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RESUME

La prédiction des réadmissions en unité de soins intensifs (USI, ICU) est un défi majeur,
car les retours non planifiés signalent souvent une récupération incomplete, une fragilité
particuliere, et un risque de délais dans la prise en charge, qui résultent en un risque accru de
mortalité et des cofits de santé plus élevés. La réadmission en USI pédiatrique (USIP, PICU)
est particulierement peu étudiée en raison de la rareté de grandes bases de données publiques

et de la variabilité physiologique propre aux différents groupes d’age pédiatriques.

La plupart des études sur la réadmission en soins intensifs portent sur des adultes, alors que
cette these met en lumiére les défis propres au contexte pédiatrique, nécessitant la prise en
compte de caractéristiques spécifiques au domaine et des stratégies de modélisation adaptées.
Cette these examine s’il est possible de développer un modele a la fois performant et interpré-
table pour prédire la réadmission en USIP a partir d’ensembles de données cliniques de taille
limitée et de distribution non équilibrée collectées sur I’ensemble du séjour du patient. Nous
proposons une approche en deux étapes. Dans un premier temps, nous concevons une procé-
dure prédictive complete sur la base publique adulte MIMIC-III (ICU), permettant d’évaluer
systématiquement les stratégies de prétraitement, la modélisation des caractéristiques mul-
timodales (statistiques, provenant de connaissances a priori du domaine et de techniques de
traitement de signal), la sélection de caractéristiques discriminantes et I'implémentation de
différentes familles de modeéles. Dans un second temps, nous étendons et optimisons cette
procédure pour le jeu de données pédiatrique du CHU Sainte-Justine (CathyDB) via des
étapes adaptées a la pédiatrie : extraction d’informations additionnelles (p. ex. scores pédia-
triques), imputations spécifiques selon la variable, filtrage des signes vitaux en deux étapes a
I’aide du filtre de Kalman et une transformation par ondelettes, représentations catégorielles
dépendantes de ’dge (normal/bas/élevé avec écart aux normes pédiatriques), extraction de
caractéristiques basées sur des connaissances a priori du domaine plus puissantes, et sélection
des caractéristiques les plus discriminantes par information mutuelle et coefficients LASSO,

complétée par une recherche a l'aide d'une « enveloppe » bidirectionnelle (arriere-avant).

Sur le banc d’essai adulte, un modele de type Light Gradient Boosting Machine (Light GBM)
a atteint une aire sous la courbe ROC (AUROC) de 78.6% pour la réadmission apres 3 jours,
montrant une bonne discrimination dans un contexte hétérogene et soulignant l'intérét des
caractéristiques sélectionnées. Le classement des variables a mis en évidence des descripteurs
du domaine fréquentiel (p. ex. coefficients FFT, transformations angulaires) ainsi que des

représentations vectorielles des diagnostics (charge de comorbidités). Les résumés des signes
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vitaux (fréquence cardiaque, fréquence respiratoire), les marqueurs biologiques (taux d’urée
sanguine, numération leucocytaire) et les indicateurs thérapeutiques (adrénaline) figuraient
parmi les facteurs de risque cliniques les plus marquants. Cette distribution des variables les
plus discriminantes confirme la nécessité d’'une approche multimodale intégrant les informa-

tions diagnostiques, physiologiques, biologiques et thérapeutiques.

Pour la prédiction en USIP, un modele de régression logistique (LR) entrainé sur un sous-
ensemble multimodal sélectionné a fourni les performances les plus constantes entre jeux
de données (AUROC test : 87.8%), surpassant d’autres modeles linéaires, des ensembles
d’arbres et des modeles profonds. Cela montre qu'un modele simple comme le LR peut
dépasser des approches plus complexes lorsque les variables sont bien choisies. Les méthodes
a base d’arbres ont obtenu de tres bons scores d’entralnement mais ont sur-appris et se
sont dégradées sur la détection de la classe minoritaire, faute d’exemples positifs. Malgré
I'usage des seules 24 dernieres heures de séries temporelles et I'exclusion de données statiques
(p. ex. biologie), les modeles profonds (BiLSTM avec attention et Transformer) sont restés
compétitifs (AUROC 79.2% et 78.5%), laissant entrevoir des gains potentiels avec des bases
de données d’entrainement plus grandes. Notre modele LR interprétable a nettement dépassé
les prédicteurs de réadmission en USIP publiés auparavant, atteignant 87.8% d’AUROC test

contre 64-70% dans les études antérieures.

Nous avons démontré la cohérence du modele prédictif proposé avec le protocole utilisé en cli-
nique via des méthodes d’explicabilité globales (coefficients LR, SHAP) et des études d’abla-
tions. Les analyses d’interprétabilité montrent que les caractéristiques basées sur les connais-
sances a priori du domaine et celles issues du traitement des signaux physiologiques sont
les contributions majeures dans la prédiction—rendant leur extraction explicite essentielle.
Sur le plan clinique, elles incluent les anomalies des signes vitaux, certains parametres bio-
logiques, ’équilibre hydrique, les scores de sédation et I'usage de médicaments spécifiques
comme indicateurs clés de risque de réadmission. Les études d’ablations confirment le carac-
tére indispensable de plusieurs variables (p. ex. acide acétylsalicylique, digoxine, anomalies

du débit urinaire), suggérant des pistes de prise de décision pour les cliniciens.

Dans I’ensemble, nos résultats montrent qu'une prédiction précise et interprétable de la ré-
admission en USIP est réalisable avec des ensembles de données de taille limitée et de dis-
tribution non équilibrée, en s’appuyant sur un prétraitement rigoureux, des représentations
spécifiques a la pédiatrie et une sélection de modeles fondée sur des métriques spécifiques.
De surcroit, en combinant des techniques avancées de traitement de signal avec des variables
basées sur des connaissances a priori du domaine, cette étude contribue a réduire I’écart entre

la performance prédictive et I’applicabilité clinique.
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D’un point de vue global, cette étude contribue a I'avancement des modeles prédictifs en soins
intensifs pédiatriques en conciliant précision et interprétabilité. Contrairement aux travaux
antérieurs reposant sur des approches de type « boite noire » ou sur des données adultes,
notre approche montre comment une modélisation et une sélection rigoureuse de caractéris-
tiques permet de prendre en compte I’hétérogénéité pédiatrique. Les résultats prometteurs
laissent entrevoir, apres une validation plus exhaustive sur des ensembles de données prove-
nant d’autres institutions , ’évolution vers un systeéme d’aide a la décision clinique en temps
réel, capable d’identifier les patients a haut risque de réadmission et d’expliquer les facteurs
sous-jacents. Une telle interprétabilité offre aux cliniciens un appui pour orienter leur décision
de prescrire la sortie du patient de I’'USI, de prolonger le séjour si nécessaire ou assurer une
surveillance renforcée apres la sortie de I’USI, contribuant ainsi a réduire les réadmissions

évitables et a améliorer la qualité des soins critiques pédiatriques.
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ABSTRACT

Intensive Care Unit (ICU) readmission prediction is a critical challenge in critical care
medicine, as unplanned returns often indicate incomplete recovery, particular frailty, and
a risk of delays in care, resulting in increased mortality risk, and higher healthcare costs. Pe-
diatric Intensive Care Unit (PICU) readmission prediction is particularly underexplored due
to the scarcity of large, publicly available datasets and the unique physiological variability

across pediatric age groups.

While most ICU readmission studies focus on adult populations, our thesis highlights the
unique challenges in PICU readmission prediction, where pediatric heterogeneity requires
tailored feature engineering and modeling strategies. This thesis investigates whether a high-
performing and interpretable model can predict pediatric PICU readmission using limited,
imbalanced data collected over the full length of stay. We propose a two-stage approach.
First, we design a complete predictive pipeline on the public adult ICU database MIMIC-
III, enabling systematic evaluation of preprocessing, multimodal feature engineering (sta-
tistical, medical knowledge-based, and signal-processing descriptors), feature selection, and
model families. Second, we extend and optimize this pipeline to the CHU Sainte-Justine
PICU dataset (CathyDB) with pediatric-aware steps: Extracting more data such as pedi-
atric score, using category-aware imputation, a two-stage Kalman—wavelet denoising of vital
signs, age-aware categorical state representations (normal/low /high with deviation from pedi-
atric norms), Extracting more powerful clinical meaningful features and feature selection via
mutual information and LASSO coefficients plus bidirectional (backward—forward) wrapper

search.

On the adult benchmark, a Light Gradient Boosting Machine (Light GBM) achieved an Area
Under the Receiver Operating Characteristic (AUROC) curve of 78.6% for 3-day readmis-
sion, showing strong discrimination in a heterogeneous setting and highlighting the value
of medical knowledge-based and frequency-domain features. Feature ranking highlighted
medical knowledge-based features and frequency-domain descriptors (e.g., FFT coefficients,
angle-based transforms) as the most predictive, alongside diagnosis embeddings (comorbid-
ity burden). Vital-sign summaries (heart and respiratory rates), laboratory markers (blood
urea nitrogen difference, white blood cell count), and medications (epinephrine) were the
most significant clinical risk factors. This distribution of top-ranked features underscores
the need for a multimodal approach that integrates diagnostic, physiologic, laboratory, and

therapeutic information.
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For PICU prediction, a Logistic Regression (LR) model trained on a selected multimodal
subset delivered the most consistent performance (test AUROC 87.8%), outperforming other
linear baselines, tree ensembles, and deep learning models. This shows that even a sim-
ple model like LR can outperform more complex models when features are well-selected.
Tree-based methods attained high training scores but overfit and degraded on minority-class
detection due to the lack of training positive samples. Despite using only last-24h time series
and excluding some important static data such as lab results, deep learning models (Bi-
directionl Long Short Time Memory (BiLSTM) with attention and Transformer) remained
competitive (AUROC 79.2% and 78.5%), suggesting headroom with richer inputs. Our in-
terpretable LR model significantly outperformed the previously published PICU readmission
predictors, achieving a test AUROC of 87.8%, compared to 64-70% in earlier studies.

We aligned model predictions with clinical reasoning by applying global explainability meth-
ods—including LR coefficients, Shapley Additive exPlanations (SHAP), and ablation anal-
ysis—at both the feature-engineering and clinical-variable levels. To complement this, we
employed Local Interpretable Model-agnostic Explanations (LIME) to provide case-specific
insights into individual predictions. Feature engineering interpretability analyses showed
that medical knowledge-based and signal-processing based features are the strongest contrib-
utors—making their explicit extraction essential. Clinically, it identifies vital-sign abnormal-
ities, lab values, fluid balance measures, sedation scores, and specific medication usage as
key indicators of readmission risk. Feature ablation confirmed the indispensability of several
variables (e.g., Acide acetylsalicylique, Digoxine administration, urine output abnormalities),
suggesting actionable insights for clinicians. In addition, we applied local interpretability
methods to identify the key risk factors driving the model’s prediction for each individual
patient. Overall, the results show that accurate, interpretable PICU readmission prediction is
feasible with limited, imbalanced data when supported by rigorous preprocessing, pediatric-
specific representations, and principled model selection. In addition, by integrating advanced
signal-processing with clinically interpretable features, this study bridges the gap between

predictive performance and clinical usability.

From a broader perspective, this study advances the development of predictive models in
pediatric critical care by combining accuracy with interpretability. Unlike prior works that
often rely on black-box methods or adult ICU data, our framework demonstrates how targeted
feature engineering can address the unique heterogeneity of pediatric patients. The promis-
ing findings suggest that, with further extension and refinement, this model could evolve
into a real-time clinical decision support system capable of flagging high-risk patients and
explaining the underlying factors driving readmission risk. Such interpretability empowers

clinicians to make more informed discharge decisions, prolonging stays when needed, or pri-



oritize monitoring of key risks after discharge. Ultimately, this could help reduce preventable

readmissions and improve the overall quality of pediatric critical care.
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CHAPTER 1 INTRODUCTION

1.1 Background and Motivation

Ensuring patient safety and reducing clinical risks are fundamental objectives in modern heal-
thcare systems. Hospital administrators and healthcare providers continuously strive to en-
hance the quality of care, optimize resource utilization, and minimize adverse events. Among
the most pressing challenges is the reduction of clinical errors, particularly in high-stakes
environments such as Intensive Care Units (ICUs), where critically ill patients require close
monitoring and rapid intervention. Due to the severity of cases managed within ICUs, any
lapse in care can result in significant morbidity or mortality. Consequently, intensive care
settings are focal points for quality improvement initiatives, clinical risk management, and

operational efficiency [1-3].

The Pediatric Intensive Care Unit (PICU) represents a specialized branch of critical care,
delivering life-saving treatment to children with severe or life-threatening conditions. Given
the complexity of pediatric physiology and the vulnerability of the population, patient safety
in the PICU is of paramount importance. PICU readmission, defined as the unplanned return
of a pediatric patient to the ICU within a short interval following discharge, is a key indi-
cator of premature discharge and unmet clinical needs. Challenges such as limited ICU bed
availability and high treatment costs often necessitate difficult clinical decisions regarding
discharge timing. In practice, physicians may be compelled to discharge patients early to free
up beds for incoming critical cases. This practice, while addressing system-level constraints,
can lead to premature discharges, exposing patients to significant risks if they are not yet
clinically stable. In such cases, deterioration may occur following transfer to general wards,

leading to unplanned readmission to the PICU [4-7].

Studies have reported readmission rates between 4% and 10%), underscoring its prevalence and
potential preventability [8]. Importantly, readmitted patients are typically in a more fragile
state and may experience delays in receiving critical care due to limited bed availability.
As a result, they are significantly more likely—two to ten times—to experience mortality
compared to non-readmitted patients. These consequences not only impact patient outcomes
but also place a substantial strain on already scarce critical care resources, contributing
to prolonged hospitalization, increased resource use, elevated treatment costs and reduced

system efficiency [9-11].

Recognizing these risks, various health authorities have emphasized the importance of addres-



sing ICU readmissions. The Institute National d’Excellence en Santé et en Services Sociaux
(INESSS) in 2018 formally recommended the implementation of quality improvement frame-
works targeting [CU performance. Similarly, in the United States, the Affordable Care Act
(ACA) introduced the Hospital Readmissions Reduction Program (HRRP), which penalizes
hospitals financially for high readmission rates, thereby elevating readmissions to a metric of

national importance for healthcare quality and accountability [12,13].

With the growth of Electronic Health Records (EHRs), healthcare systems now have access
to a wealth of structured and time-series data [14,15]. EHR databases are comprehensive
digital repositories that systematically collect and store patient health information, inclu-
ding demographics, diagnoses, treatments, laboratory results, and clinical notes. They enable
large-scale analysis of real-world healthcare data and support the development of predictive
models and quality improvement initiatives. However, the complex analysis of vital signs and
other patient data collected in the ICU makes clinical prediction challenging. A huge amount
of information is available, and it’s hard for human brain to analyze all of them at the same

time.

Artificial Intelligence (AI) algorithms, including Machine Learning (ML) and Deep Learning
(DL), have shown great success in medical diagnosis and decision-making, utilizing nume-
rous features that human analysis cannot handle. As doctors rely on intuition and clinical
judgments, algorithms have the capacity to rapidly analyze more information with greater
precision and accuracy [15-20]. Using these EHR data with these data-driven approaches
makes it possible to tackle unplanned readmissions and aid doctors in decision-making. Des-
pite this, the development of robust predictive tools in this domain remains underexplored.
Challenges such as data heterogeneity, high rates of missing values, patient age-related varia-
bility, and severe class imbalance in readmission data hinder the effectiveness of conventional
statistical methods [21].

Relatively few efforts have focused specifically on ICU or PICU readmissions, despite their
distinct clinical and operational implications. Among existing research, many studies have
examined ICU or PICU readmission as a variable correlated with patient outcomes or have
investigated risk factors through retrospective statistical analyses [11,22]. However, these
studies often stop short of developing predictive models capable of forecasting readmissions

in real time or guiding clinical decision-making.



1.2 Problem Statement

Unplanned readmissions to the ICU/PICU are associated with increased morbidity, health-
care costs, and caregiver burden [11]. They may also indicate suboptimal discharge timing,
unresolved clinical issues, or gaps in care continuity. Early and accurate identification of
patients at high risk for PICU readmission can support more informed discharge planning,
proactive monitoring, and better allocation of healthcare resources. Despite this clinical im-

portance, reliable and interpretable tools for predicting PICU readmission remain limited.

Predicting ICU/PICU readmissions is a challenging task for several reasons. The first chal-
lenge lies in the availability and complexity of public databases. Currently, only two widely
used ICU databases are publicly available. Extracting relevant data from these sources is
difficult due to their non-standardized structure, the dispersion of information across mul-
tiple tables, and the use of different identifiers. This often requires manual effort to trace and
verify patient-level data such as ICU admission times and stay IDs. Additionally, missing or
invalid values in crucial fields like patient identifiers and timestamps further complicate pre-
processing. In some cases, high-performance computing resources are required to efficiently

handle data extraction and processing, posing an accessibility barrier for some researchers.

The second challenge involves the poor quality and complexity of ICU data itself. Clinical
variables frequently suffer from high rates of missingness, inconsistent measurement units, and
outliers [23]. High dimensionality and the asynchronous nature of time-series measurements
make data integration and alignment particularly difficult, often leading to biased predictions

and reduced model accuracy [21].

The third challenge is the development of robust, generalizable prediction models in a highly
heterogeneous and imbalanced clinical environment. ICU patients present with a wide range
of evolving conditions and comorbidities, and confounding factors such as age, gender, and
socioeconomic status influence readmission risk. The typical readmission rate is low (around
4%-10%) [8], making the prediction task inherently imbalanced. Furthermore, discharge as-
sessments tend to show normalized values for most patients, limiting the discriminative power
of standard clinical metrics. In particular, models often rely heavily on statistical features,
and do not fully exploit the rich temporal and spectral information available in physiologi-
cal signals. This makes it difficult to detect subtle physiological or clinical signals that may

precede deterioration or readmission.

The fourth challenge is interpretability, a crucial requirement in medical decision-making
systems. Clinicians must understand and trust model predictions to ensure patient safety and

justify treatment decisions [24]. Yet, interpretability is difficult to achieve : complex models



capture subtle nonlinear patterns but are opaque, while simpler models are transparent yet
often less accurate. Designing explanations that are both faithful to the model and clinically
meaningful further complicates this issue, leaving many state-of-the-art models insufficiently

interpretable for clinical practice [25].

The fifth challenge, pediatric-specific variables differ substantially from adult ICU settings,

requiring tailored modeling approaches.

While data-driven methods such as ML and DL have achieved success in various clinical
tasks, their application in PICU readmission prediction is constrained by these unresolved
challenges. To address these limitations, this thesis proposes a transparent and clinically
meaningful framework for predicting PICU readmission during the first three days after
discharge. The approach combines structured clinical data with statistical, temporal, and
spectral features extracted from vital signs, and integrates robust preprocessing, age-specific
normalization, and interpretable machine learning models. The goal is to support physicians
with a practical decision support tool that identifies high-risk patients early, improves di-

scharge timing, and ultimately reduces preventable PICU readmissions.

1.3 Structure of The Thesis

This thesis is structured as follows :

— Chapter 2 : This chapter provides a structured review of the literature on ICU and
PICU readmission. It begins by examining studies that have identified clinical risk
factors, followed by researches that have proposed predictive models using statisti-
cal, ML, and DL approaches. In addition, it discusses feature representation and the
methods employed for interpretability, highlights issues of model calibration and ge-
neralization, and assesses the extent to which practical prediction models meet key
clinical requirements. The discussion then turns to the main gaps and limitations in
existing works, with particular emphasis on the challenges unique to pediatric po-
pulations. Building on these insights, the chapter introduces the research questions
and objectives that guide this thesis, and highlights the contribution of the proposed
modeling strategy. This chapter is largely based on our published review paper, “A
comprehensive review of ICU readmission prediction models : From statistical me-
thods to deep learning approaches”; in Artificial Intelligence in Medicine (Vol. 165,
2025) [21].

— Chapter 3 : In this chapter, we present the Methodology, detailing the proposed frame-
work for predicting ICU and PICU readmission. We begin by describing the databases

used in this study, followed by the preprocessing techniques, including data cleaning



and imputation strategies. In particular, we propose variable-specific imputation me-
thods guided by clinical considerations to better reflect the nature of each variable and
to avoid implausible continuous values. We then introduce a two-stage filtering process
for noise reduction to remove outliers while preserving salient signal characteristics.
Next, we present the different feature extraction approaches, encompassing statisti-
cal descriptors, signal-processing—based features, and novel medical knowledge—based
features. Subsequently, we outline the proposed feature selection method to identify
the most relevant features, and discuss approaches for addressing data imbalance.
The chapter then highlights the predictive models employed and the rationale for
their selection, before introducing the interpretability techniques used to identify the
most influential features for each classifier. Finally, we present the evaluation metrics
adopted to assess model performance, including a custom loss-based evaluation score
(class-wise loss score) introduced to mitigate bias toward the majority class in our
highly imbalanced prediction problem.

Chapter 4 : In this chapter, we present the ICU readmission prediction framework ba-
sed on an interpretable Light Gradient Boosting Machine (Light GBM) model, together
with its results and limitations, as described in our published paper “Prediction of ICU
Readmission Using Light GBM Classifier” (2023 IEEE 20th International Symposium
on Biomedical Imaging, ISBI) [26]. We then explain how this model is extended and
optimized to overcome its limitations and to address pediatric heterogeneity, thereby
better capturing the unique dynamics of pediatric cases. Subsequently, we discuss the
results of the proposed framework when evaluated with different ML and DL models,
including the impact of incorporating medical knowledge-based features and signal-
processing—based features. Finally, we present the results of interpretability analyses,
examining both the engineered features that most influenced model performance and
the clinical variables most strongly associated with readmission.

Chapter 5 : In this chapter, we discuss how the proposed ICU and PICU readmission
prediction frameworks address the research objectives. We outline the strengths and
limitations of each framework, and examine how the identified gaps in the literature
are tackled, assessing whether our proposed methods effectively bridge these gaps.
Furthermore, we present the results of interpretability analyses to evaluate the added
value of the proposed feature extraction methods compared with standard statistical
features. Finally, we highlight the key risk factors revealed by these analyses that
physicians should consider when making clinical decisions related to readmission.
Chapter 6 : In this chapter, we conclude the thesis by summarizing the key findings

and reflecting on their implications for pediatric critical care. We also outline future



directions aimed at addressing the current limitations of our work and extending the
proposed frameworks toward real-time prediction, with the ultimate goal of enabling

practical implementation in PICUs.



CHAPTER 2 LITERATURE REVIEW

Unplanned readmission to the ICU, particularly the PICU, is a high-risk event that reflects
both clinical deterioration and potential inadequacies in discharge decision-making. As such,
ICU and PICU readmissions have emerged as critical metrics of hospital performance and
patient safety. In recent years, the proliferation of EHR data has enabled researchers to
study both risk factors and predictive modeling techniques to identify patients at risk of
readmission. However, the body of work in this domain varies significantly in terms of clinical

population, modeling approach, and predictive accuracy.

This chapter is primarily adapted from our published review article, “A comprehensive re-
view of ICU readmission prediction models : From statistical methods to deep learning ap-
proaches”; in Artificial Intelligence in Medicine (Vol. 165, 2025) [21]. To systematically review
the current state of the art and identify key research gaps, the literature in this chapter is

categorized into six main areas :

1. Studies that have identified clinical risk factors associated with ICU/PICU readmis-
sion, primarily through retrospective analysis.

2. Studies that have developed predictive models for ICU/PICU readmission, leveraging

statistical and machine learning approaches.

Identified gaps in the current literature and limitations of existing approaches.

Challenges specific to pediatric ICU readmission prediction.

Research questions and objectives derived from observed gaps.

o G W

The contribution of the proposed modeling strategy.

2.1 Risk Factors Associated With ICU/PICU Readmission

A broad spectrum of studies has examined the determinants and predictors associated with
unplanned ICU readmissions, encompassing patient-level, clinical, physiological, and organi-
zational domains. This section synthesizes evidence from existing literature, categorizing risk

factors thematically to enhance clarity.

Severity of illness during the initial ICU stay is consistently reported as one of the strongest
predictors of readmission. Multiple scoring systems—including Acute Physiology and Chronic
Health Evaluation (APACHE) [27], Sequential Organ Failure Assessment (SOFA) [28], Sim-
plified Acute Physiology Score (SAPS) II/III [29], and the Acute Physiology Score (APS) [30]

have been shown to correlate with increased risk of readmission [9,10,31-35]. Patients with



high scores at ICU discharge are often physiologically unstable, and their early transfer may
lead to deterioration in the general ward. Additionally, specialized discharge scores such as
the Stability and Workload Index for Transfer (SWIFT) [36], National Early Warning Score
(NEWS) [37], and Modified Early Warning Score (MEWS) [38] have been validated as strong
predictors of ICU readmission [22,39-41]. These scores capture subclinical signs of instabi-
lity that may not be evident during routine assessment. Patients discharged with unresolved
medical issues or requiring extensive care (reflected in high Nursing Activity Scores) face
elevated risk of readmission [42]. These findings support the hypothesis that some ICU di-

scharges occur prematurely—before the patient’s condition has sufficiently stabilized.

The presence of chronic comorbid conditions consistently correlates with increased ICU read-
mission risk. Conditions frequently associated with higher risk include congestive heart fai-
lure, chronic kidney disease, Chronic Obstructive Pulmonary Disease (COPD), cancer, and
liver cirrhosis [9,10,32,35, 43, 44]. Patients with complex health histories require specialized

post-ICU care, and their vulnerability to complications increases readmission likelihood.

Neurological deficits stemming from intracerebral hemorrhage, sepsis, or dysphagia inde-
pendently predict readmission risk, particularly among neurological or surgical ICU co-
horts [45-47]. ICU treatments indicating critical instability, such as vasopressor therapy, me-
chanical ventilation, renal replacement therapy, or surgical interventions, significantly elevate
readmission risk [10,43,44,47,48]. Persistent organ dysfunction post-intervention highlights

ongoing vulnerability despite clinical improvements at discharge.

Nighttime or after-hours discharge from the ICU is one of the most frequently cited non-
clinical risk factors for readmission. Studies attribute this to reduced staffing, less experienced
personnel, and inadequate handovers during these periods [48-54]. Several multicenter studies
have reported significantly increased mortality and readmission rates associated with night-
time discharge. Although some studies reported that nighttime discharge was not statistically

significant after multivariate adjustment, the trend remains consistent across cohorts [47,52].

Further, unplanned or rushed discharges, often influenced by bed availability or ICU over-
crowding, have been shown to increase readmission and early mortality rates [34, 55, 56].
Institutional discharge practices—including availability of step-down units, structured com-
munication protocols, and formal ICU transition programs—yield mixed evidence regarding
their effectiveness in reducing readmissions. Some studies advocate structured handovers and
checklists, while others find minimal or no impact [54,57-60]. This variability highlights the

complexity of institutional influences on readmission.

Although the risk factors for unplanned readmission to PICUs overlap with those identified

in adult ICUs, they also reflect the unique vulnerabilities of pediatric populations. Based on



a synthesis of findings from numerous studies, risk factors can be categorized as follows :

The most consistent and strongest predictor of PICU readmission is the presence of Complex
Chronic Conditions (CCCs). Patients with multiple CCCs, medical devices or nutritional
interventions dependence (e.g., tracheostomy, VP shunt, tube feeding), or severe baseline
disability face significantly elevated risk [61-64]. Elevated discharge Pediatric Early Warning
Systems (PEWS) [65] and its variants strongly predict readmission by capturing vital signs,

responsiveness, and oxygen needs [63,66,67].

Abnormal clinical parameters at discharge—such as elevated Respiratory Rate (RR), Heart
Rate (HR), and low Glasgow Coma Scale (GCS)—are key modifiable risk factors. Oxy-
gen requirement at discharge is another strong predictor of clinical instability. Collectively,
these signs often indicate premature discharge, and addressing them could prevent avoidable
readmissions [63,66,68]. Low body weight and young age are consistently reported as non-

modifiable risk factors. These indicators reflect overall physiological vulnerability [67,69-71].

Longer PICU stays and admissions from general wards or emergency departments correlate
with higher readmission risk due to increased severity and potential delayed ICU transfers
[62,68,72-75]. Evening or weekend discharges yield mixed results, with some pediatric studies

reporting insignificant associations after adjustments [62, 71].

Trauma or surgical admissions, direct home-to-PICU admissions, operative interventions and
Extracorporeal Membrane Oxygenation (ECMO) appear to reduce readmission risk, poten-

tially reflecting definitive treatments or enhanced care transitions [61,62,75].

Across ICU and PICU literature, primary factors consistently associated with readmission

include :

. Severity of illness and clinical instability at discharge.
. Presence of chronic or complex medical conditions.

1

2

3. ICU interventions reflecting critical instability.

4. Unresolved clinical issues or premature discharge practices.
5

. Operational and institutional practices (staffing, discharge timing, structured transi-
tions).
Identifying these modifiable and non-modifiable risk factors provides valuable insights for

targeted interventions aimed at reducing unplanned ICU and PICU readmissions.
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2.2 Predictive Modeling for ICU and PICU Readmission

Recent advances in ML and DL offer promising avenues for developing predictive models ca-
pable of analyzing high-dimensional clinical data offered by the EHR databases. These models
can process diverse variables such as vital signs, laboratory results, and clinical histories to

uncover complex patterns associated with adverse outcomes.

2.2.1 Database
Overview of used databases

Ensuring replicable methodology is essential in data science and typically requires data sha-
ring. However, the medical and clinical fields face ethical limitations due to the sensitivity
and confidentiality of patient data. Balancing these ethical concerns with the need for repro-

ducibility highlights the importance of open-access datasets in medical and clinical research.

The outcomes analysis of the literature review reveals a predominant reliance on publicly
available databases, notably Multiparameter Intelligent Monitoring in Intensive Care (MI-
MIC). The MIMIC databases and the eICU Collaborative Research Database (eICU) are key
public datasets for critical care research. These datasets serve as invaluable resources for ad-
vancing critical care research [76,77]. MIMIC provides comprehensive clinical data, including
physiological waveforms, demographics, and laboratory results. Three versions of the MIMIC
series have been used : MIMIC-II (2001-2008) [78-81], MIMIC-III (2001-2012) [82-85], and
MIMIC-IV (up to 2019) [86-88]. These versions progressively improve data quality and ex-
pand critical care research insights. The eICU database, sourced from various institutions,
offers detailed ICU patient information, spanning demographics, vital signs, laboratory re-
sults, and outcomes, ensuring a diverse representation. The elCU database has been used in
several studies [89-92].

In addition, various private databases have been utilized in studies, including Scottish ICU
database [93], Seoul National University Bundang Hospita [94], Liverpool hospital in Aus-
tralia [95], French Outcomerea network [96], Hospital da Luz in Portugal [97], Centro Hos-
pitalar do Porto [98,99], Anhui hospital [100], University of Chicago Medical Center [101],
Stanford Medicine Research Data Repository (STARR) [86], Children’s Healthcare of Atlanta
(CHOA) [81], Brazilian university hospital [102], Cambridge University Hospital (CUH) [103],
Amsterdam UMC [104, 105], Leiden university medical centre [105], a tertiary care hospital
in the UK [103], an academic hospital in the United States [101], a Brazilian university
hospital [102], Anesthesiology, Intensive Care and Pain Medicine at the University Hospital
Minster (ANIT-UKM) [87], and the University of Florida Institutional [106].
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Used data types

EHR databases store a wide array of patient information, including demographic details, vital
signs, laboratory results, interventions, medical history, diagnosis, medications, procedures,
treatment, imaging data, and clinical notes. These data types can be classified into five main

groups :

1. Demographic Data : Include information like age, gender, and comorbidity, providing
baseline characteristics for patients.

2. Temporal data : Comprise vital signs, interventions, laboratory tests, and time series
data of treatments, offering dynamic health tracking over time.

3. Medical Codes : Represent diagnosis, procedures, and medication codes, providing

insight into the medical history and treatment of patients.

4. Text Data : Include clinical notes, particularly discharge summaries, and other textual
information, providing qualitative information on patient care.

5. Images : Comprise diagnostic images such as X-rays and Magnetic Resonance Imaging

(MRI), providing visual information for diagnostics.

Each data type plays a crucial role in understanding the health status and history of a patient.
Traditionally, ICU readmission prediction predominantly relied on demographics, temporal

data, and comorbidities. Clinical notes are increasingly used to supplement these sources.

Current trends favor a comprehensive approach, utilizing various data modalities, including
medical codes, for a holistic view of patient health and readmission risks. Interestingly, medi-
cal images remain largely unexplored for ICU readmission prediction, suggesting a potential
area for future research. Effective representation of these data is crucial for accurate predic-

tion models in healthcare.

The researchers selected variables for their models based on various approaches. Some chose
variables according to previous medical knowledge, focusing on factors known to be relevant in
predicting ICU readmission or following previous studies or guidelines, incorporating variables
that are significant in similar research [86,95,104,107]. Additionally, some studies included all
allowed variables with low missing rates and presence for the majority of patients, aiming to

capture a comprehensive range of factors that could impact patient outcomes [87,93,108,109].

2.2.2 Feature representation techniques

Effective feature representation is paramount in predicting ICU readmission due to the rich

information in EHR data. Most statistical and ML models for predicting ICU readmission
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used primarily demographic data and temporal data, with some studies also exploring the
use of medical codes and clinical notes. To use temporal data, statistical features were extrac-
ted using techniques such as descriptive statistics and entropy [80,86,97,102,104,110-114].
These features fail to capture detailed temporal trends. Techniques like frequent subgraph
mining were used to capture temporal trends [78,101] but it overlooks critical patterns in
understanding physiological measurement dynamics over time. To overcome this, some stu-
dies converted temporal data into qualitative variables [26,96,108,115-117]. However, these
methods simplify complex temporal patterns into discrete categories, neglecting time em-
bedding in a vector space. Medical codes, especially diagnoses, were simplified in several
studies using scores such as APACHE and SOFA scores [93,95,96,102] but lacked the rich
context and specificity required for accurate prediction. Other studies focused on using pre-
trained embeddings based on International Classification of Diseases (ICD) codes such as
Choi [118] and the Clinical Classification Software (CCS) [119] or clustering similar diag-
noses [26,80,89,109,113,114,120]. Treatments were represented by several features such as
usage duration [81,86,87,104]. Text data were represented in several ways based on Bag-Of-
Words (BOW) and sting matching [100,107,121]. Despite some effectiveness, these methods
struggled with the complexity of textual data.

These techniques do not capture the potential of these data. DL models offer automated
feature learning, integrating these data to capture complex patterns and dependencies. Lear-
ning representations using Long Short-Term Memory (LSTM), Convolutional Neural Net-
work (CNN), and Neural Ordinary Differential Equations (ODEs) was used in several stu-
dies [113,117,120, 122]. However, these representations face challenges due to sparse data,
different modalities, variable lengths of hospital stay, and irregular time intervals. To ad-
dress this, others proposed embedding time-related information to code embeddings using

time-aware attention or exponential time-decay functions [106,117].

Natural Language Processing (NLP) techniques are crucial for enhancing information extrac-
ted from clinical notes. Word embedding techniques such as Word2Vec [123] and BioWord-
Vec [124] were used to capture semantic meanings in a continuous space, grouping similar
words closely [125]. With the introduction of transformer-based Large Language Models
(LLMs), especially Bidirectional Encoder Representations from Transformers (BERT) [126],
the representation of textual data has undergone significant improvement as it can cap-
ture bidirectional contextual information. BioBERT [127] and Clinical BERT [128] are both
specialized versions of BERT, designed for processing biomedical and clinical text, respecti-
vely [109, 116]. However, using these embedding techniques is ineffective due to the lengthy
and noisy content of clinical notes. In addition, they overlook the graphical structure mirro-

ring the physician’s decision and lack interpretability, potentially hindering performance.
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Recent approaches focus on effectively extracting entities from clinical notes and medical
codes, and embedding them with meaningful medical representations. One approach em-
bedded ICD-9 codes into a hyperbolic space [129] using Poincaré embeddings to represent
hierarchical structures [130]. Other approaches integrated external knowledge from medi-
cal ontologies or domain-specific databases such as the Unified Medical Language System
(UMLS) [131] and the Systematized Nomenclature of Medicine-Clinical Terms (SNOMED
CT) [132], or created a graph representation of patient encounters, or a combination of both
approaches [82,115,133]. Enriching EHR data with external knowledge and generating graph

embeddings improves DL performance and helps ML models better utilize clinical data.

Graphs are a flexible framework for incorporating data from multiple modalities. Most graph-
based models have focused on representing either medical codes [91, 134-137] or clinical
notes [138]. However, exploring optimal fusion strategies for different modalities has emerged
as a promising research direction in patient representation learning [84, 85,92, 139]. Varia-
tional regularization was proposed to handle irregular time intervals between patient en-
counters [137]. Graphs are limited by fuzzy patient data relevance and struggle for higher
performance due to noise from diverse disease types. Leveraging external medical knowledge
to integrate domain-specific information enhances node representation and facilitates a bet-
ter understanding of the relationships among different entities [85, 92, 136, 138, 139]. Using
contrastive learning techniques [140] to refine graph representations by generating pairs of
nodes to ensure consistency, effectively bringing embeddings of patients with the same label
closer in the embedding space [91,92]. These methods enhance the ability to model intricate

relationships within EHR data, leading to improved performance and clinical insights.

2.2.3 Model types

This section reviews statistical, machine learning, and deep learning models used to predict

ICU readmission.

Statistical approaches

Table 2.1 identifies 21 studies, that used various statistical approaches, including Logistic
Regression (LR), fuzzy clustering, Dynamic Linear Models (DLMs), and Conditional Random
Fields(CRF), have been employed to develop ICU readmission prediction models.

LR is a widely used statistical model for binary classification problems. In this context,
LR estimates the probability that a given observation belongs to the positive class (e.g.,

readmission) as a function of input features. Formally, given an input vector x € R?, the
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model computes the probability p(y = 1|x) using the logistic sigmoid function applied to a

linear combination of the predictors :

1
1+ e %

ply = 1|x) = o(z) = (2.1)

where
z=w'x+0b. (2.2)

Here, w is the weight vector and b is the bias term. The model is trained by maximizing
the likelihood of the observed labels under the Bernoulli distribution, which is equivalent to

minimizing the binary cross-entropy loss :

1 X , .

- = (i) — @ N ()
L(w,b) = N2 { log p® (1 Y )log(l P )} , (2.3)
where y® € {0, 1} is the true label for the i-th example, and p® = o(wx® +b). To prevent
overfitting, especially when the number of features is large, a regularization term can be

added. In the case of L2 regularization (Ridge), the loss becomes :

Lreg = L(w,b) + | w3, (2.4)

where

w3 =>_wj.
J

and A controls the strength of regularization. LR is popular in clinical prediction tasks due

to its simplicity, interpretability, and ability to estimate well-calibrated probabilities.

Ridge classifier is another statistical model that fits a linear decision function s(x) = w'x +
b after mapping labels to y; € {—1,+1}, and predicts with sign(s(x)). It minimizes the

ridge-penalized squared-error objective

1 n
Tridge(W, D) Z( (w Xl+b))2 + A|wlf3. (2.5)

This quadratic objective makes it typically faster to train than the LR models that class
probability via the sigmoid as shown in equation (2.1), with y; € {0,1}, and minimizes the
L2-regularized binary log-loss as shown in equation (2.3). But LR loss is better aligned with

classification and yields calibrated probabilities, which often translates into better classifica-
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tion performance than the Ridge classifier.

Campbell, et al. [93] initially achieved moderate Area Under the Receiver Operating Cha-
racteristic (AUROC) curve of 62% and 67% for predicting readmissions using LR. In [141],
they proposed a scoring tool by normalizing LR coefficients achieving an AUROC of 76%.
Subsequent improvements included feature selection techniques, with Jo, et al. [94] achie-
ving an AUROC of 76% through the Likelihood Ratio-Test (LR-Test), and Frost, et al. [95]
reaching 66% with backward-deletion. To further enhance performance, different feature ex-
traction techniques were employed. Badawi, et al. [89] grouped diagnoses into 26 categories,
extracted statistical features, used Multiple Imputation by Chained Equations (MICE) [142]
for missing data, and selected significant features with LR-test and stepwise LR, achieving
an AUROC of 71%. Ouanes, et al. [96] transformed temporal variables into qualitative ones
and identified significant predictors through multivariate analysis, resulting in an improved
AUROC of 74%. Xue, et al. [78] achieved an AUROC of 66% using the adapted Subgraph
Augmented Non-negative Matrix Factorization (SANMF) but with limited impact on ove-
rall trend correlation. Utilizing clinical notes, in [82], they reached an AUROC of 75% using
UMLS to identify medical concepts and assigning unique Concept Unique Identifiers (CUIs),
generating a Bag-of-CUIs, while in [83], they attained 76% with BOW embedding. The per-
formance of LR-based models was moderate, with AUROC values ranging from 62% to 76%,
and an average AUROC of 70%.

Fuzzy clustering found application in multiple studies. It allows data points to belong to
multiple clusters simultaneously. The Takagi-Sugeno Fuzzy Model (TSFM) is a fuzzy infe-
rence system that uses linear functions associated with fuzzy sets to represent rules, activated
based on input values, producing a weighted average of outputs to model complex systems
efficiently [143]. Techniques such as Fuzzy C-Means (FCM) [144], Mixed Fuzzy Clustering
(MFC) [145], and Probabilistic Fuzzy Systems (PFS) [146] were used to determine the an-
tecedent fuzzy sets and the number of rules of TSFM. FCM optimizes the sum of squared
differences for numerical data, MFC enhances FCM for spatiotemporal data, while PFS
merges fuzzy logic with probabilistic reasoning, integrating linguistic system descriptions

with statistical data properties.

Fialho et al. [110] achieved an AUROC of 72% using a TSFM model based on FCM clustering
and six variables, and an AUROC of 66% with a TSFM model based on PFS with FCM and
the nearest neighbor heuristic for membership functions [97]. Vieira, eet al. [147] suggested
improving this by merging numerical and medical text annotations, and Curto, et al. [107]
further advanced this with a Fuzzy FingerPrint (FFP) classifier [148] and Pareto-inspired
membership function [149], achieving an AUROC of 80% with text data. In [111], temporal



16

data were represented using Shannon entropy and weighted average, with feature selection
achieved through Binary Fish School Search (BFSS) [150] combined with FCM, resulting
in an AUROC of 69%. In [151], three TSFM model approaches were used : FCM, modified
MFC for fixed-length multivariate time series, and MFC-FCM with feature transformation,
with MFC and FCM outperforming MFC-FCM and achieving an AUROC of 58%. A follow-
up [79] extended MFC to handle unequal-length multivariate time series, using FCM for
transformation and MFC grouping (FCM-UM¥¢) achieving an AUROC of 64%.

Fernandes, et al. [152] suggested using ensemble learning with FCM-based clustering to ge-
nerate patient clusters for TSFM models development. They employed classifier selection
techniques including a priori decisions based on cluster center distances to patient charac-
teristics and a posteriori decisions to select outcomes with lower uncertainty. The posteriori
decision outperformed the a priori approach, resulting in an AUROC of 75%. A follow-up [153]
found no significant difference between aggregation techniques and classifier selection. Viegas
et al. [112] enhanced this approach by using Sequential Forward Selection (SFS) for feature
selection and Gustafson-Kessel (GK) clustering [154], combining sensitivity and specificity
models with weights based on uncertainty, achieving an AUROC of 77%. Overall, fuzzy-based
models performed similarly to LR-based models, with AUROCSs ranging from 58% to 81%

and an average of 71%.

DLMs are valuable for modeling time series data, incorporating both system dynamics and
observation uncertainty. They model time series by estimating the state vector from observed
data, using the Kalman filter to update the estimate with new observations [155]. Caballero, et
al. [115] used DLMs with Bayesian time series to capture temporal dependencies and update
readmission predictions, extracting features focusing on clinically named entities using UMLS

and statistical topic modeling, achieving an AUROC of 93%.

CRFs are probabilistic models used for labeling sequential data. They model the conditional
probability of labels given observations, capturing complex dependencies [156]. Venugopalan,
et al. [108] used k-means and FCM for imputing temporal data, employed CRF for capturing
time-varying dynamics, and applied LR and Neural Network (NN) for static data classifica-
tion. CRF with FCM-based imputation achieved 90% accuracy, but models combining with

k-means imputation surpassed CRF alone (80%), reaching 87% accuracy.

Table 2.1 summarizes statistical approaches, revealing AUROC scores ranging widely from
58% to 93%. Despite high AUROCS, the models’ reliability is limited due to the small patient

sample size.
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TABLE 2.1 Statistical approaches for ICU readmission prediction (same* : same hospitaliza-

tion, *™* @ : used, @ : unused).
< = Data Type Performance
3 o o~ m X2 n 9 —~~
Database el % £ %g < = s K
Name T E< |2 o 20 7 >
. O T g S ® = < >
Study (Sample Size) ETE~ |5 8RR S Q g
S S &L .s Q =
g 2 7T A~ 3
v o = 9 -] [}
A = OZ= < <
Campbell . same” (9) | i o o o 62
2008 [93] Private (6,208) 2 (3) LR 67
Haribhakti 2021 [141] Private (883) same (9) ® oo LR 76 -
Jo 2015 [94] Private (343) same (10) LA LR 76 -
Frost 2010 [95] Private (14,952) same (7) oo LR 66 -
Badawi 2012 [89] | eICU (704,963) 2 (3) e e IR 1 -
Ouanes 2012 [96] | Private (3,462) 7(2) e oo IR -
Xue 2019 [78] MIMIC-II (1,170) | 30 (27) o LR 6 -
Li 2019 [82] MIMIC-III (45,305) 30 (5) o o ° LR 75 -
Moerschbacher o o LR 76 69
2023 [83 MIMIC-IIT (4,522) | 30 (50) op o
Fialho 2012 [110] | MIMIC-II (1,028) | 3 (13) | ® e[ FCM 2 71
Fialho 2013 [97] Private (3,271) 3 b PFS 66 67
.. ° e o TSFM 72 -
Vieira 2013 [147) | MIMIC-II (1,028) | 3 (13) | ol TEp s
o o ® FFP 80 84
Curto 2016 [107] | MIMIC-IT (12,091) | 3 (6) e o oo TSEM o1 o
Sargo 2014 [111] | MIMIC-IT (726) 3(12) | e FCM 69 56
Ferreira 2015 [151] | MIMIC-II (2,653) 3(8) ° MFC 58 59
Salgado 2016 [79] | MIMIC-II (1,389) | 3 (10) o [FCM-UMFC| 64 57
Fernandes 2014 [152] | MIMIC-II (1,010) 3 (13) ° L FCM . 75 70
posteriori
FCM
Salgado 2015 [153] | MIMIC-II (1,010) | 3 (13) |® o e e C s
posteriori
Viegas 2017 [112] | MIMIC-II (1,499) 3 (7) oo CK Tl
Caballero 2015 [115] | MIMIC-IT (11,648) 30 ° DLMs 93 -
Venugopalan ° o MCC :
2017 [108] MIMIC-IT (32,331) | 30 (24) CRF oy 90
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Machine learning approaches

Table 2.2 highlights 22 studies using various machine learning models, primarily supervised
approaches like Decision Trees (DT, with some exploring unsupervised methods like K-means

Clustering.

NN learns complex patterns through interconnected nodes using feedforward flow, activation
functions, and back-propagation [157]. In [158], NN achieved AUROCs of 87% and 79% on
complete and sub-sampled datasets, respectively, showing that the dataset’s histogram had
an improper distribution for probability models and no specific feature selection method was
recommended. Junqueira, et al. [159] used Symmetrical Uncertainty (SU) [160] for feature
selection, finding NN performed best with a 64% AUROC on a temporally split, sub-sampled
dataset, showing consistent risk factors over time. In [161], four ML models performed well,
with the NN model achieving the best overall performance with an Fl-score of 84%. The
performance of NN-based models was moderate. Naive Bayes (NB) is a simple probabilistic
classifier based on applying Bayes’ theorem with strong (naive) independence assumptions
between the features [162]. In [98], NB outperformed other ML models on an oversampled
database, achieving an accuracy of 99%. Oversampling by duplicating minority class data
without proper separation between training and test sets leads to biased metrics and inflated
specificity scores, with the model showing a significantly lower specificity of 72% without

oversampling.

Support vector machines (SVM) are supervised learning models designed to find the optimal
decision boundary separating two classes. In the case of a linear SVM for binary classification,
the model seeks a hyperplane that maximizes the margin between positive and negative
examples. Given a training dataset {(x@,y@)}¥ | with x® € R? and labels 4y € {—1,+1},

the linear decision function is defined as [163] :

f(x) =w'x+0b, (2.6)

where w is the normal vector to the hyperplane and b is the bias term. The geometric margin
is given by 2/||w||, and the optimal hyperplane is the one that maximizes this margin while
correctly classifying the training samples. This leads to the following convex optimization

problem :
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(2.7)

(2.8)

In practice, many problems are not perfectly separable, so slack variables & are introduced

to allow margin violations. This yields the soft-margin SVM :

Lo o al
1 3 e
min - Sfw]* + ;5

subject to  y® (WTX(i) + b) >1-¢&, &>0, Vi

(2.9)

(2.10)

where C' > 0 controls the trade-off between maximizing the margin and penalizing clas-

sification errors. For non-linear decision boundaries, SVMs can employ the kernel trick to

implicitly map input vectors into a higher-dimensional space H where a linear separation

becomes possible. The decision function in the kernelized SVM is given by :

N
f(x) = Z ozz-y(i)K(x(i), x) + b,
i1

(2.11)

where K (x(V),x) is a positive semi-definite kernel function (e.g., Radial Basis Function (RBF)),
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and «; are the learned Lagrange multipliers associated with each training sample. SVMs are
particularly well-suited for high-dimensional spaces and often deliver strong predictive per-

formance in settings where the number of features exceeds the number of observations.

Figure 2.1 shows the decision boundary (solid line) that maximizes the margin (shaded region)
between the two classes. The highlighted support vectors (circled points) are the critical
samples that determine the position and orientation of the separating hyperplane. Negar,
et al. [121] used BOW to create a document-term matrix from clinical notes, achieving an
AUROC of 71% and 74% with feature selection using SVM, outperforming other ML models

on a sub-sampled database.

DT is a tree-like model that uses a flowchart-like structure of decisions and their possible
consequences to make predictions or decisions [164]. Random Forest (RF) improves DT by
addressing overfitting through ensemble learning. DT is interpretable, while RF excels with
larger datasets. RFs are ensemble learning methods that combine the predictions of mul-
tiple decision trees to improve classification accuracy and reduce overfitting. A RF classifier
consists of an ensemble of T" decision trees, each trained on a bootstrap sample of the training
data. Formally, let D = {(x®,4)}Y | denote the dataset. For each tree ¢, a bootstrap sample
D, is generated by randomly sampling N examples with replacement. During tree construc-
tion, at each split node, only a random subset of m features (with m < d) is considered
to determine the optimal split. This process injects additional randomness and de-correlates
individual trees [165].

Each decision tree hy(x) outputs a predicted class label. The final RF prediction ¢ is deter-

mined by majority voting across all trees :

T

§ = mode{ht(x)} . (2.12)

t=1

Alternatively, if probabilistic predictions are desired, the estimated probability of the positive

class is computed as the fraction of trees predicting the positive label :

Zﬂ{ht(x) = 1], (2.13)

t=1

Nl =

ply=1[x) =

where I[-] denotes the indicator function. The randomness introduced by both bootstrapping
and feature subsampling helps reduce variance and improve generalization compared to a
single DT. RF also provides measures of variable importance, often computed by assessing
the mean decrease in impurity or by evaluating the impact of permuting each feature on

prediction accuracy.
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Figure 2.2 illustrates how RF builds multiple DTs on bootstrapped subsets of the data (Stage
1-2), generates predictions from each tree (Stage 3), and aggregates them into a final pre-

diction (Stage 4). This ensemble approach improves accuracy and robustness compared to a
single DT.

Extremely Randomized Trees (Extra-Trees) is an ensemble of DTs that injects more random-
ness than a standard RF. Like RFs, it builds many trees and aggregates them (majority vote

for classification, mean for regression). However, There are two main differences :

1. Bootstrapping : RFs typically train each tree on a bootstrap sample (sampling with
replacement), whereas Extra Trees, by default, use the entire training set for every
tree (no bootstrap)—though this can be toggled. However, at each split, they sample
a subset of features like RF.

2. Split selection : RFs search (nearly) optimal thresholds for each candidate feature at a
node. Extra Trees instead pick random thresholds : at each split, they draw a random
cut-point for each of those features (often uniformly between the feature’s min and
max within the node), evaluate the impurity gain for those random splits, and select

the best among them. For numerical features, the range is between the minimum and
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maximum values of that feature in the node. By default, it randomly generates only
one split point in this range (unlike RF which considers all possible splits). For binary
features, since these are already binary (0/1), there’s only one possible split point.
Even though it’s random, there’s no randomness here since it will lead to the same

split.

This extreme randomization makes Extra Trees faster and typically lower-variance and

higher-bias, which can help on noisy data and reduce overfitting.

In [166], a DT algorithm based on Axiomatic Fuzzy Set theory (AFS-DT) [167] achieved an
AUROC of 61% using Cohen’s kappa coefficient as a fitness function, with similar perfor-
mance (60% AUROC) when trained on only six variables recommended in [110], indicating
no significant loss of information. In [80], a proposed Noise Reduction Learning (NRL) sys-
tem tackled data sparsity by under-sampling overlapping points with k-Nearest Neighbors
(KNN). Ensemble learning using DT and LR models with L1 regularization achieved an AU-
ROC of 81%. In [100], a weight decay RF model was utilized for both imputation and dataset
rebalancing, leveraging features from temporal data and clinical notes to achieve an AUROC
of 88%, surpassing other machine learning models. Alghatani,et al. [168] used ICU data from
the first day and applied the percent point function to determine quantile thresholds. SVM
achieved an AUROC of 59% across the entire dataset, while RF reached a best AUROC of
74% for the sub-sampled dataset.

In [90], the patient forest model was introduced, leveraging an ensemble of DTs within the
gcForest framework. This approach utilized multi-grained scanning and cascade forest mo-
dules to process EHR encounters and extract features at various granularities, which were
then refined through multiple levels of RFs. The model, trained with optimized convolutional
filter and RF parameters via backpropagation to minimize binary cross-entropy loss, achieved
an AUROC of 87%. Its superior performance was attributed to its ability to capture the he-
terogeneity and complexity of patient data through patient-specific DTs. The aggregation of
predictions from multiple trees also reduced variance and enhanced result stability compared

to models using a single global classifier.

Boosting techniques like Adaptive Boost (AdaBoost), Gradient Boosting (GBM), Extreme
Gradient Boosting (XGBoost), and Light GBM enhance predictive performance by emphasi-
zing misclassified instances sequentially. AdaBoost is effective and less prone to overfitting but
sensitive to noise [169]. GBM ensures high accuracy but is computationally intensive [170].
XGBoost improves Gradient Boosting with regularization and parallel processing, enhancing
computational efficiency [171]. It is an efficient, scalable implementation of gradient boosted

decision trees. Unlike RF, which build trees independently and aggregate their predictions,
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boosting constructs trees sequentially, where each tree attempts to correct the errors made

by the ensemble so far.

XGBoost is a powerful model that improves performance and reduces overfitting. Formally,
let D = {(x®,y@)}Y, denote the training data. The model predicts the output 7@ by

summing the outputs of K regression trees :

K
Z x), fpeF, (2.14)

where F denotes the space of regression trees. The training objective includes both the loss

function measuring model fit and a regularization term penalizing model complexity :

N ) ) K
e= S (005 + S0 219
=1 k=1

where [ is a differentiable convex loss function (e.g., logistic loss), and Q(f) is the regulari-

zation term defined as :

1 T
QQﬂzsz—FiAiguﬁ. (2.16)

]:
Here, T denotes the number of terminal nodes (leaves) in the tree, and w; represents the
weight of the j-th leaf. The parameters v, which is the pruning penalty, and A, which is the

regularization coefficient, control the complexity penalty and help prevent overfitting.

At iteration t, the algorithm adds a new tree f; to minimize the objective function. Using a

second-order Taylor expansion of the loss, the approximate objective becomes :

N
me 4—hﬂ( ﬂ+9%) (2.17)
=1
where o Y
ol(y", 9" 21 (yD, g
b2 2w080) -, 2U0.50)

These first and second derivatives (gradients and Hessians) are computed from the current
predictions and drive the optimization of each new tree. The optimal leaf weights w} for each

leaf j can be derived in closed form :



24

| Training set |

Feature combinations

“e® * ‘% e P o... @ ® _°
! ! 1
CART trees
! l. l.
. o . . ’ . . eightin
[ ......- - ... :... ______ k.. :... ::\l,crgzseg

|

Predictor1 Predictor2 e Predictor N Prediction

| Average aggregation of predictors |

F1GURE 2.3 Flowchart of the XGBoost training process

Ziefj Gi
wi = ——-—-"2"—, 2.18
! Dier; hi £ A (2.18)
where I; denotes the set of samples in leaf j. The corresponding optimal value of the objective

reduction is :
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By iteratively adding trees in this manner, XGBoost produces a powerful ensemble capable of
capturing complex non-linear relationships while maintaining high computational efficiency

through optimized data structures and parallelization.

Figure 2.3 illustrates the XGBoost workflow, starting from iteratively reducing residuals until

an optimal model is trained for prediction [172].

LightGBM is a gradient boosting framework that constructs an ensemble of DTs trained
sequentially to minimize a differentiable loss function. It employs histogram-based learning
for efficient processing of large datasets, although it may necessitate careful parameter tu-
ning [173]. Like other boosting methods, it builds additive models (2.14) and minimizes the

regularized objective (2.15) using the regularization term that penalizes complexity (2.16).
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One key challenge in boosting algorithms is the computational cost of finding the best split-
ting points to grow each tree. To address this, Light GBM uses a histogram-based algorithm
to discretize continuous feature values into a fixed number of bins, reducing the search space.

The complexity of histogram construction is :

(’)(#bins X #features). (2.20)

Light GBM distinguishes itself from other implementations, such as XGBoost, through two

innovations that further accelerate training and improve accuracy :

— Gradient-based One-Side Sampling (GOSS) : During each iteration, Light GBM
divides training samples based on the magnitude of their gradient statistics. Let g;
denote the gradient of the loss for observation i. The dataset is split into :

— A subset containing the top X% of samples with the largest gradients (those
learned poorly).

— A subset containing the remaining samples with small gradients (those learned
well).

All large-gradient samples are retained, while a random sample of size Y is drawn

from the small-gradient set. To correct for the sampling bias, gradients of the sampled

low-gradient instances are rescaled by a factor of :

1-X

Y

This approach preserves the overall gradient distribution while focusing computational
effort on poorly fitted observations.

— Exclusive Feature Bundling (EFB) : Light GBM also reduces the number of effec-
tive features by merging mutually exclusive (sparse) features into a single composite
feature. Two features are mutually exclusive if they never take non-zero values simul-
taneously. By bundling these features, Light GBM reduces memory consumption and

the effective dimensionality of the histogram without losing information.

Figure 2.4 shows the GOSS and the EFB optimization techniques [174]. These optimiza-
tions enable LightGBM to train faster and more efficiently than other gradient boosting
frameworks, including XGBoost, particularly on high-dimensional sparse datasets common

in real-world applications [173,175].

In [101], a GBM model trained on sub-sampled data from the University of Chicago and
MIMIC-III databases achieved AUROCSs of 76% and 71%, respectively. In [86], GBM outper-
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formed several ML models with an AUROC of 85% using the STARR database but faced a
decline to 60% during external validation on the MIMIC-IV dataset, suggesting that GBM
may be less prone to overfitting than LR. Zhu, et al. [81] applied transfer learning from
MIMIC-IT to CHOA databases. They applied non-Negative Matrix Factorization (NMF) and
Convolutional AutoEncoders (CAE) for feature representation, and fine-tuned classifiers on
CHOA data. Although transfer learning improved GBM performance with CAE-extracted
features to an AUROC of 62%, a GBM classifier achieved an AUROC of 77% when trained
on CHOA data.

In [102], AdaBoost achieved the best performance with an AUROC of 91% using the arrival
attribute set. Cost-sensitive classification outperformed Synthetic Minority Over-sampling
Technique (SMOTE) [176] for class imbalance, and the study highlighted the value of early
patient characteristics over data available at ICU discharge. The study’s limited private ICU
sample reduces variability and generalizability, and manual data entry introduces error risk,
while modeling time-varying variables as categorical data neglects their dynamic nature. De-
sautels, et al. [103] developed AutoTriage ML, which utilized transfer learning with AdaBoost,
trained on MIMIC-IIT (source) and CUH (target) datasets. By adjusting the weighting bet-
ween datasets, this approach achieved an AUROC of 71%, demonstrating that prioritizing
the target dataset in transfer learning outperformed models trained solely on the source or
target datasets served as an effective regularizer, preventing overfitting to the target domain
and enhancing performance. In [26], the Light GBM classifier, trained with features selected

for mutual information and weighted for the minority class, achieved an AUROC of 79%.
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The study underscored that diagnoses are key contributors to ICU readmission.

Pakbin, et al. [114] used XGBoost to predict readmissions at different time windows, combi-
ning multiple feature entries to reduce missingness. The model outperformed LR, achieving
an AUROC of 76% and 84% for predicting 72 hours and bounceback readmissions, respecti-
vely. Their findings highlighted distinctions in short- and long-term readmission risks, with
the diagnosis as the most correlated risk factor. Thoral, et al. [104] used SHapley Additive
exPlanations (SHAP) [177] to highlight feature importance and enhance the interpretability
of an XGBoost model trained on AmsterdamUMCdb data. Feature selection with LR and
L1 regularization achieved an AUROC of 77%. In a subsequent study [105], Thoral’s model
was assessed through a temporal validation design Leiden UMC data. External validation
revealed moderate discrimination with an AUROC of 72%. Retraining the model using dif-
ferent time point subsets improved the AUROC to 79%, indicating no changes in data drift
affecting performance over time, and highlighting the importance of retraining models on
new data. In [178], XGBoost’s hyperparameters were optimized using Tree-structured Par-
zen Estimator (TPE) [179], a Bayesian optimization technique. They achieved remarkable
results with an AUROC of 92% and an Area Under Precision-Recall Curve (AUPRC) of 65%,
with SHAP values identifying length of stay as the most influential feature. A low AUPRC
indicates that the model struggles to correctly identify true positives while minimizing false
positives, which is particularly problematic in imbalanced datasets where the positive class

1S rare.

Hegselmann, et al. [87] developed an Explainable Boosting Machine (EBM), an additive mo-
del using shape functions for interactions between variables and the logit link for dichotomous
classifications. With features selected via mean absolute log-odds score from ANIT-UKM hos-
pital data, it achieved an AUROC of 68%, outperforming LR and Recurrent neural Network
(RNN) but similar to GBM. Validation on MIMIC-IV, benefiting from better data quality,
improved the AUROC to 76%. The EBM’s transparency, reviewed by a multidisciplinary
team, highlights its advantages for healthcare applications. Tree-based models showed pro-

mising performance with AUROCS ranging from 59% to 92%, averaging 77%.

The K-means algorithm partitions patients into clusters by assigning them based on similarity
to the cluster centroid and iteratively refining assignments to minimize within-cluster variance
[180]. In [99], K-means outperformed k-medoids [181] and x-means [182], achieving a Davies-
Bouldin Index (DBI) of 56.

Table 2.2 summarizes ML approaches. While MLL models have significantly improved results,
their performance tends to decline with larger sample sizes. Developing more complex models

is essential for creating more reliable predictions.
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TABLE 2.2 ML approaches for ICU readmission prediction ( * : External validation)

< = Data Type Performance
atabase 522X |g g 3 & = = =
Name ~ZE L E 2 3 7 RS =
. LT T 8 S & < >
Study (Sample Size) ET ¢~ |5 & = =R S O g g
SR g 2 L& 2 E 3
E 5 ECE SRV
A B O = < < <
Inan 2018 [158] | MIMIC-III (11,000) - e o NN |8 95 95
Junqueira 2019 [159] | MIMIC-III (42,307) | 30 (11) e o o NN |64 - 86
Raza 2023 [161] MIMIC-IIT (6,500) 30 (50) ° NN F1 score : 84
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29

Deep learning approaches

Table 2.3 identifies 23 studies used to handle temporal data and clinical notes directly using
models like RNN [183] or CNN [184] are often used. LSTM [185] and Gated Recurrent
Unit (GRU) [186] are RNN variants that capture long-range dependencies in sequential data
by retaining past information to improve future predictions. LSTM networks are a type
of RNN specifically designed to model temporal dependencies and mitigate the vanishing
gradient problem observed in conventional RNNs. Unlike standard RNNs, which maintain a
single hidden state, LSTM introduces a memory cell that allows the network to learn which

information to keep, update, or forget over long sequences.

An LSTM unit maintains two key vectors at each time step ¢ :
— the hidden state h; (output of the cell), and
— the cell state ¢; (internal memory).
Given an input vector x;, previous hidden state h;_1, and previous cell state c;_;, the LSTM

computes the following :
Forget gate :
ft = U(fot ‘l— Ufht—l + -bf)7 (221)
which controls how much of the previous cell state to forget.
Input gate :
it = 0'<W2Xt + Uiht—l + b1>, (222)
which determines how much new information to store.
Candidate memory :
ét = tanh <W0Xt + Ucht—l —|— bc), (223)
which represents new candidate values for the cell state.
Cell state update :
C; = ft ® Ci—1 + it ® éta (224)
where ® denotes element-wise multiplication.
Output gate :
oy = U<W0Xt + Uoht—l + bo)a (225)
which controls how much of the cell state contributes to the hidden state.

Hidden state update :
ht = Oy ® tanh (Ct> . (226)
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Here, o(-) denotes the sigmoid activation function, and tanh(-) is the hyperbolic tangent. The
gating mechanisms enable LSTMs to learn long-range dependencies by explicitly controlling

the flow of information through the sequence.

Figure 2.5 illustrates the internal structure of an LSTM unit, including the input gate, forget
gate, output gate, and cell state update operations [187]. The sigmoid (o) and tanh acti-
vation functions control information flow, enabling the model to selectively retain or forget

information over time.

On the other hand, CNNs learn hierarchical representations of data, which are useful for
capturing patterns in sequential data with a spatial component. CNNs are a class of neu-
ral networks designed to automatically extract and learn hierarchical representations from
structured data such as images or time series. Unlike fully connected layers, CNNs leverage
convolutional filters to detect local patterns, enabling parameter sharing and translation

invariance.

In the context of two-dimensional time series data X € R™*V where T denotes the number
of time steps and V' the number of variables, a 2-D convolutional layer applies learnable
kernels along both the temporal and variable dimensions. This allows the model to capture

joint temporal and inter-variable patterns in localized regions of the data.

Given an input matrix

i1 - TV

rra - TTV

and a filter W € R¥** of size k; (time) by k, (variables), the convolution operation produces
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an output matrix S where each element is computed as :

ki ko

S0 =2 > WimXjtiot,14m-1+0b,

i=1m=1

where b is a learnable bias term. The result is passed through a non-linear activation function
such as the Rectified Linear Unit (ReLU) :

h;; = max(0, s;;).

Multiple filters are applied in parallel to produce a set of feature maps, each encoding specific

local patterns across time and variables.

To reduce dimensionality and improve robustness to small shifts, 2-D convolutional networks
often include pooling operations. For example, with max pooling using a window of size
Pe X Py, the downsampled representation is computed by taking the maximum over each
pooling region :

;',l - max{ h(j—l)pt+1:jpt7 (l—l)pv+1:lpv}7

where the maximum is taken over the rectangular window.

Multiple convolutional and pooling layers can be stacked to build deep architectures capable
of learning increasingly abstract representations. Finally, the extracted features are flattened

and passed to fully connected layers, which perform the final classification.

Figure 2.6 illustrates the main components of a CNN, including convolutional layers for
feature extraction, ReLLU activation functions, pooling layers for downsampling, flattening,

fully connected dense layers, and a softmax output for classification [188].

The LSTM-CNN model was used in many studies. In [113], it achieved an AUROC of 79%,
outperforming LSTM, CNN, and several ML models trained in statistical features. Their

—
—
Pooling (R—
Layer
—
Input layer | | Convolutional and pooling layers repeated N times | JFglg‘gr::f::? Cuiput layer

FIGURE 2.6 Schematic of the CNN architecture
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study underscores the LSTM-CNN model’s ability to handle time series data with high
volatility and unstable conditions effectively. To enhance this work, Zebin, et al. [120] re-
balanced the dataset using SMOTE and categorized ICD-9 codes into 17 classes, achieving
an AUROC of 82%. In [130], the model was enhanced with advanced ICD-9 embeddings,
including Poincaré embeddings, which achieved AUROCS of 79% and 78% for clinical notes
and billing system ICD-9 codes, respectively, outperforming all graph embedding methods
except TransE. Poincaré embeddings with 100 dimensions proved notably efficient, achieving
an AUROC of 72% and demonstrating their effectiveness in hierarchical data representation.
Chen, et al. [88] introduced Predictive Process Monitoring (PPM) using event logs to enhance
ICU support. PPM learns from historical complete traces and makes predictions for ongoing,
incomplete traces, treating each ICU stay as a process trace and utilizing rich time series
information. The LSTM-CNN model improved with longer prefix lengths, achieving an AU-
ROC of 64% with a prefix length of 21. Overall, the LSTM-CNN models performed well,
with AUROC values ranging from 63% to 82%, and an average AUROC of 76%.

Although RNN and LSTM models are capable of modeling temporal dependencies, they
struggle when dealing with long and irregular clinical time-series, where important informa-
tion can occur far apart in time. These models process sequences sequentially, which makes
training slow and can cause vanishing or diluted gradients, reducing their ability to capture

long-range clinical patterns.

The attention mechanism assigns dynamic weights to input elements, helping models unders-
tand data well and focus on specific parts for better predictions [189]. To address RNN and
CNN limitations, the transformer architecture processes all input tokens simultaneously, cap-
turing long-range dependencies, handling irregularly sampled data, and improving text data
analysis for identifying high-risk patients. Transformer-based attention mechanisms provide
a flexible way to model dependencies between all elements of an input sequence, regardless
of their distance. The core idea is the self-attention mechanism, which computes contextual

representations by relating each position in the sequence to every other position.

Given an input sequence of 7" elements, represented as vectors {xy,Xa, ..., X7}, self-attention
projects the inputs into three spaces : queries (@), keys (K), and values (V). For each element

X;, the projections are :
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V; = WVXZ', (229)

where WY, WX and WV are learned parameter matrices.

The attention score between position ¢ and position j is computed as the scaled dot product

of the query and key :

_ a9k

ARV A

where dj, is the dimensionality of the key vectors, included to prevent excessively large dot

(2.30)

products that destabilize training.

The attention weights are obtained by applying the softmax function over the scores :

exp(€s;)
Q= . (2.31)
’ > =1 €XD(€im)
Finally, the output vector for position ¢ is the weighted sum of the value vectors :
T
j=1

This process is referred to as single-head self-attention. In practice, Transformers use multi-
head self-attention, where multiple attention mechanisms are applied in parallel and their

outputs are concatenated :

MultiHead(Q, K, V) = Concat(head,, ..., heady) W?, (2.33)

where each head is computed as :

head,, = Attention(Q W KWE, VW,Y).

This design allows the model to capture information from different representation subspaces

jointly.
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FIGURE 2.7 Transformer architecture with multi-head self-attention

Figure 2.7 shows the architecture of a Transformer model, illustrating the encoder and deco-
der blocks, each composed of multi-head attention layers, feed-forward networks, and layer
normalization. The inset diagrams zoom into the multi-head attention mechanism and the
scaled dot-product attention, highlighting how query (Q), key (K), and value (V) vectors are

processed to compute attention weights and aggregate information across positions.

In [125], the patient’s continuous clinical notes were concatenated and embedded using
Word2Vec. An augmented CNN with a multi-headed attention mechanism was employed
to extract problems, allowing for variable text spans while maintaining interpretability. The
model explored various problem representations, including rolled-up ICD-9 codes and Phe-
codes [190], achieving AUROCSs of 71% and 69% for bounceback and 30-day readmission,
respectively. The model’s interpretability is enhanced by using the intermediate problem
list for final predictions. In [122], attention mechanisms in LSTM were examined for their
correlation with feature importance and alterability. Log-odds attention showed a modest
correlation and had minimal impact on predictions, raising questions about the explanatory
power of attention mechanisms. Although log-odds attention offered interpretation, it diffe-
red from learned attention distributions. Despite this, incorporating attention mechanisms
into LSTM consistently improved AUROC, reaching 71% with either additive or log-odds
attention.

Longformer is a transformer model that handles longer sequences of text by using a sparse

attention mechanism, processing longer documents more efficiently while maintaining strong
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performance in various NLP tasks [191]. In [106], a model combining Longformer’s global
and sliding window mechanisms with BERT’s special classification tokens was developed. It
embedded absolute and relative temporality using event tokens. They used positional indices
derived from EHR record times to create a unique and shared positional encoding. A global
self-attention token was used to integrate static data. It achieved an AUROC of 84%.

Transformer-based NLP models were also investigated. In [109], the TAPER model, using
BioBERT and a bidirectional GRU for text summarization, was proposed to obtain a unified
text representation. An auto-encoder with GRUs further summarized sentence representa-
tions into a single patient text representation, aiming to reduce errors and capture crucial
information effectively, achieving an AUROC of 67%. In [116], multimodality analysis sho-
wed that temporal abstractions of temporal data enhanced performance, particularly with
gradient inclusion, but models that used ICD-9 codes outperformed them. Overall, the Cli-
nical BERT model trained on clinical notes achieved the best performance with an AUROC
of 75%. In [192], text samples generated by the MedAug model improved the performance
achieving AUROCS of 79% and 82% with Clinical BERT and MedText classifier, respectively,
though they peaked with more synthesized samples before slightly declining. Transformer-
based models exhibited moderate performance, with AUROCSs ranging from 67% to 84% and

an average of 74%.

ODEs model system dynamics continuously over time using differential equations, treating
time as a continuous variable, allowing for more efficient modeling of complex temporal
dynamics [193]. Several methods were proposed in [117] to process time series sampled at
irregular time intervals. RNN with time dynamics of code embeddings computed by neural
ODEs, achieved the highest average AUROC of 74%. In [194], a correlation-enhanced Multi-
task learning with Pearson and RNN-based Neural ODEs Model (MP-ROM) was proposed,
featuring a shared bottom structure and a dynamic weighting of the loss function. Task
correlation enhanced the association between sub-tasks and neural ODEs enhanced feature
learning to avoid local optima. The model achieved AUROCS of 74%, 74%, 74%, and 73% for
predicting readmission at 5, 10, 15, and 30 days, respectively. This indicates that the 30-day
prediction task benefited from multitask learning, and more improvements can be achieved

by enhancing task correlations. The performance of ODE-based models was moderate, with

an average AUROC of 73%.

These approaches extract features without considering their medical relevance or inter-
modality relationships. Recently, integrating external medical knowledge and graph methods
for embedding multimodal data has shown significant performance improvements in medical

applications. In [133], the Conceptual-Contextual (CC) embeddings model integrated exter-
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nal knowledge into text representations. Using PubMed and MIMIC-III clinical notes with
BioWordVec, it retrieved context sentences based on UMLS triplets, encoded them with
a bidirectional LSTM, and modeled relationships with vector addition. They achieved an
AUROC of 80%.

Graph Neural Networks (GNNs) [195], Graph Convolutional Networks (GCNs) [196], and
Graph Attention Networks (GATs) [197] are key methods for graph classification. GNNs
update node embeddings through message passing and aggregation, with attention weight
learning enhancing neighbor importance. GCNs focus on aggregating features from neigh-
boring nodes to capture local structures, while GATs use dynamic attention mechanisms to
weigh neighbor importance. GCNs handle varying node degrees well, and GATs adapt to dif-
ferent edge significances, making both effective for analyzing complex graph-structured data.
In [138], the MedText model represented clinical notes as document-level graphs, combining
text and UMLS knowledge into a four-view graph to capture different interactions. It used
GCN for encoding and an attention layer for decoding. the document is also encoded by a
bidirectional LSTM, generating a second document-level representation, and the concatena-
ted representations were classified using NN, achieving an AUROC of 83%. In [134], ME2Vec
embedded medical services, doctors, and patients, emphasizing the temporal nature of EHR
data. Biased random walks [198] highlighted rare services, and GAT predicted doctor special-
ties using a bipartite graph. An attributed multigraph was simplified using the duplication
and annotation approach to derive patient embeddings. Training LR and RNN models with
these embeddings achieved AUROC scores of 59% and 60%, respectively, outperforming other

embedding and matrix factorization methods.

These self-attention graph models struggle to effectively learn attention parameters from
scratch, often resulting in uniformly distributed attention weights among medical concepts.
To address this, [135] introduced the Graph Convolutional Transformer (GCT), which uses
an attention mask and KL divergence to focus on meaningful connections and an adja-
cency matrix based on conditional probability for visit representations. GCT outperformed
the transformer, achieving an AUROC of 75% compared to 73%. Building on this, Liu, et
al. [136] proposed the Statistics and Knowledge-based Graph Transformer (S_K__GT), which
uses a knowledge attention network for optimized learning, achieving an AUROC of 76%.
In [84], the CARE-30 model used a Graph Auto-Encoder (GAE) [199] to create a Direc-
ted Acyclic Graph (DAG) [200] for capturing causal relationships among variables. Latent
representations from the GAE were combined with multi-modal variables encoded by trans-
formers, achieving an AUROC of 79%. The model’s interpretability was enhanced through
graph weight thresholding, and robustness was improved with an Average Treatment Effect
(ATE) derived loss function [201].
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Graph-based models, while effective in representing complex relationships, struggle with cap-
turing sequential dependencies and temporal dynamics present in time series due to their
inherent lack of temporal processing capabilities. To address this, in [137], a Variationally
Regularized Graph Neural Network (VGNN) was introduced to enhance GNN attention.
The encoder processes medical embeddings to represent the graph, while the decoder pro-
vides inferences based on the graph representations. A latent layer generated latent variables,
regularized by KL divergence, approximating the distributions to Gaussian where mean and
standard deviation are computed from the graph by two separate feed-forward networks
achieving an AUPRC of 40%. In [139], Graph Attention and RNN-based Neural ODE Mo-
del (GROM) was proposed to convert variable-length medical code sequences into fixed-size
vectors. It combined a neural ODE layer for handling irregular time series data with graph
attention using CCS knowledge to learn robust diagnostic code representations, reduce noise,
and achieve an AUROC of 79%.

Researchers have used contrastive learning to improve graph-based models by better captu-
ring patterns and relationships. In [91], Hypergraph Contrastive Learning (HCL) was intro-
duced to represent complex relationships in EHR data using a Hypergraph Attention Network
(HAT) [202], transformer, and GAT. HAT aggregated medical code embeddings using com-
poser and dispatcher functions, the transformer learned code-code relationships, and GAT
modeled patient-patient relationships. HCL achieved AUROC scores of 72% on the eICU
database and 75% on the MIMIC-III database with supervised contrastive learning, outper-
forming VGNN and GCT. It also reached an AUROC of 69% with self-supervised learning on
the eICU database, highlighting the effectiveness of contrastive learning and the importance
of modeling diverse relationships in EHR data. In [92], the CodeText cross-modal Contrastive
Learning (CTCL) framework tackled data heterogeneity and quality issues using a Multi-view
Graph Convolution Network (MGCN) [203] and a cross-view contrastive learning module.
BioClinical BERT encoded clinical text, and a cross-modal encoder fused code and text re-
presentations, achieving an AUROC of 85%. In [85], semantic annotation and Knowledge
Graph (KG) embeddings were used to uniformly represent multimodal data. RDF2Vec em-
beddings [204] from the National Cancer Institute Thesaurus (NCIT) ontology [205] selected
using the BioPortal Recommender platform [206] and a RF model achieved the best re-
sults with an AUROC of 83%. The study found that multiple domain-specific ontologies did
not outperform a single general-purpose ontology. Maximum performance was not achieved
with discharge information alone, emphasizing the influence of data completeness, domain,
and ontology appropriateness. Overall, graph and knowledge-based models showed promising
performance, with AUROC values ranging from 59% to 85%, and an average AUROC of 75%.

Table 2.3 summarizes DL approaches for predicting ICU readmission, showing modest impro-
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vements over ML models. DL models fell short of expectations despite ample data availability,
highlighting the problem’s complexity. However, NLP significantly improved results by levera-
ging medical notes, and incorporating graphs and external knowledge enhanced performance.
Future model advancements could potentially develop a decision-making system that meets

expectations.

Figure 2.8 illustrates the evolution of study methods (Statistical, ML, DL, Graph) across five
2008-2013, 2014-2018, 2019-2020, 2021-2022, and 2023. Initially, from 2008-2013,
only statistical methods were used (7 studies). ML methods emerged in 2014, leading to 7

periods :

studies by 2018, due to their superior performance, causing a decline in statistical methods.
DL methods appeared in 2019 with 8 studies, gaining popularity for their promising results.
However, over time, there was a resurgence of interest in ML, models, particularly boosting
techniques, due to their interpretability compared to the black-box nature of DL methods.
Interpretability is crucial in healthcare applications for clinical acceptance. The current trend
shows an increase in graph-based methods, with 6 studies in 2021-2022 and 3 in 2023, as they

mimic the hierarchical decisions of physicians, providing a structured approach.

2.2.4 Prediction models for PICU readmission

Most predictive efforts have been limited to adult ICU settings, and those that exist for PICU
are scarce and often underperforming. Only two studies specifically developed predictive
models for PICU readmission. Laksana et al. [207] employed RNN with LSTM units to

predict patient readmission within the first three days following discharge, using data from
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Children’s Hospital Los Angeles. Despite incorporating extraneous features—synthetically
generated by sampling from theoretical and empirical distributions and applying temporal
masks to simulate missingness in clinical data—the model achieved a moderate predictive
performance, with an AUROC of 64.4%. Arshad, et al. [208] compared RF, LR, and elastic
net models, with RF slightly outperforming others (AUROC = 70 %). Both studies underline
the role of physiological and laboratory data as strong predictors. However, these findings
highlight a critical research gap, with minimal literature dedicated to predictive modeling

specifically for PICU readmissions.

2.2.5 Interpretability, model calibration and generalization

Table 2.4 shows the summary of studies utilizing interpretation, model calibration, and ge-

neralization.

Interpretability addresses a key issue in healthcare Al : the use of "black box" models, which
lack transparency in decision-making processes. Clinicians expect to see both global feature
importance and patient-specific importance. Studies using LR models clarified interpretability
through model weights [82,93,96], odds ratios [89], and nomograms [94,95]. In contrast, fuzzy

model studies lacked interpretability due to complex rules, and non-linearity.

ML models, except tree-based ones, were black boxes due to their intricate mathematical
computations. Boosting algorithms determine feature importance based on split count redu-
cing impurity (Gini impurity or entropy) [26,81,87,101,114]. Post hoc explanation methods
such as Local Interpretable Model-agnostic Explanations (LIME) [209] or SHAP were used
to demonstrate local and global interpretability [104,178]. However, post hoc methods have
several shortcomings concerning robustness and adversarial attacks limiting their usefulness

in health care settings [210].

Like ML models, DL and graph models are not easily interpretable due to their complex
architectures, numerous parameters, and non-linear feature interactions. To address this,
studies proposed using the Kolmogorov—Smirnov test [211] or dot-product attention to high-
light important features [117,125]. Ablation studies have been used to address ambiguity
by systematically altering features or data modalities and observing the impact on perfor-
mances [84,85,99,109,113,116,139,194].

Calibration ensures that predicted probabilities align with actual outcomes, enhancing ac-
curacy and reliability. Various calibration tests such as probability calibration curves, the
Brier score [212], the Hosmer-Lemeshow goodness-of-fit test [213], the Wilcoxon signed-rank
test [214], the Kruskal-Wallis test [215], post hoc sensitivity analysis [216], the Nemenyi
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TABLE 2.4 Summary of studies utilizing interpretation, model calibration, and generalization
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test [217], Error bars, ANOVA test, Tukey’s HSD test [218] and partial dependence plots were
proposed [81,85,87,89,93,101,109, 114,141, 147]. Impact analysis studies using probability-
time curves and risk thresholds, case studies and generalization to low-quality data, and the
value oscillation degree are also different methods used for calibration [92,104, 113]. Various
studies used ablation studies to isolate and quantify the impact of components and modi-
fications, improving predictive accuracy and validating enhancements through comparisons
with original models [84,91,92,138,194]. Some studies explored attention function behavior
to understand how these mechanisms operate within models using methods such as singular

value analysis and cluster compactness [122,135,137].

Model generalization is crucial in healthcare predictive models to ensure performance on
new data. External validation tests, using independent datasets, assess robustness, realistic
performance, clinician trust, and weaknesses. However, few studies report external validation
performance. Some observed performance drops [86,101], while others, like those validating
on MIMIC-IV, noted improvements due to better data quality [87]. De Hond, et al. [105]
assessed the performance of the Thoral model [104], emphasizing the need to retrain models

before applying them to new data.

Implementing prediction models in production is crucial for leveraging their full potential to
enhance healthcare outcomes. For a model to be practical, it must meet several key require-
ments. First and foremost, the model must comply with regulations regarding patient data
privacy and security, ensuring that sensitive information is protected. It must consistently
provide accurate and reliable predictions with high sensitivity and specificity to ensure pa-
tient safety and effective clinical outcomes. The model should be capable of handling large
volumes of data and scaling with the hospital’s needs, demonstrating robustness and gene-
ralization and offering timely results. Both local and global interpretability are crucial. The
model should also have a user-friendly interface, regular updates, and maintenance. Lastly,

the implementation and maintenance costs of the model should be proper.

Few studies implemented a practical model. INTCare is an Intelligent Decision Support
System (IDSS) that published two studies [98,99]. He, et al. [80] integrated their model
with a secured server and a Graphical User Interface (GUI) featuring input, feedback, and
maintenance layers. In [168], the Intelligent ICU Patient Monitoring (IICUPM) module was
proposed. Thoral, et al. [104] and De Hond, et al. [105] proposed the Pacmed Critical module.

Table 2.5 presents an evaluation of practical prediction models against key requirements. Red
flags indicate either a lack of mention or failure to meet the criteria. Models with an AU-
ROC below 90% are deemed inadequate in terms of accuracy. Additionally, models utilizing

datasets with fewer than 30,000 samples are considered unsatisfactory in terms of scalability.
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TABLE 2.5 Assessment of practical prediction models against key requirements
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2.3 Gaps in Current Literature

The literature review highlighted a significant gap between current prediction models and
practical applications. While many models are theoretically promising, they often fall short in
performance, scalability, interpretability, generalizability, and clinical integration due to seve-
ral factors. Variations in defining ICU readmission timeframes complicate comparisons. Stu-
dies have shifted from 2-day windows [89,93,100,103] to 30-day windows [78,82,83,108,115],
influenced by research goals, healthcare contexts, and efforts to increase instances in the
minority class. Some studies inaccurately treat ICU readmissions and deaths as equivalent
outcomes [85,88,89,103,104,113]. However, clinical research by Krumholz, et al. [219] suggests
these outcomes are orthogonal, questioning the validity of modeling them jointly. Additio-
nally, many models are unsuitable for real-time use because they rely on data from either
early [93,107,168] or end-of-stay [78,88,89,101,113,158] periods, or on discharge summaries
and ICD-9 codes available only at the end of stay [121,122,125,130]. This approach ignores
ongoing patient progress, resulting in a fixed readmission probability that does not reflect
treatments and health changes, thus making real-time prediction impractical. Ideally, a mo-
del should utilize all available data to understand patient changes during the ICU stay for
more accurate real-time predictions. Inclusion and exclusion criteria vary across different stu-
dies, variability can lead to overlooking important factors, potentially impacting the model’s
performance. Table 2.6 summarizes the inclusion and exclusion criteria for patient cohorts.
Additionally, some studies may use a limited number of variables based on previous knowledge

or hypotheses, potentially leaving out important predictors [86,89,95,104,107,112,151].

Many studies do not specify whether imputation methods were employed, and models fre-
quently encounter difficulties with incomplete data. Some imputation techniques have been
utilized, with the Last Observed Carried Forward (LOCF) method being the most com-



TABLE 2.6 Summary of patient cohort inclusion and exclusion criteria
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monly used across multiple studies [26, 79, 84,88,97,103,110, 113,147,151, 158]. MICE was
applied in [78,89], KNN was used in [83], while the Expectation-Maximization (EM) algo-
rithm [220] was used in [81,108]. Additionally, statistical techniques such as mean imputa-
tion, median imputation, interpolation, or utilizing normal variable values were employed
in [86,87,106,114,116], and a weight decay term was added to the RF model in [100]. Ho-
wever, the impact of these imputation methods on model performance remains insufficiently
studied.

Additionally, data imbalance is underexplored, with many studies using subsampling that
may affect generalizability [83,88, 101, 113,121, 158, 159]. Solutions include using k-means
clustering to resemble majority class [168], giving more weight to the minority class du-
ring classification [26,100,102,117], upsampling [98], or using augmentation techniques like
SMOTE [80,102,120]. In [151], a balanced training set was used, with the remaining data
reserved for the test set. Generating synthetic temporal data remains difficult, although me-
thods like a teacher-student framework using Generative Pre-trained Transformer-2 (GPT-
2) [221] as the teacher and CNN-LSTM as the student show promise [192]. A comprehensive
evaluation of the quality of these synthetic samples and their impact on model efficiency is

needed.

EHR databases offer many variables, leading to a broad range of features such as statistical,
temporal, and spectral. However, this results in a large number of potentially irrelevant
features. Some studies employed filter feature selection methods [222], such as Information
Gain (IG) and Principal Component Analysis (PCA) in [83,102], statistical tests like chi-
squared or Fisher exact test and Wilcoxon or Kruskal-Wallis test in [96, 141], NMF in [81],
mutual information in [26], Correlation Coefficient, Relief, and Correlation-based Feature
Selection (CFS) in [158], SU in [159], and LR-Test in [89,94,100]. Other studies used wrapper
methods [223], such as SF'S in [112], tree search feature selection [224] in [110,147] and BFSS
in [111]. Additionally, embedded methods [225] was utilized in some studies [87,95,121], while
others applied ablation studies to define the important features [113]. Table 2.7 summarizes
used preprocessing techniques. Only 39 employed at least one preprocessing technique, with

only 5 studies implementing all preprocessing techniques.

Another limitation is handling inaccurate medical information, which impacts model reliabi-
lity. Some studies incorrectly represented the GCS eye-opening with eight categorical values
instead of the correct four [113]. Such errors arise from varied data storage techniques and a
lack of medical expertise among researchers. Additionally, most studies do not address outliers
or different measurement units, leading to result inconsistencies. Although some proposed

pipelines handle these issues [23,226], they have not been widely adopted. Inappropriate eva-



TABLE 2.7 Overview of preprocessing techniques utilized in reviewed studies
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luation metrics like accuracy or precision can be misleading with imbalanced data, as models
may excel with the majority class but underperform with the minority [86,98,108, 158, 159].
Additionally, most studies lack external validation, limiting result generalizability. Many ML
and DL models also suffer from poor interpretability and therefore provide limited utility in
clinical contexts where transparency and explainability are critical for trust and adoption,
hindering clinical use. Furthermore few models incorporate real-time data, further restricting

their practical application.

2.4 Challenges in Pediatric Healthcare Modeling

Predicting readmission in PICU patients presents unique challenges beyond those encounte-
red in adult ICUs that makes it more complex :
— Physiological variability : Pediatric vital signs vary substantially by age, requiring
age-aware feature normalization.
— Limited sample size : PICU datasets are often smaller than adult ICU datasets,
limiting model complexity.
— Clinical heterogeneity : Pediatric patients range from neonates to adolescents, each
with distinct medical profiles.
These factors make the direct application of adult ICU prediction models to PICU cohorts

unreliable and justify the need for pediatric-specific modeling approaches.
In conclusion, despite the progress in readmission prediction, several critical gaps remain :

— Limited focus on PICU readmission : Most models are developed for adult po-
pulations, with virtually no robust predictive models tailored to pediatric ICUs.

— Data quality issues in EHRs : High missing values, inconsistent identifiers, and
manual entry errors.

— Insufficient feature engineering : Few works incorporate temporal or spectral fea-
tures from physiological signals.

— Imbalanced data : Readmission rates typically under 4%, complicating model trai-
ning and evaluation.

— Lack of interpretability : Many models function as black boxes, limiting their
clinical trustworthiness.

— Poor generalizability : Most models are not tested across datasets or care settings.
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2.5 Research Question and Objectives

Based on the gaps identified, this thesis poses the following research question :

Can we develop a high-performing and interpretable model for predicting Pediatric
Intensive Care Unit (PICU) readmission using limited and imbalanced clinical

data available throughout the patient’s entire length of stay ?
To answer this question, the research pursues the following specific objectives :

1. Develop a predictive pipeline for ICU readmission using adult ICU data-

sets.

Rationale :

(a) There is a scarcity of high-quality, publicly available PICU datasets.

(b) Existing PICU readmission models are extremely rare in the literature and are
typically based on private datasets, limiting reproducibility and comparison.

(c) In contrast, adult ICU datasets (e.g., MIMIC-III) are publicly available and well-

documented, with numerous published models that provide strong benchmarks.

(d) This objective enables the systematic evaluation of a complete pipeline—including
data preprocessing, feature extraction, model selection, and model architectures—to

identify components that enhance predictive performance in ICU settings.

2. Validate and Optimize the best-performing ICU pipeline to predict PICU

readmission.

Rationale :

(a) After developing the pipeline on adult ICU data, it will be further optimized to
match the specific characteristics and clinical context of the PICU domain.

(b) Deverging and integrating multimodal information (e.g., time-series vitals, lab re-
sults, treatments, and diagnoses), this phase aims to identify the most relevant

features and suitable model architectures for predicting pediatric readmissions.

(c) Addresses the specific challenges posed by limited sample sizes, class imbalance
PICU dataset and the physiological heterogeneity across pediatric age groups com-

pared to the more homogeneous adult ICU populations.

3. Ensure model interpretability to support clinical insight and trust.

Rationale : Beyond predictive accuracy, interpretability is critical for clinical adoption.

(a) This objective focuses on applying interpretable techniques (e.g., SHAP, ablation

analysis) to explain model predictions.
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(b) Emphasis is placed on aligning model explanations with feature engineering and
clinical reasoning, identifying most important extracted features and the actionable
risk factors to understand shared and unique readmission patterns across Adults

and pediatrics, and supporting discharge decisions to reduce readmission risk.

Each objective serves a specific role in achieving the overall research goal :

— Benchmarking on MIMIC-III Database allows us to develop model architec-
tures, feature extraction, feature selection, and evaluation methods using a rich, well-
established adult ICU dataset.

— Developing to Center Hospital University (CHU) Sainte-Justine PICU da-
tabase (Cathy DB) ensures the models are clinically meaningful in a pediatric
setting and account for age-related variability in physiology.

— Interpretability and Identifying risk factors provides clinical insights and en-

hances trust by explaining model predictions, thereby facilitating real-world adoption.

This approach integrates traditional clinical risk analysis with advanced machine learning to

address a pressing and underexplored problem in pediatric critical care.

2.6 Research Contributions

This thesis makes several key contributions to the field of clinical decision support systems
and predictive healthcare analytics :

— Development of the first highly performing and interpretable PICU readmission pre-
diction model using signal processing-derived features.

— Feature Innovation : Introduction of novel clinical meaningful features and extracting
spectral features using signal processing techniques which enhance model discrimina-
tion between readmitted and non-readmitted patients.

— Age-aware Prediction : Implementation of models that account for the variability in
normal vital sign ranges based on pediatric age groups.

— Data Quality Handling : Systematic handling of common EHR issues, including im-
putation strategies for missing values and techniques to address data imbalance.

— Interpretable Modeling : Development of interpretable models using algorithms like
Light GBM combined with SHAP and LR combined with ablation analysis, enabling
clinicians to understand the influence of individual features on prediction outcomes.

— Clinical Utility : The resulting predictive system is designed not only for accuracy but
also for practical deployment in clinical settings, aiding physicians in making discharge

decisions and reducing preventable PICU readmissions.
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CHAPTER 3 METHODOLOGY

3.1 General Framework

The general framework of predicting readmission during the first 3 days, follows a structured
and reproducible pipeline designed to support robust predictive modeling. The process begins
with the extraction of relevant clinical and physiological data from the designated database as
shown in Figure 3.1. A set of stringent inclusion and exclusion criteria is then applied to define
the target patient cohort. Specifically, we exclude patients who died during their ICU/PICU
stay or within three days of discharge, those discharged directly to home, encounters with a
Length Of Stay (LOS) shorter than six hours, cases entirely missing vital sign recordings or
lacking admission/discharge timestamps, and patients outside the defined age brackets (>

18 years for ICU readmission prediction and <18 years for PICU readmission).

In the literature, different time windows have been used to define PICU readmission, with
3-day and 30-day windows being the most common (Table 2.1, Table 2.2 and Table 2.3).
A 30-day window is often selected in research contexts because it increases the number of
readmission events, resulting in a less unbalanced dataset. However, this longer window does
not align well with clinical priorities, as hospital quality-of-care evaluations focus primarily
on early readmissions, which are more likely to be related to premature discharge, subopti-
mal stabilization, or complications that emerge shortly after leaving the ICU. In contrast,
readmissions occurring several weeks later may reflect new or unrelated clinical events. The-
refore, in this study, we selected a 3-day readmission window to reflect clinically meaningful
readmission events, align with hospital priorities, and allow for comparison with prior studies
that adopted the same early-readmission definition. This time window thus balances clinical

relevance and methodological consistency.

Following cohort selection, the data undergo thorough preprocessing. This includes the detec-
tion and removal of outliers, correction of measurement inconsistencies, and standardization
of units. Time-series variables are harmonized by aggregating values on an hourly basis using
the median. Missing data are systematically addressed to ensure completeness in addition to
the feature engineering phase, which encompasses both feature extraction (including time-
and frequency-domain characteristics) and feature selection. Subsequently, a range of ML
and DL models are developed to binary classify patients based on their risk of unplanned
readmission. The final stage involves rigorous model evaluation, hyperparameter tuning, and

performance assessment to ensure optimal accuracy, generalizability, and clinical relevance.
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3.2 Databases

In this study, we utilized two critical care databases to develop and evaluate readmission
prediction models. For adult ICU patients, we used the MIMIC-III database, which contains
detailed clinical data from ICU stays at Beth Israel Deaconess Medical Center (BIDMC).
For pediatric patients, we used the CathyDB database to predict PICU readmission. These
datasets allowed us to build and compare models tailored to both adult and pediatric intensive

care populations.

3.2.1 MIMIC-III database

We utilized the publicly available MIMIC-III database, a comprehensive and richly detailed
resource that contains health data associated with nearly 60,000 ICU admissions for over
40,000 distinct patients, collected at the BIDMC in Boston, Massachusetts, between 2001
and 2012 [76].

MIMIC is the result of a longstanding collaboration beginning in the early 2000s between
BIDMC (a teaching hospital affiliated with Harvard Medical School), the MIT Laboratory
for Computational Physiology, and Philips Healthcare, with support from the National Ins-
titute of Biomedical Imaging and Bioinformatics (NIBIB). It was developed with the goal of

democratizing access to high-quality ICU data for research and education purposes.

Unlike proprietary datasets such as the eICU database, MIMIC is freely accessible to cre-
dentialed users who complete the necessary data use agreement and training. The database

includes a vast array of clinical data such as demographics, vital signs (e.g., HR, blood pres-
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sure, RR), medications and infusions, laboratory test results, diagnosis and procedure codes
(ICD-9), nursing notes and discharge summaries, ventilator settings, fluid balance, length of

ICU and hospital stay and survival and readmission outcomes.

The comprehensiveness and open nature of MIMIC have led to its widespread adoption in
clinical research. To date, hundreds of peer-reviewed publications have leveraged the database
for tasks including mortality prediction, disease progression modeling, patient phenotyping,
and ICU readmission prediction. Thousands of researchers, educators, and students across
more than 30 countries use MIMIC annually, making it a cornerstone for reproducible machine
learning and data science research in healthcare. Additionally, waveform data associated
with MIMIC is available for a subset of patients, enabling advanced signal processing and

physiological modeling.

In our study, we adopted and modified the data extraction pipeline proposed by Wang et
al. [23], which processes MIMIC-IIT’s raw CSV files into structured time-series data. A key
adaptation in our version was the use of the median rather than the mean when aggregating
vital signs within fixed time windows, providing robustness against extreme values and mis-
singness. After applying our inclusion and exclusion criteria, the final cohort included 31,151
patients, of whom 1,033 (3.3%) were readmitted to the ICU within three days of discharge,

consistent with prior studies on early ICU readmission using MIMIC data.

3.2.2 CathyDB database

CathyDB is a prospective high-quality and high-frequency database created in the PICU of
Sainte Justine Hospital which represents a significant advancement in pediatric intensive care
research. CathyDB contains many variables like the MIMIC-III database which makes it a va-
luable database. Designed to capture a comprehensive array of clinical data in real-time, this
database collects physiological signals, respiratory and ventilator variables, pharmacotherapy
details, and patient demographics at high frequencies (every 5 seconds from monitors and
every 30 seconds from mechanical ventilators and infusion pumps). Diagnosis are represented
using ICD-10CA codes. The study and database construction were approved by the insti-
tutional review board of Sainte Justine Hospital [227] with an opt-out option : no required
consent from the parents and patients, but they are informed and can decide to be removed
from the data collection to ensure that research involving human participants is conducted

ethically and in accordance with established scientific and ethical principles.

The database’s unique feature lies in its ability to integrate and synchronize diverse data
streams, offering a detailed reconstruction of each patient’s critical care journey. This robust

dataset supports the development and validation of clinical decision support systems, com-
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putational models of cardiorespiratory physiology, and other research initiatives aimed at
enhancing patient care. While the database is currently limited to a single center, its innova-
tive approach and rich data have the potential to transform pediatric intensive care research

and pave the way for future multi-center collaborations.

The database contains information about 13,282 PICU admissions. After applying our inclu-
sion and exclusion criteria, the final cohort included 11,288 patients, of whom 323 (2.86%)
were readmitted to the PICU within three days of discharge.

3.3 Preprocessing

Data preprocessing is a critical step in building reliable ML models, especially in healthcare
applications. It ensures data quality and consistency through cleaning, correcting errors, and
standardizing formats. Handling missing data prevents bias and preserves valuable informa-
tion. Feature extraction and selection help capture the most relevant patterns while reducing
noise and complexity. Addressing class imbalance improves model fairness and performance,
particularly when predicting rare outcomes like PICU readmission. Together, these steps

enhance model accuracy, interpretability, and clinical usefulness.

3.3.1 Data cleaning

During data cleaning, we removed outlier values from the MIMIC-III dataset using a method
proposed by Wang et al. [23], while outliers in the CathyDB dataset were retained due to
their rarity. In addition to their minimal impact on the aggregated values, we used hourly
median calculations to reduce their influence. To further mitigate potential bias, we applied a
dedicated signal filtering method to enhance signal quality without distorting the underlying
clinical patterns. We also corrected incorrectly registered values where some measurements
were stored as strings instead of numerical values. Additionally, we standardized measurement
units across all patients—for example, converting all temperature readings to Celsius—to

ensure consistency in the data.

3.3.2 A category-aware imputation method

Imputing missing data is essential to ensure the completeness and reliability of the dataset.
Instead of discarding incomplete records, which can lead to data loss or bias, we fill in
missing values using appropriate techniques. This helps maintain the temporal continuity
of physiological signals and ensures that ML and DL models can learn effectively from the

available data.
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To ensure clinically meaningful imputation for pediatric variables, we used age-based normal
values whenever available. For physiological variables with established pediatric reference
ranges, we imputed missing values using the mean of the normal values corresponding to the
patient’s age category (e.g., infants, toddlers, school-aged children). This approach accounts
for developmental differences in normal physiology. For variables lacking official reference
sheets or published normal ranges, we calculated the median value within each age category
across the dataset and used it as a surrogate for the normal value. This allowed us to preserve

age-specific variation and maintain clinical relevance in the imputed data.

Imputing missing data in a clinical setting requires careful consideration of the data type and
its clinical context. We used a category-aware approach as a single imputation strategy is not
suitable for all variables. Missed vital signs are often intentional, indicating that no clinically
remarkable change was observed by the care team. Therefore, continuous measurements such
as vital signs and fluid balance, which are expected to evolve smoothly over time, were
imputed using the LOCF approach to maintain temporal continuity and avoid introducing
artificial fluctuations. If the values of the variable are fully missing, we imputed the normal
values of this variable. Medications and treatments, on the other hand, are administered
at specific times and not continuously ; therefore, we used zero imputation to indicate that
the procedure was not performed at that time. For clinical symptoms data such as signs of
respiratory distress—typically recorded irregularly and showing gradual improvement—we
applied interpolation to reflect symptom evolution over time. Weight values, which are crucial
for pediatric care but not frequently measured, were imputed using a KNN model based on

related features such as age, tidal volume and urine output.

Ventilation data introduced additional complexity due to various types of missingness. Fi-
gure 3.2 illustrates the different patterns observed. The first type is fully missing data, where
an entire category of data is completely absent, ventilation type is entirely missing in Case 1,
and ventilation settings are completely absent in Case 2. The second type is partially missing
data, where some data exists but not for the entire time period. In Cases 3, 4 and 5, both
ventilation type and settings are recorded but not cover the full duration. Additionally, in
some cases, only a subset of settings is entirely missing represented by horizontal red lines in
the figure. The third pattern is intermittent (time-specific) missing data, indicated by vertical
red lines across cases. These indicate that data are missing at particular time points, likely

due to occasional documentation errors or brief system failures during data collection.

To address these patterns, a tailored imputation strategy was applied. For fully missing
ventilation types, the value was labeled as "other", and settings fully missed were imputed

using median values based on age-specific norms. The same approach was used for partially
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missing settings, where some data was available but not complete. For time-specific gaps, the
LOCF method was used to maintain temporal continuity as ventilation settings do not change
frequently. This approach preserved clinical relevance while ensuring data completeness for

model development.

For variables that are not measured frequently, such as laboratory results, we chose not to
impute missing values to avoid introducing misleading information, as these tests are ordered
based on clinical judgment rather than at fixed intervals. In terms of demographic data, the
MIMIC-IIT dataset had some missing values, which we imputed using the median value
for each variable to preserve overall distribution without biasing the data. For contrast, the
CathyDB dataset had no missing demographic information. For diagnosis, when no diagnostic
information was available for a patient, we labeled it as "unknown diagnosis" to explicitly
reflect the absence of clinical documentation rather than assume a specific condition. This
approach ensured that imputation was applied thoughtfully, maintaining the clinical validity

and interpretability of each data type.

The category-aware imputation strategy is one of the key contributions of our work, in
which missing values are imputed according to the clinical and statistical nature of each
variable category, rather than applying a single generic imputation method. This approach
ensures that the imputed values remain realistic, clinically interpretable, and aligned with the
expected behavior of each variable, thereby reducing the risk of introducing bias or artificial
patterns. As a result, the final dataset better reflects actual patient physiology and clinical

context, leading to more reliable model training and improved predictive performance.
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3.3.3 Categorical states

Training models directly on age-based physiological variables may hurt performance, since
raw values are weighted equally regardless of age. In addition, feature extraction from these
variables may also fail to capture true abnormalities. We addressed the challenge of pedia-
tric physiological variability and clinical heterogeneity by transforming age-based time series
variables into categorical states—normal, low, or high—according to the age-specific normal
range of each variable. These normal ranges were derived from the underlying data popu-
lation, defined as the 5th and 90th percentiles (Q5-Q90), to ensure that the categorization
reflected the real distribution of measurements across patients. In addition, we computed the

absolute difference from the age-specific normal range to capture the magnitude of deviation.

This transformation is clinically important because a single numerical value (e.g., HR of 120
bpm) may indicate normality in one age group but pathology in another.For example, a given
HR may be normal for an infant but abnormal for an adolescent. The example in Table 3.1
corresponds to HR measurements for a toddler aged 436 days (approximately 14 months). At
this developmental stage, normal HR ranges are lower than those for infants but still higher
than for older children and adults. The table illustrates how each measurement is represented
by its raw numerical value (HR), categorical indicators showing whether the value is high,
low, or within the age-specific normal range, and the absolute deviation (HR_ diff) from
that range. For this patient, most readings are flagged as high relative to the age-adjusted
threshold, with deviations decreasing over time, eventually reaching a normal value at time
step 5. This encoding allows the model to interpret the clinical significance of HR changes in

the context of the patient’s age.

By combining raw measurements with categorical normality states and age-specific deviation
magnitudes, our approach will enable the model to capture the clinical meaning of numerical

values rather than treating them as context-free numbers.

Transformation of age-dependent time series variables into categorical physiological states is
another key contribution of our work. This transformation will allow the model to account
for the natural developmental differences across pediatric age groups and will help it learn
subtle physiological patterns across pediatric patients, where the same value can imply very
different clinical conditions depending on age. Furthermore, by deriving normal ranges from
population-based distributions rather than arbitrary cut-offs, we ensure that the model is
grounded in the characteristics of the actual cohort, improving both robustness and clinical

relevance in predicting PICU readmission risk.
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TABLE 3.1 HR categorical indicators and deviation from age-based normal range

Time | HR | HR_ High | HR_ Low | HR_ Normal | HR__ diff
1 190.0 1 0 0 50.0
2 163.0 1 0 0 23.0
3 153.0 1 0 0 13.0
4 142.0 1 0 0 2.0
5 140.0 0 0 1 0.0

3.3.4 Feature engineering

Extracting meaningful features from raw data is crucial for capturing underlying patterns and
variations that may not be immediately visible. Well-designed features enhance the model’s
ability to recognize clinical trends, detect abnormalities, and support accurate predictions. In
this section, we describe the different feature extraction techniques used, including statistical

features, signal processing-based features, and other domain-informed methods.

Capturing the essence of raw physiological signals begins with simple powerful statistical
features that condense time series into informative descriptors. Basic statistics, including the
mean and median for central tendency, the standard deviation for overall variability, and
the minimum and maximum for observed range, quickly summarize how low or high values
fluctuate. Recording the first and last measurements preserves temporal context by anchoring
the signal’s starting and ending states. Beyond these fundamentals, advanced statistics reveal
subtler structure : skewness quantifies asymmetry, while kurtosis highlights heavy-tailed or
outlier-prone distributions. Model-fit metrics deepen our understanding ; the R-squared value
expresses how closely data align to a fitted linear regression y = ax + b, and the fitted slope a
and intercept b capture underlying trends. Finally, the mean absolute differential, the average
absolute distance between each data point and the series mean, offers a robust gauge of
dispersion less sensitive to outliers than variance. Together, these features translate complex,

noisy readings into concise, interpretable signals for downstream analysis and prediction.

Extracting time-frequency features using signal processing techniques

Vital signs are time-dependent signals that reflect dynamic changes in a patient’s condition.
These signals often contain important patterns, trends, and fluctuations that occur over
different time scales and frequencies. Simple summary statistics may miss these subtle varia-
tions, which can be critical for early detection of clinical deterioration. Therefore, advanced
signal processing techniques are essential to extract both temporal features (e.g., trends, va-

riability) and spectral features (e.g., periodicity, frequency content), providing a deeper and
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more informative representation of the data for predictive modeling.

To enhance the quality of the vital sign signals and enable more robust feature extraction,
we implemented a noise reduction process. Vital sign signals acquired from bedside monitors
are often contaminated by various sources of noise and artifacts, including patient movement,
poor sensor contact, electrical interference, and physiological phenomena such as stress or
infant crying. These noise sources can obscure clinically relevant information, introduce spu-

rious features, and degrade the accuracy of downstream analyses.

Vital sign signals within the normal physiological range can still appear irregular due to noise.
In many cases, these noise sources do not change the true state of the signal (e.g., it remains
clinically “normal”), but they introduce rapid, small fluctuations that appear as ripples or
jitter in the waveform. These fluctuations create the illusion of high-frequency changes as
a white gaussian noise, even though no real physiological change has occurred. Therefore,
removing such artifacts is essential, as they can distort downstream analyses and spectral
extracted features, trigger false alarms, or mislead automated models into interpreting noise

as meaningful variation.

To address these challenges and extract the true underlying physiological patterns, we em-
ployed a hybrid two-stage approach for noise reduction : first, we extracted the trend of
the signal using the Kalman filter to smooth out measurement noise and short-term fluctua-
tions ; then, we denoised the residual signal using a Discrete Wavelet Transform (DWT)-based
shrinkage procedure, attenuating high-frequency noise while preserving edges and other sa-
lient features and details. This approach ensures that the resulting signals are cleaner and
more representative of the patient’s actual physiological state, enabling more accurate and

interpretable feature extraction.

The vital signs in our dataset are recorded hourly for each patient throughout their ICU /PICU
stay, which may range from as little as 6 hours to several months. This creates substantial va-
riability in signal length, and patients with short stays yield only a small number of samples.
Wavelet denoising is generally effective when the signal can be decomposed into multiple
dyadic frequency bands, allowing true physiological trends to appear in coarser scales while
high-frequency noise concentrates in finer scales. However, when the signal is very short,
only a single-level wavelet decomposition is possible, which is insufficient to reliably separate

significant information from noise, as both may occupy the same band.

To address this limitation, we adopt a two-stage filtering strategy. First, we apply a Kalman
filter to extract the smooth physiological trend, leveraging the fact that vital signs follow
predictable dynamic behavior : they evolve gradually, exhibit bounded variability, possess

steady-state ranges under stable conditions, and their current value depends on previous
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physiological states and clinical interventions. This makes them well modeled by a low-
dimensional linear state-space formulation with approximately Gaussian noise, which is pre-
cisely the modeling assumption underlying Kalman filtering. After obtaining the trend com-
ponent, we apply a single-level wavelet denoising step to remove residual high-frequency noise
while preserving clinically meaningful edges and deviations. This two-stage Kalman—Wavelet
filtering therefore ensures robust smoothing even for short-duration stays, while still retaining

physiologically relevant variations necessary for accurate predictive modeling.

A Kalman filter is a recursive optimal estimator that models a system’s true state through
time in the presence of noise, producing a minimum-variance estimate of the underlying
signal. Using a state-space representation, the filter alternates between predicting the next
signal value based on a simple process model and updating this prediction with the latest
noisy measurement, with the weighting determined by the Kalman gain. This balance—set
by the relative uncertainties of the model and the sensor—allows the filter to dynamically

adapt as the properties of the process or noise change [228].

By incorporating prior knowledge of physiological signal dynamics (such as typical HR or
respiratory patterns) and expected noise characteristics, the Kalman filter can smooth vital
sign measurements and suppress artifacts in real time. Its adaptive nature enables robust
tracking of non-stationary signals, providing denoised estimates even as baselines drift or
noise levels fluctuate [229]. For a one-dimensional time series, the standard Kalman filter

equations are [228] :

Prediction Step :

Pappr = Fiy (3.1)
Ppr=FP F'+Q (3.2)

Update Step :
Ky =Py H' (HPy 1 H' + R)™ (3.3)
ik = Ky 2+ (1= Ki H) Zgp (3.4)
Py = (1= Kp H) Py (3.5)

Here, Zj,—1 denotes the predicted state (the estimated vital sign value before seeing the
current measurement ), while Py, quantifies the predicted uncertainty or variance associated
with this estimate—essentially reflecting our confidence in the prediction. The Kalman gain

K. determines how much weight is given to the new, possibly noisy, sensor measurement z
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relative to the model’s prediction ; a small K} indicates greater trust in the model’s prediction,
while a large K} suggests more reliance on the observed data. The process noise covariance
() captures our expectation of how much the true vital sign may naturally fluctuate from one
time point to the next due to physiological changes, encoding our belief about the underlying
signal’s variability. In contrast, the measurement noise covariance R models the expected error
or unreliability in the sensor readings, reflecting the device’s accuracy and susceptibility to
artifacts. The state transition matrix F' and the observation matrix H define the relationship
between consecutive states and between the state and observations, respectively. Since we
filter each vital sign individually and assume that, in the absence of noise or disturbance, the
best prediction for the next value is the current value itself, both F' and H are set to one
(i.e., scalars). This choice means the state evolves according to a simple random walk, and
the observation is a direct measurement of the state. Finally, the identity matrix I appears in
the update equation for covariance. By design, the output Z from the Kalman filter should
closely track the true, denoised value of the vital sign, and the covariance P, provides a

quantitative measure of the remaining uncertainty in this estimate.

After applying a Kalman filter to a discrete-time observation signal z[n], the objective is to
estimate the underlying smooth process dynamics, denoted by Z[n]. Once this trend estimate

is computed, the residual signal is obtained as :

rin] = z[n| — Z[n]. (3.6)

Kalman filtering is designed for trend estimation, so it tends to suppress high-frequency
features, even important ones, like : short spikes, transient dips, abrupt real physiological
changes. Wavelet-domain denoising procedure is ideal for analyzing the residual because it
helps separate short bursts of signal from random noise and it can capture signal components
missed by Kalman filter and suppress noise while preserving true transient events. In addition,

many noise components can be removed with minimal loss.

The denoising process begins by projecting r[n] onto an orthonormal wavelet basis using
the DWT. The DWT is a multi-resolution analysis technique that iteratively decomposes
the signal into multiple levels of approximation and detail coefficients by applying a series
of filtering and downsampling operations. At each level, the signal is passed through a low-
pass filter to extract the approximation coefficients, which capture the low-frequency (trend)
components, and through a high-pass filter to extract the detail coefficients, representing the

high-frequency (transient) features. Concretely, at each decomposition level [, the signal is
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convolved with a pair of quadrature mirror filters :

AOE] =3 hin — 2k A ), (3.7)

DWIK] =3 gln — 2k] AU"Vn). (3.8)

where :

— h[n] is the low-pass (scaling) filter,

— g[n] is the high-pass (wavelet) filter,

— AO[n] = r[n).
The low-pass output A® retains the coarse-scale approximation, while the high-pass output
DU captures the fine-scale details. Each filtering operation is followed by decimation by 2 to

achieve dyadic scale separation [230].

In this context, we selected the Daubechies-4 wavelet (denoted as “db4”) with one decompo-
sition level (L = 1). The db4 wavelet belongs to the Daubechies family of orthogonal wavelets
characterized by maximal number of vanishing moments for a given filter length [231]. Specifi-
cally, db4 has four vanishing moments, allowing it to effectively represent smooth polynomial
trends up to degree 3 and to capture localized discontinuities. This property makes db4
particularly well-suited for processing physiological signals such as HR or respiration, which
exhibit smooth baseline trends punctuated by transient events. Using level 1 decomposition
means that only the highest-frequency band is extracted, which is sufficient for isolating

measurement noise from the residual.

The residual signal after trend extraction contains both the true abrupt physiological changes
and the additive white Gaussian noise € ~ AN(0, 0?). By applying a one-level wavelet decom-
position to this residual, the detail coefficients D" [k] capture the high-frequency components
at each transition index k. The amplitude of these coefficients indicates the strength of local
rapid variations : true physiological transitions appear as large, isolated peaks in |[DM[k]|,
while white Gaussian noise manifests as small-magnitude coefficients spread uniformly across

the signal, as illustrated in Figure 3.3.

To distinguish meaningful transitions from noisy fluctuations, we apply soft thresholding
using the universal threshold, which provides a statistically grounded estimate of the maxi-
mum amplitude expected from Gaussian noise, particularly as the number of samples in-

creases (i.e., for longer patient stays).
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FIGURE 3.3 Wavelet detail coefficients D [k] illustrating the presence of abrupt changes vs.
noise.

The universal threshold is computed based on minimax risk principles (VisuShrink) [232] :

T =oV2In N, (3.9)

with N the length of the original signal and ¢ the standard deviation of the additive white
noise. This threshold suppresses small coefficients, assumed to be noise, while retaining larger

coefficients representing meaningful signal structures.

Under the assumption that noise predominantly manifests in the high-frequency bands, the
standard deviation of the additive noise can be robustly estimated from the detail coefficients
at the first scale via the Median Absolute Deviation (MAD) estimator as it will not be affected
by outliers. To relate the standard deviation o to the Median Absolute Deviation (MAD),
let € ~ N(0,0?) and denote m = MAD(|¢|) = median(|¢|). By definition,

Pr(le] <m)=0.5.
Introducing the standardized variable Z = /o, we have Z ~ N(0, 1) and therefore

Pr(le| <m) =Pr(|Z] <m/o) = 0.5.
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Since the standard normal distribution is symmetric,
Pr(—m/o < Z <m/o) = ®(m/o) — ®(—m/o) = 0.5,

where ®(-) is the cumulative distribution function (CDF) of the standard normal. Using the
identity ®(—a) =1 — ®(a), we obtain

20(m/o)—1=05 = &(m/o)=0.75.
Taking the inverse CDF of both sides yields

™ $-1(0.75) = 0.6745,

g

and therefore the standard deviation can be expressed in terms of the MAD as

_m _ MAD([¢|)
C0.6745  0.6745

o

This relationship ensures that the MAD is a robust and unbiased estimator of o under

Gaussian assumptions [233].

Therefore the standard deviation of the D![k] is given as :

~ MAD(|DD[K]|)

3.10
g 0.6745 (3.10)
where the MAD of the first-level detail coefficients is defined as

MAD(DM[k]) = median ( [D®[k] — median(DM[k])] ). (3.11)

Since we assume that the noise component is approximately zero-mean Gaussian and the
detail coefficients DM[k] are dominated by these noise coefficients (which form the majo-
rity), the median of DW[E] is effectively zero. In addition, the median operator is robust to
outliers, so the few large coefficients corresponding to real abrupt physiological changes do

not influence it significantly. Therefore,

median(DM[k]) ~ 0, (3.12)
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and the MAD simplifies to

MAD(DW[k]) ~ median (| DM[k]|). (3.13)
Therefore,
median (| DM [k
o= <| | ]|> . (3.14)
0.6745

Then, soft thresholding is applied to the detail coefficients as follows :

B sign(DOH) (| DK — T), if | DOR]| > T, .
0, otherwise.

This operation suppresses insignificant components while preserving the continuity of si-
gnificant coefficients and avoids the abrupt truncation of coefficients that occurs in hard

thresholding due to discontinuity, thereby reducing Gibbs artifacts upon reconstruction.

The denoised residual is then reconstructed via the Inverse Discrete Wavelet Transform
(IDWT) :
7ﬁdenoised[n] =IDWT (A(1)7 D(1)> . (316)

Finally, to recover a refined estimate of the original process signal with both smooth trend
and localized variations, the denoised residual is superimposed on the Kalman filter trend

estimate :
«%ﬁnal [n] - j:[n] + fdenoised [n] (317)

This two-stage Kalman—wavelet denoising framework is one of the key contributions of our
work. It leverages the complementary strengths of both estimators : the Kalman filter opti-
mally tracks the global temporal dynamics in the presence of stochastic measurement noise,
while wavelet-domain thresholding efficiently attenuates residual, while preserving edges and
other salient features and details. The resulting signal reconstruction exhibits improved
smoothness and fidelity, making this approach well-suited for denoising biomedical signals

and other time series with complex noise characteristics.

After preprocessing the physiological time series signals using Kalman filtering and wavelet
denoising, multiple spectral features are extracted to comprehensively describe the frequency-
domain characteristics, temporal complexity, and scale-dependent energy distribution of each
signal. These features are important because they can capture aspects of signal behavior that

are not apparent in the time domain alone, such as dominant periodicities, frequency spread,
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and entropy, which are known to reflect physiological variability and regulatory mechanisms

[234,235].

To capture the frequency-domain characteristics of physiological signals, spectral features
were extracted from the Discrete Fourier Transform (DFT) of the denoised signal, implemen-
ted efficiently via the Fast Fourier Transform (FFT). FFT decomposes the time series into its
sinusoidal components, allowing for the analysis of periodicity and energy distribution across

frequency bands. The FFT of a length-N discrete signal x[n] is given by :

2mkn

X[k = 3 el e, (3.18)

where k = 0,1,..., N—1 denotes the frequency bins. From the Power Spectral Density (PSD)

of this spectrum, several quantitative descriptors are derived. The PSD is computed as :

2
9

Plk] = ]QV\X[k]

(3.19)

where the factor of 2 accounts for the symmetric nature of the real-valued time series (retai-
ning only the positive frequencies). PSD shows how the signal average power is distributed
over frequency components From the PSD, a set of informative features was derived, in-
cluding the dominant frequency, average PSD, total spectral power, mean frequency, and
spectral entropy. These features provide valuable insights into the rhythmic and oscillatory
behavior of vital signs, such as HR variability or respiratory cycles. For example, dominant
frequency can reflect underlying physiological rhythms, while spectral entropy quantifies the
irregularity and complexity of the signal in the frequency domain. Normalizing total po-
wer by LOS enables comparisons across patients with different monitoring durations. By
incorporating these spectral descriptors, models gain the ability to detect alterations in si-
gnal periodicity and complexity that may signal physiological deterioration, thus enhancing

predictive performance in clinical outcome modeling.

— Dominant Frequency :
Jaom = [ (arg max P [k]) : (3.20)

which identifies the most prominent oscillation in the signal. For example, in HR or
respiration, it can correspond to the intrinsic cycle frequency or external pacing.

— Mean Frequency :
>, fK] PlK]

I==Pm (321)
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where f[k] denotes the frequency corresponding to bin k, given by

kF,

£l ==

(3.22)

where F, = 1 as the data are hourly sampled. This feature represents the spectral
centroid, indicating whether the signal’s energy is concentrated at lower or higher
frequencies.

— Total Power :

P =Y _ Plk], (3.23)
k
representing the overall energy in the frequency domain, which can relate to signal
variability.
— Awverage PSD
1
PSD,ye = —= > Plk]. 3.24

the mean power per frequency bin, useful for normalization and comparison across
signals of different lengths.
— Spectral Entropy :

H ==Y plllogy(slH]), o] = — 0

k 5Pl o)

which quantifies the complexity or unpredictability of the frequency content. A flat
spectrum (white noise) has high entropy, while a narrow band oscillation has low
entropy. Spectral entropy has been shown to reflect autonomic regulation and disease
severity [236].

These features collectively provide a succinct summary of signal periodicity, variability, and

complexity in the frequency domain.

While the FFT effectively captures the frequency content of a signal, it lacks temporal re-
solution—it provides a global summary of which frequencies are present but not when they
occur. This limitation is critical when analyzing physiological signals, which are inherently
non-stationary and often contain transient events or shifts in frequency over time. For ins-
tance, a sudden change in RR, or an acute desaturation event may only occur over a short
window, and such events are blurred or lost in the global frequency representation provided
by FFT. Therefore, capturing the joint time-frequency behavior of the signal is essential for

detecting clinically meaningful dynamics.

To address this, DWT Features were extracted. DWT plays a crucial role in analyzing phy-
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siological time series, particularly vital signs, by enabling the decomposition of signals into
both time and frequency domains. This dual representation is essential for capturing the
inherently non-stationary and transient nature of clinical signals, enabling models to iden-
tify when specific frequency components appear, evolve, or vanish. Extracting features from
wavelet channels—such as the approximation (low-frequency) and detail (high-frequency)
coefficients—allows for a comprehensive characterization of both long-term trends and short-
term variability. Features like energy, entropy, maximum amplitude, and transient counts
provide insights into the signal’s stability, complexity, and sudden fluctuations, which are
often indicative of physiological deterioration or instability. By leveraging these multiscale,
interpretable features, predictive models can detect subtle and clinically meaningful patterns
that traditional statistical measures may overlook, ultimately enhancing the ability to fo-
recast adverse events such as ICU or PICU readmission. We applied a one-level DWT to
separate the signal into its low-frequency (approximation) and high-frequency (detail) com-
ponents. This initial decomposition provides a big picture and a coarse view of the signal’s

spectral. From each set of coefficients c[n], the following features are computed :

— Mean and Standard Deviation : summarizing the dispersion of wavelet coefficients.
— Energy :
2
5 (cln))
N Y

quantifying the contribution of each subband to the overall signal power.

E= (3.26)

— Mazimum Absolute Coefficient and its Time Indez (k) : this feature captures the most
dominant variation within the signal. For the detail coefficients, the magnitude of the
maximum absolute value indicates the strength of the most prominent abrupt change,
while its index k specifies the time at which this change occurs. For the approximation
coefficients, the peak magnitude reflects the extent of the underlying trend shift (i.e.,
a sustained elevation or depression of the baseline), and the corresponding index k
identifies when this trend is most pronounced.

— Shannon entropy of the coefficient magnitudes :

H.=— Z pi log, (pz), (3.27)
where el
Di = m (3.28)

assessing the complexity of the coefficient distribution.

— Transient Count from detail coefficients : the proportion of coefficients exceeding twice
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their standard deviation, reflecting abrupt events, such as physiologic bursts.

These features are computed separately for the approximation (low-frequency trend) and
detail (high-frequency) components, enabling discrimination between baseline oscillations

and transients.

To obtain a more refined representation of the signal’s spectral content, we performed a
two-level Wavelet Packet Transform (WPT), allowing us to analyze finer-scale frequency
bands. This step effectively zooms in on different oscillatory modes and captures subtle va-
riations that are not perceptible in a single-level DWT. Unlike the standard DWT, which
decomposes only the approximation (low-frequency) coefficients at each level, WPT recur-
sively decomposes both approximation and detail coefficients. Formally, WPT constructs a

complete binary tree of subbands :
W, = WPT Node(j, k), (3.29)

where each node corresponds to a specific frequency band and its temporal localization,

resulting in a richer and more balanced tiling of the time-frequency plane [237].

For each node in the wavelet packet tree, a set of statistical descriptors—including mean,
standard deviation, energy, maximum absolute coefficient, and entropy—is computed. These
features quantify both the intensity and variability of the signal across a finely partitioned
range of frequency bands. By extracting such descriptors from each node, the model gains
access to a rich multiresolution profile of the signal, capturing localized dynamics that may
reflect physiologically important events—such as autonomic instability, respiratory dysregu-
lation, or hemodynamic shifts. This more granular decomposition enables the detection of
subtle spectral changes and transient anomalies that may be distributed across different fre-
quency components, providing valuable insights into the temporal evolution of vital signs.
Such detailed characterization is particularly beneficial in critical care, where early signs of

deterioration are often embedded in complex and non-stationary physiological patterns.

When combined with standard DW'T features—which are highly effective at capturing hie-
rarchical trends and sudden transients—WPT features provide a complementary view by
offering finer frequency resolution and better sensitivity to localized changes in physiological
rhythms. Therefore, extracting features from both wavelet and wavelet packet transforms
is essential for building robust models that can recognize diverse and nuanced patterns in
critical care settings, ultimately improving the accuracy of predicting clinical deterioration

or PICU readmission.

Finally, the temporal complexity of the signal is quantified by Sample Entropy (SampEn),
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defined as :

SampEn(m,r) = —log (g) : (3.30)

where A is the number of matching vector pairs of length m + 1 within a tolerance r, and
B is the number for length m. Lower SampEn indicates more predictable, regular dynamics ;
higher SampEn indicates higher irregularity. This measure is especially informative in HR
variability studies [238].

Each feature captures a complementary aspect of the signal :

— Dominant and peak frequencies reveal core rhythmicity.

— Mean frequency and total power summarize energy distribution.

— Spectral entropy and wavelet entropy reflect complexity and disorder.
— Wavelet energies capture localized changes.

— Sample entropy measures temporal unpredictability.

Collectively, these features provide a rich representation of both periodic and nonstationary

properties of biomedical signals.

We focused on extracting temporal and spectral features from the vital sign time series,
as these signals inherently capture the dynamic physiological fluctuations of the patient. In
contrast, other clinical time series such as medications, ventilation settings, and treatment
interventions do not exhibit continuous dynamic variation and therefore do not yield mea-
ningful spectral patterns. For this reason, we did not apply spectral feature extraction to

those variables, as it would not contribute useful information to the model.

Medical knowledge-based features

To enhance the interpretability and clinical relevance of the predictive models, we extracted
a set of medical knowledge-based features that closely mimic the way physicians evaluate
patient data over time. These features aim to capture not only statistical variability but
also temporal and contextual patterns that often guide clinical decision-making. Extracting
features that mimic physician interpretation of patient data improves model performance.
Specifically, general features that capture how the measured variable changes over the entire
ICU/PICU stay—such as Is it abnormal ¢ (high or low ?)—offer a direct indication of whether
any abnormal values were observed. These features act as important markers of physiological
instability throughout the patient’s admission. Complementing these, we computed ratios
and counts of abnormal values (e.g., high__count, low_count, abnormal_ratio) to quantify

the prevalence and severity of deviations from normal ranges.

Admission-related features were derived from the first three hours of monitoring to cha-
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racterize the initial physiological state and potentially identify factors contributing to the
admission itself. For example, isFirst _abnormal and is_First_high record whether the ini-
tial measurements were already outside normal limits. Similarly, discharge-related features
extracted from the last three hours (e.g., is_last_abnormal, is_last_low) are critical for

identifying residual abnormalities that could increase the risk of readmission.

Time-based features further enrich this representation by explicitly modeling the temporal
dynamics of recovery and deterioration. Recording the latency from admission to the first
abnormal value helps distinguish whether an abnormality was likely a precipitating cause of
admission or emerged as a complication. Measuring the interval between the first abnormal
measurement and the first subsequent normal measurement, reflecting the patient’s response
to treatment. Capturing the duration between the last abnormal value and discharge, offering

insight into whether the patient was discharged before fully stabilizing.

Additional features such as maz_high diff and mean_low diff quantify the magnitude of
deviation from normal reference ranges, while num_ changes and rate_of change capture
temporal fluctuations and instability. For medications, we computed whether each drug or
medication category (ex : Cardiovascular Medications and Antivirals) was administered du-
ring the admission window or discharge window, as well as times which indicate when the
medication was initiated and when it was last administered relative to the hospitalization
timeline. These time stamps are especially informative for understanding therapeutic inter-
ventions—early administration can signal initial severity or urgency, while recent use prior to
discharge may indicate unresolved issues requiring ongoing management. Finally, for clinical
scoring systems and categorical assessments (such as the GCS motor response), we derived

severity indicators (e.g., Normal, Mild, Critical) at both admission and discharge.

Figure 3.4 illustrates two representative cases of time series measurements in relation to
admission and discharge periods. In Case 1, abnormal high values occur primarily at the
beginning of the timeline, suggesting these measurements may have contributed to the initial
admission but were corrected before discharge. In contrast, Case 2 shows abnormal low va-
lues emerging during the discharge period, indicating potential unresolved clinical issues that
could increase the risk of readmission. This comparison highlights the importance of consi-

dering the timing of abnormalities when assessing patient stability and discharge readiness.

In addition to this we extracted important medical scores such as APACHE, Logistic Organ
Dysfunction score (LODs) [239], Modified Logistic Organ Dysfunction score (MLODS) [239],
APS III, and Oxford Acute Severity of Illness Score (OASIS) [240] which are used to as-
sess disease severity, predict patient outcomes, and guide clinical decision-making. APACHE

evaluates patients’ acute physiology, age, and chronic health conditions to predict morta-
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FiGURE 3.4 Examples of measurement time series showing different patterns of abnormal
values relative to admission and discharge periods.

lity risk. LODs assess organ dysfunction across six systems using physiological parameters,
while MLODS refines this by adjusting variables and weights for better accuracy. APS III,
part of APACHE III, considers more variables for improved prediction of ICU outcomes.
OASIS is a simplified ICU severity scoring system that uses 10 easily available clinical va-
riables—without requiring laboratory tests—to estimate the risk of in-hospital mortality.
Developed to be quick and practical, OASIS offers predictive performance comparable to
more complex scores like APACHE while reducing data collection burden. Each scoring sys-
tem has its unique focus and calculation method, but they all aim to help clinicians better

understand patients’ conditions and make informed treatment decisions.

MIMIC-III contains rich clinical data in which diagnoses are coded using ICD-9-CM, while
CathyDB uses the more recent ICD-10-CA codes to represent patient diagnoses. Because
these coding systems contain thousands of highly granular codes, it is challenging to analyze
them directly or to interpret models trained on such fine-grained inputs. To address this,
we mapped all diagnosis codes to clinical classifications software categories. CCS is a clas-
sification scheme developed by the Agency for Healthcare Research and Quality (AHRQ)
that groups individual ICD codes into a smaller set of clinically meaningful categories. For
example, instead of dealing with hundreds of separate codes for different forms of heart failure,
CCS aggregates them into a single “Heart failure” group. This mapping helps standardize
the representation of diagnoses across datasets, simplifies analysis, reduces dimensionality,
and improves the interpretability of predictive models by expressing each patient’s diagnostic

profile in terms of well-defined clinical categories rather than raw codes.

Extracting medical knowledge-based features is another key contribution of our work. This
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enables the model to leverage structured expert assessments of patient status at key tran-
sitions of care. Collectively, these medical knowledge-based features complement statistical
and spectral descriptors by encoding information in a form that is directly interpretable and

actionable to healthcare professionals.

3.3.5 Feature selection

Given the large and heterogeneous pool of extracted features across all clinical domains;
including vital signs, laboratory measurements, medications, ventilations, treatments, and
scores ; it was essential to apply a systematic feature selection strategy to identify the most
informative and clinically relevant predictors for modeling readmission risk. The final da-
taset comprised thousands of candidate features, many of which were redundant, weakly
informative, or noisy. To address this, we adopted a multi-step approach combining Mutual

Information (MI) and L1-penalized logistic regression (LASSO).

First, for each variable category, features were pre-filtered using MI to select the top-k features
exhibiting the strongest dependency with the binary outcome variable (3-day readmission).
MI is a powerful criterion because it quantifies any form of statistical dependence, including
non-linear relationships, which are common in clinical data. By retaining only the most infor-
mative features at this stage, the dimensionality was substantially reduced while preserving

relevant variability.

Second, we applied LASSO regression on the subset of top-k features. LASSO imposes an L1
penalty on the magnitude of the coefficients, which has the effect of shrinking less important
coefficients exactly to zero. This yields a sparse model that selects variables with the highest
predictive contribution while effectively handling collinearity among correlated features. In
this step, we retained features with non-zero coefficients, ensuring that the model remains

interpretable and avoids overfitting.

Finally, a second MI ranking was applied to further refine the selection down to the final top-
n predictors with M T > 0.001. This step provided an additional safeguard against including

features with spurious or unstable contributions.

Overall, this combination of MI and LASSO leverages both univariate and multivariate pers-
pectives : MI ensures that non-linear and non-monotonic relationships are considered, while
LASSO identifies the most robust multivariate predictors and promotes sparsity. This stra-
tegy balances predictive performance, parsimony, and interpretability. Additionally, applying
this selection procedure separately within each variable category (e.g., labs, vitals, treat-

ments) ensures that diverse types of information are retained, supporting models that reflect
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the complexity of clinical decision-making.

3.3.6 Handling class imbalance

In this study, the prediction of unplanned ICU/PICU readmission constitutes a highly im-
balanced classification problem, as the minority class (readmission within 3 days) represents
only approximately 4% of the total samples. This severe imbalance can adversely affect mo-
del performance by causing predictions to be biased toward the majority (non-readmitted)
class and diminishing the model’s ability to correctly identify positive cases. To mitigate
this challenge, we compared two strategies to improve minority class recognition. First, we
trained models using cost sensitive learning with class weighting, assigning a higher penalty
to misclassifying positive cases. This approach modifies the loss function to give more im-
portance to the minority class during optimization, without explicitly generating synthetic
samples. Second, we applied the SMOTE technique, which generates new synthetic samples
of the minority class by interpolating between existing positive instances in feature space.
This increases the representation of the minority class and helps the classifier better learn its
characteristics. Figure 3.5 illustrates the concept of SMOTE, showing how synthetic examples

are created between neighboring minority samples to augment the training data.

3.4 Models

This section focuses on the practical rationale for selecting and applying each model type
within the context of PICU readmission prediction. To comprehensively assess predictive
performance, we compared a diverse set of ML and DL models, spanning both classical algo-
rithms and neural network architectures. We employed both linear and tree-based machine
learning models to evaluate different types of predictive behaviors and feature interactions.
Among the ML models, we evaluated LR, SVM, RF, XGBoost, and Light GBM. These me-

@ majority class
r 3 A @ minority class
® generated samples

FicUure 3.5 Illustration of the SMOTE algorithm
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thods provide complementary strengths : for example, LR offers interpretability, SVM can
capture complex decision boundaries. LR and SVM were selected as baseline linear classifiers
due to their simplicity, interpretability, and effectiveness in high-dimensional spaces. Their
performance provides insight into whether the relationship between input features and read-

mission risk is linearly separable, and they serve as a benchmark for more complex models.

To capture non-linear patterns and feature interactions, we also used ensemble tree-based
models : RF, XGBoost, and Light GBM. These models are well-suited for handling structured
clinical data, managing missing values, and ranking features based on importance. Their

interpretability (via feature importance) also supports the clinical usability of our framework.

To model the temporal dynamics inherent in physiological time series, we used two types
of deep learning architectures : LSTM , and Transformer. LSTM, which are well-suited to
modeling temporal dependencies in sequential data and Transformer-Based Attention, which
allows a model to weigh the importance of different input elements when encoding or gene-

rating sequences.

LSTM networks were chosen for their ability to learn long-range dependencies in sequential
data. In our setup, LSTM processes sequences of hourly vital signs, fluid balance, ventilation
settings, treatments and medications to capture the progression of patient status over time

and the temporal trends indicative of patient deterioration and risk of readmission.

Transformers, known for their self-attention mechanism, were applied to model both short-
and long-term dependencies without relying on recurrence. In our case, the Transformer
architecture allows the model to dynamically attend to different parts of the patient’s time
series, enabling the model to flexibly relate each measurement to all others in the sequence
and making it well-suited for detecting subtle yet important variations across different time

windows.

To ensure robustness and comparability, all models were evaluated using the same training-
validation-test split. In addition, ML, models were subjected to cross-validation and ablation
analysis. This comprehensive benchmarking allowed us to evaluate the relative effectiveness
of traditional ML classifiers versus modern DL architectures for predicting unplanned PICU

readmission.

3.4.1 Interpretability

Interpretability is critical in clinical predictive modeling because physicians must be able to
understand, trust, and validate the factors influencing model decisions. Transparent models

improve acceptance in practice and support shared decision-making by providing insight into
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why a prediction was made. To enhance interpretability, we employed several complementary
approaches for both local and global interpretability. For global interpretability, first, for tree
based models, we used SHAP explanations, which quantify the marginal contribution of each
feature to individual predictions based on cooperative game theory. Second, for LR models,
we examined the learned coefficients, which directly indicate the direction and magnitude of
each feature’s association with the predicted risk. Positive coefficients increase the predicted
probability of readmission, while negative coefficients decrease it. Finally, we assessed the
stability and impact of each feature by iteratively removing features and observing the change
in training and validation performance. This ablation analysis helped identify features that
were essential to predictive accuracy and distinguish them from redundant or weak predictors.
Together, these methods provided a comprehensive interpretability framework supporting the

clinical relevance and credibility of the developed models.

For local interpretability, we used LIME which is a post-hoc technique that explains individual
predictions of complex models by approximating their local decision boundary with a simple,
interpretable surrogate model. For each patient in our dataset, LIME generates perturbed
samples around the original feature vector, queries the black-box model for predictions, and
fits a weighted linear model to highlight the most influential factors driving that specific
decision. In our study, we extended LIME from the feature level to the clinical variable
level, aggregating related features (e.g., multiple HR descriptors) into a single variable. This
allowed us to visualize, for each patient, the clinical variables that most strongly supported the
predicted outcome (readmission or non-readmission), thereby enhancing local interpretability

in a clinically meaningful way.

SHAP and LIME methods highlight the most influential features driving the model’s pre-
dictions. However, the extracted features (e.g., statistical or spectral descriptors) are often

easier to interpret from an engineering perspective than from a clinical one.

To provide clinically meaningful insights, we aggregated the contributions of all extracted
features back to their originating clinical variables. In other words, instead of reporting the
importance of dozens of engineered features, we mapped their SHAP /LIME contributions to
the underlying clinical measurements (e.g., heart rate, SpO,, ventilation parameters). This
aggregation enabled us to identify which clinical variables were most informative in driving

the model’s decisions.

This clinical-level interpretation is a key contribution of our work, as it bridges the gap
between ML feature importance and clinical understanding. It allows clinicians to directly
interpret and validate the model’s reasoning using familiar clinical concepts, thereby enhan-

cing transparency, trust, and potential clinical adoption.
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3.4.2 Evaluation metrics

To comprehensively assess model performance, we computed a range of evaluation metrics
capturing discrimination, calibration, and error trade-offs. We computed the AUROC and
AUPRC metrics, which are widely used to evaluate classification performance in imbalanced
clinical prediction tasks. The AUROC measures the ability of the classifier to rank positive
instances higher than negative ones. Formally, AUROC is defined as the probability that a
randomly chosen positive instance has a higher predicted probability than a randomly chosen
negative instance. The AUPRC focuses on performance in the positive class and is particularly
informative in imbalanced settings. Given the counts of True Positives (TP), False Positives
(FP), True Negatives (TN), and False Negatives (FN), we computed Sensitivity (Recall) as :

TP
l=— 31
Reca TP T PN’ (3.31)
and Specificity as :
TN
ificity = ———. .32
Specificity TN £ TP (3.32)
Precision quantifies the proportion of predicted positives that are true positives :
TP
PreCjSiOH = m (333)

The F1 Score provides a harmonic mean of Precision and Recall :

Precision x Recall
F1S =2 ) 3.34
core % Precision + Recall ( )

Finally, Accuracy measures the proportion of correct predictions among all samples :

TP + TN
TP + TN +FP + FN’

Accuracy = (3.35)

In addition to conventional metrics, we defined a custom loss-based evaluation score (class-
wise loss score Lgeore) designed to reward models that achieve both low error and balanced
performance across positive and negative classes. Specifically, the metric decomposes the log
loss into separate contributions for positive and negative samples. Given true labels ., and

predicted probabilities ¢, the log loss for the positive class is computed as :
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1
PosLoss = N > yilog g, (3.36)

+oiy=1
where N, is the number of positive samples. Similarly, the log loss for the negative class is :
1 N
NegLoss = N > (1—w) log(l — yi), (3.37)
— i:y;=0

where N_ denotes the number of negative samples. To convert these losses into bounded

scores, each loss term is transformed as follows :

1
PosScore = ) (3.38)
(PosLoss + 0.1> x 10
1
NegScore = ) (3.39)
(NegLoss + 0.1) x 10

This scaling ensures that lower losses yield higher scores. Finally, the overall evaluation score
combines these two components, averaging them and applying a penalty proportional to their

imbalance :

PosScore + NegScore
2

Lecore = — 0.2 x |PosScore — NegScore‘. (3.40)

This formulation rewards models that simultaneously achieve low log loss for both classes
while penalizing excessive discrepancy between positive and negative performance. The sub-
traction term encourages balanced calibration, reducing the risk of models that overfit to the
majority class or systematically underperform on the minority class. The proposed class-wise
Lgcore 18 one of the central contributions of our method, allowing the model to better handle

imbalanced classes.

Using this diverse set of metrics allowed us to evaluate models not only in terms of overall
correctness but also their ability to identify positive cases, which is essential in a clinical

context with substantial class imbalance.

3.5 From Decision Scores to Probabilities

Many classifiers do not produce calibrated probabilities as part of training. Yet AUROC and
AUPRC require continuous decision scores, and our custom class-wise loss score (Lgeore) for

linear models also expects a (probability-like) score as shown in equations (3.36) and (3.37).
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Throughout, we use each model’s decision function s(x) as the primary continuous output
at evaluation. AUROC and AUPRC depend only on the ranking of scores, so any monotone
transform of s(x) (e.g., a sigmoid) leaves them unchanged. When a probability is needed, we

optionally map s(z) to probability p(x) via a sigmoid function.

p(x) = o(s(x)) (3.41)

Where :
o(z)=1/(1+¢€77) (3.42)
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CHAPTER 4 RESULTS

In this chapter, we address three objectives that together answer our research question.
First, we establish a rigorous benchmark on the MIMIC-III database to develop a model
architecture, feature extraction/selection strategies, and evaluation protocols. Second, we
enhance and optimize this pipeline to the CHU Sainte-Justine PICU dataset (CathyDB),
ensuring pediatric relevance by accounting for age-dependent physiology and clinical context.
Third, we analyze both local and global interpretability and identify risk factors by explaining
model predictions, thereby generating clinically meaningful insights and supporting real-

world adoption.

4.1 Prediction of ICU Readmission Using Light GBM Classifier

We initially developed and evaluated ML model to predict ICU readmission using the publicly
available MIMIC-IIT database. Using ML techniques reduce the model complexity compared
to DL techniques. ML techniques are less time consuming and require less hardware building.
In addition, ML facilitates the interpretation of the results obtained and thus the unders-
tanding of the key factors of the model [241]. Despite these advantages, the performance
of these ML models is still insufficient compared to the requirements of ICU readmission
decision-making systems. Therefore, we investigated new strategies to further improve this

performance.

In this work, we study the efficiency of Light GBM classifier to predict 3 days ICU readmission
using several features extracted from the clinical time series data. Light GBM is a classifier
that was recently able to prove its high ability in the classification process, providing better
performance compared to other ML techniques such as SVM, GBM, XGBoost [242].

4.1.1 Proposed approach

The End-to-end flow chart of the predicting ICU readmission pipeline is shown in Figure 4.1.
We used the publicly available MIMIC-III database, as it was also used in prior works about
ICU readmission, allowing us to compare our results with other methods. The required data
were extracted using the proposed pipeline by Wang et al. [23] that address some challenges
such as unifying measurement units and removing outlier values. A comprehensive set of
variables encompassing demographic information, vital signs, categorical clinical variables

(such as capillary refill rate, GCS eye opening, etc), laboratory test results, fluid balance
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FIGURE 4.1 End-to-end flow chart of the predicting ICU readmission pipeline

Evaluation

measurements, [CU severity scores, mechanical ventilation parameters, and diagnostic codes
based on the ICD-9 classification, were extracted. After applying exclusion criteria, we inclu-
ded the data of 31,151 patients, of whom 1,033 (3.3%) were readmitted to the ICU during
the first 3 days of their discharge from the ICU.

EHR time series data such as vital signs, ventilations and categorical data have missing data.
We handled the missing values using the following steps : If the values of the variable are
fully missing, we imputed the normal values of this variable. If the variable contains some
data, we replaced missing values at the beginning of the time series by the first recorded

value, and for the other missing values, LOCF was used.

Then, various feature extraction methods were used to represent the information from the

time series data. From the vital signs variables, we extracted the proposed statistical features.
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To enrich temporal signal, we derived signal processing based descriptors using two different
libraries : Time Series Feature Extraction Library (TSFEL) [243] and Time Series FeatuRe
Extraction on basis of Scalable Hypothesis tests (tsfresh) [244]. Using these libraries, we
extracted temporal features such as energy and entropy as well as spectral features such as

max frequency, in addition to the max correlation value between each two variables.

Then we represented the therapeutic interventions (such as ventilation, etc) by medical
knowledge-based features such as the number of interventions used, the duration of use of
each intervention, and the time between the last use of the intervention and the discharge
time. The categorical data (such as capillary refill rate, etc) had been represented by two
medical knowledge-based features; the number of switches and the majority pattern presen-
ted by Lin, et al. [113]. Because diagnoses are key risk factors, we represented them with the
pretrained 300 dimension embedding presented by Choi, et al. [118] to capture relationships
among codes; this could be effective for prediction, but less interpretable than code-level

groupings.

For variables with high missing rates (notably laboratory tests are not measured frequently),
we favored extracting simple statistics from observed values rather than aggressive imputa-
tion. We therefore divided them into three subgroups : the first subgroup contained laboratory
results that were recorded at least three times for 70% of patients (such as hemoglobin, etc),
the second subgroup contained the laboratory results that were recorded at least twice for
70% of the patients (such as calcium,etc), and the third subgroup contained the laboratory
results that were not registered for most patients but were referred to in previous research
as associated with ICU readmission (such as bilirubin, etc). In the third subgroup of the lab
results, each variable was represented by the last value only, due to the few recorded values
for those variables. The variables of the first and the second subgroups were represented by
some simple statistical features and the first and the last value. In addition, the first and
last values were converted to categorical states showing if that value was normal, high or low
based on its normal range [245] as shown in Table 4.1, with an explanation of whether there
was an improvement in the values of that variable or not as shown in Table 4.2. Finally, the

missing values were replaced by the mode value.

TABLE 4.1 The categorical states for sodium (Normal range is 135-145)

Sodium Value Low Normal High
130 1 0 0
140 0 1 0
150 0 0 1




TABLE 4.2 Measuring the extent to which the patient’s variable values have improved

First Value Last value Condition
Normal Normal Stable
Abnormal Normal Improved
Abnormal Abnormal Unstable
Normal Abnormal Deteriorate
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Extracting features from each variable led to a huge poll of features. To reduce the number
of features, constant and quasi constant features were dropped, in addition to the duplicated
and the high correlated features. Then we selected the features that has MI more than 0.01.
The remaining features were combined together with the demographic and diagnosis data
and used as the input to the Light GBM classifier.

4.1.2 Performance and results

We divided the cohort of 31,151 patients (1,033 readmitted, 3.3%) into two subsets : 80% for
training (24,921 patients) and 20% for testing (6,230 patients). Stratified splitting ensures
that the prevalence of readmission is preserved across sets, resulting in approximately 822
readmitted patients in the training set and 211 in the test set. Normalization was used to set
the training values into range (0,1) and applied this later for the test split. For Light GBM,
the following settings were used : learning rate of 0.04, boosting type was set to GOSS and to
handle the imbalanced dataset, class weight parameter was used to give more attention to the
samples of the minority class. Incorporating class-sensitive training (class weights) improved
minority-class detection, thereby enhancing the model’s ability to detect ICU readmissions.
For the sake of comparison with previous works AUROC was used to measure performance.
The proposed approach was able to distinguish between readmitted and not readmitted pa-
tients with AUROC of 78.6% showing a good performance compared with other ML methods
that were used for predicting ICU readmission. To check the performance of our approach we
compared it with the performance of other ML methods that were used in previous researches
such as SVM, XGBoost and RF. In [113], they checked the performance of several ML models
such as LR with L1 and L2 regularization, NB, SVM and RF. The best result was obtained
using SVM with AUROC of 77.9%. In [168], they also compared the performance of different
ML techniques such as KNN, RF and SVM. This time RF gives the best performance with
AUROC of 73.8%. XGBoost was used in [114] given AUROC of 76%. Table 4.3, shows the
comparison between the different ML models and it is obvious that our proposed algorithm
do better than other ML algorithms. These results highlight the strength of Light GBM on
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TABLE 4.3 Performance comparison

Method AUROC %
LR-L2 [113] 77.3
LR-L1 [113] 7.7
NB [113] 70.9
SVM [113] 77.9
RF [168] 73.8
KNN [168] 59.3
XGBoost [114] 76.0
CNN+RNN [113] 79.1
Proposed Approach 78.6

tabular clinical data and the importance of carefully engineered features that expose trends,
fluctuations, and recovery dynamics distinguishing readmitted from non-readmitted patients.
Notably, Light GBM delivered performance comparable to more complex state-of-the-art DL
model in [113], underscoring both the value of our feature set and the effectiveness of the se-
lection strategy. This work was described in our published paper “Prediction of ICU Readmis-
sion Using LightGBM Classifier” (2023 IEEE 20th International Symposium on Biomedical
Imaging, ISBI) [26].

4.1.3 Interpretability

We evaluated feature importance using SHAP values with the Light GBM model to better
understand the factors influencing ICU readmission predictions. As shown in Figure 4.2,
the most impactful features include several embeddings of the ICD9 diagnoses codes, which
reflect specific comorbidities or clinical conditions associated with higher readmission risk.
In addition, advanced signal processing features derived from DBP—such as FFT coeffi-
cients—were found to be highly informative, highlighting the value of frequency-domain ana-
lysis in capturing subtle physiological patterns. Other important predictors include statistical
features from vital signs (e.g., HR, RR), lab results (e.g., blood urea nitrogen difference, white
blood cell count), and medication usage (e.g., epinephrine administration). The distribution
of top-ranked features illustrates the diverse nature of relevant inputs, spanning diagnostic
codes, dynamic physiological trends, and treatment indicators—underscoring the need for a
multimodal approach to ICU readmission prediction. However, while diagnosis embeddings
enhanced discrimination, they offered limited transparency at the individual code level, com-

plicating direct attribution to specific diagnoses or diagnostic categories.



84

ICD_238 22
ICD_135 22
ICD_283 18
ICD_24 17
6 MFCC_7_median 16
ICD_153 16
Diastolicbloodpressure_ fit coefficient attr abs  coeff 58 15
ICD_a5 15
Diastolichlocdpressure__fft_coefficient__attr_abs__coeff 89 13
ICD_252 13
Bloodureanitrogen_Diff 1z
ICD_227 12
ICD_154 12
ICD 5 1z
Diastolicbloodpressure_ fft_coefficient__attr_angle__coeff & 1
Diastolicbloodpressure__index_mass_quantile__q_01 1
ICD_110 1
1CD_107 1
Respiratoryrate_rsquared 10
HeartRate_last 10
Whitebloodcellcount_Last 10
Meancorpuscularhemoglobinconcentration_Diff 19
Diastolicbloodpressure__agg_linear_trend__attr_slope__chunk_len_50_f_agg_var 10
ICD_298 10
ICD_147 10
2 MFCC_5_median
0_Waveletentropy_median
8 ECDFPercentileCount_1_median
epinephrine_used_time
Partialthromboplastintime_Last
Diastolichloodpressure__fit_coefficient__attr_angle__coeff 36
ICD 274
ICD_255
ICD_195
3_Medianabsolutediff_var
2 Meandiff_var
0_Medianabsolutediff_wvar
TEemperature_diff
Systolicbloodpressure_skew
p us_Masx

Features

[Tt Ty T T =)

Mo m

T
o 5 hls) 15 20
Feature importance

FI1GURE 4.2 Top predictive features for ICU readmission

4.2 Interpretable Predictive Model for 3-days PICU Readmission

Encouraged by the promising ICU readmission results, we extended our approach to the
PICU setting. Compared with MIMIC-III, CathyDB is smaller and contains fewer readmis-
sions, which makes the task more challenging but also highlights the importance of problem-
specific preprocessing and modeling. In this section, we present our approach for predicting
PICU readmission using a combination of statistical, medical knowledge-based features and
signal processing-based features extracted from patient time series data. To better capture
the unique dynamics of pediatric cases and improve model performance, we introduced seve-
ral modifications to the methodology used to predict ICU readmission, including enhanced

preprocessing and feature engineering strategies.

4.2.1 Proposed Approach

We extracted patient data from the CathyDB database covering the period from January 1,
2014, to February 15, 2025. After applying the defined inclusion and exclusion criteria, a final
cohort of 11,288 unique PICU admissions was identified. Among these, 323 patients (2.9%)
were readmitted to the PICU within three days of discharge, which served as the primary

target outcome for prediction.
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The cohort’s demographic and clinical characteristics are summarized. As shown in Figure 4.3,
the gender distribution is slightly skewed toward males, with 56.5% males (6,376 patients)
and 43.5% females (4,912 patients). Figure 4.4 illustrates the age category distribution, where
infants represent the largest group (27%), followed by toddlers (19%) and adolescents (18%).
Figure 4.5 shows the distribution of admission types, with the majority being emergency

admissions (37%) and Postoperative (Post-op)— cardiac surgery (21%).

To ensure fair evaluation and prevent data leakage, the dataset was temporally split into three
splits. This time-based split simulates a real-world scenario where models are trained on past
data and evaluated on future cases. The training split contains 7,758 patients, of whom 244
(3.1%) were readmitted. The validation split includes 1,693 patients with 46 readmissions
(2.7%), and the test split comprises 1,694 patients with 30 readmissions (1.8%).

The end-to-end flow chart of the predicting PICU readmission pipeline is shown in Figure 4.6.
From CathyDB we assembled a comprehensive, PICU-focused variable set that mirrors the
major variable families in MIMIC-III while adding pediatric-specific detail. Physiologic time
series include HR, RR, temperature, and other vital signs; fluid balance records inputs and
outputs (e.g., urine, blood products) and derived input/output ratios. The laboratory panel
spans 51 tests (e.g., liver enzymes—ALkaline Phosphatase [ALP], ALanine Transaminase
[ALT]; hematology—Hemoglobin [Hgb], HematoCriT [HCT]; blood gases). Diagnoses are
encoded using 1,511 ICD-10-CA codes, providing a rich representation of patients’ clinical
conditions. Ventilatory support is captured more richly than in MIMIC-III, with explicit
ventilation types (invasive, non-invasive) and 17 settings (e.g., FiOs, tidal volume, PEEP).
From the MIMIC-IIT database, we extracted only a limited set of medications that are com-
monly used with ventilation. The medication coverage extracted from CathyDB is broader
than in MIMIC-III, 129 unique agents and administration routes (e.g., vasopressin, vancomy-
cin via IV and PO, acetaminophen) were extracted. We also extracted treatment indicators
and observed symptoms that are unavailable in MIMIC-III pipeline [23]. For clinical scoring,
MIMIC-III contributed some adult-oriented scores, while CathyDB includes pediatric-specific
sedation and neurologic scales. Sedation and neurologic status are recorded using eight pe-
diatric scoring systems (e.g., CAPD, COMFORT-B, RASS). Demographics (age, gender,
admission type) are included to complete the patient profile. These differences in pediatric
coverage and granularity motivate tailored preprocessing and modeling for PICU readmission

prediction.

We followed the preprocessing strategy outlined in the Methodology chapter to ensure consis-
tency and reliability of the time-series data. First, we unified the time axis across all variables

for each patient by aligning the start and end times based on the HR charttime. All extrac-
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FIGURE 4.6 End-to-end flow chart of the predicting PICU readmission pipeline

ted time-series variables were then aggregated at an hourly resolution using the median
value to reduce noise and variability. Pediatric laboratory reference intervals were taken from
the Sainte-Justine Hospital laboratory reference sheet. For missing normal reference values,
we computed and used the median value specific to each age category as a surrogate. Subse-
quently, we applied the imputation method proposed in the Methodology to handle remaining
missing values effectively. In our work on ICU readmission, LOCF was used for all variable
categories, whereas here the proposed, category-aware approach was used, selecting imputa-
tion methods appropriate to each variable clinical nature. After imputing missing values, we
transformed the age-based time series variables into categorical states (normal, low, high) and
computed the absolute difference from the age-specific normal range. This step is essential to
address the variability in clinical interpretation of these variables across different pediatric
age groups. Once the data was cleaned and standardized, we proceeded with the extraction
of statistical and medical knowledge-based features from the original numerical values and

the categorized states to serve as inputs to our prediction models.

In MIMIC-III database, predefined physiological ranges are available for each variable, which

facilitates the removal of outliers during preprocessing. However, such ranges are not available
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in the CathyDB, and the acceptable values may vary significantly across different pediatric
age categories. To address this limitation and enhance the quality of the vital sign signals, we

applied the two-stage filtering pipeline combining Kalman smoothing and wavelet denoising.

The effectiveness of this filtering method is demonstrated in Figure 4.7, which presents HR,
RR, and SBP signals for two representative patients. In each case, the observed signal (green)
exhibits high variability and noise, while the Kalman-filtered trend (blue, dotted) provides
a smoothed approximation. The final denoised signal (red) captures the dominant pattern
and removes sharp fluctuations likely to be artifacts. This preprocessing step was critical
to ensure that the downstream feature extraction produced reliable statistical and signal-
based descriptors. From the filtered vital sign signals, we extracted the proposed temporal
and spectral signal processing features as detailed in the Methodology chapter. In our work
on ICU readmission, we used automated libraries such as TSFEL and tsfresh to extract
temporal and spectral features. However, for PICU readmission prediction, we chose not to
rely on these libraries to extract features from the filtered and denoised signals, as they tend
to produce an excessively large number of features—many of which are redundant or lack
clinical interpretability. Instead, we extracted a focused set of specific features, as detailed in
the Methodology chapter, selected specifically for their ability to capture meaningful temporal
and spectral signal characteristics relevant to pediatric patients. These features enriched our
overall feature pool with valuable information capturing the dynamic and frequency-based

characteristics of patient physiology.

While incorporating the 300-dimensional diagnosis embedding significantly improved model
performance for ICU readmission prediction, it offered limited interpretability. Although the
model recognized diagnoses as key contributors, it could not clearly identify which speci-
fic diagnoses or diagnostic categories were most influential, limiting its clinical utility. To
address this limitation in the PICU readmission task, we avoided using high-dimensional em-
beddings and instead represented diagnoses using 297 interpretable Clinical Classifications
Software Refined (CCSR) categories. This approach groups ICD10-CA codes into interpre-
table diagnostic classes such as RSP009 : Asthma, CIR017 : Cardiac dysrhythmias, MALOO7 :
Respiratory congenital malformations, and RSP010 : Aspiration pneumonitis. By using these
aggregated diagnostic classes, we enhanced the interpretability of the model while still pre-

serving critical diagnostic information relevant to pediatric readmission risk.

After that, the extracted features were ranked using two complementary methods—MI and
Lasso regression—as described in the Methodology chapter. This ranking strategy is more
efficient than the MI approach used in our prior ICU readmission study. This ranking strategy

was performed separately for each variable category (e.g., vital signs, lab results), allowing
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us to later train models using features from all categories or individual categories if needed.
Even after applying these ranking techniques, a substantial pool of top-ranked features Nool

are remained.

To train our model effectively, we adopted a three-stage protocol to couple hyperparameter
optimization with wrapper-based feature selection and cross-validated refinement using the
top ranked selected features only, aiming to maximize predictive utility while controlling

variance and overfitting in a class-imbalanced PICU readmission setting.

To initialize model optimization, we formed a small seed set Sy by taking the top-ranked
features across major clinical categories (vital signs, medications, ventilation, fluids, and
metadata), ensuring category diversity to reduce early selection bias. Using Sy, we tuned each
model’s hyperparameters # with an objective aligned to the model family. For linear/large-
margin models (LR, SVM, Ridge), the objective was our proposed custom class-wise loss
score O = Lgcore (higher is better) ; for tree-based and other ML models, the objective was
the F'1 score. Optimizing on a compact feature set stabilizes the search over € by decoupling
capacity control from the confounding effects of high-dimensional feature interactions. This
procedure enabled us to train the model using systematically optimized parameters, thereby

avoiding reliance on arbitrary or randomly chosen values.

With the best parameters 6* yielded from Stage 1, we expanded the candidate space by
sampling randomly a larger, balanced pool S; from the top-ranked features while preserving
representation from each category. We then performed a backward-forward (bidirectional)
wrapper search : starting from Sy, we iteratively proposed removal (backward) and addition
(forward) moves using the remaining features in our pool N, and scored each move on both
the training and validation splits. The same objectives were used to guide the identification
of the optimal subset of features that maximized performance on both the training and
validation splits. A move was accepted only if it improved the worst-split objective by at

least a tolerance ¢, i.e.,
min{ O™ OV} increased by > e.

The search terminated when no candidate move met this criterion. This mini-max acceptance
rule ensures that features are added (or removed) only when they improve the minimum
performance across the two splits, thereby discouraging overfitting to a single split. As a
wrapper method, it evaluates conditional contributions given the current subset, addressing
the limitations of univariate filters that ignore interactions and redundancy. This yields a

subset S5 that improved the performance across the two splits.
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Feature selection performed on a single train/validation split can overfit the unique cha-
racteristics of that split, inflating apparent importance. This can lead to an overestimation
of feature importance, as the selected features might perform well only on those particular
splits and do not generalize. To mitigate selection bias and promote generalization, we mer-
ged the training and validation data and repeated the bidirectional search under stratified
5-fold cross-validation, keeping 6* fixed. Cross-validation allows for a more robust evaluation
by training and validating the model across multiple data partitions, thereby reducing the
potential bias introduced by fixed train-validation splits. Within this cross-validated refine-
ment, at each add/drop proposal using the remaining features in our pool M1, we evaluated
the move on all folds using AUROC and accepted it only if it improved cross-validated per-
formance while stabilizing it across folds. Concretely, a move was accepted when the mean
AUROC increased by at least € and the across-fold standard deviation did not increase. The
procedure terminated when no candidate move met these criteria, yielding the final subset
Ss, which improved 5-fold AUROC (and maintained the Stage-2 objectives). The model was
then retrained on the train split using S5 and #*, and evaluated once on the held-out test

split.

As a final important step, we conducted an ablation analysis and applied model-specific im-
portance diagnostics (e.g., coefficient magnitudes for linear models; SHAP for tree models).
This corroborates the contribution of the selected features and identifies the most influential
features contributing to the model’s predictive performance. This three-stage design : seeded
hyperparameter tuning, conditional (wrapper) selection, and cross-validated refinement, of-
fers greater stability than a MI only pipeline. Unlike MI ranking, which ignores redundancy
and feature interactions, the wrapper stage evaluates conditional contributions, while cross-
validation ensures generalizability. This reduces variance, mitigates overfitting, and preserves

strong predictive performance.

4.2.2 Performance and results

To evaluate model performance, we focused primarily on two metrics : Recall and AUPRC.

These metrics were selected for the following reasons :

— The dataset is highly imbalanced, AUROC can be misleading as it may remain high
even when the model performs poorly on the minority class, since it evaluates ove-
rall ranking performance without considering class distribution. In contrast, AUPRC
directly reflects how well the model identifies positive cases by focusing on precision
and recall, both of which are sensitive to the proportion of true positive predictions.

Therefore, AUPRC provides a more informative and clinically meaningful evaluation
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of our model’s ability to detect readmissions under severe class imbalance, and is thus
chosen as the primary performance metric.
— Identifying true positive cases (i.e., patients at risk of readmission) is clinically critical

to minimize adverse outcomes.

In addition, to validate that our models perform meaningfully and are not random, we compa-
red their AUPRCs with the baseline AUPRC. The baseline AUPRC represents the expected
performance of a random classifier, which is equivalent to the prevalence of the positive class
in the dataset. This comparison helps ensure that the model’s performance is significantly
better than what would be expected by chance alone. The baseline AUPRC is calculated as

follows :

P

Baseline AUPRC =
aseline PN

(4.1)

where :
— P : number of positive samples,
— N : number of negative samples,
— P + N : total number of samples.
The baseline AUPRC for the three splits are :

— Training split baseline AUPRC : -2%_ ~ 3.1%

2447638
— Validation split baseline AUPRC : ﬁ ~ 2.7%
— Test split baseline AUPRC : 552 ~ 1.8%

In our experiments, we first investigated the impact of the proposed extracted features,
which include both medical knowledge-based features and signal processing-based features,
on model performance. We then compared the performance of our proposed model, which
uses LR with the extracted features, against other linear and standard ML models to assess its
relative effectiveness. Additionally, we evaluated our model’s performance against tree-based
models to examine whether more complex algorithms could offer improvements. Finally,
we compared the results with deep learning models to determine whether these advanced

techniques could outperform traditional machine learning approaches in this context.

Effect of medical knowledge-based features and signal processing-based features

To assess the contribution of the proposed extracted feature, we performed a stepwise eva-

luation using LR across three feature configurations :

1. Statistical features only (ST) : Standard descriptive statistics derived from time-series
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data.
2. Statistical + Medical knowledge-based features (ST+MED) : Adding extracted medi-

cal knowledge-based features that mimic physician decision.
3. All features (ST+MED+SP) : Including hand-crafted signal processing features such

as wavelet and FFT features.

All models were compared at a consistent cross-validation AUROC (CV__AUROC) perfor-
mance level, specifically when their average CV__ AUROC reached approximately 80%.

The results, summarized in Table 4.4, demonstrate a clear and consistent improvement in
model performance as more informative features were added. In addition, in all scenarios, the
test AUPRC scores exceeded the baseline AUPRCs computed from the class distribution.

When using only statistical features, the model achieved moderate predictive performance,
with clear evidence of overfitting. As shown in the corresponding Table 4.4 and illustrated in
Figure 4.8, AUPRC, Recall and AUROC scores dropped noticeably from the training split
to the test split. This decline highlights limited generalizability and suggests that statistical
features alone may not capture the complexity of the patient trajectories needed to robustly
predict PICU readmission. The performance gap across data splits indicates the need for
more informative and diverse features to enhance stability and accuracy. The maximum
CV__AUROC achievable using only statistical features was 79.4%.

The addition of the medical knowledge-based features to the statistical baseline led to a
notable improvement in model performance, as shown in Figure 4.9. AUPRC, Recall and
AUROC scores increased across all data splits, indicating that medical knowledge-based
features provides complementary predictive information. However, despite this improvement,

a performance drop from training to test splits remained especially in Recall, suggesting that

TABLE 4.4 Performance comparison across feature configurations using LR

Metric ST ST + MED ALL

Train Val Test | Train Val Test | Train Val Test
AUPRC (%) 176 136 39 | 183 185 73 | 234 22 138
Recall (%) 749 587 533 | 79.4 739 60 86.2 T71.7 83.3
AUROC (%) 84.1 782 63.5| 8.3 86.4 79.3 | 89.1 882 87.8
Accuracy (%) 79.1 821 79.3 77T 817 788 | 79.2 825 81.8
F1 score (%) 183 15.1 84 | 17.7 18 9.1 | 206 182 139
Specificity (%) 79.3 828 798| 76.9 819 79.1 79  82.8 81.7
Precision (%) 104 87 4.5 10 102 49 | 11.7 104 7.6
CV_AUROC (%) 79.4 79.7 80
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FiGURE 4.8 AUPRC and AUROC performance of the LR model using only statistical features
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FiGURE 4.9 AUPRC and AUROC performance of the LR model using statistical and medical

knowledge-based features
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the model still faces challenges in generalizing to unseen data. This implies that while medical
knowledge-based features enhance model capacity, further feature enrichment is necessary to

improve robustness and mitigate overfitting.

The integration of signal processing based features—such as wavelet, and entropy-based mea-
sures—resulted in a substantial improvement in model performance, in terms of AUPRC,
Recall and AUROC. As shown in Figure 4.10, the LR model achieved significantly higher
predictive scores across all data splits, with a remarkable increase on the test split compared
to earlier feature splits. Moreover, the performance became more stable and consistent across
training, validation, and test splits, indicating better generalizability and reduced overfitting.
These results highlight the critical value of temporal dynamics and physiological signal pat-
terns and the robustness of our LR model in effectively identifying the minority class, making

it better suited for the imbalanced nature of our dataset.

Performance comparison of the proposed model with alternative linear models

We conduct a comparative analysis of the performance of our proposed LR model against
other widely used linear models, specifically SVM and Ridge classifier. The optimized pa-
rameters 6* for each model are detailed in Table 4.5, and the corresponding performance
metrics are provided in Table 4.6. This comparison serves to critically evaluate the efficacy
of our proposed LR model, highlighting its advantages and potential limitations relative to

other linear approaches in the context of predicting 3-days PICU readmission.

The parameters presented were optimized to strike a balance between model complexity
and class imbalance. The C parameter (in LR and SVM) and alpha (in Ridge) control the
strength of regularization, with smaller values enhancing regularization to prevent overfitting
and improve generalization. The penalty (12) in LR applies Ridge regularization, penalizing
large coefficients and promoting model simplicity. The kernel (linear) in SVM defines a linear
decision boundary, appropriate for linearly separable data. Furthermore, the class weight
parameter was adjusted to address the class imbalance, assigning greater importance to
the minority class (readmitted patients) to improve model sensitivity to this critical group.
These parameter selections were essential in optimizing model performance, ensuring both

robustness and the ability to handle imbalanced data effectively.

SVM learns a maximum—margin separating hyperplane. With a linear kernel (no feature
mapping), the learned boundary is a linear hyperplane and the decision function is s(x) =
w'x + b (signed distances to the hyperplane, up to a scale), and the classifier predicts
y = sign(s(x)). For evaluation, we used the raw decision scores s(x) and applied a monotonic

logistic mapping to obtain pseudo—probabilities, p = a(s(x)). This post—hoc transform does



TABLE 4.5 Models’ optimized parameters

Model Parameters
LR C : 0.005, penalty : 12 regularization
solver : liblinear, class_weight : {0 : 1, 1 : 30}
SVM C : 0.005, kernel : linear

decision__threshold : {0 : 1, 1 : 30}

Ridge classifier

alpha : 0.1, class_ weight : {0 : 1, 1: 30}

XGB

n_ estimators : 100, learning rate : 0.05
max_depth : 3, min_ child weight : 100
subsample : 0.5, colsample_bytree : 0.5
scalepos_ weight : 30

LightGBM

boosting_type : ghdt, n_ estimators : 200
learning_rate : 0.01, num_ leaves : 4
max_ depth : 3, min_ child_samples : 100
subsample : 0.5, colsample bytree : 0.5
class_weight : {0 : 1, 1: 30}

RF

n_ estimators : 100, max_depth : 2

max_ features : log2, criterion : gini
min_samples split : 30, min__samples_leaf : 10
class_weight : {0: 1,1 : 30}

ET

n_estimators : 400, max_depth : 3
min_samples_ split : 50, min_ samples_leaf : 10
max_ features : None, class_weight : {0 : 1, 1: 30}

CatBoost

iterations : 300, learning rate : 0.001
depth : 7,12 leaf reg : 2
subsample : 1, class_ weights : [1, 30]

KNN

n_ neighbors : 101, weights : distance
metric : minkowski, class _weight : {0 : 1, 1 : 30}

NB

var_smoothing : 1e-9, class _weight : {0 : 1, 1 :1}

BILSTM

Loss : BinaryCrossentropy, Ir : 0.001

dropout : 0.3, bilstm__hiddden : 32
static_Dense__hidden : 32, FC_hiddens : [64, 32, 16]
batch_size : 64, epochs : 50, patience : 10

Transformer

Loss : BinaryCrossentropy, Ir : 0.001

dropout : 0.3, embedding dim : 64
static_Dense_hidden : 64, FC_hiddens : [16, §]
num_heads : 1, intermediate dim : 128
batch_size : 64, epochs : 50, patience : 10
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TABLE 4.6 Performance comparison of linear models

Metric

LR

Ridge SVM

Train Val Test | Train Val Test | Train Val Test
AUPRC (%) 23.4 22  13.8 | 14.5 15 6.5 17 16.2 5.3
Recall (%) 86.2 71.7 83.3 | 77.7 522 56.7 83 50 43.3

AUROC (%) 89.1

88.2

87.8

86.8 804 80.3 | 89 833

75.4

Accuracy (%) 79.2

82.5

81.8

783 819 80.8 | 879 89.3

87.1

F1 score (%) 206 182 139 | 183 13,5 94 30 16.9 104
Specificity (%) 79 82.8 81.7| 784 827 81.2 | 88.2 89.6 87.5
Precision (%) 11.7 104 7.6 104 7.8 5.2 18.3 105 5.9
CV_AUROC (%) 80 80 79.9
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F1cURE 4.12 AUPRC and AUROC performance of the Ridge classifier
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not affect training; it simply facilitates probability—based metrics (e.g., AUROC, AUPRC).

The SVM shows strong apparent discrimination on the training and validation splits, with
high AUPRC and AUROC as shown in Figure 4.11. Training AUROC //accuracy are high
(AUROC = 89.0%, Acc = 87.9%) with recall of 83.0%, yet the validation split already
reveals a sharp recall drop to 50.0% (AUROC = 83.3%, AUPRC = 16.2%), and the test split
deteriorates further (Acc = 87.1%), recall = 43.3%, AUROC = 75.4%, AUPRC = 5.3%). The
large train—test AUROC gap (—13.6%) and the collapse in AUPRC indicate overfitting and
sensitivity to class imbalance ; high accuracy mainly reflects the majority class rather than
true positive recovery. The test AUROC is lower than the CV_AUROC (79.9%), reinforcing
limited generalization. Overall, while SVM achieves high accuracy, it struggles with class

imbalance and generalization, particularly in minority-class prediction, compared with LR.

To calculate probabilities for Ridge classifer, at prediction time, we used the raw linear score
s(z) directly instead of § = sign(s(x)). Then probability is measured by applying sigmoid
function to the score and used as the hard label § = o(s(x)). This does not affect the training

process of the Ridge classifier.

The Ridge classifier is more stable than the SVM but not the strongest on the minority
class. Its AUROC declines only modestly from train to validation to test (86.8% — 80.4% —
80.3%) as shown in Figure 4.12, and the cross-validated AUROC (~80.0%) aligns, indicating
good generalization and low variance. Despite these improvements, Ridge’s AUPRC (6.5%)
on the test split still reflected a weaker ability to identify the minority class compared to
LR. Accuracy around 81% is largely driven by the majority class and is less informative
under imbalance. Compared with SVM, Ridge generalizes better and attains higher test
recall and AUPRC (56.7% and 6.5 vs. 43.3% and 5.3), but overall it still underperforms LR

on minority-class capture.

LR emerged as the most robust model, with superior recall and AUPRC for the imbalanced
task. SVM achieved competitive accuracy but weaker recall, AUPRC, and cross-validation
AUROC, indicating poor generalization. Ridge was more stable but consistently underper-

formed LR across all metrics.

Performance comparison of the proposed model with other ML models

We compared our proposed LR model with other standard ML models such as KNN and NB.
For these models, the optimized parameters 6* are as shown in Table 4.5. When comparing
their performance with our proposed model, several important observations can be made

regarding their performance across the three splits as shown in Table 4.7.
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TABLE 4.7 Performance comparison of LR, KNN, and NB models

Metric LR KNN NB

Train Val Test | Train Val Test | Train Val Test
AUPRC (%) 234 22 138 | 159 157 39 | 106 128 4
Recall (%) 86.2 71.7 83.3 | 449 37 26.7 | 80.2 80.4 53.3
AUROC (%) 89.1 882 87.8 | 81.5 74.8 65.1 | 80.4 852 69.7
Accuracy (%) 79.2 825 81.8 90 91 89.9 69 73.3 73.3
F1 score (%) 206 182 139 | 219 182 85 | 139 141 6.6
Specificity (%) 79 828 81.7| 914 925 91 68.6 73.1 73.2
Precision (%) 117 104 76 | 145 121 5.1 7.6 7.7 35
CV_AUROC (%) 80 72.7 80.3

KNN is a non-parametric, instance-based classifier : it learns no global model, and predicts
a label for a query x from its local neighborhood under a chosen distance ( feature scaling
is therefore important). the class of a sample is determined by the majority class of its
nearest neighbors. Specifically, the number of neighbors belonging to each class is computed

as follows :

num 0 = > (neighbor labels == 0) (4.2)

num 1= (neighbor labels == 1) (4.3)

If num_ 0 > num_ 1, the sample is classified as class 0; otherwise, it is classified as class 1.
However, in the context of imbalanced datasets, the number of neighbors from the majority
class (num_0) is often higher than that of the minority class (num_1). This results in a
bias towards the majority class, leading to poor classification performance, especially for the

minority class.

To address this limitation, we propose a weight-based adjustment to the decision rule by
incorporating a ratio-based decision rule. Instead of directly comparing the raw number of
neighbors from each class, we compute the ratio of the majority class to the minority class

as follows :

0
ratio = — (4.4)
max(num_ 1, 1)

To further refine the decision boundary, we introduce a decision threshold based on the class

weights, wy and wy, as follows :
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decision_ threshold = el (4.5)
Wo

Here, wy and w; are the weights assigned to the majority and minority classes, respectively.
This threshold allows the model to place more importance on the minority class, adjusting

the decision rule accordingly.

Next, we simulate the probability of the sample belonging to the minority class (class 1) by
modifying the standard KNN decision rule. The probability prob_class_ 1 is calculated using

the following equation :

1
1 + ratio

decision__threshold

prob class 1= (4.6)
This approach results in the following decision mechanism : If the ratio of neighbors from
class 0 is greater than the decision threshold, the probability of the sample belonging to class
1 will be less than 0.5, and the sample will be classified as class 0. Otherwise, the probability

of the sample belonging to class 1 will exceed 0.5, and the sample will be classified as class 1.

This modification allows the KNN model to better handle imbalanced datasets by adjusting
the decision boundary based on the relative importance of each class. By incorporating class
weights into the probability estimation, the model becomes more sensitive to the minority
class, improving its ability to correctly classify the minority samples in imbalanced scenarios
and yields a usable probability for AUROC and AUPRC computation.

The KNN model exhibits high accuracy across all splits, with an accuracy of 90% on the
training split, 91% on the validation split, and 89.9% on the test split. However, its recall
is much lower, especially on the validation (37%) and test splits (26.7%), indicating that it
struggles to correctly identify the minority class (readmitted patients). This suggests that
KNN is heavily influenced by the majority class, resulting in low sensitivity to the positive
samples. Additionally, both recall and AUROC exhibit a marked decline from the training
to validation and test splits, as illustrated in Figure 4.13. This trend aligns with the model’s
low CV_AUROC of 72.7%, further underscoring its limited ability to generalize effectively
to unseen data. While KNN performs relatively well in terms of AUPRC on the training
(15.9%) and validation splits (15.7%), its performance on the test split (3.9%) is moderate,

suggesting that the model’s ability to distinguish between classes decreases on unseen data.

In the training and validation splits, the NB model exhibited high recall of 80.2% and 80.4%,
respectively, alongside relatively low accuracy of 69% and 73.3%. This indicates a tendency

to favor the minority class, which influenced its modest AUPRC values of 10.6% (training)
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FiGURE 4.13 AUPRC and AUROC performance of the KNN classifier
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F1GURE 4.14 AUPRC and AUROC performance of the NB classifier

and 12.8% (validation) as shown in Figure 4.14. The model demonstrated high AUROC
performance of 80.4% and 85.2% on the training and validation splits, consistent with its
CV_AUROC of 80.3%. However, a substantial decline in AUROC to 69.7% was observed on
the test split, accompanied by low accuracy (73.3%), recall (53.3%), and AUPRC (4%). This
pattern suggests that NB model struggles to generalize to unseen data, leading to diminished

predictive performance on the test split.

KNN achieved high accuracy but consistently failed to identify minority cases, reflecting
overfitting and poor generalization. NB favored the minority class with high recall but low
accuracy, and its AUROC gains on training and validation collapsed on the test set. By
contrast, LR delivered balanced performance across all splits, indicating that this task benefits

from models with stronger inductive biases for heterogeneous, sparse clinical time series.
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Performance comparison of the proposed model with tree-based models

In addition to Linear and standard ML models, we evaluated several tree-based models,
including XGBoost, Extra Trees (ET), RF, Light GBM, and CatBoost, to predict PICU
readmission. The model optimized parameters are shown in Table 4.5. The parameters for
each model were chosen to enforce strong regularization and mitigate the risk of overfitting,
particularly given the class imbalance and heterogeneity in our dataset. For the boosting
models (XGBoost and LightGBM), we restricted tree depth, applied subsampling of both
observations and features, and used small learning rates to control model complexity, while
incorporating class weights to address imbalance. For RF and ET, shallow trees and minimum
sample constraints were applied to reduce variance, combined with ensemble averaging to
stabilize performance. These conservative configurations ensured that the models captured
clinically relevant patterns without fitting spurious noise, although at the cost of increased
bias and a higher risk of underfitting. Table 4.8 shows the performance comparison between

these tree-based models.

XGBoost demonstrated high accuracy across the training, validation, and test splits, rea-
ching 81.4%, 83.6%, and 86.1%, respectively. Despite this, the model’s recall was high in
the training split (72%) but dropped considerably in the validation (45.7%) and test splits
(46.7%), indicating a tendency to favor the majority class. This behavior also affected the
AUPRC, which decreased from 20.6% in training to 9% in validation and 5.1% in testing,
reflecting limited ability to capture the minority class as shown in Figure 4.15. Although the
AUROC was strong in training (85.7%), it declined in the validation (72.9%) and test splits
(72.4%), aligning closely with the CV__AUROC of 74.2%. Overall, XGBoost showed limited
generalization and was heavily influenced by class imbalance, resulting in poor performance
for minority class prediction.
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FiGURE 4.15 AUPRC and AUROC performance of the XGBoost classifier
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FiGURE 4.16 AUPRC and AUROC performance of the ET classifier
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FiGURE 4.17 AUPRC and AUROC performance of the RF classifier

ET showed a moderate stabel performance across the three splits. It achieved moderate
training accuracy (77.1%) and low recall (49.4%), which remained similar in validation (Ac-
curacy : 78.9%, Recall : 47.8%) and test splits (Accuracy : 80.6%, Recall : 46.7%). The
AUPRC dropped from 15.3% in training to 11.9% in validation and 4.3% in testing as shown
in Figure 4.16. AUROC values were also moderate across all splits (Train : 72.1%, Val :
73.8%, Test : 71.4%), reflecting both poor discrimination for the minority class and limited

generalization.

RF demonstrated slightly higher training accuracy and recall than ET with accuracy (79.2%)
and recall (53%). This remained simlar in validation with recall (50%) but experiencing a
considerable drop in test recall to 36.7% and AUPRC to 4.5%. AUPRC values were low
across all splits (Train : 13.4%, Val : 11.8%, Test : 4.5%) but better than random. As shown



105

ROC Curves Precision-Recall Curves

= Training (AUPRC = 0.166)
= Validation (AUPRC = 0.107)
= Test (AUPRC = 0.047)

0.8 0.8

o
o

0.6

Precision

14
IS

0.4

True Positive Rate

0.2 0.2

= Training (AUC = 0.775) |
= Validation (AUC = 0.713)
= Test (AUC = 0.742) | |

0.0 +- 0.0
0.0 02 04 06 0.8 1.0 0.0 02 0.4 0.6 08 10

False Positive Rate Recall

FiGURE 4.18 AUPRC and AUROC performance of the Light GBM classifier
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F1GURE 4.19 AUPRC and AUROC performance of the CatBoost classifier

in Figure 4.17, AUROC decreased from 74.7% in training and 73.7% in validation to 68.1%
in test split matching the low CV_AUROC of 70.2%. RF exhibited similar limitations as

ET, with poor minority class detection and weak generalization.

Light GBM showed somewhat better performance than RF in terms of recall, achieving 64.4%
on training and 50% on validation, but still dropped to 46.7% on the test split, with AUPRC
declining from 16.6% to 4.7% as shown in Figure 4.18. It has the best test AUROC across
the tree based models. However, AUROC also decreased from 77.5% (train) to 71.3% (val)
and 74.2% (test) like the CV_AUROC of 72.5%, reflecting some generalization issues and

sensitivity to class imbalance.

CatBoost showed strong training performance as it demonstrated high training accuracy
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(85.1%) and strong training AUPRC (35.6%), yet its recall and AUROC decreased dras-
tically on validation (recall 34.8%, AUROC 75.4%) and test splits (recall 23.3%, AUROC
67.9%), indicating overfitting to the training data. Figure 4.19 shows that the AUROC drop-
ped dramatically from 83.5% in training to 75.4% and 67.9% in validation and test splits,
respectively matching the CV_AUROC of 67.5% showing poor performance.

Unexpectedly, tree-based models lagged behind linear models in the small-sample regime, a
reversal of the ICU setting. Trees are inherently high-variance learners and require sufficient
positive events to establish stable splits; with few cases, they are prone to overfitting. While
tree-based models often attained higher training accuracy, their recall and AUPRC consis-
tently declined on validation and test sets, especially for the minority class, underscoring their
limited generalizability under data scarcity. Among tree-based approaches, gradient-boosted
ensembles such as XGBoost and Light GBM delivered the best and most consistent results,
typically outperforming simpler baselines such as KNN and NB. Nevertheless, our proposed

LR achieved more balanced performance across all splits.

Performance comparison of the proposed model with DL models

We compared the performance of our proposed model with two DL models : Bidirectional
LSTM (BiLSTM) based attention and Transformer models that integrate temporal clinical
measurements and static patient information to predict PICU readmission. In this study,
the time-series representation was enriched by combining multiple complementary feature
types for each measurement. Alongside the raw numerical values, we included corresponding
categorical states and the absolute difference between each measured value and its age-
adjusted normal range, enabling the model to quantify the degree of deviation in a clinically
meaningful way. The model parameters are shown in Table 4.5. Given the limited size of
our dataset, we deliberately designed our DL models with relatively simple architectures.
Restricting network depth, number of units, and overall parameter count helped reduce the
risk of overfitting while ensuring that the models remained trainable with the available data.
This minimalist structure allowed the networks to capture essential temporal and clinical

patterns without introducing unnecessary complexity that could compromise generalization.

Figure 4.20 shows the architecture of the dual-input BiLSTM-attention model. The time-
series branch processes the most recent 24 hours of patient data through a masking layer to
ignore padded values, followed by a BiLLSTM network that captures dependencies and exploits
both past and future contextual information within the observed sequence, an important ad-
vantage in retrospective clinical prediction where the complete sequence is available. This

bidirectional processing enhances the ability to detect subtle patterns, such as deteriora-
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tion—recovery dynamics, that may influence readmission risk. An attention mechanism is
then applied to selectively weight the most informative time steps and improve predictive
power, enabling the model to highlight specific hours or events that are most relevant for the
decision, reducing the influence of noise and allowing for clinically meaningful insight into the
temporal factors driving the prediction. Batch normalization and dropout are incorporated
to stabilize training and mitigate overfitting. In parallel, the static branch processes diagnosis
codes and metadata through a dense layer with ReLLU activation, batch normalization, and
dropout, producing a compact representation of the static features. The outputs of the two
branches are concatenated and passed through multiple fully connected layers to generate

the final readmission prediction.

Figure 4.21 shows the architecture of the dual-input Transformer model. The time-series
branch of the proposed model incorporates a preprocessing step that is crucial for handling
irregular and padded clinical sequences. A Valid Time Mask is generated before any positional
encoding is applied, ensuring that padded time steps—introduced to standardize sequence
length—are accurately identified while they still contain only zero values. This mask is passed
directly to the Transformer’s self-attention mechanism, preventing padded positions from
influencing attention weights. By contrast, a standard Masking Layer is also applied to mark
these positions for masking-aware layers, but it operates internally during layer computations
and does not explicitly control attention. Placing the Valid Time Mask before positional
encoding is essential, as adding positional embeddings would otherwise obscure which time

steps were originally padding.

Following masking, the model applies learnable positional encoding to embed temporal or-
der into the sequence representation, enabling the Transformer to capture clinically relevant
progression patterns that pure self-attention cannot model inherently. The Transformer enco-
der processes the entire sequence in parallel, using multi-head self-attention to relate events
across both short and long temporal spans, while the attention mask ensures only valid time
points are considered. This architecture allows the model to focus adaptively on the most in-
formative moments in a patient’s history, improving its ability to detect complex, temporally

distributed risk factors for PICU readmission.

The BiLSTM and Transformer models achieved comparable performance across the three
splits, as shown in Table 4.9. Both models performed well on the training set, with BiLSTM
slightly ahead, but their performance declined on the validation and test sets, indicating
overfitting. Their test accuracies of 85.7% and 85.1%, respectively, indicating their ability
to capture overall patterns in the data. However, both models exhibited limited sensitivity
to PICU readmissions, with recall values of 50.0% (BiLSTM) and 56.7% (Transformer) and



TABLE 4.9 Performance comparison with the two DL models

Metric BiLSTM Transformer

Train Val Test | Train Val Test
AUPRC (%) 230 76 83 | 172 86 7.3
Recall (%) 70.9 43.5 50.0 | 68.0 50.0 56.7
AUROC (%) 84.7 748 792 | 83.2 76.6 78.5
Accuracy (%) 80.3 84.3 85.7 | 80.7 84.5 85.1
F1 score (%) 183 131 11 181 149 119
Specificity (%) | 80.6 854 86.3 | 81.1 854 85.6
Precision (%) 105 7.7 6.2 | 104 88 6.6
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FiGURE 4.22 AUPRC and AUROC performance of the BiLSTM classifier
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F1GURE 4.23 AUPRC and AUROC performance of the Transformer classifier
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low AUPRCs of 8.3% and 7.3%, respectively as shown in Figure 4.22 and Figure 4.23. The
Transformer’s slightly higher recall suggests that its attention mechanism may better identify
critical time steps. Despite their capacity to model complex temporal dependencies, the low
recall and precision for the minority class highlight the combined effects of class imbalance
and limited sample size, which constrain the models’ ability to learn robust, discriminative

patterns.

Despite the small cohort and deliberately simple architectures, both DL models achieved
competitive test AUROCS, outperforming most classical ML baselines except Ridge and our
proposed LR. These findings suggest that sequence models can capture clinically meaningful
temporal patterns in multivariate time-series data, even under data scarcity. However, their
performance remained constrained by severe class imbalance, limited sample size, and reliance

on only the last 24 hours of data.

Although the DL models achieved slightly higher overall accuracy, they exhibited low sensiti-
vity to readmission cases, reflecting the challenges of imbalance and limited data. Between the
two architectures, the Transformer achieved marginally higher test recall than the BiLSTM,
underscoring the potential of attention mechanisms to identify relevant temporal dependen-
cies. Nevertheless, given its superior recall, interpretability, and generalization, LR remains

the most clinically reliable model in this setting.

Performance comparison with previous works

Compared to previous work, our DL and linear models demonstrate markedly higher pre-
dictive performance for PICU readmission as shown in Table 4.10. Laksana et al. [207] em-

ployed an LSTM-based RNN to predict patient readmission within the first three days post-

TABLE 4.10 Performance comparison with previous PICU readmission models

Study AUROC (%)
LSTM [207] 64.4
RF [208] 70.0
Our proposed ET 71.4
Our proposed XGBoost 72.4
Our proposed LightGBM 74.2
Our proposed SVM 74.9
Our proposed Transformer 78.5
Our proposed BiLSTM 79.2
Our proposed Ridge 80
Our proposed LR 87.8




111

discharge, achieving a moderate AUROC of 64.4%, despite augmenting their input with
synthetic features and temporal masking to handle missingness. Similarly, Arshad et al. [208]
evaluated RF, LR, and ElasticNet models, reporting a maximum AUROC of 70% with the RF
model. In contrast, our deep learning models deliver competitive performance, with BiLSTM
and Transformer reaching test AUROCs of 79.2% and 78.5%, respectively. These results high-
light the value of integrating categorical state representations with raw numeric time series to
mitigate age-based variability. Moreover, when trained on our proposed engineered features,
classical ML models achieve substantially higher discrimination with the interpretable LR
attains an AUROC of 87.8%, underscoring the effectiveness of the feature engineering and

the selection procedure used to identify the most informative predictors.

4.2.3 Global interpretability

For the LR model, we assessed interpretability with two complementary analyses. First as
shown in Figure 4.24, we ranked features by the absolute values of their LR coefficients which
indicate the direction and magnitude of each feature’s contribution to the prediction. Second
as shown in Figure 4.25, we performed a leave-one-feature-out ablation, measuring the drop
in AUPRC of both training and validation splits when each feature was removed. This cri-
terion highlights features that are most critical to preserving discrimination for the minority
class. Together, coefficient-based ranking (global direction and strength) and ablation-based
importance (conditional utility given other predictors) provide a coherent picture of which
variables drive predictions and which are indispensable for maintaining minority-class sensi-
tivity.

The results indicate that our proposed, medical knowledge-based features are highly effec-
tive, emerging as the strongest drivers of model performance. In particular, temporally in-
formed descriptors—such as the time to first abnormal value, the recovery latency (time
from an abnormal value to the first return to normal), the severe-state ratio (fraction of
time spent in abnormal sever state), the discharge-state flag (low/high at discharge), and the
last observed state—consistently rank among the most informative predictors. In addition,
signal-processing—based features derived from wavelet and wavelet—packet representations
contribute meaningfully. Collectively, these engineered features and the diagnoses CCSR
categories outperform simple statistical summaries by capturing fluctuation dynamics and

recovery trajectories that differentiate readmitted from non-readmitted patients.

The analyses also highlight clinically coherent contributors : abnormal vital signs (HR, RR,
Systolic Blood Pressure (SBP), Mean Blood Pressure (MBP)) ; abnormal laboratory results
(phosphorus, monocytes, albumin, Absolute Reticulocyte Count (ARC), glucose, and blood
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FIGURE 4.24 Feature ranking based on LR model coefficients
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gases such as PO,) ; abnormal fluid balance (urine output and input/output ratios) ; abnor-
mal scores (GCS, FLACC, CAPD, Evaluation du risque de chute (Fall Risk Assessment),
COMFORT-B) ; use of medications (Acide acetylsalicylique, Digoxine, Midazolam, Ondanse-
tron) ; and the presence of musculoskeletal pain and back problems. Notably, variables such as
Acide acetylsalicylique  PO_ sum and Digoxine Count rank highly across both coefficient-
based and ablation-based importance, reinforcing their predictive value and clinical relevance
for PICU readmission. Taken together, these complementary results increase confidence in
the model by revealing not only which features drive predictions but also which are indispen-
sable for maintaining performance. Table A.1 provides the full description of all extracted

features ranked by the absolute value of their LR coefficients.

For tree-based models, we used SHAP values to quantify feature importance. Figure 4.26
and Figure 4.27 summarize the XGBoost explainer. Consistently, medical knowledge-based
features and signal-processing—based features dominate, indicating that the model relies on

trajectories and state transitions rather than isolated measurements.

The most impactful pattern was variability in elevated Glucose (Glu) levels, a strong deter-
minant of predictions. Other key contributors included urine-related indicators, oxygen satu-
ration stability, and the timing of respiratory deterioration (Mechanical Ventilation). Labo-
ratory and treatment-related variables, as well as sedative usage timing, further contributed
to risk stratification. Collectively, these findings show that the model integrates absolute
physiological values with their temporal dynamics, emphasizing recovery speed, variability,
and intervention timing as critical factors for predicting PICU readmission. The distribu-
tion of top-ranked features underscores the need for a multimodal approach that integrates

diagnostic, physiologic, laboratory, and therapeutic information. .

The DL models, while demonstrating high predictive performance, are regarded as black-
box approaches due to their complex internal architectures and the non-linear interactions
between a large number of parameters. Unlike traditional statistical models, where feature
contributions can be directly quantified through coefficients or performance drop analysis,
DL models encode knowledge in multi-layered representations that are not inherently inter-
pretable to humans. This opacity makes it challenging to understand the specific reasoning
behind individual predictions or to identify which input features most strongly influence the

model’s decision-making process.
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4.2.4 Global interpretability of clinical variables

To assess global interpretability at the clinical variable level, we applied two complemen-
tary strategies. First, we aggregated the absolute LR coefficients of all features belonging to
each clinical variable, allowing us to quantify their overall contribution to the prediction of
PICU readmission. This approach highlights which variables consistently exert the strongest
influence across the entire cohort. Second, we conducted an ablation analysis, in which all
features corresponding to a given clinical variable were removed and the model retrained,
with the resulting drop in AUPRC used as a measure of importance. Together, these me-
thods provide a robust understanding of global interpretability : coefficient-based aggregation
reveals how strongly variables are weighted by the model, while ablation analysis captures

their unique predictive value when considered in the broader modeling context.

The global interpretability analysis based on LR coefficients (Figure 4.28) shows that Diag-
noses related variables dominate the model, contributing the largest cumulative effect, fol-
lowed by hemodynamic measures such as SBP, MBP, Diastolic Blood Pressure (DBP), and
other vital signs such as HR, RR and Oxygen saturation (SPO2), as well as functional scores
including FLACC, Comfort-B, and CAPD. In addition to Urine output and other laboatory
results such as (Phosphor (P), Blood Urea Nitrogen (BUN), Glucose, Platelets (PLT) and
pH). This indicates that both diagnostic information and physiological instability captured
by vital signs, laboratory results and sedation scores are central to the model’s predictions.
Table A.2 presents the cumulative absolute effects of all clinical variables used to train the LR
model for PICU readmission, together with the corresponding extracted features contributing

to each variable.

In contrast, the ablation-based analysis using combined AUPRC drop (Figure 4.29) highlights
Diagnoses again as the most influential variable, but also reveals that medications (e.g., Di-
goxine, Acide acetylsalicylique, Midazolam) play a more pronounced role than suggested by
coefficient-based importance alone. The consistency of Diagnosis across both methods rein-
forces its strong predictive value, while the differences between the two analyses emphasize the
complementary nature of these interpretability approaches : coefficient aggregation reflects
the weight assigned by the model, whereas ablation analysis uncovers the unique predictive

contribution of each clinical variable in the broader feature set.

4.2.5 Local interpretability

For local interpretability, we applied LIME to individual patients. We then aggregated

feature-level contributions into clinical variables, which allowed us to identify, for each pa-
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tient, the variables that most strongly supported the predicted outcome (readmission or

non-readmission).

We next examine cases where the model correctly predicted that a patient would be read-
mitted, aligning with the actual outcome. Figures 4.30 and 4.31 illustrate the local interpre-
tability results using LIME for two representative patients. For patient 1, the prediction was
strongly supported by laboratory variables such as (capillary lactate, Troponin, Thyroid-
Stimulating Hormone (TSH)) and medication exposures like Ciprofloxacine and Acetylcy-
steine, alongside diagnostic codes, all of which contributed meaningful weight to the model’s
decision. For patient 2, the model’s high confidence in readmission was driven by a slightly
different profile, with strong influence from Acetylcysteine, Ciprofloxacine, and Diagnosis,
supplemented by laboratory indicators (e.g., TSH, venous HCO3, capillary lactate) and cli-
nical scores (e.g., Comfort-B). These examples demonstrate how different clinical variables,
spanning diagnoses, labs, and treatments, combine to support readmission risk predictions,

highlighting the model’s ability to capture patient-specific factors.

We also examined cases where the model predicted that a patient would be readmitted, while
in reality the patient was not readmitted. Figures 4.32 and 4.33 show two such examples of
false positives. For patient 3, the model’s decision was mainly driven by medication exposures
(e.g., Ciprofloxacine, Acetylcysteine, Isuprel, Tobramycine), Diagnosis, and supported by
clinical scores (e.g., FLACC) and laboratory results (T'SH) . Similarly, in patient 4, the
prediction was supported by laboratory results (capillary lactate, Glucose, TSH), meidcations
(Ciprofloxacine, Acetylcysteine, Isuprel, Digoxine) and Diagnosis, along with clinical scores
(e.g., FLACC). These examples illustrate how treatments, diagnoses, and laboratory markers
may lead the model to infer elevated risk of readmission, even in patients who ultimately
recovered without requiring readmission. Such false positives suggest that while the model
is sensitive to clinically relevant risk factors, it may overestimate their combined effect in

certain individuals.
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4.2.6 Impact of SMOTE oversampling on model performance

Table 4.11 summarizes the effect of applying the SMOTE technique to generate synthetic
samples for the minority class. In our setting, SMOTE did not improve generalization. Across
models, we observed pronounced overfitting : apparent gains on the training and validation
splits failed to transfer to the test set. This likely reflects the fact that SMOTE interpolates
in feature space without preserving patient-level trajectories, joint dependencies among labo-
ratory values, vital signs, and treatments, or coding artifacts. As a result, synthetic samples
distorted clinically meaningful correlations and temporal structure, producing patterns ab-
sent from real records. The problem was exacerbated by the extreme imbalance in our dataset

(3% positives, 247 cases), which would have required approximately 30-fold augmentation.

Tree-based models tolerated the added noise somewhat better and benefited modestly from
the larger sample size, achieving AUROC around 60% on the test set, whereas several linear
baselines dropped below random performance (<50%). Overall, however, generalization re-
mained weak, underscoring that naive oversampling is insufficient on its own. In contrast,
cost-sensitive training consistently improved minority-class detection and yielded more re-

liable test performance across classifiers.
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CHAPTER 5 DISCUSSION

5.1 Discussion

We proposed a practical strategy to predict ICU readmission within the first 72 hours of
admission in the MIMIC-IIT database. The approach combines a LightGBM classifier with
clinically guided feature engineering for time series, followed by feature selection to retain

the most informative predictors and discard weak or redundant ones.

The proposed pipeline demonstrated several notable strengths. First, we carefully defined in-
clusion and exclusion criteria and adopted a clinically meaningful three-day readmission win-
dow, ensuring that the problem formulation aligns with hospital practices and provides actio-
nable insights for discharge planning. Our pipeline integrated variables spanning multiple do-
mains—including vital signs, laboratory results, fluid balance, and diagnostic codes—thereby
capturing the multifaceted nature of an ICU stay. Rigorous preprocessing steps, such as har-
monizing units, correcting inconsistencies, and removing physiologically implausible values,
further enhanced data quality. Missing data were systematically addressed with imputation
strategies, and numerical values were complemented with categorical state representations

(e.g., low, normal, high), improving interpretability and supporting clinical reasoning.

Another strength lies in the diversity and depth of feature extraction. Beyond standard
statistical descriptors, we introduced some clinical knowledge-based, temporal, and spectral
features that enriched the data representation and contributed substantially to model perfor-
mance. The use of diagnosis embeddings offered an innovative way to capture the complex in-
teractions between comorbidities and care pathways, with these embeddings emerging among
the most influential predictors. To mitigate redundancy, we employed MI for feature selec-
tion, preserving both linear and non-linear associations while reducing noise. Importantly, we
addressed the severe class imbalance problem not by discarding data through sub-sampling
but by applying cost-sensitive training, thereby giving greater weight to readmitted patients
without distorting the underlying distribution. The resulting Light GBM model not only out-
performed traditional ML approaches but also achieved performance comparable to advanced
DL methods, while retaining interpretability through SHAP analysis—an essential property

for clinical adoption.

Despite these advantages, several limitations temper the strength of our findings. Our impu-
tation strategy was uniform across variables of very different clinical natures, which may not

have been optimal. For example, LOCF is inappropriate for medications : it would falsely



123

imply continuous, hourly administration. Therefore, addressing missing data with methods
that respect temporal structure and clinical constraints is crucial. Likewise, temporal and
spectral feature extraction through automated libraries generated a vast number of highly
correlated descriptors, many of which were redundant. The MI-based feature selection me-
thod, while effective in capturing univariate relevance, was limited in its ability to identify
the most robust multivariate interactions. Furthermore, our approach to class imbalance re-

lied solely on cost-sensitive training ; we did not evaluate alternative oversampling techniques

such as SMOTE.

Additional limitations are tied to evaluation and generalizability. The random splitting of the
dataset into training and test sets may have introduced optimistic bias by neglecting tem-
poral trends, as patient characteristics and treatment practices evolve over time. We empha-
sized AUROC as the primary performance metric, but in the context of highly imbalanced
outcomes such as ICU readmission, metrics like recall, precision and AUPRC are equally,
if not more, important. Diagnosis embeddings, although effective predictors, were difficult
to interpret clinically, limiting their explanatory value for physicians. Although the model
demonstrates promising performance, prospective evaluation and integration into existing
clinical workflows without disrupting routine practice remain essential priorities to ensure
that it becomes both robust and actionable in clinical practice. Finally, because the model
was developed on a single-center database, its external validity and generalizability remain
untested. To support deployment as a decision aid, performance should be validated and
calibrated on external databases and across care settings. Addressing these challenges will
be critical for future work aiming to move beyond proof-of-concept toward safe, reliable, and

clinically deployable decision support systems.

To address limitations encountered in the ICU pipeline, we extended and optimized the end-
to-end workflow on CathyDB (Sainte-Justine Hospital). The pipeline developed for predicting
readmission in the PICU builds on the methodological advances established with MIMIC-III
while incorporating several innovations tailored to the unique challenges of pediatric data. We
extracted variables spanning multiple clinical domains—including treatments, medications,
and sedation scores—which provided a more comprehensive representation of a child’s PICU
stay than the adult pipeline. Rigorous preprocessing ensured data consistency : units of
measurement were harmonized, documentation errors corrected, and noise managed through
a proposed two-stage Kalman—wavelet filter that reduced noise while preserving key and
real abrupt physiological patterns. By denoising the signals before extracting temporal and
spectral features, we reduce the influence of measurement artifacts and random fluctuations.
This enhances the sensitivity of the extracted features to real physiological changes, improving

both model performance and interpretability. Missing data were addressed with a category-
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aware imputation strategy that accounted for the clinical meaning of each variable, and
for variables that were completely missing, we used age-specific median imputation based
on population distributions. This design avoids implausible trajectories, preserves clinically
meaningful dynamics, and improves downstream learning. Many pediatric variables are age-
dependent with reference intervals that shift across pediatric age bands, making it difficult
for the model to consistently distinguish normal from abnormal values. To reduce the burden
on the model to infer age-specific normal ranges, we recoded numerical values into categorical
states (low, normal, high) using quantile-based thresholds, thereby enhancing interpretability

and robustness in the face of pediatric heterogeneity.

A major strength of this pipeline lies in its feature engineering. Beyond conventional statistical
measures, we extracted clinical knowledge-based and signal processing based descriptors that
captured hidden dynamics and substantially improved predictive performance. Not all va-
riables exhibit oscillatory behavior ; therefore, we restricted signal-processing features to vital
signs, which possess clear temporal and spectral structure. From the smoothed vital signals,
we computed a targeted set of spectral/temporal descriptors that proved most informative
in the ICU setting : FFT-based bandpower summaries, energies from wavelet approxima-
tion and detail coefficients, wavelet-packet node energies, power-spectral density statistics,
and spectral entropy. Non-oscillatory variables were instead represented with clinically deri-
ved state and burden measures, yielding complementary, mechanism-aligned information. We
summarized patient status over three clinically salient windows : (i) admission (first 3 hours
post-PICU admission), (ii) discharge (last 3 hours pre-PICU discharge), and (iii) the entire
PICU stay. These windows capture initial severity, recovery trajectory, and terminal status,
enabling the model to quantify fluctuation burden and recovery dynamics and to distinguish
features associated with admission versus those indicative of subsequent readmission risk.
Unlike the opaque 300-dimensional diagnosis embeddings, we we represented diagnoses using
297 CCSR categories, which group related conditions into clinically coherent classes and fa-
cilitate attribution of risk to specific diagnostic domains. This design choice allowed us to
preserve clinical transparency while retaining predictive ability, making the risk factors more
actionable for physicians. Feature selection combined MI (to capture univariate associations)
with Lasso regularization (to retain robust multivariate interactions), producing a compact
but highly informative set of predictors. Together, these strategies enhanced the model’s

ability to capture both individual effects and higher-order patterns across the dataset.

The pipeline also addressed class imbalance through cost-sensitive learning and systemati-
cally compared it to oversampling with SMOTE, providing a balanced view of trade-offs.
Importantly, we did not rely solely on AUROC, but also reported AUPRC, recall, and ac-

curacy—metrics that are critical in the context of few but clinically serious events such as
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PICU readmissions. We further proposed a custom class-wise loss function for linear models
that penalized misclassification in both positive and negative classes, preventing the majority
class from dominating optimization and guiding feature selection toward minority-class sen-
sitivity. For classifiers based on decision scores, we introduced a procedure to convert scores
into calibrated probabilities, and we adapted the KNN decision rule to better handle highly
imbalanced data. Evaluation was conducted using a temporal split to mimic real-world de-
ployment scenarios, ensuring that the reported performance more closely reflects prospective

clinical use.

For some models, the test performance exceeded the validation performance. This can be at-
tributed to the temporal split of the data, where the readmission rate was not identical across
the validation and test sets. Moreover, since the final model was optimized using five-fold
cross-validation, its final parameters were influenced by multiple training—validation splits
rather than a single validation set, making the validation performance less representative of

the final generalization ability.

Although the model achieved a high recall (83.3%) and a good specificity (81.7%), the preci-
sion remained low. This outcome reflects the highly imbalanced nature of the dataset, where
the number of readmitted (positive) cases is much smaller than the non-readmitted (nega-
tive) ones. In such settings, even a modest number of false positives can substantially lower
precision. Achieving high precision would require an extremely high specificity (approaching
99%), which is difficult without sacrificing recall. In practice, models that maximize specificity
tend to become biased toward the majority negative class, thereby missing true readmissions.
However, from a clinical standpoint, maintaining a high recall is more critical, as correctly
identifying patients at risk of readmission is essential for timely intervention and potentially

life-saving care.

The results highlight the power of thoughtful feature engineering. Even with a limited-size
pediatric dataset, our approach enabled a relatively simple LR model to outperform more
complex ML and DL methods, underscoring the importance of domain-specific feature design.
At the same time, our DL models with attention mechanisms showed promising performance,
surpassing prior studies while using relatively simple architectures. Crucially, interpretability
was embedded throughout : we provided both global explanations at the feature-engineering
and clinical-variable levels, as well as local explanations for individual predictions. This is
essential for clinician trust and clinical decision-making. Taken together, the PICU pipeline
represents a robust and interpretable approach that not only advances the state of the art but
also holds tangible potential to improve discharge planning, reduce preventable readmissions,

decrease length of stay, and ultimately enhance the quality of pediatric critical care.
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5.2 Limitations

Despite the strengths of our PICU pipeline, this study has several limitations that temper its
generalizability and suggest directions for future work. First, the dataset is relatively small
and severely imbalanced, which constrains model capacity and increases variance in perfor-
mance estimates. Another major limitation is the set of variables that were not included in
our analysis. Severity of illness scores such as Pediatric Logistic Organ Dysfunction (PELOD)
and specialized discharge scores were absent from our database. Similarly, we did not capture
neurological deficits, surgical interventions, dependence on medical devices, or nutritional in-
terventions, all of which are clinically relevant factors that could influence readmission risk
and consistently identified in the literature as strong predictors of readmission. In addition,
we limited our analysis to structured tabular data and did not exploit other valuable moda-
lities such as free-text clinical notes or medical imaging (e.g., chest X-ray, MRI), which have

shown promising results in other studies and could enhance predictive power.

Certain methodological choices also introduce constraints. Some of the variables we used, such
as ICD-10 diagnostic codes, are only available at discharge, which makes them unsuitable
for real-time deployment ; we included them here to better understand their contribution
and to inform future database design. We defined normal ranges using quantiles instead of
the common z-score method, which does not always represent true population distributions.
Our imputation strategy, though category-aware and clinically informed, was not validated
against alternative methods such as MICE, leaving uncertainty about its robustness. Like-
wise, our two-stage Kalman—wavelet filtering approach to noise reduction in vital signs was
not benchmarked against direct feature extraction from raw signals or against other filtering
techniques, limiting confidence in its relative advantages. Additional spectral and temporal
descriptors, as well as alternative sequence representation methods such as learned embed-
dings, were also not explored, which could have revealed better performance. Moreover, we
did not leverage external knowledge from medical ontologies or domain-specific databases
such as UMLS or SNOMED ; integrating such resources could enhance feature representa-

tions and facilitate a deeper understanding of relationships among clinical variables.

From a modeling standpoint, our approach faced challenges related to dataset size and com-
putational complexity. The limited sample size restricted our ability to train more advanced
DL models, and we did not pursue synthetic temporal data generation that could have mi-
tigated this limitation. Consequently, our evaluation of DL was limited to two relatively
simple architectures, while prior studies suggest that more sophisticated models could yield
stronger results. In addition, our DL experiments were limited to time-series inputs with

demographic and diagnoses data and excluded laboratory results and other informative mo-
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dalities, which may have capped their performance. Similarly, although boosting algorithms
such as XGBoost and Light GBM are known to be highly competitive, their performance was
constrained by the limited dataset size. Our training strategy also relied on computationally
intensive procedures : grid search for hyperparameter optimization and a three-stage trai-
ning with wrapper feature selection process based on greedy search. While effective, these
approaches were time-consuming and increased the cost of experimentation. Moreover, the
objective function used to select features by maximizing the min performance across splits,

was not sufficiently robust, as it could improve weaker folds while degrading stronger ones.

In addition, there are some limitations concern interpretability and representation choices.
Although we improved diagnostic interpretability by using CCSR categories, this representa-
tion was less informative than high-dimensional embeddings, highlighting a trade-off between
transparency and richness of information. At the interpretability stage, we combined all diag-
noses into a single category to enable global analysis, but this may obscure the contribution
of individual diagnosis categories, which could carry distinct clinical implications. Local in-
terpretability may be biased, as variables with many features can appear more important,
while true risk factors with fewer features may be underestimated. The DL models were
not paired with post-hoc explanation methods (e.g., DeepSHAP), limiting insight into which
features drive their predictions. These shortcomings underscore the need for richer, more
nuanced feature representation and interpretability strategies that balance clinical usability

with predictive accuracy.

Finally, although our model achieved high AUROC and recall with reasonable AUPRC, ove-
rall accuracy was modest, reflecting threshold trade-offs. More importantly, the system cur-
rently provides only a single risk estimate at discharge, rather than time-updated predictions
during the PICU stay, which limits its real-time clinical utility. The study was also restricted
to a single-center retrospective cohort, and external validation across multiple hospitals, as

well as temporal recalibration, will be essential before deployment in practice.
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CHAPTER 6 CONCLUSION

6.1 Summary of Works

Readmission is a critical quality and safety metric, associated with increased mortality, longer
LOS, and higher healthcare costs. Early and accurate risk identification is therefore essen-
tial to reduce avoidable morbidity and mortality, limit PICU “bounce-backs,” and lessen the
burden on hospital resources and staff by informing discharge readiness, guiding targeted
post-discharge monitoring, enabling proactive interventions, and optimizing resource allo-
cation. While adult ICU readmission has been extensively studied, pediatric investigations

remain relatively sparse and, to date, have reported only modest performance.

This thesis focused on developing high-performing and interpretable models to predict un-
planned PICU readmission within 72 hours of discharge. The work used limited, imbalanced,
and heterogenecous EHR data covering entire ICU and PICU stays. Guided by our research
question, we pursued three objectives : (i) to design an end-to-end ICU readmission pipeline
on public adult data (MIMIC-III); (ii) to adapt and optimize this pipeline for the pedia-
tric context (CathyDB, CHU Sainte-Justine) ; and (iii) to ensure that model predictions are

interpretable and clinically meaningful.

To achieve these goals, we built a pediatric-aware pipeline that handles noisy, irregular,
and heterogeneous PICU data. The framework combined variable-aware preprocessing, age-
normalized representations, medical knowledge-based feature engineering, advanced temporal
and spectral descriptors, and imbalance-aware learning strategies. Results showed that in-
terpretable models can achieve state-of-the-art performance. In MIMIC-III, our Light GBM
baseline reached an AUROC of 78.6%, comparable to more complex deep learning networks.
In the pediatric dataset (CathyDB), our logistic regression model achieved strong perfor-
mance (AUROC 87.8%, Recall 83.3%, AUPRC 13.8%, Accuracy 81.8%) with cross-validation
AUROC of 80%, outperforming both classical ML and deep learning models as well as pre-
vious published work. Importantly, interpretability analyses showed that the most influential
predictors aligned with established clinical reasoning, which supports the model’s credibility

for clinical use.

The main contribution of this work is bridging the gap between technical rigor and clini-
cal relevance. It lays the foundation for deploying interpretable Al systems in critical care,
demonstrating that transparent models can match or surpass the performance of black-box

approaches. This achievement carries significant implications for healthcare systems : suppor-
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ting safer discharge decisions, providing real-time decision support to physicians, improving
outcomes for vulnerable pediatric populations, strengthening post-discharge monitoring, and

enabling more efficient use of scarce PICU resources.

In a broader context, this thesis illustrates how pediatric-aware Al can reshape critical care by
reducing preventable complications, improving hospital efficiency, and ultimately enhancing
the quality of life for children and their families. The methodological principles advanced
here—robust preprocessing, transparent modeling, and clinically faithful explanations—are
not limited to PICU readmission but extend to other high-stakes medical prediction tasks.
Taken together, these findings affirm that interpretable and reliable AI can serve both as
a decision-support tool and as a catalyst for transforming critical care into a safer, more

proactive, and more equitable practice.

6.2 Future Research

The potential of ICU and PICU readmission prediction to reduce preventable readmissions
and improve outcomes is significant, yet several critical areas require further research to fully
realize this potential. At the data level, there is an urgent need for standardization of EHR
databases and cohorts. Harmonized data collection, consistent inclusion and exclusion cri-
teria, and unified definitions of readmission timeframes would allow more comparable and
reliable research across institutions. Hospitals should also aim to improve data entry prac-
tices, for example by providing training for nurses and physicians to reduce documentation
errors. Extraction pipelines should be enhanced to capture the full spectrum of available
variables rather than only those deemed relevant to a particular research problem, ensuring

that valuable predictors are not systematically overlooked.

A second priority is the expansion of variable scope and multimodal data integration. Fu-
ture pipelines should include clinically validated predictors that were absent from this study,
such as severity-of-illness scores (e.g., PELOD), discharge readiness scores, neurological sta-
tus, surgical interventions, device dependence, and nutritional interventions. These factors
have been repeatedly identified in the literature as strong predictors of readmission. In ad-
dition, future systems should leverage modalities beyond structured tabular data : free-text
notes, discharge summaries, and medical images such as X-rays and MRI scans can provide
essential contextual and diagnostic information. Disease representation also requires advan-
cement : while CCSR categories improved interpretability, they lacked depth compared to
embeddings. Promising avenues include graph-based and hierarchical embeddings, which can
capture relationships among diseases, and the integration of external medical ontologies (e.g.,

UMLS, SNOMED), which can ground embeddings in clinically meaningful hierarchies.
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From a methodological perspective, data preprocessing and feature representation remain
areas where systematic benchmarking is needed. Our category-aware imputation and Kal-
man—wavelet filtering approaches were promising but require comparison against established
methods such as MICE and alternative filtering strategies. Normalization of physiological
values should also be revisited ; while we used quantile thresholds, z-scores are widely used
in pediatrics and may more accurately capture underlying distributions. In terms of fea-
ture design, future work should expand the repertoire of temporal and spectral features and
move toward direct representation learning from raw signals, using autoencoders or sequence

embedding models to reduce reliance on hand-crafted features.

Data augmentation and representation learning are particularly pressing given the small size
and imbalance of pediatric datasets. Traditional oversampling techniques such as SMOTE
proved insufficient, highlighting the need for clinically constrained augmentation methods
that preserve temporal structure and physiological plausibility. Deep generative models, va-
riational autoencoders, and self-supervised pretraining on large EHR corpora could be used
to generate realistic synthetic trajectories, reduce variance, and support the training of more
complex architectures. Reinforcement learning and transfer learning represent further op-
portunities to overcome small-sample limitations and better exploit related datasets. As the
database continues to grow, incremental updating of models with new cases, potentially

through reinforcement learning or transfer learning, could mitigate data scarcity.

At the modeling level, training strategies and optimization methods should also be refined.
Our feature selection relied on a greedy, three-stage pipeline and an objective function that
prioritized improving weaker folds, but this approach may not yield globally optimal fea-
ture subsets. Future work should explore stability selection, multi-objective optimization,
and variance-reducing alternatives. Hyperparameter optimization should move beyond ex-
haustive grid search toward more efficient methods such as Bayesian optimization, random
search, or Hyperband. Deeper and more diverse architectures are needed, including ensemble
approaches combining multiple models, as well as multitask architectures that learn sha-
red representations across related prediction tasks, may further enhance performance and

robustness.

Achieving clinical deployment and generalization requires several additional steps. Scaling
beyond a single-center to multi-center pediatric cohorts, coupled with external validation
and temporal recalibration, is essential for generalizability. Interpretability also requires ex-
pansion : while our LR model provided global and local explanations, deep models must be
paired with post-hoc explanation methods such as DeepSHAP. Local interpretability should

be strengthened to make predictions clinically actionable. Visual tools that dynamically re-
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present patient trajectories and risk factors could help physicians understand and trust model
outputs. Prediction systems should evolve from static discharge-only estimates to dynamic,
time-updated risk predictions refreshed every few hours during a patient’s stay. Models must
be prospectively evaluated in real-time workflows and hardened with distribution-drift mo-

nitoring, fairness audits across subgroups, and scheduled recalibration or retraining.

Finally, leveraging cloud technologies would also facilitate model updating and retraining
periodically using continuously accumulating data, support deployment across multiple hos-
pitals, and reduce the hardware burden on individual institutions. With these advances,
predictive pipelines can mature from retrospective analyses into clinically reliable decision-
support tools that reduce preventable readmissions, optimize discharge decisions, and ulti-
mately improve both patient outcomes and resource use. Cloud-based architectures offer a
promising solution by enabling secure, distributed storage, rapid model inference, and inte-

gration with electronic health record systems in near real-time.
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APPENDIX A FEATURE AND CLINICAL VARIABLE IMPORTANCE
TABLES OF LR MODEL

This appendix provides detailed tables summarizing the importance of features and clinical

variables in the LR model for predicting PICU readmission.

Table A.1 lists all extracted features ranked by the absolute value of their LR coefficients,
providing a complete description of each feature’s relative influence on the model’s predic-

tions.

TABLE A.1 — LR features and absolute coefficients

Feature 15

SBP_low_ ratio 0.382350
Urine is last low 0.290492
CCSR._MALO008 0.287367
arterial PO2 is last high 0.239641
Motor_response first abnormal time 0.235616
CAPD_long time respond Severe ratio 0.230649
FLACC_Cry_Moderate Pleurs count 0.226806
RR wavelet dl max 0.222201
MBP_ low_ count_ Response 0.219693
Comfort B Restlessness Mild ratio 0.215927
admittype_Unité de soin 0.215681
ING_EXC_ has low_ Discharge 0.215137
Acide_ acetylsalicylique_ PO_ sum 0.212472
Digoxine Count 0.212011
P__mean_high diff 0.211842
HR_ max 0.209735
P_std 0.206553
RR_has_high Discharge 0.205466
Mono time to normal 0.205264
MBP_wp_ d_std 0.201050
arterial PO2 is last_abnormal 0.199305
Troponin_rate of change 0.197536
Respiratory category used_ Discharge 0.196208




(continued)

Feature 18|
Urine mean_low diff 0.194927
BUN_ high count 0.192355
DBP__has abnormal Discharge 0.192221
HR_ high ratio 0.189471
Insuline sum 0.189358
num_ used_medications_ categories 0.189146
SBP_Discharge state Deteriorate 0.188655
Tot_Bil max high diff 0.188270
ALT min 0.187620
ING_ _EXC_abnormal count_ Discharge 0.187197
PLT num_ changes 0.187039
Rocuronium__ Count 0.186206
SPO2 is last low 0.183847
arterial PCO2 mean 0.183392
ING EXC abnormal count 0.182684
DBP_wp_a_energy 0.180479
CCSR_ENDO016 0.179315
TSH_abnormal ratio 0.178614
CCSR._INJ075 0.177931
capillary  PCO2_high_ ratio 0.176755
CAPD Restless is last Moderate 0.175012
RR_ total power 0.174211
SBP_wp_a_energy 0.173199
SBP_wavelet_ approx_ energy 0.173199
HR_has_high 0.172666
Glu__mean 0.169875
BUN abnormal count 0.166380
arterial pH mean low diff 0.165618
Urine_ Discharge state Abnormal 0.165204
CCSR_INJ019 0.163233
EV_is last Moderate pain 0.161468
arterial _pH has low 0.161464
Chute time to normal 0.160008
Glu_low_count 0.159869
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(continued)

Feature 18|
Urine_ Response_state Normal 0.159762
Comfort B Facial tension is first Moderate 0.158807
MBP_wp_a_ max 0.158638
CCSR._MAL003 0.158605
CCSR_NEO048 0.158097
RR._is last_high 0.157075
ARC abnormal count 0.153745
PLT has abnormal 0.153200
CCSR._ GENO002 0.152896
CCSR__CIR006 0.152867
SPO2_ max_diff Discharge 0.152066
Prednisolone sum 0.151047
venous_PCO2_ mean low diff 0.150851
arterial PO2 high ratio 0.149930
MBP_first abnormal time 0.149600
FLACC_ Face Mild Sourcils count 0.148295
FLACC_Consolability Moderate consoler ratio 0.147870
BUN max 0.147275
Comfort B Consciousness_is first Critical 0.143835
CCSR__PNL002 0.142811
Hgb num_changes 0.141006
RR_total mean 0.140841
P_time to_discharge 0.140828
NaCl IV sum 0.140279
venous_ PCO2_rate of change 0.136847
SPO2_ psd_freq 0.136071
Tirage gen first _abnormal time 0.134226
VentNonInv ratio 0.133836
SBP__high_count 0.133768
FLACC Cry_Moderate Plaintes count 0.133332
arterial pH_first abnormal time 0.132996
Ciprofloxacine_ PO__mean 0.132093
Midazolam Count 0.131610
DBP_max_high diff 0.131182
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(continued)

Feature 18|
CL_has low 0.130721
Tobramycine SA mean 0.129592
FLACC__Consolability_time_to_normal 0.129042
ARC_max_high diff 0.125653
ING_EXC_is First_low 0.125633
Albumin_ rate_of change 0.124733
venous. HCO3 is First_high 0.124322
MAP__min 0.123552
DBP_ abnormal count Admission 0.123043
AST time to normal 0.122251
Hgb has abnormal 0.122239
FLACC_Revised Leg time to_ normal 0.121751
admittype_ Unknown 0.121668
CAPD_long time respond Severe count 0.120316
Troponin_ std 0.119662
SBP mean 0.119129
GCS_max 0.119085
MBP_ low count 0.118860
SBP_is last_abnormal 0.118021
FLACC Face is last Moderate MAachoires 0.116977
CCSR._ENDO012 0.115526
Mg is First_high 0.115331
CCSR_NVS014 0.113939
CCSR_MUS007 0.112960
CCSR__NEO049 0.112856
Tobramycine IV__sum 0.111183
CCSR__DIGO012 0.110023
MCV _abnormal count 0.109893
CCSR_SYMO013 0.109679
Cr_is First low 0.109306
Ondansetron mean 0.108580
CCSR,_RSPO0O17 0.108334
Tot_Bil high count 0.107170
FLACC Revised Leg is last Moderate augmentée 0.105694
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(continued)

Feature 1B
COMFORT B is first Weaning sedation 0.105472
SBP_is First_low 0.104852
venous_ pH_is First_high 0.104419
Verbal response Mild count 0.103866
last_ weight median 0.103428
Cal Ion Serum max 0.103197
Clobazam PO sum 0.103081
age category Infants 0.102059
SBP low count Response 0.101645
CCSR__DIGO010 0.101525
CCSR__NEOO058 0.101070
Gastrointestinal _category used Admission 0.100386
GCS_has_Low 0.099927
Acide tranexamique IV Count 0.099111
CCSR__EXTO018 0.098407
CCSR__DIG024 0.097158
CCSR_EXT015 0.097144
CCSR__NEOO070 0.096261
Inspiratory_press std 0.095254
MBP_wavelet dl1 max 0.095081
Naproxen sum 0.094935
CCSR.__CIR024 0.094914
CCSR__CIR021 0.094879
CCSR_MBDO010 0.093427
FLACC__Revised_Consolability Mild_ distraire_ ratio 0.093191
age category Neonates 0.092610
arterial SO2 abnormal ratio 0.092543
TSH_is_First_ high 0.091436
CCSR__INJ031 0.090812
Lympho_ max high diff 0.090749
CAPD_ Aware_surroundings Severe ratio 0.090229
Glu__high_ count 0.089933
CCSR__NEO064 0.089477

NaCl IV Count

0.089295
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(continued)

Feature 1B
FLACC _ Revised Cry Moderate Plaintes count 0.089269
CCSR__EXT002 0.088998
LNHD_ usage_time 0.088739
Gabapentine _mean 0.087343
CCSR,_FAC009 0.087246
CCSR.__DIG025 0.086852
Caspofungine IV mean 0.086239
Ceftriaxone mean 0.085884
SPO2 psd_ max 0.084467
SPO2_has abnormal Discharge 0.084411
CCSR__DIG023 0.083970
Verbal response Critical count 0.083845
Acetylcysteine_ PO__mean 0.083261
CCSR__CIR031 0.083029
HR_has low 0.082975
SBP low_ count 0.082866
CCSR_NEOO015 0.082417
CCSR_SYMO001 0.082314
CCSR._DIG001 0.082101
CCSR__SKN002 0.081974
venous_SO2 min 0.081277
CCSR._SYMO010 0.080751
CO2_tot_gaz art_time_ to_discharge 0.079192
CCSR__CIR017 0.078426
Tirage supra_ claviculaire is last 3 0.078308
Hydroxyzine mean 0.078265
HR_ sampen 0.077017
ING_EXC is last_high 0.076618
Cardiovascular__category time last_use 0.076588
HR_wp_d_energy 0.076412
Antihistamine_category used_ Discharge 0.075009
CCSR._MUS025 0.074739
CCSR__DIG002 0.073082
CCSR__CIR005 0.072476
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(continued)

Feature 1B
CCSR,_FAC025 0.071988
CCSR._ MAL009 0.071376
CCSR__INJ030 0.070913
MBP_high count_ Admission 0.070448
Cal_Ton_Serum_ has_high 0.069739
venous PO2 abnormal ratio 0.069455
capillary Lactate max low diff 0.066388
CCSR__DIG009 0.066301
CCSR.__MUSO011 0.065683
CCSR_MUS004 0.065139
ING_EXC_ Discharge state Deteriorate 0.063348
CCSR_ENDO013 0.062982
CCSR_MUS023 0.062788
CCSR._FAC006 0.062574
Nifedipine sum 0.062543
bld prd count 0.061257
CCSR_ENDO015 0.061207
Tirage sous costal first abnormal time 0.060474
CCSR._INJ013 0.060035
CCSR__DIGO008 0.059904
Comfort B Ventilation is last Mild 0.059721
CCSR,_INJ014 0.059121
SBP_is_First_high 0.058870
ALP_first abnormal time 0.057484
RBC_rate of change 0.057382
DBP_low_count_ Discharge 0.057243
Comfort B Facial tension Moderate count 0.056674
Isuprel Count 0.055908
GCS time to normal 0.055285
CCSR__CIR013 0.053299
Tirage supra_ sternal 2 count 0.052960
Vancomycine IV Count 0.052390
arterial _Lactate high count 0.051695

DBP wavelet dl transients

0.051551
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(continued)

Feature 1B
HR_has_high Discharge 0.051013
SBP_mean_low_ diff 0.049662
ING_EXC_low_ ratio 0.049482
HR is First low 0.049356
Cal _max_ high diff 0.049231
Hydromorphone mean 0.048895
MBP __spectral entropy 0.048486
CCSR__NVS006 0.048138
MBP_ has high Admission 0.047729
CCSR__RSP010 0.047348
CCSR__CIRO11 0.047078
admittype_SOP__chirnoncar NP 0.046521
CCSR__CIR012 0.046344
SBP max diff Response 0.045836
Comfort B Consciousness Moderate count 0.045404
CCSR__MALO005 0.045224
ARC time to normal 0.045071
Amoxicilline Acide sum 0.043794
CCSR._MBDO001 0.043301
CCSR_NEO022 0.043019
SBP is First abnormal 0.041204
CCSR._INJ039 0.041200
SBP_ wp d mean 0.040562
SBP wavelet dl mean 0.040562
MBP_wp_a mean 0.040412
MBP_ wavelet__approx_mean 0.040412
capillary PCO2_ max_low_ diff 0.036531
COMFORT B has Weaning sedation 0.036111
Chute_rate_of change 0.035732
Methylprednisolone Count 0.034594
Motor_response is_last Severe 0.033353
SBP_iqr 0.032774
SPO2_ wavelet_approx_entropy 0.030386
HR_wp_a_entropy 0.029393
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(continued)

Feature 18|
ING EXC first abnormal time 0.028376
Clonidine  PO_sum 0.026386
ING EXC has abnormal 0.025010
DBP_ total power 0.023492
RR__has_high Response 0.020908
SPO2 abnormal count 0.019332
SPO2 low_ count 0.019332
Urine first abnormal time 0.018694
RR_wp_a_ entropy 0.018383
Urine_time_to discharge 0.018020
admittype_ Urgence 0.017988
Urine has abnormal 0.017725
age 0.017312
Fentanyl Timbre sum 0.013553
DBP_Response state Improved 0.008781
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Table A.2 aggregates features into their corresponding clinical variables and reports the

cumulative absolute effect of each variable, along with the list of features contributing to it.

This view highlights the overall role of higher-level clinical variables in shaping the model’s

decision-making.

TABLE A.2 — Clinical variables, their extracted features, and cumulative
absolute LR effect

Clinical variable

Extracted Features

Effect
(sum of |B])

Diagnosis

CCSR_*

5.8048

SBP

SBP_low_ratio, SBP_ Discharge state Deteriorate,
SBP_wp_a_energy, SBP_wavelet_ approx_ energy,
SBP_high count, SBP_mean,

SBP is last abnormal, SBP is First low,

SBP low count_Response, SBP_ low_count,

SBP is First high, SBP_ mean low diff,

SBP_ max diff Response, SBP_ is First abnormal,
SBP wp_ d mean, SBP wavelet dl mean,
SBP_iqr

1.8872

FLACC

FLACC_Cry_ Moderate_Pleurs_ count,

FLACC Face Mild_Sourcils_count,

FLACC _Consolability Moderate consoler ratio,
FLACC_Cry_Moderate_Plaintes_ count,
FLACC__Consolability time to_ normal,

FLACC Revised Leg time_ to normal,

FLACC Face is last Moderate Machoires,

FLACC_Revised Leg is last Moderate augmentée,
FLACC_Revised_Consolability Mild_distraire ratio,
FLACC_Revised Cry Moderate Plaintes count

1.3122

MBP

MBP__low_count_ Response, MBP_wp_d_std,
MBP_wp_ a_ max, MBP_ first abnormal time,
MBP_low count, MBP_ wavelet dl max,
MBP__high_count_ Admission,

MBP __spectral _entropy, MBP__has_ high Admission,

MBP_ wp a mean, MBP wavelet approx mean

1.1904
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(continued)
Clinical variable | Extracted Features Eifect
(sum of |3
ING EXC ING_EXC_has low_ Discharge, 0.9535
ING_EXC_abnormal count_ Discharge,
ING _EXC_abnormal count,
ING _EXC_is First_ low, ING_ EXC is last high,
ING__EXC_ Discharge state Deteriorate,
ING_EXC_low_ratio,
ING_EXC_first _abnormal time,
ING EXC has abnormal
RR RR_ wavelet_dl_ max, RR_has high Discharge, 0.9391
RR_total power, RR_is last high,
RR_total mean, RR_has_high Response,
RR_wp_a_entropy
HR HR_max, HR_high_ratio, HR_has high, 0.9380
HR_has_low, HR_sampen, HR_wp_d_ energy,
HR_has_high Discharge, HR is First_low,
HR_wp_ a_ entropy
Urine Urine is last low, Urine mean low diff, 0.8648
Urine_Discharge state Abnormal,
Urine Response state Normal,
Urine first abnormal time,
Urine_time to_discharge, Urine has abnormal
DBP DBP_has abnormal Discharge, DBP_ wp a energy, 0.7680
DBP_max_high diff,
DBP_abnormal count Admission,
DBP_low_count_ Discharge,
DBP_ wavelet d1_transients, DBP_total power,
DBP_Response state Improved
SPO2 SPO2_is last low, SPO2 max diff Discharge, 0.7099

SPO2_psd_freq, SPO2_psd_max,
SPO2_has_abnormal Discharge,

SPO2_ wavelet_approx_entropy,

SPO2 abnormal count, SPO2 low count
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(continued)
Clinical variable | Extracted Features Eifect
(sum of |3])
Comfort B Comfort B Restlessness Mild ratio, 0.6804
Comfort B Facial tension is first Moderate,
Comfort B Consciousness is_first  Critical,
Comfort B Ventilation is last Mild,
Comfort B Facial tension Moderate count,
Comfort. B Consciousness Moderate count
CAPD CAPD_long time_respond_ Severe ratio, 0.6162
CAPD Restless is last Moderate,
CAPD_long time_ respond_Severe count,
CAPD_ Aware surroundings Severe ratio
arterial PO2 arterial PO2 is last high, 0.5889
arterial PO2 is last abnormal,
arterial PO2_high ratio
P P_mean high diff, P_std, P_time to discharge 0.5592
BUN BUN_ high count, BUN_abnormal count, 0.5060
BUN max
arterial pH arterial pH mean low diff, arterial pH has low, 0.4601
arterial pH first abnormal time
Glu Glu_mean, Glu_low_ count, Glu_high count 0.4197
admittype admittype_Unité de soin, admittype Unknown, 0.4019
admittype_SOP__chirnoncar NP, admittype Urgence
PLT PLT num_ changes, PLT has abnormal 0.3402
Tirage Tirage gen first abnormal time, 0.3260
Tirage supra_ claviculaire is last_ 3,
Tirage sous_costal first abnormal time,
Tirage supra_sternal 2 count
ARC ARC__abnormal count, ARC_max_high diff, 0.3245
ARC time to normal
Troponin Troponin_ rate of change, Troponin_ std 0.3172
Tot_ Bil Tot_Bil max high diff, Tot_ Bil high count 0.2954
venous PCO2 venous_ PCO2_ mean_low_ diff, 0.2877

venous_ PCO2_rate of change
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(continued)
Clinical variable | Extracted Features Eifect
(sum of |3
GCS GCS_max, GCS_has Low, GCS_ time to normal 0.2743
TSH TSH_abnormal ratio, TSH_ is First high 0.2701
Motor response Motor_response_ first__abnormal time, 0.2690
Motor response is last Severe
Hgb Hgb_ num_ changes, Hgb has abnormal 0.2632
Tobramycine Tobramycine  SA mean, Tobramycine IV sum 0.2408
NaCl NaCl IV _sum, NaCl IV_ Count 0.2296
capillary  PCO2 capillary_ PCO2_high_ratio, 0.2133
capillary  PCO2_max_low_ diff
Acide Acide acetylsalicylique_ PO__sum 0.2125
acetylsalicylique
Digoxine Digoxine_ Count 0.2120
age age_ category Infants, age category Neonates, age 0.2120
Mono Mono_time to normal 0.2053
Respiratory ) .
Respiratory category_used_ Discharge 0.1962
category
Chute Chute_time_to_normal, Chute_ rate of change 0.1957
Insuline Insuline sum 0.1894
medications L )
num_ used medications_categories 0.1891
categories
Verbal response Verbal response Mild_count, 0.1877
Verbal response Critical count
ALT ALT min 0.1876
Rocuronium Rocuronium Count 0.1862
arterial PCO2 arterial PCO2 mean 0.1834
Cal Ion Serum Cal_Ton_ Serum_max, Cal Ion_Serum_has high 0.1729
EV EV_is last Moderate pain 0.1615
Prednisolone Prednisolone sum 0.1510
VentNonInv VentNonInv_ ratio 0.1338
Ciprofloxacine Ciprofloxacine. PO mean 0.1321
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(continued)
Clinical variable | Extracted Features Eifect
(sum of |3])

Midazolam Midazolam Count 0.1316
CL CL_has_low 0.1307
Albumin Albumin_ rate of change 0.1247
venous_ HCO3 venous_ HCO3_ is First_high 0.1243
MAP MAP_ min 0.1236
AST AST time to normal 0.1223
Mg Mg is_ First_high 0.1153
MCV MCV abnormal count 0.1099
Cr Cr_is First low 0.1093
Ondansetron Ondansetron mean 0.1086
venous_ pH venous_ pH_is First_high 0.1044
last_ weight last_ weight median 0.1034
Clobazam Clobazam PO sum 0.1031
Gastrointestinal_ Gastrointestinal _category_used_ Admission 0.1004

category

Acide Acide tranexamique IV _Count 0.0991

tranexamique

Inspiratory press | Inspiratory press std 0.0953
Naproxen Naproxen_sum 0.0949
arterial SO2 arterial SO2 abnormal ratio 0.0925
Lympho Lympho_max_ high diff 0.0907
LNHD LNHD_ usage time 0.0887
Gabapentine Gabapentine mean 0.0873
Caspofungine Caspofungine_IV__mean 0.0862
Ceftriaxone Ceftriaxone__mean 0.0859
Acetylcysteine Acetylcysteine. PO__mean 0.0833
venous_ SO2 venous  SO2 min 0.0813
CO2_tot_gaz art| CO2_ tot_ gaz art time to_ discharge 0.0792
Hydroxyzine Hydroxyzine mean 0.0783
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(continued)
Clinical variable | Extracted Features Effect
(sum of |3
Cardiovascular_ Cardiovascular__category time_last use 0.0766
category
Antihistamine_ Antihistamine category used_Discharge 0.0750
category

venous PO2 venous PO2 abnormal ratio 0.0695
capillary Lactate | capillary Lactate max low_ diff 0.0664
Nifedipine Nifedipine_sum 0.0625
bld prd bld prd count 0.0613
ALP ALP first abnormal time 0.0575
RBC RBC_rate of change 0.0574
Isuprel Isuprel Count 0.0559
Vancomycine Vancomycine IV _ Count 0.0524
arterial Lactate arterial Lactate_high count 0.0517
Cal Cal _max_ high diff 0.0492
Hydromorphone Hydromorphone mean 0.0489
Amoxicilline Acidg Amoxicilline Acide sum 0.0438
Methylprednisolone| Methylprednisolone Count 0.0346
Clonidine Clonidine PO sum 0.0264
Fentanyl Timbre | Fentanyl Timbre sum 0.0136
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