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RESUME EN FRANCAIS

La complexité des patients de réanimation justifiec le recours a des systemes d’aide a la
décision thérapeutique. Ces systemes rassemblent des protocoles automatisés de prise en charge
permettant le respect des recommandations et des simulateurs physiologiques ou patients virtuels,
utilisables pour personnaliser de facon sécuritaire les prises en charge. Ces dispositifs fonctionnant
a partir d’algorithmes et d’équations mathématiques ne peuvent étre développés qu’a partir d’un
grand nombre de données de patients. Le principal objectif de cette thése était la mise en place d’une
base de données haute résolution automatiquement collectée de patients de réanimation pédiatrique
dont le but sera de servir au développement et a la validation d’un simulateur physiologique :
SimulResp®© . Ce travail présente I’ensemble du processus de mise en place de la base de données,

du concept jusqu’a son utilisation.
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informatique ; big data
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RESUME EN ANGLAIS

Development and validation of a high-resolution database for the calibration of a virtual patient

usable for the teaching and the management of patients in pediatric intensive care.

The complexity of the patients in the intensive care unit requires the use of clinical decision
support systems. These systems bring together automated management protocols that enable
adherence to guidelines and virtual physiological or patient simulators that can be used to safely
customize management. These devices operating from algorithms and mathematical equations can
only be developed from a large number of patients’ data. The main objective of the work was the
elaboration of a high resolution database automatically collected from critically ill children. This
database will be used to develop and validate a physiological simulator called SimulResp®© . This

manuscript presents the whole process of setting up the database from concept to use.

Key words: Database; Intensive care unit; clinical decision support system; children; computational

model; big data
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INTRODUCTION

La capacité du cerveau humain a intégrer et traiter de nouvelles informations
simultanément est limitée (1-3). Cette limite est grandement influencée par le contexte dans
lequel le sujet regoit ces informations (2,4). Ainsi, dans le domaine de la réanimation et des
soins intensifs, un milieu stressant, dans lequel le praticien est soumis a de nombreuses
sollicitations simultanées et doit prendre des décisions impliquant la survie de patients parfois
sans discontinuer pendant 24h, le contraste entre les capacités cérébrales et la quantité de
données a analyser peut expliquer en partie la variabilité des pratiques (5,6) et les erreurs
médicales (3). Pour assurer une prise en charge optimale, le réanimateur doit prendre en
considération un grand nombre de parametres liés les uns aux autres et variables dans le temps.
Il doit aussi étre en mesure d’anticiper et de prévoir leur évolution au rythme de ses
interventions médicales. Dans ce contexte peu favorable a I’intégration des informations, il est
probable que le praticien ne prenne pas en compte toutes les données essentielles au bon
déroulement de la prise en charge du patient (1,2). Le milieu médical n’est pas unique, il existe
de nombreuses professions a risque qui expérimentent la méme problématique. Dans le
domaine de 1’aéronautique notamment, il est depuis longtemps reconnu que la défaillance
humaine est souvent a ’origine des accidents (7-10). Dans ce contexte, il est établi que
I’utilisation de protocoles automatisés (pilotes automatiques) ainsi que 1’entrainement par la
simulation ont permis de réduire considérablement leur survenue (7-10). Forts de cette
expérience en aéronautique, plusieurs équipes médicales ont considéré le développement
d’outils d’aide a la décision et a I’enseignement par la simulation étaient pertinents pour assister

les professionnels et optimiser la prise en charge des patients de réanimation (3,6,11-22).
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A. Systémes d’aide a la décision médicale et protocoles automatisés

Les systemes d’aide a la décision consistent en 1’intégration des connaissances médicales
dans un logiciel. Le logiciel recueille des données (données cliniques, paramétres de ventilation,
données gazométriques, par exemple) et les analyse (15,23-25). Ensuite, sa conduite va varier
en fonction de I’objectif pour lequel I’outil a été développé. Ainsi on distingue 2 niveaux
d’utilisation des systemes d'aide a la décision médicale dans le domaine de la réanimation et
des soins intensifs :

1- D’assistance diagnostique et le dépistage des situations pathologiques d’une part
(17,21,24) ; a partir de la synthese de plusieurs données fournies par les dispositifs
connectés au patient, 1I’outil d’assistance diagnostique ou de dépistage va alerter le clinicien
d’une situation d’une particuliére gravité justifiant la mise en place d’un traitement ou
d’une surveillance spécifique.

2- ’assistance a la prise en charge a proprement parlé d’autre part (15,17,20) ; ici, soit le
logiciel émet des recommandations thérapeutiques au clinicien qui valide ou non ces
propositions, le systeme est alors appelé « en boucle ouverte », soit il modifie directement
la prise en charge du patient sans la validation du clinicien, on parle alors de « boucle

fermée » ou de protocoles automatises (Fig. 1).

A I’heure actuelle, plusieurs de ces systemes d’aide a la décision sont disponibles pour le
dépistage et/ou I’assistance thérapeutique dans le cas de troubles hémodynamiques (18),
septiques, respiratoires (12-15,19,20,23,26-30) ou encore neurologiques (24).

En réanimation pédiatrique, c’est vraisemblablement dans le domaine de 1’assistance
respiratoire que le recours a des systemes d'aide a la décision de prise en charge semble le plus
pertinent. La défaillance respiratoire représente 1'un des principaux motifs d’admission en
réanimation pédiatrique (31). Depuis de nombreuses années, a coté de 1’amélioration des

respirateurs, 1’utilisation de systémes d'aide a la décision est en grande partie a 1’origine des
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progrés faits en matiére d’assistance respiratoire chez ’adulte et I’enfant. Cependant leur
impact au quotidien et la compliance des cliniciens restent trop faibles (de 1’ordre de 30 a 40%
selon les études) (5). Ainsi, le recours a des systéemes d'aide a la décision permettrait une
meilleure adhésion aux recommandations internationales et ainsi d’améliorer le devenir des

patients et de réduire les complications et les durées de ventilation mécanique (3,15,20,23,30).

( R “’ 3
k . 4
Knowledge
B Y Caregiver
*: 3‘”’ decision
S—— l
Explicit 2
Clinical decision o T
e (open loop) =l
Caregiver decision "
P

according to ECP
recommendation

L

protocol (ECP)

Caregiver e koop |
supervision of ECP c["
recommendations

protocol (ECP)
Figure 1 Schematic representation of the different processes for decision making. (A) Actual caregiver decision making. (B) Explicit
L computerized protocol in open-loop (dinical decision support systems). (C) Explicit computerized protocols in closed-loop.

Fig. 1: Représentation des différents processus de décision, d’aprés Jouvet et al. (13)

Le développement et I’implémentation en médecine de systemes d'aide a la décision
nécessitent une démarche rigoureuse (17). Jusqu’a présent les systémes étaient développés au
sein des secteurs R&D des industries et validés par I’inclusion de quelques patients dans une

étude clinique prospective avant commercialisation (12,14). Cependant, la complexification de
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ces systémes et la nécessité d’avoir une meilleure approche en terme de sécurité pose la question
du processus d’autorisation a la commercialisation (17). Dans ce contexte, ’idée de tester les
performances et la sécurité de ces systéemes sur des simulateurs physiologiques s’impose. Par
exemple, dans le domaine de ’aide a la décision en ventilation mécanique, il est possible
d’étudier la prédiction faite par le simulateur physiologique en réponse a des modifications des
parametres ventilatoires dans certaines conditions physiologiques définies préalablement (Fig.

2).

Entrées TO
Caractéristiques patients
Paramétres physiologiques
Ventilation

Simulateur/ VP

Sorties
Paramétres physiologiques
prédits

Entrées
Ventilation

1) Analyse
2) Inférence

Entrées T0
Caractéristiques patients
Paramétres physiologiques
Ventilation

Assistance
automatisée

Entrées
Paramétres physiologiques

Sorties
Ventilation proposée

1) Analyse
2) Inférence

VP : Vitual patient — patient virtuel

Fig. 2 : Schéma de processus de développement et validation du systéme d’aide a la décision
thérapeutique

B. Simulation et modélisation physiologique

1. Principes

La simulation ou modélisation physiologique a pour objectif de reconstituer le
fonctionnement du corps humain et les interactions entre les différents systemes qui le
composent (32-35,35,36). Par I’intermédiaire d’équations mathématiques, il est possible de
programmer un modele capable de recréer la physiologie humaine et de la rendre ainsi
accessible a 1’étude (32-35,35,36). Du fait des progres informatiques, ces simulateurs ont pu

étre agrémentés d’interfaces virtuelles facilitant leur utilisation (37).
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2. Modélisation respiratoire

a) Généralités

Un simulateur cardio-respiratoire est spécifiquement congu pour modéliser la
physiologie et la physiopathologie cardio-respiratoire. En pratique courante, on en distingue
essentiellement 4 utilisations principales :

- I’enseignement de la physiologie cardio-respiratoire et de la ventilation

- 1’évaluation des performances des respirateurs utilisés en service de réanimation
- 1I’édition de recommandations sur la prise en charge cardio-respiratoire

- I’élaboration et calibration d’outils d’aide a la décision thérapeutique.

Initialement, la création des simulateurs a été motivée par le besoin de compréhension
des mécanismes physiologiques et la transmission des connaissances dans ce domaine, ainsi de
nombreux simulateurs sont dédiés a la pédagogie (38,39). Par la suite, certains simulateurs sont
devenus aptes a produire des valeurs de gaz du sang, permettant d’une part de proposer un
enseignement plus complet de la physiologie et de la ventilation (37,40) et d’autre part
d’assister le clinicien au lit du malade en fournissant une prédiction plus ou moins fiable de
I’évolution de I’hématose du patient en fonction de son état physiopathologique mais aussi des
modifications thérapeutiques réaliseées (41). Ces simulateurs ont, pour la plupart, été testés et
validés chez des patients sains mais peuvent aussi simuler certaines maladies (42,43). Selon le
type de simulateurs, ils reposent classiquement sur une modélisation a 3 compartiments (zone
d’échange, espace-mort, shunt) (38) mais parfois plus (44-46). Sous I’impulsion des progrés
informatiques, de la complexification des prises en charge et des intéréts médico-économiques,
ces programmes utilisés sur des supports rudimentaires pour I’enseignement (36,37,40) puis
I’assistance ventilatoire (41,47-50) sont devenus de véritables dispositifs médicaux et objets
marketing (39,51). Plus récemment, les simulateurs hybrides associant deux ou plusieurs
modeles interagissant les uns avec les autres sont apparus. Le plus souvent 1’association
combine une composante numérique avec une composante mécanique (52). Ces dispositifs

15



hybrides semblent en mesure de reproduire la mécanique ventilatoire de plusieurs types de

patients et notamment des nouveau-nés (43).

b) Le modeéle de Dickinson
Le modele de CJ Dickinson (53) a comme avantage d’avoir son code source dans le domaine
public. C’est un mode¢le respiratoire & 3 compartiments : capillaires, espace mort et shunt droit-
gauche. Les poumons sont modélisés afin d’inclure I’espace mort anatomique et physiologique,
ainsi que le rapport ventilation-perfusion (alvéoles ventilées ou non et perfusees ou non). Le
flux sanguin pulmonaire est modeélisé en 2 compartiments : un compartiment avec shunt et un
compartiment sans shunt. Le sang passe au niveau de I’alvéole sous forme de volume par unité
de temps. Chaque unité de volume sanguin passe par une modélisation du transfert de gaz a
travers la paroi alvéolo-capillaire de telle sorte qu’une simulation du processus d’équilibre des
gaz alvéolaires est obtenue. Les échanges gazeux sont corrigés pour la pression expiratoire
positive, le débit cardiaque et le pH. La production de dioxyde de carbone et I’extraction

d’oxygene proportionnelles a I’age de I’enfant simulent le métabolisme tissulaire.

Ventilation assistée (donnéesPEI): . g?dt:a::aeinsuques dupafiont:
;g: VS:‘:EE?S I [E————— Micanique puimonaire -Clot et Tiot, Vd
P / ;Txm Sédation ou non
Rapport VE fem 2 obinémie
Frproscrite TEmpel:ﬂ_u'E centrale
Flow deéceélérant (courbe camée) r Shunt artériel droil- gauche

SpO;, ETpege. €t pH initiaux

Centre de confrole de
la respiration

alvéolaire
Volume, PO,
PCO

/ Capillaires pulmonaires
e

Shuntarténel droit gau Débit cardiaque

e Production de CO; et =r-
consommation d'O-
tissulaire J

Fig. 3 : Modéle cardio-respiratoire multi-compartimental de Dickinson
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C) Logiciel

A partir de ce modeéle mathématique, notre équipe de recherche a programme et
développé le simulateur cardio-respiratoire : SimulResp® (13,38,54). Ce simulateur a vocation
a reproduire la physiologie respiratoire d’un patient de plus de 8 ans, sain ou dans certaines
situations pathologiques (syndrome de défaillance respiratoire aigué (SDRA), asthme, BPCO,

hémodynamique instable) (13,38,54) (Fig. 4) .

| B SimulResp - Version 2011.11.26.01

Patient  Afficher Préférences Débogage Aide

Contréle de Ia session SimulResp
- Général
JETT TS O D S Y Exercice | 100 Vo
Compression du temps 7 i
1 empérature
Cardiovasculsire
Paramétres patient Hasts 24 Qe 100 Gemax | 272 ShuntD-G| 0 ShuntG-D
Type de patient i -
O e 24/ 0 0 (AmbesMoisdous)  Poids | 75 (ka) Vdsupp @ |["Cervesu e . e —
Nomal = oV 5 Respcap | 100 PaO2resp 100 pHresp 100 Resp control i
- = ~4  Ventlation mécanique
Genre (*)Homme Femme Taille 175 (cm) et m Rapport UE B FO2| 21 = PEP
Modéle Swatut
Presets Dickinson v
Ventilation spontanée Nombre de respirations 0
Ventilation mécanique Respirations/minute 0
Vaisseawx pulmonaires Temps simulé 0
CRF 3462,00 Temps réel 0

Vd 130,00
ETPCO2 40,00

I "SimulResp | Equations SimulResp | SimulResp avancé
O @ ‘3 1407

Fig. 4 : Aspect graphique de ’interface du simulateur

d) Limites

Si les premiéres étapes de validation ont mis en évidence une bonne reproductibilité et
robustesse du simulateur en situation de ventilation spontanée (54), des incertitudes persistent
en ce qui concerne la justesse de ses prévisions, notamment dans le domaine de la ventilation

mécanique. Ainsi, avant de pouvoir utiliser le simulateur SimulResp® pour développer, tester
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et appliquer des protocoles automatisés de prise en charge, il est nécessaire de s’assurer de sa

fiabilite.

e) Evaluation de la qualité.

L’évaluation des capacités et de la fiabilité d’un mode¢le physiologique fait appel a plusieurs

concepts (55-57).

L’exactitude («accuracy ») qui rassemble a la fois les termes de justesse
(« trueness ») et de fidelite (« precision »). La justesse s’exprime par le biais et
correspond a 1’accord entre la valeur moyenne des résultats d’un essai, ici la prédiction
du simulateur, et la valeur de référence. La fidélité correspond a 1’étroitesse d’accord
entre les résultats des essais et correspondrait a la dispersion des résultats de 1’essai
réalisé dans des conditions définies.

La répétabilité correspond a I’étude de la fidélité pour des résultats obtenus dans des
conditions de mesure identiques, c’est-a-dire avec la méme méthode ou le méme
simulateur avec le méme équipement, dans le méme lieu, par le méme opérateur, dans
le méme intervalle de temps.

La reproductibilité correspond a I’étude de la fidélité pour des résultats obtenus dans
des conditions de mesure identiques, c’est-a-dire avec la méme méthode ou le méme
simulateur mais avec un équipement, un lieu et un opérateur différents.

La robustesse qui correspond a la capacité du simulateur a rester stable et fiable dans le

temps et les conditions.
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PROBLEMATIQUE DU TRAVAIL

La complexité des malades hospitalisés en réanimation et la nécessité d’intégrer un
nombre croissant de données cliniques, paracliniques et thérapeutiques surpassant 1’esprit
humain, justifient le recours des réanimateurs a des outils d’aide a la décision thérapeutique ou
diagnostique pour garantir aux patients une prise en charge optimale (17). Afin d’assurer une
sécurité d’utilisation de ces outils d’aide a la décision, il est apparu préférable de les tester et
d’encadrer leur déploiement a I’aide de simulateurs physiologiques ou patients virtuels. En plus
de servir a la programmation d’outils d’aide a la décision, ces patients virtuels ont la possibilité
d’étre utilisés a des fins d’enseignement.

Le développement et 1’évaluation de ces patients virtuels et des outils d’aide a la
décision nécessitent I’acquisition d’une quantité importante de données cliniques, paracliniques
et thérapeutiques (16,58). Pour étre utiles dans le contexte des soins intensifs et de la
réanimation, ces données doivent étre recueillies a haute fréquence, fiables, validées et
interrogeables. A partir de ces données, il est alors possible de développer puis de tester des
algorithmes diagnostiques et thérapeutiques, plus ou moins autonomes (16,58,59).

C’est ainsi que dans le cadre notre travail de développement et de validation du
simulateur cardio-respiratoire SIMULRESP®, nous en sommes venus a la création du concept
de PATIENT PERPETUEL. Ce concept sera illustré tout le long du manuscrit et est défini
comme un patient dont on peut reprendre a I’infini le déroulé du séjour en soins intensifs du
fait de la grande quantité de données organisables dans le temps qui a été recueillie pendant son

séjour.
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OBJECTIFS DE LA THESE

L’objectif principal de cette thése de science était la mise en place d’une base de données

haute résolution automatiquement collectée de patients de réanimation pédiatrique.

Les objectifs secondaires étaient :
e [|’¢valuation de la base de données,
e lavalidation de la base de données,
e la réalisation d’un portrait des capacités et des limites actuelles du simulateur
cardio-respiratoire SIMULRESP® ,
e le développement du processus de validation et de calibration du simulateur

cardio-respiratoire SIMULRESP® .
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DEMARCHE SCIENTIFIQUE ET CONDUITE DE LA THESE

Cette thése repose sur 5 travaux principaux réalisés entre 2016 et 2019 qui ont pour fil
conducteur le concept de patient perpétuel et son utilisation pour calibrer et valider le simulateur

cardio-respiratoire SIMULRESP® :

1) D. Brossier, M. Sauthier, X. Alacoque, B. Masse, R. Eltaani, B. Guillois, P.

Jouvet. Perpetual and virtual patients for cardio-respiratory physiological

studies. Ce premier article a été publié dans journal of pediatric intensive care
en 2016. Cette revue de la littérature avait pour objectif de définir ce qu’est un
patient virtuel, notamment dans le domaine des études physiologiques cardio-
respiratoires et de déterminer la méthode de validation de ces patients virtuels.
Cette article marque la naissance du concept de patient perpétuel (60).

2) D. Brossier, R. El Taani, M. Sauthier, N. Roumeliotis, G. Emeriaud, P. Jouvet.
Creating a high frequency electronic database in the pediatric intensive
care unit: The perpetual patient. Ce deuxiéme article a été publié en 2018

dans Pediatric critical care medicine. L’objectif de cet article était de décrire le

procédé de collecte de données au lit du malade et 1’organisation de ces données
dans une base de données de recherche. Cet article est une illustration du
concept de patient perpétuel (31).

3) D. Brossier, M. Sauthier, A. Mathieu, I. Goyer, G. Emeriaud, P. Jouvet.
Qualitative subjective assessment of a high-resolution database in a
pediatric intensive care unit — Elaborating the perpetual patient’s ID card.

Ce troisieme article a été publié en 2019 dans journal of evaluation in clinical

pratice. Cette publication avait comme principal objectif de présenter une
évaluation de la base de données réalisée par ses concepteurs et premiers

utilisateurs. Cette évaluation a permis de présenter une description plus précise
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4)

5)

de la base, de ses possibilités et limites, selon les recommandations du Data
Quality Collaborative (DQC) (61-64).

A. Mathieu, M. Sauthier, P. Jouvet, G. Emeriaud, D. Brossier. Validation
process of a high-resolution database in a pediatric intensive care unit —
Describing the perpetual patient’s validation. Ce travail soumis en 2019 a

Pediatric critical care medicine avait pour objectif de valider le processus de

collecte de données et d’évaluer la fiabilité des donnees incluses dans la base.
C’est un travail qui a été réalisée par Audrey Mathieu, une étudiante a la
maitrise de science biomédicale sous ma supervision (65).

D. Brossier, O. Flechelles, M. Sauthier, G. Emeriaud, F. Cheriet, B. Guillois,
P. Jouvet. Evaluation of SIMULRESP®: a simulation software of child and
teenager cardiorespiratory physiology. Le but de cet article était d’évaluer
les capacités et les limites actuelles du simulateur cardio-respiratoire
SimulResp®. Cet article s’intégre dans le cadre du processus de calibration et
validation de SimulResp® (54). Cet article est en cours de rédaction et seul la

méthode de I’étude et les résultats attendus sont présentés dans ce manuscrit.

A ces travaux s’ajoutent 4 publications annexes :

Annexe 1 : S. Ghazal, M. Sauthier, D. Brossier, W. Bouachir, R Noumeir, P Jouvet.
Using machine-learning models to predict oxygen saturation following ventilator
support adjustment in critically ill children: a single center pilot study. PLoS One.
2019;14(2):e0198921. (66)

Annexe 2 : P. Bourgoin, F. Baudin, D. Brossier, G. Emeriaud, M. Wysocki, P.
Jouvet. Assessment of Bohr and Enghoff Dead Space Equations in Mechanically

Ventilated Children. Respir Care. 2017;62(4):468-474. (67)
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Annexe 3. F. Baudin, P. Bourgoin, D. Brossier, S. Essouri, G. Emeriaud, M.
Wysocki, P. Jouvet. Noninvasive estimation of arterial CO2 from end-tidal CO2 in
mechanically ventilated children: The GRAeDIENT pilot study. Pediatr Crit Care
Med. 2016;17(12):1117-1123. (68)

Annexe 4: S. Fartoumi, G. Emeriaud, N. Roumeliotis, D. Brossier, M. Sawan, G.
Emeriaud. Clinical decision support system for traumatic brain injury management.

J Pediatr Intensive Care. 2016;5:101-107. (24)
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ARTICLE I: PERPETUAL AND VIRTUAL PATIENTS FOR
CARDIORESPIRATORY PHYSIOLOGICAL STUDIES

A. Présentation

Cet article est le point de départ du travail de thése, il est paru dans un numéro spécial
du Journal of Pediatric Intensive Care portant sur les bases de données et les systemes
informatiques en soins intensifs pediatriques.

Cet article a été rédigé apres revue de la littérature sur les themes patient virtuel (virtual
patients), modéles informatiques ou numériques (computational model), modélisation
physiologique (physiological modeling) et base de données (databases) avec une analyse
centrée sur les études cardio-respiratoires et I’application dans ce domaine.

La rédaction de cet article a impliqué un travail de coordination d’une équipe
multidisciplinaire composée de spécialistes en soins critiques pédiatriques, en simulation, en
modélisation physiologique, en informatique, en base de données, en méthodologie et en

statistiques au Canada et en France.
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Introduction

As a result of innovations in informatics over the last decades, physiologic models
elaborated in the second half of the 20th century could be transformed into specific
virtual patients called computational models. These models, developed initially for
teaching purposes, are of great potential interest in responding to current concerns
about improving patient care and safety. However, even if there are obvious advantages
to using computational models in cardiorespiratory management, major concerns
persist as to their reliability and their ability to recreate real patient physiologic evolution
over time. Once developed, these models require complex validation and configuration
phases prior to implementation in daily practice. This article focuses on the develop-
ment of computational models, and reviews the methodologies to clinically validate the
models including specific patient databases (perpetual patients) and the use in clinical
practice including very high fidelity simulation.

In the realm of cardiorespiratory physiology, the compo-
nents of medical practice that include providing care to

There is currently an emphasis in health care on developing
tools to improve both patient care and safety,'® by stan-
dardizing management and enhancing the continuing
education of clinicians. At the same time, advances in
informatics over recent decades have allowed for the
development of technical devices designed for teaching
and clinical care, especially during critical illness.”"?
Among these technical devices are software designed to
simulate aspects (or even the entirety, in the most sophis-
ticated versions) of human behavior: the so-called virtual
patient (VP).
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patients, increasing competency through medical education
at the bedside, and developing knowledge through clinical
research are closely linked. Because of these links, the math-
ematical models of cardiorespiratory physiology elaborated
some years ago mainly for teaching purposes now serve as a
template for the elaboration of more complex computerized
devices used for clinical care and leaching.7's"°"s

Several physiologic models have been applied to the
development of VPs which could be of great interest to daily
practice, both for trainees and patients.”:'%15 The major
factor limiting their widespread utilization is the lack of
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INTRODUCTION

There is currently an emphasis in health care on developing tools to improve both patient care
and safety, (1-6) by standardizing management and enhancing the continuing education of
clinicians. At the same time, advances in informatics over recent decades have allowed for the
development of technical devices designed for teaching and clinical care, especially during
critical illness.(7-9) Among these technical devices are software designed to simulate aspects
(or even the entirety, in the most sophisticated versions) of human behavior: the so-called
virtual patient (VP). In the realm of cardiorespiratory physiology, the components of medical
practice that include providing care to patients, increasing competency through medical
education at the bedside, and developing knowledge through clinical research are closely
linked. Because of these links, the mathematical models of cardiorespiratory physiology
elaborated some years ago mainly for teaching purposes now serve as a template for the
elaboration of more complex computerized devices used for clinical care and teaching. (7,8,10—
15) Several physiologic models have been applied to the development of VVPs which could be
of great interest to daily practice, both for trainees and patients. (7,8,10-15) The major factor
limiting their widespread utilization is the lack of validation with respect to their robustness,
reliability, and accuracy, when compared with real patients, both in a steady state and as they
evolve during their intensive care unit course. (10-18) The purpose of this article is to define a
VP for use in cardiorespiratory simulation and describe interactions with physiological
modeling leading to the conception of computational models. (19) We aim to review the
literature on the development of such VPs, proposing a step-by-step methodology for their
validation and to study their actual contribution to studies of cardiorespiratory physiology. (20—
22) We also emphasize the role of high-quality clinical databases for validation of

computational models and the new concept of the perpetual patient (PP).
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VIRTUAL PATIENT AND COMPUTATIONAL MODEL: DEFINITION AND

POSITIVE ASPECTS

Widely inspired by nonmedical industries’ use of virtual simulation,(2) the use of simulation-
based medical education or virtual simulation has become widespread in health care over the
past decades. (2,5,23,24) The first objective of simulation based training is to improve patient
care and safety, (2-5) providing a secure environment where students are able to learn,
experiment, and acquire procedural skills without compromising the health of the patient. It has
also become a way to enhance medical students’ clinical exposure, (2-5,20,25,26) which may
be compromised due to decreasing teaching and learning opportunities. (2,26) Several types of
educational technologies, described in the medical and education literature, are considered to
comprise virtual simulation, even if they differ from each other in terms of realism, complexity,
financial and human cost, or interface. (4,5,20,21,24,26) The focus of this work is on VP,
defined as “interactive computer simulation of real-life clinical scenarios for the purpose of
health care and medical training, education or assessment.” (4,19,20,27,28) According to the
VP definition of Ellaway et al. (4,19,20,27,28) a VP attempts to recreate patients and their
environment through a computer interface, (5) with which students can interact to resolve
clinical situations, physiological interrogations, or technical issues.5 There are many
advantages (4,19,20,25-33) to using VPs in medical training. Even though VPs do not replace
the need for direct interactions with real patients, VPs have been proven to enhance clinical
skills and to improve knowledge acquisition, (3,4,27) as reported in several systematic reviews
and meta-analysis.(3,4,27) This positive effect is mainly due to the contextualization of prior
theoretical knowledge while increasing one kind of medical exposure, following “the more you
see, the more you know” medical teaching principle. (26) However, other positive elements
appear to enhance the benefit of VPs on medical training. Initially, the medical education

literature emphasized the ability of VVPs to provide a secure and safe environment for students,

27



where they can learn from their mistakes with the possibility of unlimited repetitive practice
until skills are totally achieved, while receiving continuous feedback without fear of judgment
by their supervisors. (25,32,33) As well, VPs can be customized to tailor instructions to a
student’s needs, (24,32,33) providing numerous possibilities for scenarios depending on
teaching objectives. Finally, the widespread availability of computers offers easy access to VPs,
regardless of the student’s location, availability of infrastructure, or faculty. In the field of
cardiorespiratory physiology, VPs must be enhanced with physiologic modeling, to increase
their interactivity and reliability. (19) This association between software and physiological
modeling is called a computational model, defined as “a mathematical model implemented in a
computer system [...].”(19) The purpose of physiological modeling is to recreate physiological
processes and interactions of systems within the human body. (10,15,16) These models,
replicating human physiology using mathematical equations, are of great interest for both
education and research.(10,15,16) With these two objectives in mind, numerous physiologists,
physicians, or mathematicians elaborated models of cardiopulmonary physiology during the
second half of the 20th century.(8,10,13,14) Since knowledge of cardiorespiratory physiology
was already well advanced, these models remain reliable. (8,11) In recent decades, the access
to physiological models has widened, due to the advances in informatics and the development
of computational models based on preexisting mathematical physiologic representations,
(7,8,10-14) as reviewed in 2013 by Flechelles et al. (8) As previously described with other VVPs,
the interest in computational models for teaching is obvious, as they provide trainees with a
high accessible, easy to use, almost limitless physiological “playground.” (7) But they also
remain useful for research purposes and optimization of therapies.(7) Computational models
help clinicians and physiologists to understand some unknown physiological phenomenon, as
they make it possible to study a system in more detail than while performing experimental and

animal studies.(10,11,14) Furthermore, some could argue that a validated physiological model
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is probably a much more reliable representation of human physiology than animal models.
Second, physiological models provide an alternative to in vivo studies which are precluded by
ethical concerns, (11) patient accessibility, or financial limitations. Other aspects of
computational modeling with potential benefit, both clinical and for research, include the
potential inclusion of time function (ability of models to predict a patient’s evolution in hours),
pathophysiological states (possibility to program several diseases that will interfere with VP
evolution), human functions (rest, exercise, etc....), environmental parameters (local
temperature, atmospheric pressure, altitude, etc....), or even therapeutic and pharmacological

agents (ability to evolve depending on applied treatment).

VIRTUAL PATIENT AND COMPUTATIONAL MODEL’S LIMITATIONS FOR A

WIDESPREAD UTILIZATION

Unfortunately, despite all these positive characteristics, widespread use of VPs is hindered by
some major limitations, (21) which seem even more pronounced when studying computational
modeling. In a survey published in 2007, Huang et al (34) reported that only 24% of North
American medical schools made use of VVPs in their medical curricula. The first concern is cost,
as developing VP can be an expensive venture (25,29) and the second is time constraints. It has
taken 50 years for physiological modeling to evolve from the first mathematical models to the
computer interface, indicative of the vast time and resources (financial, technical, and human)
needed to develop such powerful tools.(7,14) To cope with these limitations, some teams have
decided to collaborate to rationalize costs and also mutually benefit from sharing competencies
and knowledge.(19,29) The increasing description of VPs and computational models during the
past 20 years (8) suggests that the previously described limitations to development can be
surmounted. However, there are still major concerns as to the reliability and fidelity of VPs and
computational models, especially in the cardiorespiratory domain, and these elements limit the

skills that can be acquired with their use.(15,18) The major remaining limitation facing both
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developers and users is the need to validate computational models and evaluate their reliability.

(8,15,18)

VALIDATION OF A VIRTUAL PATIENT SIMULATING CARDIORESPIRATORY

PHYSIOLOGY

While there is no argument about the necessity of validation procedures to ensure the accuracy
of models and their ability to predict a conventional patient’s evolution, depending on the
model’s exploitation field,(8,15,18) a gray area persists regarding the appropriate method.(18)
On the basis of a literature review of the subject, what follows is a recommended step-by-step
validation process for VPs/computational models, testing both their reliability and robustness.
The first step consists of determining the validation targets, these physiologic variables being
chosen depending on their clinical relevance, and the model’s purposes and domain of
exploitation.(8,18) Second, control patients are selected, once again depending on the model’s
purposes and domain of exploitation.(8,18) Then data extracted from the medical literature,
(8,35,36) previously recorded databases (8,13) or prospectively, (12,17,18) are entered as inputs

in the models and the predicted variables are compared with those of controls (» Fig. 1).
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Fig. 1 : View of the validation process.
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The reliability of the model will be judged by three major criteria as defined previously by
Summers et al (16,18,37): (1) qualitative, which means that the predicted output should evolve
in the same way as the controls; (2) quantitative by steady state, which means that the values of
predicted and control variables should be close to each other and predicted values should be
stable over time if the patient’s condition remains stable; (3) quantitative in dynamics, which
means that predicted variables should evolve in the same way and in close relationship to
controls under dynamic conditions. If these criteria appear to be somewhat accepted in the
medical literature, there is no standard concerning the statistical methods to be used.16 In the
literature on this subject, several methods are proposed and deserved to be considered to test
models’ reliability, in terms of accuracy and precision.(12,13,18) It is not surprising that authors
have come to a false conclusion of good reliability of their model when using the correlation
coefficient between simulated and real physiologic variables.(8) If the calculation of the
correlation coefficient is a requirement expressing the obvious relationship between the two
compared variables, it is insufficient to certify the model’s reliability, as it only tests the strength
of the relationship and further analysis should be performed.(38,39) However, to add weight to
the calculation of the correlation coefficient, many have proposed the use of the coefficient of
determination (R?) and its adjustment.(12,13,40,41) The coefficient of determination evaluates
how well the predicted data generated by the model fit the control data and appears to be one
the most valuable methods used in the field of model validation. Although designed for the
evaluation of the agreement between two different measurements of the same data,(39,40) as
performed while validating a new monitoring device, the Bland and Altman analysis is also
favored by several teams.(41,42) The agreement between the new and the reference devices, or
in this case between the computational model’s prevision and the already known physiologic
variables, is evaluated, thanks to the expression of bias, estimated by the mean difference

between the two series of variables and the standard deviation of the differences, limit of
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agreement, and percentage error (2 standard deviations/mean value).(43) However, validation
of computational models using this type of analysis remains controversial,(39,40) unlikely to
be applicable for model validation in dynamic states and thus should be reserved for validation
of a model in steady-state conditions.(41,42) Two other methods show great promise. The first
is the evaluation of performance as described by Varvel et al, (18,44,45) in the field of
pharmacological modeling. In this method, assessment of reliability depends on the measure of
(1) the performance error: (PE % = difference between measure and predicted value, [(Measure
— Predicted)/Predicted] x 100); (2) the bias, inaccuracy, and precision, evaluated by the
determination of the median performance error (MDPE % = median PE over all data points)
and the median absolute performance error (MADPE). This latter variable, used to assess model
performance especially in meteorology prediction modeling, consists of the measurement of the
root-mean square error and the mean absolute error. (13) None of these statistical analyses are
completely optimal and caution is urged to avoid misleading results and overfitting. In case of
inaccuracy, the model’s equations have to be modified following a four-time procedure (» Fig.
1), developing on the same pattern as the plan—do—study-act of the Deming’s wheel. In this
situation, the steps would be configure—simulate—compare-reprogram, and this procedure
should be repeated until the model is considered reliable. Furthermore, in cardiorespiratory
modeling, the models, especially when designed for the intensive care setting, must be tested
and validated, following the same process, under several pathophysiologic states. For example,
in the case of a VP simulating cardiorespiratory states of both spontaneous breathing and
mechanical ventilation, tests should be under various hemodynamic and respiratory conditions,
including whether the patients are mechanically ventilated and/or receiving vasoactive
therapy.8 Once this configuration phase is completed, robustness of the model is evaluated.
(8,15) Robustness can be defined as “the ability of a system to resist change without adapting

its initial stable configuration.” (46) In other words, robustness is the ability of the model to
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predict accurate output in the presence of several assumptions within the model’s algorithm and
inputs or within the patient’s physiological status. (15) Robustness evaluation appears to be a
matter of quantity and time. To ensure a model’s robustness, its prediction must remain stable
within the same situation in numerous patients and within the same patient over time. The more
complex the model’s exploitation domain is, the more elaborate should be the controls. Initially,
validation procedures can be performed only with comparison to a knowledge- driven
physiologic outcome; subsequently, researchers and programmers have to upgrade their
validation procedure while improving their model’s algorithm.(8) In the cardiorespiratory field,
validation procedure have to involve real patients, whose situation worsens as the model
improves.(8,10) While the initial steps in validation can be performed using patients as
described in the literature, the validation procedure is not complete until numerous real patients
are tested both under static and dynamic conditions, (10,18,37) whether prospectively or
retrospectively. Finally, the validation of both a model’s reliability and robustness requires
many patients and much regarding their course. Furthermore, to avoid, as much as possible,
overfitting phenomena, it could be of great help to apply a cross sectional-based approach,
using part of the data for training the model and the other, smaller part, to evaluate the predictive
ability of the model. (47-49) Managing such a complex procedure implying large recruitment
volumes and a repeated back and forth process appears quite complicated, as witnessed by the
dearth of published studies of this approach. However, a key solution for this problem may be

the advent of high-quality electronic databases.

ELECTRONIC DATABASES, THE NEW CONCEPT OF THE PERPETUAL

PATIENT FOR VALIDATION OF VIRTUAL PATIENTS

Over the past few decades, intensive care medicine has evolved, stimulated by technological
innovations. (50) Intensive care units contain abundant high-performance bedside medical

systems, such as cardiorespiratory monitors, pulse oximeters, mechanical ventilators, or
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infusion pumps, whose purpose is to provide physicians with data concerning the patients’
physiologic status, pharmacological treatment, or therapeutic procedures. (50-55) By
combining this electronic data with clinical evaluation and biological and radiological exams,
the bedside physician is able to elaborate a therapeutic plan.(53,56) Unfortunately, it became
clear that much of this patient data had not been stored, even though the scientific community
could benefit from their collection and analysis, including biosignals. (51,57-59) Eventually,
the concept of biosignal databases was born. (60,61) However, it was not until 1990-2000 that
the improvement of informatics permitted the building of large databases. (50-54,56-59,62—
65) Since then, many biosignal databases from intensive care unit patients have been built.
Early databases mainly focused on electrocardiographic signals, (52,62) subsequently
becoming augmented by other biosignals, such as plethysmography waves, arterial pressure
curves, etc. (57-59,63-66) However, although useful for the understanding of some
physiological phenomena, these databases did not provide enough information for broader
research and clinical applications. It became obvious that biosignal databases were meant to be
linked with clinical, paraclinical, and therapeutic data for research purposes in the intensive
care unit.(50,53,54,58,59,66-69) It is now possible, thanks to technical, electronic, and
informatics innovations, to collect continuously virtually every parameter from almost every
surveillance and therapeutic system available at the bedside, (52,54,55,58-60,63,64,66,68) and
computerized systems in intensive care units interface with patients’ electronic medical records
and other hospital electronic systems from radiology, pharmacy, or laboratories (» Fig. 2). The
gathered data are then stored and organized in large-scale high-quality databases that can be
queried and enabled at will. (70-74) Depending on the rhythm of the data gathering and the
amount of data, it becomes possible to retrace the entire intensive care stay of a patient as
closely as if the patient was still in the unit. (74) This Ad vitam aternam “reusable” patient

constitutes what we call the perpetual patient (PP). In our opinion, (74) the first purpose of the
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PP is to serve as a control patient for the validation of computational models (» Fig. 3) as they

have an already established long-term and reliable course.
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Fig. 2: Gathering data in electronic database.
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Fig. 3: Validation progress of a computational model.
TO, initial time, TX, time of the therapeutic action.

35



FUTURE DEVELOPMENTS USING VIRTUAL AND PERPETUAL PATIENTS IN

INTENSIVE CARE UNITS

Once validated, these computational models will become essential tools for new era doctors as
they offer solutions to teaching, research, and therapeutic issues. Developing VPs and
computational models will reinforce the educational properties of physiological modeling. It is
time to make available to caregivers’ education platforms, similar to those of flight simulators.
Linking these models with simulation manikins will enhance the ability of high fidelity
simulation to recreate real patients’ reactions and care environment, leading to the new concept
of very high fidelity simulation. VPs and PPs are of great applicability to the field of
cardiopulmonary physiology research as they provide almost a limitless interface to test and
verify hypotheses. In the future, it is likely that, prior to conducting a trial or experimental test
in the field of cardiopulmonary physiology, investigators might have to initially validate their
hypothesis with computational models and/or PPs. (10,37) Finally, based on the same principle
of testing hypotheses, physicians will be able to evaluate the efficiency of their therapeutic plan
prior to applying to their patient. Furthermore, VVPs and PPs will serve to develop and calibrate
computer-assisted protocols, reducing inter-caregiver variability and helping physicians to
track anomalies in their patients’ condition with the ultimate goal of improving patient care,

especially in the intensive care unit. (6,75,76)

CONCLUSION

VP/computational models are systems of great interest for both education and patient care
applications in the fields of cardiorespiratory physiology and mechanical ventilation. Thanks to
recent progress in informatics, mathematical models elaborated many decades ago by a small
group of physiologists are now available as software accessible by almost everyone on personal
computers. While their potential value to medical education is without question, there is still

work to do to validate their robustness, reliability, and accuracy, when compared with the
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course over time of real patients in the intensive care unit, and then promote more widespread

utilization in cardiorespiratory care and research.
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C. Discussion

Cet article doit étre considéré comme une introduction au travail de thése. Ce premier
travail nous a permis de clarifier les étapes a franchir pour amener SimulResp® a un niveau de
validité compatible avec une utilisation dans les soins.

L’élément essentiel de cet article est I’introduction du concept de patient perpétuel
(130). Nous avons créé et defini le patient perpétuel comme un patient dont on peut reprendre
a 'infini le déroulé du séjour en soins intensifs du fait de la grande quantité de données
organisables dans le temps qui a été recueillie pendant son séjour. Ce séjour peut étre « ré-
¢étudié de multiples fois alors que le patient n’est plus hospitalisé. R. Wetzel agrémentera cette
définition en précisant que le patient perpétuel correspond a un ensemble de données restant
pour toujours disponibles pour la recherche, 1’innovation thérapeutique et I’enseignement et
représente une alternative aux essais cliniques classiques (131).

L’autre point important de ce travail repose sur les considérations méthodologiques.
Que ce soit dans le cadre de la validation du patient virtuel ou bien des données collectées dans
la base de données, cette question des analyses statistiques a réaliser pour tester la justesse et la
fiabilité des données recueillies ou simulées s’est posée tout au long du travail de thése et se
pose encore dans la littérature (95-97,132-135). Il y a tout de méme plusieurs points a
considérer qui seront repris et/ou complétés dans les autres travaux constituant cette these :

o les statistiques comparatives de base ainsi que le calcul d’un coefficient de corrélation
simple ne sont pas suffisants pour garantir la concordance entre données simulées et
données réelles ou bien données enregistrées et données réelles (95,136) ;

e la méthode de Bland & Altman n’a pas été développée pour ce type de comparaisons et
d’analyses. De ce fait, son utilisation dans ce contexte, bien que répandue (134), reste

controversée (96,97,133).
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Enfin, le dernier élément marquant est la nécessité de considérer ’utilisation d’un
nombre important de données en provenance d’un nombre important de patients. Cette collecte
de données étant nécessaire d une part, pour valider le patient virtuel et d’autre part, développer
des outils d’aide a la décision (Fig. 5). Ceci est en faveur de la collection de données sur de

nombreuses années et/ou dans de nombreux centres.

Entrées T0O .
Caractéristiques patients i Simulateur/ VP Sorties
Paramétres physiologiques Ent_reles Paramétres physiologiques
Ventilation Ventilation 1) Analyse prédits

2) Inférence

Equations physiologiques
Base de données Sorties
Algorithmes de prise en charge

Entrées T0
Caractéristiques patients
Parameétres physiologiques
1) Analyse Ventilation

2) Inférence

Assistance

Sorties s Entrées
ilati 5 automatisée Paramétres physiologiques
Ventilation proposée

Fig. 5 : Importance de la base de données dans le processus de développement de patients
virtuels et d’outils d’aide a la décision
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ARTICLE II: CREATING A HIGH-FREQUENCY ELECTRONIC
DATABASE IN THE PICU : THE PERPETUAL PATIENT

A. Présentation

Une base de données informatisée se définit comme un ensemble de données organisé
en fonction d’un objectif préalablement défini (118,137,138) et stocké sur un support accessible
par ordinateur.

Si ’on souhaite exploiter la base dans le cadre d’une activité de recherche, il est
important de s’assurer :

e (ue celle-ci est interrogeable, ¢’est a dire organisée et accessible (138) ;

e que la réponse fournie est exploitable, c’est a dire représentative du sujet étudié,
uniforme et idéalement, dans un souci de coopération scientifique, partageable de facon
compréhensible indépendamment du lieu de recueil des données (139).

Une base de données collectée automatiquement a haute fréquence est souvent de type
relationnelle, c¢’est-a-dire qu’elle associe plusieurs tables liées les unes aux autres
(118,137,138). La classification des données et les interactions entre les tables vont dépendre
directement de 1’objet étudié et des données collectées. Les regles de programmation vont
permettre d’uniformiser, d’organiser, et de stocker les données de maniere a rendre chaque
donnée unique, tout en liant entre elles toutes les données d’un méme patient
(118,137,138,140). A cela s’ajoutent des procédures de nettoyage et de suppression des données
inutiles dans le but de limiter la surcharge et le ralentissement de la base. La programmation de
ce type de base de donnees est souvent réalisée en langage SQL (Structured Query Langage).
Le langage SQL comporte plusieurs composantes qui vont permettre la manipulation,
I’organisation et le contrdle des donneées tout en facilitant la réalisation de requétes. Le systéeme
de gestion de la base de données permet la programmation et I’utilisation de la base, mais

garantie aussi I’intégrité et la sécurité de celle-ci. Le systeme de gestion choisi dans le cadre
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d’une base de données de grande taille est un systéme sur serveur. Ce type de dispositif va
permettre la gestion, 1’organisation et le stockage d’une grande quantit¢ de données tout en

autorisant simultanément 1’acces a plusieurs utilisateurs (138,140).
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B. Article

Creating a High-Frequency Electronic Database in
the PICU: The Perpetual Patient

David Brossier, MD, MSc"** Redha El Taani, MSc**; Michael Sauthier, MD'?%
Nadia Roumeliotis, MD, MSc'?; Guillaume Emeriaud, MD, PhD"% Philippe Jouvet, MD, PhD'?

Objective: Our objective was to construct a prospective high-quality
clinical variables in real time, automatically fed by the information sys-
tem and network architecture available through fully electronic chart-
ing in our PICU. The purpose of this article is to describe the data
acquisition process from bedside to the research electronic database.
Design: Descriptive report and analysis of a prospective database.
Setting: A 24-bed PICU, medical ICU, surgical ICU, and cardiac
ICU in a tertiary care free-standing maternal child health center in
Canada.
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Patients: All patients less than 18 years old were included at
admission to the PICU.

Interventions: None.

Measurements and Main Results: Between May 21, 2015, and
December 31, 2016, 1,386 consecutive PICU stays from 1,194
patients were recorded in the database. Data were prospectively
collected from admission to discharge, every 5 seconds from
monitors and every 30 seconds from mechanical ventilators and
infusion pumps. These data were linked to the patient's electronic
medical record. The database total volume was 241 GB. The
patients’ median age was 2.0 years (interquartile range, 0.0-9.0).
Data were available for all mechanically ventilated patients (n =
511; recorded duration, 77,678hr), and respiratory failure was
the most frequent reason for admission (n = 360). The complete
pharmacologic profile was synched to database for all PICU
stays. Following this implementation, a validation phase is in pro-
cess and several research projects are ongoing using this high-
fidelity database.

Conclusions: Using the existing bedside information system
and network architecture of our PICU, we implemented an
ongoing high-fidelity prospectively collected electronic data-
base, preventing the continuous loss of scientific information.
This offers the opportunity to develop research on clinical deci-
sion support systems and computational models of cardiore-
spiratory physiology for example. (Pediatr Crit Care Med 2018;
XX:00-00)

Key Words: critical care; databases, decision support systems;
electronic health records; health level 7

rently contain abundant high-performance bedside med-

ical systems, such as cardiorespiratory monitors, pulse
oximeters, mechanical ventilators, and infusion pumps (1-5).
These systems provide physicians with clinical data, such as
physiologic signals, pharmacotherapy, or therapeutic proce-
dures, in order to establish the patient’s therapeutic care plan
(5, 6). Simultaneously, it became obvious to the scientific com-
munity that elaborating data gathering procedures was crucial,
as a wide amount of data was lost rather than used to improve
clinical research efficiency and data analysis (1-7). This data

Slimulated by massive technologic innovation, ICUs cur-
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INTRODUCTION

Stimulated by massive technologic innovation, ICUs currently contain abundant high-
performance bedside medical systems, such as cardiorespiratory monitors, pulse oximeters,
mechanical ventilators, and infusion pumps (1-5). These systems provide physicians with
clinical data, such as physiologic signals, pharmacotherapy, or therapeutic procedures, in order
to establish the patient’s therapeutic care plan (5, 6). Simultaneously, it became obvious to the
scientific community that elaborating data gathering procedures was crucial, as a wide amount
of data was lost rather than used to improve clinical research efficiency and data analysis (1-7).
This data collection gives rise to the concept of biomedical signal databases. Subsequently,
electronic medical devices surrounding critically ill patients expanded and theses biomedical
signals can now be timely linked to clinical, radiologic, laboratory, and pharmaceutical data (8—
16). At the same time, several researchers have developed virtual patients, or computational
models, attempting to recreate a real patient’s clinical course under several medical situations,
particularly during mechanical ventilation and hemodynamic support (17, 18). Based on these
models, ICU teams have conceived computerized clinical decision support systems (CDSSs)
aiming to assist caregivers in the management of critically ill patients (19-21). In order to
develop and validate both virtual patient and CDSS in critical care, databases that combine
biomedical signals, therapeutics, and the clinical outcome following these treatments are
necessary (13, 14, 17, 22). To be used in pediatric critical care, such database should include
patients under 18 years old, be exhaustive including mechanical ventilation, hemodynamic
support, clinical and therapeutics data, and collect data at a high frequency to capture changes
in patient physiology. To our knowledge, none of the databases currently described in the
literature meet these criteria in pediatric critical care (1, 7, 9, 10, 15, 23-27). Thus, our objective
was to build such a database, combining patient therapeutics and clinical variables in time,

using the information system and network architecture available through fully electronic
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charting in the PICU of a university hospital. The purpose of this article is to describe the data

acquisition process from bedside to a research electronic database.

METHODS

This article describes the collection of a prospective database gathered in the PICU of Sainte
Justine Hospital, a 24-bed PICU, medical ICU, surgical ICU, and cardiac ICU in a free-standing
tertiary maternal child health center in Montreal, Canada. A fully electronic ICU-specific
medical record (IntelliSpace Critical Care and Anesthesia [ICCA]; Koninklijke Philips
Electronics, Amsterdam, The Netherlands) was implemented in the PICU in January 2013. We
included all patients under 18 years old admitted to the PICU since May 21, 2015. From
admission to discharge, all patients’ demographic, physiologic, medical, and therapeutic data
were prospectively collected.

Data Acquisition

Four types of data are collected in our database from medical devices available at the bedside
(Supplemental Fig. 1, Supplemental Digital Content 1, http://links.lww.com/PCC/A606): 1)
physiologic signals or biomedical signals from patient monitors (i.e., heart rate, blood pressure,
saturation); 2) respiratory and ventilator variables from the ventilator (e.g., Fio2, positive end-
expiratory pressure, respiratory rate); 3) pharmacotherapy from the infusion pumps (e.g., drug
name, dose, timing of drug administration); and 4) patient demographics and information from
the electronic medical record (age, sex, weight, diagnosis, laboratory results). Patient monitors
are IntelliVue MP60, MP70, and MX800 (Koninklijke Philips Electronics, the Netherlands).
These monitors are designed for surveillance purposes; monitoring physiologic
cardiorespiratory waveforms and values such as the electrocardiogram, invasive or noninvasive
blood pressure, oxygen saturation, respiratory rate, and end-tidal Co2. The monitors’
biomedical signals from each patient admitted to the unit are continuously transmitted in health

level 7 (HL7), across the IntelliVue medical network to the IntelliVue Database Server
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(Koninklijke Philips Electronics, the Netherlands). The signals are then sent to the
corresponding patients’ electronic medical record (ICCA; Koninklijke Philips Electronics), and
the value is recorded. The nurse verifies the data every 5-60 minutes and modifies it if the data
do not correspond to the subject (i.e. artefacts). The same signal is transmitted simultaneously
to the research database every 5 seconds. Prior to being implemented in the research database,
the signal, coded in HL7, must be translated into ordinary medical data, using the free software

HLY7 listener “Mirth Connect Server 3.1.0.7420” from Mirth (Quality Systems Inc., Irvine, CA)

(Supplemental Fig. 1, Supplemental Digital Content 1, http://links.lww.com/PCC/A606).
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Data collected into the research database include the patient’s specific identification number;

all values and units of measure described above, and times these values occurred (Fig. 1).

Database

A
WE 5D

Monitors DATA Ventilator and inﬁsion pumps DATA Medical record

Srseconds 30'seconds Variable rate Variable rate

Fig 1. Data gathering process

In order to spare data storage space, a programmed cleaning process runs hourly to erase useless
nonmedical entries automatically generated by the Mirth Connect Server 3.1.0.7420 while
translating the HL7 signal. The ventilators used in the unit and connected to the server are Servo
I (Maquet, Rastatt, Germany), and the infusion pumps are Infusomat (B. Braun Medical,
Melsungen, Germany). The ventilator settings and the physiologic measurements available on
the ventilator are transmitted to the Datacaptor connectivity suite (Capsule Technologie,
Andover, MA) through the Datacaptor terminal server (Capsule Technologie) to the patient’s
electronic medical record ICCA (Koninklijke Philips Electronics). For research purposes, these
data are captured from the Datacaptor terminal server (Capsule Technologie) using periodic-

programmed Structured Query Language requests and stored every 30 seconds in a specific
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table in the research database based on Microsoft Server 2008 (Microsoft, Redmond, WA). The
type of medication and its concentration and infusion flow rate are transmitted to the electronic
medical record ICCA (Koninklijke Philips Electronics) and the research database using the
same process as described for ventilators. The medication data are gathered in two separate
tables depending on the type of medication administration, either continuous or intermittent (IV
push medication). The infusions data are stored every 30 seconds, whereas IV push medications
are stored by nurses in the electronic medical record at the time of administration. The research
database is also linked to the electronic medical record ICCA (Koninklijke Philips Electronics),
in order to retrieve medical data, including, push and oral medication, diagnosis, and laboratory
test results.

Database Organization and Data Extraction

Prior to being stored, all data are coded and organized in three tables (Fig. 1). To facilitate
database use and query, research valuable data are extracted from the tables and summarized
into a single time-organized table. Depending on the research purposes, data can be extracted
and organized in a single patient timeline. This ad vitam aternam reusable full set of data
variables constitutes what we define as the perpetual patient (17).

Practical Considerations

The servers dedicated to the database are physically located in the informatics department of
the Sainte Justine Hospital with restricted access to guarantee data security. The database and
the workstation maintenance are overseen by the applied clinical research unit of the hospital.

Ethics

The study and the database construction were approved by the institutional review board of
Sainte Justine Hospital (number 4061) with a waiver of consent but an opt-out option. The

exploitation of the database is regulated by a database policy validated by the institutional
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review board, and no patient identifiers (name, health insurance number) are stored in the
database.

Trouble Shooting

To limit the inconvenience on daily medical practice, each step of the process had to be closely
checked and prepared, justifying the involvement of caregivers’ staff, IT specialist, and
manufacturer. Despite this preparation phase, we dealt with technical issues, including
synchronization among therapeutic and surveillance devices during the first 3 months of the
project. Other than cost and storage capacity, a major setback was the interference between
concurrent data collection and data input into medical chart. This could have potentially
compromised patient care in the unit, as the database system and the patients’ electronic medical
record (ICCA; Koninklijke Philips Electronics) run through the same network. This
interference was limited to a slight slowdown of the medical record system and an impairment
of the blood test results retrieving process into the medical record. We do not believe that there
was any consequence on patient care and safety, as access to the laboratory server was not
altered. This issue was solved in the 3 first months.

Validation Procedures

Once the data gathering process was running properly, the validation procedure was performed
to control the accuracy of the data and to ensure the appropriateness of the gathering process.
The objective validation procedure is to settle data accuracy and synchronization. It combined
several phases performed at the bedside, including video recording. The validation phases are
currently being conducted prospectively within the PICU. During this time, patients’ data
collected in the database are compared to data simultaneously displayed on monitoring and

therapeutic devices available at bedside.
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RESULTS

Between May 21, 2015, and December 31, 2016, 1,386 PICU stays were recorded in the

research database from 1,194 patients (Supplemental Fig. 2, Supplemental Digital Content

2, http://links.lww.com/PCC/A607).

Database analysis Chart records analysis
1329 patients in DATABASE 1284 patients admitted in PICU
A 4 A 4
1315 patients < 18 years old 1269 patients < 18 years old
in DATABASE admitted in PICU
110 patients excluded i a] 64 loss of linkage between HL7
- 91 charts with no link to patient messages and patient (solved shortly)
(tests patients for training) cE
- 19 registered but not finally
admitted in PICU
1205 patients B

admitted in PICU AND in DATABASE

11 patieats sill hospitalised in PICU |~—

Y
1194 patients
admitted in PICU AND in DATABASE

h 4

‘ 1386 PICU staysin DATABASE ‘

Supplemental Fig. 2: Flowchart

The research database contained one table of 135,224,902 entries (five data sets/entry, a dataset
is composed of the storage time, the data description, and its point estimate) from the
physiologic signal monitors with an average of 487,820 physiologic data sets/PICU stay and
two tables of 408,131,514 and 16,131,718 entries (one dataset/ entry) from the ventilators and
infusion pumps for a total volume of 241 GB (approximately 150 GB/yr). Patients’
characteristics at admission to the PICU are depicted in Table 1. PICU stays were divided into
870 medical (63%), 463 non-trauma surgical (33%), and 53 trauma (4%) admissions. A wide

spectrum of diagnoses was represented (Table 1).
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Tablel: Demographic data and disease categories of stays included in the database

Demographic Data n PICU Stays = 1,386

Age (yr), median (IOR) 2.0 (0.0-9.0)
Weight (kg), median (IQR) 12.7 (6.2-27.0)
Length of stay (hr), median (IOR) 688.5 (347.2-1032.0)
Dead, n (%) 52 (3.8)

Main diagnostic category at
admission, n (%)

Pulmonary 360 (26.0)
Postsurgical care 261 (18.8)
Postcardiac surgery care 202 (14.6)
Neurologic 150 (10.8)
Cardiac 107 (7.7)
Infectious 58 (4.2)
Traumatic/burn 53 (3.8)
Intoxication 49 (3.5)
Otorhinolaryngology 39 (2.8)
Metabolic/hydroelectrolytic 34 (2.5)
Hematologic/noncerebral tumor 28 (2.0)
Renal and liver grafts 21 (1.5)
Liver and gastrointestinal causes 14(1.0)
Renal 10 (0.7)

IQR = interquartile range (1-3rd quartile).

The research database gathered abundant physiologic, respiratory, therapeutic, and clinical
information  (Supplemental  Table 1, Supplemental Digital Content 3,
http://links.lww.com/PCC/A608). In particular, ventilation data were automatically collected
for every ventilated patient to a maximum of 25 ventilator-setting items and 22 ventilator-
related surveillance items every 30 seconds, depending on the type and mode of ventilatory
support (Table 2). With regard to medication, we successfully collected data on infusion

medications, their concentration, and rate for all admissions (Supplemental Table 1,
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Supplemental Digital Content 3, http://links.lIww.com/PCC/A608). The data collection
permitted the reconstruction of included patient’s entire critical care admission course: patient
timeline (Fig. 2).

Supplemental Table 1: Example of therapeutic information collected at the same time as the

physiologic parameters

Therapeutic Data n patients = 1,194

Ventilator support

High Flow oxygen, n (%)

336 (28.1%)

Recorded duration (hr) 30477
Noninvasive ventilation, n (%) 295 (24.7%)
Recorded duration (hr) 29140
Invasive ventilation, n (%) 511 (42.8%)
Recorded duration (hr) 77678
Inotropic and vasoactive medication order?
Epinephrine, n (%) 303 (25.4%)
Dobutamine, n (%) 22 (1.8%)
Milrinone, n (%) 195 (16.3%)
Levosimendan, n (%) 9 (0.8%)
Dopamine, n (%) 92 (7.7%)
Norepinephrine, n (%) 98 (8.2%)
Isoproterenol, n (%) 19 (1.6%)
Sedative and analgesic treatment order (continuous and discontinuous)®
Midazolam, n (%) 375 (31.4%)
Lorazepam, n (%) 410 (34.3%)
Dexmedetomidine, n (%) 273 (22.9%)
Propofol, n (%) 195 (16.3%)
Ketamine, n (%) 439 (36.8%)

Morphine, n (%)
Hydromorphone, n (%)

777 (65.1%)
111 (9.3%)

Fentanyl, n (%) 578 (48.4%)
Sufentanil, n (%) 10 (0.8%)
Remifentanil, n (%) 4 (0.3%)

1. Ordered treatment, not necessarily administered

The preliminary data on validation of the database demonstrated an accurate capture of
monitoring signals (28). Following this validation phase, we ensured that the data time stamp
was always the same (i.e., data server time). However, we have huge amount of data on infusion
pumps and ventilator variables and therefore the validation process is still ongoing. This
database is currently used in several concomitant research studies including the development
and validation of the automated pediatric logistic organ dysfunction (PELOD) 2 score (29),
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real-time diagnosis of cerebral status following traumatic brain injury (30), automatic real-time
hypoxemia in pediatric acute respiratory distress syndrome monitoring (31), and detection of
ventilator-associated events (32), for example.

Table 2: Major items in the database

Class of Data Description Acquisition Frequency
Physiologic Respiratory data
- From monitors (pulse oximetry, respiratory rate, end-tidal Co,) Every5s
- From respirators (measured variables minute ventilation, tidal Every 30 s

volume, airway pressure, etc.)
- From medical record (nurse-verified vital signs) By request/hourly
Hemodynamic data

- From monitors (heart rate, arterial pressure, venous pressure, atrial Every5s
pressure, pulse, etc)

- Pulse contour cardiac output (Pulsion medical systems, Germany)
technology data

- From medical record (nurse-verified vital signs, diuresis, chest By request/hourly
drains, etc.)

Neurologic data

- From monitors (intracranial pressure, cerebral perfusion pressure, Every5s
partial pressure of brain tissue O,)

- From medical record (nurse-verified vital signs, Glasgow score, pupil, By request/hourly
etc)

Other data
- From monitors (temperature, etc.) Every5s

- From medical record (nurse-verified vital signs, pain evaluation, By request/hourly
temperature, etc.)

Supportive care Respiratory support

- From respirators (ventilatory settings: respiratory rate, tidal volume, Every30 s
expiratory and inspiratory pressure, etc.)

- From medical record (inhalotherapist-verified settings) By request/hourly
Other support

- From medical record (nurse-verified settings, dialysis, extracorporeal By request/hourly
circulation, etc.)

Therapeutic data Continuous infusion
- From infusion pumps (INN, concentration, infusion rate) Every30s
Discontinuous infusion
- From infusion pumps (INN, concentration, infusion rate) At acquisition
Intermittent medication
- From medical record (nurse-verified administration, INN, dose) By request/at acquisition
Other medical data Descriptive data

- From medical record (age, date of admission and discharge, By request/at acquisition
admission and discharge condition, etc.)

Clinical data

- From medical record (diagnosis, medical history, intervention, By request/at acquisition
catheters, tubes, etc.)

Laboratory tests

- From medical record (blood, urinary, microbiology tests, etc.) By request/at acquisition
INN = international nonproprietary names.
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DISCUSSION

Fig. 2: Patient timeline

Using the bedside information systems and network architecture already available in the PICU

of Sainte Justine Hospital, we successfully prospectively collected a large amount of high-

frequency and time-organized clinical data into a comprehensive database. Our research

database responds to the successful characteristics by Pryor et al (33), which are

multidisciplinary team, stable funding, focused goals, data collection, design tied to a particular

database focus and function, and relevant leadership. Informatics improvements and the

expansion of electronic medical records have empowered data gathering process at the bedside.
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Currently, several systems of data gathering are described in the literature (2), both in critical

care (8, 10, 15, 25-27) and in other medical fields (4, 12, 34, 35), but few with such a high rate

of storage and high amount of data (9, 25-27).

Table 3: PICU databases and physiologic acquisition systems

Name Medical Pediatric Tracking, Trajectory,
Information Mart  Intensive Care Complex and Triggering Tool Sainte Justine
Characteristics  for Intensive Care Audit Network System Lab System PICU Database
Year of 2001 (1996) 2001 2003 2005 (1997) 2013 2015
implementation
Country United States United United States ~ United States ~ United States Canada
Kingdom and Canada
and Ireland
republic
No. of 1 34 1 135 1 1
participating
centers
Type of ICU Neonate ICU Pediatric Pediatric Pediatric (VPS  Pediatric Pediatric
(including (including PICU) Cirdiac (including
cardiac) cardiac) Cardiac (VPS cardiac)
Transport teams cardiac)
Neonate (VPS
neonatal
ICU)
Type of patients ~ 0-1 mo 0-16 yrold 0-18yrold 0-18yrold 0-18yrold 0-18 yrold
> 16 yr old
No. of patients From 2001 to From 2013 to 170 Ongoing Ongoing Ongoing
2008 2015 acquisition acquisition acquisition
7870 61,146 > 1,300,000 Unknown 1,194
> 10,000,000 hr
Type of data Demographic Demographics ~ Mainly 4 ) Demographics  Physiologic Physiologic
Physiologic Clinical plysiolegic Diagnosis Respiratory Supportive care
Therapeutic Interventions Interventions Demographics Therapeutic
Laboratory test  Severity scores Severity scores  Diagnosis Demographics
Imaging reports Diagnosis/
. clinical
Interventions
Interventions
Acquisition length From admission to discharge
Acquisition High frequency ~ Low frequency  Very high Low frequency  Very high Very high
frequencies 0.0003 Hz) frequency frequency (0.2 frequency
(1-500 Hz) Hz) (0.03-0.2 Hz)
Database To support To compare To support To compare To support To support
purposes epidemiologic, outcomes biosignal outcomes epidemiologic epidemiologic
physiologic, and activities analysis and activities and and
and biosignal between research between physiologic physiologic
analysis PICU PICU research and research and
research and Toi industrial industrial
industrial Qimprove innovation innovation
innovation quality of
pediatric To improve quality To improve
To improve critical care of pediatric quality of
quality of critical care pediatric
pediatric critical care
critical care
VPS = virtual pediatric systems.
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The database’s “gold standard” is undoubtedly the Multiparameter Intelligent Monitoring in
Intensive Care (MIMIC) database implemented in the ICUs of the Boston’s Beth Israel Hospital
in 1996 (32). This database have evolved and flourished throughout the past 20 years (1, 7, 36—
38) from its first version in the late 90s to its current third version, described in 2016 (15). In
its latest version (MIMIC I1l1), freely available after the researcher completed a recognized
course in protecting human research participants and signed a data use agreement, the MIMIC
database gathered data from 38,597 patients above 16 years old admitted to the ICU between
2001 and 2012, and from 7,870 neonates admitted from 2001 to 2008. The MIMIC database
addresses many questions surrounding not only data gathering but also data sharing (36, 37) in
the field of critical care. The MIMIC database, however, as numerous other high- and low-rate
storage databases (2, 10, 15, 38, 39), has failed to include pediatric patients from 28 days old to
16 years old. Indeed, only a few databases described in the past 10 years include all types of
admissions in PICU with this high-rate data collection (Table 3) and, to our knowledge, none
of them integrate the variety of data we describe (Tables 2 and 3). The currently available
database described in the literature more exhaustive than ours in terms of demographic and
medical data is the Virtual Pediatric System (VPS), LLC, an online pediatric critical care
network implemented in 2005 and accessible online since 2009. It was built in 2005 on the
previously described Virtual PICU (implemented in 1997) (40) along with the partnership of
the National Outcomes Center, the National Association of Children’s Hospitals and Related
Institutions, and the Children’s Hospital Los Angeles. The VPS database is a prospective
observational cohort of more than one million consecutive admissions from 135 PICUs around
the United States and Canada. Its main objective was to develop a web-based database with
prospective data collection, aiming to provide information on PICU practices and patients
outcomes (41), with no or few biomedical signals, ventilator settings, or medication data. With

regard to biomedical signals and high rate data acquisition, the previously available database
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gathering system in PICU was described in 2003 by Goldstein et al (9) and implemented at
Doernbecher Children’s Hospital, Oregon Health and Science University. In their publication,
Goldstein et al (9) described about 170 pediatric patients where the main admission diagnosis
was brain injury. The database by Goldstein et al (9) was mainly a physiologic signal and
waveform database with a high-frequency recording rate (from 1 to 500 vs 0.2 to 0.03 Hz).
Finally, the only database presently comparable to ours is the trending, tracking, and triggering
system (T3) (Etiometry, Boston, MA) (25-27). T3 is a Food and Drug Administration—
approved system, implemented in the PICU and cardiac PICU of the Boston Children’s Hospital
(United States) in 2013 and the Hospital for Sick Children (Canada, 2015) which authorizes
collection, storage, and display of organized data at the bedside in near-real time, providing
physicians with crucial clinical information and a research database. The T3 system is based on
the same architecture as ours, the IntelliVue medical network, and collects physiologic data
from monitors and respiratory settings from respirators at a 5-second frequency (25). Other
clinical, laboratory, and demographic data are manually collected from patients’ chart without
collection on medication and other therapeutics. Depending on database purposes, collected
data and recording rates will vary. When studying physiologic signals and variability, a high
recording and acquisition rate is necessary, in contrast to epidemiologic studies where the
number of variables matters most (33). Technologic improvement has progressively challenged
researchers to deal with both storage and cost problems (14). Data storage capacity has
increased throughout the years, for a limited incremental cost increase (14). The future scope
of research with high-frequency database is undeniable. The main purpose of this database is
to provide our research group with a large, high-quality, multimodal dataset. In the future, the
dataset will help us develop, validate, and model virtual patients in cardiorespiratory physiology
(17, 18) as well as CDSS’s and data-driven learning systems (42) prior to applying them in

PICU daily practice (19, 20, 25, 27, 43, 44). It has already served to construct physiologic
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predictive models that will soon be published and might serve for future epidemiologic studies,
registry-based randomized controlled trial (24). Indeed, this type of database will simplify
screening of patients and data of interest, and complete case report forms automatically, thus
saving time and cost while insuring completeness (24, 39). Combining data from biomedical
signals, ventilatory support and timed IV medication might be of great interest to conduct
physiology studies, ventilator to patient interactions, or pharmacodynamics studies.
Furthermore, due to the large amount of collected data, these databases, once linked to specific
software, could be useful for data mining; a knowledge discovery process while exploring the
database (22). By providing diagnostic and therapeutic tools while improving research
efficiency and cost, this database could potentially enhance patient care and safety. Our
database has several limitations. First, data reliability is critical in this kind of data storage.
High-frequency database validation procedures are not well established in literature. Despite
the ability to compare database samples to patient medical records (45), a data extraction system
to validate the reliability of data gathering over time is still necessary. Data gathering and
organization are crucial, as important clinical information can be lost from ICU monitoring
devices (2, 39). Validation procedures were often not included or insufficiently considered in
numerous databases’ description (9, 24, 46). To ensure data reliability, accuracy, and
synchronization to future users of the database, we are currently completing the validation
procedures. Based on other high-quality database validation procedures available in literature
(10, 45, 47, 48), we have elaborated a human resource prospective validation procedure. We
are using videotaped data displayed at the bedside, and comparing it to simultaneously collected
data stored in our database. This validation procedure includes several phases aiming to validate
the four types of data acquisition and should be completed shortly. Second, as noted on the
flowchart (Supplemental Fig. 2, Supplemental Digital Content 2,

http://links.lww.com/PCC/A607), the data of 64 patients (5%) are not accessible. This loss of
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patients is assumed to be at random but could lead to selection bias in future studies. Those
patients were recorded in the database, but due to a loss of linkage between some of the HL7
messages and the corresponding patient number when encoded in the database, those patients
are not retrieved by general query, as they were not properly coded. To address this, we are
currently conceiving a retrieving software, able to relink HL7 messages to the corresponding
patients. Third, the database can only be queried by a restricted number of personnel familiar
with it conception and design. Based on the MIMIC published experience, the next step would
be the creation of an interactive and user-friendly data query tool, helping researchers and
clinicians with limited computer abilities to use and explore the research database. Fourth,
despite our high-frequency data acquisition, studies on physiologic variability may still be
limited and require even higher data acquisition frequency. Finally, this database, as many other
ones, is single center limiting its generalizability. However, after standardization of the data
(49, 50) and subsequent knowledge translation, we expect this data gathering process to be
active in other PICUs with similar networks for further data expansion. Long-term, this research
database is a valuable tool with the potential for data mining synchronized into a unique

multicenter critical care database (24).

CONCLUSION

Using the bedside information systems and network architecture already available in the PICU
of Sainte Justine Hospital, we successfully collected a large electronic clinical database that is
time organized and reusable, developing the new concept of the perpetual patient. The main
objective of this database will be to validate computational models and CDSSs. Although there
are several steps to perform before this research database becomes a valid worldwide user-
friendly research tool, we hope this database may be of great interest in the field of pediatric

intensive care research.
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C. Discussion

Ce travail souléve la question suivante : est-ce que constituer une base de données reléve
de la recherche ? Cette question entendue a quelques reprises durant la réalisation de ce PhD, a
été posée par R. Wetzel, créateur de la base VPS (154), en ces termes : « this article is not
research in the classical sense /.../. One then may ask : what use is it ? » (131).

Tout en posant la question dans son éditorial « First get the data, then do the science »
qui introduit notre article, R. Wetzel apporte la réponse :

« This article is not research in the classical sense that it presents new information that
will directly guide care./...] The meticulous description of a prospective, premeditated,
nontrivial system to capture data for multiple purposes from the care process, without impeding
care, is the value of this article./.../ Prospectively collected pediatric critical care data have
been useful for hypothesis testing, quality improvement, and better understanding our care
process.[...]. The automated collection of these clinical data, melded with further clinical data,
will have an even greater impact on our understanding of critical illness in children ».

Si la constitution d’une base de données haute résolution automatiquement collectée
n’est pas de la recherche au sens classique du terme, elle doit étre considérée comme telle car
elle en stimule la réalisation (131). En effet, il existe aujourd’hui de nombreux exemples
d’études et de publications qui n’auraient pu étre réalisées sans la collecte préalable d’une base
de données haute qualité (66,127,145-147,161-166).

En juin 2019, apres 4 ans d’exploitation, la base de données de soins intensifs du CHU
Sainte Justine contenait les données de 3303 patients pour 4207 admissions, pour un total de
606031 heures d’enregistrement et 2284 GO de données. L’évolution de la base a permis
d’augmenter le rythme de recueil des données a toutes les secondes et aussi de sauvegarder
I’intégralité des signaux physiologiques. Actuellement, le volume de données de la base est pris

a 65% par les courbes et signaux physiologiques, 31% par des données numériques de
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monitorage physiologique recueillies a chaque seconde, 4% par des données recueillies toutes
les 30 secondes depuis les respirateurs, les pousses seringues et les moniteurs. Les alarmes sont
aussi enregistrées mais représentent un volume de données encore négligeable de ’ordre de
0.05%. A ces volumes s’ajoutent ceux pris par les index, qui correspondent a des listes

structurées de données facilitant la recherche d’informations dans la base.

73



ARTICLE Il QUALITATIVE SUBJECTIVE ASSESSMENT OF A
HIGH RESOLUTION DATABASE IN A PEDIATRIC INTENSIVE CARE
UNIT - ELABORATING THE PERPETUAL PATIENT’S ID CARD

A. Présentation

Avant de pouvoir utiliser la base de données a des fins de recherche, il est nécessaire
d’étudier et d’évaluer sa qualité. L’évaluation de la qualité d’une base de données va se faire a
plusieurs niveaux (62,63,156,158,167—-169). Il est raisonnable de schématiquement représenter

ces différents niveaux de la fagon suivante (Fig. 6) :

* Quoi, par qui, comment, ou

« Cette phase garantit I'adéquation entre I'objectif de la base, les données

La capture recueillies, les modalités de recueil et I'équipe qui assure la gestion de la base.
des données

+ Description du processus
« Cette phare garantit la fiabilité et la rigueur de I'ensemble du procesus
La gestion appliqué aux données, depuis la réception a la source jusqu'a l'organisation
dans la base et méme l'interrogation de celle-ci.

des données

« Caractéristiques et fiabilités des données

) « Cette phase garantit que les données sont valides, c'est a dire justes dans le
Le jeu de temps et dans la mesure et donc utilisables

données

Fig. 6: Etapes d'évaluation de la qualité d'une base de données

Ce premier travail de validation ne cherchait pas a évaluer la validité et la fiabilité des
données mais a évaluer la qualité de la base de données dans son ensemble et fournir a des
futurs utilisateurs une description de ses caractéristiques.

Pour réaliser ce travail, nous nous sommes basés sur la méthodologie décrite par Stow
etal. (116) dans leur publication de 2006 dont I’objectif était de présenter et d’évaluer la qualité

de la « ANZICS Adult Patient Database », base de données de patients adultes de la société de
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soins intensifs d’Australie et de Nouvelle-Z¢élande. Nous avons donc choisi d’utiliser les
recommandations éditées en 2003 par le Directory of Clinical Audit Databases (DoCDat) (158)
dont I’un des objectifs était de standardiser une méthode d’évaluation de la qualité des bases de
données, permettant par la suite de comparer les bases de données entre elles (116,170).
Toutefois, la simple description de notre base de données a partir des critéres definis par le
DoCDat nous a semblé insuffisante. Nous avons donc eu recours au modele proposé en 2015
par Kahn et al.(62) pour retranscrire avec des criteres plus robustes et de facon plus objective

I’évaluation de la qualité de notre base de données.

75



B. Article

Received: 1 March 2019 | Revised: 9 May 2019 | Accepted: 10 May 2019

DOk 10.1111/jep.13193

BRIEF REPORT

Journal of Evaluation in Clinical Practice
Wl LEY Prernational Journal of Pusl :Li‘l.\ h Z‘ed:v:"li'ea":".fr- ces Reszarch

Qualitative subjective assessment of a high-resolution
database in a paediatric intensive care unit—Elaborating the
perpetual patient's ID card

David Brossier MD, MSc, Doctor?343([® | Michael Sauthier MD, Doctor’? |
Audrey Mathieu Student?? | Isabelle Goyer PharmD, MSc, Pharmacist® |
Guillaume Emeriaud MD, PhD, Professor’? | Philippe Jouvet MD, PhD, Professor'?

! Pediatric Intensive Care Unit, CHU Sainte
Justine, University of Montreal, Montreal,
Québec, Canada

2CHU Sainte Justine, CHU Sainte Justine
Research Institute, Montreal, Québec, Canada
*CHU de Caen Pediatric Intensive Care Unit,
Caen F-14000, France

“Université Caen Nomandie, School of
Medicine, Caen F-14000, France

# Laboratoire de Psychologie Caen Normandie,

Université Caen Nomandie, Caen F-14000,
France

“CHU de Caen, Pharmacy Department, Caen
F-14000, France

Correspondence

David Brossier, Service de réanimation
pédiatrique, 3e étage batiment FEH, CHU de
Caen, Avenue de la cote de Nacre, Caen
14033, France.

Emaik brossier-d@chu-caen.fr

1 | INTRODUCTION

Over the last two decades, numerous health care electronic databases
were created, especially in intensive care units (ICUs).* Among these

Abstract

Objective: The main purpose of our study was to subjectively assess the quality of
a paediatric intensive care unit (PICU) database according to the Directory of Clinical
Databases (DoCDat) criteria.

Design and setting: A survey was conducted between April 1 and June 15, 2018,
among the Sainte Justine PICU research group.

Population:  Every member of this group whose research activity required the use of
the database and/or who was involved in the development/validation of the database.
Interventions: None.

Measurements and main results: All 10 research team members (one Information
Technology specialist one junior medical student, and eight clinician researchers)
who used the high-resolution database fulfilled the survey (100% response rate).
The median quality level of the Sainte Justine PICU database across all the 10 criteria
was 3 (2-4), rated on a 1 (worst) to 4 (best) numeric scale. When compared with pre-
viously assessed databases through the DoCDat criteria, we found that the Sainte
Justine PICU database performance was similar.

Condusions: The PICU high-resolution database appeared of good quality when
subjectively assessed by the DoCDat criteria. Further validation procedures are man-
datory. We suggest that data quality assessment and validation procedures should be
reported when creating a new database.

KEYWORDS
database, DoCDat, quality assessment

databases, high-frequency electronic databases (data collection rate > 1
per min) were developed using the existing bedside information sys-
tems and hospital network architecture to automatically collect and
store the data.*>* Our team recently published the descriptive report

This study was performed at the CHU Sainte Justine, Montreal, Canada.
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INTRODUCTION

Over the last two decades, numerous health care electronic databases were created,
especially in intensive care units (ICUs) (1-3). Among these databases, high frequency
electronic databases (data collection rate > 1 per min) were developed using the existing bedside
information systems and hospital network architecture to automatically collect and store the
data (1, 3, 4). Our team recently published the descriptive report and analysis of a prospective
automatically collected database in the pediatric ICU (PICU) i.e. PICU high resolution database
(HRD) (1). Given the tremendous amount of data that are automatically collected, it is crucial
that database quality is validated based on standardized and well-defined criteria before using
the data for research purposes (5, 6). In 2003, the Directory of Clinical Databases (DoCDat)
published guidelines to standardize the quality assessment of databases and stored data (7).
These criteria assess database quality regarding three main categories: the ability of the database
to represent the population that it intends to describe, the completeness of the collected data and
the accuracy of the data gathered (2, 7). Several years later, the Data Quality Collaborative
(DQC) edited data quality reporting guidelines (6, 8). These guidelines were elaborated in the
context of electronic medical records (EMR) based database and research. The reports are
recommended to be organized in four sections: data capture description, data processing
descriptions, data elements characterization and analysis-specific data elements
characterization. The main purpose of our study was to subjectively assess the quality of aPICU
HRD according to the DoCDat criteria. The secondary objective was to compare the quality
assessment results to the median levels of performance of previously assessed databases. As a
third objective, the assessment results of this study helped the HRD designers completing the

DQC report table and thus providing a more comprehensive description of this database.
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METHODS

A survey was conducted between April 1st and June 15th 2018, among the Sainte-
Justine PICU research group. This study was approved by the Sainte-Justine University hospital
ethical Committee (number 2016-1210, 4061) as part of the Sainte-Justine PICU database
validation process.
All individuals who developed or used the Sainte-Justine PICU HRD were included and
completed a two-part survey. The first part was a qualitative subjective assessment of the
database using the DoCDat criteria (fig 1) (2, 7). The 10 criteria were rated on a 1 (worst) to 4
(best) numeric scale (fig 1). The second part of the survey consisted in a subjective assessment
of the appropriateness of each DoCDat criterion with a 5-level Likert scale regarding
assessment of high frequency electronic databases. The answers were anonymized before
analysis.
The survey results regarding performance level of our database were compared to the available
median levels of performance of all previously assessed databases for each DoCDat criteria, as
previously described by Stow et al.(2) (fig 1). To perform this comparison, we used the median
levels of performance provided in 2006 by Stow et al. (2). The databases included in this article
(2) followed the DoCDat clinical databases inclusion criteria defined by Black et al (7). These
criteria were as follow: gathered in the United Kingdom; providing individual level information
on health care recipients; a scope defined by a common condition, intervention or facility at
inclusion in the database; data from more than one health care provider. The main areas of the
DoCDat included databases were general, cancer, surgical, congenital anomalies and traumatic
and intensive care (9).
Continuous variables were expressed as medians (1st and 3rd quartiles).
Based on the survey results and on the previous description of the database gathering process

(1), DQC data quality report was edited by the Sainte-Justine PICU HRD designers.
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Fig. 1: Assessment of the Hospital Sainte Justine PICU database according to the Directory of

Clinical Databases (DoCDat) criteria (adapted from Black and Payne (7))

Data are expressed as median (1st and 3rd quartiles).

’ Survey results regarding performance level of the Sainte Justine PICU database.

A Available median levels of performance of all previously assessed databases
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RESULTS

All ten-research team members (100% response rate) who used the high-resolution
database fulfilled the survey (one Information Technology (IT) specialist, one junior medical
student and eight clinician researchers including two MD PhDs and five MD PhD candidates).
Six were involved in the database design and four were database users only.

The median quality level across all of the 10 criteria was 3 [IQR: 2 - 4]. When compared
with the median levels of previously reported database quality performance (2), the Sainte
Justine PICU database seemed to perform better regarding 5 criteria, performed as well for 1,
and worse for 4 (fig 1). The 10 criteria were considered appropriate by the responders regarding

the assessment of a PICU HRD (fig 2).

100% —
90%
80%
70% 7. Di

. Disagree
60%
50% — Neither agree nor disagree

Agree

Strongly agree

Fig. 2: Assessment of the appropriateness of the Directory of Clinical Databases criteria

The DQC data quality report was partially fulfilled (table 1) based on the database description

(1) and survey results. Details on data validation rules (item 10, section data processing) and
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data elements characterization were incomplete as the validation process is ongoing (10).

Analysis and specific data quality documentation were not reported as not routinely performed.

Table 1 : Data quality documentation and reporting based (adapted on (6))

HSJ HRD : Hospital Sainte Justine High Resolution Database, EMR : Electronic Medical
Record, HL7 : Health Language 7, PICU : Pediatric Intensive Care Unit, CDSS : Clinical
Decision Support System, SQL : Structured Query Language, EAV : entity-attribute-value. NA:

Not applicable.

Data capture

1. Original data source

1) Data Origin

Biomedical data collected in the HSJ HRD are collected
from devices available at beside. Biomedical data from
the devices come from two temporary servers: one
storing the monitors data including 1 Hz data and raw
signal (62-500 Hz) and the second from the other
biomedical devices (infusion pumps, ventilator and other
devices) between 0.2 and 0.03 Hz. No transformation
occurs at this stage.

The HSJ HRD is linked with the EMR database.
Demographic, clinical, laboratory and treatment data
come from the EMR without any transformation. In the
EMR, data are collected from their original source: ADT
[admission-discharge-transfer], medical and nursing
notes and pharmacy.

2) Data capture method

High Frequency Automatic Collection is performed
through HL7 protocol, SQL queries and direct entry from
the caregivers

3) Original collection purpose

PICU / Research purpose, CDSS elaboration

2. Data steward information

4) Data steward

Public University Hospital: Sainte Justine Hospital PICU
Research Group.

5) Data set structure

Data are store in a SQL database. Biomedical data are
stored on a flexible EAV structure with values being
separated in numerical and textual data. A local ontology
has been built on the keys from the different devices. Raw
signals are stored by 5 seconds blocs of consecutive y-
coordinates.

In the EMR, most of the fields filled by clinicians are
drop-down menus and presuggested lists, except for daily
notes that are free text.
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6) Data set definitions

The ontology used with the EAV has a description for
each key. For example, a key could be “pulse rate -
arterial line” and would be stored in a specific row along
with the patient identifier, the datetime and up to two
modifiers.

Data processing / Data provenance

7) Data extraction specifications

Except for backup, there is no automatic extraction. All
extractions are personalized. A graphical user interface to
extract the data is currently tested.

8) Mappings from
standardized values

original to

Two small modifications are performed at the insertion:

- The time zone is added to every datetime

- Patient identification is verified with the bed
identifier and the datetime of each data.

9) Data management organization

No alteration of the data is performed in the database.
Some frequently grouped data (e.g. blood gases) are
preidentified in a separate table. Other modifications are
only performed after the data extraction. We stored
frequent queries (SQL views) for patient lists or severity
scores.

10) Data processing validation routines

Dataset comparison against raw data extracted from
source. Sample validation.
ONGOING PROCESS

11) Audit trail

As no modification is performed on data, each user of the
database is responsible for doing its own track change.

Data elements characterization

12) Data format

Dataset comparison against raw data extracted from
source. Sample validation.

ONGOING PROCESS

Exact numerical values are stored.

13) Single element data descriptive
statistics

Dataset comparison against raw data extracted from
source. Sample validation.
ONGOING PROCESS

14) Temporal constraints

Dataset comparison against raw data extracted from
source. Sample validation.
ONGOING PROCESS

15) Consistency

Dataset comparison against raw data extracted from
source. Sample validation.
ONGOING PROCESS

Analysis-specific data quality documentation

16) Data Cleansing/customization

Dataset comparison against raw data extracted from
source. Sample validation.
ONGOING PROCESS

Data quality checks of key variables:

17) used for cohort identification NA
18) used for outcome categorization NA
19) used to classify exposure NA
20) confounding variables NA
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DISCUSSION

A way of comparing available datasets, and reporting their quality would be of great
interest. Several guidelines tend to guide data quality reporting. None has been especially
elaborated to report data quality regarding high frequency electronic database (6, 11). Thus, we
are left with using criteria developed for a former time (2, 7), for data collected in a lower
volume and/or a lower velocity (6, 8). To perform this PICU HRD qualitative subjective
assessment we choose to apply the DoCDat assessment method to a HRD derived from one
ICU, in a new setting, different from any of the previous reports (2, 7). The DoCDat assessment
method was historically created to compare national registries to each other (2, 7). Other
methods have been proposed, such as the Hall et al. “checklist for investigators in database
research” (12) and the Arts et al. “framework of procedures for the assurance of data quality in
medical registries”(2, 13). The Hall et al. “checklist” provides more information to users but is
complex, non-user friendly and seems inappropriate to compare databases quality performance
between them as it’s restricted to pharmacoepidemiology (12) . The Arts et al framework was
elaborated to guide national multicenter registry builders at each steps of the data collection at
the initiation of their registry. Very useful regarding registry creation, this framework appears
inappropriate to described HRD in a reproductive and a more objective way (2, 13).

The quality assessment using DoCDat criteria of a PICU HRD combined to the EMR
documented an overall good quality level. The eligible patient population was considered
partially representative of the country but the recruitment was considered high. Indeed, this
database includes data from every patient admitted in the largest PICU in Quebec but doesn’t
include data from the other PICUs in this province. The database is linked to the patients’ PICU
EMR so the collected variables included short-term outcomes until PICU discharge and some
major confounders, but the database also gathered physiologic and biomedical signals. The
completeness of the data collection was considered high and numerous data are collected as

raw data directly from monitors, ventilators and infusion pumps. The use of explicit definitions
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for variables, explicit rules for collection and the reliability of coding were considered as fair
as most of the included data were directly collected from medical devices available at the
bedside used in daily practice. This subjective qualitative assessment based on the DoCDat
criteria appears of great interest. It depicts a global picture of the database to potential future
users with information on the population studied, the data collected and data characteristics.
However, given the actual DocDat criteria structure it is impossible to account for the type of
clinical data gathered, thus sub criteria could be added to describe their nature. For example,
each performance level could include a sub performance level 1 for not gathering any clinical
data, 2 for gathering laboratory data only (hemoglobin, lactates, etc.), 3 for biometric data only
(heart rate, blood pressure, etc.) and 4 for gathering both laboratory and clinical data. A database
could then obtain a 2.2 or 3.4 level of quality performance on this criterion for example.
Besides, major biases must be considered as the people who designed and use the database
performed the evaluation.

Based on the database description and this collaborative assessment, we could partially fulfill
DQC data quality report. Thus, this report remains insufficient to guarantee the validity, the
reproducibility, the reliability, the accuracy and the rightfulness of the dataset. Further
independent data validation procedures should be performed (2, 6-8) and are currently ongoing
on this specific database (10).

In our opinion, high frequency database creators around the world should gather to elaborate
guidelines regarding high frequency automatically collected database quality assessment and
dataset validation procedures to better understand the strengths and the weaknesses of the HRDs

we are collecting.

CONCLUSION

Database quality assessment is rarely described. Nevertheless, data quality is crucial to ensure

the scientific validity of conclusions drawn from that data analysis. We subjectively assessed
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our previously reported PICU HRD with the DoCDat criteria and found that its quality was

comparable to previously reported results.

REFERENCES

1

Brossier D, El Taani R, Sauthier M, Roumeliotis N, Emeriaud G, Jouvet P. Creating a
High-Frequency Electronic Database in the PICU: The Perpetual Patient. Pediatr Crit
Care Med. 2018;19(4):e189-e98. (31)

Stow PJ, Hart GK, Higlett T, George C, Herkes R, McWilliam D, et al. Development
and implementation of a high-quality clinical database: the Australian and New Zealand
Intensive Care Society Adult Patient Database. J Crit Care. 2006;21(2):133-41. (116)
Johnson AE, Pollard TJ, Shen L, Lehman LW, Feng M, Ghassemi M, et al. MIMIC-III,
a freely accessible critical care database. Sci Data. 2016;3:160035. (142)

Celi LA, Csete M, Stone D. Optimal data systems: the future of clinical predictions and
decision support. Curr Opin Crit Care. 2014;20(5):573-80. (16)

Sukumar SR, Natarajan R, Ferrell RK. Quality of Big Data in health care. International
journal of health care quality assurance. 2015;28(6):621-34. (171)

Kahn MG, Brown JS, Chun AT, Davidson BN, Meeker D, Ryan PB, et al. Transparent
reporting of data quality in distributed data networks. EGEMS (Washington, DC).
2015;3(1):1052. (62)

Black N, Payne M. Directory of clinical databases: improving and promoting their use.
Quality & safety in health care. 2003;12(5):348-52. (158)

Kahn MG, Raebel MA, Glanz JM, Riedlinger K, Steiner JF. A Pragmatic Framework
for Single-site and Multisite Data Quality Assessment in Electronic Health Record-
based Clinical Research. Med Care. 2012;50(0). (167)

Black N, Barker M, Payne M. Cross sectional survey of multicentre clinical databases

in the United Kingdom. BMJ. 2004;328(7454):1478. (170)

85



10- Mathieu A, Brossier D, Eltaani R, Sauthier M, Goyer I, Emeriaud G, Jouvet P. . Creating
a High Resolution Electronic Database in the Pediatric Intensive Care Unit: Validation
phase. Ann Intens Care. 2018;8(Suppl 1):F-68. (65)

11-Brown JS, Kahn M, Toh S. Data quality assessment for comparative effectiveness
research in distributed data networks. Med Care. 2013;51(8 Suppl 3):S22-9. (63)

12-Hall GC, Sauer B, Bourke A, Brown JS, Reynolds MW, LoCasale R. Guidelines for
good database selection and use in  pharmacoepidemiology research.
Pharmacoepidemiology and drug safety. 2012;21(1):1-10. (168)

13- Arts DG, De Keizer NF, Scheffer GJ. Defining and improving data quality in medical
registries: a literature review, case study, and generic framework. Journal of the

American Medical Informatics Association : JAMIA. 2002;9(6):600-11. (169)

86



C. Discussion

Ce rapport est basé sur deux des principales recommandations publiées dans le domaine
de I’évaluation de la qualité des bases de données (62,158). Cette évaluation qualitative
subjective est retranscrite en toute transparence et le plus objectivement possible a partir
d’outils précédemment décrits. Elle établit un précédent en termes de procédure de validation
des bases de données haute résolution. Ces deux équipes ont publié de nouveaux travaux afin
d’exhorter les équipes de recherche médicale a tenir compte de la nécessité d’évaluer la qualité
de leur données (61,63,125,167,170). Toutefois, dans le domaine des mégadonnées et des bases
de données a haute résolution, nous sommes obligés de réaliser que trés peu d’équipes
considerent la nécessité, si non d’effectuer, au moins de décrire précisément ces procédures de
validation (135,142,147).

D’autres recommandations et méthodes d’évaluation de la qualité des données existent
et, méme si nous ne les avons pas retenues pour notre publication, certaines restent importantes
a considérer dans notre démarche de validation (168,169). C’est le cas notamment du
« framework of procedures for the assurance of data quality in medical registries» proposé par
Arts et al.(169) qui a été élaboré apres revue quasi-systématique de la littérature traitant de la
qualité des données. Bien qu’il ait déja été utilisé dans le domaine des soins intensifs (116), il
ne nous a pas semblé répondre a nos considérations spécifiques en lien avec la haute fréquence
de collection. Toutefois, I’analyse de la littérature présentée dans cet article a permis de mieux
définir le terme de « data quality » : « the totality of features and characteristics of a data set,
that bear on its ability to satisfy the needs that result from the intended use of the data ». De
plus, il a précisé quelles caractéristiques des données enregistrées étaient essentielles pour que
celles-ci soient considérées comme valides et utilisables. Les attributs principaux étant

I’exactitude (« accuracy ») et I’exhaustivité du recueil (« completeness »). Le premier terme
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étant défini comme la conformité entre la donnée enregistrée et la réalité, le second comme le
fait que les données jugées pertinentes qui pouvaient étre recueillies 1’avaient été. Enfin, le
dernier point essentiel souligné par cet article est la description du type d’erreurs altérant la
qualité et donc la fiabilité du jeu de données. 1l existe plusieurs fagon de caractériser les erreurs,
mais dans le cadre de notre travail de validation d’une base de données haute résolution nous
retiendrons 2 principaux types d’erreurs : I’erreur systématique (se reproduit a chaque entrée

dans la base de la variable considérée) et I’erreur aléatoire (survient de fagon inopinée)

(169,172).
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ARTICLE 1V: VALIDATION PROCESS OF A HIGH RESOLUTION
DATABASE IN A PEDIATRIC INTENSIVE CARE UNIT — DESCRIBING
THE PERPETUAL PATIENT’S VALIDATION

A. Présentation

Dans le cadre de 1’évaluation de la qualité des données, il faut détailler 2 phases (169,173) :
1. La phase d’assurance de qualit¢é ou d’assurance qualité (« Quality assurance ») qui
correspond a I’ensemble des dispositifs mis en place en amont du recueil de données pour
garantir sa fiabilité, son exhaustivité et son adéquation avec les objectifs de la base.
2. La phase de contrdle dont 1’objectif est de dépister et corriger les éventuelles erreurs. Cette
phase intervient soit de facon concomitante a la collecte de données soit apres celle-ci.

La description et I’évaluation des processus impliqués dans la constitution de la base et
présentés dans les 2 précédents articles relévent de la phase d’assurance qualité. Afin de garantir
aux utilisateurs de la base, ainsi qu’aux lecteurs des publications scientifiques qui en découlent,
de la validité des données, nous avons réalisé un travail de contrdle des données (135). Nos
hypothéses étaient que :

e toutes les données (100%) jugées pertinentes qui pouvaient étre recueillies I’avaient été,

répondant au critére d’exhaustivité.

e les valeurs des données enregistrées, comparées aux valeurs des données réelles, étaient

exactes et concordantes, répondant aux critéres d’exactitude.
Plusieurs méthodes et exemples de processus de validation de données médicales sont décrits,
notamment dans le cadre des données issues de dossiers médicaux informatisés, utilisées en
recherche (135,156). Nous avons choisi, pour réaliser ce travail de contr6le de données,
d’utiliser une méthode par validation externe (135,174). L’idée était de contr6ler humainement
et manuellement, a partir de chaque source de données et a différents moments, plusieurs

échantillons de données considérés comme representatifs de I’ensemble de la base (134,156).
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Ainsi, nous avons étudié I’exhaustivité du recueil, I’exactitude et la cohérence des données ainsi

que la robustesse du processus, c’est a dire sa capacité a rester fiable et stable dans le temps.
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Abstract:

Objective: Data quality assessment is essential to ensure the reliability of databases (DTB) in
order to draw accurate clinical conclusions from these data analyses. However, these DTB
quality assessments are often missing even though the corresponding data are used in daily
practice and research. Our objective was to evaluate the data quality of our high-resolution
electronic DTB (HRe-DTB) implemented in our pediatric intensive care unit (PICU).

Design: A prospective validation study of a HRe-DTB.

Setting: A 32 bed pediatric medical, surgical and cardiac PICU in a tertiary care freestanding
maternal-child health center in Canada.

Population: All patients admitted to the PICU with at least one vital sign monitored using a
cardiorespiratory monitor connected to the central monitoring station.

Interventions: None

Measurements and Main Results: Between June 2017 and August 2018, data from 295 patient
days were recorded from medical devices and 4,645 data points were video recorded and
compared to the corresponding data collected in the HSJ-PICU HRe-DTB. Statistical analysis
showed an excellent overall correlation, agreement and reliability. Bland-Altman analysis
showed excellent accuracy and precision between recorded and collected data within clinically
significant pre-defined limits of agreement.

Conclusions: This prospective validation study performed on a representative sample showed
an excellent overall data quality.

Key words: Pediatrics; Critical care; Database; Electronic Health Record; Big data
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INTRODUCTION
Technological resources have often been placed at the service of health care efficiency.

Over the past two decades, technological and computer advances were used extensively to
modernize medicine and assist medical teams in daily practice, as shown by the widespread use
of electronic medical records (EMR) or connected biomedical devices. While the dedicated
purpose in health care services is patient management, these systems have been perceived by
many scientists as a way of improving clinical research efficiency and data analysis (1-4). As
a result, many medical databases (DTB) were compiled since the beginning of the twenty-first
century (4-6). In order to optimize our research quality in our different fields of expertise such
as respiratory physiology and the development of clinical decision support systems (CDSS) (7),
we implemented in 2015 an automated electronic data gathering process in our pediatric
intensive care unit (PICU) (8). This DTB was designed to develop and validate virtual patients
for cardiorespiratory physiology as well as for CDSS and data-driven learning systems (8).
However, a validation step of the collected data is necessary before considering this DTB
suitable for research purposes (9-11). Indeed, valuableness of research findings is a matter of
data quality (12,13). Several guidelines or frameworks were elaborated to evaluate and report
DTBs’ and national registry quality or to guide DTB designers at each step of the data collection
to guarantee dataset reliability (12,14,15). These documents highlighted the need to evaluate
data quality, to compare dataset quality performance between them and raised the question of
data validity that every scientist or clinician, as data users, deal with whether in day-to-day
clinical care decision-making or in medical research (16,17). However, none of these guidelines
provide a detailed validation process that is entirely suitable for high resolution electronic DTB
(HRe-DTB), defined as a database that collect more than one data point per minute. Besides, to
our knowledge, none of the HRe-DTB published a detailed validation procedure (18-20). This
article describes our HRe-DTB’s validation process. Our goal is to test the accuracy, the

reliability and the robustness of our HRe-DTB.
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METHODS

This study consisted of a prospective validation of a HRe-DTB conducted in the PICU of Sainte
Justine hospital (Montreal, Canada), a pediatric 32-bed medical, surgical and cardiac ICU in a
free-standing tertiary maternal-child health center. The study was performed between June 2017
and August 2018.

Population: We included all patients admitted to the PICU with at least one vital sign monitored
using a cardiorespiratory monitor connected to the central monitoring station. Patients were
excluded if their medical status was considered incompatible with the data collection process
by the physician or the nurse in charge. Medical status was considered incompatible with the
study when it prohibited the presence of one study observer in the patient room.

Standard management: As previously reported (8), as a standard of practice in our PICU, all
physiological, therapeutic and clinical data from medical devices available at the bedside of all
children admitted in the PICU were continuously collected in an organized DTB linked to the
EMR from admission to discharge of the PICU (8). Biomedical signals from the monitors were
sampled and recorded every 5 seconds while data from ventilators and infusion pumps were
recorded every 30 seconds. The full details of the DTB structure were previously reported (8).
Study protocol: The study was divided in three periods of 14, 16 and 17 days respectively
(convenient samples): the first one was dedicated to data from the monitors, the second one to
the data from the ventilators and the third one to the infusion pumps. During the first period,
data were collected on devices that displayed the monitored data outside of the patient’s room,
whereas both second and third period took place at the bedside. On every study day, a sample
of 20% of the children hospitalized in the PICU that meet the inclusion criteria was randomly
selected. A videotape of the data displayed on the medical devices (monitors, ventilators and
infusion pumps) and available at the bedside, such as heart rate or positive inspiratory pressure

(Figure 1) was recorded. Thus, one patient could have been included more than once.
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Figure 1: Data validation process
* ]cons made by monkik from www.flaticon.com, ** Icons made by Freepik from www.flaticon.com,
*** Jcons made by Chris Veigt from www.flaticon.com, **** |cons made by Smashicons from
www.flaticon.com.

Each day, a time synchronization process with the automatically calibrated clocks of the
hospital and the video recorder was made. Each monitor (IntelliVVue MP60, MP70 and M X800,
Koninklijke Philips Electronics, Amsterdam, the Netherlands) was video recorded for 30
seconds, each ventilator (Servo-I1®, Maquet, Getinge, Sweden) for 90 seconds and each infusion
pump (Infusomat®, B. Braun Medical Inc, Bethlehem, Pennsylvania, U.S.) was simply
photographed. Since ventilator data are recorded every 30 seconds in the HRe-DTB, 90 seconds
was enough to get at least two consecutive records in the DTB. For the infusion pumps, we
simply photographed because the infusion pumps parameters are only set, and not measured,
thus they remained unchanged during the observation. The data displayed on the devices were
then manually extracted in a spreadsheet from the pictures or at every second from the
videotape. Data were periodically screened for aberrant values. These data collected by one
independent observer (AM) who was not implicated in patients’ care were considered as the
reference data. Three types of data from medical devices were collected (Figure 1): 1)
Physiologic signals from patient monitors (heart rate, oxygen saturation and systolic, diastolic
and mean blood pressure) 2) Respiratory and ventilator parameters from the ventilator (positive

end-expiratory pressure, peak inspiratory pressure, respiratory rate, respiratory minute volume)
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3) Pharmacotherapy from the infusion pumps (ex: drug names and infusion rate). The in-DTB
data of the corresponding patients were simultaneously extracted from the HRe-DTB. We
extracted the experimental data with Microsoft SQL Server Management Studio software for
SQL Server 2008r2 (Microsoft Corporation, Redmond, U.S.). Experimental data were then
compared with reference data (Figure 1).

Endpoints: The primary endpoints were the absolute value of the selected variables (heart rate
(HR) and pulse oximetry (SpO2)) recorded from the monitors.

The secondary endpoints were:

The absolute value of the selected variables recorded from the monitors when available:

invasive arterial blood pressure (systolic (SBP), diastolic (DBP) and mean blood
pressure (MBP)) and central venous pressure (CVP)

- The absolute value of the selected variables recorded from the ventilators: positive end-
expiratory pressure (PEEP), positive inspiratory pressure (PIP), respiratory rate (RR),
minute ventilation (VM), expiratory tidal volume (VE)

- The Infusion flows

- The infused drugs’ name

- The recording time of the data

- The missing data or the completeness of the dataset.

Statistical analysis: Reference data were compared to the simultaneously collected data in the
PICU HRe-DTB at a specific time point for each patient. Variables were expressed as mean +
standard deviation or median [minimal — maximal value] for continuous variables, depending
on their distribution (Shapiro-Wilk normality test) and count (percentage) for categorical
variables. Comparisons between both groups were made by dependent tests as appropriate. The
correlation between reference and experimental data was evaluated by the determination

coefficient (R?). The reliability was evaluated by intraclass correlation coefficients (ICC) for

96



each parameter. ICCs estimates, 95% confidence intervals and F test results were calculated
with the R statistical packages “irr”’(21) and “psych” (22) using a single measurement,
agreement, two-way mixed effect model (23). The agreement between experimental and
reference data were evaluated for each parameter measuring the absolute agreement, the mean
difference (22) and with the Bland & Altman analysis. Bias and limits of agreement were
calculated with the R statistical package “BlandAltman” (24) based on both the original method
(the difference of the two paired measurements was plotted against the mean of the two) and
the modified one (the difference of the two paired measurements was plotted against the value
of the reference data) of the Bland Altman analysis (25,26). Acceptable limits of agreement
were a priori defined as +5% of the mean of the reference. All analyses were performed after
the exclusion of the paired measurements when one of the experimental or reference data was
missing. Thus, we intended to differentiate inaccurate data from missing data.

Furthermore, infusion pumps data retrieved from the HRe-DTB were confronted to the
corresponding data in the EMR. We compared for each selected patient, throughout the day,
the data recorded in the HRe-DTB to those recorded in the EMR for each infusion. Besides, we
selected 14 daily-used PICU drugs and their respective standardized concentration (sedative,
analgesic and vasoactive drugs) and compared the correlation between the HRe-DTB and the
EMR within the study period (from August 31, 2017, to August 1, 2018). A p-value < 0.05 was
considered statistically significant. Statistical analyses were performed using open access R

software (version 3.5.1, 2018-07-02, http://cran.r-project.org/).

Ethics: The study was approved by the institutional review board of Sainte-Justine Hospital
(reference number 2016-1210, 4061). The exploitation of the HRe-DTB is regulated by a DTB
policy validated by the institutional review board and no protected health information were

stored in the HRe-DTB.
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RESULT

Between June 1, 2017, and August 30, 2018, 1378 patients were admitted to the PICU and
100% were included in the HRe-DTB. During the effective 47 days of study, 81 patients were
hospitalized in PICU and 81 (100 %) were included in the HRe-DTB. Data from 70 patients
(86 %), 295 patients’ days, were recorded from medical devices (Table 1) 4645 data points
were video recorded and compared to the corresponding data in the HRe-DTB (Table 2).

Table 1: Patients’ characteristics

Characteristics of all patients included (n=70)

Age (years), median [min-max] 3[0.0- 20]
Weight (kg), median [min-max] 11.2 [2.1-81.8]
PELOD?2, median [min-max] 6 [0-24]
Main diagnostic category at admission, n (%)
Post-surgical care 12 (17.1%)
Post-cardiac surgery care 7 (10.0%)
Cardiac 14 (20.0%)
Pulmonary 10 (14.3%)
Neurologic 7 (10.0%)
Infectious 6 (8.6%)
Accidents (Traumatism/Burn/Intoxication) 5 (7.2%)
Others 9 (12.9%)
Characteristics of the data studied (n=4645)
n (%) Total recording time (s)
Monitors’ data 3703 (79.7%)
Heart rate (bpm) 1104 (23.8%) 10202
Respiratory rate (bpm) 1079 (23.2%) 10281
Pulse oxymetry (%) 975 (21.0%) 9907
Pulse (bpm) 316 (6.8%) 2839
Expiratory tidal CO, (mmHg) 12 (0.3%) 131
Systolic blood pressure (mmHg) 54 (1.2%) 529
Diastolic blood pressure (mmHg) 54 (1.2%) 529
Mean blood pressure (mmHg) 66 (1.4%) 527
Central Venous pressure (mmHg) 43 (0.9%) 224
Ventilators’ data 670 (14.4%)
Positive end expiratory pressure (cmH-0) 134 (2.9%) 4230
Positive inspiratory pressure (cmH,0) 134 (2.9%) 4230
Measured respiratory rate (bpm) 134 (2.9%) 4230
Measured expiratory Tidal VVolume (ml) 134 (2.9%) 4230
Minute ventilation (L/min) 134 (2.9%) 4230
Infusion pumps
Flow (mi/h) 272 (5.9%) 272

Others: Metabolic, electrolyte disturbance, hematologic, non-cerebral tumor, liver and digestive causes.
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Monitor’s data validity. Statistical analysis showed an overall excellent correlation, agreement
and reliability, as shown in Table 2. ICCs were considered as excellent for all the tested
variables (Table 2). Bland-Altman analysis showed an excellent accuracy and precision
between recorded and collected data within clinically significant pre-defined limits of
agreement (Supplemental Digital Content 1). A single heart rate measurement in the
experimental data (0.03 %) was considered as clinically different from the reference data

(Figure 2,3). Only 74 data points (2 %) were missing, as detailed in Table 2.

Ri=1lp<0001 | & e =
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Absolute difference
(reference - experimental)
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[P I S )

Experimental value
Absolute difference
(reference - experimental)
(=)

[V A

5 10 15 20 25 30 35 40 5 10 15 20 25 30 35 40
Reference value Reference value

Figure 2: Correlation and Bland-Altman plot
a. Heart rate. Average bias of -0.02 bpm (95% Confident Interval +/- 0.03) and ——— limits of
agreement (Average bias +/- 1.96 standard deviation) -1.05;1.01 (95% Confident Interval +/-
0.05)." — T Acceptable limits of agreement -5;+5 bpm.
b. Positive inspiratory pressure. Average bias of -0.02 cmH20 (95% Confident Interval +/- 0.02)
and limits of agreement (Average bias +/- 1.96 standard deviation) -0.23;0.18 (95%

Confident Interval +/- 0.03). " — — Acceptable limits of agreement -1;+1 cmH20.
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Table 2: Comparison between reference data and database data

Reference Database Mean ” ICC**
Median [min-max]  Missing data  Median [min-max]  difference Agreement  p R (C195%)
Monitors’ data 74 (2%)
Heart rate (bpm) 117 [49-199] 25 (2%) 117 [49-199] -0.019 99.7% 018 1 1(1-1)
Respiratory rate (bpm) 28 [11-89] 8 (1%) 28 [11-89] -0.001 99.9% 1 1 1(1-1)
Pulse oxymetry (%) 100 [74-100] 10 (1%) 100 [74-100] 0 100.0% NA 1 1(1-1)
Pulse (bpm) 120 [35-173] 12 (4%) 120 [35-173] 0 1000%  NA 1 1(1-1)
Expiratory tidal CO2 (mmHg) 33 [19-49] 1 (1%) 33 [19-49] 0 100.0% NA 1 1(1-1)
Systolic blood pressure (mmHg) 92.5[78-128] 6 (11%) 94 [78-128] 0 100.0% NA 1 1(1-1)
Diastolic blood pressure (mmHg) 51 [44-76] 6 (11%) 51 [44-76] 0 100.0% NA 1 1(1-1)
Mean blood pressure (mmHg) 66 [55-97] 6 (9%) 66.5 [55-97] 0 100.0% NA 1 1(1-1)

Central venous pressure (mmHg) 9 [6-25] 0 9 [6-25] 0 100.0% NA 1 1(1-1)

Ventilators’ data 0
Positive end expiratory pressure (cmH;O) 7 [5-13] 0 7 [5-13] 0 100% NA 1 1(1-1)
Positive inspiratory pressure (cmH;0) 18 [8-35] 0 18 [8-35] -0.022 95.5% 002 1 1(1-1)
Respiratory rate (rpm) 34 [11-56] 0 34 [11-56] 0.008 94% 053 1 1(1-1)
Expiratory tidal volume (ml) 25 [5.50-600] 0 25 [5.50-600] -0.015 97% 007 1 1(1-1)
Minute ventilation (L/min) 1[0.4-7] 0 1[0.4-7] 0 100% NA 1 1(1-1)
Infusion pumps
Flow (ml/h) 1.3 [0-100] 23 (9%) 1.3 [0-100] 0 100% NA 1 1(1-1)

*All p-values were < 0.001
** All p-values were = 0
C195%: 95% confident interval
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Figure 3: Schematic representation of a heart rate curve with a significant acceleration
HR: Heart Rate

Ventilators’ data validity: Statistical analysis showed an overall excellent correlation,

agreement and reliability (Table 2, Supplemental Digital Content 2). Regarding positive
inspiratory pressure, experimental data were considered as significantly different from
reference data with a mean difference of -0.022 and a difference of 0.5 cmH.0 between 4.5%
of all the collected PIP, the remaining 95.5% values were equal. Agreement remained over 90%
with an excellent correlation between reference and experimental data. ICCs were considered
as excellent for all the tested variables (Table 2). Bland-Altman analysis showed excellent
accuracy and precision (Supplemental Digital Content 2). No data were missing (table 2).

Infusion pumps data validity: The comparison with the data displayed on the infusion pumps

showed an overall excellent correlation, agreement and reliability (Table 2) with Bland-Altman
analysis showing an excellent accuracy and precision between recorded and collected data for
all the tested variables (Supplemental Digital Content 2). ICCs were considered as excellent for

all the tested variables (Table 2). Twenty-three infusions (9 %) were not retrieved in the HRe-

102



DTB (Table 2). Nine episodes were related to six patients without any pharmacological data
collected in the HRe-DTB and 14 episodes were related to pump dysfunction. Other minor
discrepancies were noticed between HRe-DTB and EMR (Table 3). Correlation between HRe-

DTB and EMR regarding drugs of interests over the study period were depicted in figure 4.

Table 3: Descriptive summary of discrepancies between the database and the electronic medical
record

Types of discrepancies Number of Consequences on the DTB
episodes
Failure to connect the pump to the network 14

LOSS OF DATA

Transient pump disconnection 2
Drug name inadequacy between DTB and EMR 2 INACURACY
Drug started earlier in the DTB than in the EMR 6
. . COMPLETENESS
Drug stopped later in the DTB than in the EMR 5 IMPROVEMENT
Prescription not registered in the EMR 2

DTB: Database; EMR: Electronic Medical Record

EMR Hre DTB

Dexmedetomidine 4ug/ml 182 183

Dexmedetomidine 2jug/ml 254 263

Midaz olam Smg/ml 67 93 300

Midazolam 1mg/ml 17 17 _
Propofol 10mg/ml 94 154 & R#=0.96,p<0,001
Morphine 1mg/ml 14 143 5 /O
Morphine Smg/ml 8 13 F] 250

Hydromorphone 0.5 mg/ml 14 39 ;

Hydromorphone 5 mg/ml 3 3 ';

Fentanyl 50pg/ml 19 34 £

Fentanyl 10ng/ml 4 4 £ 200

Milrinone 50pg/ml 1 3 =

Milrimone 100pg/ml 15 19 8 L

Milrinone 200pg/ml 78 91 g

Milrinone 500ug/ml 29 34 :“:1 150 Py

Epinephrine 10png/ml 35 57 = ®

Epinephrine 25ug/ml 86 102 %ﬁ

Epinephrine S0pg/ml 33 48 .:

Dobutamine 750ug/ml 7 15 ; 100 - P

Dobutamine 1500pg/ml 5 8 2 'Y

Dobutamine 3000pg/ml 1 1 E

Dopamine 800 pg/ml 13 20 &

Dopamine 1600 pg/ml 1 4 ° Y /

Dopamine 3200ng/ml 2 4 z 50 P

Norepinephrine 16 pg/ml 16 43 E ®

Norepinephrine 32 pg/ml 35 45 z

Norepinephrine 64 pug/ml 64 76

Nicardipine 100 pg/ml 0 2 0

Nicardipine 200 pg/ml 59 56 0 50 100 150 200 250 300
Nitroprussiate 100ug/ml 0 2 Number of patients taking different medication in the DTB
Nitroprussiate 200pg/ml 10 16

Nitroprussiate 400pg/ml 5 7

Nitroprussiate 1000ng/ml 4 9

Heparin 100 Uiml 117 104

Figure 4: Correlation between EMR and DTB
EMR: Electronic Medical Record, HRe-DTB: High Resolution Electronic DataBase
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Time stamp: A delay was observed between videotaped and collected time for the monitors and
the ventilators. This delay was less than 28 seconds and remained stable for all data of each
patient. Besides, regarding infusion pumps data, we discovered that the data were not collected
in the HRe-DTB every 30 seconds as expected, but at different time interval between 10 and
40 seconds or when a modification was done. No delay was observed between the source and
the HRe-DTB.

DISCUSSION

Whether in day-to-day clinical care decision-making or in medical research, the need to
evaluate data quality is essential to ensure the reliability of DTB (9,27-29). The potential risk
of using an unvalidated DTB is to exploit inaccurate data and thus produced erroneous result
(29). Automatically collected DTB development raises controversy regarding the validity of
included data. To our knowledge, this study is the only one that evaluates and reports the dataset
quality in the field of PICU HRe-DTB (20,30). Combine with previous reports of this HRe-
DTB (8), this article provides all necessary information to HRe-DTB users.

As there were no guidelines specifically designed to guarantee high-resolution dataset quality
(9,14), we elaborated the first complete validation procedure. Our validation procedure was
inspired by previously published experiences (9,10,30-33) and guidelines (13,13-15,28,34)
regarding data quality assessment in the field of medical DTB collected at a lower rate or in a
restricted area. We have endeavored to find the best and most thorough validation method. Data
quality is mainly assessed by the evaluation of the accuracy and the completeness (14,27,35).
The term “accuracy” assesses the ability to represent reality. The completeness is defined as
inclusion in the DTB of all available data of interest. Other aspects of the data’s quality
assessment are the reliability, the robustness and the consistency of the dataset. Those represent
the replicability of the measurements and the capacity of the system to maintain its initial

configuration stable within time and situations (14,23,27,35-37). To evaluate these aspects, we
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chose to perform an external validation procedure with a gold standard external source. We
compared our extracted results with the information displayed on the monitor or the biomedical
device (27). Our study showed an excellent overall accuracy, completeness and reliability of
our HRe-DTB when compared to displayed data at the bedside at the same time.

Regarding the accuracy of the dataset, we noticed only one clinically significant different heart
rate value. This error was due to a rapid acceleration of the heart rate (Figure 2). In the video,
the heart rate increase from 118 beats/minute to 154 beats/minute and the HRe-DTB recorded
one single value at 135 beats/minute during the transition. This suggests that monitors processed
those data and only refreshed the display at a specific interval (probably between one and two
seconds) and did not show intermediate data. Then, the HRe-DTB recorded an intermediate
value, which explains the importance of the difference between the reference value and the
experimental value. Differences between the HRe-DTB’s data and the reference data were
observed regarding PIP. Even statistically significant, disagreements were not clinically
significant (the maximal difference was 0.5 cmH20 and concerned only 4.5% of all the collected
PIP, the remaining 95.5% values were equal) as shown by a mean difference of -0.022. Only
integers are displayed on the ventilator screen and the data processing algorithm of the raw
values measured by the ventilator is unpublished. Thus, we suspect that these very minor
differences may be due to rounding process.

Regarding the completeness of the dataset, 2% of the data were missing. Even less than
previously reported (9,14,30), this number of missing data didn’t meet our expectations for this
HRe-DTB. We considered it too high regarding of the data gathering process, as we plan a 0%
missing data. This loss of data was mainly caused by a systematic error in the data processing.
Indeed, we discovered that the original HRe-DTB structure could only record nine parameters
simultaneously. Then, when more than nine parameters were sent, the additional data were not

registered. Once this issue was identified, we modified our database for an entity-attribute-value
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structure where each data point is stored as an independent row (38,39). Therefore, an unlimited
number of simultaneous variables is now possible.

Regarding infusion pumps and pharmacological data, the discrepancies between the HRe-DTB
and the reference data or the EMR appeared associated with variability in care more than with
a gathering process failure. Regarding the 23-missing data from infusion pumps, we proved that
the corresponding infusion pumps were disconnected from the network, thus the data were not
sent to the HRe-DTB. This disconnection of the infusion pumps explained the discrepancies
between the EMR and the HRe-DTB , with all the pharmacological data missing in six patients.
In addition, the large majority of inconsistencies between the EMR and the HRe-DTB were due
to a time difference from the beginning or the end of the drug. In the EMR, a drug needs to be
prescribed before the drug rate could be registered, while in the HRe-DTB, the rate starts to be
registered directly when the pump is connected to the bedroom intranet plug. Twice,
medications were not registered in the patient EMR, probably because the prescription was not
entered. However, nursing notes confirmed that the drug was given. In these situations, the
HRe-DTB could be considered as more accurate than the EMR. On two occasions, the name of
the fluid was different between EMR and HRe-DTB. However, the name recorded on the pump
and the one in the HRe-DTB was the same, suggesting the infusion pump drug name was not
modified when the nurse changed the drug. Finally, it happened twice that no data was recorded
over a period when they should be. These intervals happened just before a bed change and the
procedure is to disconnect the pumps before moving the patient. These four situations altered
the HRe-DTB accuracy. Last, the delay observed between videotaped and collected time for
the monitors and the ventilators was due to different server time settings. This was corrected.
This study main limit lies in the lack of validation of the overall dataset (10,14,30). We have
considered several procedures to apply either during or after the gathering of the HRe-DTB.

Given the gigantic data gathering rate (about 10,000 data points per minute), it is humanly
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impossible to both gather and validate the data simultaneously while collecting the DTB or even
validate the entire database retrospectively. Thus, we decided to perform a point-by-point data
analysis on a randomly chosen patients sample considered as representative of the HRe-DTB
(30), as shown by equivalent PELOD2 values (6 [0-24] vs 4 [0-26]). Doing so, we ensure the
quality and the reliability of the gathering process which guarantee the quality of the dataset.
Some could argue, and they would be right, that we were not able to correct abnormal values
or not displayed data. But, as this dataset is supposed to reproduce the patient’s entire course in
PICU, abnormal value and data not displayed should be considered as part of the patient’s

course as much as a true value (19).

CONCLUSION:

This study showed an excellent overall quality of our PICU HRe-DTB while performing
validation procedures on a representative sample. We considered this study as a guarantee for
future HRe-DTB users of the dataset quality, especially regarding monitor and respirator data.
By reporting and detailing this data quality validation process, the process becomes
reproducible by any research team and sets a reference for future validation studies of similar

datasets.
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C. Discussion

Il a déja été mentionné que bien qu’il existe aujourd’hui plusieurs bases de données
haute résolution dans le domaine des soins intensifs, adultes et pédiatriques (31,121,142), nous
n’avons pas été en mesure de trouver une description détaillée d’un processus d’évaluation de
qualité des données. De plus, les mentions qui en sont faites dans les articles décrivant ou
utilisant ces bases sont trés succinctes (142,147,149). C’est pourquoi 1’idée de consacrer une
étude a la phase de validation de notre base de données peut étre considérée comme novatrice.
Bien que restreintes a un petit groupe de patients, les étapes d’évaluation de qualité appliquées
aux 3 types de données (signaux physiologiques, parameétres ventilatoires et données
pharmacologiques) recueillies dans notre base ont permis de montrer que les mécanismes et les
modalités de collecte de données cliniques en vigueur dans notre service au lit du malade étaient
vraisemblablement fiables. Elles répondaient aux exigences d’exhaustivité et de justesse, tout
du moins en ce qui concerne les données recueillies avec la plus haute fréquence et donc les
moins « Vvérifiables » lors de la réalisation d’études cliniques. Sans valider I’intégralité du
contenu de la base de données, cette procédure a permis de valider globalement la méthodologie
de recueil ainsi que partiellement I’exactitude des données. Si ces conclusions sont logiques et
attendues, considérant le fait que notre systéeme de collecte de données a été élaboré a partir de
I’architecture électronique et informatique disponible au lit du malade et utilisée
quotidiennement pour les soins (31), elles n’en restent pas moins intéressantes et indispensables
avant de concevoir une utilisation des données en recherche complexe en « big data ».

L’autre originalit¢ de notre article réside dans 1’utilisation adaptée au contexte de la
méthode de Bland & Altman (133). En effet, dans ce contexte, nous disposons d’une valeur
vraie et non d’une mesure de cette valeur effectuée par un outil de monitorage considéré comme
un gold standard (95,100,136). Ainsi, il est apparu pertinent de rapporter la différence entre les

2 valeurs (expérimentale et référence) pas uniquement a la moyenne des deux mais aussi a la
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valeur réelle utilisée comme référence. Dans cette étude, nous n’avons pas constaté de
différence entre les 2 méthodes, vraisemblablement du fait de 1’absence de différence entre les
données. Toutefois, cette considération semble pertinente et sera a considérer dans la suite des
travaux sur le simulateur.

Enfin, nous avons décideé de ne pas présenter les résultats des pourcentages d’erreur.
Dans cette situation, le pourcentage d’erreur correspond a un pourcentage d’erreur des limites
d’agrément qui s’évalue a partir de la mesure de la précision des 2 méthodes comparées. Cette
précision est dépendante de la moyenne de la population et de 1’étendue des valeurs
(100,184,185). Ainsi, plus I’étendue des valeurs est importante plus le pourcentage d’erreur
risque d’étre important. Les pourcentages d’erreur étaient relativement élevés et variables allant
de 10% pour la SpO2 a 672% pour les débits de perfusion. Ici, c’est la précision qui est remise
en question, logiquement, du fait de 1’étendue des valeurs dans le contexte de 1’enregistrement
de données physiologiques et thérapeutiques diverses chez des patients hétéroclites en terme

d’age, de gabarit et de motif d’hospitalisation.
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ARTICLE V: EVALUATION OF SIMULRESP® : A SIMULATION
SOFTWARE OF CHILD AND TEENAGER CARDIORESPIRATORY
PHYSIOLOGY

A. Présentation

Afin de pouvoir initier le processus de calibration et de validation de SimulResp® et
donc de satisfaire a 1I’objectif premier de la base de données, il a été nécessaire d’évaluer 1’état
actuel de SimulResp®, ses capacités de prédiction, ses caractéristiques et ses limites de
fonctionnement. Pour ce faire, nous avons appliqué les principes de Summers et al. (77,94) en
matiere de validation des modéles physiologiques. La fiabilité d’un simulateur physiologique
va étre évaluée selon 3 criteres :

e qualitatif : capacité du modele a faire des prédictions qui évoluent dans le sens du
contréle,

e uantitatif en état stable : capacité du modéle a maintenir des prédictions stables quand
les conditions restent stables,

e quantitatif en dynamique : capacité du modeéle a adapter ses prédictions quand les

conditions évoluent et changent.

La réponse a ces critéres va étre définie a partir de plusieurs concepts, précédemment
détaillés et dont certains ont été appliqués lors de I’évaluation de la base de données (55-57) :
I’exactitude (« accuracy »), la justesse (« trueness »), la fidélité (« precision »), la répétabilité,
la reproductibilité et la robustesse. Ces aspects ont été évalués objectivement et/ou
subjectivement (55) avec 1’objectif de fournir I’évaluation la plus précise et compléte possible
des possibilités actuelles de SimulResp® en ventilation spontanée et mécanique.

En nous basant sur les travaux deja réalisés (38,54), nous avons émis I’hypothése que
SimulResp® était apte & produire une prédiction exacte des valeurs du gaz du sang chez le

patient sain de plus de 8 ans en ventilation spontanée.
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Nous avons aussi souhaité évaluer SimulResp® chez le patient sain de moins de 8 ans
en ventilation spontanée et de plus de 8 ans sous ventilation mécanique. Enfin, nous avons
testé la qualité de SimulResp® en confrontant ses prédictions aux données de la littérature
en ventilation spontanée et aux données gazomeétriques disponibles issues de 1’étude

GRAEeDIENT (Annexe 3) (68) en ventilation mécanique.
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INTRODUCTION

Pediatric acute respiratory distress syndrome (ARDS) is a severe condition associated
with a significantly increased risk of death and pulmonary complications (1,2). Respiratory
support therapies improve survival of children with ARDS admitted in Pediatric Intensive Care
Unit (PICU) (1). Despite being lifesaving, respiratory support therapies induce numerous
pulmonary complications (3-8). In order to decrease this risk of complications, several
protocols were proposed to standardize patient care and clinical practice mainly focusing on
decreasing duration of respiratory support and the use of protective ventilation strategies (1,9—
12). However, despite the clinicians’ knowledge of these clinical practice guidelines, the
strategies remain difficult to apply at bedside (10-13). Thus, clinical decision support systems
(CDSS) were proposed to assist physicians regarding ventilatory support management at the
bedside (10,11,14-20). The development of CDSS requires the use of physiologic models and
a large amount of data (21). Physiologic models will serve to perform calibration and validation
procedures of CDSSs. When programmed as a software with a computational interface, these
so called computational models, or virtual patients, could be used to teach cardiorespiratory
physiology and ventilation, determine optimal ventilation management as well as forecast the
effect of various ventilatory support strategies (12,22—25). Furthermore, due to its computerized
nature, the length of simulation can be reduced thus a 24-hour long period of patient clinical
evolution could be compressed and resumed in a few minutes. Currently, there is no virtual
patient specifically designed for modelling children cardiorespiratory system. Thus, our
research team has developed a cardiorespiratory simulator for children called “SimulResp©”
(23,26). SimulResp®© provides cardiorespiratory parameters, such as blood gases values, while
simulating spontaneous and artificial ventilation situations for patients of various ages and
weights in various pathological conditions. This simulator was previously described (23).

Before a widespread use in respiratory status forecasting and CDSS validation, this simulator
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has to be calibrated and validated (27). According to Summers et al. (28,29), the quality of a
physiologic model is evaluated by three specific criteria: qualitatively, which relates to the
model’s ability to provide directionally appropriate predictions; quantitatively in steady states
and in dynamics, which is the ability of the model to provide accurate predictions in steady state
situations as well as dynamic transitions. The purpose of this study was to evaluate the quality

of SimulResp®© according to these criteria.

METHODS

This study consisted in a prospective evaluation of the pediatric simulator SimulResp®©. This
study received the approval of the institutional review board of Sainte Justine Hospital (number
2016-1121).

Study protocol: To perform the study, we used the SimulResp®© versions 2015.10.11.01 (2015
version) and 2012.06.09.01 (2012 version). The 2 versions were considered equivalent as the
formula within the software remained unchanged. All tests were performed by OF or DB. OF
ran the SimulResp© 2012 version, on a 2011 computer SONY VAIO equipped with a Intel
Core i3 processor and DB ran the 2015 version, on a 2016 computer ASUS X541UV equipped
with a 2.50 GHz dual core Intel Core i7-6500U processor. Blood gas values (pH, PaCO2, PaO2
and SaO2) were simulated at several times for several patients with different characteristics.
For each essay, the following patients’ characteristics were specified: age, weight, height, type
of patient (normal or personalized), and ventilation mode (spontaneous (SV) or mechanical
(MV) ventilation). The characteristics were systematically entered in the same order: age,
weight, height, type of patient, gender, ventilation mode. “Personalized” type of patient was
selected when mechanical ventilation was chosen, in order to enter the ventilation parameters:
inspired oxygen fraction (FiO2), positive end expiratory pressure (PEEP), respiratory rate (RR)
and tidal volume (\Vt). By default, the gender was male-programmed and switched from male

to female as needed.
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The first phase intended to evaluate SimulResp© when simulating blood gas values of
virtual healthy patients. A preliminary study was conducted to assess for several assumptions
of the SimulResp© configuration: the range of age within which SimulResp© was supposed to
be accurate and its ability to remain stable even when the length of the simulation was
compressed, from 2 to 4000 times. Blood gas values (pH, PCO2, PO2 and SpO2) were
simulated for several virtual healthy patients with different characteristics: gender (M, F) and
age (1,2 ,4, 6, 8, 10, 12, 14, 16, 18 years), with a 50th percentile weight and height at different
simulation speeds (from 1 to 4000) and were collected after a virtual patient clinical evolution
(VPCE) of 30 minutes. The first phase of the study consisted in evaluating SimulResp©’s
predictions with simulated healthy subjects. Based on the results of the preliminary study, the
tests were restricted to patients from 8 to 18 years old (8, 10, 12, 14, 16, 18 years), with different
characteristics; gender (M, F) and weight (10", 501 and 90" percentile). Blood gas values were
collected 3 times for each patient at a VPCE of 30 minutes, 3 and 24 hours, with a time
compression of respectively 64, 258 and 1048. This study was conducted for both
spontaneously breathing and mechanically ventilated patients. For mechanically ventilated
patients, the following ventilation parameters were set: FiO2 21%, PEEP 3 c¢cmH20, Vit
7.5mL/kg, normal RR for age (30).

The second phase intended to evaluate SimulResp© when simulating blood gas values
in specific situations, in healthy or ill, real subjects. To do so cardio-respiratory situations that
were previously described in scientific literature were replicated and compared to SimulResp©
©’s predicted blood gas values. We used data from healthy men during physical activity (31)
and immersed prone at 4.7 ATA (32), to evaluate SimulResp®© in spontaneously breathing
patients and data from a previously published study performed with ventilated pediatric
intensive care patients to evaluate SimulResp©’s predictions in mechanically ventilated

patients (33).
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Endpoints: SimulResp©’s quality and reliability were evaluated in terms of accuracy,
robustness, repeatability and reproducibility. Accuracy was evaluated by the ability of
SimulResp®© to produce child physiological values when simulating healthy virtual patients
(pH 7.4 +/- 0.5; PaCO2 40 +/- 5 mmHg, PaO2 90 +/- 10 mmHg; SpO2 97% +/- 3%) and
literature values when simulating published clinical situations. Robustness, defined as the
ability of SimulResp©’s predictions to remain stable in time when all simulation parameters
remain stable, was evaluated by comparing the blood gas values of each virtual healthy patient
at a VPCE of 30 minutes, 3 and 24 hours. Repeatability, defined as the ability of SimulResp©’s
predictions to remain equal when simulation is repeated in the same conditions (same method,
same operator and same equipment within short time intervals), was evaluated by comparing
blood gas values of each essay at a VPCE of 24 hours. Reproducibility, defined as the ability
of SimulResp®©’s predictions to remain equal when simulation is repeated for the same patient
in different conditions (same method but different operator and different equipment), was
evaluated by comparing simulations ran by OF and DB at a VPCE of 24 hours.

Statistical analysis: Variables were expressed as mean +/- standard deviation or median
[Interquartile range (IQR)] for continuous variables, according to their distribution (Shapiro
Wilk test) and number (percentage) for categorical variables. Data were analysed with both
subjective and objective approaches (34). Subjective approach consisted in a graphic display of
blood gas evolution depending on age and/or time compression. The objective approach
consisted in a comparison of literature values and SimulResp©’s values using dependent tests
as appropriate. The correlation between literature values and simulated data was evaluated by
the determination coefficient (R?). Intraclass correlation coefficients (ICC), 95% confidence
intervals and F test results were calculated with the R statistical packages “irr” (35) based on a
single or average measurement, agreement, two-way mixed effect model (36). The agreement

between SimulResp®© and literature values were evaluated with the Bland & Altman analysis.
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Bias, limits of agreement and percentage of error were calculated with the R statistical package
“BlandAltman” (37-39). A p value of 0.05 was considered statistically significant. Statistical

analyses were performed using open access R software (3.5.1, 2018-07-02, http://cran.r-

project.org/).
RESULTATS ATTENDUS

1) La prediction de SimulResp® est fiable pour :
e le patient fictif de plus de 8 ans en ventilation spontanée,
o laprédiction est stable dans le temps,
e |e patient réel de plus de 8 ans en ventilation spontanée,

o la prédiction est fiable dans les différentes situations étudiees.

2) La prédiction de SimulResp® n’est pas fiable :
e Chez le moins de 8 ans,

e Quel que soit I’age et la situation en ventilation mécanique.

121


http://cran.r-project.org/
http://cran.r-project.org/

REFERENCE

10.

11.

12.

Pediatric Acute Lung Injury Consensus Conference Group. Pediatric acute respiratory
distress syndrome: consensus recommendations from the Pediatric Acute Lung Injury
Consensus Conference. Pediatr Crit Care Med. 2015;16(5):428-39. (186)

Yadav B, Bansal A, Jayashree M. Clinical Profile and Predictors of Outcome of Pediatric
Acute Respiratory Distress Syndrome in a PICU: A Prospective Observational Study.
Pediatr Crit Care Med. 2019;20(6):e263-73. (187)

Principi T, Fraser DD, Morrison GC, Farsi SA, Carrelas JF, Maurice EA, et al.
Complications of mechanical ventilation in the pediatric population. Pediatr Pulmonol.
2011;46(5):452-7. (188)

Mutlu GM, Factor P. Complications of mechanical ventilation. Respir Care Clin N Am.
2000;6(2):213-52. (189)

Rivera R, Tibballs J. Complications of endotracheal intubation and mechanical ventilation
in infants and children. Crit Care Med. 1992;20(2):193-9. (190)

Nascimento MS, Prado C, Troster EJ, Valério N, Alith MB, Almeida JFL de. Risk factors
for post-extubation stridor in children: the role of orotracheal cannula. Einstein Sao Paulo
Braz. 2015;13(2):226-31. (191)

Miller JD, Carlo WA. Pulmonary complications of mechanical ventilation in neonates. Clin
Perinatol. 2008;35(1):273-81. (192)

Chomton M, Brossier D, Sauthier M, Vallieres E, Dubois J, Emeriaud G, et al. Ventilator-
Associated Pneumonia and Events in Pediatric Intensive Care: A Single Center Study.
Pediatr Crit Care Med J Soc Crit Care Med World Fed Pediatr Intensive Crit Care Soc.
2018;19(12):1106-13. (193)

Kollef MH, Shapiro SD, Silver P, St John RE, Prentice D, Sauer S, et al. A randomized,
controlled trial of protocol-directed versus physician-directed weaning from mechanical
ventilation. Crit Care Med. 1997;25(4):567-74. (194)

Khemani RG, Sward K, Morris A, Dean JM, Newth CJL, NICHD Collaborative Pediatric
Critical Care Research Network (CPCCRN). Variability in usual care mechanical
ventilation for pediatric acute lung injury: the potential benefit of a lung protective
computer protocol. Intensive Care Med. 2011;37(11):1840-8. (6)

Newth CJL, Sward KA, Khemani RG, Page K, Meert KL, Carcillo JA, et al. Variability in
Usual Care Mechanical Ventilation for Pediatric Acute Respiratory Distress Syndrome:
Time for a Decision Support Protocol? Pediatr Crit Care Med J Soc Crit Care Med World
Fed Pediatr Intensive Crit Care Soc. 2017;18(11):e521-9. (195)

Sward KA, Newth CJL, Khemani RG, Page K, Meert KL, Carcillo JA, et al. Potential
Acceptability of a Pediatric Ventilator Management Computer Protocol. Pediatr Crit Care
Med. 2017;18(11):1027-34. (196)

122



13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

Santschi M, Jouvet P, Leclerc F, Gauvin F, Newth CJL, Carroll CL, et al. Acute lung injury
in children: Therapeutic practice and feasibility of international clinical trials. Pediatr Crit
Care Med. 2010;11(6):681-9. (5)

Rees SE, Karbing DS. Determining the appropriate model complexity for patient-specific
advice on mechanical ventilation. Biomed Eng Biomed Tech. 2017;62(2). (197)

Karbing DS, Allergd C, Thorgaard P, Carius A-M, Frilev L, Andreassen S, et al.
Prospective evaluation of a decision support system for setting inspired oxygen in intensive
care patients. J Crit Care. 2010;25(3):367-74. (198)

Garg AX, Adhikari NKJ, McDonald H, Rosas-Arellano MP, Devereaux PJ, Beyene J, et al.
Effects of computerized clinical decision support systems on practitioner performance and
patient outcomes: a systematic review. JAMA. 2005;293(10):1223-38. (17)

Jouvet P, Hernert P, Wysocki M. Development and implementation of explicit
computerized protocols for mechanical ventilation in children. Ann Intensive Care.
2011;1(1):1-9. (13)

Chatburn RL, Mireles-Cabodevila E. Closed-Loop Control of Mechanical Ventilation:
Description and Classification of Targeting Schemes. Respir Care. 2011;56(1):85-102. (23)

Arnal J-M, Wysocki M, Novotni D, Demory D, Lopez R, Donati S, et al. Safety and efficacy
of a fully closed-loop control ventilation (IntelliVent-ASV®) in sedated ICU patients with
acute respiratory failure: a prospective randomized crossover study. Intensive Care Med.
2012;38(5):781-7. (27)

Wysocki M, Jouvet P, Jaber S. Closed loop mechanical ventilation. J Clin Monit Comput.
2014;28(1):49-56. (20)

Brossier D, Sauthier M, Alacoque X, Masse B, Eltaani R, Guillois B, et al. Perpetual and
Virtual Patients for Cardiorespiratory Physiological Studies. J Pediatr Intensive Care.
2016;5(03):122-8. (60)

lotti GA, Polito A, Belliato M, Pasero D, Beduneau G, Wysocki M, et al. Adaptive support
ventilation versus conventional ventilation for total ventilatory support in acute respiratory
failure. Intensive Care Med. 2010;36(8):1371-9. (199)

Flechelles O, Ho A, Hernert P, Emeriaud G, Zaglam N, Cheriet F, et al. Simulations for
Mechanical Ventilation in Children: Review and Future Prospects. Crit Care Res Pract.
2013;2013:1-8. (38)

Lino JA, Gomes GC, Sousa ND, Carvalho AK, Diniz ME, Viana Junior AB, et al. A Critical
Review of Mechanical Ventilation Virtual Simulators: Is It Time to Use Them? JMIR Med
Educ. 2016;2(1):e8. (39)

Morozoff E, Smyth JA, Saif M. Applying Computer Models to Realize Closed-Loop
Neonatal Oxygen Therapy. Anesth Analg. 2017;124(1):95-103. (29)

Flechelles O, Hernert P, Cheriet F, Zaglam N, Emeriaud G, Jouvet P. VValidation of Pediatric
Cardiorespiratory Simulator: SimulResp© . Arch Dis Child. 2012;97(Suppl 2):A286-7.
(54)

123



217.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

Das A, Gao Z, Menon PP, Hardman JG, Bates DG. A systems engineering approach to
validation of a pulmonary physiology simulator for clinical applications. J R Soc Interface.
2010;8(54):44-55. (34)

Summers RL. Computer Simulation Studies and the Scientific Method. J Appl Anim Welf
Sci. 1998;1(2):119-31. (94)

Summers RL, Ward KR, Witten T, Convertino VA, Ryan KL, Coleman TG, et al.
Validation of a computational platform for the analysis of the physiologic mechanisms of
a human experimental model of hemorrhage. Resuscitation. 2009;80(12):1405-10. (77)

Chatburn RL, Mireles-Cabodevila E. Handbook of respiratory care. Sudbury, MA: Jones
& Bartlett Learning; 2011. (200)

Aguilaniu B, Flore P, Maitre J, Ochier J, Lacour JR, Perrault H. Early onset of pulmonary
gas exchange disturbance during progressive exercise in healthy active men. J Appl Physiol.
2002;92(5):1879-84. (201)

Cherry AD, Forkner IF, Frederick HJ, Natoli MJ, Schinazi EA, Longphre JP, et al.
Predictors of increased PaCO2 during immersed prone exercise at 4.7 ATA. J Appl Physiol
Bethesda Md 1985. 2009;106(1):316-25. (202)

Baudin F, Bourgoin P, Brossier D, Essouri S, Emeriaud G, Wysocki M, et al. Noninvasive
Estimation of Arterial CO2 From End-Tidal CO2 in Mechanically Ventilated Children: The
GRAEeDIENT Pilot Study. Pediatr Crit Care Med. 2016;17(12):1117-23. (68)

Sargent RG. Verification and validation of simulation models. In: Proceedings of the 2010
Winter Simulation Conference. Baltimore, MD, USA: IEEE. 2010;166-83. (55)

Gamer M, Lemon J, Singh IFP. irr: Various Coefficients of Interrater Reliability and
Agreement. 2019. Disponible sur: https://CRAN.R-project.org/package=irr. (177)

Koo TK, Li MY. A Guideline of Selecting and Reporting Intraclass Correlation
Coefficients for Reliability Research. J Chiropr Med. 2016;15(2):155-63. (132)

Bland JM, Altman DG. Statistical methods for assessing agreement between two methods
of clinical measurement. Lancet. 1986;1(8476):307-10. (95)

Giavarina D. Understanding Bland Altman analysis. Biochem Medica. 2015;25(2):141-51.
(133)

Sauthier M, Brossier D. BlandAltman: Bland-Altman Analysis and Plot. 2018. Disponible
sur: http://github.com/sauthiem/BlandAltman. (179)

124


https://cran.r-project.org/package=irr
http://github.com/sauthiem/BlandAltman

C. Discussion

Cet article vient clore I’ensemble du travail de thése visant a préparer le développement,
la calibration et la validation du patient virtuel SimulResp®, a partir des données issues de la
base de données, selon les modalités définies préalablement (60). Nous avons ainsi pu constater
la qualité de SimulResp® en ce qui concerne la simulation de valeurs gazométriques chez le
patient sain de plus de 10 ans en ventilation spontanée, confirmant ainsi en partie les données
de O. Flechelles et al. (38,54).

Les limites de SimulResp® en ce qui concerne la prédiction chez le moins de 8 ans et/ou
en ventilation mécanique s’expliquent probablement par le fait que les algorithmes et formules
contenues dans le simulateur adapté du modele développé en 1977 par CJ Dickinson (53) ne
tiennent pas compte des particularités physiologiques et physiopathologiques propres a ces 2
situations.

Physiologiquement le systeme respiratoire de I’enfant différe de celui de 1’adulte,
anatomiquement et mécaniquement (203), essentiellement pendant les 6 a 8 premiéres années.
Moins de 20% des alvéoles « adultes » sont présentes a la naissance. Dans les premieres années
de vie, la croissance pulmonaire se fait par ajout ou création de nouvelles alvéoles (204). Cette
alvéolisation s’accompagne d’une augmentation de la capacit¢ du poumon a réaliser des
échanges gazeux (204). On considére que 1’alvéolisation est compléte vers 1’age de 6 a 8 ans.
Par la suite, la surface alvéolaire va croitre du fait de la croissance de 1’enfant. Cette croissance
de la surface alvéolaire est en lien avec la croissance pulmonaire mais n’est pas associée a une
augmentation du nombre d’alvéoles (204,205). Par ailleurs, a ces phénomenes de maturation et
de croissance pulmonaires, s’ajoutent les particularités anatomiques de la cage thoracique
(206). Ainsi, de la naissance a 1’age de 2 — 3 ans, la forme de la cage thoracique va évoluer pour

passer d’une forme circulaire a une forme plus ovalaire ou rectangulaire chez ’adulte (206).
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Cette forme particulieére du thorax est a I’origine d’'une moindre efficacité mécanique de la cage
thoracique en comparaison a 1’adulte (207,208), d’autant qu’elle s’associe a un aplatissement
du diaphragme dont I’activité mécanique est elle aussi moins bonne. De plus, la compliance de
la cage thoracique est elevée alors que celle du poumon est faible. Du fait de cette disparité de
compliance, la capacité résiduelle fonctionnelle (CRF) est plus faible et le jeune enfant doit
développer plusieurs mécanismes dynamiques de compensation pour maintenir ses réserves en
oxygene et éviter les phénomeénes d’atélectasie. En raccourcissant son temps expiratoire, en
utilisant 1’activité post-inspiratoire du diaphragme et le rétrécissement actif de sa glotte, le
nourrisson va freiner son débit expiratoire et générer une pression expiratoire positive
intrinseque maintenant son volume pulmonaire au-dessus de celui de la CRF (207-210). Enfin,
a I’ensemble de ces mécanismes s’associent une différence de répartition des fibres
musculaires, possiblement a 1’origine d’une fatigabilité plus forte de I’enfant, des résistances
des voies aériennes supérieures plus importantes, du fait notamment de leur faible diamétre et
de leur immaturité (207,208,211) et une immaturité de la commande respiratoire.

La ventilation mécanique différe physiologiquement de la ventilation spontanée car elle
substitue a I’insufflation par dépression induite par la contraction diaphragmatique, une
insufflation en pression positive réalisée par une machine externe (203). La mise en place d’un
support ventilatoire efficace et sécuritaire nécessite 4 éléments :

e une interface adaptée entre le respirateur et le patient,

e Une source d’énergie faisant fonctionner la machine,

¢ une insufflation dont I’importance et le rythme vont étre régulés ou contrélés,

e un systeme de surveillance des performances du respirateur et de 1’état du patient.
Ces 4 considerations élementaires sont associées a des contraintes mécaniques, physiques et
physiologiques qui peuvent étre difficiles a prévoir, enregistrer ou standardiser sous forme

d’équations mathématiques.
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Par ailleurs, ce travail nous a permis de mieux définir les prochaines étapes de
développement de SimulResp® :

e calibration et validation en situation de ventilation spontanée chez le moins de 8 ans

avec patients fictifs, puis avec patients réels sains et malades ;
e calibration et validation de la prédiction en ventilation mécanique, chez I’enfant de 0 a
18 ans, avec patients fictifs et avec patients réels sains et malades.

Ces étapes vont étre réalisées grace a 1’utilisation des données issues de la base de données
haute résolution. Les patients chez lesquels des gaz du sang ont été prélevés, dans 1’heure
précedant et dans les 30 minutes & 3 heures suivant une modification des parametres
ventilatoires (46), et dont les données sont enregistrées dans la base de données vont étre inclus
dans I’étude. Les caractéristiques morphologiques et physiologiques de ces patients seront
implémentées dans le simulateur depuis la base de données, idéalement de facon automatisée.
Le simulateur génerera alors une évolution cardio-respiratoire, dépendante de 1’état initial du
patient, des traitements administrés susceptibles d’influencer la ventilation et les échanges
gazeux ainsi que des réglages de la ventilation. Cette prédiction sera comparée a celle connue
chez le patient témoin disponible dans la base de données. L’analyse consistera en 1’étude de
I’exactitude entre les parametres générés par le simulateur et ceux disponibles dans la base de
données pour le patient correspondant. En I’absence de concordance, les équations du modele
seront modifiées afin d’assurer, par une boucle évaluation-amélioration, la maturation du
systeme. Dans le but de garantir la fiabilité de la calibration du patient virtuel ainsi que son
applicabilité en pratique, on choisira analyse par étude transversale ou cross-validation (Fig. 7).
Cette méthode requiert ’utilisation d’une partie des données pour entrainer et optimiser le

modele et I’autre partie pour s’assurer de I’efficacité de celui-ci.
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Le simulateur sera calibré pour étre fiable dans plusieurs situations physiopathologiques
respiratoires (compliance normale (> 2 ml/cmH20/kg), compliance anormale, résistances
augmentées) et hémodynamiques (états de choc) en ventilation spontanée et invasive.

Afin de rendre ce travail le plus efficace possible, il apparait important d’automatiser la plupart
des processus comme 1I’implémentation et I’extraction des données dans le simulateur ou encore
I’apprentissage automatique sur les jeux de données pour genérer ou raffiner les équations du
modele (66,68,212-214). L’automatisation et I’adaptation du code informatique justifient la

collaboration en recherche avec une équipe composée d’informaticiens et de mathématiciens.
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DISCUSSION GENERALE

Ce travail de thése rassemble I’ensemble des éléments nécessaires au développement, a

la calibration et a la validation du patient virtuel SimulResp®. Ces éléments sont :

la définition des concepts (31,60),

e la présentation des diverses considérations méthodologiques dans le cadre d’un

travail de développement et de validation d’un patient virtuel (60),
e la collecte d’une base de données électronique haute résolution (31,130),

¢ lavalidation des données et des processus impliqués dans la collecte des données

(65),

e ladescription de SimulResp® et de ses capacités actuelles (54).

A. La place des outils d’aide a la décision dans la médecine actuelle

La complexité des patients évolue parallelement aux progrés de la médecine et
réciproquement. Stimulée par le souhait de prendre en charge 1’ensemble des maladies, méme
les plus graves, la médecine a évolué. Ainsi, les innovations médicales des dernieres décennies
ont permis de diagnostiquer et de prendre en charge de plus en plus de maladies graves et
complexes. Dans le domaine de la réanimation et des soins intensifs pédiatriques, les patients
aux lourds passés médicaux et aux situations physiopathologiques compliquées sont venus
s’associer aux enfants sans antécédent, historiquement pris en charge en aigu pour une
défaillance mono-systeme (215-217). Pour assister les praticiens dans la prise en charge de ces
patients, de nombreuses recommandations et protocoles sont édités par les sociétés savantes et
des groupes d’experts. Cependant, plusieurs obstacles empéchent I’application correcte de
ceux-ci. Ces obstacles peuvent étre associés aux praticiens, aux soins (5,6,195) mais aussi au

patient lui-méme. Dans ce contexte, plusieurs outils ont été ou sont en cours de développement,
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pour assister les cliniciens au lit du malade. Ces outils vont servir d’une part a standardiser
I’application des recommandations et d’autre part a personnaliser les prises en charge, en les
adaptant aux particularités du malade et aux conséquences de celles-ci sur 1I’expression de la
maladie. Ces outils sont appelés systemes d’aide a la décision, ils vont notamment comprendre
les protocoles automatises (12,20) et les simulateurs physiologiques (38,39). L’élaboration de
ces systemes est complexe et les considérations qui entourent cela ont été présentées dans notre
article 1. Le point essentiel réside dans la nécessité de recourir a un grand nombre de données
patients, a la fois pour permettre leur développement mais aussi leur validation dans plusieurs

situations cliniques.

B. La collecte des données a I’heure du dossier médical informatisé

La collecte des données patients semble étre facilitée par I’avénement et I’expansion de
I’utilisation des dossiers médicaux informatisés. Dans quelques années, le recours a un dossier
médical informatisé en réanimation sera devenu un standard de soin et aucun service ne pourra
prétendre faire une activité de réanimation de qualité sans lui. Au-dela des bénéfices de
sécurisation, d’efficience des soins et de maximalisation financiére, le dossier médical
informatise devient un outil majeur de I’optimisation de la recherche clinique (218). En
rassemblant ’ensemble des données patients dans des serveurs interrogeables, le dossier
médical informatisé accélere les procédures de recrutement des patients et de recueil de données
en diminuant les colts de recherche (218). Toutefois, dans le cadre du développement de
systemes d’aide a la décision, I’utilisation des seules données issues des dossiers médicaux
informatises est problématique. D une part, I’emploi de certaines données contenues dans les
dossiers médicaux informatisés pour une activité de recherche clinique questionne, notamment
du fait d’'un manque d’homogénéisation des termes médicaux (176). D’autre part, la fréquence
de recueil de données apparait peu compatible avec un travail de développement d’outils

physiologiques d’aide a la décision. En effet, les données recueillies au sein du dossier médical
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informatisé vont étre recueillies soit & un rythme de I’ordre d’une dizaine de minutes a une
heure, incompatible avec le développement et 1’évaluation des compétences des algorithmes et
du simulateur, soit, plus rarement, a un rythme de ’ordre de la seconde a la minute,
incompatible avec la validation humaine des données. A cela s’ajoute les problématiques de
requétes specifiques a chaque dossier patient informatisé ainsi que la problématique des colts
et de la propriété des données dans le cadre d’un entrepot de données géré par les concepteurs
du logiciel. C’est donc dans ce contexte qu’il nous a paru préférable de compiler une base de
données indépendamment du dossier patient informatisé mais restant lié a celui-ci pour
I’exploitation des données contrdlables puis homogénéisables, recueillies a basse fréquence.

C’est ce que présente notre article 2.

C. La validation des données dans le cadre d’une activité de recherche

A haute fréquence, le recueil de données dans un contexte aussi labile que les soins intensifs
pose plusieurs questions concernant I’exhaustivité du recueil, I’exactitude et la synchronisation
des données. Si a basse fréquence, dans le cadre d’une activité de soins, les données sont
pratiquement toutes validables et validées au chevet par I’infirmiére avant d’étre intégrées dans
la base, ce processus de validation systématique est impossible lorsque le recueil est réalisé a
haute fréquence. Par ailleurs, il apparait difficile a automatiser et I’intervention humaine est
nécessaire. Le travail est ainsi fastidieux et limité.

La description la plus séduisante d’un processus de validation de donnees aprés
intégration dans une base de données semble étre celle de Barnes et al (156). Réalisée dans le
cadre de la base de données internationale sur les traumatisés craniens, cette procédure de
validation est réalisée en 3 phases qui vont permettre de classer les données en 4 niveaux de
fiabilité. La phase 1 est une phase locale de validation pré-intégration, ¢’est-a-dire dans le centre
ou les données sont recueillies, elle implique un contréle humain, médical et paramédical avant

transfert des données dans la base de données locale. La phase 2, est une phase intermédiaire
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avant intégration dans la base de données commune. Elle est automatisée et consiste, dans le
méme temps, en une standardisation avec uniformisation des données et en un dépistage des
données manguantes ou aberrantes. Cette phase 2 correspond aux 3 premiers niveaux de
validation : Le niveau 1, correspond a une validation de la forme de la donnée, notamment en
ce qui concerne le respect du temps. Le niveau 2 differe en fonction du type de variables. Un
contrble de transcription est réalisé au niveau des variables non numériques alors que les
données numériques sont analysées selon la méthode de Bland et Altman. Le niveau 3 contréle
la bonne conversion des unités. En cas de données manguantes une requéte est adressée au
centre d’origine des données. Ce processus est renouvelé jusqu’a la collecte de toutes les
données manguantes. A cette requéte est associée une sélection randomisée de 20% des données
d’intérét qui est comparée par un collaborateur local au dossier médical du patient, c’est la
phase 3 qui correspond au niveau 4 de validation. A la fin de ce processus de validation, les
données sont classées en validées ou non validées selon qu’elles aient ou non été soumises a la
phase 3. Les données non validées sont utilisables pour formuler et tester des hypotheses alors
que les données validées le sont pour réaliser des analyses a des fins de publication. Ce procédé
de validation a été repris en 2008, par Shaw et al. (134) toujours dans le cadre du Brain IT.
Dans cette deuxieme description de validation de la base Brain IT, le coefficient de
détermination R? ainsi que 1’évaluation du taux d’erreur viennent s’ajouter a ’analyse de Bland
et Altman. En analysant ces descriptions du processus de validation de la base Brain IT
(134,156), on comprend pourquoi la phase de validation des bases de données collectées
automatiquement a haute fréquence est souvent délaissée. A I’époque de la premiére publication
(156), la base Brain IT ne comptait que 50 patients répartis dans 15 centres, ce qui est peu,
comparé au plus de 800 patients inclus dans 1 centre a la méme époque dans la base MIMIC Il
(115). En effet, un tel processus de validation ne semble que partiellement applicable a une base

de données haute résolution de grande ampleur. C’est pourquoi, dans cette situation,
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I’évaluation de la qualité d’un échantillon de données représentatif de la base permet de valider
la qualité du concept de récolte de données appliqué. Ces étapes de validation de notre base de
données sont présentées dans les articles 3 et 4. Ces articles sont uniques dans le contexte des
bases de données haute résolution. La difficulté de validation d’une base de données
électroniques automatiquement collectées est telle que la plupart des concepteurs semblent
avoir occulté le probleme en misant essentiellement sur la fiabilité des systemes
d’enregistrement et un controle humain a basse fréquence. Néanmoins, quel que soit le procédé
de validation, il reste important lors de la réalisation d’études d’envisager une phase de
revalidation préanalyse ou a défaut d’avoir conscience des limites possibles de fiabilité de tels

ensembles de données et d’informer le lecteur de ces limites.

D. De la donnée au patient virtuel — boucler la boucle

Les 3 premiers articles de cette thése sont venus assoir le concept de patient perpétuel
(« perpetual patient »). Jamais encore utilis¢é dans la littérature scientifique jusqu’a notre
premiére publication de 2016, ce concept défini comme un patient dont on peut reprendre a
I’infini le déroulé du séjour du fait de la grande quantité de données organisables dans le temps
qui ont été recueillies pendant son séjour a été repris par R Wetzell (131). Ces patients
perpétuels vont servir de « patron » pour le développement des algorithmes et des formules
assurant le juste fonctionnement du patient virtuel puis d’autres vont €tre utilisés pour tester la

fiabilité de celui-ci, selon un processus de cross-validation (104,105).
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PERSPECTIVES

Si la mise en place de notre base de données avait comme premier objectif le
développement et la validation du patient virtuel SimulResp®, la valeur scientifique des données
physiologiques et thérapeutiques qu’elle contient dépasse ce cadre. Cette base de données
haute-résolution s’intégre dans le concept plus large de Big Data ou données massives (58). En
plus des considérations méthodologiques informatiques nécessaires a la programmation
précédemment décrites, I’utilisation optimale d’une telle base de données passe par le recours
a des outils d’interrogation, de visualisation et d’analyse performants (219-223). Il existe
aujourd’hui plusieurs outils informatiques et méthodologiques permettant 1’analyse d’une
grande quantité de données. Classiquement on distingue 4 types d’analyses (144,219) : les
requétes, les rapports, le traitement analytique en ligne et le «data mining ou fouille de
données ». Chacun de ces types d’analyses impliquent des outils différents et spécialisés
(108,124,220). Initialement réservés a des initiés étant donné leur caractére peu intuitif, ces
outils ce sont progressivement popularisés (153). En nous appuyant sur ces précédentes
expériences, dans I’objectif d’optimiser 1’utilisation de cette base de données dans le cadre
d’une activité de recherche clinique, il semble nécessaire de développer des outils en facilitant
I’acces et I’interrogation.

Par ailleurs, si les informations contenues dans une telle base locale ont une grande valeur, on
imagine la pertinence d’étendre ce recueil a une plus large échelle. Si mutualiser des bases de
données électroniques collectées automatiqguement en haute résolution en une base de données
unique conjointe multicentrique, voire multinationale, représente un grand intérét, c’est un
projet colossal qui souleve beaucoup de questions et de problématiques, notamment
réglementaires, légales et financiéres. Toutes ces questions doivent se poser en amont avec des

réponses au niveau local et au niveau global (108,116,124,156,181,224,225).

135



En ce qui concerne le simulateur SimulResp®, une fois validé, bien que son objectif premier
soit une utilisation pour le développement et la calibration d’outils d’aide a la décision clinique,
il a aussi vocation a étre utilisé pour I’enseignement de la physiologie respiratoire et la
ventilation mécanique. Dans le cadre de cette utilisation en pédagogie, a I’avenir, on peut
envisager de 1’associer et de I’implémenter dans un mannequin de simulation. En fonction des
interventions réalisées par 1’apprenant sur le mannequin, le simulateur réalise une prédiction
faisant évoluer la situation simulée et la rendant ainsi plus vraisemblable. Dans le cadre de ce
travail, nous avions défini cette boucle entre le simulateur et le mannequin comme la simulation

« tres haute » fidélité (60).
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CONCLUSIONS

L’avenir des soins intensifs, en particulier pédiatriques, passe par le développement et
I’utilisation de systemes d’aide a la décision incluant des protocoles automatisés. Ces dispositifs
auront comme avantage de permettre une meilleure adéquation entre les pratiques et les
recommandations mais aussi par I’intermédiaire de simulateurs, notamment en ventilation
mécanique, d’améliorer la personnalisation des prises en charge en réanimation, tout en assurant
la sécurité des patients.

Dans ce contexte, la mise en place d’une base de données haute résolution associant des
signaux bio-médicaux, a des données ventilatoires, cliniques et thérapeutiques semble
essentielle. Aprés évaluation et validation de la qualité de la base et des données qui la
constituent, celle-ci représente une source inépuisable et inestimable d’apprentissages et de
découvertes permettant d’optimiser la recherche clinique.

L’utilisation optimale d’une base de données électronique automatiquement collectées
a haute fréquence nécessite le recours a plusieurs outils méthodologiques avant, pendant et
apres la conception. Chacun de ces aspects est a considérer tout au long de la constitution et de
I’exploitation de la base de données. Le médecin impliqué dans un tel projet ne peut
raisonnablement pas connaitre I’ensemble des détails de programmation et d’analyse de la base
mais doit étre en mesure de collaborer en équipe multidisciplinaire pour étre certain d’exploiter
les meilleures méthodes disponibles afin de tirer des connaissances et des réponses fiables a
partir des données collectées.

Ce travail de thése semble avoir satisfait tous ses objectifs, de la mise en place de la base
de données haute résolution en soins intensifs pédiatriques a la réalisation d’un portrait de I’état
actuel du simulateur cardio-respiratoire SimulResp®. L’ensemble des éléments semble réuni
pour permettre la suite du processus de calibration et de validation de SimulResp® ainsi que le

développement de nouveaux dispositifs d’aide a la décision.
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A partir de la base de données, il sera possible de tester I’exactitude de la prédiction de
SimulResp® dans plusieurs situations en ventilation spontanée comme invasive, en la
comparant a 1’évolution connue des patients inclus dans la base. En 1’absence de concordance
entre la prédiction et la réalité, les équations du modele seront modifiées afin d’assurer par une
boucle évaluation-amélioration la maturation du systeme.

Enfin, cette base de données représente un puit de connaissances qu’il sera possible
d’étudier par I’intermédiaire des procédés d’apprentissage machine. Ces méthodes d’analyse
des gros volumes de données devraient apporter de nombreuses réponses fiables sur des
questionnements d’ordre physiologique mais aussi thérapeutique. A 1’avenir, ces modalités de
recherche pourraient étre considérer a haut niveau de preuve dés lors qu’elle sont appliquées
sur des données vérifiées, de qualité et idéalement recueillies a 1’échelle internationale,
proposant ainsi une alternative intéressante aux essais randomisés, lourds a mettre en place,

particulierement en pédiatrie.

138



COMMUNICATIONS ASSOCIEES

N. Nardi, M. Sauthier, D. Brossier, R. Eltaani, G. Emeriaud, P. Jouvet. Benefits of using a
high temporal resolution database in the automatic real-time pediatric ARDS screening. Ann
Intensive Care. 2018;8(suppl 1):CO-70. Congres de la Société de Réanimation de Langue
Francaise. Paris, 2018.

A. Mathieu, D. Brossier, M. Sauthier, R. Eltaani, I. Goyer, E. Emeriaud, P. Jouvet. Creating a
High Resolution Electronic Database in the Pediatric Intensive Care Unit: Validation phase.
Ann Intensive Care. 2018;8(suppl 1):F-68. Congrés de la Société de Réanimation de Langue
Francaise. Paris, 2018.

D. Brossier, R. Eltaani, M. Sauthier, G. Emeriaud, P. Jouvet. High quality electronic database
in paediatric intensive care unit: where are we after 1 year? Ann Intensive Care. 2017, 7(Suppl
1):5S46. Congres de la Société de Réanimation de Langue Francaise. Paris, 2017.

D. Brossier, R. Eltaani, M. Sauthier, G. Emeriaud, B. Guillois, P. Jouvet. From high quality
electronic database to the new concept of perpetual patient. Preliminary results. Ann Intensive
Care 2016. Congres de la Société de Réanimation de Langue Francaise. Paris, 2016.

D. Brossier, R. Eltaani, M. Sauthier, F. Baudin, G. Emeriaud, P. Jouvet. Elaboration d’une base
de données électronique en réanimation pédiatrique en vue d’une validation d’un patient virtuel.
Congres Québécois en santé respiratoire. Montréal, 2014.

F. Baudin, P. Bourgoin, D. Brossier, S. Essouri, G. Emeriaud, M. Wysoki, P. Jouvet. Non-
invasive estimation of the PaCO2 with volumetric capnography in children mechanically
ventilated. Arch Dis Child 2014;99:Suppl 2,A105. Congreés de I’European Academy of

Paediatric Societies. Barcelone, 2014.

139



BIBLIOGRAPHIE

1.

10.

11.

12.

13.

14.

15.

Miller GA. The magical number seven, plus or minus two: some limits on our capacity for
processing information. Psychol Rev. 1956;63(2):81.

Farrington J. Seven plus or minus two. Perform Improv Q. 2011;23(4):113-6.

Morris AH. Developing and implementing computerized protocols for standardization of
clinical decisions. Ann Intern Med. 2000;132(5):373-383.

Shiffrin RM, Nosofsky RM. Seven plus or minus two: a commentary on capacity
limitations. Psychological Review. 1994;101(2):357-61.

Santschi M, Jouvet P, Leclerc F, Gauvin F, Newth CJL, Carroll CL, et al. Acute lung injury
in children: Therapeutic practice and feasibility of international clinical trials. Pediatr Crit
Care Med. 2010;11(6):681-9.

On behalf of the NICHD Collaborative Pediatric Critical Care Research Network
(CPCCRN), Khemani RG, Sward K, Morris A, Dean JM, Newth CJL. Variability in usual
care mechanical ventilation for pediatric acute lung injury: the potential benefit of a lung
protective computer protocol. Intensive Care Med. 2011;37(11):1840-8.

Allerton DJ. The impact of flight simulation in aerospace. Aeronaut J.
2010;114(1162):747-56.

Allerton DJ. The case for flight simulation in general aviation. Aeronaut J.
2002;106(1065):607-12.

Allerton DJ. Flight simulation - past, present and future. Aeronaut J.
2000;104(1042):651-63.

Higton P. Safety lessons from aviation. Perfusion. 2005;20(4):191-3.

Blackwood B, Alderdice F, Burns K, Cardwell C, Lavery G, O’Halloran P. Use of weaning
protocols for reducing duration of mechanical ventilation in critically ill adult patients:
Cochrane systematic review and meta-analysis. BMJ. 2011;342(2):c7237.

Jouvet P, Farges C, Hatzakis G, Monir A, Lesage F, Dupic L, et al. Weaning children from
mechanical ventilation with a computer-driven system (closed-loop protocol): A pilot
study. Pediatr Crit Care Med. 2007;8(5):425-32.

Jouvet P, Hernert P, Wysocki M. Development and implementation of explicit
computerized protocols for mechanical ventilation in children. Ann Intensive Care.
2011;1(1):1-9.

Jouvet P, Eddington A, Payen V, Bordessoule A, Emeriaud G, Gasco RL, et al. A pilot
prospective study on closed loop controlled ventilation and oxygenation in ventilated
children during the weaning phase. Crit Care. 2012;16(3):R85.

Jouvet PA, Payen V, Gauvin F, Emeriaud G, Lacroix J. Weaning children from mechanical
ventilation with a computer-driven protocol: a pilot trial. Intensive Care Med.
2013;39(5):919-25.

140



16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

Celi LA, Csete M, Stone D. Optimal data systems: the future of clinical predictions and
decision support. Curr Opin Crit Care. 2014;1.

Garg AX, Adhikari NKJ, McDonald H, Rosas-Arellano MP, Devereaux PJ, Beyene J, et al.
Effects of computerized clinical decision support systems on practitioner performance and
patient outcomes: a systematic review. JAMA. 2005;293(10):1223-38.

Squara P, Waldmann C. Toward Intelligent Hemodynamic Monitoring: A Functional
Approach. Cardiol Res Pract. 2012;2012:1-6.

Lellouche F, Bouchard P-A, Simard S, L’Her E, Wysocki M. Evaluation of fully automated
ventilation: a randomized controlled study in post-cardiac surgery patients. Intensive Care
Med. 2013;39(3):463-71.

Wysocki M, Jouvet P, Jaber S. Closed loop mechanical ventilation. J Clin Monit Comput.
2014;28(1):49-56.

Pyke J, Taenzer AH, Renaud CE, McGrath SP. Developing a continuous monitoring
infrastructure for detection of inpatient deterioration. Jt Comm J Qual Patient Saf.
2012;38(9):428-31.

Aerts J-M, Haddad WM, An G, Vodovotz Y. From data patterns to mechanistic models in
acute critical illness. J Crit Care. 2014;29(4):604-10.

Chatburn RL, Mireles-Cabodevila E. Closed-Loop Control of Mechanical Ventilation:
Description and Classification of Targeting Schemes. Respir Care. 2011;56(1):85-102.

Fartoumi S, Emeriaud G, Roumeliotis N, Brossier D, Sawan M. Computerized Decision
Support System for Traumatic Brain Injury Management. J Pediatr Intensive Care.
2016;5(3):101-7.

Al-Jaghbeer M, Dealmeida D, Bilderback A, Ambrosino R, Kellum JA. Clinical Decision
Support for In-Hospital AKI. J] Am Soc Nephrol. 2018;29(2):654-60.

Randolph AG, Wypij D, Venkataraman ST, Hanson JH, Gedeit RG, Meert KL, et al. Effect
of Mechanical Ventilator Weaning Protocols on Respiratory Outcomes in Infants and
Children. JAMA. 2002;288(20):2561-8.

Arnal J-M, Wysocki M, Novotni D, Demory D, Lopez R, Donati S, et al. Safety and efficacy
of a fully closed-loop control ventilation (IntelliVent-ASV®) in sedated ICU patients with
acute respiratory failure: a prospective randomized crossover study. Intensive Care Med.
2012;38(5):781-7.

Arnal JM, Garnero A, Novotni D, Corno G, Donati SY, Demory D, et al. Closed loop
ventilation mode in intensive care unit: a randomized controlled clinical trial comparing the
numbers of manual ventilator setting changes. Minerva Anestesiol. 2018;84(1):58-67.

Morozoff E, Smyth JA, Saif M. Applying Computer Models to Realize Closed-Loop
Neonatal Oxygen Therapy. Anesth Analg. 2017;124(1):95-103.

141



30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

Schwaiberger D, Pickerodt PA, Pomprapa A, Tjarks O, Kork F, Boemke W, et al. Closed-
loop mechanical ventilation for lung injury: a novel physiological-feedback mode following
the principles of the open lung concept. J Clin Monit Comput. 2018; 32(3): 493-502.

Brossier D, El Taani R, Sauthier M, Roumeliotis N, Emeriaud G, Jouvet P. Creating a High-
Frequency Electronic Database in the PICU: The Perpetual Patient. Pediatr Crit Care Med.
2018;19(4):¢189-98.

Hester RL, lliescu R, Summers R, Coleman TG. Systems biology and integrative
physiological modelling. J Physiol. 2011;589(5):1053-60.

Hester RL, Brown AJ, Husband L, et al. HumMod: a modeling environment for the
simulation of integrative human physiology. Front Phys 2011;2:12.

Das A, Gao Z, Menon PP, Hardman JG, Bates DG. A systems engineering approach to
validation of a pulmonary physiology simulator for clinical applications. J R Soc Interface.
2010;8(54):44-55.

Wagner PD, Saltzman HA, West JB. Measurement of continuous distributions of
ventilation-perfusion ratios: theory. J Appl Physiol. 1974;36(5):588-99.

Coleman TG, Randall JE. A Comprehensive Physiological Model. The Physiologist.
1983;26(1).

Keegan R, Henderson T, Brown G. Use of the virtual ventilator, a screen-based computer
simulation, to teach the principles of mechanical ventilation. J Vet Med Educ.
2009;36(4):436-43.

Flechelles O, Ho A, Hernert P, Emeriaud G, Zaglam N, Cheriet F, et al. Simulations for
Mechanical Ventilation in Children: Review and Future Prospects. Crit Care Res Pract.
2013;2013:1-8.

Lino JA, Gomes GC, Sousa ND, Carvalho AK, Diniz ME, Viana Junior AB, et al. A Critical
Review of Mechanical Ventilation Virtual Simulators: Is It Time to Use Them? JMIR Med
Educ. 2016;2(1):e8.

Kapitan KS. Teaching pulmonary gas exchange physiology using computer modeling. AJP
Adv Physiol Educ. 2008;32(1):61-4.

Rutledge GW. VentSim: a simulation model of cardiopulmonary physiology. In:
Proceedings of the Annual Symposium on Computer Application in Medical Care.
American Medical Informatics Association; 1994;878.

Wilson AJ, Murphy CM, Brook BS, Breen D, Miles AW, Tilley DG. A computer model of
the artificially ventilated human respiratory system in adult intensive care. Med Eng Phys.
2009;31(9):1118-33.

Stankiewicz B, Palko KJ, Darowski M, Zielinski K, Kozarski M. A new infant hybrid
respiratory simulator: preliminary evaluation based on clinical data. Med Biol Eng Comput.
2017; 55(11):1937-48.

142



44,

45.

46.

47.

48.

49,

50.

51.

52.

53.

54,

55.

56.

S57.

Scaramuzzo RT, Ciantelli M, Baldoli I, Bellanti L, Gentile M, Cecchi F, et al. MEchatronic
REspiratory System SImulator for Neonatal Applications (MERESSINA) project: a novel
bioengineering goal. Med Devices Auckl. 2013;6:115-21.

Baldoli I, Cuttano A, Scaramuzzo RT, Tognarelli S, Ciantelli M, Cecchi F, et al. A novel
simulator for mechanical ventilation in newborns: MEchatronic REspiratory System
SImulator for Neonatal Applications. Proc Inst Mech Eng H. 2015;229(8):581-91.

Wang A, Mahfouf M, Mills GH, Panoutsos G, Linkens DA, Goode K, et al. Intelligent
model-based advisory system for the management of ventilated intensive care patients. Part
Il: Advisory system design and evaluation. Comput Methods Programs Biomed.
2010;99(2):208-17.

Rutledge GW, Thomsen GE, Farr BR, Tovar MA, Polaschek JX, Beinlich IA, et al. The
design and implementation of a ventilator-management advisor. Artif Intell Med.
1993;5(1):67-82.

Rutledge G, Thomsen G, Beinlich I, Farr B, Sheiner L, Fagan L. Combining Qualitative
and Quantitative Computation in a Ventilator Therapy Planner. Proc Annu Symp Comput
Appl Med Care; 1989:315-9.

Thomsen G, Sheiner L. SIMV: An Application of Mathematical Modeling in Ventilator
Management. Proc Annu Symp Comput Appl Med Care. 1989;320-4.

Winkler T, Krause A, Kaiser S. Simulation of mechanical respiration using a
multicompartment model for ventilation mechanics and gas exchange. Int J Clin Monit
Comput. 1995;12(4):231-9.

Kim CS, Ansermino JM, Hahn JO. A Comparative Data-Based Modeling Study on
Respiratory CO2 Gas Exchange during Mechanical Ventilation. Front Bioeng Biotechnol.
2016:4:8.

Zielinski K, Darowski M, Kozarski M, Ferrari G. The need for hybrid modeling in analysis
of cardiovascular and respiratory support. Int J Artif Organs. 2016;39(6):265-71.

Dickinson CJ. A computer model of human respiration : ventilation, blood gas transport
and exchange, hydrogen ion regulation. Lancaster: M.T.P. press; 1977.

Flechelles O, Hernert P, Cheriet F, Zaglam N, Emeriaud G, Jouvet P. 999 Validation of
Pediatric Cardiorespiratory Simulator: Simulresp. Arch Dis Child. 2012;97(Suppl
2):A286-7.

S argent RG. Verification and validation of simulation models. Proceedings of the 2010
Winter Simulation Conference (Baltimore, MD, USA). IEEE; 2010:166-83.

ISO 5725-1:1994(en), Accuracy (trueness and precision) of measurement methods and
results—  Part1l: General principles and definitions.  Disponible  sur:
https://www.iso.org/obp/ui/#iso:std:iso:5725:-1:ed-1:v1:en

Metrology JCfGi. International vocabulary of metrology — Basic and general concepts and
associated terms (VIM). 2008: 1-90.

143



58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

Celi LA, Mark RG, Stone DJ, Montgomery RA. « Big data » in the intensive care unit.
Closing the data loop. Am J Respir Crit Care Med. 2013;187(11):1157-60.

De Georgia MA, Kaffashi F, Jacono FJ, Loparo KA. Information Technology in Critical
Care: Review of Monitoring and Data Acquisition Systems for Patient Care and Research.
Sci World J. 2015;2015:9.

Brossier D, Sauthier M, Alacoque X, Masse B, Eltaani R, Guillois B, et al. Perpetual and
Virtual Patients for Cardiorespiratory Physiological Studies. J Pediatr Intensive Care.
2016;5(03):122-8.

Callahan T, Barnard J, Helmkamp L, Maertens J, Kahn M. Reporting Data Quality
Assessment Results: ldentifying Individual and Organizational Barriers and Solutions.
EGEMS Wash DC. 2017;5(1):16.

Kahn MG, Brown JS, Chun AT, Davidson BN, Meeker D, Ryan PB, et al. Transparent
Reporting of Data Quality in Distributed Data Networks. EGEMs Gener Evid Methods
Improve Patient Outcomes. 2015;3(1):7.

Brown JS, Kahn M, Toh S. Data quality assessment for comparative effectiveness research
in distributed data networks. Med Care. 2013;51(8 Suppl 3):522-9.

Brossier D, Sauthier M, Mathieu A, Goyer |, Emeriaud G, Jouvet P. Qualitative subjective
assessment of a high-resolution database in a paediatric intensive care unit-Elaborating the
perpetual patient’s ID card. J Eval Clin Pract. 2019; In press.

Mathieu A, Brossier D Eltaani R, Sauthier M, Goyer I, Emeriaud G, Jouvet P. Creating a
High Resolution Electronic Database in the Pediatric Intensive Care Unit: Validation phase.
Ann Intens Care. 2018;8(Suppl 1):F-68.

Ghazal S, Sauthier M, Brossier D, Bouachir W, Jouvet PA, Noumeir R. Using machine
learning models to predict oxygen saturation following ventilator support adjustment in
critically ill children: A single center pilot study. PloS One. 2019;14(2):e0198921.

Bourgoin P, Baudin F, Brossier D, Emeriaud G, Wysocki M, Jouvet P. Assessment of Bohr
and Enghoff Dead Space Equations in Mechanically Ventilated Children. Respir Care.
2017,62(4):468-74.

Baudin F, Bourgoin P, Brossier D, Essouri S, Emeriaud G, Wysocki M, et al. Noninvasive
Estimation of Arterial CO2 From End-Tidal CO2 in Mechanically Ventilated Children: The
GRAEeDIENT Pilot Study. Pediatr Crit Care Med J Soc Crit Care Med World Fed Pediatr
Intensive Crit Care Soc. 2016;17(12):1117-23.

Sperl-Hillen J, O’Connor PJ, Ekstrom HL, Rush WA, Asche SE, Fernandes OD, et al.
Educating Resident Physicians Using Virtual Case-Based Simulation Improves Diabetes
Management: A Randomized Controlled Trial. Acad Med. 2014;89(12):1664-73.

Cook DA, Erwin PJ, Triola MM. Computerized Virtual Patients in Health Professions
Education: A Systematic Review and Meta-Analysis: Acad Med. 2010;85(10):1589-602.

Consorti F, Mancuso R, Nocioni M, Piccolo A. Efficacy of virtual patients in medical
education: A meta-analysis of randomized studies. Comput Educ. 2012;59(3):1001-8.

144



72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

Lopreiato JO, Sawyer T. Simulation-Based Medical Education in Pediatrics. Acad Pediatr.
2015;15(2):134-42.

Tegtmeyer K, Ibsen L, Goldstein B. Computer-assisted learning in critical care: from
ENIAC to HAL. Crit Care Med. 2001;29(8):N177-N182.

Hardman JG. The development of hypoxaemia during apnoea in children: a computational
modelling investigation. Br J Anaesth. 2006;97(4):564-70.

Hardman JG, Bedforth NM, Ahmed AB, Mahajan RP, Aitkenhead AR. A physiology
simulator: validation of its respiratory components and its ability to predict the patient’s
response to changes in mechanical ventilation. Br J Anaesth. 1998;81(3):327-32.

Heldt T, Mukkamala R, Moody GB, Mark RG. Cvsim: An open-source cardiovascular
simulator for teaching and research. Open Pacing Electrophysiol Ther J. 2010;3:45.

Summers RL, Ward KR, Witten T, Convertino VA, Ryan KL, Coleman TG, et al.
Validation of a computational platform for the analysis of the physiologic mechanisms of
a human experimental model of hemorrhage. Resuscitation. 2009;80(12):1405-10.

Kononowicz AA, Narracott AJ, Manini S, Bayley MJ, Lawford PV, McCormack K, et al.
A framework for different levels of integration of computational models into web-based
virtual patients. J Med Internet Res. 2014;16(1):e23.

Ellaway R, Poulton T, Fors U, McGee JB, Albright S. Building a virtual patient commons.
Med Teach. 2008;30(2):170-4.

Kononowicz AA, Zary N, Edelbring S, Corral J, Hege I. Virtual patients - what are we
talking about? A framework to classify the meanings of the term in healthcare education.
BMC Med Educ. 2015;15(1):11.

Bateman J, Allen ME, Kidd J, Parsons N, Davies D. Virtual patients design and its effect
on clinical reasoning and student experience: a protocol for a randomised factorial multi-
centre study. BMC Med Educ. 2012;12(1):62.

Association of American Medical Colleges. Effective use of educational technology in
medical education. Colloquium on educational technology: Recommendations and
guidelines for medical educators. Association of American Medical Colleges. 2007:1-19.

Cendan J, Lok B. The use of virtual patients in medical school curricula. Adv Physiol Educ.
2012;36(1):48-53.

Kleinert R, Wahba R, Chang D-H, Plum P, Hélscher AH, Stippel DL. 3D Immersive Patient
Simulators and Their Impact on Learning Success: A Thematic Review. J Med Internet
Res. 2015;17(4):e91.

Cook DA, Triola MM. Virtual patients: a critical literature review and proposed next steps.
Med Educ. 2009;43(4):303-11.

Bloice MD, Simonic K-M, Holzinger A. On the usage of health records for the design of
virtual patients: a systematic review. BMC Med Inform Decis Mak. 2013;13(1):103.

145



87.

88.

89.

90.

91.

92.

93.

94.

95.

96.

97.

98.

99.

Poulton T, Balasubramaniam C. Virtual patients: A year of change. Med Teach.
2011;33(11):933-7.

Posel N, Mcgee JB, Fleiszer DM. Twelve tips to support the development of clinical
reasoning skills using virtual patient cases. Med Teach. 2015;37(9):813-8.

Botezatu M, Hult H, Tessma MK, Fors U. Virtual patient simulation: Knowledge gain or
knowledge loss? Med Teach. 2010;32(7):562-8.

McCarthy D, O’Gorman C, Gormley GJ. Developing virtual patients for medical
microbiology education. Trends Microbiol. 2013;21(12):613-5.

Stevens A, Hernandez J, Johnsen K, Dickerson R, Raij A, Harrison C, et al. The use of
virtual patients to teach medical students history taking and communication skills. Am J
Surg. 2006;191(6):806-11.

Huang G, Reynolds R, Candler C. Virtual patient simulation at US and Canadian medical
schools. Acad Med J Assoc Am Med Coll. 2007;82(5):446-51.

Hardman JG, Wills JS, Aitkenhead AR. Investigating hypoxemia during apnea: validation
of a set of physiological models. Anesth Analg. 2000;90(3):614-8.

Summers RL. Computer Simulation Studies and the Scientific Method. J Appl Anim Welf
Sci. 1998;1(2):119-31.

Bland JM, Altman DG. Statistical methods for assessing agreement between two methods
of clinical measurement. Lancet Lond Engl. 1986;1(8476):307-10.

Bland JM, Altman DG. Applying the right statistics: analyses of measurement studies:
Measurement studies. Ultrasound Obstet Gynecol. 2003;22(1):85-93.

O’Connor DP, Mahar MT, Laughlin MS, Jackson AS. The Bland-Altman Method Should
Not Be Used in Regression Cross-Validation Studies. Res Q Exerc Sport.
2011;82(4):610-6.

Rees SE. The Intelligent Ventilator (INVENT) project: The role of mathematical models in
translating physiological knowledge into clinical practice. Comput Methods Programs
Biomed. 2011;104:S1-29.

Karbing DS, Kjergaard S, Andreassen S, Espersen K, Rees SE. Minimal model
quantification of pulmonary gas exchange in intensive care patients. Med Eng Phys.
2011;33(2):240-8.

100. Critchley L, Critchley J. A Meta-Analysis of Studies Using Bias and Precision Statistics

to Compare Cardiac Output Measurement Techniques. J Clin Monit Comput.1999;15(2):
85-91.

101. Varvel JR, Donoho DL, Shafer SL. Measuring the predictive performance of computer-

controlled infusion pumps. J Pharmacokinet Biopharm. 1992;20(1):63-94.

146



102. Mertens MJ, Engbers FHM, Burm AGL, Vuyk J. Predictive performance of computer-
controlled infusion of remifentanil during propofol/remifentanil anaesthesia. Br J Anaesth.
2003;90(2):132-41.

103. Wieland A, Marcus Wallenburg C. Dealing with supply chain risks: Linking risk
management practices and strategies to performance. Int J Phys Distrib Logist Manag. 2
2012;42(10):887-905.

104. Yang Y. Consistency of cross validation for comparing regression procedures. Ann Stat.
2007;35(6):2450-73.

105. Zhang Y, Yang Y. Cross-validation for selecting a model selection procedure. J Econom.
2015;187(1):95-112.

106. Picard RR, Cook RD. Cross-Validation of Regression Models. J Am Stat Assoc.
1984;79(387):575.

107. Saeed M, Lieu C, Raber G, Mark RG. MIMIC II: a massive temporal ICU patient database
to support research in intelligent patient monitoring. Comput Cardiol. 2002;29:641-4.

108. Goldberger AL, Amaral LAN, Glass L, Hausdorff JM, Ivanov PCh, Mark RG, et al.
PhysioBank, PhysioToolkit, and PhysioNet : Components of a New Research Resource for
Complex Physiologic Signals. Circulation. 2000;101(23):e215-20.

109. Kokkinaki A, Chouvarda I, Maglaveras N. Searching biosignal databases by content and
context: Research Oriented Integration System for ECG Signals (ROISES). Comput
Methods Programs Biomed. 2012;108(2):453-66.

110. Karhonen I, Van Gils M, Gade J. The challenges in creating critical-care databases. Eng
Med Biol Mag IEEE. 2001;20(3):58-62.

111. Burykin A, Peck T, Krejci V, Vannucci A, Kangrga |, Buchman TG. Toward optimal
display of physiologic status in critical care: I. Recreating bedside displays from archived
physiologic data. J Crit Care. 2011;26(1):105.e1-9.

112. Hanson CW, Marshall BE. Artificial intelligence applications in the intensive care unit:
Crit Care Med. 2001;29(2):427-35.

113. Mathews SC. The Need for Systems Integration in Health Care. JAMA. 2011;305(9):934.

114. Moody GB, Mark RG, Goldberger AL. PhysioNet: physiologic signals, time series and
related open source software for basic, clinical, and applied research. Conf Proc IEEE Eng
Med Biol Soc. 2011;2011:8327-30.

115. Saeed M, Villarroel M, Reisner AT, Clifford G, Lehman L-W, Moody G, et al.
Multiparameter Intelligent Monitoring in Intensive Care Il: A public-access intensive care
unit database. Crit Care Med. 2011;39(5):952-60.

116. Stow PJ, Hart GK, Higlett T, George C, Herkes R, McWilliam D, et al. Development and
implementation of a high-quality clinical database: the Australian and New Zealand
Intensive Care Society Adult Patient Database. J Crit Care. 2006;21(2):133-41.

147



117. Codd EF. A relational model of data for large shared data banks. Commun ACM.
1970;13(6):377-87.

118. Berrington J. Databases. Anaesth Intensive Care Med. 2014;15(2):59-61.

119. Moody GB, Mark RG. The impact of the MIT-BIH arrhythmia database. Eng Med Biol
Mag IEEE. 2001;20(3):45-50.

120. Kropyvnytskyy I, Saunders F, Schierek P, Pols M. A computer system for continuous
long-term recording, processing, and analysis of physiological data of brain injured patients
in ICU settings. Brain Inj. 2001;15(7):577-83.

121. Goldstein B, McNames J, McDonald BA, Ellenby M, Lai S, Sun Z, et al. Physiologic data
acquisition system and database for the study of disease dynamics in the intensive care unit.
Crit Care Med. 2003;31(2):433-41.

122. Moody GB, Mark RG, Goldberger AL. PhysioNet: a web-based resource for the study of
physiologic signals. IEEE Eng Med Biol Mag. 2001;20(3):70-75.

123. Burykin A, Peck T, Buchman TG. Using “off-the-shelf” tools for terabyte-scale waveform
recording in intensive care: Computer system design, database description and lessons
learned. Comput Methods Programs Biomed. 2011;103(3):151-60.

124. Costa M, Moody GB, Henry |, Goldberger AL. PhysioNet: an NIH research resource for
complex signals. J Electrocardiol. 2003;36:139-44.

125. Black N. High-quality clinical databases: breaking down barriers. The Lancet.
1999;353(9160):1205-6.

126. Scott DJ, Lee J, Silva I, Park S, Moody GB, Celi LA, et al. Accessing the public MIMIC-
Il intensive care relational database for clinical research. BMC Med Inform Decis Mak.
2013;13(1):9.

127. Liu B, Qiu P, Chen H, Li Q. Comparison of simultaneous invasive and non-invasive
measurements of blood pressure based upon MIMIC |1l database. Artery Res.
2014;8(4):209-13.

128. Mikhno A, Ennett CM. Prediction of extubation failure for neonates with respiratory
distress syndrome using the MIMIC-I11 clinical database. Conf Proc IEEE Eng Med Biol
Soc 2012;2012:5094-7.

129. Zhang Z, Xu X, Ni H, Deng H. Predictive Value of lonized Calcium in Critically IlI
Patients: An Analysis of a Large Clinical Database MIMIC I1l. Salluh JIF, éditeur. PL0S
ONE. 2014;9(4):€95204.

130. Brossier D, Eltaani R, Sauthier M, Baudin F, Emeriaud G, Jouvet P. Elaboration d’une
base de données électronique en réanimation pédiatrique en vue d’une validation d’un
patient virtuel. Reanimation 2014;24:5194.

131. Wetzel RC. First Get the Data, Then Do the Science!. Pediatr Crit Care Med.
2018;19(4):382-3.

148



132. Koo TK, Li MY. A Guideline of Selecting and Reporting Intraclass Correlation
Coefficients for Reliability Research. J Chiropr Med. 2016;15(2):155-63.

133. Giavarina D. Understanding Bland Altman analysis. Biochem Medica. 2015;25(2):141-51.

134. Shaw M, Piper I, Chambers I, Citerio G, Enblad P, Gregson B, et al. The brain monitoring
with Information Technology (BrainlT) collaborative network: data validation results. Acta
Neurochir Suppl. 2008;102:217-21.

135. Feder SL. Data Quality in Electronic Health Records Research: Quality Domains and
Assessment Methods. West J Nurs Res. 2018;40(5):753-66.

136. Freund Y. Concordance entre deux méthodes de mesure d’une méme variable : diagramme
de Bland et Altman. Ann Fr Médecine Urgence. 2016;6(2):143-6.

137. David B. Pryor, Robert M. Califf, Frank E. Harrell Jr, Mark A. Hlatky, Kerry L. Lee, Mark
DB, et al. Clinical Data Bases: Accomplishments and Unrealized Potential. Med Care.
1985;38(5):623-47.

138. Brandt CA, Morse R, Matthews K, Sun K, Deshpande AM, Gadagkar R, et al. Metadata-
driven creation of data marts from an EAV-modeled clinical research database. Int J Med
Inf. 2002;65(3):225-41.

139. Nadkarni PM, Brandt C. Data extraction and ad hoc query of an entity-attribute-value
database. JAMIA. 1998;5(6):511-27.

140. Dinu V, Nadkarni P, Brandt C. Pivoting approaches for bulk extraction of Entity-Attribute-
Value data. Comput Methods Programs Biomed. 2006;82(1):38-43.

141. Liu D, Gorges M, Jenkins SA. University of Queensland vital signs dataset: development
of an accessible repository of anesthesia patient monitoring data for research. Anesth Analg.
2012;114(3):584-9.

142. Johnson AE, Pollard TJ, Shen L, Lehman LW, Feng M, Ghassemi M, et al. MIMIC-III, a
freely accessible critical care database. Sci Data. 2016;3:160035.

143. Baronov D, McManus M, Butler E, Chung D, Almodovar MC. Next generation patient
monitor powered by in-silico physiology. Conf Proc IEEE Eng Med Biol Soc.
2015;2015:4447-53.

144. Celi LA, Zimolzak AJ, Stone DJ. Dynamic Clinical Data Mining: Search Engine-Based
Decision Support. JMIR Med Inform. 2014;2(1):e13.

145. LaRovere JM, Jeffries HE, Sachdeva RC, Rice TB, Wetzel RC, Cooper DS, et al.
Databases for assessing the outcomes of the treatment of patients with congenital and
paediatric cardiac disease--the perspective of critical care. Cardiol Young. 2008;18 Suppl
2:130-6.

146. Eytan D, Goodwin A, Laussen P, Guerguerian AM. Insights From Multi-Dimensional

Physiological Signals to Predict and Prevent Cardiac Arrests. Pediatr Crit Care Med.
2016;17(1):81-2.

149



147. Walsh BK, Smallwood CD, Rettig JS, Thompson JE, Kacmarek RM, Arnold JH.
Categorization in Mechanically Ventilated Pediatric Subjects: A Proposed Method to
Improve Quality. Respir Care. 2016;61(9):1168-78.

148. Eytan D, Goodwin AJ, Greer R, Guerguerian AM, Laussen PC. Heart Rate and Blood
Pressure Centile Curves and Distributions by Age of Hospitalized Critically 11l Children.
Front Pediatr. 2017;5:52.

149. Walsh BK, Smallwood C, Rettig J, Kacmarek R, Thompson J, Arnold JH. Daily Goals
Formulation and Enhanced Visualization of Mechanical Ventilation Variance Improves
Mechanical Ventilation Score. Respir Care. 2017;

150. Penzel T, Kemp B, Klosch G, Schlogl A, Hasan J, Varri A, et al. Acquisition of biomedical
signals databases. IEEE Eng Med Biol Mag. 2001;20(3):25-32.

151. lacoviello L, Rago L, Costanzo S, Di Castelnuovo A, Zito F, Assanelli D, et al. The Moli-
sani project: computerized ECG database in a population-based cohort study. J
Electrocardiol. 2012;45(6):684-9.

152. Scott DJ, Villarroel M, Clifford GD, Saeed M, Mark RG. Open-access MIMIC-I1 database
for intensive care research. Conf Proc IEEE Eng Med Biol Soc;2011:8315-8.

153. Lee J, Ribey E, Wallace JR. A web-based data visualization tool for the MIMIC-II
database. BMC Med Inf Decis Mak. 2016;16:15.

154. Wetzel RC. The virtual pediatric intensive care unit: practice in the new millennium.
Pediatr Clin North Am. 2001;48(3):795-814.

155. Sauthier M, Jouvet P. Impact of Electronic Data on the Development of Care in Critically
[l Children. J Pediatr Intensive Care. 2016;5(3):79-80.

156. Barnes J, Chambers |, Piper I, Citerio G, Contant C, Enblad P, et al. Accurate data
collection for head injury monitoring studies: a data validation methodology. Acta
Neurochir Suppl. 2005;95:39-41.

157. Moody GB, Mark RG. A database to support development and evaluation of intelligent
intensive care monitoring. Computers in Cardiology. 1996; 657-60.

158. Black N, Payne M. Directory of clinical databases: improving and promoting their use.
Qual Saf Health Care. 2003;12(5):348-52.

159. Adelson PD, Pineda J, Bell MJ, Abend NS, Berger RP, Giza CC, et al. Common data
elements for pediatric traumatic brain injury: recommendations from the working group on
demographics and clinical assessment. J Neurotrauma. 2012;29(4):639-53.

160. Maas Al, Harrison-Felix CL, Menon D, Adelson PD, Balkin T, Bullock R, et al.
Standardizing data collection in traumatic brain injury. J Neurotrauma. 2011;28(2):177-87.

161. Gupta P, Rettiganti M, Fisher PL, Chang AC, Rice TB, Wetzel RC. Association of
Freestanding Children’s Hospitals With Outcomes in Children With Critical Illness. Crit
Care Med. 2016;44(12):2131-8.

150



162. Gupta P, Rettiganti M, Jeffries HE, Scanlon MC, Ghanayem NS, Daufeldt J, et al. Risk
factors and outcomes of in-hospital cardiac arrest following pediatric heart operations of
varying complexity. Resuscitation. 2016;105:1-7.

163. Gupta P, Richardson T, Hall M, Bertoch D, Hebbar KB, Fortenberry JD, et al. Effect of
Inhaled Nitric Oxide on Outcomes in Children With Acute Lung Injury: Propensity
Matched Analysis From a Linked Database*. Crit Care Med. 2016;44(10):1901-9.

164. Wetzel RC, Sachedeva R, Rice TB. Are all ICUs the same? Paediatr Anaesth.
2011;21(7):787-93.

165. Depreitere B, Guiza F, Van den Berghe G, Schuhmann MU, Maier G, Piper I, et al.
Pressure autoregulation monitoring and cerebral perfusion pressure target recommendation
in patients with severe traumatic brain injury based on minute-by-minute monitoring data.
J Neurosurg. 2014;120(6):1451-7.

166. Chen X, Xu D, Zhang G, Mukkamala R. Forecasting Acute Hypotensive Episodes in
Intensive Care Patients Based on a Peripheral Arterial Blood Pressure Waveform. 2009
36th Annual Computers in Cardiology Conference (CinC). 2009:545-8.

167. Kahn MG, Raebel MA, Glanz JM, Riedlinger K, Steiner JF. A Pragmatic Framework for
Single-site and Multisite Data Quality Assessment in Electronic Health Record-based
Clinical Research. Med Care. 2012;50(0).

168. Hall GC, Sauer B, Bourke A, Brown JS, Reynolds MW, LoCasale R, et al. Guidelines for
good database selection and use in pharmacoepidemiology research. Pharmacoepidemiol
Drug Saf. 2012;21(1):1-10.

169. Arts DGT. Defining and Improving Data Quality in Medical Registries: A Literature
Review, Case Study, and Generic Framework. J] Am Med Inform Assoc. 2002;9(6):600-11.

170. Black N, Barker M, Payne M. Cross sectional survey of multicentre clinical databases in
the United Kingdom. Bmj. 2004;328(7454):1478.

171. Sukumar SR, Natarajan R, Ferrell RK. Quality of Big Data in health care. Int J Health
Care Qual Assur. 2015;28(6):621-34.

172. Knatterud GL, Rockhold FW, George SL, Barton FB, Davis CE, Fairweather WR, et al.
Guidelines for Quality Assurance in Multicenter Trials: A Position Paper. Control Clin
Trials. 1998;19(5):477-93.

173. Whitney CW, Lind BK, Wahl PW. Quality assurance and quality control in longitudinal
studies. Epidemiol Rev. 1998;20(1):71-80.

174. Bayley KB, Belnap T, Savitz L, Masica AL, Shah N, Fleming NS. Challenges in Using
Electronic Health Record Data for CER: Experience of 4 Learning Organizations and
Solutions Applied. Med Care. 2013;51:S80-6.

175. Celi LA, Marshall JD, Lai Y, Stone DJ. Disrupting Electronic Health Records Systems:
The Next Generation. JIMIR Med Inform. 2015;3(4):e34.

151



176. Johnson S, Speedie S, Simon G, Kumar V, Westra B. Application of an Ontology for
Characterizing Data Quality for a Secondary Use of EHR Data. Appl Clin Inform.
2016;07(01):69-88.

177. Gamer M, Lemon J, Singh IFP. irr: Various Coefficients of Interrater Reliability and
Agreement. 2019. Disponible sur: https://CRAN.R-project.org/package=irr.

178. Revelle W. psych: Procedures for Psychological, Psychometric, and Personality Research.
2018. Disponible sur: https://CRAN.R-project.org/package=psych.

179. Sauthier M, Brossier D. BlandAltman: Bland-Altman Analysis and Plot. 2018. Disponible
sur: http://github.com/sauthiem/BlandAltman

180. Kahn MG, Callahan TJ, Barnard J, Bauck AE, Brown J, Davidson BN, et al. A Harmonized
Data Quality Assessment Terminology and Framework for the Secondary Use of Electronic
Health Record Data. EGEMs Gener Evid Methods Improve Patient Outcomes.
2016;4(1):18.

181. Recher M, Bertrac C, Guillot C, Baudelet JB, Karaca-Altintas Y, Hubert H, et al. Enhance
quality care performance: Determination of the variables for establishing a common
database in French paediatric critical care units. J Eval Clin Pract. 2018;24(4):767-71.

182. Siebig S, Kuhls S, Imhoff M, Langgartner J, Reng M, Schélmerich J, et al. Collection of
annotated data in a clinical validation study for alarm algorithms in intensive care—a
methodologic framework. J Crit Care. 2010;25(1):128-35.

183. Murphy SN, Weber G, Mendis M, Gainer V, Chueh HC, Churchill S, et al. Serving the
enterprise and beyond with informatics for integrating biology and the bedside (i2b2). J Am
Med Inform Assoc JAMIA. 2010;17(2):124-30.

184. Cecconi M, Rhodes A, Poloniecki J, Della Rocca G, Grounds RM. Bench-to-bedside
review: The importance of the precision of the reference technique in method comparison
studies — with specific reference to the measurement of cardiac output. Crit Care.
2009;13(1):201.

185. McLean AS, Needham A, Stewart D, Parkin R. Estimation of cardiac output by
noninvasive echocardiographic techniques in the critically ill subject. Anaesth Intensive
Care. 1997;25(3):250-4.

186. Pediatric Acute Lung Injury Consensus Conference Group. Pediatric acute respiratory
distress syndrome: consensus recommendations from the Pediatric Acute Lung Injury
Consensus Conference. Pediatr Crit Care Med. 2015;16(5):428-39.

187. Yadav B, Bansal A, Jayashree M. Clinical Profile and Predictors of Outcome of Pediatric
Acute Respiratory Distress Syndrome in a PICU: A Prospective Observational Study.
Pediatr Crit Care Med. 2019;20(6):¢263-73.

188. Principi T, Fraser DD, Morrison GC, Farsi SA, Carrelas JF, Maurice EA, et al.
Complications of mechanical ventilation in the pediatric population. Pediatr Pulmonol. i
2011;46(5):452-7.

152



189. Mutlu GM, Factor P. Complications of mechanical ventilation. Respir Care Clin N Am.
2000;6(2):213-52.

190. Rivera R, Tibballs J. Complications of endotracheal intubation and mechanical ventilation
in infants and children. Crit Care Med. 1992;20(2):193-9.

191. Nascimento MS, Prado C, Troster EJ, Valério N, Alith MB, Almeida JFL de. Risk factors
for post-extubation stridor in children: the role of orotracheal cannula. Einstein Sao Paulo
Braz. 2015;13(2):226-31.

192. Miller JD, Carlo WA. Pulmonary complications of mechanical ventilation in neonates.
Clin Perinatol. 2008;35(1):273-81.

193. Chomton M, Brossier D, Sauthier M, Valliéres E, Dubois J, Emeriaud G, et al. Ventilator-
Associated Pneumonia and Events in Pediatric Intensive Care: A Single Center Study.
Pediatr Crit Care Med. 2018;19(12):1106-13.

194. Kollef MH, Shapiro SD, Silver P, St John RE, Prentice D, Sauer S, et al. A randomized,
controlled trial of protocol-directed versus physician-directed weaning from mechanical
ventilation. Crit Care Med. 1997;25(4):567-74.

195. Newth CJL, Sward KA, Khemani RG, Page K, Meert KL, Carcillo JA, et al. Variability
in Usual Care Mechanical Ventilation for Pediatric Acute Respiratory Distress Syndrome:
Time for a Decision Support Protocol? Pediatr Crit Care Med. 2017;18(11):e521-9.

196. Sward KA, Newth CJL, Khemani RG, Page K, Meert KL, Carcillo JA, et al. Potential
Acceptability of a Pediatric Ventilator Management Computer Protocol. Pediatr Crit Care
Med. 2017;18(11):1027-34.

197. Rees SE, Karbing DS. Determining the appropriate model complexity for patient-specific
advice on mechanical ventilation. Biomed Eng Biomed Tech. 2017;62(2).

198. Karbing DS, Allergd C, Thorgaard P, Carius A-M, Frilev L, Andreassen S, et al.
Prospective evaluation of a decision support system for setting inspired oxygen in intensive
care patients. J Crit Care. 2010;25(3):367-74.

199. lotti GA, Polito A, Belliato M, Pasero D, Beduneau G, Wysocki M, et al. Adaptive support
ventilation versus conventional ventilation for total ventilatory support in acute respiratory
failure. Intensive Care Med. 2010;36(8):1371-9.

200. Chatburn RL, Mireles-Cabodevila E. Handbook of respiratory care. Sudbury, MA: Jones
& Bartlett Learning; 2011.

201. Aguilaniu B, Flore P, Maitre J, Ochier J, Lacour JR, Perrault H. Early onset of pulmonary
gas exchange disturbance during progressive exercise in healthy active men. J Appl Physiol.
2002;92(5):1879-84.

202. Cherry AD, Forkner IF, Frederick HJ, Natoli MJ, Schinazi EA, Longphre JP, et al.
Predictors of increased PaCO2 during immersed prone exercise at 4.7 ATA. J Appl Physiol.
2009;106(1):316-25.

153



203. Rimensberger, P. Pediatric and Neonatal Mechanical Ventilation: From Basics to Clinical
Practice. 2015 éd. Heidelberg, New York, Dordrecht, London : Springer, 2015.
https://archive-ouverte.unige.ch/unige:87424.

204. Balinotti JE, Tiller CJ, Llapur CJ, Jones MH, Kimmel RN, Coates CE, et al. Growth of the
lung parenchyma early in life. Am J Respir Crit Care Med. 2009;179(2):134-7.

205. Stam H, van den Beek A, Griinberg K, Stijnen T, Tiddens HA, Versprille A. Pulmonary
diffusing capacity at reduced alveolar volumes in children. Pediatr Pulmonol.
1996;21(2):84-9.

206. Openshaw P, Edwards S, Helms P. Changes in rib cage geometry during childhood.
Thorax. 1984;39(8):624-7.

207. Gaultier C, Allen J, England S. Evaluation de la fonction des muscles respiratoires chez
I’enfant. Rev Mal Respir. 2004;14.

208. Gaultier C. Respiratory muscle function in infants. Eur Respir J. 1995;8(1):150-3.

209. Kosch PC, Davenport PW, Wozniak JA, Stark AR. Reflex control of expiratory duration
in newborn infants. J Appl Physiol Bethesda Md. 1985;58(2):575-81.

210. Kosch PC, Stark AR. Dynamic maintenance of end-expiratory lung volume in full-term
infants. J Appl Physiol. 1984;57(4):1126-33.

211. Mortola JP, Milic-Emili J, Noworaj A, Smith B, Fox G, Weeks S. Muscle pressure and
flow during expiration in infants. Am Rev Respir Dis. 1984;129(1):49-53.

212. Williams JB, Ghosh D, Wetzel RC. Applying Machine Learning to Pediatric Critical Care
Data. Pediatr Crit Care Med. 2018;19(7):599-608.

213. Carley, K. M. (1996).Validating computational models.Working Paper. Carnegie Mellon
University.

214. Oberkampf WL, Trucano TG, Hirsch C. Verification, validation, and predictive capability
in computational engineering andphysics, Applied Mechanics Reviews. 2004;57:345-84.

215. O’Brien S, Nadel S, Almossawi O, Inwald DP. The Impact of Chronic Health Conditions
on Length of Stay and Mortality in a General PICU. Pediatr Crit Care Med. 2017;18(1):1-7.

216. Kalzén H, Larsson B, Eksborg S, Lindberg L, Edberg KE, Frostell C. Survival after PICU
admission: The impact of multiple admissions and complex chronic conditions. PLoS ONE.
2018;13(4).

217. Cremer R, Leclerc F, Lacroix J, Ploin D, GFRUP/RMEF Chronic Diseases in PICU Study
Group. Children with chronic conditions in pediatric intensive care units located in
predominantly French-speaking regions: Prevalence and implications on rehabilitation care
need and utilization. Crit Care Med. 2009;37(4):1456-62.

218. Nobles AL, Vilankar K, Wu H, Barnes LE. Evaluation of data quality of multisite
electronic health record data for secondary analysis. In: 2015 IEEE International
Conference on Big Data (Big Data). Santa Clara, CA, USA: IEEE; 2015:2612-20.

154



219. Raghupathi W, Raghupathi V. Big data analytics in healthcare: promise and potential.
Health Inf Sci Syst. 2014;2:3.

220. Yang X, Wu C, Lu K, Fang L, Zhang Y, Li S, et al. An Interface for Biomedical Big Data
Processing on the Tianhe-2 Supercomputer. Mol J Synth Chem Nat Prod Chem.
2017;22(12) :2116.

221.Yin Z, Lan H, Tan G, Lu M, Vasilakos AV, Liu W. Computing Platforms for Big
Biological Data Analytics: Perspectives and Challenges. Comput Struct Biotechnol J.
2017;15:403-11.

222. Jacono FJ, De Georgia MA, Wilson CG, Dick TE, Loparo KA. Data Acquisition and
Complex Systems Analysis in Critical Care: Developing the Intensive Care Unit of the
Future. J Healthc Eng. 2010;1(3) :337-55.

223. Lee JH, Rehder KJ, Williford L, Cheifetz IM, Turner DA. Use of high flow nasal cannula
in critically ill infants, children, and adults: a critical review of the literature. Intensive Care
Med. 2013;39(2):247-57.

224. Piper |, Citerio G, Chambers I, Contant C, Enblad P, Fiddes H, et al. The BrainIT group:
concept and core dataset definition. Acta Neurochir Wien. aotit 2003;145(8):615-28.

225. Piper I, Chambers |, Citerio G, Enblad P, Gregson B, Howells T, et al. The brain
monitoring with Information Technology (BrainlT) collaborative network: EC feasibility
study results and future direction. Acta Neurochir Wien. 2010;152(11):1859-71.

155



ANNEXES

A. Using machine learning models to predict oxygen saturation

following ventilator support adjustment in critically ill children: a

single center pilot study.

@PLOS ] ONE

RESEARCHARTICLE

Using machine learning models to predict
oxygen saturation following ventilator
support adjustment in critically ill children: A
single center pilot study

Sam Ghazal', Michael Sauthier %, David Brossier»% Wassim Bouachir®, Philippe
A. Jouvet2*, Rita Noumeir'
1 Department of health information analysis, Ecole de Technologie Supérieure (ETS), Montreal, Quebec,

Canada, 2 Department of Pediatrics, Sainte-Justine Hospital, Montreal, Quebec, Canada, 3 LICEF research
') ] center, TELUQ University, Montreal, Quebec, Canada

* philippe jouvet@ ntreal.ca

Abstract
3 opeNACcESS Background
Citation: Ghazal S, Sauthier M, Brossier D, In an intensive care units, experts in mechanical ventilation are not continuously at patient’s

Bouachir W, Jouvet PA, Noumeir R (2019) Using : . N i i :
i Mg wiie T et S bedside to adjust ventilation settings and to analyze the impact of these adjustments on gas

saturation following ventiator support adjustment ~ €Xchange. The development of clinical decision support systems analyzing patients’ data in
incritically ill children: A single center pilot study. real time offers an opportunity to fill this gap.

PLOS ONE 14(2): €0198921. https-//doi org/

10.1371/journal pone 0198921

Editor: Xiao Hu, University of California San Objective

Frandisco, LMTED STATES The objective of this study was to determine whether a machine learning predictive model

Received: May 24,2018 could be trained on a set of clinical data and used to predict transcutaneous hemoglobin
Accepled: February 4, 2019 oxygen saturation 5 min (smin SpO2) after a ventilator setting change.

Published: February 20, 2019

Copyright: © 2019 Ghazal etal. This isan open Data sources
access article distributed under the terms of the
Creative Commons Attribution License, which Data of mechanically ventilated children admitted between May 2015 and April 2017 were
permis unresticted se, distibuion, and included and extracted from a high-resolution research database. More than 776,727 data
reproduction in any medium, provided the original 6, 1. were obtained from 610 patients, discretized into 3 class labels (< 84%, 85% t0 91%
author and source are credited.

and c92% to 100%).
Data Availability Statement: To reproduce our
analysis thealgorithmiis available in the following

blic repository: https-/github.convsauthieny 2 Y
g’ggz_p,edmz For access o the dataset pease | €7fOrMance metrics of predictive models

contact Mme Genevieve Cardinal at fenevieve. Due to data imbalance, four different data balancing processes were applied. Then, two
cardinal@rcheche stejustine qcca, presidentof o hing leaming models (artificial neural network and Bootstrap aggregation of complex

the Ethical Review Board of Ste-Justine Hospital L& A A

Our ERB request a protocol submission and an decision trees) were trained and tested on these four different balanced datasets. The best
interinstitutional agreement. model predicted SpO, with area under the curves <0.75.

PLOS ONE | https:/doi.org/10.1371/journal. pone 0198921 February 20,2019 1/12

156



B/ PLOS | one

Sp0O; prediction in children using machine learing

Funding: This work was supported by the Natural
Sciences and Engineering Research Council of
Canada (NSERC) to RN, by the Institut de
Valorisation des Données (IVADO) to PAJ, by
grants from the “Fonds de Recherche du Québec —
Santé (FROS)", the Quebec Ministry of Health and
Sainte Justine Hospital to PAJ. The funders had no
olein study design, data collection and analysis,
decision to publish, or preparation of the
manuscript.

Competing interests: The authors have declared
that no competing interests exist

Conclusion

This single center pilot study using machine learning predictive model resulted in an algo-
rithm with poor accuracy. The comparison of machine leaming models showed that bagged
complex trees was a promising approach. However, there is a need to improve these mod-
els before incorporating them into a clinical decision support systems. One potentially solu-
tion for improving predictive model, would be to increase the amount of data available to
limit over-fitting that is potentially one of the cause for poor classification performances for 2
of the three class labels.

Introduction

In case of respiratory failure, mechanical ventilation supports the oxygen (O,) diffusion into
the lungs and the carbon dioxide (CO,) body removal. As an expert in mechanical ventilation
cannot reasonably be expected to be continuously present at the patient’s bedside, specific
medical devices aimed to help in ventilator settings adjustments may help to improve the qual-
ity of care [1]. Such devices are developed using algorithms either based on medical reasoning
that adapt ventilator settings in real time based on patients’ characteristics [2, 3] or based on
physiologic models that simulate cardiorespiratory responses to mechanical ventilation set-
tings modifications [4]. The first ones are not accurate enough to be used widely in clinical
practice, especially in children, and the latter are not validated for this indication. Both algo-
rithms do not learn from ever-growing sets of clinical research data that could potentially
improve their performances. To overcome this drawback, another avenue is the development
of algorithms using artificial intelligence to provide caregivers with support in their decision-
making tasks.

Among the vital parameters, transcutaneous hemoglobin saturation oxygen (SpO.) is mon-
itored continuously at the bedside in intensive care and must be maintained in an adequate
range to insure tissue oxygenation. In mechanically ventilated patients, when SpO. is low,
either FiO, or ventilation pressures/volume are increased.

In this retrospective study, we assessed machine learning methods to predict the classifica-
tion (normal, low or critically low) SpO, of mechanically ventilated children after a ventilator
setting change using a high-resolution research database. Such a modelling will help caregivers
for the prescription of ventilator settings i.e. the caregiver will use the model to predict the
effect of a ventilator setting change on SpO and will apply this ventilator modification if satis-
fied of the predicted SpO,.

Materials and methods

This retrospective study was conducted at Sainte-Justine Hospital, Quebec, Canada and
included the data collected prospectively between May 2015 and April 2017 of all the children,
less than 18 years old, admitted to the Pediatric Intensive Care Unit (PICU) and were mechan-
ically ventilated with an endotracheal tube. Patients’ data were excluded if the patient was
hemodynamically unstable defined as 2 or more vasoactive drugs delivered at the same time
(ie., epinephrine, norepinephrine, dopamine or vasopressin) or with an uncorrected cyanotic
heart disease defined by no SpO, > 97% during all PICU stay. All the respiratory data from
included patients were extracted from the PICU research database (5], after study approval by
the ethics review board (ERB) of Sainte-Justine hospital (ERB study number 2017 1480).
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Prediction problem

The predictive SpO, class (prognostic class) was the SpO, 5 minutes after a change of a ventila-
tor setting. The delay of 5 min corresponded to the shortest period of time to reach a steady
state after modification of a ventilator setting [6]. SpO; levels at 5min were classified into three
categories (Table 1). The thresholds were selected according to clinical value: a SpO, < 92% is
a target to increase oxygenation in mechanically ventilated children [7]. The critical level of
85% SpO; is used as an alarm of severe hypoxemia in intensive care [8]. The success criteria
for prediction was the ability of the model to predict the SpO, category, 5min after a ventilator
setting change ie delta in inspired fraction of Oxygen (AFiO,), delta in tidal volume, pressure
support or pressure controlled (AVt, APS or APC) or delta in Positive end expiratory pressure
set (APEEP). The variables used in the model are detailed in Fig 1. These ventilator parameters
were determined by an item generation-selection methods conducted by three physicians
(PAJ, MS, DB). The resulting items are presented in Fig 1 within their sources, means of
extraction and a schematic of the main components of the study.

Data preparation for model building

The data were extracted from a research database approved by the ethics committee of Sainte-
Justine Hospital (database ERB number 2016-1210, 4061). The data extracted from the research
database needed: (1) to remove erroneous data due to disconnection of the patient from the
ventilator or the monitor, or due to transient interventions such as suctioning; (2) to remove
the rows at which no ventilator setting variables was modified; (3) to adapt data format for clas-
sifier training. The methodology to format the data is described in S1 File, In summary, we first
transformed the data from the linear format into a table, where the clinical variables are the col-
umn labels and the patient codes and storing times are the row labels. Since the readings for the
various variables involved are not all set at the same frequency, the data for the different vari-
ables were aligned along the rows time-steps. Then, only the rows at which at least one of the
setting variables is modified were preserved in the data file. The rows with change in “FiO, Set-
ting” more than 0.2 were excluded, to remove increase of FiO, to 1 when suctioning. For each
row, the target variable is added by binning the data of variable “SpO, in 5 min” into three clas-
ses (Table 1). The binning of the target variable data into three classes allows for better classifica-
tion performance. For all time-steps, SpO, values were validated and kept in the database if
heart rate (HR) from monitors in each row was within * 10 bpm the HR from the pulse oxime-
ter. All rows containing HR readings which do not respect this condition were removed.

The number of patients included was 610 mechanically ventilated children and the total
number of rows according to SpO; classification is specified in Table 1. We randomly distrib-
uted the number of rows between the training and test databases, without considering the
number of patients in each dataset.

Data balancing

The data analysis showed a severe imbalance with most SpO. at 5min above 92%. This is logi-
cal as caregivers want to maintain SpO, in normal range during child PICU stay. In such

Table 1. Definition of SpO; class labels,

SpO; classification SpO, range Rows number
(%) (n)
1 < 84 17,112
2 85 to 91 29,869
3 92 to 100 729,746

https:/doi.om/10.1371/jourral pone.0198921.t001
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Data streaming from obsenation with index | =0 to observation with index | = N -1, where N isthe number of observations in given data set
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Fig 1. Schematic description of the items involved and analysis process. EMR: elecironic Medical Record, FiO;: inspired fraction of Oxygen, Vit tidal
volume, PEEP: Positive end expiratory pressure, PS above PEEP: pressure support level Above PEEP, PC above PEEP: pressure control level above PEEP, LE
Ratio: inspiratory time over expiratory time, Measured RR: respiratory rate measured by the ventilator. 5 .5p O SpO; observed 5 min after PEEP, FiO,, tidal
volume, PS above PEEP, PC above PEEP change, ML: machine learning. Heart and pulse rate were only used to validate the database SpO; value (see below and
S1 File).

httpsy//doi.org/10.1371journal.pone.0198921.9001

condition, the classifier learns the majority class label (class 3) (Table 1) but doesn’t learn the
minority class labels (class 1 and 2) [9]. As, the data balancing process aims to allow the
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Table 2. Descriptions of the four balancing procedures. The training/test split was done on the number of data samples.

DATASET 1 DATASET 2 DATASET 3 DATASET 4
Training set: 975,036 samples Training set: 2.293,119 Training set: 487,464 samples Training set: 1,462,503 samples
Test set: 193,528 samples sam Test set: 106028 samples Test set: 281,028 samples
Class Balancing: TOMEK applied to Test set: 201,926 samples Class Balancing: TOMEK applied to Class Balancing TOMEK applied to
dataset (before dataset has been splitinto | Class Balancing SMOTE dataset dataset
training & test set) to remove tomek links, | applied to classes | &2 to (before dataset has been split intotraining | (before dataset has been split into training
random undersampling applied to class 3 | make their cardinalities equal | & test set) to remove tomek links, random | & test set) to remove tomek links, random
once dataset is split into training and tothat of class 3 (764,373). undersampling applied to class 3 once undersampling applied to class 3 once

testing sub-sets, then SMOTE applied to
classes 1 and 2 to make their cardinalities
equal to that of class 3 (325012).

dataset is split into training and testing
sub-sets, then SMOTE applied to classes 1
and 2 to make their cardinalities equal to
that of class 3 (162,488).

dataset is split into training and testing
sub-sets, then SMOTE applied to classes 1
and 2 o make their cardinalities equal to
that of class 3 (487,501).

https//dai org/10.137 1journal pone 0198921 1002

classifier to learn from all class equally, a combination of down-sampling and up-sampling
techniques were included: to balance the three classes of the data involved, a down-sampling
of the SpO, class 3 using TOMEK algorithm [10] and an over-sampling of SpO, class 1 and 2
using Synthetic Minority Oversampling Technique (SMOTE) [11] were performed.

The down-sampling process was made up of the following steps: (1) TOMEK algorithm
was used to detect TOMEK links throughout the whole dataset, for all three classes, and
removed them. TOMEK links are the links between any two observations considered nearest
neighbors, but which belong to different classes [9], (2) points remainders removed are
selected at random.

The creation of synthetic data points by SMOTE can be formulated as follows:

Xon = X+ (Ximn — X;) X 0

In this equation, x,,, represents the synthetic data point. The variables x; and xj,,, are
respectively the original instance, and the nearest neighbor data point which is randomly
picked among the k nearest neighbors. The random number & is generated in [0,1] to deter-
mine the position of the created synthetic data point along a straight line joining the original
data point x;and its chosen nearest neighbor X

To study which data balancing method provided the more accurate algorithm, four datasets
were produced via four different balancing procedures, involving different combinations of
data balancing techniques (Table 2).

Predicted SpO, model construct

To identify the best machine learning classification method, we tested two classification mod-
els: artificial neural network and bagged complex decision trees, on the four balanced training
datasets.

Artificial Neural Network (ANN). Once the data has been pre-processed, a machine
learning predictive model was trained on a sub-set of labeled training data. The model is then
used to predict the target variable values on a testing subset where the class labels are hidden.
We used Artificial Neural Networks (ANN) to make predictions of the SpO, variable, based
on the values of the other variables of interest. Through the function approximation that the
ANN performs, it is possible to make predictions of SpO, variable, based on the input data.
The outputs are the probability for each of the 3 class where the sum of their probabilities is 1.

The ANN is learned from training data, using the backpropagation algorithm [12] and is
tested on a test set made of the remaining rows of data to validate the generalization of the
model. The learning algorithm runs through all the rows of data in the training data set and
compares the predicted outputs with the target outputs found in the training data set. The
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weights are adjusted via supervised learning, in a manner to minimize the error of predicted
SpO, vstarget SpO,. The process is repeated until the error is minimized.

The ANN classifier was implemented through cycles of forward propagation followed by
backward propagation through the network’s layers. The backpropagation algorithm is used
for performance optimization. For detailed information see S2 File,

Bootstrap aggregation of complex decision trees. Bootstrap aggregating (acronym: bag-
ging) was proposed by L Breiman in 1994 to improve classification by combining classifica-
tions of randomly generated training sets [ 13]. Bagging allows for the creation ofan
aggregated predictor via the use of multiple training sub-sets taken from the same training set.
Let (T') denote the replicate training sub-sets bootstrapped from the training set T. These rep-
licate sub-sets each contain N observations, drawn at random and with replacement from T.
For each of these sub-sets of N observations, a prediction model, or classifier, is created. The
computational model used for bagging was complex decision trees. This means that, for each
bootstrapped sub-set of training data, a complex decision tree is trained and thus a classifier is
created. Ifi = I, . .., n, then n classifiers are created through the bagging process.

A decision tree is a flowchart computational model which can be used for both regression, as
well as classification problems. Paths from the root of the tree to its various leaf nodes go through
decision nodes in which decision rules are applied in a recursive manner, based on values of input
variables. Each path represents an observation (X, y) = (x, x2 X3 .. ., X ), where the label
assigned to the target y is given in the leaf node, at the end of the path i.e. classification [14].

The measure used to build sub-trees was the gini index (see infogain.doc for details). We
tested the BACDT model using 30, 50 and 70 decision trees.

In the aim of maximizing the model’s generalization capability during the training process,
the Bagged Complex Trees’ performance is tested via k-fold cross-validation. A value k= 10,
which is common practice, was used in this study for both the complex decision trees and
ANN. The training using k-fold cross-validation is carried out as described below:

The data-set is first divided into two parts; the training-set and the test-set. The training of
the “Bagged” Complex Trees includes a k-fold cross-validation, which is performed as follows:

« Randomly partition the data-set into k equal-sized subsets (folds).

« For each of the k equal-sized subsets:
o Train/fit the model on the elements contained in the other (k-1) subsets.
o Test the model's accuracy on the given subset.

« Iterate over the k subsets, until each one has been used once for testing the model’s perfor-
mance during its training.

« Thetraining validation score consists of the average score obtained by validating the model
on all k subsets.

The mathworks Matlab R2016b Machine Learning toolbox was used for the creation of the
ensemble of Bagged complex trees model. The ANN classifiers were implemented using the

Scikit-Learn package within the Python programming language [http:/scikit-learn.org].

Classifiers performances assessments

If the model outputted a predicted probability >0.9 for a given class, then the predicted class
was considered positive. We evaluated the performances of the classifiers based on the metrics
including ROC curves, average accuracy, precision (ratio of all correct classifications for class i
to all instances labeled as class label i by the model), recall (ratio of the number of instances
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classified in class label i to the number of true class ilabels) and F score (single measure of clas-
sification performance of the model used), see S2 File for further details [15].

Results

The number of patients included was 610 mechanically ventilated children with a median
duration of ventilation of 33hrs (1* quartile: 6.5hr and 3 quartile: 116.9 hr), similar to a previ-
ous study [16]. In the 776,727 ventilator settings modifications (Table 1), 98% of the ventilator
settings modifications were FiO, setting changes. The performances of the two machine learn-
ing classifiers to predict SpO, at 5 min after a ventilator setting change (ie FiO,, PEEP, Vt/Pres-
sure support or pressure controlled above PEEP) was developed on four different balanced
training datasets and assessed on four different balanced test datasets (see Table 2). In Fig 2
and Table 3, we report the performances of these two classifiers. Using the classification per-
formance metrics, the bagged trees classifier trained on dataset #3 has yielded the best classifi-
cation performance on the test sets (Table 3) and was the predictive model retained. The ROC
curves are shown in Fig 2 with area under the curves below 0.75 for all class.

Impact of hidden layers for ANN and number of complex trees for BACDT
on performance

For the artificial neural network, the variation of the number of hidden layers and number of
neurons per hidden layer did not seem to have a significant effect on the model’s classification
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Table 3. Performance of artificial neural networks (ANN) and b p aggregation of complex decision trees (BACDT) classifiers for SpO; prediction at 5 min
following a ventilator setting change, on test datasets (see Table 2). Avg/total: average accuracy of total dassification values. In italics is the performance of the best pre-
dictive model obtained among the eight tested.

Balanced datasets smiadpO; class ANN BACDT
Precision Recall F-score Precision Recall F-score
Dataset 1 1 0.12 070 0.21 0.80 076 0.78
2 0.16 043 0.23 0.61 056 059
3 0.96 067 0.79 0.97 098 0.97
Avg/total 0.88 065 0.73 0.94 094 0.94
Dataset 2 1 0.09 072 0.16 0.77 072 0.74
2 0.09 047 0.16 0.57 053 055
3 098 070 0.81 0.98 099 0.98
Avg/total 0.93 069 0.78 0.96 0.97 0.97
Dataset 3 1 0.16 068 0.25 0.80 0.76 0.78
2 026 042 033 0.67 0.62 0.65
3 0.92 060 0.72 0.95 0.96 0.96
Avg/total 0.80 058 0.65 0.91 091 091
Dataset 4 1 0.09 069 0.16 0.80 074 0.77
2 0.12 047 0.19 0.58 054 0.56
3 0.97 068 0.80 0.98 0.98 0.98
Avg/total 0.92 067 0.76 0.96 0.96 0.96
71 1
performance (Table 4). As for the Bagged complex trees, the variation of the number of com-
plex trees did not yield significant changes in classification performance (Table 5). The num-
ber of decision trees used in best BACDT model was 50.
Discussion
This single center pilot study using machine learning predictive model resulted in a predictive
model with a poor accuracy (area under the ROC curves < 0.75). The comparison of machine
learning models showed that bagged complex trees was the best approach. However, the
model was of limited value for to predict SpO, below 92%.

In agreement with previous studies regarding bagging being a better method for medical
data classification, tree Bagging fared better than the artificial neural network [13]. The gap in
performance between the training and testing confusion matrices in the case of bagged trees
model (data not shown) seems to indicate that, although the bagged trees model was capable
of learning very well from the data, there’s still room for improvement in the generalization.

Table 4. Absence of impact on performance of the i of and hidden layers for artificial neural network (ANN). Example of the performance assessed
by the F score on the balanced test dataset 3 (see Table 2).
ANN
Error minimization algorithm Stochastic Gradient-Descent (SGD)
Activation function Logistic Sigmoid
e gulari; No
1 2 3
10 50 100 10 50 100 10 50 100
025 025 025 0.5 0.25 0.25 0.22 0.22 0.19
0.33 033 033 0.33 0.33 0.33 0.33 0.33 0.32
0.72 0.72 072 0.2 0.72 0.72 0.69 0.69 0.69
fttpsy/doi.0rg/10.137 Viournal pone 01982211004
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Table5. Absence of impact on performance of the ber of complex trees for by ap aggregation of compl
decision trees (BACDT). Example of the perfo e d by the F score on the balanced test dataset 3 (see
Table 2).
BACDT
n=30 n =50

F-score smmSPO; class 1 0.78 0.78

seminSPO; class 2 0.65 0.65

smnSPO; class 3 0.96 0.96

https-//doi.om/10.1371 |.pone.0198921.

The SMOTE algorithm is designed in such a way that should theoretically not affect the gener-
alization of the trained model. However, in cases of extreme data imbalance, as in this study,
the over-sampling of minority class label is also likely to be extreme. This may render the data
space of this class relatively dense with respect to the rest of the data made up of real data
points. This may potentially explain the classification model’s relatively poor generalization for
sminSPO5 class “1” and “2”. Also, since SMOTE generates synthetic data points by interpolating
between existing minority class instances, it can increase the risk of over-fitting when classify-
ing minority class labels, since it may duplicate minority class instances but this needs to be
further investigated.

The strengths of this study include a large clinical database of mechanically ventilated chil-
dren with more 776,727 rows. In a recent similar study in PICU, 200 patients were included
with 1,150 rows [17]. However, the volume of data is clearly insufficient. To use such machine
learning predictive models both for low SpO, class and for ventilator setting modification such
as PEEP. The pediatric intensive care community needs to combine multicenter high resolu-
tion database to increase the datasets. In addition, children data could be pooled to neonatal
and adult intensive care data, when possible, such as MIMIC III database in specific clinical
analysis[18]. The other strength is the process used to transform the data into a usable format
and to correct a variety of artifacts (see S1 File). In health care, there is asignificant interest in
using clinical databases including dynamic and patient-specific information to develop clinical
decision support algorithms. The ubiquitous monitoring of critical care units’ patients has gen-
erated a wealth of data that creates many opportunities in this domain. However, when devel-
oping algorithms, such as transport or finance, data are specifically collected for research
purposes. This is not the case in healthcare where the primary objective of data collection sys-
tems is to document clinical activity, resulting in several issues to address in data collection,
data validation and complex data analysis [19]. As detailed in S1 File, a significant amount of
effort is needed, when data have been successfully archived and retrieved, to transform the
data into a usable format for research.

This study has several limitations. First, the limited row number in low SpO, levels reduced
the SpO; classification for machine leamning predictive model to three clinically relevant clas-
ses. SpOs is a continuous variable and the use of three class is probably insufficient [20, 21].
Instead of the classification model, the next step could be to test regression models’ perfor-
mance. Second, SpO. was predicted at 5min after ventilator setting change, a clinically relevant
delay. However, the delay between ventilator setting change and oxygenation steady state is
not well defined and vary from 1 to 71 minutes according to the parameter set (FiO,, PEEP or
other parameters that change mean airway pressure) and clinical conditions studied [17, 22,
23]. This needs further research and probably more sophisticated clinical decision support sys-
tems using machine learning predictive models should consider these factors. Third, we
excluded hemodynamic unstable patients using a treatment criteria (> 2 vasoactive drugs
infused) because this condition decreases pulse oximeter reliability [24, 25]. The validation
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and electronic availability of reliable markers of hemodynamic instability in children such as
plethysmographic variability indices could be helpful [26]. Finally, based on the classification
approach taken, we didn’t stratify the number of unique patients whose data were used for
training versus testing, but only the number of instances for train versus test. The median
duration of ventilation in our PICU is 33 hours, the medical conditions are numerous and the
weaning phase where lung condition is almost the same among children represents 50% of the
mechanical ventilation duration [16]. By random, the number of unique patient in the training
and validation dataset is proportional to the whole population and reflects the whole PICU
population studied. If we had determined a given number of patient per training and valida-
tion, we probably should also ned to dispatch the medical condition, the duration of ventila-
tion, the underlying medical conditions. To address this problem, we included in the model
variables that characterize the patient and lung severity at a given time including age, weight
and mean airway pressure (see Fig 1).

Conclusion

This pilot study using machine learning predictive model resulted in an algorithm with poor
accuracy. We have proposed a method to apply supervised machine leaming algorithms to
extract knowledge from large amounts of patient mechanical ventilation data. Our method
aimed at predicting the behavior of SpO,, based on ventilator setting changes made by the cli-
nician and other clinical variables. To do that, we have exploited large amounts of data from a
PICU research database and proposed a data formatting process which creates datasets that
can be used for supervised training. The comparison of machine leamning models showed the
use of ensembles of bagged complex trees to be a promising approach. As for future work, vari-
ous approaches and methods may be considered, in the aim of improving prediction of SpO,
classification, or level prediction in the case of regression models. One potentially viable solu-
tion for improving predictive models would be to use a greater amount of data. Although this
could not be considered a warrant for better classifier robustness, it will decrease the need of a
data balancing process and may be a relatively simple approach to be considered in future
work. This will require a multicenter pediatric intensive care high resolution databases. For
the moment, the study presents amodel that predicts SpO, using known setting changes made
by the clinician, as well as the other clinical data that the clinicians involved in the study
deemed relevant for SpO, prediction. However, it is hoped that this predictive model will be
incorporated in a larger Clinical Decision Support System to assist PICU clinicians in making
decisions about required setting changes, based on the range in which SpO, and other parame-
ters (PaCO,, hemodynamic status, .. .) are to be maintained.

Supporting information
S1 File. Data formatting process.
(DOCX)

$2 File. Performance tests used in the machine learning models to predict oxygen satura-
tion following ventilator support adjustment in critically ill children.
(DOCX)
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BACKGROUND: Recent findings suggest that using alveolar Peg, (Pyco,) estimated by volumetric
capnography in the Bohr equation instead of Py¢q, (Enghoff modification) could be appropriate for
the calculation of physiological dead space to tidal volume ratio (Vp/Vy pope and Vp/Vop poonorr.
respectively). We aimed to describe the relationship between these 2 measurements in mechanically
ventilated children and their significance in cases of ARDS. METHODS: From June 2013 to
December 2013, mechanically ventilated children with various respiratory conditions were included
in this study. Demographic data, medical history, and ventilatory parameters were recorded. Vol-
umetric capnography indices (NM3 monitor) were obtained over a period of 5 min preceding a
blood sample. Bohr's and Enghoff's dead space, S2 and S3 slopes, and the S2/S3 ratio were
calculated breath-by-breath using dedicated software (FlowTool). This study was approved by
Ste-Justine research ethics review board. RESULTS: Thirty-four subjects were analyzed. Mean
Vo/Vr gone was 0.39 = 0,12, and Vp/Vy gpenerr was 0.47 = 0.13 (P = .02). The difference between
Vo/Vor sone and Vp/Vi gpenore Was correlated with Pug /Fy, and with S2/83. In subjects without lung
disease (Pyo/Fio, = 300), mean Vp/Vypo, was 0.36 = 0.11, and Vp/Vip g0 was 039 % 0.11
(P = .056). Two children with status asthmaticus had a major difference between Vyu/Vi gonr
and Vp/Vy gpener in the absence of a low Py, /Fip. CONCLUSIONS: This study suggests that
Vo/Vi sone a0d Vp/Vo iponor are not different when there is no hypoxemia (P /Fyo, > 300) except
in the case of status asthmaticus. In subjects with a low P, /Fyo,. the method to measure Vy/Vy
must be reported, and results cannot be easily compared if the measurement methods are not the
same. Key words: respiratory physiological concepts; mechanical ventilation; pediatric ICU; ventilation-

perfusion ratio; capnography; ARDS. [Respir Care 2017;62(4):468 474. © 2017 Daedalus Enterprises]

Introduction

Lung physiologic dead space (V) is defined as the
wasted tidal volume during respiration (ie, the volume
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remaining in the conducting airways [anatomical dead
space] and in poorly perfused and non-perfused alveoh
|alveolar dead space] that are not participating in gas ex-
change). Employing the law of mass conservation, Bohr
proposed a formula using alveolar Peg, (Paoco) to esti-
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ASSESSMENT OF DEAD SPACE IN MECHANICALLY VENTILATED CHILDREN

mate physiologic dead space. expressed as a ratio of dead
space volume (V) to tidal volume (V;).! Later, Enghoff
proposed a simplification of Bohr’s formulae to calculate
the physiologic dead space ratio at the bedside using ar-
terial P, (P, instead of P, .! Currently, physio-
logic dead space measurement is used by clinicians in the
management of mechanical ventilation because CO, re-
moval is inversely proportional to V,/V,, and V, fluctu-
ates considerably, depending upon the severity of lung
disease.? The dead space on Vy (Vp/Vy) ratio informs
caregivers as to the effect of therapeutic procedures such
as prone positioning,” surfactant administration,* or lung
recruitment maneuvers>¢ and provides information useful
in prognostication, depending on the severity of lung dis-
ease in adults and children.”®

Recent findings suggest that using P, estimated by
volumetric capnography can be appropriate to calculate
the Bohr physiological dead space/tidal volume ratio
(Vo/Vr gone)- Paco, (Enghoff modification) can be used as
well (Vip/Vi penorr)- Especially in the case of lung injury,
comparison of Vp/Vypa and Vp/Vrpgenor may have
complementary physiological meaning, as recently
suggested®!%: Bohr’s equation estimates the true dead space
(ie, high ventilation/perfusion [V/Q] units plus anatomical
and mechanical dead space), whereas Enghoff’s estimates
not only the dead space but also the shunting and low V/Q
regions of the lungs (Fig. 1). We conducted a prospective
observational study to compare Bohr's and Enghoff’s
measurements of V,/V, in mechanically ventilated chil-
dren, and we hypothesized that a difference between these
2 measurements may be observed in cases of lung injury.
If confirmed, a large difference between V,/Vy ., and
Vo/Vr gaghorr Would indicate significant lung heterogene-
ity with regard to the degree of shunt and low V/Q regions
in the lungs.

Methods
Subjects

All patients admitted to the Pediatric ICU of Sainte-
Justine Hospital (Montreal, Canada). <18 y old, mechan-
ically ventilated with an endotracheal tube for =6 h were
eligible for the study. They were included if they had an
arterial line and a blood gas scheduled. Exclusion criteria
were: gestational age <36 weeks, hemodynamic instabil-
ity (fluid administration or increasing use of catecholamines
in the last hour or serum lactate >2.2 mmol/L), high-
frequency oscillatory ventilation, extracorporeal membrane
oxygenation, air leak around the endotracheal tube >20%,
cyanotic heart disease, primary pulmonary hypertension,
palliative care, pregnancy, research assistant unavailable
for the study, and volumetric capnograph monitor unavail-
able. The study was approved by the Sainte-Justine Hos-

RESPIRATORY CARE o ApriL. 2017 VoL 62 No 4

QUICK LOOK

Current knowledge

Monitoring dead space ratio in critically ill patients is
of prognostic value and may help to manage ventilator
settings in patients with ARDS. Recent studies on the
estimation of dead space using volumetric capnography
validate a noninvasive estimation of alveolar CO, pres-
sure (P, ) to calculate Bohr dead space, whereas most
studies have used physiologic dead space (Enghoff dead

What this paper contributes to our knowledge
Major variations existed between Bohr and Enghoff
estimations of deadspace in cases of hypoxemic lung
injury. The use of volumetric capnography explains these
differences. The method of deadspace estimation should
always be detailed to allow interpretation based on these
findings.

pital institutional review board (approval 3622 [November
26, 2012]) without the need for parental or subject consent.

Study Protocol

Once the subject reached inclusion criteria without any
exclusion criteria, the subject’s head was positioned to
avoid air leak if any was detected. Then an infrared main-
stream CO, sensor (Capnostat, Philips Healthcare,
Markham, Ontario, Canada) was placed between the T-
piece and the endotracheal tube. The sensor was connected
to an NM3 volumetric capnograph (Philips Healthcare,
Markham, Ontario, Canada). We used the neonatal sensor
for children <5 kg and the pediatric sensor above that
weight. Volumetric capnography data were electronically
recorded over the 5 min before blood gas analysis. Only
one blood gas per subject was analyzed. Blood gas values
were corrected for body temperature.

Data Collected

Demographic charactenistics of the subject, diagnosis, ven-
tilatory parameters, blood gas results, blood hemoglobin level,
sedation scale, and clinical severity scores [PRISM (Pediatric
RISk of Mortality), PELOD (PEdiatric Logistic Organ Dys-
function)] were documented in a case report form. Severity of
lung injury was assessed using both P, /Fyo, ratio and oxy-
genation index F,_ X mean airway pressure/P,, (mm Hg).
Lung injury severity was classified using P /Fio, ratio thresh-
olds according to the Berlin definition."
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Pco,

Vo — VT.., :

VTeeo

Fig. 1. A: Representation of a volumetric capnogram with a schematic approach for the measurement of dead space. Noninvasive
estimation of dead space is related to Bohr’s approach after estimation of alveolar Pco, (Paco,), Whereas Enghoff's method requires an
invasive measurement of arterial P, (P c0.). Paco, is calculated as the middie point of a line joining the intersection of S2 and S3 slopes
and end-tidal Peo, (Perco,). Peco, Is mixed expiratory P, that corresponds to the integration of the P, vs tidal volume curve. Airway
dead space (Vp,_) Is calculated according Fowler's method (le, the equality of area p and q). B: A representation of Riley's model of the lung
with a superposition of Bohr and Enghoff dead space assessment formulas. In the bottom, the ventilation/perfusion ratio (V/Q) tends to
infinity (dead space); in the top, V/Q tends to zero and represents the amount of venous admixture or shunt. Enghoff's dead space (arrows
on the left) is the addition of high V/Q and low V/Q units. It may be higher than Bohr's dead space (arrow on the right), which represents
“pure dead space” (ie, high V/Q units). Data from Reference 10.

Data were collected electronically from the volumetric Analysis of variance and Bonferroni tests were used to
capnograph and calculated via dedicated software (Flow- compare 3 samples or more if variance homogeneity was
tool Viewer 3.03, Philips Healthcare, Markham, Ontario, achieved. The Pearson coefficient was used to describe
Canada). All recorded breaths were analyzed. Aberrant correlation between 2 continuous variables with a linear
capnograms were manually deleted if V. was <80% of correlation. P < .05 was considered as statistically signif-
the mean Vy or presented an aberrant aspect, such as a icant.
sharp increase in P, after phase 3 (named “phase 47), or
very different slopes of phase 2 or phase 3. Subjects were Results
secondarily excluded if >30% of capnograms were aber-
rant. The following values are the average of values con- Subjects
secutively obtained during a period of 5 min preceding the
blood sample: the slope of the phase 2 (S2) and phase 3 Forty subjects were included in the study from Decem-

(S3) of the capnogram; P, (alveolar partial pressure of ber 2012 to June 2013. Subject characteristics and the
CO, calculated at the midpoint of phase 3 starting from the distribution of P, /Fio, values are described in Table 1.

S2-S3 intersection, ending at end-tidal carbon dioxide pres- Six subjects were secondarily excluded from analysis. All
sure); mixed partial pressure of CO, in the expired vol- of them presented aberrant values of capnographic param-
ume; Vi, pone Vi ngnorst and the capnographic index, which eters. These findings were mostly associated with low V.

is defined as the S3/S2 ratio. Airway dead space was au- (<30 mL) (Fig. 2).
tomatically calculated (Fowler's method). See Figure 1 for
details. Dead Space Measurements and Relationship With
Lung Injury Severity
Statistical Analysis
Mean V)V, was 0.39 + 0.12, and mean Vp/Vo g

Statistical analysis was performed using SPSS 19 (SPSS, was 047 + 0.13 (P = .02). Vp/V1gone Was correlated
Chicago, Illinois). Descriptive statistics are presented as with Py /F\o, (r = —0.35, P = .031) and oxygenation
mean = SD. Comparisons of mean V,/V, values were index (r = 0.44, P = 005). Similar results were found for
performed using a f test for independent or paired samples. V/V1 Eaghor With Py /Fio, (r = —0.62, P < .001) and
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Table 1.  Subject Characteristics
Characteristics Values (N = 34)
Age, mean = SD y 6356
Weight, mean = SD kg 23+2
Male/female sex, n 15/19
PELOD score, mean = SD 87x176
PRISM score, mean + SD 98 =08
pH, mean = SD 734 =034
P, mean = SD mm Hg 118 = 18
Hb, mean = SD g/L 98 = 8
Reason for admission, n
Cardiac postoperative care 6
Non-cardiac postoperative care 5
Medical 2
Trauma 1
Lung injury categories, n
No ARDS (P, /Fy,, = 300 12
Mild ARDS (200 = P, /Fy, = 300) 11
Moderate ARDS (100 = P [Fy;,, = 200) 11
Severe ARDS (P, /Fio, < 100) 0
PRISM ~ Pediatric RISk of Moctality
PELOD - Pldiatric Logistic Organ Dysfunction
Subjects enrolled
40
Excluded
6
Analyzed
34
Fig. 2. Flow chart.
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oxygenation index (r = 0.65, P < .001). Dead space as-
sessment among different categories of severity of lung
injury is represented in Figure 3. Analysis of variance
showed significant Vp/V gognor difference for each cat-
egory of P, /[F,, (P = .003). However, no difference in
Vi/Vr Bone Was observed.

The percentage difference between Vyp/Viy gagnor and
VD/VT Bohr (Vl:/VT Enghoff — VD/VT Boh:)NDIV‘r Enghoff
was 17 = 16% (from —21 to +65%). Figure 4 represents
the comelation between percentage difference and Py /Fio,
(r = —0.50, P = .003). Subjects were divided into 3 quartiles
of percentage difference: 0-5% (first quartile, n = 8), 5-25%
(second and third quartiles, n = 16), and >>25% (fourth quar-
tile. n = 11). Table 2 shows the factors associated with per-
centage difference.

Discussion

Our study confirms that in mechanically ventilated chil-
dren, dead space measurements using P, from volu-
metric capnography (Vp, gone) gave lower values compared
with dead space measurements using P, (Vi gognor)-
Major differences are found in subjects presenting the most
severe lung injury. Furthermore, our results suggest that
the shape of the capnogram itself (capnographic index) is
predictive of major variations.

Based on the 3-compartment model of Riley. dead space
represents the fraction of lung that is ventilated but unper-
fused (V/Q ==). However, Enghoff’s equation, by using
Pco, instead of Pyco , overestimates Riley’s dead space
(Fig. 1). Indeed, P, differs from P, in the case of -
right to left shunt or in subjects with high V/Q heteroge-
neity and consequently high P3 slope.!2.13

B -
0.8
0.6 é
0.4
02
[1Bohr
§ W Enghoff
L] L] L
0-4 4-8 >8

Oxygenation Index

Fig. 3. Vp/V; values according to different levels of lung injury severity. The asterisk shows interclass differences after analysis of variance

(AP =.03; B: P = .014).
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Fig. 4. A: P.co/Fio, values for 3 intervals of variations between

Bohr's and Enghoff's calculation of dead space (percentage

difference = (Vp/V; — Vp/V1 Vo'Vt ). Asterisks
indicate significant differences with P = .003 ager analysis of
variance/Bonferroni test. B: Representation of the correlation
between P /F,o, and difference between Bohr and Enghoff.

Table 2.  Factors Associated With an Increase in the Difference
Between Vi, 5, a0d Vi, 00 Measurement

Variables r 4
P.o/Fio, -0.50 .003
Oxygenation index 0233 .19
Capnographic index 0479 004
P2 slope -0279 A1
P3 slope 0.025 .89
VoV -0.249 16

Vingy = arway dead space

In our study, larger differences between Bohr’s and Eng-
hoff’s dead space occurred as lung injury worsened. Such
large differences between Vp/Vipg and Vi/Vopoonor
have been observed for intrapulmonary shunt fraction >20—
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30% (using Berggren's formula for shunt calculation) in
an animal model of ARDS.'* This study confirmed data
obtained from computerized models with similar levels of
shunt,'® whereas older studies suggested that only contexts
of high right to left shunt (50%). unlikely to occur in most
critically ill patients, resulted in increased Vy/V1.'® In
Suarez-Sipmann et al'# again, the use of known algorithms
to correct the effect of shunt leads to a better correlation of
Vb Bonr and Vi gngnosr. but this correction failed to explain
the entire difference.

Apart from intrapulmonary shunt, the coexistence of a
large variety of alveoli with very high and very low V/Q
can explain higher P3 slopes, because each V/Q is asso-
ciated with a given expiratory time constant. Thus, high-
V/Q alveoli (that contain a low quantity of CO,) generate
the first part of the phase 3 slope, whereas low-V/Q alveoli
generate the last part of the phase 3 slope due to higher
concentration of CO,. In an animal model of acute lung
injury, a good correlation was observed between P3 slope
and V/Q dispersion (assessed by the multiple inert gas
elimination technique).'” In the clinical setting, this dis-
persion of V/Q values is best described by S2/S3, else-
where named the capnographic index or KPI, and this has
been reported in children with chronic obstructive disease
(cystic fibrosis. bronchopulmonary dysplasia, or asthma).!520
Our study is the first to report the statistically significant
association of the capnographic index and the difference
between Bohr's and Enghoff’s calculation of dead space in
the critical care setting, and our results are comparable
with those found in children with cystic fibrosis versus
controls'® (ie, patients with major variations of dead space
measurement also present with a higher capnographic in-
dex). These results suggest that the interpretation of the
appearance of the capnogram itself may be appropriate
and may guide decisions in the management of patients
with ARDS.

One limitation of our study is the absence of evaluation
of pulmonary blood flow. Apart from shunt and dispersion
of V/Q values, increases in dead space could be due to
decreased blood flow in the pulmonary artery.'s-2'22 Pul-
monary blood flow is not measured routinely in children,
but we excluded patients with hemodynamic instability
and intracardiac right to left shunt, allowing us to assume
that pulmonary blood flow was near normal ranges. Fur-
thermore, other parameters that influence dead space in
ARDS computerized models were not necessarily con-
trolled for in our study: Hemoglobin and pH are 2 vari-
ables that influence the amount of dissolved CO, and thus
the calculation of dead space.2? However, pH and hemo-
globin were within normal ranges in the pediatric ICU
subjects included (Table 1).

Another limitation of our study may be the choice to
consider the effect of temperature on CO, partial pressure
measurement. Indeed, because exhaled gas measurements
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reflect the in vivo alveolar Pcp, we chose to take into
account corrected (for subject’s temperature) values of
P.co,. This choice was suggested in previous studies.”*
However, the comparison of uncorrected versus corrected
values of Vip/Vy pop and Vi/Vip oo would be interest-
ing to further analyze the impact of temperature on both
measurements.

Apart from our main results, we identified subjects of
special interest: those with high percentage difference in
the absence of hypoxemia and those with low percentage
difference and severe hypoxemia. Three subjects were iso-
lated. One was a 6-month-old infant weighing 4 kg with
dilated cardiomyopathy admitted after cardiac surgery hav-
ing a P, /F, of 104 and an oxygenation index of 12. The
percentage difference was only 6% despite severe hypox-
emia. This subject had a Vy of 36 mL with an airway dead
space equal to 18 mL that explained most of the V/V,
(0.66). This low difference was probably due to the pro-
portional low influence of V/Q mismatch when compared
with instrumental + anatomical dead space (ie, airway
dead space). Two children were intubated for severe status
asthmaticus resistant to 3, agonists who displayed severe
hyperinflation without any consolidation on chest radio-
graph. In these subjects, Vip/Vir gagnosr values were high
(0.51 and 0.53) with a high percentage difference (65 and
55%) and high P, /F,, (245 and 280 mm Hg, respectively).
In such subjects, a large variation between Bohr and Enghoff
dead space measurements may be observed without much
hypoxemia, suggesting that Enghoff dead space measure-
ments (including a P, measurement) are required to mea-
sure dead space accurately.

Conclusions

Our results suggest that Bohr and Enghoff dead space
measurements are not similar in cases of hypoxemia
(P, /Fo, <300) except in the case of status asthmaticus.
Our study confirmed that Enghoff dead space measure-
ments are usually higher than Bohr dead space measure-
ments. The method used to measure V/V; must be re-
ported, and the availability of volumetric capnography to
assess both Vi, gone and Vi gpgnorr may be more informa-
tive than dead space monitoring alone in the management
of patients with ARDS.

ACKNOWLEDGMENTS
We thank Dr Catherine Farrel for revision of the manuscript.

REFERENCES

1. Bohr C. Ueber die Lungenathmung 1. Skand Arch Fiir Physiol. 1891;
2(1):236-268.

2. McSwain SD, Hamel DS. Smith PB, Gentile MA, Srinivasan S,
Meliones N, Cheifetz IM. end-tidal and arterial carbon dioxide mea-

RESPIRATORY CARE @ ApriL 2017 VoL 62 No 4

surements correlate across levels of physiologic dead space. Respir
Care 2010;55(3):288-293.

3. Charron C, Repesse X, Bouferrache K. Bodson L, Castro S, Page
B. et al. PaCO2 and alveolar dead space are more relevant than
PaO2/Fi02 ratio in monitoring the respiratory response 1o prone
position in ARDS Subjects: a physiological study. Crit Care 2011;
15(4):R175.

4. Wenzel U, Ridiger M, Wagner MH. Waeur RR. Utility of deadspace
and capnometry measurements in determination of surfactant efficacy in
surfactant-depleted lungs. Crit Care Med 1999:27(5):946-952.

5. Maisch S, Reissmann H, Fuellekrug B, Weismann D, Rutkowski T,
Tusman G, Bohm SH. Compliance and dead space fraction indicate
an optimal level of end-expiratory pressure after recruitement in
anesthetized pateints. Anesth Analg 2008:106(1):175-181, table of
contents.

6. Tusman G, Suarez-Sipmann F, Bohm SH, Pech T, Reissmann H,
Meschino G. et al. Monitoring dead space during recruitment and
PEEP titration in an experimental model. Intensive Care Med 2006;
32(11):1863-1871.

7. Nuckton TJ, Alonso JA, Kallet RH, Daniel BM. Pittet JF, Eisner
MD, Matthay MA. Pulmonary dead-space fraction as a nisk factor for
death in the acute respiratory distress syndrome. N Engl J Med
2002:346(17):1281-1286.

8. Almeida-Junior AA, da Silva MT, Almeida CC, Ribeiro JD. Rela-
tionship between physiologic deadspace/tidal volume ratio and gas
exchange in infants with acute bronchiolitis on invasive mechanical
ventilation. Pediatr Crit Care Med 2007:8(4):372-377.

9. Tusman G, Sipmann FS, Borges JB, Hedenstiena G, Bohm SH.
Validation of Bohr dead space measured by volumetric capnography.
Intensive Care Med 2011:37(5):870-874.

10. Tusman G, Sipmann FS, Bohm SH. Rationale of dead space mea-
surement by volumetric capnography. Anesth Analg 2012:114(4):
866-874.

11. ARDS Definition Task Force, Ranieri VM, Rubenfeld GD, Thompson
BT, Ferguson ND, Caldwell E, et al. The Berlin definition of acute
respiratory distress syndrome. JAMA 2012:307(23):2526-2533.

12. Wagner PD. Causes of a high physiological dead space in cnitically
ill subjects. Crit Care 2008:12(3):148.

13. Hedenstierna G, Sandhagen B. Assessing deadspace, a meaningful
variable? Minerva Anestesiol 2006:72(6):521-528.

14. Suarez-Sipmann F, Santos A, Bohm SH, Borges JB, Hedenstierna G,
Tusman G. Corrections of Enghoff’s dead space formula for shunt
effects still overestimate Bohr's dead space. Respir Physiol Neuro-
biol 2013:189(1):99-105.

15. Hardman JG, Aitkenhead AR. Estimating alveolar dead space from
the arterial to end-tidal CO, gradient: a modeling analysis. Anesth
Analg 2003:97(6):1846-1851.

16. Mecikalski MB, Cutillo AG. Renzetti AD. Effect of right-to-left
shunting on alveolar dead space. Bull Eur Physiopathol Respir 1984;
20(6):513-519.

17. Tusman G, Suarez-Sipmann F, Bohm SH, Borges JB, Hedenstierna
G. Capnography reflects ventilation/perfusion distribution in a model
of acute lung injury: Phase 111 slope of capnograms is related to the
V/Q ratio. Acta Anaesthesiol Scand 201 1;55(5):597-606.

18. Fuchs SI, Junge S. Ellemunter H, Ballmann M, Gappa M. Calcula-
tion of the capnographic index based on expiratory molar mass-
volume-curves: a suitable ol to screen for cystic fibrosis lung dis-
ease. J Cyst Fibros 2013;12(3):277-283.

19. Fouzas S, Hicki C, Latzin P, Proietti E, Schulzke S, Frey U, Del-
gado-Eckert E. Volumetric capnography in infants with bronchopul-
monary dysplasia. J Pediatr 2014;164(2):283-288.¢1-3.

20. Stromberg NO. Gustafsson PM. Ventilation inhomogeneity assessed
by nitrogen washout and ventilation-perfusion mismatch by capnog-

473

173



C. Noninvasive estimation of arterial CO2 from end-tidal CO2 in

mechanically ventilated children: The GRAeDIENT pilot study

Noninvasive Estimation of Arterial Co, From
End-Tidal Co, in Mechanically Ventilated Children:
The GRAeDIENT Pilot Study*

Florent Baudin, MD"?; Pierre Bourgoin, MD'?; David Brossier, MD'; Sandrine Essouri, MD'%;
Guillaume Emeriaud, MD, PhD'?; Marc Wysocki, MD?; Philippe Jouvet, MD, PhD'?

Objectives: The aim of our pilot study was to develop a model to
better predict Paco, in mechanically ventilated children using non-
invasive parameters including volumetric capnography.

Design: Prospective clinical pilot study.

Setting: Level lll PICU.

Patients: Sixty-five mechanically ventilated children.
Interventions: None.

Materials and Methods: We conducted a prospective clinical pilot
study that included all children admitted to the PICU (< 18 yr;
weight, > 3kg; mechanically ventilated, > 6 hr; with an arterial line). A
predictive model for Paco, was developed using linear multivariable
regression. Among the data collected in PICU patients, candidate
predictors of Paco, were defined by a panel of experts and included

*See also p. 1180.
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end-tidal partial pressure of carbon dioxide, ventilation parame-
ters, and data resulting from the analysis of volumetric capnogram
recorded 5 minutes before an arterial blood gas. Children with tidal
volume less than 30 mL were excluded because of technical limits.
Results: A total of 65 children (43 boys, 65%) (65 [21-150] mo
old) were analyzed. By linear multivariable regression, the best
model included the mean airway pressure, end-tidal partial pres-
sure of carbon dioxide, Fio,, and the capnographic index with an
R equal to 0.90, p value less than 0.001. After correction, 95%
(n=62) of children had an estimated Paco, at + 5mm Hg.
Conclusion: Our model developed provides an accurate estima-
tion of the Paco, using end-tidal Co, and noninvasive variables.
Studies are needed to validate the equation in PICUs. (Pediatr
Crit Care Med 2016; 17:1117-1123)

Key Words: carbon dioxide; mechanical ventilation; pediatrics;
respiratory monitoring; volumetric capnography

adjusts the ventilation to maintain arterial pH and Paco,

constant (1). In the case of severe respiratory distress,
patients are mechanically ventilated and ventilation is no lon-
ger controlled solely by the central respiratory command, and
caregivers adjust ventilation through changes in ventilator set-
tings using arterial blood gas analysis at regular intervals. Arte-
rial blood gases (ABG) are invasive, painful (in the absence of
arterial line), and offer only a snapshot of the respiratory status.

Recent studies have demonstrated that oxygen saturation
(Spo,) can be used to estimate Pao, in mechanically ventilated
children when Spo, is of 97% or below (2—4). Paco, may also be
estimated noninvasively from the end-tidal partial pressure of Co,
(Petco,). In healthy subjects, Petco, is close to the Paco, values (5-
7). In patients with hemodynamic instability or pulmonary injury,
Petco, value may significantly diverge from Paco, (5, 8,9). In such
conditions, Petco, is not used routinely in the PICU as a noninva-
sive predictor of the Paco, for ventilator setting modifications (10).

Many conditions may affect the correlation between
Paco, and Petco, in critically ill patients. In patients with

In spontaneous ventilation, central respiratory command
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cyanotic heart diseases, Fletcher (11) demonstrated that the
gradient between Paco, and Petco, mainly depends on the
extent of right to left shunt and increases by 2-3 mm Hg for
every 10% drop in Spo,. De Vries et al (12) validated a cor-
rective equation of the Petco, based on Spo, values in these
patients. In patients mechanically ventilated without intra-
cardiac right to left shunt, the gradient between Paco, and
Petco, depends on heterogeneity of ventilation-to-perfusion
(V/Q) ratio in the lung (13-15), on physiologic dead space—
which includes intrapulmonary shunt and alveolar dead-
space (14, 16, 17)—and on pulmonary blood flow (14, 18).
Under certain conditions, the difference between Paco, and
Petco, may exceed 15mm Hg (16). To better assess nonin-
vasively the gradient between Paco, and Petco,, volumetric
capnography (VCap) can be used. VCap is the representation
of expired Co, over the volume of one tidal breath (Fig. 1)
(19, 20). VCap may provide qualitative information on pul-
monary blood flow (14, 15), dead space (17, 21), and V/Q
mismatch (22-24).

The aim of this study was to determine independent non-
invasive variables commonly available at the bedside, includ-
ing VCap, that would allow accurate prediction of Paco, in
mechanically ventilated children.

MATERIAL AND METHODS

This prospective observational study was performed in a
24-bed university-affiliated hospital PICU between May 2013
and September 2014. The study was approved by Sainte-Jus-
tine Hospital Institutional Review Board number 3622.

Population

Children under 18 years hospitalized in the Sainte-Justine
PICU (Montreal, QC, Canada) undergoing invasive mechani-
cal ventilation were eligible to participate. The inclusion cri-
teria were as follows: body weight greater than 3kg, invasive

o
wralo,

PO,

® PECO,

-~ Tidal Volume (mi)

Figure 1. Volumetric capnography curve and main parameters,
PACo, = alveolar partial pressure of Co,, Petco, = end-tidal parbal
pressure of Co,, PEC0, = mixed expired partial pressures of Co,,
S2slp = slope S2 phase, S3slp = slope S3 phase.

1118 www.pccmjournal.org

mechanical ventilation (i.e., with endotracheal tube) more
than 6 hours, arterial cannula previously inserted for inva-
sive arterial blood pressure monitoring, arterial blood gas
prescribed by the attending physician. Exclusion criteria were
as follows: gestational age less than 36 weeks, hemodynamic
instability (fluid administration or increasing use of catechol-
amine in the last hour or serum lactates > 2.2 mmol/L), high-
frequency oscillatory ventilation, extracorporeal membrane
oxygenation, air leak around the endotracheal tube more than
20%, cyanotic heart disease, primary pulmonary hypertension,
palliative care, pregnancy, research assistant unavailable for the
study, and VCap monitor unavailable.

Monitoring

We carried out continuous cardiorespiratory monitoring
(heart rate, Spo,, and invasive arterial blood pressure) with
an Intellivue MP70 monitor (Philips Healthcare, Markham,
ON, Canada). VCap and Petco, values were obtained via a
dedicated Flow/Co, sensor (Capnostat 5 mainstream pedi-
atric; Philips Healthcare, Markham, ON, Canada) routinely
placed at the Y piece of the respirator and connected to a Res-
pironics NM3 monitor (Philips Healthcare, Markham, ON,
Canada).

Study Protocol and Recordings

All patients in the PICU were screened daily for eligibility and
eligible patients were reviewed by the research assistant with
the attending medical team. Capnostat Flow/Co, sensor (Cap-
nostat 5; Philips Healthcare, Markham, ON, Canada) was con-
nected at least 60 minutes prior to the ABG prescribed by the
attending physician and data were recorded over 10 minutes
before ABG analysis. The Co, sensor was calibrated before each
use as recommended by the manufacturer’s instructions. The
capnograms were recorded and stored on a computer. Data
from the ventilator, demographic, clinical, and biologic data
were stored continuously in the electronic medical records
(ICCA; Philips Healthcare, Markham, ON, Canada). Pressure
measurements were expressed at body temperature and pres-
sure saturated.

Variables Studied, Statistical Analysis, and Sample
Size Calculation

The Paco, was considered as the dependent variable and we
elaborated an equation using a linear model to predict Paco,
from noninvasive data available at the point of care with clini-
cally acceptable precision. This clinically acceptable precision
was + 5mm Hg of the measured Paco, and was defined accord-
ing to the Clinical Laboratory Improvement Amendments
recommendations (25). Candidate predictors of Paco, (inde-
pendent variables) included Petco, and patient demographic
and dlinical characteristics, data from the ventilator, and data
from VCap that were defined prior to the study by a panel of
six intensivists (26). The variables selected included Petco,, Fio,,
Spo,/Fio,, a angle between slope S2 (S2slp) and slope S3 (S3slp)
(Fig. 1) (27), capnographic index (KPIv), that is, the ratio of
S3slp on S2slp (KPIv = S3slp/S2slp x 100) (24, 28), and mean
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airway pressure (MAP). Prediction equations were constructed
via multiple linear regression analyses to identify predictor
variables of Paco,. Residual analysis was conducted to confirm
normality, linearity, and equal variance of the regression model.
Data from the VCap were analyzed breath-by-breath using spe-
cific software (FlowTool 3.0.3; Philips Healthcare, Markham,
ON, Canada). Aberrant data (negative slope, double analysis)
and breath with tidal volume (V) outside of the flow sensor
calibration range (< 30mL) or less than 80% from median V,
(28) were excluded manually. Children with more than 60%
aberrant breaths were excluded. As Paco, and capnographic
data are not on the same time domain, the mean values of 5
minutes of VCap data before the arterial sampling were used.
From the data provided automatically by the VCap, several
independent variables were calculated using equations pre-
viously reported in the literature: « angle between S2slp and
S3slp, KPlv, alveolar partial pressure of Co, (PACo,), that is, the
midpoint of S3slp (17) and Bohr’s deadspace volume (V) on V,
ratio (V,/V, = [PACo, — PECo,]/PACo,), where PECo, is mixed
expired partial pressures of Co, (Fig. 1) (17).

A sample size of 65 patients was estimated to provide 80%
power with a two-sided « level of 5% to detect a medium effect
size R? of at least 0.20 with a linear regression model contain-
ing up to seven predictors. A two-tailed p value of less than

TABLE 1. Patient Characteristics at Study
Inclusion

Clinical Characteristics Patients (n = 65)

Demographic characteristics
Male, n (%) 41 (63)
Age (mo) 65 (21-150)
Weight (kg) 19(11-33)
Reasons for PICU admission, n (%)
Postoperative care 26 (40)
Acute medical cause 31(48)
Acute surgical cause including trauma 8(12)
Chronic condition, n (%)
Acyanotic heart disease 15 (23)
Respiratory disease 11(17)

Respiratory indices

Pao,_/Fio, 277 (222-391)

Oxygenation index 3(2-5)

Pao,/Fio, <300, n (%) 38(58)
Score

Pediatric Risk of Mortality 9 (5-14)

Pediatric Logistic Organ Dysfunction 11(1-12)

Data are presented as the median with the interquartile range, unless
otherwise ffied. Oxygenation index = (Fio, [9] x mean airway pressure
[cm H,0])/Pao, (mm Hg).
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0.05 was considered to be significant. Bland and Altman analy-
sis was not used because Paco, was the reference and because
we used the same sample for the predictive equation and the
presentation. Categoric data were expressed as number (%)
and continuous data as the median with the interquartile
range. Statistical analyses were performed using SPSS v22 soft-
ware (IBM, New York, NY).

RESULTS

A total of 75 patients were included and 10 patients were
excluded at the time of the analysis because of V| less than
30mL (n = 6) or more than 60% aberrant curves or change
in the ventilator settings during the recording (n = 4). The
final study population included 65 patients. The median age
was 65 months (21-150 mo) with a median weight of 19kg
(11-33kg). The demographic data at inclusion are presented
in Table 1. We analyzed 7,563 breaths and retained 6,713,
which represent 88.7% + 13.3% of the total registered breaths.
The main clinical data, biologic data, and ventilator settings

TABLE 2. Ventilatory Settings, Clinical and
Biologic Data During Recordings

Patients

Clinical and Biological Data n=65
Ventilatory modes, n (%)

Volume assist control ventilation 31(48)

Pressure assist control ventilation 10(15)

Pressure support ventilation 13 (20)

Synchronized intermittent volume 9(14)

control ventilation

Neurally adjusted ventilatory assist 2(3)
Ventilator's parameters

Fio, (%) 40 (30-51)

TV (mL/kg) 6.8 (5.8-8.2)

Positive end-expiratory pressure 5(5-7)

(cm H,0)

Peak inspiratory pressure (cm H,0) 18,6 (15.4-24.3)

Mean airway pressure (cm H9O) 8.7 (75-12.8)
Clinical parameters

Heart rate (beats/min) 112 (90-135)

Respiratory rate (breaths/min) 24 (16-30)

Oxygen saturation (%) 99 (97-100)

Biologic parameters
Paco, (mm Hg)
Pao, (mm Hg) 112 (90-140)
Hemoglobin (g/L) 95.5 (85-109)

Data are presented as the median with the interquartile range, unless

44.8 (38.8-49)

otherwisa specified
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are summarized in Table 2. A total of 25 children (38.5%) had
acute respiratory distress syndrome (ARDS) according to the
definition of the Pediatric Acute Lung Injury Consensus Con-
ference (29) and five of them had severe ARDS (oxygenation
index, 2 16). In total, 38 children had a Pao,-to-Fio, ratio less
than 300mm Hg. Three children were intubated for severe
asthma. The mean gradient between Paco, and Petco, (Paco,

— Petco,) was 3.35mm Hg and the range was —5.2mm Hg to
23.5mm Hg (Figs. 24 and 3A).

Among the 24 candidate predictors, the best model included
four independent variables (Supplemental Digital Content 1,
Table, http://links.lww.com/PCC/A299): the Petco,, the MAP,
the Fio,, and the KPIv (p < 0.001). The resulting equation (also
called “best model”) was as follows: noninvasive estimated

Paco, (P_Co,) = 0.859 + 0.827 x
PetCo, (mm Hg) +0.310 x MAP

A Betore correction
05

(cm H,0) + 0.081 x Fio, (%) +
0.529 x KPIv (Figs. 2B and 3B).

y=0.7799x + 6.7676 The coefficient of determina-

Py CO, inmmHg

tion (R*) was 0.90 (Table 3).
The equation was built after
exclusion of one outlier with

low MAP due to high inspira-
tory effort. The mean gradient
between Paco, and P_Co, (Paco,

- P_Co,) was 0.13+2.56mm
Hg. The model was independent
of the V/V, ratio (R* = 0.034;
p = 0.0142) (Supplemental

30 35 40 45

Digital Content 2, Fig, http:/
links.lww.com/PCC/A300). The

predictive equation without
including variables from the

VCap was P_Co, b = -1.525 +
0.876 X Petco, (mm Hg) + 0.442
X MAP (cm H,0) + 0.117 x Fio,
(%). The coefficient of deter-
mination of this model was R’
equal to 0.84 (Figs. 2C and 3C).
The mean gradient between
Paco, and P_Co,_bwas0.13mm
Hg + 3.1 mm Hg.

With the best model, 95%
- (n = 62) of children had an esti-

mated Paco, at + 5mm Hg of
the measured Paco, versus 75%

(n = 49) using Petco, only.

DISCUSSION

Our study reports the accurate
and noninvasive estimation of
Paco, using Petco,, ventilation
parameters, and one parameter

from VCap, in mechanically
ventilated children. Our model
provides an estimation of Paco,

PaCO, m mmHg

_ 50 55 60 65
PaCO, m mmHg
B Correction with the "best" model
05
y=0.8873x + 4.8846
60
%" 55 1
g8 50+
8
g 45
a
A 40 -
35 -
30 - v "
30 35 40 45 50 55 60 65
PaCO, m mmHg
C Correction without volumetric capnography
55
y=0,7423x + 4,3279
50
g
8 45
"
g 40
o
35 -
30 T ' y .
30 35 40 45 50 60 65

with an accuracy of + 5mm Hg
a in 95% of the children. The
three variables (MAP, KPlv, and

Fi0,) combined with Petco, led

Figure 2. End-fidal partial pressure of Co, (Petco,) versus measured value of Paco, and correlation line before
correction (A), after correction with the *best” mode! (B) and after correction with the model without variable

from the volumetric capnography (C) in 65 children.
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to a 0.28 increase in the coeffi-
cient of determination in com-
parison with the Petco, alone.
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TABLE 3. Prediction of Paco, From Stepwise
Linear Regression

sk of the
Model R Estimate P
Petco, 0.627 451 <0.001
Petco, + KPIv 0815 320 <0.001
Petco, + KPlv + Fio, 0.883 257 <0.001
Petco, + KPlv + Fio, + mean 0901 238 <0001

airway pressure

KPlv = capnographic index, that is, the ratio of slope S3 phase on s S2
phase (Fig. 1), Pghoo,-end-tidal partial pmssusr‘:gl Co,,p e

Noninvasive estimation of Paco, is a real challenge to
limit blood sampling especially in pediatric population
(30). De Vries et al (12) validated a corrective equation with
an R? of 0.94. These results were obtained in an homoge-
neous population of patients with cyanotic heart disease,
in whom right to left shunt was the major determinant of
the gradient between Paco, and Petco, (alveolar ventilation
was considered to be normal). In a recent study, Khemani et
al (9) described a model to derive and estimate Paco, and
pH in children with ARDS. Their algorithm was built on
retrospective data without the use of VCap and only 67.5%
had a predictive value at + 5mm Hg of Paco,. Alternatively,
transcutaneous Co, monitoring (TcPco,) can estimate
Paco, but is not frequently used in pediatric intensive care
(31) and has several limitations. Sites of measure of TcPco,
require regular changes to avoid burns (32) and also have
a prolonged calibration and stabilization time that varies
with devices (32, 33).

VCap provides extensive information to improve the ven-
tilator management of patient with ARDS (i.e., dead space,
alveolar volume). Therefore, an accurate estimation of the
Paco, may be useful and relevant in this context. The expired
Co, changes almost instantaneously and is sensitive to altera-
tion in blood Co, tension. Differences between Paco, and
Petco, are known to be associated with severity of pulmonary
disease (22). Besides the increase in alveolar dead space (also
called “true deadspace”), intrapulmonary shunt (34, 35) and
the wide heterogeneity of V/Q ratio may explain the increase
in the gradient between Paco, and Petco,. This mechanism
may be more important in children with lung disease espe-
cially during ARDS.

Our model included additional parameters correlated
with the pulmonary status. Fio, and MAP are included in the
oxygenation index and in the oxygenation saturation index,
previously described as markers of severity in children with
ARDS (2—4). Our model also included the KPlv, defined as
the ratio of the slope of S3 to the slope of S2. The shape of
VCap curve (slope, a angle, and KPIv) has been described in
several studies as markers of ventilation distribution, airway
resistance, and ventilation perfusion (18, 20, 22, 23). The KPIv
provides an overview of the ventilation perfusion heterogene-
ity (24, 28). Ventilation perfusion mismatch is probably one
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of the main determinants of the gradient between arterial
and end-tidal Co, during ARDS that explains the pertinence
of integrating the KPIv in the model (22). However, with our
model the impact of V-to-V, ratio increase was controlled
(Supplemental Digital Content 2, Fig, http://links.lww.com/
PCC/A300). Yamauchi et al (36) demonstrated that the gradi-
ent between arterial and end-tidal Pco, was also dependent on
the Fio, in healthy adults, essentially because the alveolar dead
space increases with higher Fio,. The presumed mechanism is
that high Fio, results in the redistribution of blood flow prefer-
entially away from less perfused alveoli to already well-perfused
alveoli. In our study, such a gradient was observed exclusively in
patients with lung disease, consequently the effect of increased
Fio, in well-aerated alveoli is uncertain (Supplemental Digital
Content 3, Fig,, http://links.lww.com/PCC/A301).

Unlike most studies that derived clinical prediction models (9,
12), our study was a prospective study. Additionally, our model
was built with a population representative of the children admit-
ted to a PICU (postoperative, asthma, ARDS, and restrictive lung
disease). Our model takes into account the clinical condition of
the patient and may be used in all children, independently of
their lung condition. As a result, the overall population has a rela-
tively mild lung disease and only few children have a Paco, with
extreme values. This strategy was used to ensure that our model
does not over-correct “healthy” children but may be also a limita-
tion. The model should be tested in patients with various condi-
tions as provided in the multicenter validation study.

Our study has several limitations. First, it was a single cen-
ter study and therefore there is a need to validate the model
in other centers. Second, our model could be less accurate
in patients with major inspiratory effort. During mechani-
cal ventilation, the pressure applied to the respiratory sys-
tem (transpulmonary pressure) is the pressure provided by
the ventilator and the pressure generated by the patient. This
implies that MAP only reflects the characteristic of the respi-
ratory system if the patient does not generate a high pressure.
Third, children with low V, (< 30mL) were excluded. Thus,
children with a weight less than 4kg (or V, < 30mL) cannot
benefit from the use of this model. We expect that we will be
able to build another model for these infants, using neonatal
sensors and slope calculation based on mathematical function
(37) or linear regression (18, 33). VCap monitor provides in
real time all the data and the curve. For the study, we used a
dedicated software to extract the data (FlowTool 3.0.3; Philips
Healthcare, Markham, ON, Canada) with automatic calcula-
tion of the slope. To be clinically useful, the equation should
be implemented in a monitor or ventilator to display the value
in real time (based on the mean values of 5 min of VCap data).
This will be discussed with manufacturers after a multicentric
validation study. Finally, situations that preclude expired Co,
monitoring (high-frequency oscillatory ventilation, signifi-
cant air leaks, and extracorporeal live support) are also limita-
tions, and measurement of TcPco, seems particularly suited
to these cases.

In conclusion, our corrective equation developed in this
pilot study provides an accurate estimation of the Paco, using

www.pcecmjournal.org 1121

178



Baudin et al

A Before correction
o 2500
L
-
520.00
- .
'%15.00 o .
o
4, 1000 . 3
g & ) -
p -- ek Y '..' - -
2 0.00 % .0.' e o2 8 ! 8
a : TR " T
30 a5 40 45 50 55 60 65
B - Correction with the "best" model
a1
%zo.oo
3
.H15.00
810.00 'S
a
=¥
=~ 5.00 -----------------'--------‘.—------------
8 ® o’ ¢ ° e *
Be 0.00 .'ﬁﬁ .._z%’_._.x'_‘ e * &
E s & e o *%
£
O—lo.oo PaCO, in mmHg
30 35 40 45 50 55 60 65
Cc 2e00 Correction without volumetric capnography
o2
Ezo.oo
Els.on
8,10.00
o - A
. 5.00 m-ﬂm-“ﬁ——t-mt-m-*-“m_
o A A
A - A A
g om A ‘_“_’ = A ‘; s A s
= 4 e LF LMaTAL
g-s.oo -
[+
5-10.00 PaC0;in mmHg
30 35 40 45 50 55 60 65

Figure 3. Gradient versus measured value of Paco, before comection (A), after correction with the *best’ model (B) and after correction with the model
without variable from the volumetric capnography (C) in 65 children. Petco, = end-fidal partial pressure of Co,,.

1122

www.pccmjournal.org

December 2016 » Volume 17 * Number 12

179



noninvasive variables including VCap. We plan to validate it
in our PICU but also further studies are needed to validate its
use in other PICUs (external validation). Our study is one of
the steps of a program that aims to develop explicit computer-
ized protocols and a closed loop system that adapts mechanical
ventilation settings according to noninvasive parameters (38).
As pH and Paco, are key invasively measured parameters used
to adjust ventilation, the validation of our equation that non-
invasively estimates Paco, is our crucial next step.
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Abstract Mortality and morbidity related to traumatic brain injury (TBI) present a major health
care burden. Patients with severe TBI must be managed rapidly and efficiently to
minimize secondary brain injury potentially leading to permanent sequelae. This is
especially important in young patients, whose brain is still in development, making
them particularly susceptible to secondary insults. The complexity of both brain injury

Keywords pathophysiology and the intensive care unit environment makes the management of

= brain injury these patients challenging, with a risk of delayed response and|or patient instability

= head trauma contributing to worsened outcome. Computerized assistance in TBI appears likely to

= intensive care unit
= pediatric intensive

improve patient management, by helping clinicians quickly analyze and respond to
ongoing clinical changes and optimizing patient status by guiding management.

care unit Currently, computerized decision support systems (CDSSs) do not feature continuous
= computerized medical assistance with individualized treatment plans. This review presents new
decision support developments in CDSSs specialized in TBI. We also present the framework for future
system CDSSs needed to improve TBI management in real time, taking into account individual

= neurocritical care patient characteristics.

time cost per case of severe TBI was estimated at up to U.S.

Introduction
$400,0002

Traumatic brain injury (TBI) is a major health problem.! These
injuries can be sustained during motor vehicle accidents, falls,
high-intensity sports, or projectile blasts to the head. TBI
leads to 108 to 332 new intensive care admissions per
100,000 population every year.? Roughly 40% of those with
severe TBI will succumb to their injuries, making it the first
cause of mortality in adolescents and young adults.? Further-
more, children with severe TBI are at high risk of developing
long-term sequelae, such as partial or complete palsy, coor-
dination impairment, learning difficulties, social behavior
disorder, and memory or language impairment. The impact
of these comorbidities is heightened in children, limiting
their social and academic development, and leading to de-
creased long-term economic contribution. In 2007, the life-
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Important progress has been made in the understanding of
brain injury, but the pathophysiology of TBl remains ex-
tremely complex and difficult to operationalize at the bed-
side.! After the initial trauma, irreversible brain lesions occur
immediately, known as primary lesions. In the following
hours and days, the combination of patient instability with
the acutely injured brain tends to generate additional lesions
known as secondary lesions. To minimize the morbidity
associated with TBI, the primary goal of critical care manage-
ment in the first hours is to prevent the extension of these
secondary injuries.? Toachieve this, the patient's homeostasis
is maintained with close monitoring of hemodynamic and
respiratory functions, as well as hematologic and electrolyte
balance. In addition, multimodal cerebral monitoring is used
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to detect early warning signs including intracranial hyper-
tension, brain ischemia, cerebral metabolic crisis, and loss of
vascular autoregulation, which are associated with unfavor-
able outcome.>® A precise analysis of brain status is funda-
mental to appropriately guide the treatment of these patients.
Each treatment for intracranial hypertension has specific
effects on brain equilibrium and can be harmful when used
in inappropriate situations (eg., hyperventilation lowers
intracranial pressure (ICP) by decreasing cerebral blood
flow, which can be harmful if cerebral perfusion is decreased
or acceptable if hyperemia prevails).

The specific analysis of brain status is complex and re-
quires a high level of expertise, Moreover, intensive care units
(ICUs) are busy work environments, where an overwhelming
amount of patient information needs to be processed quickly
by the health care specialists to provide accurate clinical
decisions.” This becomes critical in severe TBI cases, given
the rapid and optimal management needed to minimize
secondary brain injury and sequelae.

The Miller principle states that humans can only take into
consideration two variables efficiently in their decision-mak-
ing process, and that this capacity is fully lost when dealing
with more than seven variables.® Considering this, and the
abundant amount of data generated in the ICU, it is appropri-
ate to consider that the use of computerized decision support
systems (CDSSs) could be beneficial in assisting ICU physi-
cians in the decision-making process. CDSSs have been shown
to be helpful in the ICU, for instance in the context of
mechanical ventilation weaning.® When applied to the man-
agement of TBI, the potential benefits of CDSSs may include
(1) standardization and optimization of the management of
TBI patients even when the expertise of the medical team
varies (e.g., decisions are frequently taken by residents,
especially during the nights), (2) decreasing the reaction
time to a change in patient condition, (3) improving under-
standing of individual patient patterns in pathophysiology,
and (4) reducing the workload of the medical team. A CDSS
would be especially useful in hospitals lacking specialized
neurological ICUs, as is the case for most pediatric ICUs.

In this article, we review the evidence regarding available
CDSSs designed for improving the TBI management. We also
propose some features that appear critical for future CDSS
development, and finally discuss the perspectives that could
be achieved using machine-learming techniques.

Data Acquisition System in ICU

To fully appreciate both the potential contribution and the
complexity of CDSSs in the management of children with
severe TBI, it is necessary to understand some aspects of the
care of these patients. Unlike adults, the brain of young
children is still undergoing development, which makes it
particularly vulnerable to secondary insults following severe
TBL# Rapid and efficient management of the injury becomes
essential to favor positive outcome and reduce sequelae. Todo
so, the medical team has to closely monitor the patient's
condition and cerebral status. This task involves the monitor-
ing of multiple physiological signals. Some of these are

Journal of Pediatric intensive Care  Vol. 5  No. 3/2016

continuously acquired by different sensors and their values
presented on physiological monitors—for example, mean
arterial pressure, temperature, pulse oxymetry (Sp0O-), end-
tidal CO,, ICP, brain tissue oxygenation (PbtO;), continuous
electroencephalography, while other variables are measured
only intermittently (e.g., transcranial Doppler, cardiac echog-
raphy). The temporal evolution of these data and correlation
between them provide additional important information,
such as the status of cerebral vascular autoregulation. In
addition, laboratory test results and ongoing pharmacother-
apy must also be considered in the evaluation. Overall, there
is a tremendous amount of data, sometimes conflicting, that
clinicians must prioritize, analyze, and manage in their clini-
cal decision making. The physician's personal experience
plays a large role in the filtering of information and their
decision making.'" Less experienced clinicians may be less
comfortable dealing with an overload of data, potentially
increasing the chances of error. In addition, unplanned rapid
clinical deterioration requires prompt decision making
around the clock, which can be problematic in a busy ICU.
Other than the quantity of data in ICUs, its presentation to
clinicians can also be a factor promoting errors. Text display in
medical records can increase the probability of error in
ICUs,"" while properly designed graphical display methods
have been shown to help the medical staff make faster and
more accurate decisions,'>” ' and facilitate finding links
between associated medical events.'>

One of the main advantages of using a CDSS in a critical
care environment is its ability to regroup different datasets
under one interface, and to display them in an easily inter-
pretable manner, avoiding additional information overload.
The overall goal is to help clinicians rapidly draw a general
portrait of the patient's clinical status. The quality and perti-
nence of information presentation plays a major role in
problem solving,'®2" and taking the physician's cognitive
process'®:20 into account is therefore essential in the devel-
opment of a CDSS. A clinician-centered designed CDSS would
be easier to implement in an ICU, a key parameter for
reducing human factor errors.2223

To efficiently assist the clinician, a CDSS should be fed with
all available data entering in the decision process. In the case
of CDSS in critical care environment, where the assessment of
the patient's state has to be made in real time, the system
needs to continuously gather the most recent available data.
The development of a database is an important step toward
the implementation of CDSS, in particular during the design,
calibration, validation, and auto-learning process. The crea-
tion of the database itself can represent a major challenge in
the ICU due to the multiple possible types of entries (various
monitors, ventilator, electronic pumps, laboratories, medical
notes, pharmacy data, imaging, etc.). The data should be
entered in the database at the highest sampling frequency
supported by the equipment, to avoid losing valuable infor-
mation.2* This demands high storage and computational
capacity, which can require high budget allocations.® Assur-
ing the data security and validity, managing possible com-
munication problems between medical devices from
different manufacturers, and the choice of the data structure
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are all important considerations when developing a large-
scale ICU database. The properly validated and annotated
database becomes an important source of knowledge for the
(DSS improvement. The database analysis by signal-process-
ing techniques could lead to a better understanding of the TBI
pathophysiology, and help develop and validate more robust
mathematical models for the patient status analysis and the
decision-making process.

The importance of physiological signal database for future
research on complex pathophysiological pathways has led to
several initiatives to make TBI-related data more accessible.
The Brain Monitoring with Information Technology (BrainIT)
projectz’ is a European endeavor that aims to centralize TBI
clinical data from different institutions, and make it research
accessible to its members. The International Mission for
Prognosis and Analysis of Clinical Trials in TBI (IMPACT)
project? is a similar international collaborative group that
promotes data sharing in the aim of developing TBI outcome
predictors.

Computerized Clinical Support System in TBI

(DSSs have been used in the medical field for a long time. One
of the first CDSSs implemented in the 1970s, the MYCIN
system,”® was used to identify the type of bacteria causing
specific infections, and recommend the proper antimicrobial
therapy. While this system used multiple pre-programmed
medical rules to take the best decision possible, more recent
(DSSs are now based on more intelligent and complex
algorithms. Although not specifically designed for TBI, several
systems have been developed for use in ICUs. Kamaleswaran
et al*” proposed a web-based platform that centralizes and
analyzes physiological data, as well as electronic medical
records in neonatal ICUs. Stylianides et al*® developed a
software that collects a database of vital signs in real time,
by extracting from different medical devices. A customizable
display of physiological signals facilitates interpretation and
permits real-time annotations. The software also records the
alarms produced by the medical devices and summarizes
them on its own interface.

Of note, monitor-generated alarms are not always useful.
They are mostly triggered by simple rules, usually when one
physiologic signal exceeds a threshold. As a result, despite
being frequently activated, they do not always reflect a
medically relevant problem. They therefore tend to be ig-
nored and can become an unnecessary source of stress for the
medical team.?" For this particular reason, one goal of CDSSs
should be to avoid excessively frequent and irrelevant alerts.
The integration of more sophisticated decision-making tools
should result in more intelligent and clinically relevant
alerts.2

In the specific context of TBI, a CDSS could facilitate the
interpretation and diagnosis of very complex conditions,
provide recommendations to improve the adherence to
guidelines, and individualize patient management. A CDSS
could also substantially reduce the intensivists' workload and
increase their efficiency. For instance, determining optimal
cerebral perfusion pressure (CPP) when managing a patient

with severe TBI should take the patient's autoregulation
status in account, which can be complex and time consuming.
A (DSS can easily compute the brain’s autoregulation coeffi-
cient (PRx), a validated indicator of autoregulation,**** and
rapidly provide clinically important recommendations re-
garding the adjustment of optimal CPP. Similarly, the auto-
matic analysis of physiological signal time series can help
identify specific patterns or predictors associated with out-
come. For example, the variability of ICP is associated with
long-term outcome in brain injury.35 and a decrease in ICP
approximate entropy is associated with a risk of intracranial
hypertension.3®

As listed in =Table 1, a few (DSSs aiming to improve TBI
management have been previously described. Wilson et aP’
have developed a CDSS specialized for neurological ICUs. Data
from different sensors are gathered and processed, and alerts
can be triggered based on pre-programmed medical rules. For
example, an alert of high ICP in TBI would be activated when
ICP exceeds 20 mm Hg, and CPP is below 60 mm Hg for more
than 360 seconds. While this method produces more mean-
ingful alerts compared with simple threshold triggering, it is
limited to a specific problem (intracranial hypertension) and
does not take into account other variables of the patient
condition, which could influence the choice of the predeter-
mined ICP and CPP targets (e.g., brain oxygenation or perfu-
sion, autoregulation status).

iSyNCC is another CDSS developed for neuro-ICUs.>® Its
originality stems from its ability to predict the evolution ofa
physiological signal. This represents a step toward personal-
ized treatment plans such as predicting the upcoming values
of ICP over a short period of time to facilitate the anticipation
of the problem (in time and in magnitude). It can also be used
to compare the patient's response (after a treatment) to the
predicted response, reflecting the patient's sensitivity to a
treatment.

The ICM+ software developed by Smielewski et al*? at the
Cambridge University is widely used in the TBI field. Similarly
to aforementioned systems, it collects physiological data in
real time, displays them on a user-friendly interface, facilitat-
ing their analysis. Gomez et al*’ have alsodeveloped a toolbox
for the analysis of TBI-related signals. This toolbox continu-
ously calculates the PRx, mean velocity index (Mx), CPP, and
the critical closing pressure. This software enables the calcu-
lation of monitoring indexes believed to individualize treat-
ment; however, they do not provide any diagnostic
evaluation or management recommendations.

Doraetal®’ developed a system that recommends medical
treatment based on inputs. By considering the initial ICP, CPP,
pupillary reaction, and the Glasgow score, the algorithm
computes a list of 10 different treatments with associated
certainty score. The algorithm is based on expert opinion and
a probabilistic approach. Only 35% of recommendations were
considered appropriate, likely because they were derived
from limited baseline variables.

Wu et al® designed a modular CDSS that includes a TBI
module. Based on real-time data processing, this system
detects deviations from accepted guidelines for TBI manage-
ment, and suggests treatment adaptation. The algorithm,
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Table 1 Existing CDSSs developed for improving the management of patients with TBI in intensive care unit

Author

Year

Characteristics

Main strengths and limitations

Wilson et al*’

2013

- Data gathered from different neurocritical
care sensors in real time

- Alarm activated by preprogrammed
medical rules

Strength: improve the detection of intra-
cranial hypertension with more meaningful
alerts

Limitations: limited to intracranial
hypertension

Feng et al *® iSyNCC

20M

- Continuous data acquisition from neuro-
critical care medical devices

- Prediction of physiological signal
evolution

Strength: short-term prediction of signal
evolution can facilitate anticipation
Limitations: limited physiologic variables,
no recommendation tool

Smielewski et al,?? ICM+

2008

- Collects data in real time
- Friendly interface facilitating signal analysis
- Galculation of autorequlation parameters

Strength: facilitate the assessment of the
precise brain status, including data from
multimodal monitoring, favoring an indi-
vidualized management

Limitations: no comprehensive diagnostic
classification, no recommendation for
management

Gomez et al*’

2010

- Realtime data collection and processing

- Calculation of multiple indices regarding
ICP, autoregulation status, perfusion sta-
tus, CPP, and critical closing pressure

Strength: facilitate the assessment of the
precise brain status, including data from
multimodal monitoring, favoring an indi-
vidualized management

Limitations: no comprehensive diagnostic
classification, no recommendation for
management

Dora et al*!

2001

-Recommends medical treatment based on
initial ICP, CPP, pupils, and Glasgow coma
score

Strength: management recommendations
are available

Limitations: limited quantity of variables
entered in the system; the level of appro-
priateness of the recommendations is
limited

Wu et al*?

2009

- Real-time data acquisition and processing

- Detects care deviation from medical
quidelines

- Suggests treatment adaptation based on
ICP, CPP, and arterial blood pressure

Strength: management recommendations
are available

Limitations: limited quantity of variables
entered in the system, recommendations
not personalized based on a complete

evaluation of the brain status

Abbreviations: CDSSs, computerized decision support systems; CPP, cerebral perfusion pressure; ICP, intracranial pressure; TBI, traumatic brain injury.

however, takes into account a limited quantity of variables
(ICP, CPP, and arterial blood pressure), and does not adapt the
recommendations to more complex pathophysiological pat-
terns (in particular the status of brain perfusion and autor-

egulation), which are critical to individualize the
management.
Other TBl-specific computerized algorithms have been

designed to detect the severity of brain injury**** orestimate

patient prognosis. ***¢ Although they do not aim to optimize
patient care, these tools could be useful as outcome predic-
tion is difficult in the acute phase in ICU.

The developmentof more ambitious and integrative CDSSs in
TBI is ongoing®’ One project, coordinated by Moberg ICU
solutions,” aims to fadlitate the management of a patient
with TBI from the time of injury, through transportation to
the hospital and during its ICU stay. Similarly, the TBlcare project
initiated in Europe several years ago is developing a CDSS that
could provide personalized care to TBI, taking into account
complex patient pathophysiological features.*® Currently, no
details or results have been published for either project.
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Proposal of a CDSS in Severe TBI

Some important limitations of the systems presented earlier
are the lack of specific diagnosis and recommendation capa-
bilities; implementation of simple models using too few
variables to achieve accurate results; and management rec
ommendations that are absent, or limited to a few rules
derived from guidelines for TBI care, without adaptation to
the patient’s specific condition. In accordance with recent
international recommendations concerning the use of com-
puter-aided monitoring systems in the neurocritical moni-
toring field,* we propose several characteristics that should
be considered in the development of future CDSSs for the
management of patients with TBL

The medical management of patients with TBI has to be
made on continuous basis. A real-time system connected to a
dynamic database would be of great value, allowing the
continuous evaluation of the patient-specific conditions,
and the ability to compare one situation to a large database
of previous similar conditions.
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The primary role of a CDSS is to assist clinicians in their
decision process, facilitating the identification and detection
of specific conditions and providing them with appropriate
clinical recommendations. To achieve a good acceptability, it
is crucial that the CDSS algorithms take into account the
clinician's cognitive clinical decision process. A rule-based
system, with rules developed and widely accepted by medical
specialists, should therefore be at the heart of the design. It
will improve the understanding and trust in the CDSS, and
facilitate its implementation in the ICU. The terminal user
should also be able to adapt the algorithm rules or thresholds.
Itis also important that the system provides explanations and
justifications regarding the diagnosis established and the
suggested treatment, which would improve the acceptability
of these outputs and favor the clinician training.

One major challenge in designing the rules is the under-
standing and replication of the decision-making process of
clinicians. Clinical decisions are made based on scientific
knowledge, experience, and intuition suggesting that the
rules are not always strict and thresholds are not always
fixed values. As such, fuzzy logic has proved to be a great tool
in the design of expert systems,” and is well adapted for
medical decisions.*? The adaptability of implemented
rules is also crucial to allow for inter-physician variability.
One must also track the reasons why some decisions by the
(DSS are denied by the clinician, to improve the CDSS
recommendation process. Moreover, once a proper amount
of validated data is recorded into the database, machine-
learning tools will permit to reassess or recalibrate the rule
basis. The CDSS should therefore be able to learn long term,
based on patient behavior and clinician response to each of its
decisions, to adjust the decision-making process accordingly.

To aid the medical staff in identifying the diagnostic step
and consecutively adhere to the management recommenda-
tions, the CDSS should classify the state of the patient into a
clearly designated category. For instance, the clinician should
understand immediately if the TBI patient is in a controlled
situation, or if the patient's brain seems at risk of ischemia,
hyperhemia, and/or if a moderate or severe intracranial
hypertension is present. By clearly assigning the brain patho-
physiological condition, with the proper justification for this
classification, the CDSS should more rapidly facilitate the
recognition of complex condition, even by less trained physi-
cians. This should also lead to a better acceptance of the
recommendations, and reduce clinician stress, allowing them
to focus on subtle details in critical situations. The prediction
of the patient’s ongoing clinical state will favor anticipatory
rather than a posteriori reactions.

To facilitate the rapid interpretation by the medical team,
the patient's status should be illustrated using specific and
clear graphical display, exhibiting various pathophysiological
conditions and the ongoing clinical state. This provides a
visual indication of the dynamic evolution of the patient’s
state.

The validation of CDSS accuracy is a challenge. Retrospec-
tive patient data could be used to design and test the system.
The data utilized to train the system algorithms should
represent a wide range of conditions. Once the CDSS perform-

ances are validated on retrospective data against medical
experts’ decisions, prospective studies should evaluate the
(DSS behavior in a real clinical environment. Finally, clinical
trials should explore the impact of CDSS use on patient
management, initially with simple objectives (e.g., percent-
age of adherence to guidelines) and subsequently with as-
sessment of patient outcome.

Future Perspectives

As discussed in previous sections, the amount of data gener-
ated in ICUs is enormous. An initial challenge is centralizing
and storing this information to provide an infrastructure for
research. Big data mining is a very active field,>? particularly
pertinent for medical data in the ICU.3*-% Data mining can
help uncover links between variables, to help in the develop-
ment of optimal strategies. Applying data mining techniques
to well-structured TBI databases could generate a better
understanding of complex brain conditions and aid in select-
ing the most significant variables to consider in TBI manage-
ment. Furthermore, feature selection techniques such as
genetic algorithms, frequently used in optimization prob-
lems, can be used to select, among several rules, the set of
rules that provide thebest accuracy. Forecasting of time series
in physiological signals could also have major implication in
the development of CDSS in TBL>">? As previously stated,
effective forecasted data would anticipate and accelerate the
clinician’s response, optimizing patient status for longer
periods than conventional management.

In condusion, CDSSs are crucial to improve the management
of patients with TBL CDSSs are still at an early stage in the field of
TBI, but recent technologies should overcome the barriers and
challenges of ICU environment, leading to the development of
efficient systems. Collaboration between neurocritical care med-
ical specialists, Information Technologies (IT) specialists, bio-
medical engineers, and companies is of outmost importance to
prepare and validate optimal CDSS that will be reliable, efficient,
and easy to implement. These future systems should have the
power to deaease the impact of this major health problem on
the patient, their family, and sodety.
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