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Abstract

Objective: Perform a scoping review of supervised machine learning in pediatric critical care 

to identify published applications, methodologies, and implementation frequency to inform best 

practices for the development, validation, and reporting of predictive models in pediatric critical 

care.

Design: Scoping review and expert opinion.

Setting: We queried CINAHL Plus with Full Text (EBSCO), Cochrane Library (Wiley), Embase 

(Elsevier), Ovid Medline, and PubMed for articles published between 2000–2022 related to 

machine learning concepts and pediatric critical illness. Articles were excluded if the majority of 

patients were adults or neonates, if unsupervised machine learning was the primary methodology, 

or if information related to the development, validation, and/or implementation of the model 

was not reported. Article selection and data extraction were performed using dual review in the 

Covidence tool, with discrepancies resolved by consensus.

Subjects: Articles reporting on the development, validation, or implementation of supervised 

machine learning models in the field of pediatric critical care medicine.

Interventions: None.

Measurements and Main Results: Of 5075 identified studies, 141 articles were included. 

Studies were primarily (57%) performed at a single site. The majority took place in the United 
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States (70%). Most were retrospective observational cohort studies. More than three-quarters of 

the articles were published between 2018–2022. The most common algorithms included logistic 

regression and random forest. Predicted events were most commonly death, transfer to ICU, 

and sepsis. Only 14% of articles reported external validation, and only a single model was 

implemented at publication. Reporting of validation methods, performance assessments, and 

implementation varied widely. Follow up with authors suggests that implementation remains 

uncommon after model publication.

Conclusions: Publication of supervised machine learning models to address clinical challenges 

in pediatric critical care medicine has increased dramatically in the last five years. While these 

approaches have the potential to benefit children with critical illness, the literature demonstrates 

incomplete reporting, absence of external validation, and infrequent clinical implementation.

Keywords

predictive modeling; supervised machine learning; prognostication; critical care

Introduction:

Pediatric critical care medicine requires practitioners to routinely integrate data streams from 

bedside monitors, laboratory and imaging studies, physical examinations, and numerous 

other sources. Prediction of patient trajectories and outcomes is a cornerstone of clinical 

care and is historically based on clinician heuristics. The broad adoption of electronic health 

records (EHRs) and subsequent development of clinical databases has led to rapid growth 

in the development of prediction models for pediatric critical care (1). The prediction tasks 

fundamental to pediatric critical care can now, at least in theory, be enhanced by machine 

learning-based prediction models. These models may impact the care of individual patients, 

but also have the potential to fundamentally alter our approach to clinical care and research. 

As machine learning studies become more common, authors, readers, and reviewers of this 

journal will require familiarity with prediction modeling and performance assessment.

Supervised learning is a branch of machine learning where computational models are 

iteratively trained to utilize associations between a set of predictor variables and an outcome 

of interest to make predictions on new data. To train these models for clinical care, 

researchers use historical data from a cohort of patients with a labeled outcome (e.g., 

mortality) and a measured set of candidate predictor variables (e.g., lab results) from a 

subset of the available cohort. This is in contrast to unsupervised learning, where the data 

is unlabeled and the goal of the algorithm is to uncover natural groupings in the data based 

on statistical parameters of similarity. Only studies using supervised machine learning were 

included in this review.

Developing clinical prediction models using supervised machine learning algorithms is a 

multistage process, with each stage serving an essential function to the integrity of the 

model. Although variations may exist, the ideal process is as follows. First, data from the 

cohort should be partitioned into three non-overlapping sets. A subset of the cohort is used 

to train the models (i.e., “train set”), with a second subset (i.e., “validation set”) used to 

initially evaluate the model and make necessary adjustments or “tuning” of the parameters 
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used for model training. A third subset of data from the cohort (i.e., “test set”), which the 

model has not seen during training or validation, is used to evaluate its performance. A 

common variation of this set up includes the use of cross-validation to train, validate, and 

tune models in the train set prior to testing in a separate test set. The complete separation 

of the test set from other data is important in order to accurately assess the potential 

performance of the model, including in more recent (and relevant) historical data. Finally, 

the model’s performance is assessed in other settings (e.g., at a separate institution) through 

a process of external validation.

Guidelines for the reporting of multivariable prediction models (the Transparent Reporting 

of a Multivariable Prediction Model for Individual Prognosis or Diagnosis [TRIPOD] 

statement) have been developed (2). There are additional guidelines specific to publication 

of such models in respiratory, sleep, and critical care journals, including Pediatric Critical 
Care Medicine (3). These guidelines focus on the importance of reporting details about the 

model’s development, use, and limitations. Prior commentaries in this journal have focused 

on the characteristics of specific publications, while highlighting that the guidelines may not 

be directly applicable to models commonly developed in pediatric critical care (4–9). There 

is a lack of knowledge regarding how models are developed, validated, implemented, and 

reported in the pediatric critical care literature. The objective of this scoping review was to 

evaluate the published applications of supervised machine learning in pediatric critical care, 

with a particular emphasis on methodology and reporting. This evaluation then informed 

recommendations from our multidisciplinary experts as to developing and disseminating 

high-quality predictive modeling in our field.

Methods:

This study was performed by members of the Pediatric Data Science and Analytics 

(PEDAL) subgroup of the Pediatric Acute Lung Injury and Sepsis Investigators (PALISI) 

Network. As the PALISI subgroup dedicated to data science and predictive modeling, 

PEDAL represents many of the experts in this multidisciplinary and growing field (10). 

Membership primarily comprises pediatric critical care clinician-scientists, some of whom 

have additional training in clinical informatics, and doctoral-trained data scientists. More 

information about the group can be viewed at https://palisi-pedal.org/. Recent publications 

by the group have included topics of clinical decision support, model development, and 

model validation (11–14). This review adhered to the Preferred Reporting Items for 

Systematic Reviews and Meta Analyses extension for Scoping Reviews guidelines (15, 16) 

(Supplemental Digital Content 1).

Search Strategy

We conducted a structured scoping review of original research articles published in English 

between January 2000 and July 2022 that used supervised machine learning methods to 

develop prediction models of clinical outcomes in the pediatric critical care population. Grey 

literature, which does not undergo traditional peer review, was not included. Articles were 

included if children needed, or had the potential need for, critical care services. Regression 

models can be characterized as those which test for associations between risk factors and 
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outcomes (inference) and those which predict outcomes on new data on the basis of risk 

factors (prediction); models which were only used for inference purposes were excluded. 

Articles that only tested a prediction model that used unsupervised machine learning (i.e., 

unlabeled predictor variables or outcomes) or an expert-generated score (e.g., Pediatric Early 

Warning Scores) were excluded. Finally, studies were excluded if they took place in a 

neonatal ICU, if >50% of the study population was >18 years of age or newborns, or if they 

did not report a clinical outcome (e.g., pharmacokinetic studies).

A comprehensive search strategy was designed by a professional medical librarian (AF) 

in the following databases: CINAHL Plus with Full Text (EBSCO), Cochrane Library 

(Wiley), Embase (Elsevier), Ovid Medline, and PubMed. Search queries were adapted to 

each database to include relevant keywords and controlled vocabulary terms. Representative 

articles were identified and used to refine the search strategy. The full search strategy is 

available in Supplemental Digital Content 2.

Review and Extraction Process

Citations were compiled and duplicate records were removed using Endnote (Clarivate, 

Philadelphia, PA). Abstract, full-text screening, and data extraction were completed in 

Covidence (Veritas Health Innovation, Melbourne, Australia) and reviewed by two reviewers 

per article at each phase. Reviewers received training on inclusion/exclusion criteria, study 

definitions, and other study components through written and real-time training sessions. 

Conflicts were resolved by a core author group (JAH, MCS, RF, LNS, TDB, ACD, SBW) 

at screening phases and via consensus between the two reviewers at extraction phase. 

Variables extracted included site/funding information, study/patient characteristics, model 

variable selection including outcome measures and feature importance (i.e., scores which 

demonstrate the relative contribution of a specific variable to the model’s output), results, 

validation, and implementation. Due to the wide range of included models and methods 

of performance evaluation, comparisons among the models was not feasible. Data were 

exported from Covidence and analyzed using Excel (Microsoft, Redmond, WA). Descriptive 

statistics were performed and reported using n (%) or median (IQR) as applicable.

Follow Up

Articles were assessed for contact information for first and/or corresponding authors. If 

no contact information was available in the manuscript, online search was undertaken to 

identify relevant contact information. One author per manuscript was contacted to complete 

a one-question survey about the current implementation status of the project described in 

the manuscript. Survey responses were collected using Research Electronic Data Capture 

Consortium (REDCap; Nashville, TN). Up to two reminder emails were sent via REDCap.

Results:

Review Information

5075 unique studies were identified for initial screening, with 141 studies ultimately 

included (Supplemental Digital Content 3). Among the 236 articles excluded at the full-text 
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screening stage, the most common reasons for exclusion were incorrect patient population 

(n=114, 48%) and incorrect methodology (n=71, 30%).

Article Information (Table 1)

Studies were primarily performed at a single site (n=80, 57%). The majority took place in 

the United States (n=99, 70%). Most were retrospective observational cohort studies (n=101, 

72%). Median reported study duration was 4 (IQR 2–8) years. Studies were published 

between 2000 and 2022 per our inclusion criteria, with 107 (76%) published within the five 

years prior to the review. Manuscript publication trends by year are shown in Supplemental 

Digital Content 4. Articles were most commonly published in Pediatric Critical Care 
Medicine (n=10), Scientific Reports (n=9), Critical Care (n=8), Frontiers in Pediatrics (n=6), 

and as proceedings of the Annual International Conference of the Institute of Electrical 

and Electronics Engineers Engineering in Medicine and Biology Society (n=6). For the 

123 articles where funding was reported, funding was most often partially governmental 

(n=72/123, 59%), university (n=27/123, 22%) or industry (n=10/123, 8%). Fourteen articles 

(11%) reported no funding for the project.

Patient location was primarily the PICU (n=95, 67%) but also included the pediatric cardiac 

intensive care unit (n=38, 27%), the emergency department (n=27, 19%), the general ward 

(n=27, 19%), and the operating room (n=6, 4%). The median number of patients included 

in each manuscript was 982 (IQR 199–8022). While all but one manuscript reported the 

number of patients, more than a quarter of articles (n=37, 26%) did not report how data were 

partitioned into training, validation, and test sets. The full list of included articles is found in 

Supplemental Digital Content 5.

Data and Methods Used

Data were most commonly acquired using the EHR (n=80, 57%) or an administrative 

database or registry (n=41, 29%). Structured data items (e.g., lab results, intermittent vital 

signs) were used in the majority of articles (n=130, 92%) with signals (e.g., continuous vital 

signs) (n=28, 20%) and text (n=20, 14%) less commonly used.

Articles most commonly used logistic regression (n=61, 43%) or random forest (n=44, 

31%) modeling methodologies (Figure 1). Nearly one-third (n=41, 29%) of articles reported 

using at least three supervised machine learning methodologies. Predictor variables were 

primarily selected by clinician adjudication or expert selection (n=65, 46%), followed by 

computational or data-driven methods (n=52, 37%), and a combination of clinician and 

computational selection methodologies (n=17, 12%). A median of 23 predictor variables 

were assessed per model (IQR 11–60), with the final models including a median of 11 

variables (IQR 5–26). Additional details regarding the described models are found in 

Supplemental Digital Content 6.

Outcomes of Interest

Clinical outcomes predicted by the models, whether individually or as part of a composite 

outcome, included mortality (n=44, 31%), ICU transfer (n=20, 14%), sepsis diagnosis 

(n=13, 9%), cardiac arrest (n=11, 8%), respiratory failure (n=11, 8%), and acute kidney 
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injury diagnosis/need for renal replacement therapy (n=6, 4%). Thirty (21%) articles 

described more than one outcome of interest. Eighty (57%) articles reported the number 

of events of the outcomes of interest. When reported, the outcomes of interest (which could 

be more than one per manuscript) occurred in a median of 15.3% of patients per manuscript 

(IQR 6.3–40.9%, range 0.2–140.9%). Eighty-four articles reported on models that were 

intended to be used at a single time point, while 43 were intended to provide dynamic 

prediction over time.

Model Performance Assessments and Validation

Articles reported performance assessments for a median of three models per manuscript 

(IQR 1–5; range 1–45). The most common metrics included area under the receiver 

operating curve (AUROC), which was reported in 113 (80%) articles, recall/sensitivity 

(n=75, 53%) specificity (n=70, 50%) precision/positive predictive value (n=57, 40%), 

accuracy/percent correctly classified (n=53, 38%), negative predictive value (n=42, 30%). 

Fewer than one-quarter (n=30, 21%) reported F1 scores (harmonic mean of precision 

and recall), 13 (9%) reported area under the precision recall curve (AUPRC), 4 (3%) 

reported Matthew’s correlation coefficients (similar to chi-square testing, and particularly 

important for imbalanced class models, where the outcome classes have markedly different 

prevalence), and 4 (3%) reported number needed to alarm/assess. Feature importance was 

reported in 90 (64%) articles. A majority (87%) of articles reported internal validation, 

most commonly using a cross-validation approach, whereby the performance of the model is 

assessed within a subset of the training set (n=59, 42%). External validation was reported in 

20 (14%) articles.

Model Implementation and Availability

Only a single model was reported to be used clinically at the time of publication, and 23 

additional articles noted planning for implementation. Two articles reported deciding against 

implementation, one specifically due to poor performance of the model. Implementation 

status was ascertained on follow up for 64 articles. The majority reported models were never 

implemented (n=34, 53%). Seventeen models (27%) were actively implemented at either 

a single or multiple sites, while the balance were either implemented only in a background/

silent manner (precluding clinical use) or previously implemented but no longer. Current 

implementation status as reported by responding authors is listed in Supplemental Digital 

Content 5. Some degree of public availability was reported for the models in 27 (19%) 

articles. Models in five (4%) additional articles were proprietary or commercially available.

Discussion:

As machine learning studies become more common, authors, readers, and reviewers will 

require familiarity with prediction modeling and performance assessment. This scoping 

review describes the landscape of supervised machine learning in pediatric critical care from 

2000 to 2022. We found the following areas for improvement: 1) lack of consistency of 

terminology and reporting of study methodology across articles; 2) overreliance on AUROC 

as the sole mechanism to assess the performance of a model; and 3) lack of focus on 

high-quality, effective implementation of models. Additionally, we found that the studied 
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outcomes were largely high-acuity in nature, with limited focus on low-acuity outcomes 

which nonetheless may have meaningful impact on unit processes.

One area where a lack of consistency in terminology exists is distinguishing the different 

data sets (training, validation, testing) utilized in model development, if these numbers were 

reported at all. The practice of data partitioning is essential for model development and 

assessment. The test set must be independent, ensuring that no observations are shared 

with the training or validation sets. In other words, while the data come from a cohort of 

patients, there should be no overlap on the unit-level analysis (separate patients, patient 

admissions, etc.). If possible, a longitudinal split between train/validation and test data 

should be conducted. The independence of the test set is traditionally ensured using a 

longitudinal train-test split (i.e., using data from different time periods for each component) 

or testing in an external setting, allowing for assessment of how a model may perform upon 

deployment on future observations. Any overlap between the training/validation and testing 

sets could result in a biased, overly-optimistic result that is not an indicator of true future 

performance. Ideally, this subset of data will also post-date the data used for the training and 

validation sets, although not always necessary.

We observed relatively consistent use and reporting of the term training set to describe 

the data used to develop the initial model. The terms validation set and testing set were 

often used interchangeably to describe the data used to evaluate model performance and 

their sizes were less commonly reported. While some data science texts (17) endorse the 

interchangeability of the terms, the traditional convention is that the validation set is distinct 

from the testing set (18, 19). The validation set is used to select the best combination 

of variables and model characteristics to fine tune the hyperparameters of the model (i.e., 

parameters that affect the training of the model), whereas a test set is used to independently 

assess the performance of the final model. Sharing accurate information about these different 

data sets, as well as how the partitioning is performed, is both implicitly and explicitly 

recommended in the current guidelines (2,3).

The majority of articles reported the AUROC as a measure of model performance. The 

AUROC is a measure of the discriminative ability of a prediction model, quantifying the 

separation of risk distributions of events and non-events (20). While the AUROC may aid 

in identifying an optimal model among a group of models trained on the same outcome, 

it is not a measure of model utility (20, 21). Models developed to predict rare outcomes, 

where the separation of risk distributions of events and non-events for the outcome are 

broader, will likely have higher accuracy values than models developed for outcomes with 

higher incidence. In the case where such unbalanced classes exist, calculation and reporting 

of the area under the precision-recall curve (AUPRC) may be a better metric by which to 

assess model performance. Given the relatively low rate of mortality in modern pediatric 

critical care, a model designed to predict mortality would perform quite well by AUROC if it 

always predicted a child would survive. However, missed predictions of mortality (i.e., if the 

model predicted survival and the child died) would significantly impact the recall, thereby 

reducing AUPRC. Evaluation of a predictive model should include additional metrics such 

as positive predictive value and the number needed to alarm in order to ensure that the model 

is clinically, and not just statistically, useful (20, 21).
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The outcomes chosen for modeling in this review largely focused on high acuity outcomes. 

Other outcomes, particularly those which impact unit processes (e.g., normal lab values for 

avoidance of repeat blood sampling) may benefit from the design and implementation of 

prediction modeling. However, it is unclear from this review why specific outcomes have 

been the focus of current model development in pediatric critical care. One possibility is 

the availability of clinical data and the ability to accurately record the outcome. Information 

about lower acuity outcomes may be less practical for modeling due to lack of integration 

of this information in the datasets which served as the source of data for many models in 

this review. Researchers should also be mindful of the potential ethical implications of our 

choices of data sources, methodology, or outcomes (22).

The models reported in the identified articles are rarely applied beyond the single center 

where they were developed. Model performance can vary widely when models are applied 

to a new population, so external validation is necessary to ascertain the generalizability of 

a model. Barriers to external validation may include the lack of multi-institutional datasets 

in pediatric critical care. PhysioNet (the National Institutes of Health’s Research Resource 

for Complex Physiologic Signals) manages the Medical Information Mart for Intensive 

Care (MIMIC) and a host of other datasets which primarily contain data related to adult 

patients (23). These data sets are freely available to researchers, with integrated educational 

materials, and the PhysioNet community routinely hosts challenges related to addressing 

clinical questions potentially addressable by the available data. No similar resources exist 

in pediatric critical care currently, although efforts are underway, such as the PICU Data 

Collaborative (24). Before implementing prediction models derived from other sites, it is 

essential to evaluate the performance of the model on local data. The model’s utility and 

impact in the clinical workflows at that implementation site should be studied, adaptation 

of the model to the local context and population (including re-fitting the model) should be 

considered, and new clinical workflows should be designed to maximize the benefit and 

minimize the possible unintended negative consequences of model implementation (25).

The fact that implementation was rarely attempted prior to model publication and 

remained relatively rare upon follow up likely reflects the difficulty of this process. 

Barriers to implementation may include clinician distrust of “black box” models, technical 

infrastructure challenges, lack of personnel and/or governance mechanisms to guide 

the implementation and oversight processes, and legal or regulatory concerns (10). 

Implementation science is a growing field with rigorous methodology; collaboration 

between these fields may allow us to overcome the barriers to high-quality implementation 

(26). Additionally, we should be mindful of the potentially evolving ethical and regulatory 

landscape surrounding all components of model development and implementation.

Guidance for Machine Learning-Based Clinical Prediction Models Studies 

in PCCM:

As mentioned previously, the TRIPOD guidelines provide key components in several 

domains (e.g., data source, predictors, model structure, validation, etc.) that should be 

present for the appropriate evaluation of a prediction model. Guidelines based on the 
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original TRIPOD recommendations for reporting prediction models using machine learning/

artificial intelligence algorithms are currently under development (27).

Figure 2 and Tables 2 and 3 provide a summary of our guidance for machine learning-

based clinical prediction modeling studies reporting in PCCM based on the results of this 

scoping review, our assessment of the existing guidelines and recommendation, and our 

collective expertise in the field. This includes adherence to reporting guidelines, a focus on 

transparency in reporting model development processes, attention to clinical relevance of 

performance assessments, and implementation considerations. Exemplars of each guidance 

item are provided. Additional considerations specific to predictive modeling in pediatrics 

include consideration of age and developmental status as potential modifier of model 

performance, the prevalence of chronic critical illness and technology-dependent patients, 

and patients with immunodeficiencies. Investigators should consider a priori sensitivity 

analyses of model performance in these categories. Suggested resources and references 

related to specific aspects of predictive modeling in pediatric critical care are found in 

Supplemental Digital Content 7.

Conclusion:

Prediction of a patient’s outcome will continue to be a cornerstone of pediatric critical 

care, whether done solely through clinical means or through the use of machine learning 

approaches. While these approaches have demonstrated the ability to create predictive 

models, there is a clear need for consistency in the content and quality of model 

development and reporting as well as standardization of relevant terminology to maximize 

clinical utility. An early focus on implementation, preferably in coordination with experts in 

implementation to ensure a user-centered design approach, will be particularly important for 

the ability of accurate models to lead to improved clinical care.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Research in Context:

• Prediction of patient trajectories and outcomes is a core aspect of critical care 

and may be enhanced by machine learning-based prediction models.

• General guidelines about the development and reporting of prediction models 

have been adopted by respiratory, sleep, and critical care journals.

• Little is known about the current use of predictive modeling in pediatric 

critical care.

What This Study Means:

• The publication of prediction models in pediatric critical care has 

substantially increased over time.

• There is a lack of consistency of terminology and reporting of study 

methodology across articles, which must be overcome for the field to benefit 

from this important work.

• An early focus on implementation may lead to improved success in the ability 

of clinical prediction models to improve clinical care.
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Figure 1. 
Modeling methods used in the included manuscripts. Articles may have included more than 

one method, so the total number of methods is greater than the number of articles.
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Figure 2. 
Summary of methodology and reporting guidance for predictive modeling work in PCCM
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Table 1.

Characteristics of included manuscripts. Some characteristics may report more than one answer per category, 

so totals may be greater than 100%.

Study Characteristic N (%)

Study Location

 United States 99 (70)

 Canada 12 (9)

 China 10 (7)

 Republic of Korea 5 (4)

 Other 22 (16)

Number of Sites

 1 80 (57)

 2 9 (6)

 >2 46 (33)

Reported Study Design

 Retrospective observational cohort 101 (72)

 Prospective observational cohort 31 (22)

 Randomized control trial 1 (1)

 Other (e.g., secondary analyses of cohort studies, case-controls) 8 (6)

Funding Source

 Governmental 72 (51)

 University 27 (19)

 Industry 10 (7)

 None 14 (10)

 Not reported 26 (18)

Data Source

 Electronic health record 80 (57)

 Administrative database/registry (e.g. Pediatric Hospital Information System, Virtual Pediatric Systems) 41 (29)

 Other 20 (14)

 Hospital database 25 (18)

Internal Validation Process

 Random split 42 (30)

 Temporal split 14 (10)

 Cross-validation 59 (42)

 Other 8 (6)

 None/not reported 19 (14)

External Validation Reported 20 (14)

Methods to Limit Overfitting

 Bootstrapping 21 (15)

 Cross-validation 58 (41)
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Study Characteristic N (%)

 Other 15 (11)

 None/none reported 61 (43)

Number of Models per Manuscript Median 3 (IQR 1 – 5)
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