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Abstract (Italiano)

Questo studio si inserisce nel contesto del progetto ADONIS, finalizzato a migliorare la di-
agnosi precoce della sepsi nei neonati in Svizzera. L’obiettivo principale € stato esplorare
I'utilizzo di foundation models per la previsione della sepsi, confrontando tali approcci con
metodi di machine learning convenzionali, in particolare con un modello Support Vector
Machine (SVM). Per valutare la capacita di adattamento e il potenziale impatto clinico dei
modelli proposti, diversi esperimenti sono stati condotti utilizzando diversi setup sperimen-
tali, volti a simulare scenari limite tipici del contesto ospedaliero. Le analisi hanno incluso
uno studio approfondito della robustezza e dell’affidabilita delle predizioni al variare del nu-
mero di features considerate e della quantita di dati disponibili per I’addestramento, nonché
un’analisi delle capacita’ di generalizzazione su diversi task attraverso la predizione della
Necrotizing Enterocolotis (NEC) mediante un approccio zero-shot.

I dati impiegati nello studio sono stati raccolti da oltre 15.000 pazienti neonati, provenienti da
tre dei principali centri ospedalieri svizzeri. La raccolta e ’armonizzazione dei dati sono state
effettuate mediante l'infrastruttura BioMedIT, che ha garantito la sicurezza, la condivisione e
I'interoperabilita dei dati in conformita con lo schema fornito da SPHN. Tale infrastruttura
ha permesso di superare le tradizionali limitazioni legate alla scarsita di dati e alla loro
eterogeneita nei contesti multicentrici.

Questo studio si propone di valutare I’efficacia di due approcci distinti per la predizione della
sepsi nei neonati, facendo leva sul potenziale impatto di questo tipo di modelli in clinica.
Il primo approccio prevede 1’elaborazione diretta delle serie temporali grezze utilizzando un
foundation model per la classificazione di serie temporali (FORMED), eliminando la necessita
di un’estrazione manuale delle features, mentre il secondo utilizza un altro foundation model
progettato per dati tabulari (TabPFN).

I risultati indicano che, sebbene sia SVM che TabPFN raggiungano performance comparabili
nella previsione della sepsi, TabPFN dimostra una maggiore capacita di generalizzazione, in
particolare in scenari con quantita limitate di dati di training. L’analisi zero-shot sul task di
NEC conferma ulteriormente la robustezza dei foundation models nel trasferire la conoscenza
appresa da un task all’altro. Tuttavia, nel caso di FORMED, un calo delle performance é
stato osservato rispetto ai modelli basati su features ingegnerizzate, suggerendo che, nonos-
tante il potenziale vantaggio di eliminare ’estrazione manuale delle features, tale approccio



possa ancora essere limitato se comparato con un approccio classico.

In conclusione, questo studio evidenzia il potenziale dei foundation models nella risoluzione di
problemi complessi in ambito clinico, concentrandosi sulla predizione della sepsi nei neonati,
offrendo una promettente alternativa ai metodi di machine learning tradizionali. I risultati
ottenuti rappresentano un passo importante verso lo sviluppo di sistemi di supporto deci-
sionale piu robusti e adattabili, favorendo una migliore cura dei pazienti in ambienti clinici
caratterizzati da risorse limitate.

Parole chiave: sepsi, machine learning, time series classification, foundation models, zero-
shot learning, few-shot learning
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Chapter 1

Introduction

1.1 Aims and scope

1.1.1 Background and motivation

Sepsis remains a leading cause of neonatal morbidity and mortality, contributing to over half
a million deaths annually worldwide [1]. Despite advances in neonatal care, its early iden-
tification remains a significant challenge. Detection and prompt initiation of antimicrobial
therapy, along with supportive interventions, are crucial for improving clinical outcomes [2].
However, current diagnostic approaches, which rely on clinicians’ evaluation of risk factors,
clinical signs, and biomarkers, suffer from limited precision [3|. As a result, the start of
treatment is often delayed, while other patients are unnecessarily exposed to antibiotics,
contributing to antimicrobial resistance and potential adverse effects [4].

Given the complex and non-specific presentation of neonatal sepsis, clinicians face substan-
tial diagnostic uncertainty in practice. Sepsis is a highly heterogeneous syndrome with no
single defining clinical pattern, and its manifestation in neonates can overlap with other
common neonatal conditions [5|. This clinical ambiguity, combined with the lack of uni-
versally accepted diagnostic guidelines or treatment procedures [4|, poses serious challenges
for the development of rule-based decision support tools. In this context, the integration
of automated, data-driven solutions becomes increasingly important to assist clinicians in
recognizing early signs of sepsis and guiding timely intervention.

Machine Learning (ML)-based predictive models have been proposed to enhance early sepsis
detection, yet their performance remains constrained by several factors [6-10]| Sepsis is a
highly heterogeneous syndrome with no single defining biomarker, making it difficult to es-
tablish a consistent predictive signature [4|. This challenge is further exacerbated in neonates,
whose physiology is dynamic and rapidly evolving. The absence of standardized clinical def-
initions, the high inter-individual variability in physiological parameters, and the impact of
gestational age on biomarker expression introduce additional complexities. Furthermore, the



low temporal resolution of the available clinical data limits the ability of predictive models
to capture subtle patterns indicative of sepsis onset. Another critical limitation is the lack
of large, standardized datasets collected across multiple clinical centers. Existing studies
primarily focus on single-center or limited-cohort datasets, raising concerns about model
generalizability and external validity [6].

Addressing these challenges requires a paradigm shift towards more advanced modeling ap-
proaches capable of capturing the intricate, non-linear relationships within high-dimensional,
heterogeneous clinical data. Traditional ML models, characterized by relatively simple and
lightweight architectures, often exhibit limited capacity to capture the complex and dy-
namic nature of physiological processes. This limitation becomes particularly pronounced
in high-variability clinical scenarios such as neonatal sepsis, where vital signs evolve rapidly
and clinical presentations are highly heterogeneous. In such contexts, more advanced ap-
proaches are required to effectively integrate multimodal clinical inputs, model temporal
dependencies, and generalize across diverse patient populations. The adoption of these so-
phisticated methodologies holds the potential to markedly enhance predictive performance,
thereby enabling earlier and more reliable identification of neonatal sepsis and improving
clinical outcomes.

Foundation Models (FM)s emerge as a promising solution to these limitations. FMs are
large-scale, pre-trained architectures designed to generalize across a wide range of down-
stream tasks by leveraging broad representations learned from extensive datasets [11]. FMs
support task generalization, allowing a single model to be applied across multiple diagnostic
or prognostic tasks. This intrinsic flexibility not only reduces development time but also
eliminates the need for extensive retraining [12]. As a result, FMs are particularly advanta-
geous in healthcare settings, where data scarcity is a pervasive challenge, especially in the
context of rare diseases such as neonatal sepsis [13]. Their ability to generalize from prior
knowledge enables effective adaptation to new tasks even in the absence of large labeled
datasets, addressing one of the most critical limitations of traditional ML approaches. Their
robustness to distribution shifts, whether temporal, institutional, or demographic, enhances
their applicability in real-world settings where clinical practices and patient populations
vary [14]. Moreover, FMs provide a framework for multimodal data integration, allowing the
combination of structured clinical variables, physiological time series, imaging, and textual
notes into a unified representation [11|. This capability may foster a more holistic view
of the patient’s condition, aligning closely with the decision-making processes of clinicians.
Collectively, these advantages position FMs as a transformative tool in the development of
clinical decision support systems for neonatal sepsis and beyond.

1.1.2 The ADONIS project

The Accelerating Detection Of Neonatal sepsIS (ADONIS) project, funded by the Swiss
Personalized Health Network (SPHN), aims to advance the early detection of neonatal sep-
sis through data-driven approaches. This interdisciplinary initiative brings together experts



from Lausanne University Hospital (CHUV), the University Hospital of Zurich (USZ), and
the University Children’s Hospital Zurich (KiSpi). The primary objective of the project is to
establish the largest neonatal sepsis cohort in Switzerland, enabling a comprehensive inves-
tigation of sepsis phenotypes and improving neonatal sepsis care through the development
of a highly adaptive ML-based tool for early and accurate detection.

ADONIS leverages the SPHN framework and infrastructure to harmonize and analyze high-
resolution, multi-dimensional clinical data. With an unprecedented level of granularity,
encompassing over 800 clinical and laboratory variables recorded at intervals as frequent
as every minute, the project seeks to characterize the physiological alterations preceding
the clinical manifestation of sepsis. By systematically capturing these early physiological
changes, ADONIS aims to refine risk stratification, enhance early recognition, and ultimately
support timely clinical decision-making.

Within this context, the present research is conducted as part of the ADONIS initiative.
The findings generated through this research are expected to contribute to the broader
objectives of the project by refining methodologies for early sepsis detection and advancing
the integration of ML-driven tools into neonatal intensive care settings.

1.1.3 Objectives and contributions of this thesis

The primary objective of this thesis is to evaluate the potential of state-of-the-art models,
in particular FMs, to improve early onset sepsis prediction. Their ability to encode rich,
and transferable features positions them as promising tools for complex clinical applications.
This study specifically investigates whether such models can outperform traditional ML
approaches by more effectively navigating the multidimensional structure of clinical data,
accounting for the substantial intra- and inter-patient variability of neonatal populations,
and maintaining robust predictive performance in the presence of population and temporal
distribution shifts.

To achieve this, two distinct FM-based approaches are explored. The first approach involves
processing raw clinical time series using FORMED, a foundation model specifically designed
for time series classification [15|. By operating directly on raw signals, this method aims to
eliminate the reliance on manual feature engineering, a process that is often labor-intensive
and time-consuming. The second approach focuses on tabular data and employs TabPFN;,
a foundation model tailored for tabular prediction tasks [16]. TabPFN leverages in-context
learning and prompt-based conditioning to achieve high adaptability across diverse clinical
scenarios.

A further objective of this thesis is to externally validate the sepsis prediction models de-
veloped at CHUV within a multicentric setting. This validation will involve clinical data
from two additional hospitals in Switzerland, ensuring a comprehensive assessment of models
performance in different institutional contexts.

To systematically assess the clinical applicability of FMs, this study proposes a comprehen-



sive evaluation framework designed to simulate realistic clinical scenarios. The framework
includes experimental setups that reflect critical constraints commonly encountered in clin-
ical practice, such as limited data availability and distribution shifts across centers. This
design enables an in-depth analysis of the strengths and limitations of the proposed FM-based
approaches, providing valuable insights into their potential for real-world implementation.
Unlike many recent studies that focus primarily on performance benchmarks using standard-
ized datasets [17-19], this work emphasizes the importance of evaluating models in conditions
that closely resemble actual clinical environments. In fact, while benchmark datasets can
offer insights into average performance, they often overlook key operational challenges, such
as model usability and integration feasibility, that are essential for clinical adoption.

The proposed evaluation not only highlights the advantages of FMs in terms of adaptability,
robustness, and scalability, but also surfaces important limitations that must be addressed
for their successful deployment. In doing so, this study lays the groundwork for a more
informed and clinically meaningful application of FMs in neonatal care and contributes to
fostering clinician trust in emerging Al-driven tools bridging the gap between ML research
and clinical practice.



1.2 Literature review

1.2.1 Neonatal sepsis: clinical aspects and challenges

Sepsis is a complex and heterogeneous syndrome, characterized in both adults and children
by a dysregulated host response to infection [2]. According to the first Global Burden of
Disease report published in 2020, sepsis affects approximately 50 million individuals annually,
leading to more than 11 million deaths worldwide [1].

The neonatal period, defined as the first 28 days of life, represents the highest lifetime
risk for sepsis, accounting for over 400,000 annual deaths worldwide. This life-threatening
condition manifests in newborns as a systemic inflammatory response to bacterial, viral, or
fungal infections, with bloodstream infections constituting the most frequent presentation.
In Switzerland, population-based studies estimate an incidence of 1.43 cases per 1,000 live
births, demonstrating the substantial burden of this condition even in high-resource settings
[20].

The pathophysiology of neonatal sepsis evolves through sequential phases: initial microbial
invasion, systemic inflammatory response, and potential progression to septic shock and
multi-organ failure. Preterm infants face heightened vulnerability due to immature immune
systems, compromised skin/mucosal barriers, and frequent requirement for invasive medical
devices. Term infants demonstrate greater immunological competence but remain susceptible
to specific pathogens like Group B Streptococcus (GBS) through vertical transmission [20].

The clinical landscape of neonatal sepsis is shaped by two distinct entities: Early-Onset
Sepsis (EOS) and Late-Onset Sepsis (LOS), each with unique epidemiological profiles, risk
factors, and outcomes.

Early-Onset Sepsis (EOS)

Early-onset sepsis (EOS) is defined by its occurrence within the first 72 hours after birth. In a
Swiss cohort study, the estimated national incidence of EOS was 0.28 per 1000 live births [20].
The primary route of infection is vertical transmission from mother to infant during labor
and delivery. GBS and Escherichia coli have been idenfied as the most frequently implicated
pathogens, accounting for 38% and 23% of episodes, respectively [20]. However, the specific
causative agent often correlates with the gestational age of the infant. Term infants are more
likely to contract EOS from GBS, typically presenting as primary bloodstream infections
without maternal chorioamnionitis. Conversely, preterm infants are more susceptible to E.
coli infections, which often have a strong association with maternal chorioamnionitis. This
study indicates that clinically defined maternal chorioamnionitis was observed in 37% of
EOS cases, including 70% and 24% of cases caused by E. coli and GBS, respectively, and
affected almost exclusively preterm infants (94%) [20]. EOS carries a significant mortality
rate, reaching 18%, with risk stratification heavily influenced by birth weight categories.
Extremely low birth weight infants (<1000g) face 4.6-fold higher sepsis incidence compared
to term counterparts, compounded by frequent respiratory failure (63% requiring mechanical
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ventilation) and septic shock (22%)[20].

Late-Onset Sepsis (LOS): hospital vs community acquisition

Late-onset sepsis (LOS) is characterized by infections manifesting beyond 72 hours after
birth. This condition affects up to 20% of extremely preterm newborns. In the most prema-
ture infants, case-fatality rates can reach 50%, depending on the causative pathogen [21-23].
It is further subdivided into Hospital-Acquired LOS (HA-LOS) and Community-Acquired
LOS (CA-LOS), based on whether the infection is contracted within a healthcare setting or
in the community. In Switzerland, the estimated national incidence of Hospital Acquired
LOS (HA-LOS) and Community Acquired LOS (CA-LOS) was 0.86 and 0.28 per 1000 live
births, respectively [20].

Hospital-Acquired LOS (HA-LOS) Hospital-Acquired LOS (HA-LOS) primarily af-
fects preterm infants, with a median gestational age of 29 weeks. It is often associated with
significant comorbidities and prolonged stays in the Neonatal Intensive Care Unit (NICU).
The predominant pathogens in HA-LOS differ from those in EOS, with Coagulase-Negative
Staphylococci (CoNS) being the leading cause, accounting for 40% of episodes, followed by
S. aureus (16%) and E. coli (16%) [20]. Risk factors for HA-LOS include central venous
catheterization (OR 4.2) and prolonged NICU stay (>14 days). The mortality rate is 12%,
with extreme prematurity and septic shock being key prognostic determinants [20].

Central Line-Associated Bloodstream Infections (CLABSI) represent a critical iatrogenic
complication, accounting for 47% of HA-LOS cases. These infections develop when pathogens
colonize intravascular catheters, with CoNS and Staphylococcus aureus being predominant
culprits. CLABSI patients typically exhibit extreme prematurity (gestational age <28
weeks), prolonged hospitalization, and multiple comorbidities requiring intensive care sup-
port [20].

Community-Acquired LOS (CA-LOS) Community-Acquired LOS (CA-LOS) primar-
ily affects term male infants, with a male:female ratio of 3:1. The pathogen profile also
differs, with GBS (30%), E. coli (24%), and S. pneumoniae (11%) being the most common.
The clinical presentation of CA-LOS often involves meningitis (23%) and urinary tract in-
fections (18%) [20]. In the Swiss cohort, mortality was 0%, reflecting later onset and more
robust host defenses.

Advancements in obstetric care have contributed to a decline in perinatal infections, reduc-
ing the incidence of EOS in high-income countries. However, this positive trend has been
accompanied by a marked increase in healthcare-associated infections, particularly among
preterm and critically ill term neonates, who now represent a growing proportion of NICUs
population. As a result, HA-LOS has emerged as the most prevalent form of neonatal sepsis
in these settings. In light of this epidemiological transition, the present study specifically
targets HA-LOS cases, with the objective of developing a clinical decision support tool opti-
mized for the early detection of sepsis in this high-risk subgroup. By focusing on HA-LOS,



the study aims to address the most pressing clinical need in current neonatal care, where
timely diagnosis remains critical for improving outcomes. Furthermore, survivors of neona-
tal sepsis are at risk of long-term complications, including cerebral palsy, as well as visual,
auditory, and cognitive impairments [24]. As a result, neonatal sepsis imposes a significant
medical, societal, and economic burden.

Limitation in the diagnosis of neonatal sepsis

Neonatal sepsis appears with non-specific clinical signs, making it particularly difficult to dif-
ferentiate from non-infectious conditions and other pathologies with overlapping symptoms.
One such condition is Necrotizing Enterocolitis (NEC), which shares several clinical features
with sepsis, including apnea, lethargy, temperature instability, and feeding intolerance [20].
This symptomatic overlap further complicates early recognition and can delay appropriate
treatment. Sepsis is further characterized by rapid progression to multi-organ dysfunction,
high mortality, and significant morbidity [25]. At symptom onset, commonly used labora-
tory tests, such as white blood cell indices and acute phase reactants, exhibit low positive
predictive value for neonatal sepsis [26]. Additionally, blood cultures, the gold standard
for diagnosing bloodstream infections, require 12-36 hours to yield results and have limited
sensitivity [27]. These diagnostic limitations, combined with the subtle and often ambiguous
early clinical signs, can delay recognition and lead clinicians to adopt a low threshold for
initiating empirical antibiotic therapy. Consequently, neonatal infection or "rule out sepsis"
is one of the most frequent diagnoses in neonatal intensive care units, with antibiotics among
the most commonly prescribed medications [28|. However, in the majority of cases, sepsis
is ultimately ruled out, resulting in significant antibiotic overuse. This excessive exposure
increases the risk of colonization with antibiotic-resistant bacteria and disrupts early-life
microbiota, potentially leading to long-term adverse health effects [29].

The prediction and definition of organ dysfunction in newborns remain challenging due to
the complex and dynamic physiological changes occurring during early life [30]. Additionally,
factors such as gestational age, congenital conditions unique to this population, and medical
interventions required to sustain vital functions in preterm neonates significantly influence
organ function. These complexities contribute to the lack of a universally accepted definition
of neonatal sepsis [4]. Most studies define sepsis based on bloodstream infections confirmed
by a positive blood culture, as bacteremia and the associated inflammatory response can
harm the developing brain and lead to lifelong disabilities, even in the absence of detectable
organ dysfunction [24]. Furthermore, dysfunction of the respiratory and cardiovascular sys-
tems significantly increases mortality and morbidity in neonates with bloodstream infections
[31], underscoring the importance of early diagnosis and treatment before the onset of clini-
cally apparent organ dysfunction.

In this context, the development and clinical integration of advanced diagnostic systems
capable of managing multiple pathologies with overlapping clinical presentations, including
both sepsis and NEC, could prove highly beneficial. These systems may offer more accurate,
early differentiation between conditions, reduce diagnostic uncertainty, and support timely,



targeted therapeutic decisions, thereby improving outcomes and reducing unnecessary inter-
ventions.

HeRO Score

Among the most advanced predictive monitoring tools currently employed, the Heart Rate
Observation (HeRO) score has emerged as a state-of-the-art approach for identifying neonates
at risk of sepsis. Developed through the analysis of electrocardiogram (ECG) data acquired
from bedside monitors, the HeRO score quantifies subtle alterations in heart rate character-
istics (HRC), specifically decreased variability and transient decelerations, which are often
indicative of early-stage sepsis. These computed features are transformed into a single nu-
merical index, reflecting the fold increase in a patient’s probability of experiencing clinical
deterioration due to sepsis within the subsequent 24 hours [32].

The efficacy of the HeRO score has been demonstrated in a multicenter randomized trial
involving 3,003 very low birth weight infants, in which the continuous display of the score
to clinicians resulted in a more than 20% reduction in mortality. By serving as an early
warning system, the HeRO score enables timely clinical decision-making, allowing for earlier
therapeutic interventions that improve patient prognosis. This outcome underscores the
transformative potential of predictive monitoring in neonatal care, positioning the HeRO
score as a pivotal advancement in sepsis detection and management [32].

Limitations of the HeRO Score and challenges in clinical implementation While
the integration of the HeRO score into NICU protocols represents a significant advancement
in predictive monitoring, its clinical adoption remains restricted to a limited number of
hospitals, including CHUV. Several factors hinder its widespread implementation in routine
neonatal care.

One of the primary limitations of the HeRO score is the reliability of its predictions. While
studies have demonstrated its utility in predicting nosocomial infections in neonates, prospec-
tive research has also highlighted its false positives rate [3]. Although an elevated HeRO
score often precedes the clinical manifestation of sepsis, enabling timely medical interven-
tion, the high false positive rate raises concerns [32]. An excessive number of false alarms
not only increases the workload for healthcare staff but may also lead to a well-documented
phenomenon known as alarm fatigue. Alarm fatigue arises when clinicians are repeatedly
exposed to spurious alerts, leading to desensitization and a diminished sense of urgency in
responding to subsequent alarms, which can result in delayed or missed responses to critical
events. This phenomenon can have critical implications for patient safety, particularly in
the context of sepsis detection, where early intervention is essential. Thus, when developing
a predictive model for clinical use, it is essential to establish an acceptable false alarm rate
in consultation with clinicians. Nonetheless, in the event of a false positive, physicians can
still assess the patient’s condition and act accordingly. For instance, if a neonate is not
intubated, does not have a catheter, or is nearing discharge, the clinician may reasonably
choose to disregard the alert.



A second major barrier to the broader adoption of the HeRO score is its cost. The system
is marketed as an additional device that must be integrated with existing ECG monitoring
equipment. This financial burden limits its accessibility in many healthcare settings. Con-
sequently, the development of a predictive model capable of detecting sepsis using routinely
collected hospital data could offer a more cost-effective alternative. Such an approach has the
potential to improve neonatal care by reducing false alarms while simultaneously lowering
implementation costs.

1.2.2 Necrotizing Enterocolitis (NEC)

Together with sepsis, NEC represents one of the most critical conditions that significantly
contributes to morbidity and mortality in NICUs, with mortality rates exceeding 50% in
extremely low birth weight infants requiring surgical intervention [33]. Like sepsis, NEC
is a life-threatening syndrome characterized by a highly heterogeneous clinical presentation
and a multifactorial pathogenesis. While sepsis results from systemic infection and dysreg-
ulated immune response, NEC involves severe intestinal inflammation and necrosis, often
co-occurring or overlapping with septic states, complicating both diagnosis and manage-
ment. Similar to sepsis, the pathogenesis of NEC is multifactorial, involving immature in-
testinal defenses, dysbiosis of the gut microbiota, and dysregulated immune responses, which
collectively create a "perfect storm" for mucosal injury [34]. Despite advances in neonatal
care, NEC continues to challenge clinicians due to its unpredictable onset, diagnostic ambi-
guities, and long-term problems such as neurodevelopmental delays and short-gut syndrome
[35].

NEC typically manifests within the first two weeks of life, with symptoms ranging from
feeding intolerance and abdominal distension to fulminant septic shock [33, 35|. The mod-
ified Bell staging system remains the cornerstone for diagnosis and severity classification
[33]. Stage I (suspected NEC) presents with nonspecific signs such as temperature instabil-
ity and gastric residuals, whereas Stage II (definite NEC) includes radiographic evidence of
pneumatosis intestinalis or portal venous gas. Stage 111 (advanced NEC) is characterized by
intestinal perforation, pneumoperitoneum, and hemodynamic instability necessitating surgi-
cal intervention [33].

Imaging plays a pivotal role in diagnosis. Abdominal radiographs revealing pneumatosis in-
testinalis have 44-72% sensitivity, while ultrasonography improves detection of portal venous
gas and intramural fluid collections [35|. However, diagnostic ambiguity persists, as NEC-like
symptoms can overlap with sepsis or spontaneous intestinal perforation. A study conducted
on Swiss cohort highlights the significant burden of NEC in neonates with LOS [20]. Among
the infections analyzed, NEC accounted for approximately 6% of all LOS cases, with the
majority of these cases being HA-LOS rather than CA-LOS. Notably, NEC was associated
with an increased risk of mortality, with a hazard ratio of 1.91 (95% CI: 0.51-7.10) compared
to other infection sites.



1.2.3 Machine learning for neonatal care

Novel approaches to improve recognition of neonatal sepsis are leveraging advances in tech-
nology, particularly in the fields of biomarker discovery, non-invasive monitoring, and ma-
chine learning. Recent advancements in ML technology offer an unprecedented capacity to
analyze the vast amounts of multidimensional data collected daily as a by-product of care
and to model complex problems. This provides unique opportunities to identify patterns
and insights that clinicians might miss, improving the detection of conditions where diag-
nostic accuracy is still a challenge. Additionally, ML technology supports the development
of advanced clinical decision support systems, enhancing the efficiency and effectiveness of
healthcare delivery.

Recent advances in ML have demonstrated significant potential for early sepsis detection in
preterm infants by analyzing high-resolution physiological signals. Traditional approaches
such as logistic regression, Naive Bayes, and k-Nearest Neighbors (kNN), have been explored,
with moderate success in classifying sepsis versus control cases based on physiological mon-
itoring signals [9, 10, 36]. These models achieved a mean accuracy of 79% and precision of
82% when identifying sepsis 3 hours before clinical deterioration, highlighting their capacity
to detect subtle physiological shifts preceding overt symptoms [6]. More recently, advanced
algorithms, including Extreme Gradient Boosting (XGBoost), have demonstrated improved
predictive performance by leveraging high-resolution time-series data. In [7], Peng et al.
achieved an Area Under the Receiver Operating Characteristic curve (AUROC) of 0.88,
demonstrating its effectiveness in combining multiple physiological features. In another
study, an explainable ML model has been developed for predicting both LOS and NEC,
delivering hourly risk assessments with a median time gain of up to 10 hours before clinical
diagnosis [10]. Despite these encouraging results, comparing predictive performance across
studies remains inherently challenging due to significant variability in study design, model
evaluation protocols, and patient cohorts. Many of the existing studies rely on relatively
small, single-center datasets, which limits generalizability and hinders cross-study compar-
isons [6, 7, 10]. To the best of our knowledge, a large, standardized cohort of neonatal sepsis
cases suitable for rigorous model benchmarking has yet to be established, underscoring the
need for multicenter studies and harmonized data collection efforts.

A critical aspect of sepsis prediction models is the selection of relevant features that re-
flect early physiological alterations. Studies have consistently highlighted the importance of
Heart Rate Variability (HRV), respiratory parameters, and motion features, which are de-
rived from continuous physiological monitoring. Changes in HRV have been widely studied
as early indicators of sepsis. Reduced variability and transient decelerations often precede
clinical deterioration, reflecting autonomic nervous system dysregulation [9]. In [8], Leén
et al. introduced a novel approach for early detection of LOS in preterm infants, leverag-
ing visibility graph (VG) analysis of HRV data. Beyond traditional HRV measures, they
incorporated VG indices (mean degree, clustering coefficient, transitivity, assortativity) to
capture the complexity of HRV dynamics. The results demonstrated that logistic regression,
using a feature set including VG features, achieved an AUROC of 87.7% in the six hours
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preceding the start of antibiotics, with predictive potential (AUROC above 70%) as early
as 42 hours before the start of antibiotics. Respiratory instability, characterized by an in-
creased tendency towards apnea, irregular breathing patterns, and altered oxygen saturation
levels, is another key marker of sepsis. Several studies have incorporated features such as
respiratory rate variability, inspiration-to-expiration ratio, and entropy measures of respira-
tory waveforms to enhance prediction models [6]. Lethargy, or the absence of normal infant
movement, is a well-documented clinical sign of sepsis. Studies have developed methods
to derive motion-related features from electrocardiogram (ECG) and chest impedance (CI)
signals, quantifying movement patterns and their disruptions. Features such as cumulative
motion duration, frequency of motion events, and signal entropy have demonstrated predic-
tive value [7|. Although integrating motion features with HRV and respiratory parameters
has been shown to significantly improve the predictive capabilities of the model, the perfor-
mance of these motion features was poorer. The cause could be attributed to the nature of
the ECG signal since during the acquisition process the signal is processed to filter out any
motion-related artifacts [9].

However, these models highly rely on the extracted features based on domain knowledge, with
a good model interpretability but at the cost of loosing opportunities to uncover unknown
but potentially essential information. Another notable approach is the use of deep learning-
based models, which can automatically extract relevant patterns from raw physiological
data, reducing the reliance on handcrafted features. While these models hold promise, their
complexity and the need for large, high-quality datasets remain key challenges.

Convolutional Neural Networks (CNN) have emerged as a powerful class of models for learn-
ing spatial and temporal patterns from physiological time series. In the context of neonatal
sepsis prediction, Peng et al. proposed DeepLOS [37]|, a CNN-based model specifically de-
signed for sepsis prediction using only heart-related signals. The study included 128 preterm
infants, of whom 60 had blood-culture-proven LOS, and was evaluated using a 5-fold patient-
independent cross-validation strategy. DeepLOS achieved an AUROC of 0.77 on the full
dataset and 0.67 on an age-matched subset, outperforming a baseline ResNet model without
attention mechanisms. These results highlight the effectiveness of CNN-based models in
leveraging HRV patterns for early sepsis detection.

In contrast, Recurrent Neural Networks (RNNs), and particularly their advanced variants
such as Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU) networks, have
proven highly effective in modeling temporal dependencies within sequential data. These
architectures have been shown to be particularly suitable for the analysis of physiological
signals, where long-term dependencies may contain critical diagnostic information. Notably,
Leon et al. investigated the use of RNNs for early detection of LOS, employing a feature-
based approach instead of directly processing raw signals [38]. Their model incorporated a
combination of both LSTM and GRU layers. The model was trained on a dataset of 259
infants, utilizing HRV-derived features as input instead of raw heart rate waveforms. By
incorporating handcrafted features extracted from HRV signals, the model aimed to capture
temporal trends associated with sepsis onset. Their model demonstrated strong performance
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in sepsis prediction, achieving an AUROC of 90.4% when identifying LOS up to six hours
prior to clinical diagnosis. This result highlights the potential of RNN-based architectures
to effectively capture temporal dependencies in structured physiological data for early sepsis
detection.

Limitations of using machine learning for sepsis detection

Numerous studies in both adults and children have sought to identify predictive signatures
of sepsis based on specific patterns of clinical and biological alterations [39, 40|. However,
only a small subset of these studies have demonstrated sufficient predictive performance to
support clinical implementation. Among the ML-based sepsis alert systems that have been
integrated into bedside care, randomized controlled trials and post-implementation studies
have shown limited patient benefit [40]. In some cases, these tools have even resulted in
unintended negative consequences, such as alarm fatigue, unnecessary sepsis evaluations,
and antibiotic overuse.

Several factors contribute to the modest performance and lack of clinical translation of these
models. First, many algorithms are developed under the assumption of a universal sepsis
signature, despite sepsis being a highly heterogeneous syndrome with distinct clinical and
biological subtypes [5, 41, 42]|. The lack of well-defined sepsis phenotypes, combined with
the inclusion of both suspected and confirmed infection cases, reduces the signal-to-noise
ratio, further complicating model development. Second, distinguishing sepsis-related alter-
ations from normal physiology and inflammatory responses is particularly challenging in
neonates due to the profound physiological changes occurring during the transition to ex-
trauterine life and postnatal development, as well as the influence of preexisting conditions
and comorbidities. The failure to account for this evolving physiology represents a significant
limitation in the design of neonatal sepsis prediction models. Third, many predictive models
have been trained on limited patient cohorts [6, 43|, or a restricted set of clinical variables
[8, 9, 36|, limiting their robustness and applicability. Despite their predictive potential,
these features which were typically used present challenges. HRV can be influenced by ges-
tational age and other comorbidities, respiratory instability may arise from non-infectious
causes, and motion-related signals can be affected by external factors such as caregiver in-
terventions. These limitations highlight the need for robust models capable of distinguishing
sepsis-specific patterns from normal physiological variability. Furthermore, training models
using data obtained only after sepsis becomes clinically apparent offers minimal added value
for clinicians. Fourth, due to the inherent difficulty of assembling harmonized, high-quality,
multicentric neonatal datasets, many existing studies rely on single-center databases [6, 9],
which raises concerns regarding model generalizability. Finally, overrepresentation of sepsis
cases in training datasets and the use of inappropriate performance metrics for imbalanced
data, such as accuracy, often lead to an overestimation of model effectiveness [8, 38|. Address-
ing these challenges is critical for advancing the clinical applicability of ML-based neonatal
sepsis prediction models.

Therefore, adopting a FM approach may offer a potential solution to several of the limita-
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tions associated with traditional machine learning models. Rather than relying on a fixed,
universal signature of sepsis, FMs could support the identification of distinct patient sub-
populations and disease phenotypes, thereby facilitating the recognition of sepsis endotypes.
This capacity to cluster similar patterns of physiological perturbation may enhance early
detection while reducing false positives and avoiding unnecessary interventions. Further-
more, the adaptability of FMs to different hospitals, populations, and clinical settings could
improve robustness to distribution shifts [14, 44], one of the key challenges faced by conven-
tional ML models trained on single-center datasets. While further validation is necessary,
these characteristics suggest that FMs might enable the development of scalable and flexible
patient representations, with the potential to improve the accuracy, generalizability, and
clinical relevance of decision-support systems for neonatal sepsis.

1.2.4 Foundation models in healthcare

The rapid evolution of Artificial Intelligence (AI) in healthcare has ushered in a new paradigm
centered on FMs. Models of this kind, epitomized by breakthroughs like ChatGPT in natural
language processing [45] and AlphaFold in protein structure prediction [46], are now being
actively explored for their potential to revolutionize clinical decision-making, operational
efficiency, and patient outcomes. In the context of Electronic Health Records (EHRs), foun-
dation models aim to unify structured data (e.g. lab values, diagnoses) and unstructured
clinical text (e.g., progress notes, radiology reports) into cohesive representations that enable
robust predictions and insights.

Foundation models

The advent of FMs represents a paradigm shift in Al, offering unprecedented versatility in
adapting ML systems to solve multiple tasks and opening new possibilities for various appli-
cations, including healthcare. Defined as "models trained on broad data at scale that can be
adapted to a wide range of downstream tasks” [11], FMs are characterized by their ability to
learn from vast amounts of diverse data and adapt to a large range of downstream tasks with
minimal task-specific training. These systems serve as a versatile base for numerous appli-
cations, offering a promising approach for tackling complex problems like sepsis prediction
in neonatal care.

FMs are characterized by an initial training on massive unlabeled datasets using objectives
that force the system to infer missing information. For text, this includes masked lan-
guage modeling [47] where the model predicts obscured words from context. Vision-language
models like CLIP [48] extend this paradigm by learning joint embeddings from image-text
pairs, demonstrating that cross-modal pretraining enhances generalization. Large models like
GPT-3 [45] with 175 billion parameters exhibit emergent few-shot learning abilities absent
in smaller variants. These unprecedented adaptive capabilities can be attributed to the scal-
ability of the new architectures used to define such models, transformers above all [49], the
diversity and sheer volume of datasets used during the model train, and the computational
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resources available [11].

One of the most remarkable aspects of foundation models is their capacity for few-shot and
zero-shot learning. Few-shot learning allows the model to perform well on new tasks with
only a small number of examples, called "shots", while zero-shot learning enables the model
to tackle entirely new tasks without any specific training examples. The ability to perform
tasks without explicit training examples (zero-shot) or with minimal demonstrations (few-
shot) emerges from the model’s pretraining on diverse data distributions. For instance,
GPT-3 achieves competitive performance on clinical question answering by conditioning on
relevant context passages [45]. In [11], Bommasani et al. hypothesize that this capability
stems from the model’s internal representation space capturing latent relationships between
medical concepts during pretraining.

These capabilities could prove particularly valuable in medical applications where labeled
data may be scarce or difficult to obtain [50]. In sepsis prediction, for example, few-shot
learning could enable rapid adaptation to neonatal populations with distinct physiological
baselines. At least in theory, such models, pretrained on heterogeneous patient data, might
infer risk patterns from few examples of confirmed cases, significantly reducing data collection
burdens.

In the realm of healthcare, foundation models are can be categorized into Clinical Language
Models (CLaMs) and Foundation models for Electronic Medical Records (FEMRs) [13].

CLaMS

Clinical Language Models (CLaMs) are a specialized class of Large Language Models (LLMs)
tailored to process and generate biomedical text. Unlike general-purpose LLMs like GPT-
4 [51], which are trained on internet-scale corpora, CLaMs undergo domain-specific pre-
training on clinical notes, scientific literature, and medical ontologies [13]. This specialization
enhances their ability to parse jargon-laden narratives, extract entities (e.g., medications,
diagnoses), and generate contextually accurate text. These capabilities are critical for ap-
plications such as automated documentation, patient communication, and decision support.

CLaMs typically employ transformer-based architectures, which use self-attention mecha-
nisms to model long-range dependencies in text. For example, models like BioBERT [19]
and ClinicalBERT [52] are initialized with weights from general-domain BERT [47| and fine-
tuned on clinical text from MIMIC-III or proprietary hospital datasets. In recent years,
research in medical Al has shifted from specialized models toward large-scale CLaMs, lever-
aging extensive pretraining to enhance adaptability and performance across diverse medical
tasks. Two notable models leading this shift are MEDITRON-70B [17] and Med-PaLM [53],
each contributing uniquely to the field. MEDITRON-70B, an open-source model, builds on
Llama-2-70B, further pre-trained on a specialized medical corpus including PubMed articles,
clinical guidelines, and general-domain texts. Med-PaLM, developed by Google Research, is
a closed-source model based on PalLM (540B parameters) and fine-tuned for medical tasks
via instruction prompt tuning. However, as noted in [13], human evaluations indicated that
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while impressive, most of these models are trained on narrowly scoped datasets, limiting
their utility for tasks requiring cross-institutional generalization.

CLaMs for time series analysis Based on the astonishing performance achieved by
CLaMs, recent advancements have explored the adaptation of LLMs for time series analysis
in healthcare. A notable example is MedTsLLM, introduced by Chan et al., which leverages
the power of pretrained LLMs to analyze multimodal medical time series data [54]. This in-
novative approach treats both language and time series as sequences with similar underlying
patterns, enabling the model to harness the extensive knowledge and reasoning capabilities
of LLMs for complex physiological signal analysis. MedTsLLM employs a reprogramming
layer to align embeddings of time series patches with the pretrained LLM’s embedding space,
effectively integrating raw time series data with rich contextual information in the form of
text [54]. This framework not only performs traditional classification tasks but also extends
to more nuanced analyses such as semantic segmentation, boundary detection, and anomaly
detection in physiological signals. By incorporating patient-specific information into the text
prompts and developing novel methods to handle multiple covariates, MedTsLLM demon-
strates superior performance across various medical domains, including electrocardiograms
and respiratory waveforms [54]. This approach represents a significant step forward in har-
nessing the potential of LLMs for medical time series analysis, offering a more holistic and
context-aware method for interpreting complex physiological data.

FEMRs

Foundation Models for Electronic Medical Records (FEMRs) are large-scale Al pretrained
models designed to process structured EHRs data like sequences of diagnoses, medications,
lab results, and procedures, into unified patient representations. These embeddings con-
dense a patient’s medical history into fixed-dimensional vectors, enabling predictions across

hundreds of endpoints (e.g., readmission risk, treatment response) using simple downstream
models [13].

FEMRs typically use transformer architectures to model temporal sequences. In [18], Li
et al. introduced BEHRT, a model that processes International Classification of Diseases
(ICD) codes, globally used to represent diagnoses and medical conditions in EHRs, as token
sequences, analogous to words in a sentence, enabling the prediction of future diagnoses.
Other approaches, tried to integrate structured data with clinical text using multimodal
transformers [55]. A key challenge, however, is the heterogeneity of EHRs data: lab values,
vital signs, and free-text notes vary in frequency, scale, and semantic meaning, complicat-
ing the creation of cohesive input representations [13|. Recent advancements have pushed
the boundaries of healthcare AI with models capable of processing complex, multimodal
electronic health data. A groundbreaking example is ETHOS, introduced by Renc et al.,
which represents a significant leap forward in the application of transformer architectures
to healthcare analytics [12]. ETHOS innovatively adapts the transformer model, originally
designed for natural language processing, to analyze high-dimensional, heterogeneous, and
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episodic health data [12]. The model’s core strength lies in its ability to process Patient
Health Timelines (PHTS), represented as detailed, tokenized records of health events, to pre-
dict future health trajectories. ETHOS employs a zero-shot learning approach, eliminating
the need for labeled data or task-specific fine-tuning, which has been a major bottleneck in
healthcare AI deployment. This capability allows ETHOS to perform a wide range of pre-
dictive tasks, from mortality risk assessment to length of stay estimation, without additional
training. The model’s architecture enables it to handle noisy, inconsistent data typical of
real-world electronic health records, demonstrating robustness that is crucial for large-scale
AT applications in healthcare [12]. However, a critical limitation lies in its handling of out-
of-vocabulary (OOV) tokens. The model’s reliance on a fixed vocabulary derived from the
training data means that it struggles to effectively process new or unseen medical concepts,
potentially leading to inaccurate predictions or requiring resource-intensive retraining. This
constraint poses a significant challenge for real-world deployment, particularly in resource-
limited healthcare settings where retraining is often infeasible.

FEMRs for time series analysis Recent advancements in time series analysis have led
to the development of foundation models that leverage large-scale pretraining to enhance
forecasting capabilities. Notable contributions include decoder-only architectures trained
on extensive time-series data, achieving zero-shot forecasting performance comparable to
state-of-the-art supervised models. Chronos introduces a novel approach by tokenizing time
series data similarly to natural language, leveraging transformer-based models to significantly
outperform traditional statistical and deep learning methods [56]. MOMENT extends this
by providing an open-source suite of pretrained models, capturing complex temporal de-
pendencies to improve generalizability across domains [57|. The "One Fits All" approach
explores the transferability of pretrained language models to time series tasks, demonstrat-
ing competitive performance in forecasting, classification, and anomaly detection, with self-
attention mechanisms functioning similarly to principal component analysis [58]. Addition-
ally, TimesFM, a large-scale time series foundation model, has been introduced to generalize
across multiple forecasting benchmarks while leveraging a self-supervised pretraining strat-
egy to enhance adaptability and robustness [59]. Despite these innovations, most of these
models remain primarily focused on forecasting, leaving time series classification relatively
underexplored. Addressing this gap could extend the impact of foundation models to broader
applications, including critical domains such as healthcare.

Limitations of foundation models

Foundation models have garnered significant attention in AI research due to their ability to
generalize across diverse tasks. However, their integration into healthcare, particularly in
high risk settings like NICUs, presents several challenges. NICUs are specialized hospital
departments dedicated to the care of critically ill or premature newborns, where patients are
continuously monitored and clinical conditions can deteriorate rapidly. In such settings, the
application of FMs must be approached with caution, ensuring that their deployment aligns
with strict clinical standards.
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A primary concern is the substantial computational resources required by FMs. Training
and deploying these models necessitate advanced hardware, such as high-performance GPUs,
leading to elevated energy consumption and operational costs. This poses a barrier for health-
care institutions with limited budgets and infrastructure. Models with billions of parameters,
such LLMs, present significant challenges for hospital environments with limited computa-
tional resources. Training or fine-tuning these expansive models is often unfeasible due to the
substantial infrastructure required. Consequently, alternative strategies like prompt tuning
have emerged, allowing adaptation of LLMs to specific tasks without extensive retraining
[60]. Similarly, Retrieval-Augmented Generation (RAG) systems enhance model responses
by integrating external knowledge bases, thereby reducing the need for exhaustive internal
training [61]. However, it’s important to note that even inference operations with these large-
scale models can be resource-intensive, further complicating their practical deployment in
clinical settings.

A significant challenge lies in the lack of comprehensive benchmarks tailored to the complex-
ities of clinical diagnostics. Traditional evaluation metrics often rely on medical question-
answering datasets, which may not accurately reflect the nuanced decision-making processes
inherent in clinical settings. For instance, a study assessed the performance of LLMs in pro-
viding clinical recommendations within the Emergency Department (ED). The researchers
evaluated GPT-4’s ability to predict admission status, radiological investigation requests,
and antibiotic prescriptions based on clinical notes. While the model demonstrated promis-
ing results, achieving accuracies of 86.5%, 41.5%, and 84.0% for the respective tasks. These
results, in addition to being in line with the performance achieved by clinicians, also high-
lighted the challenges LLMs face in complex diagnostic reasoning [62]. Similarly, another
study explored the use of LLMs to assess clinical acuity in the ED by classifying patient
histories based on severity. The model accurately identified higher acuity cases, suggest-
ing potential in triage applications. However, the study underscored that LLMs should
complement, not replace, clinical judgment, emphasizing the necessity for robust evaluation
frameworks to ensure safe integration into clinical workflows [63]

In the realm of time-series analysis, particularly within critical care, the scarcity of large,
well-annotated datasets poses a significant obstacle to model development and assessment.
Addressing this gap, Burger et al. introduced a harmonized dataset combining multiple
critical care datasets to enhance patient diversity and model robustness [44]. This initiative
aims to establish a foundation for training and evaluating large-scale time-series models,
facilitating research into sequence modeling, transfer learning, and generalization across
diverse clinical settings.

One key limitation of FMs in clinical applications is their reduced interpretability. While
their complex, deep architectures contribute to improved predictive performance, they also
obscure the underlying decision-making process compared to traditional ML models. In
clinical settings, where transparency and accountability are critical for trust and adoption,
this lack of interpretability poses a significant barrier. Clinicians must be able to understand,
verify, and justify the model’s predictions, especially when used in high-stakes environments
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like NICUs. To address this issue, explainability tools—such as attention visualization,
must be integrated into the model evaluation pipeline. These tools can help elucidate which
features contribute most to a given prediction, providing essential insights for clinicians and
ensuring that the model’s outputs align with established medical reasoning.

Accessibility also remains a pressing issue. Many FMs are not fully open-sourced; while some
may offer open weights, they often lack complete transparency. In the medical domain, data
privacy regulations further restrict the sharing of models trained on sensitive information,
limiting collaborative advancements and external validation efforts [13].

Certification and regulatory approval of FMs for clinical use present additional challenges.
The European Union’s Artificial Intelligence Act aims to establish a legal framework for Al
applications, including those in healthcare. However, the act’s implications for the certifi-
cation of FMs remain under discussion, highlighting the need for clear guidelines to ensure
their safe and effective deployment in medical settings [64].

In summary, while FMs hold promise for advancing healthcare Al applications, addressing
these limitations is crucial to facilitate their integration into clinical practice.
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Chapter 2

Materials and Methods

2.1 Data and preprocessing

2.1.1 Patients and data acquisition

This study is a retrospective, multicenter investigation conducted in Switzerland and ap-
proved by the Ethics Committee of the Canton de Vaud (CER 2022-00528). The study
enrolled over 15,000 newborns, defined as infants younger than 28 days for those born at
a gestational age of 37 weeks or greater, and as infants with a postmenstrual age, defined
as the sum between gestational age and plus postnatal age, below 44 weeks for those born
before 37 weeks. Patients were drawn from three hospital centers: Lausanne University Hos-
pital (CHUV), University Children’s Hospital Zurich (KiSpi), and University Hospital Zurich
(USZ), with enrollment periods spanning from January 1, 2007 to June 30, 2023, January
1, 2015 to June 30, 2023, and March 25, 2019 to June 30, 2023, respectively. Patients with
any form of consent refusal were excluded from the study.

Table 2.1 summarizes the characteristics of the patient population included in this study. A
notable variation in gestational age distribution was observed across the three participating
centers. Among the two hospitals in Zurich, USZ primarily admits more premature neonates,
with a median gestational age of 35.3 weeks, compared to 36.9 weeks at CHUV. Conversely,
KiSpi treats relatively older neonates, with a median gestational age of 38.4 weeks. This
trend is also reflected in birth weight distributions, as shown in Figure 2.1, which illustrates
the expected correlation between higher gestational age and greater birth weight.

The presence of two hospitals within the same city (Zurich) introduces a potential confound-
ing factor that must be considered when interpreting these data. Unlike Lausanne, where all
neonates are admitted to CHUV, in Zurich, premature infants are initially admitted to USZ
and are later transferred to KiSpi only in cases of severe complications. KiSpi, in contrast
to USZ, is a highly specialized center dedicated to the treatment of neonates and pediatric
patients, handling only the most critical cases or those requiring high-risk surgical interven-
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Table 2.1: Demographic characteristics of neonatal patients across the three centers

Hospital
CHUV KiSpi USZ
(N=11297) (N=1540) (N=2524)

Sex (%)

Female 4851 (42.9%) 668 (43.4%) 1102 (43.7%)

Male 6446 (57.1%) 872 (56.6%) 1422 (56.3%)

Gestational age (weeks)

Mean 36.1 37.7 34.86

Median 36.9 38.4 35.3

90% CI [28 - 41.1] 31.3 - 41.14] [26.1 - 40.9]

Length of stay (days)

Mean 16.8 31.1 16.6

Median 7 17 7

90% CI I1 - 66| 2 - 115.6] [2 - 72.9]

Death (%)

Yes 372 (3.3%) 144 (9.4%) 55 (2.2%)
In-hospital 213 (0.9%) 66 (4.2%) 30 (1.2%)

Birth weight (kg)

Mean 2.185 2.904 1.800

Median 2.090 3.000 1.700

90% CI [0.729 - 3.820] [1.311 - 4.000] [0.635 - 3.410]

Sepsis (%)

Yes 295 (2.5%) 25 (1.6%) 98 (3.9%)
EOS 72 (24.4%) 0 (0%) 40 (40.8%)
LOS 223 (75.6%) 25 (100%) 58 (59.2%)

NEC (%)

Yes 67 (0.6%) 10 (0.6%) 18 (0.7%)

Antibiotics (5 days) (%)

Yes 1298 (11.2%) 401 (25.8%) 216 (8.6%)

tions. As a result, it is not surprising that the gestational age distribution at KiSpi is shifted
toward older neonates. This patient selection bias is further reflected in clinical outcomes,
including higher mortality rates and increased antibiotic usage at KiSpi. As confirmed by
KiSpi’s clinical staff, the complexity of cases managed at their institution, coupled with the
high volume of daily surgical procedures, justifies the extensive use of antibiotics and the
elevated mortality rate. Regarding sepsis prevalence, the overall incidence across all centers
was approximately 3%, which is consistent with previous studies conducted in Switzerland
[20]. The prevalence of LOS was slightly lower, at 2%. A notably lower prevalence of sepsis
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Figure 2.1: Scatter plot of birth weight versus gestational age across the three centers. This
plot highlights differences in patient distributions between centers. Notably, the CHUV
distribution spans both USZ and KiSpi, where patients are more distinctly separated between
the two hospitals.

cases was observed at KiSpi where no cases of EOS were recorded. This pattern is likely at-
tributable to the previously described patient transfer dynamics, where extremely premature
neonates, typically associated with a higher risk of EOS, are primarily treated at USZ before
transfer to KiSpi. An apparent contradiction arises in the data, where higher mortality at
KiSpi coincides with a lower incidence of sepsis. However, as emphasized by the clinical
staff, sepsis is not among the leading causes of mortality at KiSpi, further supporting the
hypothesis that the high mortality rate is driven by the complexity of the cases admitted
rather than by sepsis-related complications.

The HeRO score was not included in the present study, as it is not used in the neonatal units
at either USZ or KiSpi. Currently, CHUV is the only center among the three that routinely
employs it in clinical practice. To ensure a meaningful comparison with this established
clinical tool and to provide insights into its potential impact within NICU, the analysis was
restricted to newborns with a gestational age of less than 32 weeks, the target population
for which the HeRO score was originally developed.

For sepsis, the time of diagnosis, typically called “Cultures, Resuscitation, and Antibiotics
Started Here (CRASH) moment” [7], was defined as the precise time at which a positive
blood culture was obtained. Given the critical importance of data quality, it was essential to
rigorously exclude cases of sample contamination, often arising from inadequate disinfection
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Figure 2.2: Patients stratification and data extraction strategy. Patients were divided into
three groups: (i) Sepsis, including 72-hour time series ending 1 hour before the confirmed
sepsis diagnosis (CRASH moment); (ii) Self-control, consisting of the 72-hour window imme-
diately preceding the sepsis segment for the same patient, serving as an intra-patient control;
and (iii) Matched-control, comprising healthy patients matched to sepsis cases based on ges-
tational age (GA) and birth weight. For matched controls, time series were aligned using
the corresponding sepsis case’s diagnosis time to extract the same 72-hour window.

during sample collection, by having all positive blood cultures reviewed by an experienced
physician, with any suspicious cases removed from the dataset. Newborns diagnosed with
proven HA-LOS, defined as a positive blood culture occurring more than 72 hours after ad-
mission, were assigned to the case group. In contrast, the control group comprised newborns
with no recorded death, no proven sepsis, no positive diagnosis of NEC, defined as Bell Stage
> 2a, and less than 120 hours of antimicrobial treatment.

To construct the dataset for sepsis prediction, physiological time series data were extracted
from these HA-LOS cases using a 72-hour window preceding the CRASH event. Data col-
lection was truncated one hour before the diagnosis time to simulate a clinically relevant
prediction scenario and prevent leakage of post-diagnostic information. The 72-hour interval
was selected based on clinical consensus, reflecting a conservative approach designed to fully
capture the period in which infection could plausibly have developed. Given the absence of
a precise timestamp indicating sepsis onset, this strategy aims to ensure that the infection
is very likely to have emerged within the defined window, although symptoms may have
appeared more recently.

To enhance the robustness and validity of the study design, two types of controls were in-
corporated: "matched-controls" and "self-controls". This dual-control approach facilitates
a comprehensive assessment of physiological differences associated with sepsis onset by cap-
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turing both inter-individual and intra-individual variability. This methodology is consistent
with previously established frameworks in the literature [7|, and has proven effective for
sepsis detection studies.

Each sepsis case was paired with a control patient based on gestational age, postnatal age,
and birthweight, with the underlying assumption that patients with similar characteristics
would exhibit comparable temporal dynamics in the absence of sepsis. The matching pro-
cess was performed in two steps. Initially, the search was restricted to a subset of patients,
called “supercontrols”, who met all control inclusion criteria and had no prior diagnosis of
confounding secondary pathologies such as retinopathy of prematurity (ROP), bronchopul-
monary dysplasia (BPD), periventricular leukomalacia (PVL), intraventricular hemorrhage
(IVH). When a suitable match could not be found within this subgroup, the search was
extended to include “imperfect controls.” For every matched control, an “equivalent CRASH
moment” was computed to ensure that the analysis period corresponded to a similar post-
menstrual age as that of the sepsis case.

In addition, a “self-control” period was defined for each case by selecting the 72-hour interval
preceding the 72-hour time window leading up to sepsis diagnosis. This approach allows the
same patient to serve as their own control, providing a baseline representation of their phys-
iological state before the onset of infection. By comparing a patient’s data before sepsis with
the period immediately preceding the clinical diagnosis, this method helps isolate the tempo-
ral dynamics associated with disease progression, reducing the influence of inter-individual
variability. Collectively, these matching strategies are designed to minimize bias and ensure
that the model is trained on a dataset that accurately reflects the complex temporal and
individual variability inherent in neonatal sepsis.

A schematic summary of the cohort stratification and data extraction process is presented
in Figure 2.2. The final dataset comprised a total of 471 patients, equally distributed among
sepsis, self-controls, and matched-control patients.

Multivariate physiological monitoring in neonatal care

In the realm of medical diagnostics, clinicians routinely synthesize information from multiple
sources to form comprehensive assessments of patient health. This integrative approach is
crucial, as it mirrors the complexity of human physiology and the multifaceted nature of
diseases. With time series data, this practice translates into the utilization of multivariate
time series, where multiple physiological variables are monitored over time. The importance
of leveraging multivariate time series in medical diagnostics is underscored by the fact that
diseases often manifest through intricate interactions among various physiological parame-
ters.

During clinical care, multiple physiological signals were continuously monitored for each
patient. For this study, the selected signals included heart rate (HR), oxygen saturation
(SpO3), systolic blood pressure (SBP), diastolic blood pressure (DBP), and respiratory rate
(RR). These signals provide a comprehensive, multi-dimensional representation of the pa-
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tient’s physiological state, aligning with the approach used by clinicians in neonatal health
assessment. To further illustrate the variability of these signals across different centers, de-
tailed visualizations of their trajectories are provided in Appendix B. Each plot presents the
temporal evolution of a specific physiological signal, stratified by gestational age, across all
participating centers, offering additional insight into inter- and intra-institutional differences.

Heart rate serves as a critical indicator of autonomic nervous system function, reflecting com-
pensatory mechanisms in response to stress, infection, or hemodynamic instability. Oxygen
saturation provides insight into pulmonary and cardiovascular efficiency, while blood pressure
measurements reflect circulatory function and perfusion status. Additionally, respiratory rate
and variability in breathing patterns are strong markers of respiratory distress and metabolic
adaptation, both of which are crucial in neonatal critical care. The integration of multiple
physiological parameters is essential for capturing the complex interactions that underlie sys-
temic responses to infection. By incorporating signals from different physiological systems,
this approach enhances the model’s ability to detect early signs of clinical deterioration and
capture subtle, nonlinear patterns that may indicate sepsis onset. This multimodal strategy
is particularly relevant in neonatology, where patient variability is high and isolated features
may fail to provide sufficient predictive power. Through the fusion of cardiovascular and res-
piratory parameters, the model can better approximate clinical decision-making processes,
improving early detection and risk stratification in neonatal sepsis prediction.

BioMedIT

One of the primary challenges in multicentric studies is the secure sharing of patient data, as
privacy regulations and institutional policies impose strict limitations on data accessibility.
Ensuring data confidentiality while enabling collaborative research requires robust infrastruc-
tures that facilitate controlled data exchange without compromising patient privacy. In this
study, all data were securely stored and processed within BioMedIT [65], a federated and se-
cure computing infrastructure specifically designed to support privacy-preserving biomedical
research in compliance with Swiss legal and ethical standards. BioMedIT enables end-to-
end encrypted data transfer, with data from the participating centers shared in RDF format
to ensure standardized interoperability. The platform enforces controlled access through
two-factor authentication and provides isolated computational environments, ensuring the
confidentiality and integrity of health data across institutions.

All analyses were conducted exclusively within the BioMedIT environment, ensuring adher-
ence to data protection policies. The software tools used for data processing and analysis
included Visual Studio Code (version 1.98) and RStudio (version 2023.12.1), while the pro-
gramming languages employed were Python (version 3.10) and R (version 4.4.2).

2.1.2 Data harmonization

Despite the implementation of robust security measures, sharing medical data across mul-
tiple hospitals remains a complex challenge due to heterogeneous data storage formats and
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institution-specific nomenclatures. Each hospital follows its own data management proto-
cols, necessitating a standardization process before integration within BioMedIT. To address
these challenges, the Swiss Personalized Health Network (SPHN) has developed a national
framework aimed at standardizing the semantic representation of health data, ensuring in-
teroperability and compliance with FAIR (Findable, Accessible, Interoperable, Reusable)
principles.

In this study, a knowledge graph approach was adopted to harmonize data from the three
participating hospitals. The graph structure was defined by the SPHN RDF schema [66],
which encodes semantic relationships to facilitate consistent data exchange and integration.
This schema relies on widely recognized external medical terminologies, including ICD-10-
GM [67], SNOMED-CT (Swiss extension 2021) [68], ATC (2016-2024) [69], UCUM (2024)
[70], LOINC (version 2.76) [71], and CHOP (2013-2024) [72], the Swiss surgical classification
catalogue. To store, access, and query the standardized dataset, GraphDB (version 10.8.0)
[73] was employed as the primary database management system. SPARQL, a query lan-
guage specifically designed for RDF (Resource Description Framework) data, was used to
extract and analyze relevant information while preserving the semantic relationships embed-
ded within the knowledge graph. The flexibility of GraphDB’s SPARQL interface enabled
efficient data retrieval, supporting complex queries essential for the integration of heteroge-
neous clinical datasets.

A comprehensive data harmonization process was undertaken by all three participating hos-
pitals to ensure semantic interoperability across institutions. This process required consider-
able effort from all stakeholders. On one hand, each hospital performed a detailed mapping
of institution-specific datasets to align with the SPHN schema and integrate them into the
defined graph structure. On the other hand, rigorous quality control procedures were imple-
mented to detect errors or inconsistencies, ensuring a final dataset that remained consistent
across all centers. Several factors, including heterogeneous hospital infrastructures and am-
biguities within the adopted standard, contributed to slow down this process.

A typical hospital infrastructure consists of multiple interoperable systems designed to handle
various types of clinical data. While interoperability is often ensured, integrating heteroge-
neous data sources remains a non-trivial challenge, requiring substantial effort from data
managers. At CHUV, for instance, data were retrospectively collected from two main sys-
tems: the Data Warehouse (DWH) and MetaVision (MV), a clinical information system
specifically designed to support critical care workflows, particularly within NICUs. As MV
is the primary source for neonatology data, some of its entries are later remapped into the
DWH.

One notable challenge is the archiving of physiological signals, where the same parameter can
be recorded multiple times using different methods. This inconsistency introduces challenges
related to data reliability, as different measurement devices might have varying degrees of
precision and accuracy, thereby adding further complexity to data analysis. For instance, HR
can be recorded using three distinct methods, each varying in precision. The most accurate
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measurement is obtained when the patient is connected to an electrocardiogram (ECG), from
which HR is directly extracted. If the patient’s condition is not critical and continuous ECG
monitoring is unnecessary, HR is manually recorded by the nursing staff and documented
in MV. In this case, HR sampling is discontinuous and irregular, as nurses decide when to
measure and record the data. Additionally, when a patient presents symptoms suggestive
of sepsis, HR may be sampled more frequently, whereas for stable patients, sampling occurs
at longer intervals. The third method estimates HR from the SpOs signal. Although this
approach is less precise, it is always available, providing an approximate HR value when
direct measurement is not feasible. A similar sampling variability is observed for RR. In
critically ill patients requiring intubation, RR is continuously measured by the mechanical
ventilator. In contrast, for non-intubated patients, RR is manually assessed and documented
by healthcare professionals in MV.

To address these discrepancies and integrate multiple data sources into a single, unified
signal, an algorithm was developed to prioritize measurements from the most accurate source.
For example, if an ECG-derived HR value was available, all less accurate measurements
were discarded. The ranking of measurement methods for each physiological signal was
determined in collaboration with a clinical team, ensuring that the final dataset maintained
optimal accuracy and clinical relevance.

Beyond the technical challenges of integrating heterogeneous hospital systems, clear and
consistent standardization is essential for effective data harmonization. In the case of the
SPHN schema, its flexible design introduced ambiguity in the mapping of clinical concepts,
delaying dataset definition. A key example involves the encoding of administered medica-
tions: although all centers adhered to the schema, they employed different terminologies.
CHUV used SNOMED-CT to capture detailed substance-level information, KiSpi adopted
ATC for its broader classification, and USZ inconsistently applied both. According to USZ
data managers, this inconsistency arose from the presence of three independent systems used
for drug classification, one of which enables automatic mapping from ATC to SNOMED-CT.
This example highlights the inherent complexity of constructing a well-curated and consis-
tent multicentric dataset. Even when adhering to a common standard, differences in local
infrastructure, terminology preferences, and system configurations can lead to significant
discrepancies. This underscores the need for close coordination between institutions and rig-
orous standardization protocols when working with large-scale clinical data across multiple
centers.

2.1.3 Data preprocessing and cleaning

In this study, we opted to retain the raw physiological signals without applying any filtering or
smoothing techniques. This decision was motivated by the nature of sepsis-related patterns,
which often manifest as transient and short-lived variations in physiological signals, occurring
on a timescale shorter than one minute. Given that our dataset consists of minute-by-minute
sampled data, applying smoothing or averaging techniques could lead to the loss of crucial
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information indicative of sepsis onset. Filtering the signals might inadvertently attenuate or
eliminate these subtle but clinically relevant patterns, thereby reducing the model’s ability
to detect early signs of sepsis.

Missing values

Through the MV portal, nurses could document specific measurements obtained for indi-
vidual patients. The presence of multiple measurement modalities, sometimes dependent on
the patient’s clinical condition, resulted in irregular signal sampling. To obtain a uniformly
sampled time series with one-minute resolution, missing data were imputed using a last ob-
servation carried forward approach, also known as "forward fill". For signals sampled at a
low frequency, such as SBP and DBP, the resulting time series exhibited the typical pattern
of a piecewise constant function.

Data normalization

Following the imputation of missing values, all signals were normalized using a statistical
approach to ensure appropriate feature scaling. Normalizing input variables prior to model
training is essential to maintain a balanced contribution of different features, preventing
biases related to differences in measurement scales. A global normalization strategy was
applied, wherein all available data across patients were aggregated. Mean and standard
deviation were computed across the entire cohort, and each signal was standardized accord-

ingly.

Feature engineering

Each physiological signal was initially segmented into non-overlapping 1-hour intervals, with
each segment serving as a potential input for the model. Subsequently, a set of statistical
measures, including the mean, median, and standard deviation, was computed for each 1-
hour segment.

To assess the distributional characteristics of the extracted features, skewness (skew) was
computed, providing insights into the asymmetry of the data. For example, symptoms such
as lethargy, which are often associated with sepsis, may result in a respiratory rate distri-
bution that is skewed toward lower values, manifesting as a negative skewness index [7]. In
addition, kurtosis (kurt) was calculated to further characterize the distribution, while an
entropy-based analysis was conducted to quantify the degree of disorder within the signal.
Given the nonspecific and heterogeneous nature of sepsis, which is often characterized by the
absence of well-defined repeated patterns, three different entropy measures were employed
to capture varying aspects of signal complexity: Approximate Entropy (ApEn) [74], Sam-
ple Entropy (SampFEn) [75|, and Fuzzy Entropy (FuzzEn) [76]. By leveraging these three
complementary entropy measures, we aimed to comprehensively assess the complexity of
physiological signals and their potential relationship with sepsis-related dysregulation.

A major challenge in working with preterm neonates is managing the substantial intra- and
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Figure 2.3: Heart rate (HR) trajectories stratified by gestational age in the CHUV cohort.
Each line represents the mean HR trend for a specific gestational age, with shaded areas
indicating the 90% confidence interval. Notably, the wide confidence intervals highlight the
substantial intra-group variability observed across all gestational age groups.

inter-individual variability inherent in their physiological data. As highlighted by Giannoni
et al., the evolution of key vital signs during the early weeks of development is strongly
influenced by the neonate’s gestational age [20]. This trend is further confirmed in Figure 2.3,
which illustrates the distribution of HR across different gestational age groups in the CHUV
dataset. The figure clearly demonstrates distinct HR patterns depending on gestational age,
aligning with the observations reported by Giannoni et al. . To account for this variability,
the Mahalanobis distance (dist) was employed as a metric to assess an individual’s similarity
within a group, with the distance measure weighted according to the estimated variability
among patients of the same gestational age.

Apnea is one of the most common symptoms observed in neonates developing sepsis, often
manifesting in the hours leading up to diagnosis |6, 7|. However, detecting apnea events from
minute-by-minute physiological signals presents a significant challenge, as these episodes
typically last for less than one minute, making them difficult to capture when analyzing
signals at a fixed temporal resolution. Traditional feature extraction approaches may fail to
retain this critical information, potentially reducing the model’s ability to recognize early
signs of deterioration. To address this limitation, two additional variables were computed for
each signal to quantify the average number of spikes (spikes) and drops (drops) within each
1-hour segment, effectively capturing fluctuation patterns that may correspond to clinically
relevant events, such as apnea episodes. . A third variable was also added to quantify the
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total number of events considering both spikes and drops (outliers). These features allows
the model to retain information about transient, high-frequency events that might otherwise
be lost in the aggregation process, thereby improving its ability to detect subtle, short-term
physiological disruptions indicative of sepsis onset.

Furthermore, traditional ML models based on tabular data lack an internal mechanism to
capture the temporal dynamics of patients’ physiological state. To mitigate this limitation,
each computed feature was aggregated over a variable time window extending up to 72
hours. This approach provides the model with both the recent patient history, represented
by features from the last hour, and the longer-term history, thereby enabling the model to
distinguish between isolated measurements and emerging trends or anomalies.

All the features and their descriptions are summarized in Table 2.2.
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Table 2.2: List of features included in the study
"Upstream features are calculated over last 6h, 12h, 24h, 48h, 72h, and overlapping windows.

Type 1-hour features Upstream features”

Raw features

Demographics GA, BW
HRmean, HRmedian HRmedian_avg_last{t}ha HRmedian_sd_last{t}h
SpOchana Sp02nlcdian ..
Raw data SBPmeana SBPmedian

DBPmean ) DBPmedian
RRmean, RRmedian

Statistical features

HRstd
SpOasta
5P SBP g
RRsta
HRskew HRskewiavgilast{t}ha HRskewisdilast{t}h
SpOQSkeW ..
Skewness SBP,,..
RRskew
HRxurt HRkurtiavgilast{t}ha HRkurtisdilast{t}h
. SpO2kurt
Kurtosis SBPyye
RRkurt
HRApEn7 HRSampEru HRFuzzEn HRApEn_avg_last{t}ha HRApEn_sd_last{t}hv
RSampEn_avg_last{t}ha
Entropy HRSampEnisdilast{t}}‘n
HRFuZZEniavgilast{t}ha HRFuzzEnisdilast{t}h
SpOQApEna SpO2SampEn7 SpOQFuzzEn .
SBPApEn; SBPSampEna SBPFuzzEn
1{RApEna RRSampEna RRFuZZEn
Domain knowledge features
HR gist HRdistiavgilast{t}ha HRdistisdilast{t}h
Mahalanobis SS%%ﬁ: -
RRaist
HRdropS7 HRspik657 HRouttiers HRdrops_avg_last{t}ha HRdrops_sd_last{t}h7
Spikes and HRspikesiavgilast{t}ha HRspikesisdilast{t}hv

dI‘OpS HRoutliersiavgilast{t}h7 HRoutlierisdilast{t}h
SpOerOpsv SpOZSpikeS7 SpOaoutliers
SBPdropSa SBPspikes, SBPoutliers
1:{R/dropsv RRspikeS7 RRoutliers
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HRslopc_4a HRslope_G; HRslopc_12a
HRslop6724a HRSlope748
SpO2slopei4a Spo2slopei€n Sp02510p6712a
SpOasiope 24, SPOa2siope 48
SBPslope_47 SBPSIOpe_Gv SBPslope_127
SBPslope_24a SBPslope_48
RRSlope_47 RRslope_67 RRSIOpe_lQa
RRslopei24; RRslopei48

Trend

2.1.4 Definition of the NEC dataset for secondary task evaluation

To further investigate the generalization capabilities of the tested models beyond the primary
task of sepsis prediction, we extended our evaluation to an additional clinically relevant
classification task: the prediction of NEC. The goal of this analysis was to assess whether
the models could adapt to a distinct but related clinical condition, thereby providing insight
into their applicability across multiple diagnostic tasks in neonatal care. The decision to
focus on NEC was made in close collaboration with a team of neonatologists, prioritizing
tasks with direct implications for clinical decision-making. While secondary tasks such as
mortality prediction are commonly used in benchmarking studies, they often fall short in
reflecting the real-world impact of predictive models. In contrast, NEC represents a critical
neonatal emergency with significant morbidity and mortality, thus offering a more clinically
meaningful evaluation scenario.

A definitive diagnosis of NEC requires radiographic imaging, which is typically performed in
an emergency setting. According to clinical experts, radiographic confirmation is generally
obtained within 30 minutes of clinical suspicion. Given this rapid diagnostic turnaround, we
adopted the same data extraction pipeline used for sepsis prediction to construct the NEC
dataset. To ensure diagnostic specificity, patients classified as Stage I NEC, which classify
suspected cases, were excluded from the analysis. Furthermore, NEC may occasionally result
from an intestinal bacterial infection, leading to bloodstream involvement and positive blood
cultures. As noted by Giannoni et al. [20], this overlap can result in dual diagnoses of NEC
and sepsis. To avoid data leakage and ensure that the NEC prediction task reflected distinct
pathological signatures, all patients diagnosed with both conditions were excluded from the
cohort. This conservative selection strategy was employed to eliminate potential bias arising
from shared features in the sepsis training set.

Following these inclusion and exclusion criteria, the final NEC dataset comprised 127 pa-
tients.
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2.2 Baseline model

2.2.1 Machine Learning Model

To assess the impact of complex models, such as FMs, on predictive performance, we first
studied a simpler traditional ML model, in order to establish a reference point for average
performance on this specific task.

A previous internal study conducted at CHUV compared several commonly used classifiers
with different classification mechanisms, including extreme gradient boosting (XGBoost), k-
Nearest Neighbors (KNN), Logistic Regression (LR), and Support Vector Machine (SVM).
These classifiers have been extensively utilized in prior studies for LOS prediction and are
generally accepted as reliable benchmarks [6-8]. XGBoost is an optimized implementation
of gradient-boosted decision trees, designed for parallel computation and incorporating reg-
ularization techniques to improve generalization. SVM, on the other hand, is a kernel-based
classifier capable of performing effective non-linear classification by mapping input features
into a high-dimensional space, making it particularly well-suited for tasks with complex
feature interactions. To enhance model performance, feature selection was conducted us-
ing a Lasso (Least Absolute Shrinkage and Selection Operator) regression. This process
enabled the identification of the most informative features while reducing noise and dimen-
sionality. Model evaluation was carried out using a 10-fold cross-validation strategy. The
average performance across folds showed that XGBoost and SVM outperformed all other
classifiers, achieving an accuracy of 0.77 (£0.04) and 0.78 (40.06), respectively, compared
to 0.74 (£0.06) for LR and 0.64 (40.05) for KNN.

A detailed performance analysis, conducted in collaboration with a team of medical experts,
was performed to select the most appropriate model based on clinically relevant criteria.
A primary requirement was that the false positive (FP) rate should be lower than that
observed in current clinical practice. According to clinicians, the integration of a predictive
model into neonatal care should primarily aim to reduce the high number of false alarms
generated by existing scoring systems, such as the HeRO score. Lowering the false positive
rate is beneficial for several reasons. First, it would alleviate the burden on nursing staff by
minimizing unnecessary alerts, thereby allowing them to focus on truly critical cases. Second,
it would help reduce the overuse of antibiotic therapy, which is the primary treatment for
sepsis. In fact, when administered to healthy neonates due to false alarms, unnecessary
antibiotic exposure can contribute to antibiotic resistance and other health complications
later in life. Beyond false positives, additional factors were considered to ensure the model’s
reliability and clinical utility. Model interpretability played a crucial role, as transparent
decision-making fosters trust among healthcare professionals. Computational efficiency and
ease of implementation were also evaluated to facilitate seamless integration into clinical
workflows. Based on these criteria, SVM was identified as the most suitable baseline model.

For consistency, the same hyperparameters used in the previous study were adopted for this
analysis. The model was implemented using the Scikit-learn library (version 1.6.1) [77] in
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Python, with hyperparameters set to C=0.5 and a sigmoid kernel function.

2.3 Foundation model for time series analysis

2.3.1 FORMED

Feature extraction and selection are fundamental steps in training an ML model; however,
these steps often represent the primary bottleneck in the model development process. It is
estimated that more than half of the total time required to create a new model is typically
spent on data preprocessing [78]. Handling missing values, detecting outliers, and filtering
signals are just a few of the essential preprocessing steps that must be performed before
the actual training phase. In the medical domain, this process becomes even more complex
due to the inherent challenges associated with clinical data. Extensive consultations with
medical professionals are required to determine which features hold biological relevance,
further extending the time required for model deployment in clinical settings.

Recent advancements in ML models have enabled the direct processing of raw data, signif-
icantly accelerating the overall development pipeline [79]. New models, such as FMs, not
only reduce the reliance on extensive feature engineering but also improve generalization
across a broader range of tasks while often enhancing overall predictive performance. For
this reason, the first model selected for evaluation is FORMED (Foundation mOdel Repur-
posed for Medical timE series Diagnosis), an FM for time series classification specifically
designed to handle both inter- and intra-dataset heterogeneity in medical time-series data
while requiring minimal task-specific adaptation [15]. FORMED introduces a three-stage
framework that systematically transforms pre-trained, general-purpose time-series forecast-
ing models into robust medical time-series classifiers. This approach effectively balances
the need to preserve general temporal pattern recognition capabilities while simultaneously
acquiring domain-specific knowledge for medical classification tasks.

Repurposing framework

Recent research in time series modeling has predominantly focused on time series forecasting,
with models such as GPT4TS [58] and Chronos [56] advancing the field. Later on, many
existing models, originally designed for predicting future trajectories of time series, have been
adapted to solve secondary tasks, such as anomaly detection or time series segmentation, as
exemplified by the MOMENT framework [57]. Therefore, the task of time series classification
has remained comparatively underexplored.

FORMED introduces a paradigm shift in this area by establishing a general framework for re-
purposing forecasting models into robust classifiers for medical time-series data. This frame-
work is structured into three key stages: pre-training, repurposing, and adapting, ensuring
that models retain their temporal pattern recognition capabilities while being optimized for
medical classification tasks.
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Pre-training The pretraining stage is designed to develop general temporal representation
capabilities by leveraging non-medical time series data. This phase aims to establish a tem-
poral feature extractor f, also called backbone (or encoder) model, capable of recognizing
fundamental patterns such as periodicity, trend components, and anomaly signatures, that
are presumed to be transferable across domains, including medical applications. The under-
lying hypothesis assumes that all time series share a common semantic structure, irrespective
of their domain or specific characteristics. It is postulated that time series data follows an in-
herent "language", governed by universal patterns that can be learned and transferred from
one domain to another. During this stage, the model learns to project input z € RY from
the last L steps of a univariate time series to its latent representation v € RP, preserving
temporal dependencies through attention mechanisms. Subsequently, a forecasting head g
is used to predict the next N steps # € R in the forecasting horizon:

gof:RF 5 RY (2.1)

This training phase is typically the most computationally and resource-intensive, requiring
access to well-curated, diverse general time series datasets spanning multiple domains. This
aspect is particularly critical in healthcare, where hospitals often lack the computational
infrastructure, data availability, and specialized personnel required to pretrain such models
from scratch. Given these constraints, pretraining is often performed using open-source foun-
dation models that have already been extensively validated to leverage their pre-established
feature extraction capabilities. In this sense, one of the distinguishing features of FORMED
is its modular architecture, making it well-suited for clinical deployment. The framework
is entirely independent of the encoder used for feature extraction, allowing users to select
the most appropriate backbone model based on their specific domain requirements. This
flexibility enhances the model’s adaptability, ensuring its applicability across diverse medi-
cal time series classification tasks. In the case of FORMED, the chosen backbone model is
TimesFM [59], which serves as the foundation for its representation learning.

Repurposing During the repurposing stage, the forecasting model is transformed into a
medical time-series classifier through targeted modifications to its architecture. To adapt
the backbone model for classification, the forecasting head ¢ is removed and replaced with
a classification head h. This structural modification allows the model to transition from
predicting future time-series values to performing classification, while preserving the integrity
of the feature extraction network f. The new model takes multivariate time series data
X € RE*T with C' channels and T time steps, and returns the predicted label § € AX where
AR = {d clo, " : 38 d = 1}are the predicted class probabilities for K classes. Since
TimesFM was designed for univariate time series, the channels of multivariate time series
data are treated as independent and processed separately. Two extra parameters £ € RE*P
and Q € R¥*P are included for indicating the task-specific channels and classes, respectively,
with D as the dimension of the latent space. This is also a dynamic mapping as C', T" and
K may vary across datasets:

ho f:ROT x ROP x REXD 5 AK (2.2)
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Once the model architecture has been adjusted, the framework mandates training the newly
introduced classification head on a diverse set of medical time-series datasets D™¢¢. This
step ensures that the model is adapted to the medical domain while retaining the general
temporal representation capabilities learned during pretraining. Specifically, the backbone
model is kept frozen, allowing only the task-specific layers to be fine-tuned. By preserving
the pretrained backbone, the model maintains its ability to extract generic temporal features
from time series data, while the newly trained components adapt the output representations
to the specific requirements of the clinical classification tasks. Specifically, to specialize
FORMED, five medical time-series datasets were selected to construct a specialized medical
cohort [15]. These datasets encompass a wide range of physiological signals, particularly
focusing on cardiac and neurological activity, such as ECG and EEG, which are among
the most frequently analyzed modalities in clinical practice. Further details regarding the
selected datasets and the applied preprocessing strategies are provided in Appendix C.

Adapting The final stage of the framework enables efficient customization for new medical
datasets D" through parameter-efficient tuning. During this phase, the model is adapted
to new datasets or tasks, by constructing constructing dataset- and task-specific parameters
such as B € R*P and Q' € RX"*P_ This allows the model to specialize in previously unseen
tasks that were not encountered during pretraining or repurposing. The limited number of
trainable parameters ensures adaptability to complex medical classification problems, even
in cases when training data is scarce, or availability is low, such as in the case of rare patholo-
gies. Additionally, this characteristic is particularly advantageous in hospital settings, where
computational resources are often constrained. By minimizing the number of parameters
requiring adaptation, the model can be fine-tuned efficiently, significantly reducing both
training time and resource consumption. However, due to its architecture, the model cannot
be applied in a zero-shot learning setting, as certain parameters remain task-dependent. In-
stead, the framework aligns more closely with a few-shot learning paradigm, where limited
labeled data is sufficient to effectively specialize the model for a new classification task.

Model architecture

The FORMED model is built upon a transformer-based architecture, which is inherently
designed around the attention mechanism [49]. Widely employed for analyzing complex
sequential data, such as natural language or time series, this architecture enables the flexible
processing of input sequences while ensuring scalability across varying data modalities. The
structural design is inspired by the latest advancements in Natural Language Processing
(NLP) models, leveraging the adaptability and efficiency of transformer architectures to
enhance time-series representation learning and classification.

Feature extractor FORMED leverages a pretrained foundation model backbone, initially
trained on general time-series forecasting tasks, to enhance its adaptability for medical time-
series classification. The selected model, TimesFM, is a decoder-only foundation model
specifically designed for time-series forecasting [59]|. By integrating transformer-based archi-
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Figure 2.4: The architecture of FORMED in repurposing (top) and adapting mode (bottom).
The backbone foundation model acts as a feature extractor and remains frozen all the time.
This figure is adapted from the original FORMED paper [15]

tectures, TimesFM effectively captures the complex dynamics of time-series data, providing
a robust and generalizable representation that facilitates its subsequent adaptation to med-
ical applications. TimesFM is designed to address the challenges of time-series forecasting
across multiple domains, including retail, finance, manufacturing, healthcare, and the natu-
ral sciences. The model is pretrained on an extensive corpus comprising 100 billion real-world
time points, allowing it to learn diverse temporal patterns, including trends, seasonality, and
varying time granularities, which are critical for effective forecasting. A key challenge in
training foundation models for time-series forecasting lies in acquiring sufficiently large and
diverse datasets to ensure broad generalizability. To overcome this limitation, the pretrain-
ing corpus for TimesFM was constructed using data sourced from three major repositories:
Google Trends, Wikipedia Pageview statistics, and synthetically generated time-series data.
This approach ensures that the model is exposed to a wide range of temporal structures,
enabling it to learn representations that are both domain-agnostic and transferable across
various forecasting tasks.

Input patching network To effectively process time-series data, TimesFM employs an
input patching mechanism that segments continuous time-series input tokens that can be
processed by the transformer layers. First, the input x;.; is broken into contiguous non-
overlapping patches of length p. The j-th patch can be denoted as §; = yp(j—1)+1:p; - Then,
each patch is processed by a residual block which map it into a vector of size D. The residual
block is essentially a Multi-Layer Perceptron (MLP) block with a residual skip connection.
In addition to the input, a binary padding mask m;.r, is supplied to specify which timestamps
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must be ignored. The j-th input token ¢; € RP can be denoted as:
t; = InputResidualBlock(g; ® (1 — m;)) + PE; (2.3)

where PE; denotes the j-th positional encoding vector.

This approach, inspired by methodologies used in NLP, facilitates the model’s ability to
learn complex temporal dependencies and patterns within the data.

Stacked transformer At the core of TimesFM lies a stacked transformer architecture,
specifically a decoder-only model. Each of these layers contains one standard multi-head
self-attention layer followed by a feed-forward network. This design choice allows the model
to focus on autoregressive forecasting tasks, predicting future values based on past obser-
vations. The self-attention mechanism within the transformer enables the model to weigh
the importance of different time steps, capturing both short-term fluctuations and long-term
trends in the data. As is standard for time series forecasting with transformers, a causal
self-attention mask is used to avoid leaking information from the future. Each output token
can only attend to input tokens that come before it in the sequence. This can be described
as follows:

u; = Stacked Transformer((t1, my), ..., (t;,m;)) (2.4)

forall j=1,...,N.

By stacking multiple transformer layers, TimesFM enhances its capacity to model intricate
temporal relationships, leading to more accurate forecasting outcomes.

Ouput prediction network The final component of TimesFM is the output projection
layer g, which transforms the internal representations learned by the transformer into fore-
casts . This layer transforms the latent representations, also called embeddings, back into
the time-series domain, generating predictions that reflect the temporal characteristics of
the original input signal. One key difference in TimesFM is that input patch length doesn’t
need to be equal to the output patch length. To do so, another residual block is used to
map the output tokens to the original space: The design ensures that the model’s outputs
are interpretable and directly applicable to real-world forecasting scenarios.

Tpk+1:pj+n = OutputResidualBlock(u;) (2.5)

Attention-based classifier The FORMED model introduces an attention-based classifier
designed to handle the complexities of medical time series classification, particularly address-
ing issues of inter-dataset heterogeneity, variable-length time series, and diverse diagnostic
targets. The classification mechanism is composed of three key components: channel em-
beddings F, task queries (), and shared decoding attention, which together allow FORMED
to overcome the rigid structural constraints of traditional classifiers, allowing for efficient
adaptation to new medical datasets with minimal fine-tuning.
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Channel embeddings The channel embedding mechanism plays a crucial role in dis-
tinguishing between different time series channels. Given that medical time series often
comprise multivariate signals, embedding the channel information ensures that the model
can effectively differentiate between physiological signals originating from different sources.
The channel embeddings are learnable parameters £ € RY*P stored in a lookup table,
mapping dataset names to embedding vectors. These vectors are then added to the feature
tokens H € RO*I*D extracted from the pre-trained backbone, enabling the model to retain
information about the channel structure while allowing for flexibility in processing datasets
with varying numbers of channels:

H:,i,: = H:,'L',: OF

Task query The label query mechanism introduces a task-specific component to the clas-
sifier. Each medical classification task requires a different set of labels, which may not be
predefined during pretraining. FORMED addresses this by learning label-specific embed-
dings Q@ € RE*P | known as label queries, which guide the classification process. These
task-specific embeddings help the model focus on the relevant features associated with each
diagnostic category, ensuring that the classification head can adapt dynamically to differ-
ent tasks. By employing learnable label queries, FORMED maintains its generalizability,
effectively handling new classification tasks with only minimal retraining.

Shared decoding attention The shared decoding attention mechanism forms the core of
the FORMED classification process. It utilizes a transformer decoder layer, similar to those
employed in object detection and image classification, but adapted specifically for medical
time series. This layer enables each label query to attend to the feature representations of
the time series data H through multi-head attention. By leveraging this shared attention
mechanism, the model establishes a global context for classification, capturing both temporal
dependencies and cross-channel relationships. The output of this mechanism is further pro-
cessed through a residual block, producing classification logits that can be transformed into
probability distributions using softmax or sigmoid functions, depending on the classification
task:

4 = ResidualBlock(MultiHeadAttention(Q = Q, K = H,V = H)) (2.6)

Customized FORMED architectures for neonatal sepsis prediction

Sepsis is a complex and multifactorial condition that affects multiple physiological systems
simultaneously, resulting in coordinated changes across several vital signs. For instance,
sepsis can cause simultaneous alterations in heart rate, blood pressure, and respiratory
rate [6-8]. This multivariate nature necessitates the joint analysis of different physiologi-
cal channels to capture the intricate interdependencies that signal the onset or progression
of the disease. Analyzing these variables collectively, rather than independently, enhances
the model’s ability to detect subtle patterns indicative of the onset or progression of such
conditions. However, many existing FMs for time series forecasting are designed to process
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different channels independently, potentially overlooking the interdependencies among vari-
ables. To address this limitation, recent advancements have focused on adapting univariate
time series FMs for multivariate data. For example, Liu et al. proposes a method to enable
FMs to effectively handle multivariate time series data by incorporating generalized prompt
tuning techniques [80].

Considering this specific limitation inherent to FMs for time series forecasting, including
TimesFM, the model architecture was modified accordingly. Due to constraints in compu-
tational resources and the unavailability of the original pretraining data, we chose not to
alter the underlying structure of TimesFM directly. Instead, modifications were introduced
within the FORMED model prior to the classification head. In order to effectively integrate
information from the various channels, which are processed independently by TimesFM, an
additional self-attention layer was incorporated, following a strategy similar to that described
in [80]. In this configuration, the transformer module is applied to the embedding matrix
H € RYI*P by treating the L different patches as distinct data points in R€*P . while
interpreting the channel dimension C' analogously to the sequence of tokens in an ordinary
transformed layer. The transformer then outputs a patch in R€*P and these outputs are
subsequently concatenated into a single array H' € RE*2*P thereby enabling the combined
representation of multivariate information for improved classification performance.

Beyond physiological time series, incorporating demographic information is vital for person-
alized and accurate medical assessments. Gestational age, in particular, plays a significant
role in neonatal care, influencing the interpretation of vital signs and the assessment of devel-
opmental progress (see Appendix B). Integrating such demographic factors into predictive
models aligns with clinical practices, where patient-specific characteristics are considered
alongside physiological measurements to inform diagnosis and treatment decisions. This
multimodal approach ensures that models are sensitive to individual variability, leading to
more accurate and tailored healthcare interventions. To achieve this, gestational age infor-
mation was encoded through a dedicated gestational age embedding layer. Following the
same approach used for channel embeddings, these embeddings G € RV*P where V rep-
resents the number of different values for gestational age, were added to the feature token
H e REXIXD {0 generate the augmented feature token H. Given the gestational age em-
bedding vector g = (., where 7 represents the gestational age value for patient j, we can
compute H as follows:

H=H+yg (2.7)
for all patients j = 1,..., N.

As previously introduced, two distinct strategies were explored to enhance the capacity
of the model to process multivariate physiological signals in the context of neonatal sepsis
prediction. The first involved the integration of a self-attention layer to capture cross-channel
dependencies among the different physiological signals. The second introduced gestational
age as an additional conditioning variable via a dedicated embedding layer, thereby enabling
the model to contextualize signal patterns with respect to developmental maturity. To
further enhance the model’s ability to integrate multimodal information, both approaches
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were combined by incorporating gestational age directly into the self-attention mechanism
in the form of a prompt. Specifically, the gestational age embedding vector g was introduced
as an additional token within the self-attention layer, modifying the way multivariate time-
series signals are processed.

Given an input sequence of L patches, each with C' channels, the feature tokens before
self-attention is represented as H € RE*2*P where D denotes the latent space dimension.
The gestational age prompt was incorporated by expanding this representation to include
an additional prompt token, yielding an augmented input:

H = [H; g € RF+D*CxD (2.8)

where the concatenation operation ensures that the gestational age information is treated as
an integral part of the attention computation. The self-attention mechanism is then applied

as follows: ) ) )
H' = MultiHeadAttention(Q = H, K = H,V = H) (2.9)

Then, the last token embedding of H’, which corresponds to the token used to prompt the
model, is removed to obtain the output H € R®*EXP By including the gestational age
embedding in this formulation, the model modulates how individual signals are processed,
allowing it to adjust feature extraction based on gestational age.

2.3.2 TabPFN

The application of FMs to tabular data presents unique challenges that have historically
limited their success in this domain. Unlike text or image data, tabular datasets exhibit a
high degree of heterogeneity, not only in feature types and distributions but also in dataset
size, structure, and semantics. This variability significantly complicates the development of
generalizable models capable of transferring knowledge across tasks and domains. Traditional
ML methods, while effective in narrow, well-defined scenarios, often suffer from poor out-of-
distribution generalization and limited transferability. Moreover, conditioning FMs on the
specific context of a tabular prediction task is inherently difficult due to the vast number of
possible data configurations and problem formulations.

TabPFN (Tabular Prior-data Fitted Network) represents a significant advancement in this
context, introducing a FM specifically designed to handle the structural and statistical com-
plexity of tabular data [16]. By learning from millions of synthetically generated datasets
that simulate real-world variability, TabPFN achieves improved generalization and predic-
tive performance, particularly in medium-sized datasets with up to 10,000 samples. This
approach marks a paradigm shift in tabular data modeling by enabling fast, accurate predic-
tions without task-specific retraining, thereby addressing key limitations of prior methods in
real-world applications such as clinical decision support.
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Figure 2.5: The TabPFN architecture. This figure illustrates the two-way attention mech-
anism, highlighting feature-wise (left) and sample-wise attention (right). This figure is
adapted from the original TabPFN paper [16]

Synthetic data based on causal models for model pretraining

A critical challenge in developing robust models for tabular data is the scarcity of large,
diverse datasets necessary for comprehensive training. TabPFN addresses this by generating
synthetic datasets through structural causal models, which simulate complex data-generating
processes. This methodology allows the model to learn a wide array of functional relation-
ships and patterns, thereby enhancing its generalization capabilities across various real-world
scenarios and circumventing privacy concerns associated with real-world data collection.
Training on millions of these synthetic datasets ensures that the synthetic prior captures es-
sential aspects of real tabular data distributions, including non-linear relationships, feature
correlations, and diverse noise patterns.

This pretraining approach also confers practical advantages during downstream application.
By learning from diverse data distributions, the model becomes inherently capable of han-
dling common data irregularities, such as missing values and varying feature scales. TabPFN
streamlines the data preprocessing phase by automatically managing missing values, encod-
ing categorical variables, and normalizing features when provided with raw tabular data.
This automation contrasts with traditional models that typically require manual interven-
tion for such preprocessing tasks prior to training. By eliminating the need for labor-intensive
data preparation, TabPFN not only reduces the potential for human error but also accel-
erates the overall model development process. This capability is particularly advantageous
in clinical settings, where datasets often contain incomplete information and time is of the
essence.

Model architecture

TabPFN leverages a transformer-based neural network architecture specifically designed for
tabular data. Unlike conventional transformer models, which are optimized for sequential
data, TabPFN is tailored to the two-dimensional structure of tabular datasets by employing
a novel two-way attention mechanism. This mechanism enables each cell within a table to
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is adapted from the original TabPFN paper [16]

attend to other features within the same row (sample-wise attention) as well as to the same
feature across different rows (feature-wise attention). The core of the TabPFN model con-
sists of 12 transformer layers, each optimized for tabular data processing. The architecture
is designed to efficiently handle small-sample learning scenarios by incorporating several key
modifications aimed at improving memory efficiency and computational scalability. Key
innovations include half-precision layer normalizations, flash attention mechanisms for re-
duced memory footprint, and activation checkpointing to enable training on large synthetic
datasets.

In-context learning

A central innovation of TabPFN is its integration of In-Context Learning (ICL), a mechanism
originally developed for large language models, which enables the simultaneous execution of
task learning and prediction within a single forward pass. This design eliminates the need for
distinct training and testing phases and provides a scalable alternative to traditional retrain-
ing paradigms. ICL addresses a fundamental limitation in the application of FMs to tabular
data, namely, the challenge of task contextualization across heterogeneous datasets. Un-
like conventional models that require parameter optimization specific to each task, TabPFN
conditions its predictions on a given support set, effectively treating it as a prompt that
encapsulates the statistical and semantic properties of the task at hand.

Through the use of attention mechanisms, TabPFN dynamically conditions its predictions
on the provided training set, effectively treating it as a prompt, thereby allowing the model
to generalize to previously unseen tasks without modifying its internal parameters. This
capability is particularly advantageous in clinical contexts, where datasets are often small,
heterogeneous, and task-specific, and where rapid deployment without retraining is essential.
By circumventing the need for explicit task specialization, ICL serves as the cornerstone of
TabPFN’s adaptability, enabling robust performance in data-scarce environments, such as
healthcare, and facilitating broader applicability of FMs to the tabular data domain.

2.3.3 Experimental setup

Both FMs were evaluated LOS sepsis prediction task, and their performance was compared
against that of a baseline SVM model. While the FORMED model is described as open
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source, direct access to its pre-trained weights was not available at the time of this study.
Consequently, a reverse engineering strategy was adopted to approximate the original model
configuration and enable comparative analysis. This approach allowed for the evaluation of
FORMED'’s architecture and adaptation capabilities within the constraints of reproducibility
and accessibility, providing insight into its practical deployment potential in clinical settings.

For TimesFM, FORMED’s backbone foundation model, the pre-trained weights were di-
rectly obtained from the publicly available version released by Google on the Hugging Face
platform. To ensure the validity of the downloaded weights, a series of sanity checks were
conducted by replicating the results reported in the original paper [59|. Specifically, the
model was tested on artificially generated signals to assess its ability to predict time-series
trends. Appendix D, and specifically Figure D.1, illustrates that TimesFM accurately fore-
casts periodic signals, particularly in low-noise conditions. Regarding the classification head,
direct access to the pre-trained weights was not available, necessitating a complete retrain-
ing of the head module. The newly trained model’s performance was then compared with
the results reported in the original paper [15|. This process was computationally intensive,
as it required downloading all datasets D™ used in the pretraining phase and re-training
the classification head from scratch. The computational burden associated with this process
presents a major bottleneck, particularly in resource-constrained environments such as hos-
pitals, where model usability is a fundamental prerequisite. While it was feasible to re-train
the classification head due to its relatively small number of parameters, re-training the entire
model, including TimesFM, would have been impractical given the limited numbers of GPUs
available for this project.

In contrast, the implementation and use of TabPFN was considerably more straightforward.
This is largely attributed to the fact that TabPFN offers a Scikit-Learn API, facilitating
seamless adoption within existing machine learning pipelines. This compatibility enhances
its usability, allowing for easy integration into pre-existing codebases and enabling rapid
experimentation. Additionally, the pre-trained weights for TabPFN were readily available
and downloaded directly from Hugging Face, eliminating the need for extensive re-training
efforts.

Model evaluation and hyperparameter tuning

All models were evaluated on the CHUV dataset using a 5-fold cross-validation (CV) strategy.
To ensure a fair comparison across models, the same folds were maintained consistently
throughout all experiments. To prevent data leakage during model evaluation, normalization
was applied within the CV loop. Specifically, for each fold, the mean and standard deviation
were computed exclusively on the training set. These statistics were then used to normalize
both the training and corresponding test sets. This approach ensures that no information
from the test data influenced the training process, thereby preserving the integrity of the
model evaluation.

Both SVM and TabPFN were trained using the feature-engineered dataset, whereas FORMED
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was the only model trained directly on the raw time series data. This distinction underscores
a fundamental difference in data processing approaches, potentially impacting model inter-
pretability and performance. Moreover, the SVM model was trained using the same set of
hyperparameters identified in a previous study conducted at CHUV on the same patient
cohort. These hyperparameters were selected based on a 5-fold CV procedure; however, it is
important to note that the data were split differently from the current experimental setup.
For TabPFN, no retraining was required due to the model’s inherent structure, and con-
sequently, no hyperparameter tuning was necessary. Instead of following the conventional
machine learning training paradigm, TabPFN was conditioned on the entire training set,
which was provided as a prompt to the model. In contrast, FORMED required hyperparam-
eter optimization, which was performed using a grid search approach. For hyperparameter
tuning we employed a nested cross-validation strategy was adopted, consisting of 5 outer
splits and 3 inner splits. In each outer loop iteration, an additional inner loop was exe-
cuted to optimize the model’s hyperparameters. The combination of hyperparameters that
achieved the highest average performance across the inner folds was selected, and the corre-
sponding model, the one achieving the highest AUROC, was then evaluated on the test set of
the respective outer fold. Importantly, no refitting was performed on the entire training set,
ensuring that the evaluation remained unbiased and that no data leakage occurred during
testing. This approach allowed for systematic hyperparameter tuning without artificially
inflating model performance.

All experiments were conducted using an NVIDIA Quadro P6000 GPU. To ensure repro-
ducibility and efficient tracking of experimental results, MLflow (version 2.21.1) was em-
ployed to log and monitor all conducted experiments. MLfHow’s interface enables systematic
tracking of model evaluations while providing real-time insights into performance metrics
during training. Additionally, the platform facilitated a comparative analysis of model per-
formance across different experiments through graphical visualizations and summary tables.
All models were implemented using Scikit-learn (version 1.6.1) and PyTorch (version 2.6)
using the Python programming language. For hyperparameter optimization, RayTune (ver-
sion 2.44.1) was utilized, allowing for an efficient and scalable grid search process. RayTune,
a Python-based library compatible with PyTorch, enables large-scale experiment execution
and hyperparameter tuning. By leveraging parallelization, multiple search iterations were
executed simultaneously on the same GPU, significantly accelerating the hyperparameter
optimization process.
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Chapter 3

Results

3.1 Neonatal sepsis prediction traditional machine learn-
ing vs. foundation models

Table 3.1 presents the performance of compared classifiers on the sepsis prediction task.
Notably, SVM and TabPFN demonstrate comparable results, with TabPFN achieving a
slightly higher AUROC (83.34 + 2.36) and precision (75.10 £+ 2.58) relative to SVM’s AU-
ROC (80.65 + 2.26) and precision (73.81 + 3.52). This similarity is particularly striking
given that TabPFN is only conditioned on sepsis data. In fact, TabPFN does not undergo
additional training for this specific task, highlighting the potential of pretrained foundation
models to adapt effectively to new datasets. In contrast, FORMED consistently under-
performs the other two models, exhibiting a lower AUROC (72.49 £+ 6.77) and precision
(69.15 £ 3.99). Omne possible explanation for this discrepancy is that FORMED processes
raw time-series inputs, whereas SVM and TabPFN both rely on feature-engineered data. The
direct use of unfiltered signals may introduce noise or artifacts that degrade classification
performance.

3.1.1 Further investigation of the FORMED model and its predic-
tions

Assessing FORMED'’s repurposing srategy for medical time series

To evaluate the applicability of FMs to clinical time series classification, we investigated
FORMED, a framework that repurposes a pretrained forecasting model for classification
tasks. Unlike traditional models that rely on manually engineered features, FORMED ex-
tracts representations directly from raw signals. This design is grounded in the assumption
that FORMED’s backbone model, TimesFM, can generate clinically meaningful embeddings
suitable for classification, despite being originally developed for general-purpose time series
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Table 3.1: LOS sepsis prediction results using different classifiers. Numbers are reported as
percentage mean (standard deviation) computed across the outer folds of the nested cross-
validation. Metrics include accuracy, precision, recall, F1 score, AUROC, and AUPRC,
enabling a comprehensive comparison of classifiers performance.

Model Accuracy Precision Recall F1 score AUROC AUPRC

SVM 76.02 (3.41)  73.81 (3.52)  73.58 (4.04)  73.52 (3.83)  80.65 (2.26)  71.79 (6.85)
FORMED  70.49 (1.99)  69.15 (3.99)  63.89 (2.60)  63.94 (3.17)  72.49 (6.77)  61.15 (7.05)
TabPFN  77.31 (2.39)  75.10 (2.58) 75.12 (3.01) 75.19 (2.73)  83.34 (2.36)  75.61 (5.35)

forecasting. Given this assumption, we first assessed TimesFM'’s forecasting performance by
evaluating its forecasting performance on physiological signals from our cohort.

During the repurposing phase, FORMED was fine-tuned for medical classification tasks us-
ing five different datasets D™*? encompassing typical physiological signals such as ECG and
EEG. The model demonstrated strong performance on these classification tasks, suggesting
that the extracted feature representations were indeed informative. To further investigate
this, we analyzed TimesFM'’s ability to predict the temporal evolution of these physiolog-
ical signals. Figure D.2, Appendix D presents the forecasting results for ECG waveforms
from the PTB-XL dataset, which was selected due to its superior classification performance
among the evaluated datasets. Overall, TimesFM successfully captures the general trend of
ECG signals. However, it fails to accurately predict high-amplitude variations, such as the
characteristic peaks of ECG waveforms. This limitation does not necessarily indicate model
failure; rather, in cases where sharp fluctuations are not well captured, TimesFM converges
towards the mean value of the signal, which remains a reasonable approximation.

An additional factor influencing TimesFM’s performance is the periodicity of the input
signals. As previously observed when testing on synthetic time-series data (Figure D.1,
Appendix D), TimesFM performs optimally with quasi-periodic signals. To further validate
this, we tested the model on the physiological signals from neonates in this study. The results
are shown in Figure 3.1 (see Figure D.3, Appendix D for additional examples). Similar to
previous experiments, TimesFM accurately predicts the trend of most signals. However, a
notable difference is that these physiological signals are not inherently periodic. Additionally,
the sampling frequency of the signal plays a critical role. While TimesFM effectively captures
the general trend of HR and SpOs,, it struggles with low-frequency signals, such as SBP, where
it again tends to converge towards the mean.

Training FORMED with different modes for sepsis prediction

FORMED was originally designed with the objective of minimizing the number of trainable
parameters (see Section 2). This strategy was initially applied to the task of sepsis pre-
diction. In a first experiment evaluating FORMED’s generalization capabilities, the model
was employed in the adapting phase to adapt it for the sepsis classification task. However,
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Figure 3.1: Forecasted vital signals for a randomly selected patient. The bottom row plots
zoom in on the forecasting horizon for better visibility.

as shown in Table 3.2, FORMED failed to achieve satisfactory performance, reaching an
accuracy of only 67.13 (£ 6.15).

To further investigate FORMED’s performance, a series of additional experiments were con-
ducted, testing different training strategies. First, the repurposing phase was re-executed
while incorporating the sepsis dataset to better align the learned feature representations (re-
purposing). Next, a fine-tuning approach was applied, where the model was initialized using
the weight configuration obtained after the original repurposing phase and subsequently
trained on the sepsis dataset (fine-tuning). Unlike the adapting phase, in which only a
small subset of parameters was optimized, fine-tuning involved training the entire model
while leveraging the knowledge acquired during repurposing. Lastly, the model was trained
from scratch, using only the sepsis dataset (training). The results of these experiments are
summarized in Table 3.2. Notably, training the model from scratch led to the highest per-
formance, achieving an AUROC of 72.49 (£ 6.77) and a precision of 69.15 (+ 3.99). These
findings confirm the hypothesis that FORMED does not benefit from prior knowledge ac-
quired during the classification of ECG and ECG signals. Moreover, incorporating the sepsis
dataset into the repurposing phase did not yield any performance improvements.

Architectural limitation and modifications of FORMED for sepsis prediction

As shown in Table 3.1, FORMED consistently underperforms compared to SVM and TabPFN.
Several factors may contribute to this reduced predictive capability. One key limitation lies
in the fixed-length context window. TimesFM, and consequently FORMED, can only process
time series with a maximum length of 512 timestamps. In the context of sepsis prediction,
this corresponds to approximately 9 hours of minute-by-minute time series data prior to
diagnosis. In contrast, SVM and TabPFN were trained on an engineered dataset containing
features extracted from windows extending up to 72 hours before diagnosis. This significant
difference in temporal context suggests that FORMED may not have access to sufficient
predictive information, potentially limiting its performance.
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Table 3.2: LOS sepsis prediction results using different versions of FORMED. Numbers are
reported as percentage mean (standard deviation) computed across the outer folds of the
nested cross-validation. Metrics include accuracy, precision, recall, F1 score, AUROC, and
AUPRC, enabling a comprehensive comparison of classifiers performance.

Experiment  Accuracy Precision Recall F1 score AUROC AUPRC
adapting 67.13 (6.15)  54.91 (6.73)  54.13 (5.33)  55.20 (6.83)  54.38 (5.72)  45.17 (7.98)
repurposing 56.52 55.87 56.46 55.17 61.25 44.35
fine-tuning 56.69 (9.87)  53.10 (8.45)  53.11 (8.44)  52.25 (9.26) 57.03 (10.12)  44.85 (8.54)
training 70.49 (1.99) 69.15 (3.99) 63.89 (2.60) 63.94 (3.17) 72.49 (6.77) 61.15 (7.05)

Table 3.3: LOS sepsis prediction results with SVM using different time windows. Numbers
are reported as percentage mean (standard deviation) computed across the outer folds of the
nested cross-validation. Metrics include accuracy, precision, recall, F1 score, AUROC, and
AUPRC, enabling a comprehensive comparison of classifiers performance.

Experiment  Accuracy Precision Recall F1 score AUROC AUPRC
72h 76.02 (3.41)  73.81 (3.52)  73.58 (4.04) 73.52 (3.83)  80.65 (2.26)  71.79 (6.85)
12h 75.12 (1.70)  73.14 (1.85)  73.04 (2.13)  72.76 (1.76)  81.70 (1.35)  75.99 (4.26)

To investigate this hypothesis, we restricted the temporal window used for feature extraction
in the engineered dataset to 12 hours and subsequently compared the performance of the
SVM model trained on this reduced dataset with its original 72-hour configuration. Results
are presented in Table 3.3. As expected, a slight decrease in performance was observed;
however, the model trained on a limited window still achieved comparable results, with an
accuracy of 75.12 (£ 1.70) versus 76.02 (£ 3.41) in the original setting. This finding aligns
with previous internal studies, which identified features extracted 6 to 12 hours before sepsis
diagnosis as among the most predictive, whereas those obtained 24, 48, or 72 hours prior
contributed less to classification performance.

Another important consideration in FORMED’s design is its assumption of channel indepen-
dence. Since TimesFM processes only univariate time series, this assumption translates into
applying the feature extraction network independently to each signal. While previous studies
have supported this assumption in various applications [80], its implications in biomedical
time-series classification may limit overall classification performance, as the model might fail
to capture clinically relevant interdependencies across input signals. To address this, we ex-
plored several modifications to FORMED’s architecture. First, an additional self-attention
layer was introduced before the final classification step to allow for information exchange
between channels (self-attenton). Second, instead of modifying the architecture, we incor-
porated an embedding layer to encode gestational age, a feature explicitly used by SVM
and TabPFN but not previously integrated into FORMED (gestational age). Finally, both
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Table 3.4: LOS sepsis prediction results with FORMED using different experimental settings.
Numbers are reported as percentage mean (standard deviation) computed across the outer
folds of the nested cross-validation. Metrics include accuracy, precision, recall, F1 score,
AUROC, and AUPRC, enabling a comprehensive comparison of classifiers performance.

Experiment Accuracy Precision Recall F1 score AUROC AUPRC

Original 70.49 (1.99) 69.15 (3.99) 63.89 (2.60) 63.94 (3.17) 72.49 (6.77) 61.15 (7.05)
Gestational age  69.43 (3.18) 66.47 (4.99) 63.22 (4.12) 64.34 (4.51) 71.45 (5.43) 57.21 (6.84)
Self attention 70.92 (2.81) 68.48 (3.22) 66.19 (3.48) 66.27 (3.82) 72.41 (5.63) 59.83 (8.24)
Prompt 69.64 (3.33) 66.27 (4.47) 64.08 (3.84) 64.50 (4.11) 72.18 (5.46) 59.00 (6.27)

modifications were combined to maximize the extracted information from the input signals
(prompt). All experiments were conducted using the sepsis dataset, following the same ex-
perimental setup described earlier. Given that training the model from scratch yielded the
best performance in previous evaluations (see Table 3.2), the same training strategy was
adopted for this analysis.

The results, summarized in Table 3.4, indicate that these modifications did not significantly
improve FORMED’s predictive performance.

3.1.2 Robustness analysis of the foundation model approach with
TabPFN

The results presented in Table 3.1 indicate that both SVM and TabPFN achieve compara-
ble performance in predicting neonatal sepsis, aligning with findings reported in previous
studies [6-8]. However, despite similar overall performance, the two models employ funda-
mentally different approaches. Determining which model is better suited for potential clinical
implementation remains a complex task that requires further investigation. The standard
performance metrics used in this study, while informative, do not provide a comprehensive
assessment of a model’s suitability for real-world deployment in hospitals. The adoption of
complex models such as TabPFN should be justified by distinct advantages in performance
that cannot be attained using classical machine learning models such as SVM. Moreover,
additional factors, such as the reliability of predictions, model robustness to distributional
and temporal shifts, and adaptability to various clinical settings, must be taken into account
when considering model deployment. To address these concerns, an in-depth analysis of both
models was conducted to highlight the strengths and weaknesses of each approach.

One of the most time-consuming processes in machine learning model development is feature
extraction. This step not only requires substantial resources, both in terms of time and
specialized personnel, but is also inherently influenced by the specific model being tested.
As aresult, there is a risk of designing a dataset that is tailored to a particular model, limiting
its generalizability to other tasks. In hospital settings, where resources are often constrained
due to public funding, optimizing workflow efficiency is crucial to maintaining a high standard
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Figure 3.2: Comparison of the performance of SVM (blue) and TabPFN (orange) as a
function of training data size. Boxplots represent the distribution of performance metrics
across outer splits of a cross-validation procedure, with the median and interquartile range
shown to illustrate both central tendency and variability.

of care. Furthermore, in the medical field, feature extraction should ideally be supervised
by clinical experts to ensure the inclusion of clinically meaningful variables. However, this
requirement imposes an additional burden on physicians. A major advantage of modern FMs
is their ability to automatically extract features, thereby reducing the reliance on manual
feature engineering. In the case of TabPFN, however, feature extraction is not performed
internally, as the model still relies on pre-processed features. Therefore, its adoption must be
justified by other benefits. To assess the robustness of TabPFN, two additional experiments
were conducted.

The first experiment evaluated model performance under varying amounts of training data.
As before, a 5-fold cross-validation approach was employed, where the proportion of training
data was systematically adjusted for each fold. To mitigate potential sample bias, this
sampling procedure was repeated n times to cover the whole original training set. The final
performance metrics of all n repeats were averaged within each training data fraction. The
results, presented in Figure 3.2, demonstrate that TabPFN consistently outperforms SVM
across all metrics, particularly when trained on less than 25% of the available data. Moreover,
TabPFN exhibits higher precision, which is a key requirement for clinical adoption, as it helps
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Figure 3.3: Comparison of the performance of SVM (blue) and TabPFN (orange) as a
function of feature group. Boxplots represent the distribution of performance metrics across
outer splits of a cross-validation procedure, with the median and interquartile range shown
to illustrate both central tendency and variability.

reduce the occurrence of false alarms, a major concern for healthcare professionals. While no
significant differences are observed when the full training dataset is utilized, these findings
suggest that TabPFN possesses a superior ability to generalize from limited data compared
to SVM, which is particularly valuable in clinical settings involving small datasets.

In the second experiment, we aimed to evaluate the performance of SVM and TabPFN
under varying levels of feature complexity. To achieve this, the extracted features were
categorized into three groups, arranged in increasing order of complexity and computational
effort required for their definition, as detailed in Table 2.2 (see Section 2).

Figure 3.3 presents a comparative analysis of the two models across six evaluation metrics.
The results indicate that TabPFN consistently outperforms SVM across all metrics and fea-
ture sets. Notably, TabPFN demonstrates strong predictive performance even when trained
exclusively on raw features, surpassing SVM in both median performance and variability.
This finding suggests that TabPFN does not require extensive feature engineering to achieve
reliable predictions, potentially simplifying the entire data preprocessing pipeline. In con-
trast, SVM exhibits a stronger dependence on domain-specific features, requiring additional
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Table 3.5: NEC prediction results using different classifiers trained on sepsis prediction
task (as described in Section 2) in a zero-shot setting. Metrics include accuracy, precision,
recall, F1 score, AUROC, and AUPRC, enabling a comprehensive comparison of classifiers
performance.

Model Accuracy Precision Recall F1 score n AUROC AUPRC

SVM 78.05 75.64 76.46 76.00 84.94 71.22
FORMED 78.66 76.40 77.78 76.92 81.21 67.30
TabPFN 82.32 82.52 77.12 78.77 91.63 83.59

preprocessing steps and extensive collaboration with clinical experts.

3.1.3 Assessing models generalization on an unseen clinical task

FMs have demonstrated remarkable adaptability across multiple tasks by leveraging large-
scale pretraining and flexible architectures. Assessing their generalization capabilities is
crucial to understand their potential clinical impact, particularly in neonatology, where pre-
dictive modeling could enhance decision-making and optimize patient care. To rigorously
assess the adaptability of the evaluated models beyond the primary objective of sepsis pre-
diction, an additional classification task involving the prediction of NEC was introduced (see
Section 2).

Table 3.5 presents the results of NEC prediction in a zero-shot setting, where all three models
were initially trained on sepsis prediction task (as described in Section 2) before being directly
applied to the entire NEC dataset. In the case of TabPFN, the model was conditioned
on sepsis data, meaning that the sepsis dataset was provided as a prompt. Despite not
being explicitly trained on sepsis data, TabPFN outperforms both SVM and FORMED,
achieving the highest accuracy, AUROC, and AUPRC. These results highlight the model’s
ability to generalize to a novel classification task with minimal or no additional training.
In contrast, SVM and FORMED exhibit comparable performance, with SVM achieving
an accuracy of 78.05 and FORMED reaching 78.66. However, an important observation
is that NEC classification appears to be inherently less challenging than sepsis prediction.
According to clinical experts, NEC is typically characterized by more pronounced clinical
manifestations, making it easier to identify. This observation is further supported by Figure
B.6, Appendix B, which compares the average signal trajectories of patients across the two
tasks. In particular, the average signals for NEC patients show a greater deviation from
the control group, whereas this distinction is less evident in sepsis cases. Furthermore,
both datasets exhibit significant inter-individual variability, which adds another layer of
complexity to the classification task. Despite NEC being an easier condition to classify,
TabPFN demonstrates a clear advantage due to its ability to adapt to new tasks through
prompt-based conditioning. This result underscores the potential of pre-trained foundation
models to enhance clinical decision-making by generalizing across different medical conditions
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with minimal task-specific tuning.

3.2 External validation

To assess the generalizability of the models beyond the development cohort, external valida-
tion was performed using data from a distinct clinical center. External validation is a critical
step in evaluating the robustness and applicability of predictive models, as it enables the
assessment of performance on populations that may differ in terms of demographics, clinical
practices, and data distributions. This step is particularly important in neonatal care, where
inter-center variability can be substantial.

Once the models were tested and internally validated on the CHUV cohort, they underwent
external validation using data from USZ. Data from KiSpi were not included in this study
due to the limited number of sepsis cases available after applying the inclusion criteria. As
shown in Table 2.1, KiSpi primarily treats neonates with a higher gestational age compared
to CHUV and USZ. One of the inclusion criteria for this study required patients to have a
gestational age below 32 weeks, which resulted in only two sepsis cases at KiSpi. Given this
small sample size, these data were not considered for external validation.

Based on the results obtained locally on CHUV data, only SVM and TabPFN were selected
for further validation, as FORMED did not achieve performance comparable to the baseline
model (see Table 3.1). Both models were trained on CHUV data and subsequently tested
on USZ data.

To assess model performance under conditions that mimic a real-world clinical setting, two
experimental strategies were implemented. In the first experiment, SVM was evaluated using
the same preprocessing pipeline as CHUV, meaning that the scaling parameters were derived
from CHUV data. This approach simulates an offline deployment scenario, where the model,
having no prior exposure to the new cohort, relies solely on the training phase without any
additional rescaling procedure. In the second experiment, the SVM model was recalibrated
using scaling parameters derived from USZ data, allowing for an assessment of the model’s
adaptability to distribution shifts. While this second approach does not fully represent
a real-world deployment scenario, it provides insight into the model’s generalization and
adaptability. These two experiments were conducted only for SVM, as TabPFN internally
manages normalization and missing value imputation. To obtain a benchmark performance
for sepsis prediction on the external USZ data, both models were also trained/conditioned
directly on USZ data to establish a reference for their expected performance.

Table 3.6 presents the results of this analysis. TabPFN outperforms SVM, demonstrating
consistent performance regardless of whether it was conditioned on CHUV or USZ data. This
finding highlights the robustness of TabPFN in adapting to new data distributions without
explicit recalibration. SVM’s performance is highly dependent on the chosen calibration
strategy. Without recalibration, a significant drop in performance is observed, indicating that
SVM cannot effectively transfer knowledge from one cohort to another without additional
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adjustment.

Table 3.6: Performance comparison of SVM and TabPFN on USZ data (N=149) under differ-
ent validation settings. Both models were initially trained on CHUV data and tested on USZ
data, with SVM evaluated under two different rescaling strategies: (1) using CHUV-based
scaling parameters and (2) rescaling with USZ-based scaling parameters. Additionally, both
models were trained directly on USZ data to establish a benchmark for external validation.

Model Accuracy Precision Recall F1 score AUROC
é SVM! 55.72 (11.08) 42.44 (6.77) 89.33 (9.47) 57.27 (7.50) 64.35 (9.13)
g SVM? 72.10 (10.58) 56.92 (14.39) 59.50 (23.07) 56.46 (18.41) 68.69 (12.59)
Q
N TabPFN  76.25 (5.42) 64.11 (8.75) 62.22 (13.13) 62.55 (9.89) 72.56 (6.85)
g=
& SVM 71.79 (10.29) 56.70 (14.12)  58.00 (18.09)  56.66 (15.17) 68.05 (11.43)
=
£ TabPFN  77.91 (6.05) 70.41 (10.71)  52.22 (14.72)  59.50 (13.51) 71.18 (8.18)
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Chapter 4

Discussion

4.1 Comparison of traditional machine learning and foun-
dation models

The primary objective of this study was to investigate the potential of introducing advanced
modeling paradigms, specifically, FMs, within the domain of clinical research, with a focus on
neonatal sepsis prediction. Several strategies were explored to assess whether these novel ap-
proaches could address long-standing limitations associated with traditional ML techniques.
Among these challenges are suboptimal generalization capabilities, limited robustness to
distributional shifts across patient populations and care settings, reduced adaptability to
multiple tasks, and a strong reliance on extensive feature engineering, a process that is both
time- and resource-intensive, often requiring considerable domain expertise, particularly in
healthcare settings.

While the application of FMs in clinical settings is promising and their potential remains
substantial, our findings underscore the importance of cautious interpretation. The observed
performance gains were not uniform and depended heavily on both the model architecture
and the underlying data characteristics. In particular, the benefits of adopting FM-based
approaches appear to be contingent upon factors such as pretraining strategies, input data
modalities, and the nature of the downstream task. To systematically assess these aspects,
two distinct FM paradigms were evaluated in this study: one operating directly on raw
medical time series and another utilizing an innovative in-context learning approach tailored
for tabular data. The results revealed key insights into the strengths and limitations of each
method, highlighting the current capabilities of FMs while also identifying critical areas for
further investigation.
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4.1.1 From forecasting to classification: repurposing raw-signal foun-
dation models

In this study, we investigated FORMED, a FM-based classification framework that operates
directly on raw physiological time series, with the goal of circumventing the need for man-
ual feature engineering. This approach aligns with recent trends in ML, where end-to-end
architectures are increasingly employed to extract meaningful representations directly from
unprocessed input data. Despite these theoretical advantages, the empirical results obtained
using FORMED were consistently inferior to those achieved by a much simpler SVM classi-
fier trained on handcrafted features. This discrepancy raises important questions regarding
the limitations of current FM architectures for clinical time series classification, particularly
in the context of neonatal sepsis detection.

One contributing factor to this suboptimal performance may be the inefficacy of the transfer
learning process. Specifically, FORMED did not appear to leverage the information acquired
during the repurposing phase. One possible explanation lies in the nature of the signals used
in the repurposing phase, which differ significantly from those used for sepsis prediction.
While both are related to cardiovascular activity, the physiological signals collected in this
study differ markedly from standard ECG waveforms in both morphology and sampling
frequency. For example, ECGs used in FORMED’s repurposing phase are typically sampled
at 500 Hz, whereas the sepsis-related signals used in this study were recorded at a much lower
frequency, specifically minute-by-minute. As a result, the underlying temporal structure and
spectral content of the signals differ substantially, potentially limiting the model’s ability to
generalize learned patterns to this new domain.

Moreover, the nature of sepsis presents additional challenges. An exploratory analysis us-
ing FORMED’s backbone model, TimesFM, to forecast sepsis-related physiological signals
revealed that the model could effectively capture the general trend of the signal while fil-
tering out substantial amounts of noise. This finding suggests that the model is capable
of modeling low-frequency components while smoothing signal fluctuations. However, un-
like tasks such as arrhythmia detection, where periodic and highly structured patterns in
ECG signals can be efficiently leveraged by trend-based forecasting models, sepsis is inher-
ently more heterogeneous and lacks regular, easily identifiable temporal signatures. While
capturing signal trends may prove sufficient in certain applications, it may not adequately
reflect the subtle physiological changes that precede sepsis onset. Clinical events frequently
associated with sepsis, such as apnea or lethargy, may not be detectable through trend esti-
mation alone, especially when these manifestations are brief, irregular, or context dependent.
Despite these limitations, previous internal investigations conducted at CHUV have shown
that trend-related features rank among the most important variables for neonatal sepsis
classification, as revealed through feature importance analyses. Accordingly, our evaluation
of FORMED proceeded under the assumption that the latent representations extracted by
TimesFM, despite being based primarily on trend information, could still capture clinically
relevant patterns sufficient for sepsis classification. This hypothesis underpinned the ratio-
nale for further investigating FORMED’s applicability to the task, despite its reliance on a
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model originally pretrained for general-purpose time series forecasting.

To further evaluate FORMED’s adaptability to the neonatal sepsis prediction task, two
complementary analyses were conducted. The first set of analyses investigated the impact of
different training modalities. Specifically, we evaluated whether including the sepsis dataset
alongside the original set of publicly available physiological time series could improve model
performance. However, this strategy did not yield substantial gains. A plausible explanation
for this outcome lies in the imbalance between the datasets: for example, PTB-XL contains
over 10,000 samples, whereas the sepsis dataset comprises only 471 patients. As dataset size
was not explicitly considered during weight updates, the model may have disproportionately
adapted to the larger datasets, thus failing to sufficiently internalize representations relevant
to sepsis. This hypothesis is supported by training dynamics observed via MLFlow, which
revealed indications of overfitting on the dominant datasets and limited generalization to the
target clinical task.

The second analysis aimed to address architectural limitations of FORMED. Two targeted
modifications were explored to improve its capacity to model multivariate clinical signals
and patient-specific information. First, an additional self-attention layer was introduced
before the final classification head to mitigate the univariate processing constraint imposed
by the backbone. Second, a gestational age embedding was incorporated to condition the
model on a clinically relevant covariate known to influence sepsis progression. However, none
of the altered configurations demonstrated clear improvements in predictive performance.
The limited dataset size likely contributed to the lack of benefit from the increased model
complexity introduced by the self-attention mechanism. Indeed, learning curves showed early
signs of overfitting, suggesting that the model was unable to generalize effectively under these
constraints.

Finally, an additional and often overlooked factor pertains to the translational applicability
of pretrained models. During the repurposing stage, FORMED was trained predominantly
on time series data from adult patients. However, preterm neonates exhibit unique physiolog-
ical characteristics and developmental trajectories, marked by high inter- and intra-patient
variability. This physiological heterogeneity, compounded by gestational age differences and
ongoing maturation processes, may limit the effectiveness of transfer learning from adult to
neonatal populations. Although the architecture of FORMED is theoretically designed to
accommodate such adaptation through lightweight fine-tuning, our findings suggest that this
capability was insufficient to achieve satisfactory classification performance in the neonatal
sepsis context.

Taken together, these observations highlight several limitations that must be addressed before
raw-data-based FMs like FORMED can be effectively deployed in clinical neonatal care.
While promising in principle, the current instantiation of this approach requires further
refinement to fully realize its potential for early sepsis detection in neonates.
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4.1.2 Evaluating tabular foundation models for sepsis prediction

The second modeling strategy explored in this study focused on assessing the performance
and robustness of a FM tailored for tabular data. To this end, we systematically compared
TabPFN with a SVM, taken as baseline, across a variety of experimental configurations.
Given that both models rely on hand-engineered features, the utility of TabPFN must be
substantiated either through superior predictive performance or through improved efficiency
and adaptability.

Across all experiments, TabPFN consistently outperformed the SVM, particularly under
constrained conditions such as reduced training data availability. These results suggest that
FMs like TabPEFN may offer a compelling alternative to traditional ML approaches in clinical
settings, where data scarcity and limited computational resources are common. Notably,
TabPFN maintained high performance even when trained on a minimal set of raw features.
This observation is particularly relevant in healthcare environments, where the collection of
annotated data, especially in the context of rare diseases, requires substantial input from
domain experts, thereby increasing both development time and personnel workload.

One of the distinguishing advantages of TabPFN lies in its practical usability. As a plug-and-
play solution, TabPFN abstracts away the complexity of model pretraining and large-scale
dataset curation. In contrast, conventional ML workflows often place the full burden of model
development, feature engineering, and deployment on the same practitioner. TabPFN’s
accessibility, for example through platforms like Hugging Face, requires only minimal setup
and is particularly suited for clinical contexts where ML expertise may be limited.

Additionally, model performance was evaluated across varying levels of feature complexity.
TabPFN demonstrated comparable predictive accuracy even when limited to basic statistical
features, indicating that its performance does not strongly depend on the inclusion of ad-
vanced, domain-specific variables. These results suggest that the feature engineering process
can be substantially simplified without compromising model effectiveness. Minimizing the
reliance on iterative feature selection and reducing the need for extensive clinical input may
lead to more efficient model development and better allocation of resources within hospital
settings.

In summary, the performance and usability of TabPFN emphasize the potential advantages
of integrating FMs into clinical predictive workflows. Its ability to operate effectively un-
der typical clinical constraints, such as limited data, minimal preprocessing, and resource
scarcity, positions it as a viable candidate for broader adoption in real-world neonatal care
settings.

4.1.3 Generalizability of the ML and foundation model approaches
on additional tasks and datasets

This study highlights the transformative potential of FMs in redefining ML, workflows within
clinical settings. Traditionally, each clinical prediction task has required the development
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and training of task-specific models, often constrained by limited data availability and high
development costs. In contrast, FMs offer a paradigm shift by enabling knowledge transfer
across tasks without the need for retraining, thus reducing the time and resources required
for model development. From an institutional perspective, the adoption of flexible, general-
purpose models may represent a more cost-effective and sustainable strategy than investing
in multiple narrowly tailored solutions. This shift toward generalizable modeling frameworks
could foster greater collaboration across hospitals and research institutions, promoting the
development of shared models capable of generalizing across patient populations and clinical
contexts. Such an approach not only enhances model robustness but also contributes to
improved reproducibility and quality of clinical research.

To further investigate the generalization capacity of FMs, we evaluated model performance
on NEC prediction, using a zero-shot learning framework. Results from this evaluation
reaffirmed the superior generalization capabilities of FM-based approaches. Notably, the
baseline SVM model also achieved competitive performance, likely due to the pathophysi-
ological overlap between sepsis and NEC, as both conditions are associated with bacterial
infections and may present with similar temporal patterns in physiological signals. Despite
this, TabPFN consistently outperformed the SVM across evaluation metrics, demonstrating
its potential for application in complex and data-constrained clinical scenarios, such as the
early detection of rare neonatal diseases.

To assess the generalization capabilities of the tested models, an external validation was
conducted using USZ data. This evaluation aimed to simulate a realistic deployment sce-
nario, where models trained on data from one clinical center are applied to a different patient
population without additional retraining. While TabPFN consistently maintained high per-
formance, the SVM model exhibited considerable sensitivity to the preprocessing pipeline,
particularly the normalization strategy employed. This variability highlights a key limi-
tation of traditional ML approaches, which often rely on strong assumptions about data
distribution and require careful calibration to new environments. The superior generaliza-
tion performance of TabPFN can be attributed to its ability to extract more abstract and
robust representations of the input data, enabling it to remain effective across varying clin-
ical settings. In contrast, the SVM model showed performance degradation when applied
directly to USZ data using scaling parameters derived from the CHUV cohort, indicating a
lack of inherent robustness to distribution shifts. This limitation is likely due to underlying
differences in patient populations across the two centers, particularly in gestational age and
birth weight, as illustrated in Appendix A (Figures A.1 and A.2). These findings underscore
the importance of developing and validating models that are not only accurate but also
robust to the heterogeneity inherent in real-world clinical data.

4.2 Key findings

This study was conducted within the framework of the ADONIS project, which aims to
reduce the incidence of neonatal sepsis in Switzerland. As part of this effort, we compiled a
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large multicenter dataset comprising over 15,000 neonatal patients from three of the country’s
most prominent hospitals. To our knowledge, this represents the largest cohort of neonatal
patients ever collected for a study of this kind in Switzerland.

The availability of such a comprehensive dataset enabled the training and evaluation of
multiple models on a robust sample, addressing one of the primary limitations in the cur-
rent literature, namely, the scarcity of training data in neonatal sepsis research [6]. Unlike
previous studies, which have often been constrained by limited data, our work provides re-
liable estimates of model performance across a wide patient population. Furthermore, the
dataset includes numerous additional variables, such as laboratory results and medication
records, that were not considered in this analysis but may be leveraged in future research
and extended to different clinical prediction tasks.

A feature engineering pipeline tailored to neonatal sepsis was developed and validated both
internally on data from CHUV and externally using data from USZ. The ability to exter-
nally validate a model developed at CHUV using an independent cohort represents a major
strength of this study, offering insight into the generalizability of the model across heteroge-
neous data distributions. Moreover, the collaboration between the three participating centers
facilitated data sharing and laid the groundwork for defining a standard of interoperability
among institutions.

The application of two distinct FMs for time series analysis in this study provided valu-
able insights into both the potential and the limitations of these approaches in the clinical
domain. Rather than solely emphasizing improved performance, this investigation focused
on evaluating the practical impact of FMs under conditions that closely mirror real-world
constraints, including limited training data and reduced feature complexity. The findings
underscore the importance of rigorous validation and careful adaptation of FMs to specific
clinical use cases before deployment. When properly assessed and adapted, FMs may offer
a promising strategy to reduce the number of task-specific models required in hospital set-
tings. By enabling generalization across multiple prediction tasks, even those traditionally
hindered by data scarcity, FMs could support a more scalable and resource-efficient approach
to clinical decision support.

Finally, the close collaboration with CHUV and continuous feedback from the clinical team
enabled us to evaluate the adaptability of these models to alternative, clinically relevant use
cases. This synergy between ML development and clinical insight was critical in assessing
the feasibility and translational potential of FM-based approaches in neonatal intensive care.

4.3 Limitations and challenges

One of the primary limitations associated with the use of FMs is the significant computa-
tional cost required to deploy them. Unlike traditional ML models such as SVM, which
can be executed efficiently on standard CPU hardware, FMs, especially those of large scale,
necessitate advanced technological components, such as GPUs, to perform inference within a
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clinically acceptable time frame. This requirement becomes particularly critical in scenarios
that demand real-time predictions to support patient care. Such equipment entails substan-
tial costs for hospitals, which are often publicly funded institutions. The procurement of
new hardware typically involves public tender processes, which, combined with the rapid
obsolescence of GPU technology, can pose logistical and financial challenges for long-term
deployment.

This study focused on low-frequency sampled time series collected in the NICU. Due to the
high-stakes nature of the NICU environment, patients are under continuous monitoring and
require frequent interventions from clinical staff. Given the fragile condition of neonates, this
includes a high degree of interaction by both nurses and caregivers. As such, the presence
of artifacts in the recorded signals cannot be excluded. Currently, the model does not have
access to metadata regarding clinical interventions, such as manual handling of the patient,
feeding by the mother, or episodes of crying, which may affect physiological measurements
like oxygen saturation. These events can introduce noise that is difficult to disambiguate
without contextual information. Due to the complexity involved, no preprocessing or artifact
removal was performed on the raw time series in this study.

Another limitation concerns the composition of the study cohort. Due to current inclusion
criteria, patients admitted at KiSpi were excluded, resulting in the omission of data from
over 1,500 individuals. Future work should aim to remove gestational age-based inclusion
criteria to expand the applicability of the model to the entire neonatal population, thereby
simulating deployment across the full neonatal ward and not only in high-risk units.

Finally, an important limitation relates to the regulatory landscape. According to the Euro-
pean Medical Device Regulation (Regulation EU 2017/745), all predictive models must be
certified as medical devices before deployment in clinical settings. This process is already
complex for simpler models such as SVM due to the vagueness of current regulatory guide-
lines. In the case of large-scale FMs, certification is even more challenging. These models
are typically pretrained by third parties on large, often unspecified datasets, raising concerns
about data privacy and transparency. Furthermore, issues related to data ownership and in-
tellectual property rights further complicate the certification process. Recent developments
such as the European Al Act (Regulation EU 2024/1689) are being introduced to address
these regulatory gaps, but significant challenges remain before widespread clinical adoption
of FM-based models becomes feasible.

Finally, a critical limitation concerns the current regulatory landscape. According to the Eu-
ropean Medical Device Regulation (Regulation EU 2017/745), all predictive models intended
for clinical use must undergo formal certification as medical devices prior to deployment.
This process is already intricate for relatively simple models, such as SVM, largely due to
ambiguities in existing regulatory guidelines. The certification of large-scale FMs, however,
presents even greater challenges. These models are typically pretrained by third parties
on large and often undisclosed datasets, raising concerns about data provenance, privacy,
and transparency. Additionally, unresolved issues regarding data ownership and intellectual
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property rights further complicate the pathway to regulatory compliance.

A further obstacle to the clinical adoption of FMs lies in their limited interpretability. Due
to their complex and opaque architectures, FMs often function as "black boxes", making it
difficult for developers, clinicians, and regulators to fully understand their decision-making
processes. This lack of transparency poses a significant barrier to certification, as current
medical device regulations emphasize the importance of explainability and risk assessment
to ensure patient safety. While ongoing efforts, including the European AI Act (Regula-
tion EU 2024/1689), aim to address some of these regulatory gaps, substantial challenges
remain before FM-based models can be reliably certified and deployed in real-world clinical
environments.

4.4 Future directions

To allow for a comprehensive evaluation of the models’ generalization capabilities, inclu-
sion criteria should be revised to encompass the entire patient cohort, including data from
KiSpi. An additional performance analysis should be conducted by comparing the models’
predictive capabilities to clinical practice, including benchmarks such as the HeRO score.
Prior to initiating a clinical trial, it is essential to conduct a comprehensive evaluation of
the model’s "live" performance under conditions that closely reflect clinical practice. This
includes simulating the true prevalence of sepsis within both training and testing datasets,
thereby ensuring that performance metrics accurately represent real-world deployment sce-
narios. Following this intermediary validation step, a clinical trial could be launched, initially
for the SVM model, with the aim of assessing its effectiveness in a real-world setting and
ultimately obtaining certification for clinical use.

Further improvements can also be pursued by further customizing the tested model archi-
tectures. In the case of FORMED, the feature extraction module could be refined to better
specialize in medical time series. The FORMED framework is modular by design, allowing
for flexible substitution of the feature encoder. With the increasing number of FMs for
time series forecasting published recently [56, 57, 81], it becomes feasible to tune and select
architectures that are most suitable for clinical signals. For TabPFN, various architectural
adaptations could be explored to reduce the model’s reliance on external feature engineering.
Research in this direction is already ongoing [82], aiming to make the model more robust
and adaptable to raw clinical tabular data.

To enhance the model’s awareness of a patient’s clinical state and to minimize misinterpre-
tation of signal artifacts caused by clinical interventions, a multimodal modeling approach
could be employed. The substantial volume of heterogeneous data collected across the three
centers enables the potential integration of multiple modalities, including laboratory results
and medication records. Recent studies have introduced architectures capable of modeling
a patient’s complete clinical history by integrating information from diverse sources [12].
This strategy would allow models to better reflect the complex reasoning process of clini-
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cians, potentially providing more actionable insights for patient management. Moreover, the
integration of such models into a multi-agent framework could facilitate the development
of decision-support tools within hospital information systems. Rather than being limited
to sepsis prediction alone, such agents could assist with various clinical tasks in real time,
offering a scalable solution for intelligent, data-driven decision-making across the healthcare
continuum [83].
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Chapter 5
Conclusion

This study demonstrates the potential of using FMs for sepsis prediction in neonatal care,
with a particular focus on their applicability to real-world clinical settings. By evaluating
two distinct FM-based approaches, one operating directly on raw physiological time series
and the other on tabular data, we provide a comprehensive assessment of their strengths
and limitations in comparison to traditional ML methods. Our findings show that, while
FM-based models can alleviate the need for manual feature engineering and exhibit superior
generalization capabilities, particularly under data-constrained scenarios, their performance
remains highly dependent on the specific model architecture and the nature of the pretraining
strategy.

In particular, our experiments revealed that raw-data-based models like FORMED, despite
being pretrained on unrelated datasets, can still reach performance levels comparable to
classical models such as SVM. However, they failed to consistently outperform traditional
approaches, underscoring the challenges of transferring representations learned from non-
clinical data to complex biomedical tasks. On the other hand, TabPFN, a FM tailored for
tabular data, demonstrated improved robustness and adaptability, even in zero-shot settings,
suggesting that FMs can significantly enhance the model development pipeline and reduce
resource consumption, especially in terms of time, cost, and personnel, if appropriately
chosen and applied.

Nevertheless, this study also highlights key limitations. Despite their promise, FMs are still
in an early stage of adoption in healthcare, and their effectiveness remains highly context-
dependent. The variability observed in model performance across tasks and institutions
emphasizes the need for careful adaptation and thorough validation before clinical deploy-
ment. Our results suggest that FMs should not be viewed as plug-and-play solutions but
rather as powerful tools that require rigorous evaluation and tuning to meet the demands of
high-risk environments such as NICUs.

Overall, while further research and optimization are necessary to fully realize the advantages
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of FMs in this domain, the results of this study contribute to an emerging paradigm in
healthcare ML prioritizing generalizability, efficiency, and ease of integration. Future work
should focus on refining these models, addressing remaining challenges such as distribution
shifts and variability in clinical data, and exploring their applicability to a wider range of
diagnostic tasks.
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Appendix A

Demographics distribution across
centers
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Figure A.1: Distribution of birth weight across the three centers. This figure shows the birth
weight distribution for neonatal patients from CHUV (top), KiSpi (middle), and USZ (bot-
tom). Differences in distributions across centers highlight variations in patient populations.
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Figure A.2: Distribution of gestational age across the three centers. This figure shows
the birth weight distribution for neonatal patients from CHUV (top), KiSpi (middle), and
USZ (bottom). Differences in distributions across centers highlight variations in patient
populations.
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Appendix B

Vitals trajectories across centers
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Figure B.1: Heart rate (HR) trajectories stratified by gestational age across three hospitals.
From top to bottom, the plots correspond to CHUV, USZ, and KiSpi
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Figure B.2: Oxygen saturation (SpOs) trajectories stratified by gestational age across three
hospitals. From top to bottom, the plots correspond to CHUV, USZ, and KiSpi
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Figure B.3: Systolic blood pressure (SBP) trajectories stratified by gestational age across
three hospitals. From top to bottom, the plots correspond to CHUV, USZ, and KiSpi
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Figure B.4: Diastolic blood pressure (DBP) trajectories stratified by gestational age across
three hospitals. From top to bottom, the plots correspond to CHUV, USZ, and KiSpi
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Figure B.5: Respiratory rate (RR) trajectories stratified by gestational age across three
hospitals. From top to bottom, the plots correspond to CHUV, USZ, and KiSpi
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Appendix C

Medical datasets used for
FORMED pretraining

Here we provide the details of the datasets used as the medical time series cohort for
FORMED repurposing. The datasets are publicly available, and we follow the pre-processing
and splitting procedures as in [84].

APAVA The Alzheimer’s Patients’ Relatives Association of Valladolid (APAVA) dataset,
is a public EEG time series dataset with 2 classes and 23 subjects, including 12 Alzheimer’s
disease patients and 11 healthy control subjects. On average, each subject has 30.0 £ 12.5
trials, with each trial being a 5-second time sequence consisting of 1280 timestamps across
16 channels.

TDBrain The TDBrain dataset, is a large permission-accessible EEG time series dataset
recording brain activities of 1274 subjects with 33 channels. Each subject has two trials: one
under eye open and one under eye closed setup. The dataset includes a total of 60 labels, with
each subject potentially having multiple labels indicating multiple diseases simultaneously.

ADFTD The Alzheimer’s Disease and FronTotemporal Dementia (ADFTD) dataset, is a
public EEG time series dataset with 3 classes, including 36 Alzheimer’s disease (AD) patients,
23 Frontotemporal Dementia (FTD) patients, and 29 healthy control (HC) subjects. The
dataset has 19 channels, and the raw sampling rate is 500Hz. Each subject has a trial, with
trial durations of approximately 13.5 minutes for AD subjects (min=>5.1, max=21.3), 12
minutes for FD subjects (min=7.9, max=16.9), and 13.8 minutes for HC subjects (min=12.5,
max=16.5).

PTB The PTB dataset, is a public ECG time series recording from 290 subjects, with
15 channels and a total of 8 labels representing 7 heart diseases and 1 health control. The
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raw sampling rate is 1000Hz. For this paper, we utilize a subset of 198 subjects, including
patients with Myocardial infarction and healthy control subjects.

PTB-XL The PTB-XL dataset, is a large public ECG time series dataset recorded from
18,869 subjects, with 12 channels and 5 labels representing 4 heart diseases and 1 healthy
control category. Each subject may have one or more trials. The raw trials consist of
10-second time intervals, with sampling frequencies of 100Hz and 500Hz versions.
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Appendix D

Ilustrative examples for TimesFM
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Figure D.1: Forecasts visualized on synthetic curves. The bottom row plots zoom in on the
prediction horizon for the sake of clarity.
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prediction horizon for the sake of clarity.
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Figure D.3: Forecasts visualized on vital signals from 5 randomly drawn patients.
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