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ABSTRACT

Aim: We aimed to develop and test machine learning algorithms for the prediction of severe outcomes associated with MIS-C.
Method: An observational ambispective cohort study was conducted including children aged from 1 month to 18 years old in 84
hospitals from the REKAMLATINA (Red de la Enfermedad de Kawasaki en America Latina) network diagnosed with MIS-C
from 1st January 2020 to 31st June 2022. Multiple models were developed to predict four main outcomes: paediatric intensive care
unit (PICU) admission, need for inotropes, need for mechanical ventilation, and death. Performance measures were accuracy
for PICU admission, inotropes use and mechanical ventilation, and the area under the receiver operating characteristic curve
(AUROC) for death. Variable contribution was analysed using Shapley Additive Explanations (SHAP) values.

Results: We included 1303 children with a diagnosis of MIS-C. The model for the prediction of PICU admission (random forest
[RF]) reached an accuracy of 0.80 (95% CI: 0.76—-0.84), the model for inotrope use (RF) an accuracy of 0.86 (95% CI: 0.82-0.90),

Danilo Buonsenso and Luca Mastrantoni share the first co-authorship.

The REKAMLATINA-3 MIS-C Study Group Investigators are listed in the supplementary material

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium,

provided the original work is properly cited.

© 2025 The Author(s). Acta Paediatrica published by John Wiley & Sons Ltd on behalf of Foundation Acta Paediatrica.

Acta Paediatrica, 2026; 115:133-145 133
https://doi.org/10.1111/apa.70290


https://doi.org/10.1111/apa.70290
https://doi.org/10.1111/apa.70290
mailto:
https://orcid.org/0000-0001-8567-2639
https://orcid.org/0000-0003-1853-4927
https://orcid.org/0000-0002-9157-9227
https://orcid.org/0000-0001-9675-3143
https://orcid.org/0000-0002-7609-3923
https://orcid.org/0000-0001-7807-1296
https://orcid.org/0000-0003-3085-0148
https://orcid.org/0000-0003-0472-798X
https://orcid.org/0000-0002-2042-0817
mailto:danilobuonsenso@gmail.com
http://creativecommons.org/licenses/by/4.0/

the model for mechanical ventilation (histogram-based gradient boosting [HBGB]) an accuracy of 0.84 (95% CI 0.80-0.88), and
the model for death (RF) reached an AUROC of 0.85 (95% CI 0.77-0.93).

Conclusions: We developed and validated machine learning models for the prediction of MIS-C related outcomes that can help
clinicians risk stratify patients to identify those most likely to have a severe outcome from MIS-C.

1 | Introduction

Multisystem inflammatory syndrome in children (MIS-C) has
been the most severe acute complication of the SARS-CoV-2
infection, described soon after the beginning of the COVID-19
pandemic [1, 2]. MIS-C is now considered a post-acute com-
plication of previous SARS-CoV-2 exposure or infection, and
is characterised by a hyperinflammatory state and a clinical
presentation that resembles Kawasaki disease [2] although
the conditions may differ immunologically and by clinical
and laboratory characteristics [3]. Nevertheless, as many signs
and symptoms overlap, the two conditions may be confused.
A common feature of MIS-C, which is less frequently found
in Kawasaki disease, is the presence of shock and gastroin-
testinal symptoms [4, 5], sometimes so severe that it mimics
an acute surgical abdomen [6]. Given the presence of shock,
most children are managed in the paediatric intensive care
unit (PICU) and may require inotropic support. However, not
all children may present to the first medical evaluation with
a severe picture requiring PICU support but can unfavourably
evolve over time. Deaths have also been reported [7].

Although several studies have been published on MIS-C, and
some have attempted to define predictors of poor outcomes
[8-10], most of these studies have focused on only one spe-
cific outcome. However, PICU admission, or even the use of
mechanical ventilation, can be biased by local practices, while
other outcomes like impaired systolic function or death can
be more objective. Nevertheless, since these outcomes are
relatively rare, most studies have not had enough power. The
lack of clear predictors of several different clinically relevant
outcomes has practical implications, particularly from a ther-
apeutic perspective. Currently, the best treatment for MIS-C
is unclear, with most centers using intravenous immunoglob-
ulins with or without steroids [11, 12]. However, several stud-
ies have also documented benefits from the use of biological
agents. Theoretically, a model that can define several nega-
tive outcomes may guide clinicians to start more aggressive
treatments earlier in high-risk children. In addition, such a
model may serve as the basis to develop similar ones for other
inflammatory conditions, including Kawasaki disease.

This study addressed these gaps with three primary aims. First,
we sought to develop and validate different machine learning
models capable of predicting multiple clinically relevant out-
comes of MIS-C in a large cohort of Latin American children,
using easily accessible parameters readily available during ini-
tial clinical evaluation. Second, adhering to the principles of
explainable machine learning, we identified the most critical
clinical predictors associated with each outcome to assist phy-
sicians in risk stratification. Third, we developed an interactive
web app to promote the routine use of our models by healthcare
professionals as a clinical decision support tool.

2 | Methods

The Latin American Kawasaki Disease  Network
(REKAMLATINA—Red de la Enfermedad de Kawasaki en
America Latina) is a multinational, multicenter research net-
work that was initially established for Kawasaki disease. This
network, composed of many of the main paediatric and general
referral hospitals in Latin America, maintains a detailed obser-
vational registry of Kawasaki disease cases. Since the COVID-19
pandemic, the registry has been expanded to include MIS-C
cases from 84 participating centres across 16 Latin American
countries: Argentina, Bolivia, Brazil, Chile, Colombia, Costa
Rica, Cuba, Dominican Republic, Ecuador, El Salvador,
Guatemala, Honduras, Mexico, Panama, Paraguay, Peru, Puerto
Rico, Uruguay, and Venezuela [13, 14].

The aim of this new study was to develop a model based on
common clinical and laboratory findings that predicts several
outcomes of MIS-C in children, including PICU admission,
use of inotropics, mechanical ventilation, and death. This
study was reported according to the TRIPOD-AI statement
(Table S2).

2.1 | Inclusion Criteria

Patients who met the Centers for Disease Control definition
of MIS-C and were diagnosed from 1 August 2020 to 31 June
2022 were included in the study. According to clinical crite-
ria, the illness should have been characterised by all of the
following: fever (>38°C), clinical severity requiring hospital-
isation, C-reactive protein increase (CRP, >3.0mg/dL), new
onset in at least two categories (cardiac involvement, muco-
cutaneous involvement, shock, gastrointestinal involvement
or haematological involvement) and laboratory confirmed
SARS-CoV-2 infection (positive SARS-CoV-2 real-time
reverse-transcriptase polymerase chain reaction or antibody
test during hospitalisation) or an epidemiologic linkage (close
contact with a confirmed or probable case of COVID-19 within
the 4weeks prior to the onset of symptoms) [15].

2.2 | Measurement of Variables and Endpoints

The Network database includes data on demographics (age, sex,
parent-reported race/ethnicity), clinical signs and symptoms, vital
parameters upon admission to the hospital, laboratory test results
as well as radiological exams, electrocardiography (ECG) and
echocardiographic findings, destination of the patient (PICU or
ward), need for inotropic support or mechanical ventilation and
duration of support, treatments and response to therapy, complica-
tions, and outcome. Further details on how data were collected in
the dataset are provided in previous Network studies [16].
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Summary

« MIS-C can lead to severe outcomes in children, and
early identification of high-risk patients is crucial for
timely interventions.

In 1303 children from 84 Latin American hospitals,
machine learning models accurately predicted PICU
admission (0.80), inotrope use (0.86), mechanical ven-
tilation (0.84), and death (AUROC 0.85).

« These validated models can support clinicians in risk
stratification, potentially improving patient outcomes
and guiding resource allocation in MIS-C care.

For the purpose of this study, we focused on clinical and di-
agnostic parameters easily available. The following variables
were initially considered for the analysis: age (in years), sex,
ethnicity (parent-reported), comorbidities, signs and symp-
toms (dehydration, cough, conjunctival injection, mucositis,
lymphadenopathy, extremity edema, rash, convulsions, shock,
abdominal pain, vomiting and diarrhoea), blood tests (com-
plete blood cell count, C-reactive protein (CRP), erythrocyte
sedimentation rate (ESR), procalcitonin, creatinine, liver en-
zymes, ferritin, pro-BNP), diagnostics (ECG, echocardiogram
including left ventricular function and coronary abnormali-
ties), and therapeutic interventions (intravenous fluids, ino-
tropes, transfusions, intravenous immunoglobulin, aspirin,
steroids, antibiotics, antivirals, and immunomodulators). Signs
and symptoms were considered as reported by the treating
physician. Normal ECG was defined as the lack of arrhyth-
mia, conduction abnormalities, ST changes, QT changes, QRS
changes, and normal echocardiography as normal systolic and
diastolic function, absence of pleural effusion, and absence of
coronary artery abnormalities.

The outcomes were PICU admission, need for inotropic sup-
port, mechanical ventilation, and death. Each outcome was
considered at any possible time after admission. Outcomes
assessors were not blinded given the objective nature of the
outcomes.

2.3 | Statistical Analysis

Clinicopathological characteristics at baseline were described
using standard descriptive statistics. Continuous variables
were reported as median and interquartile range (IQR) and
compared with the Mann-Whitney U test. Categorical vari-
ables were reported as frequency and percentage and assessed
using a chi-square test or Fisher's exact test, as appropri-
ate. While no formal sample size calculation was performed
in advance, the large number of included patients and the
models’ performances suggest that an adequate number of
observations per variable was reached. Statistical analyses
were performed using RStudio (version 4.2.2; RStudio, PBC,
Boston, Massachusetts, United States) and Python (version
3.10; Python Software Foundation, Wilmington, Delaware,
United States). All hypotheses were two-sided and p <0.05

was considered statistically significant, except when other-
wise specified.

2.4 | Pre-Processing

For model development and clinical interpretation, 26 variables
were chosen based on domain knowledge, previous studies
[10, 11, 17], potential clinical utility and availability. Samples
with missing data for at least one of the outcomes and patients
with less than 20 predictors available (75%) were excluded. Then,
the full cohort was split in a train/validation set using a 70/30
split. Age, fever days, haemoglobin (Hb), platelet count, lympho-
cytes, C-reactive protein (CRP), procalcitonin (PCT), creatinine,
alanine aminotransferase (ALT), aspartate aminotransferase
(AST), ferritin and pro-BNP were considered as numerical
variables while dehydration, cough, conjunctivitis, mucositis,
lymphadenopathy, extremities edema, rash, convulsions, shock,
belly pain, vomiting, diarrhoea, ECG (normal/altered), and
echocardiography (normal/altered) as binary variables. The four
endpoints (PICU admission, inotropes use, mechanical ventila-
tion and death) were considered as binary variables, configuring
a supervised binary classification task. All categorical variables
were encoded using one-hot encoding. To account for the possi-
ble presence of outliers, continuous variables were windsorized
at the 5th and 95th percentiles (extreme values below and above
the 5th percentile and 95th percentile were replaced with the
corresponding percentile) and then standardised using z-scores.
Missing data were imputed using median imputation for con-
tinuous variables and the most frequent category for binary
variables. Sensitivity analyses were conducted using k-nearest
neighbour (KNN) imputation and multivariate imputation by
chained equations (MICE).

2.5 | Model Development

Using the sklearn package, Histogram-Based Gradient
Boosting (HBGB) and Random Forest (RF) algorithm were
trained, including in the pipeline hyperparameter tuning
with Optuna using 5-fold cross-validation and Platt (sigmoid)
calibration [18]. Accuracy was used as the target function for
PICU admission, inotropic use, and mechanical ventilation,
and AUROC for death, due to the imbalance of the outcome
frequency. 95% confidence intervals for metrics used were cal-
culated using 2000 bootstrap replicates. Further models were
trained using the AutoML framework from the H,O package,
using a different train/test split to evaluate the consistency of
different splitting on the full dataset. This version trains and
cross-validates the following algorithms: XGB, Generalised
Linear Models (GLMs: Ridge regression, LASSO regression
and Elastic Net), RF, Extremely Randomised Trees, Gradient
Boosting Machines (GBM) and densely connected deep neural
network (DNN). At the end of the process, additional stacked
ensembles are trained using all the base models and only one
of the best models from each algorithm family. For each run,
the maximum number of models was set to 20, with hyper-
parameter tuning performed using grid search and five-fold
cross-validation. For death, upsampling was used to reduce
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TABLE1 | Distribution of symptoms, clinical characteristics and laboratory values at for study population.

Overall (n=1303) Train (n=912) Test (n=391) Missing
Age, years 6.6 [2.8-10.6] 6.9 [3.0-10.6] 6.0 [2.2-10.6] 0
Sex 0
Female 593 (45.5) 417 (45.7) 176 (45.0)
Male 710 (54.5) 495 (54.3) 215 (55.0)
Ethnicity 113
Afro-American 29 (2.2) 8(2.0) 21 (2.3)
Indigenous 10 (0.8) 4 (1.0) 6(0.7)
Mestizo 855 (65.6) 247 (63.2) 608 (66.7)
White 296 (22.7) 85(21.7) 211 (23.1)
Clinical characteristics
Fever days 5.0 [4.0-7.0] 5.0 [4.0-7.0] 5.0 [4.0-7.0] 21
Dehydration 467 (35.8) 338 (37.1) 129 (33.0) 12
Cough 411 (31.5) 288 (31.6) 123 (31.5) 5
Conjunctival injection 793 (60.9) 570 (62.5) 223 (57.0) 4
Oral Erythema 548 (42.1) 400 (43.9) 148 (37.9) 6
Cervical lymphadenopathy 354 (27.2) 248 (27.2) 106 (27.1) 15
Extremity edema 520 (39.9) 370 (40.6) 150 (38.4) 8
Rash 773 (59.3) 546 (59.9) 227 (58.1) 3
Convulsions 54 (4.1) 36 (3.9) 18 (4.6) 9
Shock 488 (37.5) 356 (39.0) 132 (33.8) 4
Abdominal pain 835 (64.1) 588 (64.5) 247 (63.2) 20
Vomiting 728 (55.9) 516 (56.6) 212 (54.2) 1
Diarrhoea 588 (45.1) 413 (45.3) 175 (44.8) 6
Laboratory values
Haemoglobin, g/dL 11.2[9.9-12.4] 11.2[9.9-12.3] 11.1 [9.9-12.5] 0
Platelet count, cells X 10%/L 190.0 [110.0-294.8] 186.0 [109.0-287.0] 201.0 [114.0-310.2] 5
Lymphocytes, cells/uL 1240.0 [639.0-2400.0] 1200.0 [636.0-2280.0] 1410.0 [647.5-2788.5] 28
Neutrophils, cells/uL 7755.0 [4097.5-11909.8] 8255.0 [4413.0-11675.0] 7600.0 [3986.8-12100.0] 207
C-reactive protein, mg/dL 14.0 [6.5-24.8] 14.5 [6.7-25.0] 13.0 [5.9-23.2] 52
ESR, mm/h 38.0 [22.0-59.0] 40.0 [25.0-58.2] 37.0 [21.0-59.0]
Procalcitonin, ng/mL 3.0[0.7-13.2] 3.1[0.8-13.0] 2.5[0.5-13.5] 647
Creatinine, mg/dL 0.5[0.3-0.7] 0.5[0.3-0.7] 0.5[0.3-0.7] 41
ALT, U/L 39.6 [22.0-78.2] 40.0 [23.1-77.6] 38.0 [21.0-79.8] 35
AST, U/L 43.0 [28.0-80.0] 44.0 [28.0-80.0] 41.5[27.6-79.0] 33
Ferritin, ng/mL 444.0 [226.0-957.8] 439.0 [218.8-926.4] 450.0 [232.3-996.4] 231
pro-BNP, pg/mL 1112.0 [279.0-5042.0] 1259.0 [281.5-5264.5] 784.0 [278.0-4376.0] 703
Other exams
Echocardiography normal 620 (47.6) 425 (46.6) 195 (49.9) 97
ECG normal 607 (46.6) 425 (46.6) 182 (46.5) 496
(Continues)
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TABLE1 | (Continued)
Overall (n=1303) Train (n=912) Test (n=391) Missing
Outcomes
PICU admission 623 (47.8) 435 (47.7) 188 (48.1) 0
Inotropes use 522 (40.1) 377 (41.3) 145 (37.1) 0
Mechanic ventilation 272(20.9) 190 (20.8) 82 (21.0) 0
Death 69 (5.3) 49 (5.4) 20 (5.1) 0

Note: Continuous variables are represented as median [IQR]. Categorical variables as n (%).
Abbreviations: ALT, alanine aminotransferase; AST, aspartate aminotransferase; ESR, Erythrocyte sedimentation rate; IQR, Interquartile range; PICU, paediatric

intensive care unit; proBNP, pro B-type natriuretic peptide.

class imbalance. For each outcome, a GLM was also trained to
favour variables interpretability.

2.6 | Model Evaluation and Variable Importance

For each model, we evaluated the confusion matrix, the learn-
ing curve, and the performance metrics (AUROC, AUC-PR, ac-
curacy, precision and recall). The best model for each outcome
was chosen based on the cross-validated performance on the
train set. The best models were then evaluated on the validation
set. The calibration curve was inspected to evaluate the agree-
ment between observed outcomes and model-estimated values.

With the aim of favouring model explainability and to en-
hance the use of the clinical implication of these analyses, we
inspected variable importance and partial dependence plots
(PDP). Shapley Additive exPlanations (SHAP) permutation ex-
plainer beeswarm plot and heatmap for each variable for each of
the best models was also evaluated.

2.7 | Ethics

The REKAMLATINA REDCap database has received institu-
tional review board approval at the University of California, San
Diego (La Jolla, CA, USA), and the study was approved at each
individual institution enrolling subjects in the REKAMLATINA
MIS-C REDCap database, as well as ethical approval from
CENDEISSS (Centro de Desarrollo Estratégico e Informacién en
Saud y Seguridad Social) as required for the leading hospital of the
study, Hospital Nacional de Nifios “Dr. Carlos Sdenz Herrera”, Caja
Costarricense de Seguro Social (CCSS) in San José, Costa Rica.

3 | Results

3.1 | Patients’ Characteristics

After pre-processing, we included 1303 of the 1323 children di-
agnosed with MIS-C (female 45.5%) with a median age of 6.6
(IQR 2.8-10.6) years. The main demographic characteristics,
symptoms, and laboratory findings at admission are reported in
Table 1 and Figure S1. The most frequent symptoms were ab-
dominal pain (835, 64.1%), conjunctival injection (793, 60.9%)
and rash (773, 59.3%). Shock was reported in 488 (37.5%) patients.

Overall, 623 (47.8%) children were admitted to the PICU, 522
(40.1%) required inotropic support, 272 (20.9%) required me-
chanical ventilation, and 69 (5.3%) died. After the train/test
split, 912 children were included in the train set and 391 in the
test set. The univariate analyses for demographic, clinical, and
laboratory characteristics in patients from the train set grouped
according to the main outcomes are detailed in Table S1.

3.2 | Predictive Models for PICU Admission

For the prediction of PICU admission, the RF model achieved a
mean cross-validated accuracy on the 5 folds of 0.76 in the train-
ing set and a 0.80 (95% CI 0.76-0.84) accuracy on the test set
(Figure S2A). The test AUROC was 0.87 (95% CI 0.83-0.90) and
the PR-AUC 0.88 (95% CI 0.84-0.92) (Figure 1A,B). The model
showed good calibration (Figure S2B).

In the SHAP analysis, the five variables with the higher absolute
contribution were shock, platelets, haemoglobin, lymphocytes,
and ferritin. In detail, PICU admission was associated with low
Hb levels, low platelet count, and low lymphocytes, as well as el-
evated CRP, creatinine, procalcitonin, and pro-BNP. Notably, oral
erythema and rash were associated with negative SHAP values
(Figure 1C). In the heatmap analysis, whereas shock remained the
main determinant, some high-risk clusters emerged, such as the
combination of low Hb levels and low platelet levels, with or with-
out pro-BNP increase; and the combination of low platelet count
with elevated creatinine, CRP, or procalcitonin levels (Figure 1D).

These findings were confirmed in the GLM with an accuracy
of 0.78 and an AUROC of 0.84 on the test set, which also high-
lighted older age and cough as other risk factors. As expected,
the presence of a normal echocardiography reduced the risk
of PICU admission (Figure S2). In the exploration of PDPs for
different models, we observed how the risk tended to increase
linearly for a platelet count below 300 x 10°/L, lymphocyte val-
ues below 2000 mm?3, and Hb values below 11 mg/dL. A similar
trend was also observed for creatinine values above 0.6 mg/dL
and ferritin values above 500 ng/mL (Figure S3).

3.3 | Predictive Models for Inotropes Use

RF model achieved a mean cross-validated accuracy on the five
folds of 0.81 in the training set and a 0.86 (95% CI 0.82-0.90)
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FIGURE1
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FIGURE1 | Model evaluation and variable importance for PICU admission. (a) ROC curve. The area under the ROC curve (AUROC) is reported.
(b) Precision-recall curve. The area under the precision-recall curve (AUC-PR) is reported. (c) SHAP value for included features. The feature values
are presented on the right, with higher values plotted in red and lower values in blue. Positive SHAP value are associated with an increased risk for

the outcome, for the corresponding value of the feature. (d) SHAP heatmap for the most important features. The risk function f(x) in presented on

the upper part of the heatmap, with higher values corresponding to higher risk. Higher SHAP values are reported in red while lower SHAP value in

blue. Colour intensity is proportional to the absolute SHAP value. PICU, paediatric intensive care unit.

accuracy on the validation set for the prediction of inotropes use
(Figure S4). The test AUROC was 0.92 (95% CI 0.89-0.95) and
the PR-AUC 0.88 (95% CI 0.82.0.93) (Figure 2A,B). The model
showed good calibration (Figure S4B).

In the SHAP analysis, the five variables with the higher abso-
lute contribution were shock, ferritin, platelet count, creatinine,
and CRP. In detail, elevated ferritin, creatinine, CRP, pro-BNP,
procalcitonin, and ALT/AST, as well as older age, were also as-
sociated with positive SHAP values, as well as low platelet count
and low lymphocytes. A normal echocardiography was associ-
ated with negative SHAP values (Figure 2C). In the heatmap
analysis, the combination of an elevated platelet count, ferritin,
and creatinine was associated with higher risk, followed by the
combination of thrombocytopenia with either increased creati-
nine or ferritin (Figure 2D).

These findings were confirmed in the GLM (with an accu-
racy of 0.83 and an AUROC of 0.88 on the test set), where
the five variables with the highest importance were shock,
CRP, platelet count, creatinine, and seizures (Figure S4).
In the exploration of PDPs, we observed how the risk in-
creased similarly to PICU admission for platelet count,
creatinine, and Hb. Notably, a much steeper increase in the
risk was observed for pro-BNP and ferritin values above
400ng/mL (Figure S5).

3.4 | Predictive Models for Mechanic Ventilation

The HBGB model for mechanical ventilation prediction achieved
a mean cross-validated accuracy on the 5 folds of 0.83 in the
training set and a 0.84 (95% CI 0.80-0.88) accuracy on the test
set (Figure S6). The test AUROC was 0.86 (95% CI 0.82-0.90)
and the PR-AUC was 0.69 (95% CI 0.59-0.78) (Figure 3A). The
model showed good calibration (Figure S6).

In the SHAP analysis, the variables with the highest absolute
SHAP values were shock, ferritin, cough, platelet count, and Hb.
Elevated ferritin, ALT/AST, CRP, and creatinine were also asso-
ciated with an increased mechanical ventilation risk, as well as
low platelet count and Hb (Figure 3C). In the heatmap analysis,
the higher-risk cluster was the combination of cough, low plate-
let count, and elevated ferritin (Figure 3D).

Variable importance was consistent in the GLM (with an accu-
racy of 0.84 and an AUROC of 0.85 on the test set) (Figure S6). In
the exploration of PDPs, we observed a similar risk increase to
PICU admission and inotropes use for Hb, lymphocytes, platelet
count, and creatinine, and a step increase in risk for ferritin val-
ues above 400ng/mL (Figure S7).

3.5 | Predictive Models for Death

For death prediction, the RF model achieved a mean cross-
validated AUROC on the 5 folds of 0.84 in the training set
and 0.85 (95% CI 0.77-0.93) on the test set, with a PR-AUC of
0.31 (Figure 4). The test accuracy was 0.95 (95% CI 0.93-0.97)
(Figure S8) and the model showed fair calibration (Figure S8).

In the SHAP analysis, elevated ferritin, elevated creatinine,
and elevated ALT/AST were associated with higher SHAP val-
ues for death, as well as low platelet count and shock. Rashed
and conjunctival injections were associated with negative
SHAP values (Figure 4C). Consistently, in the heatmap anal-
ysis, the highest risk was associated with the concomitant
presence of creatinine, ferritin, and/or transaminase increase
(Figure 4D).

In this scenario, the GLM had an accuracy of 0.96 and an
AUROC of 0.68 on the test set and a PR-AUC of 0.16. Creatinine
was confirmed to be the most important predictor followed by
cough, shock and AST increase (Figure S8C,D). Notably, in the
PDP, creatinine values greater than 1.1 mg/dL were associated
with an exponential increase in the risk of death. Interestingly,
while the absolute contribution of AST was greater than ALT,
we observed a step risk increase for AST values above 200 U/L
and for ALT values above 50U/L. A higher risk of death was
also observed for platelets below 100x 10°/L and ferritin values
above 1000 ng/mL (Figure S9A-F).

3.6 | Sensitivity Analyses

Sensitivity analyses according to imputation methods yielded
consistent results (Table S3).

3.7 | Model Availability

To improve the clinical availability of these models, the best
model for each outcome was included in a virtual application
for the early prediction of the outcomes of children based on the
aforementioned parameters and it is freely available at https://
rekamlatina-938txe27bue34ehmgdhgtm.streamlit.app/.

4 | Discussion

To our knowledge, this was the first and largest dataset of chil-
dren with MIS-C to be evaluated with multiple advanced mod-
els. This led to the development of a virtual application for the
early prediction of meaningful outcomes of MIS-C based on
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FIGURE2 | Model evaluation and variable importance for inotropes use. (a) ROC curve. The area under the ROC curve (AUROC) is reported. (b)
Precision-recall curve. The area under the precision-recall curve (AUC-PR) is reported. (c) SHAP value for included features. The feature values are
presented on the right, with higher values plotted in red and lower values in blue. Positive SHAP value are associated with an increased risk for the

outcome, for the corresponding value of the feature. (d) SHAP heatmap for the most important features. The risk function f(x) in presented on the

upper part of the heatmap, with higher values corresponding to higher risk. Higher SHAP values are reported in red while lower SHAP value in blue.

Colour intensity is proportional to the absolute SHAP value.

parameters that can be obtained at the time of admission. Such
an approach can serve for the early personalised risk stratifica-
tion of children with MIS-C, therefore allowing potential per-
sonalization of care with intensification of therapy. In addition,
our approach may serve as a base for the development of a simi-
lar model in other hyperinflammatory conditions, including but
not limited to Kawasaki disease.

Although new MIS-C cases have significantly decreased com-
pared with the early phases of the pandemic [19], this study
serves as an example of what can be done with baseline, read-
ily available clinical data to predict disease severity in an in-
flammatory disorder. Specifically, for the treatment of MIS-C,
several retrospective multinational cohort studies have not
been able to determine a definitive benefit of one strategy over
another (e.g., intravenous immunoglobulins vs. steroids, or
intravenous immunoglobulins +steroids vs. one of the two)
[10-12, 20-23]. Even in the largest cohorts published, biolog-
ical agents were rarely used, and critical outcomes were rel-
atively rare, therefore limiting statistical power to compare
biologics vs. other treatments in improving the outcomes of
MIS-C [10-12, 20-23]. Given all these uncertainties, early rec-
ognition of the most-at-risk patient may support practitioners
in defining when more aggressive therapeutic strategies can
be implemented.

Previous studies have mostly attempted to predict ICU admission
or death based on simpler multivariate analyses, without pro-
viding a tool that might be used clinically [11, 12, 23]. Whereas
linear models are widely used and easily interpretable, they
often fail in considering nonlinearity and interactions, unless
pre-specified. Machine learning approaches, on the other hand,
offer a more flexible and data-driven alternative. Implementing
algorithmic learning procedures, these methods can auto-
matically identify and model nonlinear associations, high-
dimensional interactions, and latent structures without the need
to impose strong a priori assumptions regarding the functional
form of relationships [24]. Moreover, in line with the principles
of explainable artificial intelligence (XAI), machine learning
predictions can be supported by variable importance measures
that quantify the relative contribution of each predictor to the
model's output. Such approaches extend interpretability beyond
traditional regression coefficients, enabling clinicians to better
assess the relation between individual variables and predicted
outcomes. With our approach, we have been able to upload all
the models in a virtual channel, freely accessible, producing a
real-time calculator that with simple information, collected at
first clinical assessment, is able to predict MIS-C outcomes. As
such, this tool has the potential to be tested in other populations
and, if its validity is confirmed in other settings, may have the
potential to be used around the globe.

Although the models were based on simple information, they
were found to be fairly accurate, particularly for the need for ino-
tropes and mechanical ventilation, which may be the two more
objective outcomes, along with death. By contrast, PICU admis-
sion can not only be related to the need for objective invasive
procedures or monitoring, but also may be influenced by local
practice and decisions of the attending physician, as described
for other conditions [25]. Conversely, shock and mechanical
ventilation are more objective parameters that were accurately
predicted by our model soon after the first clinical assessment.
For death, given it happened in a minority of cases, the discrimi-
native ability of the model was lower. Interestingly, high ferritin
and low platelets were associated with higher mortality, a find-
ing in line with a previous study on a subgroup of children with
MIS-C that developed macrophage activation syndrome [26].

Overall, the most relevant variables in our models were simple
parameters including haemoglobin, CRP, ferritin, and creati-
nine, laboratory values easily available in most clinical laborato-
ries worldwide, making our model easily applicable. In addition,
these parameters have already been linked with worse clinical
presentations in MIS-C [17, 23], Kawasaki disease [27], and other
inflammatory conditions like macrophage activation syndrome
[28], indirectly validating the value of the model. Clinically,
cough was linked with a higher risk of mechanical ventilation,
which could be a sign of pulmonary oedema in children with
shock complicating MIS-C.

Mucositis, rash, conjunctival injection, and gastrointestinal
symptoms were generally associated with a lower risk of neg-
ative outcomes in our cohort. The more severe spectrum of
MIS-C is, indeed, more characterised by shock, hyperinflamma-
tion, and abdominal involvement [11, 12, 23, 26]. We also noted
that in our model, gastrointestinal symptoms and conjunctival
injection had little to no contribution to the prediction of our
outcomes, as these symptoms are very frequent in all patients
with MIS-C [2, 6, 29]. Given the expected low variance, we hy-
pothesised they could have provided low discriminative ability
for MIS-C-related outcomes.

The approach used in this study, through the web application,
can be easily tested and eventually validated in other cohorts,
even retrospectively. However, it was notable that this can also
serve as an inspiring step for the development of a similar ap-
proach for Kawasaki disease, aiming to predict, in this case,
coronary abnormalities, which is the most feared outcome
for families and clinicians. While treatment resistance can be
predicted by scoring systems in many parts of Asia, these al-
gorithms have not worked in multiethnic populations [30-33].
Ideally, a model similar to the one we developed for MIS-C
can help predict the most severe cases of Kawasaki disease
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FIGURE 3 | Model evaluation and variable importance for mechanic ventilation. (a) ROC curve. The area under the ROC curve (AUROC) is re-
ported. (b) Precision-recall curve. The area under the precision-recall curve (AUC-PR) is reported. (c) SHAP value for included features. The feature
values are presented on the right, with higher values plotted in red and lower values in blue. Positive SHAP value are associated with an increased
risk for the outcome, for the corresponding value of the feature. (d) SHAP heatmap for the most important features. The risk function f(x) in presented
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in blue. Colour intensity is proportional to the absolute SHAP value.
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FIGURE 4 |

Model evaluation and variable importance for death. (a) ROC curve. The area under the ROC curve (AUROC) is reported. (b)

Precision-recall curve. The area under the precision-recall curve (AUC-PR) is reported. (c) SHAP value for included features. The feature values are
presented on the right, with higher values plotted in red and lower values in blue. Positive SHAP value are associated with an increased risk for the

outcome, for the corresponding value of the feature. (d) SHAP heatmap for the most important features. The risk function f(x) in presented on the

upper part of the heatmap, with higher values corresponding to higher risk. Higher SHAP values are reported in red while lower SHAP value in blue.

Colour intensity is proportional to the absolute SHAP value.

that would benefit from early adjunctive combination therapy.
In addition, a similar model could be studied prospectively to
evaluate if implementing an early prediction no need for a hy-
phen tool improves the overall outcomes of Kawasaki disease
patients, including time to resolution of pre-specified outcomes
and healthcare-associated costs.

4.1 | Strengths and Limitations

The main limitation of our study was—keep an eye on your use
of tenses that—the models are based on previously collected
data. The presence of missing data for certain variables was
a limitation, which reflects the difficulty of data collection in
clinical settings, particularly during complex pandemic periods
(Figure S1 shows the pattern of missingness of each variable,
still not altering the model's validity). This should be Figure S1
and see the guidance on the use of brackets. Despite this lim-
itation, we believe that our model still provides valuable infor-
mation for clinical practice. In addition, as we only included
patients from Latin America, we cannot exclude that, in other
populations, different parameters could have a different weight
in determining specific outcomes. However, the variables that
we considered are widely described in all studies as playing a
relevant role in the disease. Although the percentage of death
in Latin America due to MIS-C is higher than in other parts of
the world [23, 34], the outcome of death was relatively rare, and
in fact for this outcome our model had the lowest discrimina-
tive capabilities. Last, while we have implemented the applica-
tion, future studies will need to evaluate its usability or clinician
feedback. Nevertheless, a strength is that our study was the larg-
est dataset assessed through machine-learning approaches to
develop an easily available web-app prediction tool for MIS-C,
paving the way for the implementation of such tools in similar
conditions.

5 | Conclusion

This study developed and validated four machine learning mod-
els based on early, easily obtainable clinical parameters for the
prediction of multiple adverse outcomes in patients with MIS-C
and made them available for routine use through a web-based
real-time application. This model can help the clinician risk
stratify MIS-C patients, providing personalised care that could
improve patient outcomes.

Acknowledgement

Open access publishing facilitated by Universita Cattolica del Sacro
Cuore, as part of the Wiley - CRUI-CARE agreement.

Conflicts of Interest

The authors declare no conflicts of interest.

Data Availability Statement

The datasets used and/or analysed during the current study are not
publicly available but may be available to qualified researchers on rea-
sonable request from the corresponding author. Code availability: The
underlying code for this study and training/validation datasets is not
publicly available but may be made available to qualified researchers on
reasonable request from the corresponding author.

References

1. L. R. Feldstein, E. B. Rose, S. M. Horwitz, et al., “Multisystem In-
flammatory Syndrome in U.S. Children and Adolescents,” New En-
gland Journal of Medicine 383 (2020): 334-346, https://doi.org/10.1056/
NEJMo0a2021680.

2. L. Verdoni, A. Mazza, A. Gervasoni, et al., “An Outbreak of Severe
Kawasaki-Like Disease at the Italian Epicentre of the SARS-CoV-2 Ep-
idemic: An Observational Cohort Study,” Lancet 395 (2020): 1771-1778,
https://doi.org/10.1016/S0140-6736(20)31103-X.

3. C. R. Consiglio, N. Cotugno, F. Sardh, et al., “The Immunol-
ogy of Multisystem Inflammatory Syndrome in Children With
COVID-19,” Cell 183 (2020): 968-981.e7, https://doi.org/10.1016/].
cell.2020.09.016.

4. M. J. Molloy, K. A. Auger, M. Hall, et al., “Epidemiology and Severity
of Illness of MIS-C and Kawasaki Disease During the COVID-19 Pan-
demic,” Pediatrics 152 (2023): €2023062101, https://doi.org/10.1542/
peds.2023-062101.

5. M. Walton, G. Raghuveer, A. Harahsheh, et al., “Cardiac Biomarkers
Aid in Differentiation of Kawasaki Disease From Multisystem Inflam-
matory Syndrome in Children Associated With COVID-19,” Pediatric
Cardiology 46 (2023): 116-126, https://doi.org/10.1007/s00246-023-
03338-z.

6. A. Yock-Corrales, J. Lenzi, R. Ulloa-Gutiérrez, et al., “Acute Abdo-
men and Appendicitis in 1010 Pediatric Patients With COVID-19 or
MIS-C: A Multinational Experience From Latin America,” Pediatric In-
fectious Disease Journal 40 (2021): e364-e369, https://doi.org/10.1097/
INF.0000000000003240.

7. G. Sik, A. Inamlik, N. Akgay, et al., “Mortality Risk Factors Among
Critically Ill Children With MIS-C in PICUs: A Multicenter Study,”
Pediatric Research 94 (2023): 730-737, https://doi.org/10.1038/s41390-
023-02518-0.

8. V. Williams, N. Dash, R. Suthar, et al., “Clinicolaboratory Profile,
Treatment, Intensive Care Needs, and Outcome of Pediatric Inflamma-
tory Multisystem Syndrome Temporally Associated With SARS-CoV-2:
A Systematic Review and Meta-Analysis,” Journal of Pediatric Intensive
Care 11 (2020): 1-12, https://doi.org/10.1055/s-0040-1719173.

9. L. Acevedo, B. E. Piferes-Olave, L. F. Nifio-Serna, et al., “Mortality
and Clinical Characteristics of Multisystem Inflammatory Syndrome in
Children (MIS-C) Associated With Covid-19 in Critically Ill Patients:
An Observational Multicenter Study (MISCO Study),” BMC Pediatrics
21 (2021): 516, https://doi.org/10.1186/s12887-021-02974-9.

144

Acta Paediatrica, 2026


https://doi.org/10.1056/NEJMoa2021680
https://doi.org/10.1056/NEJMoa2021680
https://doi.org/10.1016/S0140-6736(20)31103-X
https://doi.org/10.1016/j.cell.2020.09.016
https://doi.org/10.1016/j.cell.2020.09.016
https://doi.org/10.1542/peds.2023-062101
https://doi.org/10.1542/peds.2023-062101
https://doi.org/10.1007/s00246-023-03338-z
https://doi.org/10.1007/s00246-023-03338-z
https://doi.org/10.1097/INF.0000000000003240
https://doi.org/10.1097/INF.0000000000003240
https://doi.org/10.1038/s41390-023-02518-0
https://doi.org/10.1038/s41390-023-02518-0
https://doi.org/10.1055/s-0040-1719173
https://doi.org/10.1186/s12887-021-02974-9

10. J. Fernandez-Sarmiento, L. Acevedo, L. F. Nifio-Serna, et al., “Risk
Factors Associated With Intensive Care Admission in Children With
Severe Acute Respiratory Syndrome Coronavirus 2-Related Multisys-
tem Inflammatory Syndrome (MIS-C) in Latin America: A Multicenter
Observational Study of the REKAMLATINA Network,” Journal of In-
tensive Care Medicine 39 (2024): 785-793, https://doi.org/10.1177/08850
666241233189.

11. A.J. McArdle, O. Vito, H. Patel, et al., “Treatment of Multisystem In-
flammatory Syndrome in Children,” New England Journal of Medicine
385(2021): 11-22, https://doi.org/10.1056/NEJM0a2102968.

12. S. Channon-Wells, O. Vito, A. J. McArdle, et al., “Immunoglobu-
lin, Glucocorticoid, or Combination Therapy for Multisystem Inflam-
matory Syndrome in Children: A Propensity-Weighted Cohort Study,”
Lancet. Rheumatology 5 (2023): el84-e199, https://doi.org/10.1016/
$2665-9913(23)00029-2.

13. A. Gonzalez-Mata, R. Ulloa-Gutiérrez, J. Brea, G. Soza, and A. H.
Tremoulet, “Origin and Importance of the Latin American Kawasaki
Disease Network (REKAMLATINA),” Revista Chilena de Infectologia
31 (2014): 330-332, https://doi.org/10.4067/S0716-10182014000300012.

14. R. Ulloa-Gutierrez, G. Ivankovich-Escoto, A. Yock-Corrales, and
A. H. Tremoulet, “Multisystem Inflammatory Syndrome Surveillance
and COVID-19 in Latin America,” Pediatric Infectious Disease Journal
39 (2020): e473-e474, https://doi.org/10.1097/INF.0000000000002901.

15. Center for Disease Control and Prevention, Multisystem Inflam-
matory Syndrome in Children (MIS-C) Associated With Coronavirus
Disease 2019 (COVID-19) (Center for Disease Control and Prevention,
2020), https://emergency.cdc.gov/han/2020/han00432.asp.

16. H. K. Narayan, A. Lizcano, T. Lam-Hine, et al., “Clinical Presenta-
tion and Outcomes of Kawasaki Disease in Children From Latin Amer-
ica: A Multicenter Observational Study From the REKAMLATINA
Network,” Journal of Pediatrics 263 (2023): 113346, https://doi.org/10.
1016/jjpeds.2023.02.001.

17.J. Merckx, S. Cooke, T. El Tal, et al., “Predictors of Severe Illness
in Children With Multisystem Inflammatory Syndrome After SARS-
CoV-2 Infection: A Multicentre Cohort Study,” CMAJ 194 (2022):
E513-E523, https://doi.org/10.1503/cmaj.210873.

18. L. Mastrantoni, G. Garufi, G. Giordano, et al., “Accessible Model
Predicts Response in Hormone Receptor Positive HER2 Negative Breast
Cancer Receiving Neoadjuvant Chemotherapy,” Npj Breast Cancer 11
(2025): 11, https://doi.org/10.1038/s41523-025-00727-w.

19. D. Buonsenso, A. Perramon, M. Catala, et al., “Multisystem In-
flammatory Syndrome in Children in Western Countries? Decreasing
Incidence as the Pandemic Progresses?: An Observational Multicenter
International Cross-Sectional Study,” Pediatric Infectious Disease
Journal 41 (2022): 989-993, https://doi.org/10.1097/INF.0000000000
003713.

20. M. Shabil, M. N. Khatib, G. T. Banda, et al., “Effectiveness of Early
Anakinra on Cardiac Function in Children With Multisystem Inflam-
matory Syndrome of COVID-19: A Systematic Review,” BMC Infectious
Diseases 24, no. 1 (2024): 847, https://doi.org/10.1186/s12879-024-
09581-w.

21. RECOVERY Collaborative Group, “Immunomodulatory Therapy in
Children With Paediatric Inflammatory Multisystem Syndrome Tem-
porally Associated With SARS-CoV-2 (PIMS-TS, MIS-C; RECOVERY):
A Randomised, Controlled, Open-Label, Platform Trial,” Lancet Child
& Adolescent Health 8 (2024): 190-200, https://doi.org/10.1016/S2352-
4642(23)00316-4.

22.B. L. P. Dizon, C. Redmond, E. C. Gotschlich, et al., “Clinical Out-
comes and Safety of Anakinra in the Treatment of Multisystem Inflam-
matory Syndrome in Children: A Single Center Observational Study,”
Pediatric Rheumatology Online Journal 21 (2023): 76, https://doi.org/10.
1186/s12969-023-00858-z.

23.J. Y. Lee, J. Kim, S. H. Choi, et al., “Clinical Effectiveness of Bio-
logical Immunomodulators in SARS-CoV-2-Associated Multisystem
Inflammatory Syndrome in Children: A Systematic Review,” Chil-
dren (Basel) 11, no. 10 (2024): 1180, https://doi.org/10.3390/children11
101180.

24.E. E. W. Steyerberg, Clinical Prediction Models (Springer, 2009),
https://doi.org/10.1007/978-0-387-77244-8.

25. A. Camporesi, A. Yock-Corrales, J. Gomez-Vargas, et al., “Man-
agement and Outcomes of Bronchiolitis in Italy and Latin America: A
Multi-Center, Prospective, Observational Study,” European Journal of
Pediatrics 183 (2024): 2733-2742, https://doi.org/10.1007/s00431-024-
05530-6.

26. L. B. Gamez-Gonzalez, C. Murata, J. Garcia-Silva, et al., “Mac-
rophage Activation Syndrome in MIS-C,” Pediatrics 154 (2024):
€2024066780, https://doi.org/10.1542/peds.2024-066780.

27.7Z. Qiu, H. H. Liu, G. Z. Fan, W. X. Chen, and P. Hu, “The Clinical
Implications of Serum Ferritin in Kawasaki Disease: A Helpful Bio-
marker for Evaluating Therapeutic Responsiveness, Coronary Artery
Involvement and the Tendency of Macrophage Activation Syndrome,”
Archives of Medical Science 18 (2021): 267-274, https://doi.org/10.5114/
aoms/144293.

28. P. Ruscitti, P. Cipriani, P. Di Benedetto, et al., “H-Ferritin and Proin-
flammatory Cytokines Are Increased in the Bone Marrow of Patients
Affected by Macrophage Activation Syndrome,” Clinical and Experi-
mental Immunology 191 (2018): 220-228, https://doi.org/10.1111/cei.
13057.

29. N. Cotugno, D. Amodio, D. Buonsenso, and P. Palma, “Susceptibility
of SARS-CoV2 Infection in Children,” European Journal of Pediatrics
182 (2023): 4851-4857, https://doi.org/10.1007/s00431-023-05184-w.

30. T. Kobayashi, Y. Inoue, K. Takeuchi, et al., “Prediction of Intrave-
nous Immunoglobulin Unresponsiveness in Patients With Kawasaki
Disease,” Circulation 113 (2006): 2606-2612, https://doi.org/10.1161/
CIRCULATIONAHA.105.592865.

31. A. H. Tremoulet, B. M. Best, S. Song, et al., “Resistance to Intra-
venous Immunoglobulin in Children With Kawasaki Disease,” Journal
of Pediatrics 153 (2008): 117-121, https://doi.org/10.1016/j.,jpeds.2007.
12.021.

32.J.Y. Lam, M. S. Song, G. B. Kim, et al., “Intravenous Immunoglobu-
lin Resistance in Kawasaki Disease Patients: Prediction Using Clinical
Data,” Pediatric Research 95 (2024): 692-697, https://doi.org/10.1038/
$41390-023-02519-z.

33.J. Singh, A. Chang, N. M. Fusco, and M. Hicar, “Predicting Intra-
venous Immunoglobulin Resistance Among North American Children
Hospitalized With Kawasaki Disease,” Journal of Pediatric Pharmacol-
ogy and Therapeutics 27 (2022): 669-676, https://doi.org/10.5863/1551-
6776-27.7.669.

34. M. A. Yamazaki-Nakashimada, H. Marquez-Gonzélez, G. Miranda-
Novales, et al., “Characteristics and Outcomes of Multisystem In-
flammatory Syndrome in Children: A Multicenter, Retrospective,
Observational Cohort Study in Mexico,” Frontiers in Pediatrics 11
(2023): 1167871, https://doi.org/10.3389/fped.2023.1167871.

Supporting Information

Additional supporting information can be found online in the
Supporting Information section. Appendix S1: apa70290-sup-0001-
AppendixSl1.docx.

Acta Paediatrica, 2026

145


https://doi.org/10.1177/08850666241233189
https://doi.org/10.1177/08850666241233189
https://doi.org/10.1056/NEJMoa2102968
https://doi.org/10.1016/S2665-9913(23)00029-2
https://doi.org/10.1016/S2665-9913(23)00029-2
https://doi.org/10.4067/S0716-10182014000300012
https://doi.org/10.1097/INF.0000000000002901
https://emergency.cdc.gov/han/2020/han00432.asp
https://doi.org/10.1016/j.jpeds.2023.02.001
https://doi.org/10.1016/j.jpeds.2023.02.001
https://doi.org/10.1503/cmaj.210873
https://doi.org/10.1038/s41523-025-00727-w
https://doi.org/10.1097/INF.0000000000003713
https://doi.org/10.1097/INF.0000000000003713
https://doi.org/10.1186/s12879-024-09581-w
https://doi.org/10.1186/s12879-024-09581-w
https://doi.org/10.1016/S2352-4642(23)00316-4
https://doi.org/10.1016/S2352-4642(23)00316-4
https://doi.org/10.1186/s12969-023-00858-z
https://doi.org/10.1186/s12969-023-00858-z
https://doi.org/10.3390/children11101180
https://doi.org/10.3390/children11101180
https://doi.org/10.1007/978-0-387-77244-8
https://doi.org/10.1007/s00431-024-05530-6
https://doi.org/10.1007/s00431-024-05530-6
https://doi.org/10.1542/peds.2024-066780
https://doi.org/10.5114/aoms/144293
https://doi.org/10.5114/aoms/144293
https://doi.org/10.1111/cei.13057
https://doi.org/10.1111/cei.13057
https://doi.org/10.1007/s00431-023-05184-w
https://doi.org/10.1161/CIRCULATIONAHA.105.592865
https://doi.org/10.1161/CIRCULATIONAHA.105.592865
https://doi.org/10.1016/j.jpeds.2007.12.021
https://doi.org/10.1016/j.jpeds.2007.12.021
https://doi.org/10.1038/s41390-023-02519-z
https://doi.org/10.1038/s41390-023-02519-z
https://doi.org/10.5863/1551-6776-27.7.669
https://doi.org/10.5863/1551-6776-27.7.669
https://doi.org/10.3389/fped.2023.1167871

	Development and Validation of Multivariable Machine-Learning Models for the Prediction of Multisystemic Inflammatory Syndrome Outcomes in Latin American Children
	ABSTRACT
	1   |   Introduction
	2   |   Methods
	2.1   |   Inclusion Criteria
	2.2   |   Measurement of Variables and Endpoints
	2.3   |   Statistical Analysis
	2.4   |   Pre-Processing
	2.5   |   Model Development
	2.6   |   Model Evaluation and Variable Importance
	2.7   |   Ethics

	3   |   Results
	3.1   |   Patients' Characteristics
	3.2   |   Predictive Models for PICU Admission
	3.3   |   Predictive Models for Inotropes Use
	3.4   |   Predictive Models for Mechanic Ventilation
	3.5   |   Predictive Models for Death
	3.6   |   Sensitivity Analyses
	3.7   |   Model Availability

	4   |   Discussion
	4.1   |   Strengths and Limitations

	5   |   Conclusion
	Acknowledgement
	Conflicts of Interest
	Data Availability Statement
	References


