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Appendix
Appendix 1. Search Strategy
Embase
('artificial intelligence'/exp OR 'machine learning'/exp OR 'classification algorithm'/de OR 'machine learning software'/de OR 'natural language processing'/de OR 'large language model'/exp OR (((artificial* OR machine* OR ambient*) NEAR/6 (intelligen*)) OR ((machine* OR deep OR bayes* OR supervised OR unsupervised OR algor*) NEAR/6 (learn*)) OR ((automat* OR computer* OR machin*) NEAR/6 (reason* OR heurist*)) OR ((neural) NEAR/3 (network*)) OR ((classificat*) NEAR/6 (algorith* OR gaussian*)) OR ((support*) NEAR/6 (vector*) NEAR/6 (machin*)) OR nearest-neighb* OR random-forest* OR natural-language-processing* OR ((detection OR screening) NEAR/6 (algorithm*)) OR hidden-markov* OR ((language) NEAR/3 (model*)) OR LLM OR ((generativ*) NEAR/6 (pretrain* OR pre-train*) NEAR/6 (transform* OR model*)) OR chatGPT* OR chat-GPT* OR ((foundation) NEAR/3 (model*)) OR ((generativ*) NEAR/3 (AI OR model*)) OR chatbot* OR copilot*):ab,ti,kw OR AI:ti) AND ('pediatric intensive care unit'/de OR 'neonatal intensive care unit'/de OR 'newborn intensive care'/de OR (('critically ill patient'/de OR 'critical illness'/de OR 'intensive care'/de OR 'intensive care unit'/exp) AND (child/exp OR pediatrics/exp)) OR (((pediatr* OR paediatr* OR child* OR neonat* OR neo-nat* OR newborn* OR preterm* OR pre-term* OR infant* OR boy* OR girl* OR toddler* OR baby OR babies) NEAR/6 (intensive-care* OR IC OR ICs OR ICU OR ICUs OR critical-care* OR critic*-ill*)) OR PICU OR NICU OR PICUs OR NICUs):ab,ti,kw) NOT ([Conference Abstract]/lim OR [Conference Review]/lim) AND [English]/lim NOT ([animals]/lim NOT [humans]/lim)

Medline
(exp Artificial Intelligence/ OR Random Forest/ OR Natural Language Processing/ OR (((artificial* OR machine* OR ambient*) ADJ6 (intelligen*)) OR ((machine* OR deep OR bayes* OR supervised OR unsupervised OR algor*) ADJ6 (learn*)) OR ((automat* OR computer* OR machin*) ADJ6 (reason* OR heurist*)) OR ((neural) ADJ3 (network*)) OR ((classificat*) ADJ6 (algorith* OR gaussian*)) OR ((support*) ADJ6 (vector*) ADJ6 (machin*)) OR nearest-neighb* OR random-forest* OR natural-language-processing* OR ((detection OR screening) ADJ6 (algorithm*)) OR hidden-markov* OR ((language) ADJ3 (model*)) OR LLM OR ((generativ*) ADJ6 (pretrain* OR pre-train*) ADJ6 (transform* OR model*)) OR chatGPT* OR chat-GPT* OR ((foundation) ADJ3 (model*)) OR ((generativ*) ADJ3 (AI OR model*)) OR chatbot* OR copilot*).ab,ti,kf. OR AI.ti.) AND (exp Intensive Care Units, Pediatric/ OR Intensive Care Units, Neonatal/ OR Intensive Care, Neonatal/ OR ((Critical Illness/ OR exp Critical Care/ OR exp Intensive Care Units/) AND (exp Child/ OR exp Infant/ OR exp Pediatrics/)) OR (((pediatr* OR paediatr* OR child* OR neonat* OR neo-nat* OR newborn* OR preterm* OR pre-term* OR infant* OR boy* OR girl* OR toddler* OR baby OR babies) ADJ6 (intensive-care* OR IC OR ICs OR ICU OR ICUs OR critical-care* OR critic*-ill*)) OR PICU OR NICU OR PICUs OR NICUs).ab,ti,kf.) NOT (congres* OR abstract*).pt. AND english.la. NOT (exp Animals/ NOT Humans/)

Cochrane
((((artificial* OR machine* OR ambient*) NEAR/6 (intelligen*)) OR ((machine* OR deep OR bayes* OR supervised OR unsupervised OR algor*) NEAR/6 (learn*)) OR ((automat* OR computer* OR machin*) NEAR/6 (reason* OR heurist*)) OR ((neural) NEAR/3 (network*)) OR ((classificat*) NEAR/6 (algorith* OR gaussian*)) OR ((support*) NEAR/6 (vector*) NEAR/6 (machin*)) OR nearest NEXT neighb* OR random NEXT forest* OR natural NEXT language NEXT processing* OR ((detection OR screening) NEAR/6 (algorithm*)) OR hidden NEXT markov* OR ((language) NEAR/3 (model*)) OR LLM OR ((generativ*) NEAR/6 (pretrain* OR pre-train*) NEAR/6 (transform* OR model*)) OR chatGPT* OR chat-GPT* OR ((foundation) NEAR/3 (model*)) OR ((generativ*) NEAR/3 (AI OR model*)) OR chatbot* OR copilot*):ab,ti OR AI:ti) AND ((((pediatr* OR paediatr* OR child* OR neonat* OR neo NEXT nat* OR newborn* OR preterm* OR pre NEXT term* OR infant* OR boy* OR girl* OR toddler* OR baby OR babies) NEAR/6 (intensive NEXT care* OR IC OR ICs OR ICU OR ICUs OR critical NEXT care* OR critically NEXT ill OR critical NEXT illness*))) OR PICU OR NICU OR PICUs OR NICUs):ab,ti NOT "conference abstract":kw

Web of Science
TS=(((((artificial* OR machine* OR ambient*) NEAR/5 (intelligen*)) OR ((machine* OR deep OR bayes* OR supervised OR unsupervised OR algor*) NEAR/5 (learn*)) OR ((automat* OR computer* OR machin*) NEAR/5 (reason* OR heurist*)) OR ((neural) NEAR/2 (network*)) OR ((classificat*) NEAR/5 (algorith* OR gaussian*)) OR ((support*) NEAR/5 (vector*) NEAR/5 (machin*)) OR nearest-neighb* OR random-forest* OR natural-language-processing* OR ((detection OR screening) NEAR/5 (algorithm*)) OR hidden-markov* OR ((language) NEAR/5 (model*)) OR LLM OR ((generativ*) NEAR/5 (pretrain* OR pre-train*) NEAR/5 (transform* OR model*)) OR chatGPT* OR chat-GPT* OR ((foundation) NEXT/2 (model*)) OR ((generativ*) NEAR/5 (AI OR model*)) OR chatbot* OR copilot*)) AND ((((pediatr* OR paediatr* OR child* OR neonat* OR neo-nat* OR newborn* OR preterm* OR pre-term* OR infant* OR boy* OR girl* OR toddler* OR baby OR babies) NEAR/5 (intensive-care* OR IC OR ICs OR ICU OR ICUs OR critical-care* OR critically-ill OR critical-illness*))) OR PICU OR NICU OR PICUs OR NICUs) NOT ((animal* OR rat OR rats OR mouse OR mice OR murine OR dog OR dogs OR canine OR cat OR cats OR feline OR rabbit OR cow OR cows OR bovine OR rodent* OR sheep OR ovine OR pig OR swine OR porcine OR veterinar* OR chick* OR zebrafish* OR baboon* OR nonhuman* OR primate* OR cattle* OR goose OR geese OR duck OR macaque* OR avian* OR bird* OR fish*) NOT (human* OR patient* OR women OR woman OR men OR man))) AND LA=(English) NOT DT=(Meeting Abstract OR Meeting Summary)

Google Scholar
"artificial|machine intelligence"|"machine|deep|bayes|supervised|unsupervised learning"|"large language model"|"foundation model" "pediatric|paediatric|neonatal|newborn IC|ICs|ICU|ICUs|intensive"|PICU|NICU|PICUs|NICUs -conference

'artificial|machine intelligence'|'machine|deep|bayes|supervised|unsupervised learning'|'large language model'|'foundation model' 'pediatric|paediatric|neonatal|newborn IC|ICs|ICU|ICUs|intensive'|PICU|NICU|PICUs|NICUs -conference

Appendix 2. Definitions of Technology Readiness Levels

	[bookmark: _Hlk173314559]Technology Readiness Level
	Name
	Definition

	1
	Problem identification
	Studies that identify a clinical problem without proposing a solution

	2
	Proposal of solution
	Studies that propose an AI based solution for an existing problem, but do not experiment with developing such a model

	3 & 4
	Model prototyping and development
	Studies that use a retrospective dataset to develop an AI model and use internal validation (either using a  separate part of the same dataset or via cross validation) to evaluate model performance

	5
	Model validation
	Studies in which AI model performance is evaluated using a different dataset than used during development (temporal or geographical external validation [19])

	6
	Real-time testing
	Studies in which AI models are fed real-time data but without clinical application

	7
	Workflow integration
	Studies detailing the integration of model output into daily clinical workflows

	8
	Clinical testing
	Studies in which model output is evaluated in a clinical study

	9
	Integration into clinical practice
	Studies describing models fully implemented and utilized in clinical practice
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