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Abstract

Objective: Extracorporeal membrane oxygenation (ECMO) is among the most resource-intensive therapies in critical care. The COVID-19 pan-
demic highlighted the lack of ECMO resource allocation tools. We aimed to develop a continuous ECMO risk prediction model to enhance
patient triage and resource allocation.

Material and Methods: \We leveraged multimodal data from the National COVID Cohort Collaborative (N3C) to develop a hierarchical deep
learning model, labeled “PreEMPT-ECMOQO" (Prediction, Early Monitoring, and Proactive Triage for ECMO) which integrates static and multi-
granularity time series features to generate continuous predictions of ECMO utilization. Model performance was assessed across time points
ranging from 0 to 96 hours prior to ECMO initiation, using both accuracy and precision metrics.

Results: Between January 2020 and May 2023, 101 400 patients were included, with 1298 (1.28%) supported on ECMO. PreEMPT-ECMO out-
performed established predictive models, including Logistic Regression, Support Vector Machine, Random Forest, and Extreme Gradient Boost-
ing Tree, in both accuracy and precision at all time points. Model interpretation analysis also highlighted variations in feature contributions
through each patient’s clinical course.

Discussion and Conclusions: \We developed a hierarchical model for continuous ECMO use prediction, utilizing a large multicenter dataset incor-
porating both static and time series variables of various granularities. This novel approach reflects the nuanced decision-making process inherent
in ECMO initiation and has the potential to be used as an early alert tool to guide patient triage and ECMO resource allocation. Future directions
include prospective validation and generalizability on non-COVID-19 refractory respiratory failure, aiming to improve patient outcomes.

Lay Summary

Extracorporeal membrane oxygenation (ECMO) is a life-saving therapy used in intensive care units (ICU). It requires the most ICU resources,
and using ECMO is the most complex decision made in the ICU. The COVID-19 pandemic highlighted significant challenges with allocating
ECMO resources. In response, we developed PreEMPT-ECMO (Prediction, Early Monitoring, and Proactive Triage for ECMO), a machine learn-
ing model to predict ECMO use in ICUs. The model was developed using data from over 100 000 patients in the National COVID Cohort Collabo-
rative (N3C) between 2020 and 2023. The data included static variables (age, medical history) and time-series variables (changes in laboratory
results and vital signs). PreEMPT-ECMO generated continuous prediction of ECMO risk up to 96 hours in advance. The model outperformed
traditional methods in accuracy and precision, providing more reliable predictions of ECMO use. This methodology mirrors the complex
decision-making clinicians face when deciding to use ECMO. Identifying patients early helps clinicians prioritize resources for those most at risk
or transfer them to ECMO-experienced centers before they become too sick. Future work will test this model in broader ICU populations to
expand its use beyond COVID-19 and measure its impact on outcomes of critically ill patients.
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Introduction one of the most complex in the ICU, requiring the integration

Extracorporeal membrane oxygenation (ECMO) is a critical
life-saving therapy used in intensive care units (ICUs) for
patients with severe refractory respiratory or cardiac failure.'™
ECMO is considered the most resource-intensive ICU therapy,
posing significant challenges, especially during healthcare
resource constraints. The decision to initiate ECMO is arguably

of a wide range of patient-specific variables, including their
dynamic physiological responses to therapeutic interventions.
The severe acute respiratory syndrome coronavirus-2 (COVID-
19) pandemic underscored these challenges. This emphasized
the urgent need for advanced predictive models to identify
patients at highest risk of requiring ECMO support and to

Received: November 18, 2024; Revised: December 13, 2024; Editorial Decision: December 20, 2024; Accepted: December 24, 2024
© The Author(s) 2025. Published by Oxford University Press on behalf of the American Medical Informatics Association.

This is an Open Access article distributed under the terms of the Creative Commons Attribution-NonCommercial License (https:/creativecommons.org/licenses/
by-nc/4.0/), which permits non-commercial re-use, distribution, and reproduction in any medium, provided the original work is properly cited. For commercial
re-use, please contact journals.permissions@oup.com


https://orcid.org/0000-0002-9532-2998
https://orcid.org/0000-0002-1215-2664

ensure the precise and timely deployment of ECMO and other
resource-intensive therapies, in order to rescue patients.*™ Dur-
ing the pandemic’s peak, ECMO use was often reserved for the
most experienced centers, further stressing the necessity for effi-
cient resource management in already overwhelmed healthcare
systems and early patient identification and transfer.**!!

Existing predictive models, such as the ForecastECMO
developed by Xue et al., attempted to address these chal-
lenges by predicting ECMO use in advance.!”> However,
ForecastECMO had notable limitations: it was derived from
a single-center dataset, utilized ensemble gradient boosting
tree (GBT) models to predict at fixed 2-hour intervals from
ICU admission, and did not incorporate the temporal evolu-
tion of patient data—a crucial factor for high-risk decision-
making in clinical settings. These limitations emphasize the
need for more sophisticated models capable of continuous
prediction and integration of time series data. There is grow-
ing interest in the use of multi-modal, multi-institutional
datasets to validate whether machine learning (ML) can pro-
vide consistent, clinically relevant guidance with sufficient
lead time."*"3

The National COVID Cohort Collaborative (N3C) was
established to meet the urgent need for comprehensive, multi-
institutional data during the pandemic.'® This collaboration
aggregated data from numerous centers across the United
States, creating a robust platform for developing and validat-
ing predictive models. The N3C dataset includes extensive
demographic, comorbidity, and time series data, offering a
rich resource for a more nuanced and generalizable approach
to developing prognostic and therapeutic models for thera-
pies like ECMO. Integrating such a diverse dataset aims to
overcome the limitations of single-center studies and enhance
the reliability and validity of predictive models in varied clini-
cal settings. Prior research using the N3C database has dem-
onstrated that ML models could accurately predict clinical
severity from clinical data within the first 24 hours of admis-
sion.!” Additionally, ML methodologies have been used to
develop ECMO predictive models focused on survival, using
international registry data.'®

In response to these challenges, we aimed to develop a pre-
dictive model for early identification of ECMO use in crit-
ically ill COVID-19 patients using N3C data. Our primary
objective was to validate and adapt a model leveraging multi-
center data to provide a continuously predicting framework
capable of handling evolving time series features. Further-
more, we sought to evaluate this model across several time
horizons and compare our hierarchical model to widely used
ML models.

Methods
Setting and data sources

This study was approved by the Washington University in St
Louis Institutional Review Board (#202011004, approved on
11/02/2020). Data were accessed through the N3C Data
Enclave platform (https://covid.cd2h.org/enclave/). A study
protocol approved by the N3C Data Access Committee is
housed in the N3C Enclave. This secure platform provides
access to harmonized clinical data from contributing centers
on the clinical characteristics and outcomes of patients tested
for or diagnosed with COVID-19. To date, this includes data
from over 22 million patients, over 8 million confirmed
COVID-19 positive cases across 84 sites and with over 33
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billion rows of data. We included demographics, treatment,
and flowsheet data on patients confirmed to have COVID-19
by polymerase chain reaction (PCR) testing from January
2020 to May 2023. Inclusion criteria included admission to
an ICU for at least 24 hours to ensure sufficient data for
model development. Similar to our prior ECMO utilization
prediction model, we excluded patients less than 3 years old,
over 70 years old and with a calculated body mass index
(BMI) over 45 kg/m?® due to the controversies regarding
ECMO use in these patients during the pandemic.'* The pri-
mary outcome was provision of ECMO support and time in
hours from ICU admission to ECMO initiation. We reported
the study results using the Transparent Reporting of a Multi-
variable Prediction Model for Individual Prognosis or Diag-
nosis (TRIPOD+AI) reporting guideline'® (Digital Content
S1).

Data and data processing

Available features were categorized as static variables avail-
able at admission and time series variables collected during
the ICU stay. Static features included patient demographics
and comorbidities (eg, age, BMI, and Charlson Comorbid-
ities Index). The time series variables included vital signs,
therapeutics, and laboratory values such as heart rate, blood
pressure, blood glucose and hemoglobin levels, and supple-
mental oxygen flow rates, amongst others, with average
reporting frequencies ranging between 1 and 20 hours.

Missing data and feature engineering

To account for variable missing rates between patients and
reporting institutions, time series features were selected in a
2-step approach. First, the top 100 features by availability
were identified. Next, the features most relevant for ECMO
decision making were identified (by authors A.S. and N.S.),
resulting in 47 variables. To address the heterogeneity in time
series data caused by varying observation frequencies (granu-
larity) and missing rates, we adjusted the sampling rate of
each variable to maintain sufficient sequence length and keep
the missing rate below 60%. Consequently, the included time
series variables were grouped into 3 granularity groups with
sampling rates of 4 , 16, and 24 hours respectively.

ML approach

Building on previous efforts in developing predictive models
to incorporate time series variables,'*?°? we developed a
novel predictive model, PreEMPT-ECMO (Prediction, Early
Monitoring, and Proactive Triage for ECMO). This model
employs a hierarchical structure with 3 modules: a static net-
work module to capture insights from the static features; a
multi-granular time series network module that learns the 3
levels of grouped time series features; and an overarching net-
work that integrates the representations from both static and
time series networks to generate predictions, as depicted in
Figure 1. As illustrated in the figure, the time series network
modules were initiated by the representations of the static
network module based on the patients’ static features. We
used a Long Short-Term Memory (LSTM) network as the
foundational architecture for each time series granularity,
adjusting input sequence lengths to capture variations in fea-
ture availability temporal scales. The overarching network
combined the representations from both the static network
module and the multi-granular time series network module to
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Figure 1. PreEMPT-ECMO model architecture. Schematic diagram of the PreEMPT-ECMO model architecture. The static features were fed into a static
network module to extract demographics and comorbidities representations. The raw time series feature inputs were grouped into 3 levels of granularity
groups based on sampling frequency and missingness. The static representations were used to initiate each LSTM backbone and concatenated with the
sequential layers’ outputs into the final model to learn the predicted probability of ECMO utilization. The final model output provided the probability and
timing of ECMO initiation. LSTM, long short term memory; ECMO, extracorporeal membrane oxygenation.

predict the probability of ECMO use and the time from ICU
admission to ECMO initiation.

To develop a comprehensive assessment of model perform-
ance in the face of anticipated low ECMO incidence rate, we
performed random S5-fold cross-validation shuffling. Each
iteration used a different stratified fold for model evaluation,
and the remaining folds for model training. To improve
model generalizability for the ECMO cases, each ECMO
patient was up sampled during training stage by predicting at
various timepoints, introducing a random time interval ¢
before ECMO initiation. Consequently, the ML model only
took the time series observations collected ¢ hours before
ECMO initiation as inputs.

Model performance and evaluation

To evaluate the model performance, widely used linear and
nonlinear baseline ML models were developed for compari-
son. Linear models included support vector machine (SVM)
and logistic regression (LR), and nonlinear models included
random forest (RF) and extreme gradient boosting tree
(XGBoost). The SVM, LR, and RF models were implemented
using the Python Sklearn package and the XGBoost model
using the XGBoost package. Since most baseline models are
not designed to handle multi-modal inputs (combining static
and time series features), we extracted the first and second-
order statistical features to characterize each time series dis-
tribution, including metrics as maximum, mean, minimum,
kurtosis, skewness, and crossing rates. All code and model
configurations for this study are accessible on GitHub, pro-
viding the necessary resources to reproduce and extend the
analyses conducted.

During model evaluation, 2 performance measures were
recorded at every ¢ in each iteration: the area under the
receiver operating characteristic curve (AUROC), and the
area under the precision recall curve (AUPRC). To compare
ECMO and non-ECMO patients at each time point ¢, we
aligned non-ECMO patients with ECMO patients based on
similar elapsed time since ICU admission. This alignment
reflects the clinical scenario, where predictions are more chal-
lenging at larger time points (larger #) as both patient groups
are newly admitted to the ICU. In contrast, predictions are
easier at smaller time points (smaller #) since ECMO patients

typically deteriorate from hospital admission to ECMO ini-
tiation, while non-ECMO patients generally improve until
discharge. Feature contribution to model performance was
evaluated using SHapley Additive exPlanation (SHAP) analy-
sis.>>** This model-agnostic analysis provides an illustration
of the contribution of various features in models’ perform-
ance in both a generalized approach and on specific subgroup
levels.

Data are presented as median and interquartile range
(IQR) for quantitative variables and number and percentage
for qualitative variables, unless otherwise specified. Wilcoxon
rank sum test or Chi square tests were used for group com-
parisons. A 2-sided P-value <.05 was considered statistically
significant.

Results

During the study period, we identified a total of 19 027 360
patients in the N3C cohort. After implementation of the
inclusion and exclusion criteria 101 400 patients were
included in the model development and validation, with 1298
(1.28%) supported on ECMO (Figure 2).

Cohort characteristics

Most of the patients were female (58.9%) with the majority
being of non-Caucasian race (55.5%) with a median and
IQR age of 50.46 [39, 64] years, weight of 86.38 [70.26,
108.65] kg and height of 168.04 [160.66, 177.47] cm. The
overall mortality rate was 13.4% with a median ICU length
of stay (LOS) of 12 [6, 24] days. The ECMO cohort were pre-
dominantly male (55.1%) as compared to the non-ECMO
patients (40.9%), P <.0001. As anticipated, there was a
higher mortality rate and thus shorter ICU LOS in the
ECMO cohort (40%) of 10 [4, 19] days as compared to the
non-ECMO cohort (13%) of 12,°** P<.0001. Table 1
shows the overall patient characteristics of the included
cohort and the comparison between the ECMO and non-
ECMO cohorts.

Model performance

To evaluate model’s performance at different time horizons,
we calculated each model’s AUROC and AUPRC score from
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Figure 2. Patient selection diagram. A flowchart of the patient selection
process. A total of 19 027 360 patients were identified from the N3C data
enclave between January 2020 and May 2023, with 169 793 patients
admitted to an ICU and 143 290 with ICU length of stay more than
24 hours. Patients under the age of 3 were excluded as their normal
ranges for vital signs differ markedly from those of adult patients, who
make up the bulk of individuals supported on ECMO. Finally, we excluded
patients with BMI larger than 45 kg/m? and/or age greater than 70 years
old following the institutional ECMO exclusion criteria. The final cohort
included 101 400 patients with 1298 supported on ECMO. N3C, National
COVID Cohort Collaborative; ICU, intensive care unit; BMI, body mass
index; ECMO, extracorporeal membrane oxygenation.

t =0 to ¢t = 96 hours prior to ECMO initiation. The proposed
model, PreEMPT-ECMO, outperformed LR, SVM, REF,
XGBoost in terms of accuracy as represented by AUROC
(Figure 3A) across all tested time horizons and in terms of
precision as measured by AUPRC at most time horizons
before ¢t = 80 (Figure 3B).

To focus on potentially clinically actionable time points
that could influence patient triage or ECMO resource alloca-
tion, we evaluated the model performance at 12, 24, and
48 hours prior to ECMO initiation. PreEMPT-ECMO dem-
onstrated superior performance to comparative models in
both accuracy (AUROC) and precision (AUPRC). Table 2
presents the accuracy and precision metrics for all the com-
pared models at these key time points. At each time point,
12, 24, and 48 hours prior to ECMO initiation, PreEMPT-
ECMO had significantly higher AUROC and AUPRC with P
values ranging between <.05 and <.001 as compared to LR,
SVM, and RF models. PreEMPT-ECMO also outperformed
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the comparator XGBoost model in both performance metrics
at each time points except for AUPRC at 48 hours, where
statistical significance was not achieved.

Feature importance

To evaluate the most important features in the PreEMPT-
ECMO model performance, we performed a SHAP analysis.
For the overall model performance, hemoglobin levels, respi-
ratory rate, serum potassium and calcium levels and hema-
tocrit were the most salient features (Figure 4A). These
features are recognized to be of clinical importance in gaug-
ing the severity of both respiratory failure, systemic oxygena-
tion, and end organ function.”>~** When repeating the SHAP
analysis for only the patients predicted to receive ECMO sup-
port, again hemoglobin, hematocrit, and serum potassium
were identified in the top 5 features of importance. Addition-
ally, measured pH of arterial blood and fraction of inspired
oxygen were identified to be significant (Figure 4B). The iden-
tification of both pH of arterial blood and fraction of
inspired oxygen highlight the model’s incorporation of the
most severe forms of respiratory failure and the impact of
escalating therapeutics to the prediction of ECMO use.**=!
For the SHAP analysis of the model performance in identify-
ing the patients not supported on ECMO, hemoglobin, respi-
ratory rate, serum potassium and calcium, and hematocrit
were identified as the features of highest contribution to the
model performance (Figure 4C). The similarity in identified
feature importance to those in the overall model performance
could be reflective of the significant class imbalance between
ECMO and non-ECMO patients in the cohort.

Individual feature importance

To understand differences in peak predictive performance
and feature importance between patients, we evaluated the
change in model performance and feature contribution
through SHAP analysis across time horizons. The SHAP anal-
ysis was performed at the pivot point when the prediction
probability surged. For different patients, the most salient
features at the pivot points varied. In addition, the impor-
tance of these features at the pivot points had varying contri-
butions across time horizons, further emphasizing the
model’s adaptability. Figure 5 illustrates 3 examples of the
model predictive performance demonstrating the differences
in feature contribution importance and change over time
horizons.

Discussion

We present PreEMPT-ECMO, a hierarchical ML model
designed to predict ECMO use continuously utilizing a large
national COVID-19 database encompassing 3 years and over
100 000 patients. This model achieved high accuracy and
precision across several prediction horizons following ICU
admission. PreEMPT-ECMO outperformed traditional LR,
SVM, RF, and XGBoost classifiers in predicting ECMO uti-
lization. Moreover, the model exhibited strong clinical
explainability and credibility through SHAP analysis. Case
studies on individual feature importance further highlighted
the model’s adaptability and individualized predictive ability,
revealing how certain factors shifted in importance through-
out the prediction windows. This feature enables the exami-
nation of ECMO use probabilities at different time intervals
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Table 1. Characteristics of studied cohort.

Median, [IQR] Entire cohort (2 =101 400) ECMO (n=1298) Non-ECMO (=100 102) P value
Male, (%) 41628 (41.1%) 715 (55.1%) 40 913 (40.9%) <.0001
Caucasian, (%) 45162 (44.5%) 554 (42.6%) 44 608 (44.6%) 4125
Age, years 50.49 (39, 64] 48.20 [40, 59] 50.49 [39, 64] <.005
Height, cm 168.04 [160.66, 177.47] 170.31 [162.61,177.8] 168.01 [160.6,177.44] .0002
Weight, kg 86.38 [70.26, 108.65] 84.03 [66.60, 101.06] 86.39[70.31, 108.81] <.0001
BMI, kg/m2 30.06 [25.76, 35.06] 31.0 [27.10, 35.42] 30.04 [25.74, 35.06] .006
ICU LOS, days 12 [6, 24] 10 [4, 19] 12 [6, 24] <.0001
CCI 110, 2] 110, 2] 110,2] <.0001
Mortality, (%) 13637 (13.4%) 519 (40.0%) 13118 (13.0%) <.0001
Dementia 3386(3.3%) 1(0.1%) 3385 (3.4%) <.0001
PVD 4274(4.2%) 32 (2.5%) 4242 (4.3%) .0020
COPD 4590(4.5%) 30(2.3%) 4560 (4.5%) .0001
Old MI 5806(5.7%) 37 (2.8%) 5769 (5.7%) <.0001
CVD 842(0.8%) 6 (0.4%) 836 (0.8%) 1878
CKD 10 833(10.6%) 121 (9.3%) 10 712 (10.7%) 1205
CHF 11 705(11.5%) 121 (9.3%) 11 584 (11.5%) .0132
AIDS 5(0.0049%) 0(0.0%) 5(0.01%) 1
Hemiplegia 290(0.2%) 5(0.3%) 285 (0.2%) .6803
Tumor history 73 (0.07%) 0(0.0%) 73 (0.07%) .6509
Type 2 DM 20 670(20.3%) 11 (0.8%) 20659 (20.6%) <.0001
CNLD 298(0.3%) 5(0.4%) 293 (0.3%) 7236

P value by Chi square test for categorical features and Wilcoxon rank sum test for continuous variables.

Abbreviations: AIDS = acquired immune deficiency syndrome; BMI = body mass index; CCI = Charlson comorbidity index; CHF = congestive heart failure;
CKD = chronic kidney disease; CNLD = chronic non-alcoholic liver disease; COPD = chronic obstructive pulmonary disease; CVD = cerebrovascular
disease; DM = diabetes mellitus; ICU = intensive care unit; IQR = interquartile range; LOS = length of stay; MI = myocardial infarction; PVD = peripheral

vascular disease.

and provides deeper insight into how individual variables
impact the model’s performance on each patient level.

These advancements mark significant improvements over
the ForecastECMO model developed by Xue et al. While
ForecastECMO relied on static and time series variables, the
ensemble GBT model architecture could only handle the time
series variables at fixed 2-hour prediction windows, risking
the loss of important variables, and more importantly key
trends occurring within these fixed intervals. In contrast,
PreEMPT-ECMO built on prior work utilizing the multiscale
data recurrent neural network approach, which more effec-
tively captures the dynamic temporal changes in the time ser-
ies variables. This approach allows for a nuanced and
clinically applicable prediction across multiple time scales,
making PreEMPT-ECMO particularly suited to ICU settings
where patient conditions evolve rapidly. Moreover, this
model included data from a large national cohort spanning
multiple centers, enhancing its generalizability and
applicability.

Throughout the COVID-19 pandemic, ECMO use contin-
ued to be a highly resource-intensive therapy, often reserved
for the most critically ill patients. PreEMPT-ECMO shows
promise as a valuable tool for early identification of patients
at risk of receiving ECMO. While it does not supersede clini-
cal judgment, it serves as an adjunct to predict the use of a
high-resource therapy, allowing for more timely resource
allocation or patient triage and transfer to ECMO capable
centers to potentially improve outcomes on both individual
patient and healthcare system levels. This approach aligns
with the growing evidence supporting early referral and inter-
vention for ECMO candidates, potentially reducing mortality
and improving recovery rates.'”3%33 Unlike other ML mod-
els focused on predicting mortality prior to and during
ECMO, our model, like ForecastECMO, aims to identify
patients at high-risk of receiving ECMO, well in advance of

the imminent need, thereby providing clinicians a window for
patient transfer or adjustments in care.

Although COVID-19 remains a public health concern, it
no longer imposes the same level of strain on the global
health system as during the peak of the pandemic. Nonethe-
less, our model introduces a novel hierarchical ML approach,
combining granular temporal data with static variables to
provide risk predictions at multiple time intervals with
unique insights into predictive variables and their changes
over time. We validated PreEMPT-ECMO using a large
national database, even though ECMO deployment remains
a relatively rare event. Future work may leverage similar
models to predict the need for other rare but resource-
intensive therapies, such as dialysis, organ transplantation,
and specialized surgical interventions or the use of ECMO in
non-COVID-19 cases. Additionally, advancing these models
to handle data with even higher temporal resolution, such as
minute-by-minute monitoring could further refine real-time
prediction accuracy. Integrating continuous prediction frame-
works would facilitate seamless integration into clinical
workflows, enabling real-time alerts and updates. Multicen-
ter prospective studies will be essential to validate these mod-
els in real-world settings, ensuring their reliability and
effectiveness in diverse patient populations.

Despite its favorable performance in a large national
COVID-19 database, our model has several limitations. The
granularity and frequency of data grouping depended on
availability and reporting frequency of the contributing insti-
tutions, but did not capture minute-to-minute variations, that
could potentially enhance predictive precision. Additionally,
although PreEMPT-ECMO demonstrated good generalizabil-
ity and validity in a large national database, further valida-
tion in external, prospective studies is necessary. While
PreEMPT-ECMO demonstrated high predictive performance
for ECMO utilization, it is important to recognize the
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Figure 3. Comparative performance of PreEMPT-ECMO model across all studied timepoints. Comparison of the PreEMPT-ECMO model and other
comparative models at predicting ECMO utilization at all studied timepoints. (A) AUROC at prediction horizons of 0-96 hours prior to ECMO initiation.
PreEMPT-ECMO predicted ECMO utilization with higher accuracy than all comparator LR, SVM, RF, and GBT models at all time horizons. Potentially
clinically important timepoints of 12, 24, and 48 hours where PreEMPT-ECMO outperformed all comparator models are delineated with vertical dotted
lines. (B) AUPRC at prediction horizons of 0-96 hours prior to ECMO initiation PreEMPT-ECMO predicted ECMO utilization with higher precision than all
comparator LR, RF, and GBT models at all time horizons. The PreEMPT-ECMO performed with higher precision than the SVM model in the 0-72 hours
time horizons with comparable performance in the 72-96 hours timepoints. Potentially clinically important timepoints of 12, 24, and 48 hours where
PreEMPT-ECMO outperformed all comparator models are delineated with vertical dotted lines. ECMO, extracorporeal membrane oxygenation; LR,
logistics regression; SVM, support vector machine classifier; RF, random forest classifier; GBT, gradient boosting tree classifier; AUROC, area under

receiver operator curve; AUPRC, area under precision recall curve.

inherent variability in ECMO indications and practices
across centers. ECMO initiation is influenced by numerous
factors, including disease etiology, patient risk stratification,
and institutional thresholds for cannulation. Furthermore,
the distinction between ECMO modalities—veno-venous or

veno-arterial—each with differing indications and outcomes,
adds to this heterogeneity. A more granular analysis of
ECMO subtypes and their specific indications could enhance
future model iterations. Although our study focused on pre-
dictive feasibility, it is worth noting that ECMOQO’s survival
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Table 2. Comparison of PreEMPT-ECMO model performance at select
prediction time horizons prior to ECMO.

Time point PreEMPT-ECMO LR SVM RF GBT

AUROC 12 hours 0.94 0.76> 0.65" 0.9° 0.86°
24 hours 0.92 0.70° 0.62° 0.88" 0.83*
48 hours 0.89 0.66"> 0.58" 0.85% 0.82°
AUPRC 12 hours 0.43 0.14> 0.10° 0.13> 0.32°
24 hours 0.37 0.12°> 0.09* 0.13%> 0.26°
48 hours 0.27 0.10> 0.08" 0.14"> 0.22

? P value <.05, paired ¢ test comparison between PreEMPT-ECMO and
baseline models.

b P value <.01, paired ¢ test comparison between PreEMPT-ECMO and
baseline models.
Abbreviations: AUPRC = area under precision recall curve; AUROC = area
under receiver operator curve; ECMO = extracorporeal membrane
oxygenation; GBT = gradient boosting tree; LR = logistic regression;
LSTM = long short term memory; RF = random forest; SVM = support
vector machine.

benefit remains complex and context dependent. Prior studies
in pediatric populations suggest that ECMO initiation in
lower-risk patients may paradoxically increase mortality,
while providing clear survival benefit in higher-risk
patients.>*3’ While these findings are not directly addressed
in our analysis, they underscore the need to develop models
that identify the patients most likely to benefit from resource-
intensive therapies like ECMO.

The COVID-19 pandemic underscored the importance of
robust and adaptive tools for managing high-risk, resource-
intensive therapies. The development of PreEMPT-ECMO is
a step towards addressing this need, however, ongoing model
improvements-such as incorporating more granular data and
validating performance across different healthcare settings-
are essential. The integration of such models into electronic
health records (EHRs) could provide real-time decision sup-
port to clinicians, enhancing patient care, and resource man-
agement during critical situations.

Conclusion

This study presents PreEMPT-ECMO, a hierarchical ML
model capable of continuously predicting ECMO use—a
high-resource-intensive therapy—with high accuracy across
various time horizons within a large multicenter national
COVID-19 database. By uniquely integrating granular time
series data with static variables, this model provides valuable
insights into feature importance over varying time periods,
enhancing its clinical interpretability. Although these devel-
opments represent significant advancements, further refine-
ment and validation are required. The ultimate goal is to
develop robust, reliable tools that support clinicians in pro-
viding optimal care for critically ill patients, particularly
amid unprecedent healthcare challenges such as the COVID-
19 pandemic. The continued evolution of these tools will be
crucial in ensuring they remain effective and relevant in an
ever changing healthcare landscape.
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Figure 5. Change in PreEMPT-ECMO model performance and feature contribution over time by SHAP analysis. (A) Change in model performance per

patient. Examples of 3 patients identified to be at high risk of receiving ECMO support. The model’s predictive performance had an up-surge at varying
timepoints in all 3 patients varying between, 48, 18, and 24 hours prior to actual ECMO use (time zero) as delineated by the red dotted line. (B) SHAP
analysis of feature contribution per patient arranged by order of importance in the 3 different patients. The features identified to be most relevant in the

model performance at the point of surge in model prediction varied by patient. While all features identified in all 3 patient examples have clinical

relevance to ECMO decision making, the order of importance varied by patient highlighting the individualized predictive approach of the PreEMPT-ECMO
model. (C) Change in feature contribution to model performance by SHAP analysis over time in the 3 different patients. The contribution of each feature

to the model performance changed over time in each patient. The cumulative contribution of the top identified features led to a surge in model

performance at varying time points prior to actual ECMO utilization, further illustrating the individualized nature of the model predictions, more accurately

reflecting the ECMO decision making in real life. ECMO, extracorporeal membrane oxygenation; SHAP, SHapley Additive exPlanation.
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