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Partie | : Introduction générale et

objectifs de la these

Depuis James Lind et son premier essai clinique sur le scorbut en 1753 [1], les
Hommes ont constamment aspiré a comprendre et améliorer la santé en se basant sur les
faits. Forcé de constater que la médecine factuelle ne peut reposer seulement sur la recherche
expérimentale, il était impératif d'explorer d'autres moyens de recherche pour approfondir

notre compréhension de la santé.

En raison des progrés technologiques croissants, la recherche sur les données de
santé occupe aujourd’hui une place centrale dans la recherche médicale. Notre capacité
grandissante a collecter, stocker et réutiliser les données a permis le développement
d’entrepdts de données de santé ouvrant la possibilité d’analyser un nombre toujours plus

grand de patients [2].

La sévérité des patients de réanimation impose une surveillance continue de leurs
paramétres cliniques et paracliniques. Cela génére une grande quantité de données,
généralement recueillies dans des dossiers médicaux informatiques (DMI). Au cours des
derniéres décennies, des initiatives de collaboration ont permis I'émergence de grandes bases
de données de réanimation en libre accés [3]. S'appuyant sur I'opportunité de la transformation
numeérique, elles facilitent le partage de données a grande échelle et permettent de créer des

connaissances de maniére plus efficace.
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1. Données de santé

Selon la Commission nationale de l'informatique et des libertés (CNIL) les données de santé
sont définies par "des données a caractére personnel relatives ala santé physique ou mentale,
passée, présente ou future, d’'une personne physique qui révélent des informations sur I'état

de santé de cette personne" [4].

En 2013, selon un rapport de I'Assemblée nationale sur les données de santé, 153 exaoctets
(108 octets) de données de santé ont été produits dans le monde. En moins de 10 ans, le
volume des données de santé aurait été multiplié par dix avec 2 314 exaoctets produits [5].
Le rythme de ces changements va probablement accélérer 'accés croissant a différentes

sources de données.

2. Sources de données en recherche médicale

2.1. Données issues de la recherche expérimentale

L’essai contrdlé randomisé (ECR) d’une intervention contre placebo ou contre une intervention
de référence, constitue aujourd’hui la référence en termes de recherche expérimentale [6].
Correctement réalisé, 'ECR est le seul a pouvoir affirmer la relation causale entre I'intervention
et le résultat obtenu. La stricte comparabilité des groupes obtenue au départ grace a la
randomisation, maintenue secondairement tout au long de I'essai via le double insu et assurée
en fin d’essai avec I'analyse en intention de traiter permet d’inférer les différences observées
a l'intervention réalisée. De ce fait, la méthodologie éprouvée des ECR est a la base de la
médecine factuelle (ou evidence based medicine) [T]. Apportant le meilleur niveau de preuve,
elle est considérée comme le gold standard lors de I'autorisation de mise sur le marché d’'un

médicament.

Néanmoins, ce qui fait la force de 'ECR constitue aussi une limite de par la rigueur de son
schéma expérimental. Les patients inclus dans les essais et soigneusement sélectionnés,
constituent un effectif limité et parfois peu représentatif de la majorité des patients concernés
en vie réelle. Le respect scrupuleux du protocole peut entrainer des conditions parfois
éloignées de la réalité et remetire en cause la généralisation des résultats en pratique
courante. Par ailleurs, la durée limitée des ECR est également un facteur limitant [8]. Les ECR
ont souvent tendance a sous-estimer les effets secondaires a long terme des intervention

évaluées et ne permettent pas d'étudier leur efficacité par rapport a d'autres stratégies sur une
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période de temps plus longue. Enfin, cette méthodologie est difficilement applicable avec des

pathologies rares [9].

Les limites des ECR, si elles n’enlévent rien au niveau de preuve apporté par les ECR, justifient
que d’autres types d’études soient réalisées. Les anglo-saxons ont d’ailleurs deux termes pour
distinguer I'efficacité d'une intervention : I'efficacy, a savoir I'efficacité dans des conditions
optimales (évaluée par les ECR) et I'effectiveness, I'efficacité dans les conditions habituelles

d’utilisation en pratique courante [10].

2.2. Données issues de la vie réelle

On désigne sous le terme "données de vie réelle" les données collectées en dehors d’'un cadre
expérimental et générées a l'occasion de soins réalisés en routine pour un patient. Elles

reflétent donc a priori la pratique courante [11].

2.2.1. Dossiers médicaux patients

Le dossier médical patient constitue le support de I'ensemble des informations recueillies
concernant sa prise en charge. Il comprend les informations cliniques, diagnostiques,

thérapeutique, les soins infirmiers ainsi que les informations administratives.

Le dossier médical informatisé (DMI) a permis le partage des données médicales entre tous

les acteurs du soin avec la notion de dossier médical partagé (DMP) [12].

2.2.2. Enquétes observationnelles

Ces études sont réalisées a partir d’échantillons sélectionnés de maniére a répondre a une ou
plusieurs questions précises. Pouvant étre a visée descriptive ou analytique, il en existe trois

types : les études de cohorte, les études cas-témoins et les études transversales.

L'existence de nombreux biais, tels que les biais de sélection, de confusion et de classement,
rend illusoire la possibilité d'établir de maniére définitive une relation causale. Les critéres de
Bradford Hill permettent néanmoins d’approcher cette causalité sans jamais pouvoir I'attendre

avec une certitude absolue [13].
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Malgré ces limites, les études observationnelles jouent un réle crucial dans la recherche
médicale en particulier lorsqu'il n'est pas éthique ou possible de mener des ECR. Ces études
fournissent des informations précieuses pour explorer des associations, générer des
hypothéses, guider la planification d'études plus rigoureuses et vérifier les conclusions des

ECR en pratique courante sur le long terme.

2.2.3. Systemes de collecte permanents

Ces systémes enregistrent des événements (une pathologie, un décés, une situation
médicale), a I'occasion de leur diagnostic ou de leur survenue afin de fournir des données pour
les étudier. Pour répondre a ces obijectifs, le systéme doit étre pérenne et stable, donc simple

et acceptable.

Registres de maladies

Un registre de maladie est un recueil continu et exhaustif de données nominatives intéressant
un ou plusieurs événements de santé dans une population géographiquement définie, a des
fins de recherche et de santé publique, par une équipe ayant les compétences appropriées
[14].

Les registres de morbidité concernent des maladies dont le diagnostic peut-étre aisément
établi et qui justifient du point de vue des enjeux de santé publique la mise en place de ce type
de systéme lourd et complexe. Les registres sont un outil essentiel pour la surveillance
épidémiologique, la recherche médicale et 'amélioration des soins. lls sont généralement mis
en place dans le but d’étudier I'évolution de la maladie, évaluer I'efficacité des traitements,
identifier les facteurs de risque, faciliter la recherche épidémiologique et générer des données

pour des études observationnelles.

A titre d’exemple, le registre Traumabase® est un observatoire frangais de traumatologie
lourde créé en 2012. Son objectif est de recueillir les données des patients traumatisés graves
dans un but a la fois sanitaire et scientifique. Actuellement ce groupe est constitué d'un réseau
de 25 centres frangais de traumatologie lourde et recense les données de plus de 40 000
admissions en réanimation pour traumatisme grave, de la prise en charge hospitaliére jusqu’a

la sortie de réanimation [15].
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Systéme national des données de santé (SNDS)

Le Systéme national des données de santé (SNDS) est une infrastructure francaise qui vise a

collecter, stocker, et exploiter les données de santé a des fins de recherche, de surveillance

épidémiologique, d'évaluation des politiques de santé, et de prise de décisions en matiére de

santé publique [16]. Cela contribue a I'amélioration des connaissances en matiére de santé,

a la gestion des risques sanitaires et a I'élaboration de politiques de santé fondées sur des

données probantes.

Le SNDS permet de chainer différentes sources de données, agrégées de maniére anonyme

et sécurisée avec notamment :

Les données de I'Assurance Maladie (base du Systéme national d'information inter-

régimes de I'Assurance maladie, SNIIRAM) : informations médicales et administratives

liées aux remboursements des soins de santé, aux médicaments délivrés, aux

hospitalisations

Les données des hodpitaux (base du Programme de médicalisation des systémes

d'information, PMSI) : informations issues des hopitaux et cliniques, telles que les

diagnostics, les actes médicaux, les séjours hospitaliers,

Les causes meédicales de décés (base du Centre d'épidémiologie sur les causes

médicales de décés de I'lnserme, CépiDC) : informations sur les décés et causes de

décés délivrées par les certificats de décés émis par les médecins

Bases De Données Locales des organismes

d’assurance maladie :

7 Feullles de soins papler et dématérialisées

» Factures de cliniques privées

» Actes et consultations externes de certains hopitaux publics

en facturation directe
» Séjours et ACE en étab. Publics transmis pour information
\ 7 Référentiels (assurés, PS, établissements, etc.) / de grossessen” de dent)

!
[
|
|
| médicaux
|
|
[
|

Données collectées par 'ensemble des
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N\ /
\ /

Assurance Maladie

* Harmonisation des normes de transmission
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* Pseudonymisation des individus
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Figure 1 — Structure du SNDS [17]
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3. Réutilisation des données en santé

La réutilisation des données (ou data reuse) fait référence a la pratique qui consiste a utiliser
des données existantes a des fins multiples ou dans des contextes différents. Au lieu de
collecter de nouvelles données, les organisations ou les individus exploitent des données déja
générées auparavant. Elle repose sur le fait que les données peuvent étre utilisées au-dela de

leur objectif initial [18].

Cette approche offre plusieurs avantages, notamment des économies de codts, de temps et
de ressources humaines ainsi que des gains d’efficacité. En réutilisant les données, les acteurs
de la santé peuvent éviter les dépenses liées a la collecte de nouvelles données, telles que
les outils de collecte de données, linfrastructure et le personnel. Cela peut étre
particulierement avantageux lorsqu’il s’agit de travailler avec des ensembles de données
volumineux ou complexes. De plus, la réutilisation des données favorise I’efficacité en
maximisant la valeur tirée des données existantes. Au lieu de laisser les données inutilisées
aprés leur objectif initial, les organisations peuvent trouver de nouvelles applications ou des
questions de recherche pouvant étre abordées a I'aide des mémes données. De ce fait, cette

vision encourage une gestion des données plus durable et responsable.

A Etude rétrospective

ou prospective

Analyses statistiques | 130T
et question

Base de données

personnalisée

Question

scientifique

B \Transformation Base de données
/" Activité informatique “quasi-personnalisée”

de routine
Analyses
statistiques

Réponse a la

question

Figure 2 — Approche traditionnelle (A), Réutilisation des données (B)
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4. Entrepots de données de santés hospitaliers

Les entrepdts de données de santé hospitaliers (EDSH) sont des systéemes de stockage, de
gestion et de réutilisation de données utilisés par les hdpitaux et les établissements de santé

pour collecter, organiser et analyser une grande quantité de données de santé [2].

Ces bases de données sont constituées pour un volume de données important et s’étendent
sur une longue durée. Elles peuvent étre alimentées par de multiples sources. Les EDSH
présentent une organisation commune autour des données administratives, des textes
cliniques, des résultats biologiques, des comptes rendus d’'imagerie, du circuit du médicament
et un socle variable de données dans leur format ou leur construction. Les données sont
collectées depuis les différentes sources du systéme d’information hospitalier (SIH).
Secondairement elles sont harmonisées puis agrégées afin de constituer un entrep6t
exploitable. Chaque EDSH, et chaque projet sur EDSH, doit étre en conformité avec les

exigences de la CNIL et les prérogatives des comités scientifiques et éthiques.

Entrep6t de données

c
[e]
© S
Q'n Datamarts Datamarts de Datamarts
& % d'étude pilotage applicatifs
= n
b T ] Transformations
et flux adaptés
c
2
— -
E Basecg'e‘ t?;)lr;nees Intégration des sources,
o N Déduplication
"g Standardisation
® Réplicat des bases de productions Pseudonymisation
; ]
Systéeme d'Information Hospitalier
Codage diagnostic 2 .
8 (PMSI) Logiciel de biologie |Logiciel urgences
Z ‘g Dossier administratif
b g osswr(ca; A"n:)n oot Prescriptions Formulaires
% = médicamenteuses infirmiers
Ow Documents (pancarte)
% textuels

Administrations

Physiologie médicamenteuses Imagerie

Figure 3 — Structures des EDS [19]
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La mise en place des EDSH en France remonte a la fin des années 2000 et s’est renforcée a
la fin des années 2010. On observe actuellement une accélération dans le déploiement de
I'écosystéme des EDSH, notamment grace a des financements nationaux, la multiplication
d’acteurs industriels spécialisés en données de santé et le début d’une réflexion internationale

a propos de I'espace européen de données de santé.
Dans son dernier rapport de 2022, la Haute autorité de santé (HAS) a recensé 22 EDSH, dont
17 constitués au sein d’'un centre hospitalo-universitaire et 5 au sein d'un autre type

d’établissement de santé [19].
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Figure 4 — Répartition des EDS sur le territoire francais en 2022 [19]

Par ailleurs, les EDSH se développent également dans une perspective de structuration a
I'échelle régionale et nationale. Créé en 2019, le Groupement d'Intérét Public (GIP) Health
Data Hub (HDH) est une plateforme collaborative qui vise a croiser 'ensemble des données
de santé dont nous disposons sur le territoire. Le Health data hub a pour objectif de faciliter
'acces et I'utilisation des données de santé par les différents acteurs de recherche et de
développement afin de promouvoir I'innovation en matiére de santé numérique. Cette
plateforme implique une collaboration entre plusieurs acteurs, dont lI'assurance maladie, le

ministére de la santé, les établissements de santé et les chercheurs [20].
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5. Base de données de réanimation en libre acces

5.1. Medical Information Mart for Intensive Care (MIMIC) database

La base de données MIMIC est la plus ancienne et la plus documentée des bases de données
en acceés libre en soins intensifs. Issue d'un partenariat de recherche parrainé par le National
Institutes of Health (NIH), elle combine les ressources d'une équipe interdisciplinaire
composée du Massachusetts Institute of Technology (MIT), Philips Healthcare, et le Beth Israel
Deaconess Medical Center (BIDMC).

Développée en 2000, la premiére version de la base MIMIC contenait essentiellement des
séries chronologiques de signes vitaux capturés a partir de moniteurs de 121 patients admis
en soins intensifs. Entre 2001 et 2019, 'implémentation progressive des versions Il, lll et IV a
permis de regrouper plusieurs sources de données comprenant deux systémes d'information
utilisées en soins intensifs au cours de la période de collecte de données (Philips CareVue et
iMDsoft MetaVision) couplés a des informations issues de dossiers médicaux des hdpitaux et
des laboratoires :

- Informations démographiques

- Mortalités en réanimation et a I'’h6pital

- Mesures physiologiques horodatées en réanimation

- Reésultats des tests de laboratoire en réanimation et a I'hépital

- Prescriptions médicamenteuses en réanimation

- Rapports des examens de radiologie en réanimation et a I’hopital

- Notes cliniques d’évolution documentées par les acteurs du soin

- Informations relatives a la facturation telles que les codes de la classification

internationale des maladies (CIM-9), les codes de groupe de diagnostic (DRG) et les

codes de procédure (CPT).

Actuellement, la version MIMIC-IV compte 50 048 patients admis en soins intensifs entres
2008 et 2019 [21].
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5.2. elCU Collaborative Research Database (elICU CRD)

La base de données elCU CRD est une vaste base de données multicentrique de soins
intensifs mise a disposition par Philips Healthcare et développée en partenariat avec le

laboratoire d’informatique du MIT [22].

Cette base de données agrége uniquement les données de télésurveillance enregistrées en
soins intensifs avec notamment: les informations démographiques, la mortalité en
réanimation, les mesures physiologiques, les notes d’évolution, les prescriptions
médicamenteuses, les résultats de test de laboratoires et les antécédant médicaux via les

codes de la classification internationale des maladies (CIM-9).

Les données de la base elCU CRD portent sur 139 367 patients uniques admis en soins

intensifs dans 208 hépitaux a travers les Etats-Unis entre 2014 er 2015.

5.3. Amsterdam University Medical Center data base (AmsterdamUMCdb)

AmsterdamUMCdb est la premiére base de données de soins intensifs librement accessible
en Europe. Elle est le produit de la collaboration entre la société néerlandaise de médecine de
soins intensifs (NVIC), en particulier de son réseau Research Collaboration Critical Care
(RCCnet) et de I'hdpital universitaire d’Amsterdam [23].

Elle regroupe les données de 20 109 patient admis en soins intensifs entre 2013 et 2016.
Outre son caractére monocentrique, I'absence d’information sur les antécédents médicaux est
sa principale faiblesse. Néanmoins, de nombreux centres aux Pays-Bas ont publiquement
exprimé leur intention future de partager les données relatives aux patients traités dans leurs

services de soins intensifs.
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5.4. High time-resolution intensive care unit dataset (HiRID)

HiRID est le jeu de données le plus récent et donc le moins exploré. Cet ensemble de données
a été développé en coopération avec l'institut fédéral suisse de technologie (ETH) de Zurich

[24].

Il recense les données de 33 905 admis en unité de soins intensifs a I’'hdpital universitaire de
Berne en Suisse entre 2005 et 2016. Comme la base AmsterdamUMCdb, HiRID ne contient
pas d’information sur les antécédents médicaux. Cependant, les données physiologiques sont
stockées avec une résolution temporelle exceptionnellement élevée d'une entrée toutes les
deux minutes (contre une entré toutes les trente minutes pour MIMIC-IV a titre de

comparaison).

Table 1 — Caractéristiques des bases de données étudiées [3]

MIMIC-IV elCU CRD AmsterdamUMCdb HiRID

Centres Boston,l Multicentrique, Amsterdam, Be!'ne,
Etats-Unis Etats-Unis Pays-Bas Suisse
Nombre de centres 1 208 1 1
Période d’inclusion 2008-2019 2014-2015 2013-2016 2005-2016
Nombre de patients 50 048 139 367 20 109 33 905
Information démographique Qui Qui Qui QOui
Mortalité en soins intensifs QOui Qui QOui Qui
Mortalité a I'hopital Oui Non Non Non
Mesures physiologiques Qui Qui Qui Qui
Résultats de laboratoires Qui Qui Qui Qui
Prescriptions médicamenteuses Oui Oui Oui Oui
Images/Rapports de radiologie Oui Non Non Non
Antécédant médicaux Qui Qui Non Non
Notes cliniques d’évolution Qui Qui Non Non

6. Objectifs de la these

L 'objectif de ce travail est d’étudier la contribution de ces bases de données dans la recherche
médicale en réanimation. Secondairement et a partir de ces observations, développer notre

propre entrep6t de données de réanimation a I'’échelle locale au CHU de Rouen.
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Partie Il : Contribution of open access databases to

intensive care medicine research: A scoping review

Background: Intensive care unit (ICU) handles the most critical patients with a high risk of
mortality. Due to those conditions, close monitoring is necessary and therefore a large volume
of data is collected. Collaborative ventures have enabled the emergence of large open access

databases, leading to numerous publications in the field.

Objective: The aim of this scoping review is to identify the characteristics of studies using
open access intensive care databases and to describe the contribution of these studies to

intensive care research.

Methods: The research was carried out from 3 databases (PubMed — Medline, Embase, Web
of science) from the creation of the database to August 1%, 2022. Were included, the original
articles based on 4 open databases of adult patients admitted to intensive care units
(Amsterdam University Medical Centers Database (AmsterdamUMC), Collaborative Research
Database (elCUCRD), High time resolution ICU dataset (HiRID), Medical Information Mart for
Intensive Care (MIMIC)). Characteristics relating to publication review, study design and

statistical analyses were extracted and analyzed.

Results: We observed a consistent increase in the number of publications from these
databases since 2016. MIMIC databases were the most frequently used, while the countries
contributing the most were China and the United States with 683 (52.8%) and 367 (28.4%)
publications respectively. The median impact factor of publications, since the creation of open
databases in intensive care, is 3.8 [2.8 - 5.8]. Cardiovascular and infectious topics were the
most represented with 333 (25.7%) and 319 (24.7%) articles. Regarding statistical methods,
logistic regression was the most commonly employed model for both inference and prediction
questions with 383 (55.5%) and 276 (47.3%) studies. A majority of the inference studies
presented statistically significant results (84.1%). In prediction studies, the most recurrent

performance measure was the AUC, with a median value of 0.840 [0.780 — 0.890].

Conclusions: The abundance of scientific outputs resulting from these databases and the
diversity of topics addressed highlight the importance of these databases as valuable
resources for clinical research and suggest their potential impact on clinical practice in
intensive care. However, the quality of studies and their clinical relevance remain highly

heterogeneous, with the majority of articles published in low-impact journals.
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1. Introduction

Intensive care units (ICUs) provide care for critical patients at high risk of morbidity and
mortality. These patients, due to their severity, require continuous monitoring and surveillance
of clinical, biological and imaging parameters. This generates a large amount of data, usually
collected in electronic health records (EHRs). The exploitation of this data has become a key
issue in recent years [25]. In addition to traditional epidemiological and clinical research, the
use of databases allows the emergence of new research themes such as the construction of
diagnostic tools, decision support models, or predictive models of therapeutic response
[26,27]. However, due to the sensitive nature of health data and the technical, legal and ethical
challenges, medical data are still difficult to access [28].

During the last decades, collaborative ventures have enabled the emergence of large
open access databases [23]. Building on the opportunity of digital transformation, they facilitate
data sharing on a large scale and enable knowledge creation more efficiently. Moreover, they
are part of an ecosystem in which science is more transparent, reproducible and an effective
lever for scientific integrity [29]. Since the 2000s, we have seen the release of several open
access ICU databases [3]. The best-known example is the Medical Information Mart for
Intensive Care (MIMIC) database, which integrates anonymized, comprehensive clinical data
from more than 50,000 intensive care admissions from Beth Israel Deaconess Medical Center
in Boston, Massachusetts [30,31]. These open databases have led to the production of
numerous research works.

Currently, no effort has been made to analyze the medical literature generated from
these open intensive care databases. Previous systematic reviews were interested in
describing these databases to determine their exploitation potential [3] or were interested in
machine learning techniques used to train models from these databases [32]. However, none
of them were interested in the research themes and their potential impact on clinical practice.

We propose this scoping review including all publications of clinical research based on
open intensive care databases. A scoping review will be conducted as this is the most suitable
research method to map a research area [33]. We will first observe the bibliometric
characteristics and the authors of these publications. Then, in a second step, we will
investigate the research themes and the methodologies used. The objective is to glimpse the

contribution of these open databases in intensive care clinical research.
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2. Methods

The protocol adheres to the reporting guidance provided in the Preferred Reporting
Items for Systematic Reviews and Meta-analyses extension for Scoping Reviews (PRISMA-
ScR) [34] (see checklist, Supplementary Materials, Table S1). The design of this study is
conceived according to the Joanna Briggs Institute Reviewers’ manual for evidence synthesis
[35].

2.2.  Eligibility criteria

We selected studies based on the following criteria: 1/ they were original articles based
on open databases of adult patients admitted to intensive care units, covering all types of
interventions and outcome measures; 2/ they were studies with a clinical aim (diagnostic,
therapeutic, prognostic), where "clinical” pertains observations made on actual patients as
opposed to theoretical, laboratory, or computer-based studies.

Exclusion criteria were: 1/ studies on patients admitted outside of ICUs; 2/ studies
involving a pediatric population; 3/ studies where open databases were solely used for external

validation; 4/ studies not written in English; 4/ systematic reviews and meta-analyses.

2.3. Search strategy

First step, the literature was searched for open access ICU databases. A recent review
systematically identified publicly available adult clinical ICU databases [3]: Amsterdam
University Medical Centers Database (AmsterdamUMCdb) [23], elCU Collaborative Research
Database (elCU-CRD) [22], High time-resolution ICU dataset (HiRID) [24], Medical Information
Mart for Intensive Care (MIMIC) clinical databases version Il, Ill and IV [21,30,36].

We then used PubMed-Medline (US National Library of Medicine), Embase (Elsevier),
and Web of science (Clarivate Analytics) to search articles published from the creation of the
database to August 1st, 2022. The search terms of the different databases are included in the
Supplementary Materials (Table S2). A senior librarian developed and validated search
queries. Lastly, the references of the included articles were examined for potentially relevant

medical articles that may have escaped the literature search.
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2.4. Selection

Two independent reviewers (B. Popoff, J. Kallout) conducted the search strategy and
retrieved the references. Any disagreements were resolved through discussion between the
two reviewers, or if necessary, by a third reviewer (A. Lamer). An initial selection was made
after examining the titles and abstracts of the medical articles resulting from the search
strategy. A more meticulous selection followed after evaluating the full text of potentially eligible
articles. Disagreements were reconciled by consensus or, when necessary, through arbitration.

The selection process was facilitated using the Rayyan software®.

2.5. Data Extraction, Collection and Analysis

Medical articles were referenced by their Digital Object Identifier (DOI), the name of the
first author, and the date of publication. Two reviewers (J. Kallout, B. Popoff) independently
extracted data using a predesigned electronic form, which was pilot tested with a random
sample of 20 articles. Upon achieving consistent data abstraction (k = 0.8) [37], reviewers
proceeded with data extraction for the entirety of included articles using the Goupile® software
[38]. Collected data details are outlined in Supplementary Materials (Table S$3). Results were
aggregated into a table, organized with one column per database and one row per variable.

A descriptive analysis was then be carried out on the gathered data utilizing R® 4.1.2
software. Categorical variables were summarized as counts and a frequencies per category,
while quantitative variables were expressed as medians and interquartile ranges. Bar charts
were employed to visualize the distribution of categorical variables and histograms and density
curves for the quantitative variables. Additionally, the temporal evolution of the studied

variables was analyzed.
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3. Results

3.1. Study selection

From the inception of these databases up to August 2022, a total of 4466 publications
were identified. After excluding duplicates, 2063 (46.2%) titles and abstracts were retained.
Among these articles, 1347 (65.3%) met the inclusion criteria. Ultimately, 1294 (96.1%) articles
were selected for the final analysis after thorough reading. The selection flowchart is shown in

Figure 1, with the characteristics of the included studies detailed in Table 1.
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Figure 1 — Flow chart of scoping review
Abbreviations: ICU, Intensive Care Unit.
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Table 1 — Characteristics of studies

Abbreviations: AJRCCM, American Journal of Respiratory and Critical Care Medicine;
AmsterdamUMCdb, Amsterdam University Medical Centers Database; elCU-CRD, elCU
Collaborative Research Database; HiRID, High time-resolution ICU dataset; MIMIC, Medical

Information Mart for Intensive Care.

Study (n = 1,294)

Article information

Date of publication

- 2000 -2010 12 (0.9%)

- 2011 -2015 38 (2.9%)

- 2016 —2020 293 (22.7%)

- Post-2020 951 (73.5%)
Database used

- AmsterdamUMCdb 6 (0.5%)

- elCU-CRD 195 (15.1%)

-  HiRID 0

- MIMIC Il Clinical database
- MIMIC Il Clinical database
- MIMIC IV Clinical database

105 (8.1%)
895 (69.2%)

Female corresponding author

(
(
197 (15.2%)
346 (26.7%)

Country of corresponding author (top 10)
- China
- United States

683 (52.8%)
367 (28.4%)

- United Kingdom 39 (3.0%)
- Canada 17 (1.3%)
- Germany 16 (1.2%)
- Japan 13 (1.0%)
- Australia 10 (0.8%)
- India 10 (0.8%)
- Singapore 10 (0.8%)
- Spain 10 (0.8%)
- Other 107 (8.2%)
Journal information

Journal name (top 10)

- Frontiers in Medicine 52 (4.0%)
- Critical Care Medicine 41 (3.2%)
-  AJRCCM 40 (3.1%)
- Frontiers in Cardiovascular Medicine 37 (2.9%)
- International Journal of General Medicine 36 (2.8%)
- Intensive Care Medicine Experimental 34 (2.6%)
- Scientific Reports 31 (2.4%)
- Critical Care 26 (2.0%)
- Plos One 25 (1.9%)
- Chest 24 (1.9%)
Impact factor 3.8[2.8 —5.8]

Study information

Inclusion period (years)

1111 - 1]

Number of participants

4,323 [1,478 — 12,956]
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3.2. Article information

Since 2016, there was a consistent rise in the number of publications utilizing these
databases. Most studies were published after the year 2020, with 951 (73.5%) publications.
The MIMIC databases were the most frequently used. No publications employing the HiRID
database were identified (Table 1, Figure 2). China and the United States were the leading
countries in terms of publications, with 683 (52.8%) and 367 (28.4%) articles respectively.
European countries contributed to 109 (8.4%) publications, led by the United Kingdom leading
with 39 (3.0%) publications (Table 1, Figure 3).

Databases: Il MIMIC 2 [ MIMIC 3 [ MIMIC 4 elCU AmsterdamUMCdb Total
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Figure 2 — Evolution of the number of publications over the years
Abbreviations: AmsterdamUMCdb, Amsterdam University Medical Centers Database; elCU-
CRD, elCU Collaborative Research Database; MIMIC, Medical Information Mart for Intensive

Care.
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3.3. Journal information

The median impact factor of publications since the creation of open databases in intensive
careis 3.8 [2.8 - 5.8] (Table 1). As for the journal field, the most commonly represented journals
are those in medicine, computer science, and intensive care, with 706 (54.6.%), 329 (25.4%)

and 242 (18.7%) publications respectively (Figure 4).

3.4. Study information

Studies included a median of 4,323 patients [1,478 — 12,956] with a maximum sample
size reaching up to 219,306 by combining patients from several databases. The median
inclusion period was 11 years [11 — 11] (Table 1).

Research predominantly explored the cardiovascular system, particularly
hemodynamics, and infectious diseases, specifically sepsis, with 333 (25.7%) and 319 (24.7%)
publications respectively. Renal failure and metabolic disorders were also heavily studied, with
231 (17.9%) publications, along with respiratory failure and mechanical ventilation, which had
201 (15.5%) publications. Notably, many studies investigated overall mortality among critically
ill patients admitted to the ICU, with 178 (13.8%) publications (Figure 5).

Furthermore, 422 (32.6%) studies investigated the entire population admitted to the
ICU. Amajority of studies focused on patients experiencing specific organ failures, represented
in 812 (62.8%) publications (Figure 6). Various exposure or prediction factors were evaluated.
Biological data and vital signs were the most commonly analyzed, featuring in 664 (51.3%)
and 421 (32.5%) studies, respectively. Demographic information, medication prescriptions,
and comorbidities were also widely included, with 329 (25.4%), 278 (21.5%) and 270 (20.9%)
publications, respectively (Figure 7). The primary outcome most frequently assessed was
mortality, whether it occurred in the ICU, the hospital, or after a certain period of time, with 871
(67.3%) studies (Figure 8).
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3.5. Statistical methods used and results

Regarding the study objectives, 708 (54.7%) studies addressed an inference question,
while 586 (45.2%) studies targeted a prediction question (Table 2, Figure 9). Supervised
learning and deep learning methods were the most commonly applied machine learning
techniques, with 424 (32.8%) and 244 (18.9%) publications respectively (Figure 9).

When examining specific models, logistic regression was the predominant choice for
both inference questions with 383 (55.5%) publications (Figure 10A). Regarding prediction
questions, logistic regression was the most widely used classical machine learning method,
surpassing survival models and generalized models with 276 (47.3%), 29 (5.0%) and 11 (1.9%)
publications respectively. Neural networks were the most frequently applied advanced
machine learning methods outpacing tree-based methods and boosting methods, with 234
(40.1%), 184 (31.5%) and 167 (28.6%) publications respectively (Figure 10B).

Inference studies reported statistically significant results in 84.1% of cases.
Furthermore, the prevailing performance measure in prediction studies was the area under the
curve (AUC) with 424 (88.3%) studies. The median value of the AUC was 0.840 [0.780 — 0.890]
(Table 2).

Pre-existing clinical scores were applied for comparison with the performance of
prediction models implemented in the studies. The most commonly used scores were SAPS
(Simplified Acute Physiology Score), SOFA (Sepsis-related Organ Failure Assessment), and
APACHE (Acute Physiology and Chronic Health Evaluation) scores, with 55 (43.0%), 24
(18.8%) and 14 (10.9%) publications, respectively. The median AUC for these scores was
0.732 [0.677 — 0.782] (Table 2).
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Table 2 — Statistical analyses

Abbreviations: AUROC, Area Under the Curve; RMSE, Root Mean Square Error; SAPS,
Simplified Acute Physiology Score; SOFA, Sepsis-related Organ Failure Assessment;
APACHE, Acute Physiology and Chronic Health Evaluation; APS, Acute Physiology Score;
MEWS, Modified Early Warning Score; OASIS, Oxford Acute Severity of lliness; OR, Odds-
Ratio; HR, Hazard-Ratio.

Study (n = 1,294)

Statistical methods used

Aim of the study

- Inference 708 (54.7%)

- Prediction 586 (45.2%)
Effect-size measure (if inference)

- Odds-Ratio 379 (59.1%)

- Hazard-Ratio 248 (38.7%)

- Coefficient 14 (2.2%)
Prediction performance measure (if prediction)

- AUROC 424 (88.3%)

- Sensibility/Specificity 143 (29.8%)

- Accuracy 139 (28.8%)

- F1-Score 95 (19.8%)

- C-Index 74 (15.4%)

- Recall 42 (8.8%)

- RMSE 8 (1.7%)
Known prediction scores used for comparison (if prediction)

- SAPS 55 (43.0%)

- SOFA 24 (18.8%)

- APACHE 14 (10.9%)

- APS 9 (7.0%)

- MEWS 4 (3.1%)

- OASIS 3 (2.3%)

- Other (< 3 publications) 19 (14.8%)

Key Findings Obtained
Effect-size value (OR/HR)

- Protective effect 0.65[0.50 - 0.79]

- Adverse effect 1.64 [1.28 — 2.35]
P-value

- >0.05 97 (15.9%)

- 0.01-0.05 151 (24.8%)

- 0.001-0.01 94 (15.4%)

- <0.001 267 (43.8%)
Performance of models used (AUC) 0.840 [0.780 — 0.890]
Performance of known scores used (AUC) 0.732[0.677 — 0.782]
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4. Discussion

4.1. Main findings

This review examined clinical publications from open databases in the field of intensive
care. We observed a consistent increase in the number of publications from these databases
since 2016, with the majority of articles being published after 2020. MIMIC databases were the
most frequently used, while the countries contributing the most were China and the United
States. Most studies were published in journals with a low impact factor. Cardiovascular and
infectious topics, particularly those related hemodynamics and sepsis, were the most
represented. Other significant subjects included renal failure coupled with metabolic disorders
and respiratory failure with mechanical ventilation. The most studied outcome measure was
mortality in the ICU. Biological data, vital signs, demographic details, medication prescriptions,
and comorbidities were extensively used as exposure or predictor factors.

Regarding statistical methods, logistic regression was the most commonly employed
model for both inference and prediction questions. Neural networks were the most frequently
used advanced machine learning methods surpassing supervised and reinforcement methods.
A majority of the inference studies presented statistically significant results. In prediction

studies, the most recurrent performance measure was the AUC, with a median value of 0.840.

4.2. Results in context with literature

Scientific contribution

The rising number of publications using open databases is steadily increasing,
highlighting the potential impact of these resources on clinical research within intensive care.
Collaborative initiatives have led to the emergence of large open-access databases, enhancing
data availability in this field. Researchers have now access to data from numerous centers,
enabling the production of robust results via larger sample sizes. Furthermore, this access has
significantly boosted statistical power, enabling the study of specific topics and populations that
were previously overlooked due to insufficient sample sizes. In our review, the median sample
size in the studies was 4,323 [1,478 — 12,956], in contrast to typical sample sizes in prospective
studies barely reaching a few hundred patients. In a literature review by van de Sande and al.
studying machine learning in intensive care, the median sample size was 179 [94 — 1,411] and

142 [40 — 380] across all prospective observational and clinical studies, respectively [39].
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The wealth and diversity of information contained in these databases have opened up
a broad spectrum of research possibilities, resulting in a wide array of topics covered in
publications. Our review categorized these into over 20 different categories. The
cardiovascular, infectious, respiratory, and metabolic systems emerged as the most commonly
studied research domains, mirroring the reality of clinical practice in intensive care [40].
Mortality in ICU was the most frequently analyzed outcome measure. In a literature review by
Syed et al., which examined the application of machine learning using the MIMIC dataset,
mortality prediction was also the most studied outcome measure, followed by sepsis prediction,
cardiac events, and acute kidney injury prediction [32].

Despite the significant number and diversity of publications, the clinical relevance of
studies from these databases remains heterogeneous. In our review, the majority of studies
were published in journals with low impact factors. The results were often statistically
significant but had limited effect sizes. Nevertheless, there are few criteria to objectively
evaluate the clinical relevance of a publication. Additionally, the quantitative nature of our
analyses did not allow us to fully explore this aspect. A qualitative methodology specifically

assessing clinical relevance would provide more insights and discussion points.

Towards precision intensive care medicine

In recent years, due to advancing technology, data availability, and the need to analyze
increasingly larger databases, machine learning has emerged to develop increasingly accurate
predictive models. Machine learning is a field of computer science and a part of artificial
intelligence that defines both the science and engineering for which computer systems can
analyze data and "learn" from the information contained within [41].

In our study, 586 out of 1,294 (45.2%) publications utilized at least one machine
learning model, with a significant increase in their implementation after 2015. The most
commonly used machine learning method was logistic regression and neural networks. Shillan
et al. literature review, summarizing the characteristics and results of machine learning
methods used in intensive care, found similar results. Nearly half of the studies identified in
that review were published after 2015, and the most commonly used methods were neural
networks, support vector machines, and decision trees [42].

Although the use of machine learning models in intensive care has increased in the
scientific literature, their adoption in actual clinical practice remains limited or even absent at
present. Machine learning models are often complex and require specialized skills to develop
and implement. Their interpretation also poses a significant barrier to their use, with the
phenomenon known as the "black box" issue [43]. Moreover, these models need to be

rigorously validated to ensure their reliability and accuracy. External validation of models on
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independent datasets is crucial to evaluate their performance under real-world conditions. In
our review, the vast majority of publications analyzed came from databases implemented in
the United States, limiting the generalizability of these models to the rest of the population.
Additionally, only 92 out of 2,063 (4.5%) articles focused on external validation using an
independent dataset, which is consistent with Shillan and al. findings [42]. Furthermore,
prospective clinical evaluation of these models is still rare. In a recent review, only 10 out of
494 (2.0%) articles clinically evaluated artificial intelligence in real clinical settings, with 5
studies being randomized clinical trials [39]. Finally, the use of machine learning models raises
ethical and regulatory questions, particularly concerning data privacy, automated decision-
making, and liability in case of errors. Clear guidelines and regulations must be established to

govern the use of these models in a clinical context.

4.3. Strengths and Limitations of the study

This study, to our knowledge, is the first to examine the contribution of open databases
in clinical research in intensive care. This study follows a rigorous methodology and its
research protocol was made public prior to the study [44]. Furthermore, this review adopts a
comprehensive approach by including all clinical research publications generated from open
databases in ICU. By examining a wide range of publications, it provides a detailed overview
of research themes, methodologies used, and results obtained. This can assist clinicians and
researchers in understanding how these databases can contribute to improving patient care in
intensive care and offering a solid foundation for future research and discussions.

However, it is important to acknowledge the limitations of this literature review. Firstly,
only publications written in English were included, potentially introducing a linguistic bias.
Secondly, there exists and inherent risk of publication bias in literature reviews. Published and
accessible studies may not represent all research carried out on open databases in intensive
care. Studies with negative or non-significant results are less likely to be published, potentially
resulting in an overestimation of positive results. While several open databases in intensive
care were included in the study, it is possible that there exist other databases that were not
taken into account. This could limit the representativeness of the sampled studies. Lastly,
despite exhaustive research, no publications from the HiRID database were identified. With
these limitations in mind, it is important to consider the results of this study with caution and

interpret them in the appropriate context.
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5. Conclusion

Open databases in intensive care have facilitated clinical research and provided new
perspectives for enhancing care in intensive care. The abundance of scientific outputs resulting
from these databases and the diversity of topics addressed highlight the importance of these
databases as valuable resources for clinical research and suggest their potential impact on
clinical practice in intensive care. However, the quality of studies and their clinical relevance

remain highly heterogeneous among publications and are challenging elements to evaluate.
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6. Supplementary materials

Table S1 - Preferred Reporting Items for Systematic reviews and Meta-Analyses
extension for Scoping Reviews (PRISMA-ScR) Checklist

Section AEREREE
. Item | PRISAM-ScR checklist item on page
and Topic
number
TITLE
Title | 1 | Identify the report as a scoping review. 34
ABSTRACT
Provide a structured summary that includes (as applicable):
Structured background, objectives, eligibility criteria, sources of evidence,
2 ; . 34
summary charting methods, results, and conclusions that relate to the
review questions and objectives.
INTRODUCTION
Describe the rationale for the review in the context of what is
Rationale 3 | already known. Explain why the review questions/objectives 35
lend themselves to a scoping review approach.
Provide an explicit statement of the questions and objectives
N being addressed with reference to their key elements or other
Objectives 4 . . 35
relevant key elements used to conceptualize the review
questions and/or objectives
METHODS
Indicate whether a review protocol exists; state if and where it
Protocol and . : ) : .
; . 5 can be accessed and if available, provide registration 36
registration . Lo . . .
information, including the registration number.
Eligibility 6 Specify characteristics of the sources of evidence used as 36
criteria eligibility criteria and provide a rationale.
Information Describe all information sources in the search, as well as the
7 36
sources date the most recent search was executed.
Selection of State the process for selecting sources of evidence included in
sources of 8 . ) 36-37
. the scoping review.
evidence
. Describe the methods of charting data from the included
Data charting . L
rOCESS 9 | sources of evidence and any processes for obtaining and 37
P confirming data from investigators
Specify the methods used to collect data from reports, including
Data collection how many reviewers collected data from each report, whether
rocess 10 | they worked independently, any processes for obtaining or 37
P confirming data from study investigators, and if applicable,
details of automation tools used in the process.
Data items 1 Listand Fieflne all v_arlaplles for which data were sought and any 54-56
assumptions and simplifications made.
Critical
appraisal of If done, provide a rationale for conducting a critical appraisal of
individual 12 | included sources of evidence; describe the methods used and 37
sources of how this information was used in any data synthesis.
evidence
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Table S2 — Search terms used for studies selection

Database

Search terms

Pubmed

"Medical Information Mart for Intensive Care"[Text word] OR "MIMIC database"[Text word]
OR "MIMIC II"[Text word] OR "MIMIC IlI"[Text word] OR "MIMIC IV"[Text word] OR
"Amsterdam University Medical Centers Database"[Text word] OR AmsterdamUMCdb[Text
word] OR "elCU-CRD"[Text word] OR "elCU Collaborative Research Database"[Text word]
OR "High time resolution ICU dataset"[Text word] OR HiRID[Text word]

Embase

TS=("Medical Information Mart for Intensive Care") OR TS=("MIMIC database") OR
TS=("MIMIC 1I") OR TS=("MIMIC 11I") OR TS=("MIMIC V") OR TS=("Amsterdam University
Medical Centers Database") OR TS=(AmsterdamUMCdb) OR TS=(elCU-CRD) OR
TS=("elCU Collaborative Research Database") OR TS=("High time resolution ICU dataset")
OR TS=(HiRID)

Web of
science

'Medical Information Mart for Intensive Care' OR 'MIMIC database' OR 'MIMIC II' OR 'MIMIC
I OR 'MIMIC IV' OR 'Amsterdam University Medical Centers Database’ OR
AmsterdamUMCdb OR elCU-CRD OR 'elCU Collaborative Research Database' OR 'High
time resolution ICU dataset' OR HiRID
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Table S3 — Collected variables

Variables

Definitions

Article information

Title Digital

Digital Object Identifier (DOI)

Date of publication (YYYY)

Database used

AmsterdamUMCdb
elCU-CRD

HiRID

MIMIC 1l Clinical database
MIMIC 11l Clinical database
MIMIC 1V Clinical database

Corresponding author name

Corresponding author e-mail

Corresponding author gender

Corresponding author country

Journal information

Journal name

Field of the journal

Categories according to the Journal Citation Reports
(JCR) [45].

Impact factor

Study information

Inclusion period (years)

From the first inclusion of the first database to the last
inclusion of the last database (if several databases).

Number of participants

Sums of patients included (from different databases if
several databases).

Research topics

General

Cardiovascular — Hemodynamics
Cancerology

Digestive — Hepatology
Endocrinology — Nutrition

Ethics

Geriatric

Hematology — Haemostasis — Transfusion

Infectiology — Immunology
Nephrology — Urology — Metabolic
Neurology — Neurosurgery
Obstetrics

Pharmacology

Psychiatry

Pulmonary — Intubation — Ventilation
Sedation — Curarisation — Analgesia
Technology — Monitoring

Toxicology — Addictology
Traumatology — Orthopedic

Other

Studies without specific theme (eg, mortality in critical
patients).

Not belonging to the previous categories.
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Population
- All intensive care unit patients

- Patients with a specific symptom, disease
or organ failure

- Patients with a specific biological disorder

- Patients after a surgical procedure

- Patients with a specific medical procedure

- Other

Publication studied the whole population of ICU
patients.

Publication studied a specific population of ICU
patients.

Not belonging to the previous categories.

Exposure/Predictor
Demographic characteristics
Social determinants
Morphological measurement
Substance use disorder
Comorbidities

Type of admission

Type of intensive care unit
Length of stay

Vital signs

Fluid balance

Biological markers

Diagnostic procedure
Mechanical ventilation
Ventilation settings
Renal replacement therapy
Artificial nutrition
Transfusion
Treatments

Surgery

Scores

Language

Cluster

Other

Age, Gender.

The conditions in which people are born, grow, live,
work and age.

Size and shape characters are quantified and reported
as lengths or indices.

The persistent use of drugs despite substantial harm
and adverse consequences as a result of their use.
The simultaneous presence of two or more diseases
or medical conditions in a patient.

Admission from the emergency department or for
scheduled elective or emergency surgery.
Admission to a medical, surgical or specialized ICU.
Length of stay in ICU or hospital.

Clinical measurements that indicate the state of a
patient's essential body functions.

Measurement including intravenous fluids volume or
output/input difference

Biological measures of a biological state evaluated as
an indicator of normal biological processes,
pathogenic processes or pharmacological responses
to a intervention.

Test used to help diagnose a disease or condition
other than laboratory tests.

Use of invasive or non-invasive mechanical
ventilation.

The inputs to a mechanical ventilator that determine
the mode and how much support is provided for the
patient.

Use of a renal replacement method.

Administration of enteral or parenteral nutrition.
Administration of labile blood products

A set of measures applied to cure a disease, relieve
symptoms, or prevent their onset including
pharmacological and electrolytic treatments.
Recourse to surgical intervention or type of surgical
intervention.

Medical decision support tool, aggregating in a single
value several clinical observations.

Variables obtained from a natural language
processing method.

Groups obtained from an unsupervised learning
method.

Not belonging to the previous categories.
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Outcome

Mortality

Occurrence of a clinical event
Vital signs

Biological markers

Resource management

ICU readmission

Length of stay

Other

Explanation or prediction of mortality.
Explanation or prediction of a symptom, disease or
organ failure.

Explanation or prediction of a vital signs.
Explanation or prediction of a biological markers.
Explanation or prediction of therapeutic or
management strategy.

Explanation or prediction of discharge and
readmission.

Explanation or prediction length of stay in ICU or
hospital.

Not belonging to the previous categories.

Statistical methods used and results

Aim of the study

Inference

Prediction

Process of evaluating the relationship between the
explanatory and response variables.

Process of using a model to make a prediction about
something that is yet to happen.

Algorithm used
Unsupervised learning

Supervised learning

Reinforcement learning

Deep learning

A machine learning method whose goal is to describe
the associations and patterns among a set of input
measures without outcome measure [46].

A machine learning method whose goal is to predict
the value of an outcome measure based on input
measures [46].

A machine learning method where an agent is faced
an a problem and that learns behavior through trial-
and-error interactions with a dynamic environment
[47].

A machine learning method usually performed by an
artificial neural network composed of several layers of
neurons arranged hierarchically and interacting with
each other to predict the value of an outcome
measure [46].

Specific model used

Exhaustive list of used models.

Effect-size measure (if inference)

Type of measurement of effect size of primary
outcome (if several).

Effect-size value (if inference)

Value of effect size of primary outcome (if several).

P-value (if inference)

P-value of primary outcome (if several).

Prediction performance measure (if prediction)

Type of measurement of performance of better model
used (if several).

Prediction performance value (if prediction)

Value of performance of better model used (if several).
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Partie lll : Development of an Intensive Care Data
Warehouse at Rouen University Hospital: Transformation
of the ICCA Database in the OMOP Common Data Model

Background: Intensive care units (ICUs) generate a vast amount of data, collected in
electronic health records (EHRs), which are essential for improving clinical practices and
patient care. However, the structural complexity of ICU databases and the lack of standardized

data hinder their effective analysis and utilization.

Objective: This study aimed to transform the data from the ICCA® information system, widely
used in ICUs at Rouen University Hospital, into the Observational Medical Outcomes
Partnership Common Data Model (OMOP-CDM). The objective was to enable the integration,

standardization, and large-scale analysis of ICU data.

Methods: The transformation process involved structural and semantic mapping of selected
tables from the ICCA® database to the OMOP-CDM. An extraction, transformation, and
loading (ETL) process were implemented to restructure and normalize the data into the target

format.

Results: The study successfully transformed and integrated demographic and administrative
data of 20,235 patients admitted to the ICUs at Rouen University Hospital. The transformed
data allowed for the description of patient characteristics and the flow of patients within each

ICU. All the generated information was aggregated in an interactive dashboard.

Conclusions: The study demonstrated the feasibility of transforming ICCA® ICU data into the
OMOP-CDM, enabling their utilization and analysis at scale. Future perspectives include
expanding the transformation process to include additional clinical concepts, addressing the
challenge of structuring unstructured data from clinical notes, and promoting the creation of
multicentric ICU data networks. These efforts will unlock the full potential of the OMOP-CDM
model for research and improvements in intensive care, fostering significant advancements in

critical care medicine.

57



1. Introduction

Intensive care units (ICUs) play a crucial role within healthcare providing specialized
care to critically ill patients in need of immediate and specialized intervention. These patients
experience one or more acute organ failures, in many cases leading to death. in the ICU,
continuous monitoring of both clinical and paraclinical parameters is needed, leading to the
accumulation of a substantial data collected in Electronic Health Records (EHRs). This data,
pivotal for the amelioration of clinical practices and patient care quality, requires scrupulous
collection, analysis, and interpretation [48]. Several information systems are available in the
ICU settings and has proven to be an invaluable tool in managing these data in the ICU [49].
One example is ICCA® (IntelliSpace Critical Care and Anesthesia®©, Koninklijke Philips N.V.,
The Netherlands), widely deployed across France, encompassing over 65 hospitals, including
the Rouen University Hospital (RUH). It comprehensively records data related to ICU patients,
including demographic, clinical, physiological, biological parameters, medical directives, and
longitudinal clinical trajectories [50].

Nevertheless, the structural complexity of the databases housing this renders them
resistant to comprehensive analysis or utilization. Additionally, the disparities in data entry and
storage methodologies across different hospitals hinder multi-multicentric studies. To capitalize
on these extensive data repositories, the adoption of methods for data structuring and
normalization, facilitating large-scale analysis, become imperative.

The Observational Health Data Sciences and Informatics (OHDSI) initiative, an open
scientific community, is committed to enhancing healthcare outcomes through collaborative
evidence-based innovation. To surmount the aforementioned challenges, OHDSI developed,
in 2008, the Observational Medical Outcomes Partnership Common Data Model (OMOP-
CDM), along with a wide range of open-source tools and methods. OMOP-CDM is designed
to facilitates the structuring of EHRs and standardize vocabularies, enhancing data utilization
and interoperability [51]. Although numerous databases have been successfully converted to
the OMOP-CDM, leading to a global network of hundreds of databases across more than 20
countries and capturing aver a billion patient records [52], the structuring of ICU data has not
been addressed yet.

We propose the development of a methodology for the transformation of data extracted
from the ICCA® information system into the OMOP-CDM framework, to enable their effective
utilization. Then, we will describe the demographic profiles of patients admitted to RUH’s ICUs.

The objective is to foster a robust health data repository tailored for ICU data.
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2. Methods

2.1. Study Data

ICCA® Intensive Care Data

Since April 2016, the ICUs at Rouen University Hospital have been using the ICCA®
information software. The generated data is stored and managed by a commercial relational
database management system (RDBMS), specifically Microsoft® SQL Server 2008 R2 (SP3)
10.50.600.34.

Arelational database (RDB) organizes data within tables and establishes relationships
between these tables. With an RDB, data is organized into multiple tables (Figure 1), with
rows and columns representing records (tuples), and characteristics (attributes). Keys
establish relationships between tables, with primary uniquely identifying each record and
foreign keys referencing primary keys in different tables. The relational model enables logical
relationships and join operations, thereby structuring for efficient querying, manipulation, and
scrutiny. The RDBMS employs Structured Query Language (SQL) to query the databases.

Among the 61 tables that constitute the ICCA® database, 7 were selected to fulfill the
study’s objectives. Medical stay and demographic information were found in the D_Encounter
and PtDemographic tables. Movements within care units and beds were found in
D_ClinicalUnit, PtCensus, D_Bed and PtBedStay tables. Weight and height measurements

were recorded in the PtAssessement table.

001000001 7600001 DUPONT Jean Homme 12/05/1962
001000002 7600002 DURAND Ginette Femme 28/11/1958
Primary key

Relationship between D_Encounter and PtDemographic tables

Foreign key
00001 7600001 Rouen 76000
00002 7600002 Le Havre 76600

Figure 1 — Simplified Representation of an RDB Involving D_Encounter and
PtDemographic tables
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OMOP Common Data Model

The OMOP-CDM, developed by OHDSI, was implemented in the Normandy Health
Data Warehouse (EDSaN) through scripts provided by the OHDSI community. The OMOP-
CDM version 5.4 consists of 15 clinical data tables centered around the PERSON table, 3

tables for healthcare system data, 3 tables for health economics data, and 12 for standardized

vocabulary (Figure 2).
| Person I
; Standardized health system data | Standardized meta-data
—){ Observation_period I
3 Location li—{ Care_site I | l CDM_source l
—){ Specimen I l
1‘1 Provider I
—){ Death I [ Concept ]
J .
> Payer_plan_period ] I Vocabulary l
g Visit_occurrence }< w
° L s Visit_cost | g | s | »
= |t — o o 8
_§ Procedure occurrence € 8 ] I Concept_class I a
£ I P 3 l s & o
5 —)I t o 3
- \ s S = E_ [ Concept_relationship ] B
- | Drug_exposure I€ = 8
= “ 3 a
T l——)l Drug_cost ] '3' I Relationship l <
-s | Device_exposure le [ §
c Concept_synonym ] )
8 l——)l Device_cost ] =
= I Concept_ancestor l @
- 18 ¥ 2
¥ Condition_occurrence o 2
Mesiinemant L | Cohort I % %’ [ Source_to_concept_map ]
| i
® 3
! =
J© I'—l 25
Cond o Q
P ke s 3 E_ | cohort_definition |
]
Drug_era Dose_era 3
I Fact_relationship I I I I I a I Attribute_definition l

Figure 2 — Structure of the OMOP-CDM [53]

These standardized vocabularies are a fundamental component of the OHDSI research
network and the OMOP-CDM, serving to homogenize methods, definitions, and outcomes.
The standardized vocabularies are freely available to the community. The CONCEPT,
VOCABULARY, and DOMAIN tables were loaded from files via the Athena interface developed
by OHDSI (Figure 4).

The source code was implemented in PostgreSQL 10.4, an open-source RDBMS
renowned for its performance, reliability, and extensive feature set. Moreover, PostgreSQL
benefits from an active open-source community that provides support, regular updates,

security patches, and detailed documentation.
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2.2. Structural and Semantic Mapping

Structural mapping aimed to identify the relevant data within the ICCA® database and
integrate it into the appropriate locations in the OMOP database (Figure 3). Semantic
mapping, on the other hand, aimed to align ICCA®’s local terminologies with OMOP’s
standardized counterparts, ensuring consistency across different sources and enabled
meaningful inquiry within the OMOP format (Figure 4).

OBSERVATION_PERIOD :
VISIT_OCCURRENCE

VISIT_DETAIL

—_—

MEASUREMENT

LOCATION

ICCA® OMOP-CMD ICCA®

Figure 3 — Structural Mapping from ICCA® to OMOP-CDM

® atHena
[ oo o~ ] m w Pl e Beees-m > Gender (Female) 8532
:': LS e PP P —— Gender (Male) 8507

:m T - Country (France) 4320324

G = Location (Hospital) 38004515

S Location (Intensive care unit) 32037
Location (Medical intensive care unit) 40481392
Location (Surgical intensive care unit) 4305366
Location (Cardiac intensive care unit) 4149943
Location (Neurological intensive care unit) 4148496
Period covering healthcare encounters 44814724
EHR encounter record 32035
Measurement (Body height) 4177340
Unit (Centimeter) 8582
Measurement (Body weight) 4099154
Unit (Kilogram ) 9529

Figure 4 — Semantic Mapping using OMOP Standardized Vocabulary
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2.3. Extraction, Transformation, and Loading (ETL)

An ETL process was implemented to transpose the raw ICCA® source data into the
OMOP-CDM. The extraction step involved retrieving the data from the source system. The
transformation step, performed after extraction, modified the structure of the source data to
meet the requirements of the target format. The names of the source variables were changed
to match the target format variable names. Then, patient and visit identifiers were anonymized
using a mapping table. Additional variables specific to the target format were added, and
standardized vocabulary was incorporated during this step. Incorrect or outlier values were
removed. Lastly, the loading step integrated the extracted and transformed data into the target
database. Loading could be done incrementally (updating modified data) or in bulk (loading all
data in each execution). An example of an ETL script for the "person" table is provided in the
Supplementary Materials (Figure S1).

This process restructured the ICCA® data into the OMOP-CDM (structural mapping)
and incorporated mappings to the standardized vocabularies (semantic mapping). It was

implemented through a set of automated scripts using the Python programming language.

Source 1 Source 2 Source 3

B OO B

|
~ -~

|
SA Y £7

OMOP - CMD

Research Project - Interoperability
Figure 5 — Summary of the ICCA Database Conversion Process to the OMOP-CDM [53]
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2.4. Ethics

All patient data underwent anonymization, by creating a new identifier, aligned with the
reference methodology (MR-004) stipulated by the National Commission for Data Protection
and Liberties (CNIL).

2.5. Analysis and Visualization

Data extraction was performed as a data frame using PostgreSQL scripts, followed by
a descriptive via Python® 3.11.2 software.

Categorical variables were summarized as counts and frequencies, and quantitative
variables were expressed as means and standard deviations. Bar charts were employed to
visualize the distribution of categorical variables and histograms and density curves for the
quantitative variables. The graphs were drawn using the Plotly 5.16.0 package. The interactive
map was built using the Folium 0.14.0 package. The geographic coordinates of the cities data
was downloaded via the Data gouv website [54]. All the generated information was aggregated

in an interactive dashboard using the Dash 2.11.1 package.
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3. Results

3.1. Patient information

From April 2016 to February 2022, a total of 20,235 unique patients were admitted to
the ICUs at Rouen University Hospital, comprising 24,351 stays. The majority of admitted
patients were between the ages of 61 and 70, with a mean age of 58.7 (+16.1) years. Among
these patients, men were predominant, accounting for 14,878 (61.1%) admissions (Table 1,
Figure 6). Geographically, the patients hailed from various regions across France, with a
preponderance from the Normandie region, including 2,404 (9.8%) patients from Rouen itself
(Table 1, Figure 7).

3.2. Care site information

Out of 27,631 admissions in the various units, the medical, surgical, and cardiac ICUs
recorded the highest number of admissions, accounting for 6,454 (23.4%), 4,457 (16.1%), and
5,197 (18.8%) admissions, respectively (Table 2). There was a stability in the number of
admissions over the years (Figure 8). The average length of stay was 5.6 (£65.4) days. The
respiratory weaning unit (RWU) and the neurosurgical ICU registered the longest average
lengths of stay (LOS), with 28.8 (+233.5) days and 9.1 (£62.6) days. The postoperative care
unit (POCU) had an average LOS of less than 2 days (Table 2, Figure 9). A total of 209 (0.8%)
admissions were recorded in the COVID unit with an average duration of 7.6 (6.8) days.
However, other temporary COVID units were established without being equipped with the
ICCA® software.
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Table 1 — Patient characteristics at admission

Stays (n = 24,351)

Unique patient 20,325
Demographic information
Age (year) 58.7 (16.1)

Gender (Female)

9,473 (38.9%)

Patients' hometown (major cities)

- Rouen 2404 (9.8%)
- Le Havre 1363 (5.6%)
- Evreux 456 (1.9%)
- Dieppe 267 (1.1%)
- Elbeuf 195 (0.8%)
Morphological measurement
Height at admission (kg) 79.5 (19.2)
Weight (cm) 169.7 (9.5)
91-100 Female
Male
81-90
71-80
61-70
&  51-60
E‘l -
41-50
31-40
21-30
16-20
o <
7000 9000 000 7000

Figure 6 — Pyramid of ages of patients at admission

Number of admissions
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Table 2 — Care site characteristics

Abbreviations: CCU, Continuing Care Unit; HDU, Hemodialysis Unit; ICU, Intensive Care Unit;
POCU, Post Operative Care Unit; RWU, Respiratory Weaning Unit.

Admissions
Intensive care stays 24,351
Clinical unit movements
- Total 27,631
- Cardiac ICU 4,457 (16.1%)
- Surgical ICU 5,197 (18.8%)
- Medical ICU 6,454 (23.4%)

Neurological ICU
Neurological CCU
Neurological POCU
Cardiac POCU
Surgical POCU

1,460 (5.3%)
2,987 (10.8%)
387 (1.4%)
2,924 (10.6%)

(

E
2,166 (7.8%)
(

(

- Medical RWU 911 (3.3%)

- Medical HDU 479 (1.7%)

- Covid unit 209 (0.8%)
Length of stay (days)

- Total 5.6 (65.4)

- Cardiac ICU 4.1 (5.8)

- Surgical ICU 7.1 (70.0)

- Medical ICU 5.7 (51.6)

- Neurological ICU 9.1 (62.6)

- Neurological CCU 5.9 (106.3)

- Neurological POCU 0.9 (1.0)

- Cardiac POCU 1.0 (1.3)

- Surgical POCU 1.5(1.8)

- Medical RWU 28.8 (233.5)

- Covid unit 7.6 (6.8)
Bed movements 28,610
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Figure 8 — Number of admissions per unit and per year
Abbreviations: CCU, Continuing Care Unit, ICU, Intensive Care Unit; POCU, Post Operative
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4. Discussion

4.1. Main findings

The present study, successfully structured and normalized ICU data at Rouen
University Hospital, collected through the ICCA® solution, enabling their integration into the
OMOP-CDM standardized format. This transformation not only facilitated the data analysis but
also allowed the description of the demographic characteristics of patients admitted to the ICUs

as well as the patient flow within each unit.

4.2. Comparison with previous works

To our knowledge, no study has been published on the transformation of ICU data from
the ICCA® solution to the OMOP-CDM format. However, prior works in other clinical contexts
have explored the transformation of medical databases to the OMOP model. Lamer et al.
described a methodology for transforming anesthesia data from the DIANE Anesthésie®
anesthesia information management system to the OMOP-CDM [52], emphasizing concepts
such as patient history, measurement units, medications, different stages of intervention, and
anesthesia procedures. While our study focused primarily on ICU patient demographic and
administrative data, we recognize the potential for expanding this process to include additional
concepts, mirroring studies like Paris and al. on the open-access MIMIC database [55].

Furthermore, other studies are aiming to standardize French administrative healthcare
data (Systéme national des données de santé, SNDS) to the OMOP-CDM format could
intersect our findings [56], enhancing the integration and analysis of combined SNDS and
ICCA® data.

4.3. Limitations and future perspectives

Nevertheless, our study has some limitations. The transformation we effected focused
exclusively on specific tables and variables relating to the demographics of patients and
admissions within ICUs at Rouen University Hospital. Consequently, vital intensive care
parameters such as clinical observations, medication prescriptions, and specific interventions,
remained outside this initial transformation’s scope. Future work should consider broadening
the transformation to include a more extensive set of ICU data, establishing a more

comprehensive and versatile data repository.
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Additionally, the current OMOP methodology’s inability to structure unstructured clinical
notes (medical history, clinical evolution) constituting nearly 80% of EHRs medical information
[67], also emerge as a significant constraint. Ongoing research targets advanced natural
language processing (NLP) and machine learning methods for this purpose. Initiatives such as
the OHDSI NLP Working Group are striving to address this challenge by creating tools and
methodologies for extracting and normalizing clinical information from unstructured text [58].
The successful integration of unstructured data into the OMOP model would significantly
enhance research and analysis capabilities, allowing for more in-depth exploration of risk
factors, epidemiological trends, and clinical outcomes.

Finally, this study is limited to Rouen University Hospital’s ICCA® data and additional
efforts should be made to promote reproducibility and interoperability of the process to enable
the adoption of the OMOP-CDM model. Establishing a network of ICUs using a standardized
data model would create a valuable resource for collaborative and multicenter research, while
enabling the comparison of clinical outcomes on a national scale and enhancing the collective
understanding of intensive care practices. This network of structured databases represents a
significant opportunity for the application of federated learning in the field of critical care
medicine, enabling the training of machine learning models while keeping data locally at

different sites, without centralizing their sharing [59].

5. Conclusion

The present study demonstrated the feasibility of transforming ICU data in a tertiary
university hospital collected using the ICCA® solution into the OMOP-CDM format. By
structuring and normalizing this diverse dataset, we achieved integration into a standardized
format, enabling easy utilization and large-scale analysis.

Looking ahead, further expanding the transformation process to include additional
concepts, enhancing the structuring of textual data, and promoting the establishment of
multicentric networks for ICU data will enable us to fully leverage the potential of the OMOP-
CDM model for research and advancements in intensive care. This will undoubtedly lead to
significant progress in the field of critical care medicine, ultimately improving patient outcomes

and healthcare practices.
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6. Supplementary materials

Figure S1 — ETL script for the "person” table

A

Extraction

Transformation

Loading

from d2im.cfg import constants

from d2im.ksc import keystore % Connecting to the ICCA® database
from d2im.dbc import edsan_dbc

df_icca = edsan_dbc.sqlserver_execute_guery(constants.Database.ICCA,'"'’
with D1 as (
select distinct tl.patientId, tl.encounterld,
t2.ptDemographicId, city=t2.terseForm, zip=t3.terseForm, storeTime=t2.storeTime
from D_Encounter as tl
join PtDemographic as t2 on tl.encounterId = t2.encounterId
join PtDemographic as t3 on tl.encounterId = t3.encounterId
where lifeTimeNumber like '001%' and len(lifeTimeNumber) = 12
and encounterNumber like '[0-9]%' and len(encounterNumber) = 9
and lastName not in ('test','test dsi')
and dateOfBirth is not null
and gender is not null
and (t2.attributeId in ('14342') and t2.interventionId in ('5087'))
and (t3.attributeId in ('14340') and t3.interventionId in ('5087'))
and t2.storeTime=t3.storeTime ),
D2 as (
select distinct Dl.patientId, Dl.ptDemographicId from D1
join (select patientld, maxTime=max(storeTime)
from D1 group by patientId) as D3 on Dl.patientId=D3.patientId and Dl.storeTime=D3.maxTime )
select distinct person_id=D4.patientId,
year_of birth=year(dateOfBirth), Selection of the variables of interest
month_of_ birth=month(dateOfBirth),
day_of birth=day(dateOfBirth),
birth datetime=dateOfBirth,
location_id=D2.ptDemographicld,
person_source_value=lifeTimeNumber,
gender source_value=gender from D2
right join D_Encounter as D4 on D2.patientId=D4.patientId
where lifeTimeNumber like '001%' and len(lifeTimeNumber) = 12
and encounterNumber like '[0-9]%' and len(encounterNumber) = 9
and lastName not in ('test',‘'test dsi')
and dateOfBirth is not null
and gender is not null
order by D4.patientId Filtering out erroneous values
)

def anonymize(value): A izati
hashed_wvalue = hashlib.md5(value.encode()).hexdigest() nonymization
return hashed value

df_iceca[ 'person_id'] = df_icca[ 'person_id'].apply(anonymize)
df_icca[ 'person_scurce_value'] = df_icca[ 'person_source value'].apply(anonymize)

df icca.insert(loc=1, column='gender_ concept id',
value=df_icca[ 'gender source value'], e —lncorporation of standardized vocabulary
hap({‘Masculin':SBﬂ?, "Féminin':8532}))

df_icca.insert(loc=6, column='race concept_id', value=0)

df_icca.insert(loc=7, ethnicity concept_id', value=0)

df_icca.insert(loc=9, provider_id', value=None)

df_iceca.insert(loc=10, ‘care_site_id', wvalue=0)

df_icca.insert(loc=13, column='gender source_concept_id', value=None)

df_icca.insert(loc=14, column='race_source_value', value=None)

df_icca.insert(loe=15, column='race_source_concept_id', value=None)

df_icca.insert(loc=16, column='ethnicity_source_value', value=None) I\ddihg new variables
df_icca.insert(loc=17, column='ethnicity_ source_concept_id', wvalue=None)

for row in df_icca.itertuples():

edsan_dbc.postgresgl_execute query(constants.Database.OMOP, "'’ < Loadlng data into

insert into omop.person(person_id, gender_concept_id, the OMOP database
year_of_birth, month_of_birth, day_of_birth, birth_datetime,
race_concept_id, ethnicity concept_id,
location_id, provider_ id, care_site_id,
person_source_value, gender_source_value, gender_source_concept_id,
race_source value, race_source_concept_id,
ethnieity source_value, ethnicity source concept_id)

values (%s, %s, %s, %s, %s, %s, %s, %5, %s, %s, %s, %s, %s, %s, %s, %s, %s, &s)'"'',

(row.person_id, row.gender_concept_id,

row.year of birth, row.month of birth, row.day of birth, row.birth datetime,

row.race_concept_id, row.ethnicity concept_id,

row.location_id, row.provider id, row.care_site id,

row.person_source_ value, row.gender_ source value, row.gender_ source_ concept id,

row.race_ source value, row.race source concept id, row.ethnicity source value, row.ethnicity source concept id))
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Titre : Réutilisation des données de réanimation : état de lieux des bases existantes et mise en place
d’'un entrep6t de données de réanimation au CHU de Rouen.

Mots clés : Réanimation, Données massives, Base de données, Entrepdt de données, Accés
ouvert, AmsterdamUMC, elCU-CRD, HiRID, MIMIC.

Contexte : Les services des réanimations prennent en charge les patients les plus graves avec un
haut risque de mortalité. En raison de ['état critique de ces patients, une surveillance étroite est
nécessaire, conduisant a la collecte d'un volume important de données. Des collaborations ont
permis I'’émergence de grandes bases de données en accés libre a l'origine de nombreuses
publications dans le domaine.

Objectif : L'objectif de cette revue de la littérature est d'identifier les caractéristiques des études
utilisant des bases de données ouvertes de soins intensifs et de décrire la contribution de ces études
a la recherche en soins intensifs.

Méthodes : La recherche a été effectuée a partir de 3 bases de données (PubMed - Medline,
Embase, Web of Science) de la création de la base de données jusqu'au 1er aolt 2022. Ont été
inclus les articles originaux basés sur 4 bases de données ouvertes concernant des patients adultes
admis en unités de réanimation (Amsterdam University Medical Centers Database
(AmsterdamUMC), Collaborative Research Database (elCU-CRD), High time resolution ICU dataset
(HIRID), Medical Information Mart for Intensive Care (MIMIC)). Les caractéristiques liées a la
description des publications, a la conception des études et aux analyses statistiques ont été extraites
et analysées.

Résultats : Nous avons observé une augmentation constante du nombre de publications provenant
de ces bases de données depuis 2016. Les bases de données MIMIC ont été les plus fréquemment
utilisées, tandis que les pays contribuant le plus étaient la Chine et les Etats-Unis avec 683 (52.8%)
et 367 (28.4%) publications respectivement. Le facteur d'impact médian des publications depuis la
création des bases de données ouvertes en soins intensifs est de 3,8 [2,8 - 5,8]. Les sujets
cardiovasculaires et infectieux étaient les plus représentés avec 333 (25.7%) et 319 (24.7%) articles
respectivement. En ce qui concerne les méthodes statistiques, la régression logistique était le
modele le plus couramment utilisé pour les questions d'inférence et de prédiction avec 383 (55.5%)
et 276 (47.3%) études respectivement. La majorité des études d'inférence ont présenté des résultats
statistiquement significatifs (84.1%). Dans les études de prédiction, la mesure de performance la
plus récurrente était 'AUC, avec une valeur médiane de 0.840 [0.780 — 0.890].

Conclusions : L'abondance des résultats scientifiques issus de ces bases de données et la diversité
des sujets abordés mettent en évidence l'importance de ces bases de données en tant que
ressources précieuses pour la recherche clinique et suggérent leur impact potentiel sur la pratique
clinique en soins intensifs. Cependant, la qualité des études et leur pertinence clinique restent trés
hétérogénes, la majorité des articles étant publiés dans des revues a faible impact. Ainsi, cette étude
souligne I'importance de la nécessité de mettre a disposition une base de données de réanimation
a I’échelle locale et nationale.
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