  (98,43,99,59) (0,00, 16,67)

Shock 12h IR 80,66 + 1,26 5,53 + 1,69 38,01 +9,38 81,85+ 1,26 9,62 + 2,79

(78,10, 83,10)  (2,62,8,95) (20,00, 56,00) (79,38, 84,25) (4,74, 15,04)

RF 97,28 +0,51 2,90 + 16,63 0,11 + 0,68 99,99 + 0,02 0,22 + 1,29

(96,20, 98,20) (0,00, 100,00) (0,00, 3,03) (99,90, 100,00) (0,00, 5,88)

NB 45,17 + 1,63 3,40+ 0,75 69,84 + 8,82 44,48 + 1,65 6,47 + 1,38

(41,90, 48,40) (2,06,5,02) (52,00, 87,50) (41,13,47,74) (3,99, 9,38)

SVM 97,28 +0,51 0,00 + 0,00 0,00 + 0,00 100,00 + 0,00 0,00 + 0,00

(96,20, 98,20) (0,00, 0,00) (0,00, 0,00) (100,00, 100,00) (0,00, 0,00)

RNN 85,26 + 1,10 5,65+ 1,97 28,10 + 8,48 86,86 + 1,08 9,36 + 3,11
(83,10, 87,40) (2,19,9,74) (12,00, 44,00) (84,70, 88,89) (3,70, 15,64)

TCN 82,69 + 1,19 5,69 + 1,79 34,43 + 9,06 84,05 + 1,17 9,72 +2.91
(80,30, 85,00) (2,40,9,39) (16,13,52,18)  (81,78,86,25) (4,25, 15,55)

Trans 78,58 + 1,30 547 + 1,57 42,20 + 9,60 79,60 + 1,29 9,65 + 2,64
(76,00, 81,00) (2,54, 8,78)  (23,07,60,71) (77,02, 82,03) (4,56, 15,25)

EMERGE TS-only 94,95+ 0,68 6,68 +4,79 6,65 + 4,75 97,42 + 0,51 6,55 + 4,59
(93,60, 96,20) (0,00, 18,18) (0,00, 16,67)  (96,39,98,36) (0,00, 16,67)

B.3 Additional Test Metrics for Models Trained on eICU

Table B.3 reports the supplementary test metrics for the models trained on eICU. The table in-

cludes the internal eICU test set and the external MIMIC-IV test set, complementing the main

results presented in Section 5.3. Values are reported as bootstrap mean + standard deviation, with

the 95% confidence interval shown below.

Table B.3: Supplementary test metrics for models trained on eICU and evaluated on the inter-
nal eICU test set and the external MIMIC-IV test set. Values are reported as mean + standard
deviation, with the 95% confidence interval shown below.

Test Task Model Accuracy Precision Sensitivity Specificity F1-score
database (%) (%) (%) (%) (%)
eICU Mortality 48h LR 7992 + 1,24 31,79 +296 73,01 + 3,94 80,77 + 1,31 44,22 +3,24

(77,50, 82,20) (25,62,37,45) (64,76,80,70) (78,20, 83,22) (37,39, 50,14)
RF 90,63 +0,92 62,21 +599 36,24 + 4,83 97,30 + 0,52 45,65 + 4,88
(88,80, 92,50) (50,72,73,69) (26,92,46,50) (96,21,98,31) (35,93, 55,21)
NB 74,00 £ 1,39 22,87 + 2,65 58,01 + 4,73 75,97 + 1,46 32,74 + 3,21
(71,30, 76,60) (17,74,28,03) (48,60, 67,59) (73,19,78,82) (26,51, 38,99)
SVM 80,87+ 1,22 33,16+3,11  73,75+3,93 81,75+ 1,29 45,68 + 3,34
(78,50, 83,30) (26,86,39,01) (65,96, 81,42) (79,25, 84,19) (38,94, 51,85)
RNN 74,65+ 1,32 2744 +2,60 80,18 +3,77 7397 + 1,42 40,83 + 3,11
(72,00, 77,20) (22,15, 32,35) (72,55,87,30) (71,13,76,62) (34,40,46,78)
TCN 77,51 £ 1,30 29,49 + 2,80 75,96 + 3,92 77,70 + 1,37 42,42 + 3,21
(75,00, 80,00) (24,03,35,10) (67,96, 83,81) (75,03, 80,29) (35,87, 48,56)
Trans 81,88+ 1,25 34,59+328 73,73 +4,19 82,88+ 1,29 47,01 +3,49

(79,50, 84,30)

(27,98, 40,83)

(65,38, 81,73)

(80,29, 85,36)

(39,88, 53,53)
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EMERGE TS-only 91,18 + 0,90 71,19 + 6,32 32,46 + 4,55 98,39 + 0,42 44,42 + 494
(89,40, 92,90) (58,82,83,02) (23,71,41,77) (97,49, 99,10) (34,48, 54,45)
ARF 4h IR 79,04 +1,32  5,11+1,53  6836+11,97 79,21+ 1,34 9,47 +2,71
(76,50, 81,60)  (2,34,8,38)  (44,44,90,91) (76,56, 81,76) (4,48, 15,25)
RF 97,57+ 046 30,73+9,70 40,86 + 12,34 98,50+ 0,37 34,45+9,72
(96,50, 98,40) (11,99, 50,00) (16,67, 66,67) (97,67,99,19) (14,27, 53,33)
NB 21,88+ 1,30 1,94 + 0,49 95,69 + 5,18 20,67 + 1,27 3,79 + 0,94
(19,50, 24,60)  (1,00,2,93) (83,33,100,00) (18,36,23,34) (1,98, 5,69)
SVM 85,67+ 1,08 7,26+217 67,04+1224 8598 +1,09 13,02 + 3,66
(83,60, 87,70) (3,31,11,88) (42,86,89,49) (83,89, 88,02) (6,29, 20,54)
RNN 91,63 +0,85 13,03 +3,54 7398 +11,37 91,92+0,84 21,99 +5,36
(89,80, 93,30) (6,32,20,00) (50,00, 93,33) (90,20, 93,54) (11,65,32,33)
TCN 92,85+0,79 1344 +399 63,25+12,58 9334+0,77 21,98 +5,87
(91,30, 94,20) (5,97,21,05) (36,36, 88,24) (91,77,94,73) (10,66, 32,38)
Trans 85,51+ 1,11 8,49 +229 81,66 + 9,99 85,58 + 1,12 15,29 + 3,82
(83,30, 87,60) (4,12, 13,05) (60,00, 100,00) (83,27, 87,63) (7,79, 22,86)
EMERGE TS-only 98,38 + 0,40 48,01 +26,69 14,18 +9,19 99,76 + 0,16 21,02 + 12,41
(97,60, 99,10) (0,00, 100,00) (0,00, 33,33) (99,39, 100,00) (0,00, 45,45)
80,56 + 1,23 3,76 + 1,33 66,42+ 14,83 80,72+ 1,23 7,08 + 2,41
ARF 12h LR
(78,20, 82,90) (1,49,6,70) (36,35, 100,00) (78,34, 83,13) (2,86, 12,38)
RF 81,62+ 1,20 499+154 8539+1146 81,58+1,20 9,40 + 2,76
(79,20, 83,80)  (2,27,8,08) (60,00, 100,00) (79,19, 83,92) (4,44, 14,88)
NB 16,24 + 1,16 1,21 + 0,36 91,03 + 8,81 15,39 + 1,14 2,38 + 0,71
(14,00, 18,50) (0,58, 1,96) (70,00, 100,00) (13,13, 17,61) (1,15, 3,84)
SVM 89,79 + 0,98 6,33 +2,34 58,81 + 15,10 90,14 + 0,97 11,34 + 3,95
(87,90,91,70) (2,25,11,32) (28,57,87,50) (88,29,92,00) (4,20, 19,65)
RNN 94,75+ 0,69 12,15+4,33 59,17+ 1544  9516+0,67 19,92 +6,42
(93,30,96,00) (4,44,21,43) (28,57,87,50) (93,82,96,45) (7,55, 33,33)
TCN 97,24 +0,53 17,85+7,74 40,61 + 15,84 97,88 +0,46 24,27 + 9,44
(96,20, 98,30) (4,35,34,78) (12,50,75,00) (96,96, 98,79) (6,25, 43,48)
Trans 95,28 +0,66 13,53+492 59,50+ 1542 95,68 +0,63 21,77 + 7,09
(93,90, 96,50) (5,00,23,91) (27,27,87,50) (94,34, 96,86) (8,33, 36,11)
EMERGE TS-only 98,84 + 0,33 44,09 +30,58 14,38+ 11,04 99,80+ 0,14 20,51 + 14,11
(98,10, 99,40) (0,00, 100,00) (0,00, 37,50) (99,49, 100,00) (0,00, 47,62)
Shock 4h LR 72,39 + 1,41 8,52 + 1,63 62,31 + 7,74 72,80 + 1,42 14,95 + 2,66
(69,90, 75,10) (5,35, 11,71)  (47,72,77,15) (70,26,75,52) (9,73, 20,12)
RF 95,69 + 0,66 39,86+ 11,81 19,95 + 6,63 98,77 +0,37 26,23 +7,.87
(94,40, 97,00) (16,67, 62,50) (7,14,33,33) (98,02, 99.,48) (10,52, 40,63)
NB 17,00 £ 1,19 4,32 + 0,69 95,66 + 3,29 13,80 + 1,10 8,25+ 1,27
(14,70, 19,20)  (2,92,5,61) (88,00, 100,00) (11,69, 16,01) (5,67, 10,60)
SVM 76,78 + 1,33 10,39 + 1,91 64,86 + 7,78 77,27 + 1,35 17,85 + 3,01
(74,40, 79,40) (6,61, 14,04) (50,00, 80,00) (74,71,79,92) (11,90, 23,53)
RNN 68,57 + 1,47 883 +1,51 75,58 + 6,82 68,29 + 1,52 15,77 +2,48
(65,90, 71,60) (5,92,11,97) (61,76,88,01) (65,45,71,38) (10,95, 20,76)
TCN 77,49 + 1,27 11,10 +1,99 67,98 + 7,71 77,87 +1,30 19,02 + 3,11
(75,00, 79,90) (7,11, 15,04) (52,36, 81,58) (75,36, 80,34) (12,50, 25,00)
Trans 75,99 + 1,33 10,54 + 1,88 68,74 + 7,54 76,29 + 1,36 18,22 + 2,98
(73,50, 78,50) (6,93, 14,03) (53,65, 82,06) (73,69, 78,82) (12,41,23,57)

Continued on next page



B.3 Additional Test Metrics for Models Trained on eICU 131
Test Task Model Accuracy Precision Sensitivity Specificity F1-score
database (%) (%) (%) (%) (%)
EMERGE TS-only 96,10 + 0,61 50,05 + 26,96 6,06 + 3,88 99,76 + 0,16 10,61 + 6,46
(94,90, 97,30) (0,00, 100,00) (0,00, 15,00) (99,38, 100,00) (0,00, 24,39)
Shock 12h LR 74,16 + 1,31 6,37 + 1,44 62,10 + 9,48 74,50 + 1,32 11,51 + 2,47
(71,70,76,80)  (3,66,9,20) (44,00, 80,77)  (71,90,77,19) (6,80, 16,31)
RF 96,79 + 0,55 32,72 + 13,56 16,77 + 7,28 99,03 + 0,32 21,73 + 8,70
(95,70,97,80) (8,33,60,04) (3,70,33,33)  (98,35,99,59) (5,41, 40,00)
NB 14,46 + 1,12 2,94 + 0,57 94,94 + 4,44 12,21 + 1,06 5,69 + 1,07
(12,30, 16,50)  (1,92,4,11) (85,29, 100,00) (10,16, 14,26) (3,74, 7,89)
SVM 84,06 + 1,16 9,24 + 2,22 55,13 + 9,81 84,87 + 1,14 15,76 + 3,52
(81,80, 86,20) (5,20, 13,58) (35,99, 75,02) (82,56, 87,06) (9,20, 22,44)
RNN 82,89 + 1,16 9,17 + 2,16 59,37 + 9,62 83,55+ 1,16 15,82 + 3,46
(80,70, 85,20) (5,08, 13,54) (40,00, 77,78) (81,26, 85,85) (9,18,22,71)
TCN 80,52 + 1,22 8,36 + 1,96 61,80 + 9,61 81,04 + 1,21 14,67 + 3,21
(78,10, 82,90) (4,66, 12,17) (43,47,80,00) (78,64, 83,54) (8,53,20,93)
Trans 82,82 + 1,17 9,05 + 2,15 58,82 + 9,78 83,49 + 1,18 15,63 + 3,44
(80,60, 85,10) (5,29, 13,51) (40,00, 78,26) (81,26, 85,73) (9,47,22,63)
EMERGE TS-only 96,10 + 0,61 50,05 + 26,96 6,06 + 3,88 99,76 + 0,16 10,61 + 6,46
(94,90, 97,30) (0,00, 100,00) (0,00, 15,00) (99,38, 100,00) (0,00, 24,39)
MIMIC-IV  Mortality 48h LR 85,08 + 1,11 36,13 +£4,07 47,94 +4,78 89,63 + 1,01 41,11 £ 3,92
(82,80, 87,20) (27,92,44,00) (38,32,56,61) (87,61,91,59) (33,33, 48,40)
RF 89,55+ 1,00 65,08 + 12,78 9,04 + 2,77 99,41 + 0,26 15,77 + 4,48
(87,60,91,50) (37,47,88,89) (3,92, 14,55)  (98,87,99,89) (7,27,24,81)
NB 51,96 + 1,59 6,37 + 1,19 24,86 + 3,99 55,27 + 1,67 10,13 + 1,79
(49,00, 55,10) (4,02,8,76)  (17,11,32,97) (52,04, 58,44) (6,49, 13,63)
SVM 83,96 + 1,17 35,36 + 3,75 56,86 + 4,72 87,27 + 1,15 43,52 + 3,78
(81,60, 86,30) (28,16,42,65) (47,41,66,10) (84,92,89,40) (35,97,50,52)
RNN 73,66 + 1,39 25,68 +2,49 74,75 +4,21 73,52 + 1,47 38,17 + 3,04
(70,90, 76,40) (20,75, 30,70) (65,74, 82,61) (70,72,76,51) (32,02, 44,06)
TCN 77,13 + 1,33 28,01 +2,74 69,88 + 4,34 78,02 + 1,39 39,93 + 3,17
(74,70, 79,80) (22,78, 33,33) (60,63,78,22) (75,39, 80,77) (33,71, 45,93)
Trans 84,70 + 1,11 37,35+ 3,74 59,52 + 4,80 87,78 + 1,11 45,80 + 3,70

(82,60, 86,90)

(29,87, 44.,85)

(50,00, 68,75)

(85,65, 89,94)

(38,35, 52,83)

EMERGE TS-only

88,92 + 1,01
(87,10, 90,90)

48,63 + 6,56
(35,59, 60,94)

28,23 + 4,38
(19,49, 37,26)

96,35 + 0,65
(95,08, 97,53)

35,58 +4,79
(26,09, 44,79)

ARF 4h

LR

RF

NB

SVM

RNN

TCN

Trans

60,91 + 1,53
(57,70, 63,80)
76,18 + 1,37
(73,40, 78,70)
36,84 + 1,53
(33,80, 39,90)
66,62 + 1,49
(63,50, 69,30)
72,15 + 1,44
(69,50, 75,00)
73,90 + 1,41
(71,20, 76,60)
71,05 + 1,42
(68,20, 73,80)

32,85 + 2,47
(28,15, 37,68)
76,78 + 6,13

(64,70, 88,24)
22,83 + 1,61

(19,74, 25,92)
35,19 + 3,05

(29,36, 40,87)
45,82 + 3,56
(38,37, 52,66)
50,60 + 4,53
(41,66, 59,09)
44,71 = 3,08
(38,95, 50,59)

46,85 + 3,19
(40,82, 52,92)
13,28 + 2,08
(9,56, 17,60)
59,09 + 3,00
(53,31, 64,80)
32,32 + 2,94
(26,62, 38,35)
33,48 + 2,95
(27,71, 39,48)
23,50 + 2,62
(18,58, 28,68)
43,51 +3,03
(37,69, 49,43)

65,92 + 1,72
(62,55, 69,14)
98,57 + 0,42
(97,73, 99,32)
28,92 + 1,67
(25,88, 32,28)
78,82 + 1,49
(75,84, 81,77)
85,91 + 1,27
(83,42, 88,43)
91,84 + 0,99
(89,93, 93,67)
80,85 = 1,46
(78,06, 83,60)

38,58 + 2,51
(33,81, 43,36)
22,59 + 3,16
(16,88, 29,10)
32,91 + 1,97
(29,11, 36,71)
33,65 + 2,73
(28,16, 39,00)
38,64 + 2,93
(32,61, 44,40)
32,04 + 3,10
(25,84, 38,05)
44,05 + 2,68
(38,67, 49,33)
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Test Task Model Accuracy Precision Sensitivity Specificity F1-score
database (%) (%) (%) (%) (%)
EMERGE TS-only 74,48 + 1,40 74,08 + 11,67 427 + 1,24 99,46 + 0,28 8,05 + 2,24
(71,80, 77,20) (50,00, 95,01) (2,07, 6,83) (98,80,99,87) (3,98, 12,58)
ARF 12h IR 63,33 +1,50 21,99 +2,12 47,53 +3,85 66,47 + 1,60 30,03 + 2,55
(60,20, 66,30) (18,15, 26,08) (40,00, 55,00) (63,37, 69,65) (25,38, 35,19)
RF 7329 + 1,41 30,68 +2,77 48,42 +3,76 78,24 + 145 37,51 +2,90
(70,50, 76,00) (25,00, 36,19) (40,69, 55,78) (75,30, 80,91) (31,04, 43,04)
NB 3721 +1,52 1399+ 1,35 54,09 + 3,82 3385+ 1,68 2221+1,94
(34,30, 40,20) (11,40, 16,62) (46,15,61,32) (30,46, 37,00) (18,50, 26,00)
SVM 78,00 + 1,33 28,15+3,98 21,00 + 2,99 89,33+ 1,08 24,00 + 3,21
(75,50, 80,60) (20,74, 36,14) (14,96, 26,47)  (87,20,91,38) (17,48, 30,10)
RNN 76,28 + 1,32 30,53 +3,31 33,75+ 3,62 84,73 + 1,21 32,00 + 3,18
(73,70, 78,90) (24,10, 36,65) (26,59,40,91) (82,35,87,02) (25,54, 38,18)
TCN 83,01 + 1,19 46,58 + 6,58 16,68 + 2,92 96,20 + 0,66 24,48 + 3,83
(80,80, 85,40) (34,00,59,09) (11,19,22,52) (94,89,97,40) (17,06, 31,75)
Trans 81,66 + 1,23 4293 +428 32,01 +3,50 91,54 +0,97 36,60 + 3,46
(79,20, 84,10) (34,31, 51,15) (25,29,39,01) (89,64, 93,38) (29,76, 43,26)
EMERGE TS-only 83,09 + 1,13 36,63+ 14,23 2,68 + 1,21 99,08 + 0,32 4,97 +2,19
(80,90, 85,30) (10,00, 66,67) (0,59, 5,26) (98,43,99,64)  (1,12,9,73)
Shock 4h IR 71,75 +1,46 9,77+ 1,75 47,08 + 6,42 7326+ 1,49 16,14 + 2,67
(68,90, 74,70) (6,29, 13,41) (34,69, 60,00) (70,34, 76,08) (10,88, 21,79)
RF 94,07 +0,75 37,75+22,59 3,59 + 2,43 99,64 + 0,20 6,47 + 4,25
(92,60, 95,50) (0,00, 85,71) (0,00,9,09) (99,15, 100,00) (0,00, 16,13)
NB 35,11 +1,52  3,47+0,71 38,08 + 6,32 34,93 + 1,57 6,35 + 1,26
(32,10, 38,40) (2,15,4,96)  (25,45,50,79) (31,74,38,18) (3,98, 8,92)
SVM 78,07 + 1,31 12,33 +2,24 45,61 + 6,46 80,06 + 1,33 19,36 + 3,20
(75,30, 80,60) (8,20, 16,82) (33,33,57,89) (77,28, 82,66) (13,48, 25,64)
RNN 66,64 + 1,47 10,31 + 1,64 61,80 + 6,32 66,94 + 1,51 17,64 + 2,58
(63,70, 69,40) (7,24,13,55) (48,44,74,14) (64,01, 69,86) (12,65, 22,63)
TCN 79,92 + 1,28 11,66 +2,38 37,48 + 6,38 82,53 +1,22 17,73 +3,34
(77,40, 82,40) (7,29, 16,41) (24,59, 50,70) (80,00, 84,79) (11,37,24,41)
Trans 76,94 + 1,32 11,94 + 2,21 46,80 + 6,87 78,79 + 1,29 18,98 + 3,24
(74,40, 79,60) (7,66, 16,53) (32,79, 59,58) (76,23, 81,13) (12,54, 25,49)
EMERGE TS-only 94,15+ 0,74 32,03+36,32 1,28 +1,51 99,86 + 0,13 2,43 + 2,83
(92,70, 95,60) (0,00, 100,00) (0,00, 5,17) (99,57, 100,00) (0,00, 9,68)
Shock 12h LR 65,31 + 1,51 6,26 + 1,31 58,95 + 7,38 65,56 + 1,54 11,29 +2,23
(62,40, 68,20) (3,79,8,92)  (43,33,74,37) (62,67, 68,52) (7,02,15,72)
RF 9590+ 0,64 10,25+16,35 1,27 +1,93 99,59 + 0,21 2,23 +3,35
(94,60, 97,10) (0,00, 50,00) (0,00, 6,46) (99,16, 99,90) (0,00, 11,12)
NB 38,03+ 1,44 1,98 +0,57 31,94 + 7,53 38,26 + 1,47 3,72+ 1,04
(35,30, 40,80) (0,99,3,21) (17,49,46,43) (35,34,41,10) (1,87,591)
SVM 81,97 + 1,20 8,20 + 2,10 37,31 + 7,86 83,71 = 1,17 13,38 + 3,20
(79,50, 84,30) (4,23,12,43) (22,72,52,78) (81,38,85,97) (7,22, 20,00)
RNN 72,19+ 1,39 7,75+ 1,62 58,84 + 8,10 72,7711 + 1,41 13,66 + 2,65
(69,40, 74,80) (4,79,10,93) (43,58,75,00) (69,89,75,39) (8,72, 18,75)
TCN 82,70 + 1,19 7,48 + 2,10 31,73 + 7,62 84,68 + 1,16 12,04 + 3,19
(80,30, 85,00) (3,68, 11,85) (17,39,47,06) (82,43,86,92) (6,19, 18,66)
Trans 75,64 + 1,34 7,77 + 1,68 50,62 + 8,10 76,62 + 1,33 13,44 + 2,71
(72,90, 78,20)  (4,93,11,25) (35,71,67,66) (73,86,79,20) (8,60, 18,99)
EMERGE TS-only 94,15+ 0,74 32,03+36,32 1,28 +1,51 99,86 + 0,13 2,43 + 2,83
(92,70, 95,60) (0,00, 100,00) (0,00, 5,17) (99,57, 100,00) (0,00, 9,68)




Appendix C

Model Hyperparameter Configurations

This appendix reports the hyperparameter configurations used during model development. The
parameter C denotes the inverse regularisation strength used in LR and SVM, while 11_ratio
controls the balance between L1 and L2 regularisation in the elastic-net penalty. For RF, the
parameters define the number and structure of the decision trees, the number of features con-
sidered at each split, and the fraction of samples used during bootstrap aggregation. In NB,
var_smoothing controls numerical stability by adding a small value to the variance estimates.
For the neural-network models, the parameters define the recurrent cell type, hidden dimensions,
convolutional channels, Transformer embedding size, attention heads, dropout, batch size, learn-

ing rate, and output aggregation rule used during training.

C.1 Optuna Search Spaces and Default Values

Table C.1 presents the hyperparameter search spaces explored by Optuna and the default values

used in the reference configurations.

Table C.1: Hyperparameter search spaces explored by Optuna and default values used in the ref-
erence configurations.

Model Parameter Optuna search space Default value

IR C log-uniform, [0.01,5.0] 0.1254
11_ratio continuous, [0.0,1.0] 1.0
n_estimators integer, [50., 200] 177
max_depth integer, [3,30] 14

RE min_samples_split integer, [2,11] 4
min_samples_leaf integer, [1,11] 9
max_features continuous, [0.2,1.0] 0.2364
max_samples continuous, [0.2, 1.0] 0.5648
C log-uniform, [0.01,10.0] 1.0

SVM kernel categorical, {linear, rbf} rbf
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Model Parameter Optuna search space Default value
gamma categorical, {scale, auto} scale
NB var_smoothing log-uniform, [10712,1077) 1079
rnn_type categorical, {rnn, 1stm, gru} lstm
hidden_dim categorical, {64, 128, 256, 512} 512
layer_dim integer, [1,4] 3
RNN idrop continuous, [0.0,0.35] 0
dropout continuous, [0.05,0.50] 0.2
bs categorical, {8, 16, 32, 64} 16
1r log-uniform, [107>,5 x 1073] 1073
loss_rule categorical, {last, mean} last
categorical, {[64,64], [128,128], [256,256],
num_channels [64,64,64], [128,128,128], [256,256,256,256]
[256,256,256], [256,256,256,256]}
kernel_size categorical, {2, 3,5, 7} 3
TeN dropout continuous, [0.05,0.50] 0.2
bs categorical, {8, 16, 32, 64} 16
1r log-uniform, [1075,5 x 1073 1073
loss_rule categorical, {last, mean} last
d_model categorical, {64, 128, 256} 256
n_head categorical, {2, 4, 8}
dim_ff_mul categorical, {2, 4, 8}
num_enc_layer integer, [1,4]
dropout continuous, [0.05,0.50] 0.2
Transformer bs categorical, {8, 16, 32, 64} 16
1r log-uniform, [1073,5 x 1073] 1073
loss_rule categorical, {last, mean} last
warmup categorical, {False, True} False
lr_factor categorical, {0.5, 1, 2, 4, 8} if warmup enabled 0.1

lr_steps

categorical, {500, 1000, 2000, 4000} if warmup enabled 2000

C.2 Optuna-selected Hyperparameters

Table C.2 reports the task-specific hyperparameters selected by Optuna for each training database

and model. Each row corresponds to one model parameter, while columns correspond to the

prediction tasks.

Table C.2: Task-specific hyperparameters selected by Optuna for each training database and

model.
Training Model Parameter Mortality ARF ARF Shock Shock
database 48h 4h 12h 4h 12h
MIMIC-IV IR C 1.96518e-2 5.79809e-2 2.93756e-2 1.50940e-2 1.96518e-2
11_ratio 0.412864 0.643946 0.447740 0.703950 0.845616
n_estimators 89 141 86 171 100

RF

Continued on next page
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Training Mortality ARF ARF Shock Shock
database  00¢!  Parameter 48h 4h 12h 4h 12h
max_depth 21 27 17 14 18
min_samples_split 4 8 6 7 9
min_samples_leaf 9 6 5 11 11
max_features 0.736502 0.244288 0.679937 0.889245 0.201015
max_samples 0.808091 0.517526 0.752198 0.898092 0.798395
C 0.553379 3.00301 1.42801 0.226280 0.229977
SVM kernel rbf rbf rbf rbf rbf
gamma scale auto auto scale scale
NB var_smoothing  9.92687e-8  4.33697¢-8 9.85886e-8 9.93190e-8 7.89722¢-8
rnn_type gru gru gru Istm gru
hidden_dim 256 256 512 64 256
layer_dim 1 4 2 2 2
RNN idrop 0.309839 0.300931 0.245101 0.324087 0.296068
dropout 0.184922 0.431938 0.297694 0.411697 0.447467
bs 32 64 32 64 64
1r 1.68804e-4  5.21930e-4 2.91188e-4 8.51741e-4  2.42156e-3
loss_rule last mean last mean mean
num_channels 128,128, 256,256, 64,64, 64,64, 64,04,
128 256,256 64 64 64
kernel_size 7 5 7 3 5
TCN dropout 0.078252 0.485453 0.439598 0.096697 0.310928
bs 8 16 8 16 8
1r 3.72897e-5 1.27743e-4 6.73467e-5 7.98962e-4  4.80704e-3
loss_rule last mean mean mean mean
d_model 128 128 128 128 64
n_head 4 2 8 4 2
dim_ff_mul 4 4 2 4 4
num_enc_layer 2 2 3 2 1
Trans dropout 0.247049 0.293764 0.279137 0.327601 0.245002
bs 32 8 64 8 64
1r 3.59846e-4  2.93307e-4 1.13080e-3 6.30046e-4 1.41481e-4
loss_rule last last mean last last
warmup No No No No Yes
1lr_factor 4
lr_steps - - - - 1000
elCU IR C 1.56763e-2 1.37766e-2 1.00189¢-2 1.32905¢e-2 1.00107e-2
11_ratio 0.712548 0411312 0.950393 0.333098 0.864819
n_estimators 194 190 190 163 197
max_depth 29 23 5 21 22
RE min_samples_split 11 11 4 7 9
min_samples_leaf 10 11 2 9 11
max_features 0.951662 0.234722 0.271778 0.369628 0.200532
max_samples 0.868587 0.956712 0.355555 0.938255 0.910589
C 0.657134 0.094659 0.095950 0.382752 0.161139
SVM kernel rbf rbf rbf rbf rbf
gamma auto scale scale auto scale
NB var_smoothing  9.85886e-8 9.92687e-8 9.94986e-8 9.93190e-8 9.38000e-8
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Training Mortality ARF ARF Shock Shock
database  00¢!  Parameter 48h 4h 12h 4h 12h
rnn_type gru gru gru Istm gru
hidden_dim 256 256 256 64 256
layer_dim 3 2 1 1 3

RNN idrop 0.252669 0.348885 0.255993 0.339355 0.171158
dropout 0.456083 0.366786 0.267069 0.248069 0.363994

bs 32 8 8 8 32

1r 9.95309e-5 5.17712e-4  8.22228e-4  7.02626e-4  4.84507e-4
loss_rule last last mean mean last
um_channels 256, 64,64, 256,256, 64, 64,64,

256 64 256,256 64 64

kernel_size 3 2 2 3 2

TCN dropout 0.168022 0.385097 0.424495 0.386547 0.469606
bs 64 64 64 32 16

1r 1.27192e-5 3.39198e-4 1.04623e-4 1.17961e-4  3.30202e-5
loss_rule last mean mean mean mean

d_model 128 64 128 64 256
n_head 8 8 4 4 2
dim_ff_mul 2 4 2 2 4
num_enc_layer 1 1 1 2 1

Trans dropout 0.102658 0.191291 0.157995 0.330727 0.056417
bs 32 64 64 64 8

1r 8.29413e-5 1.43043e-4  2.19589¢-3 1.23779¢-4 1.17337e-5
loss_rule last mean last last last
warmup No Yes Yes No No

lr_factor 4 1

1r_steps - 4000 2000 - -
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