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Abstract

Purpose Extracorporeal membrane oxygenation (ECMO) has been increasingly used in the last years to provide
hemodynamic and respiratory support in critically ill patients. In this scenario, prognostic scores remain essential to
choose which patients should initiate ECMO.

This systematic review aims to assess the current landscape and inform subsequent efforts in the development of risk
prediction tools for ECMO.

Methods PubMed, CINAHL, Embase, MEDLINE and Scopus were consulted. Articles between Jan 2011 and Feb 2022,
including adults undergoing ECMO reporting a newly developed and validated predictive model for mortality, were
included. Studies based on animal models, systematic reviews, case reports and conference abstracts were excluded.
Data extraction aimed to capture study characteristics, risk model characteristics and model performance. The risk

of bias was evaluated through the prediction model risk-of-bias assessment tool (PROBAST). The protocol has been
registered in Open Science Framework (https://osf.io/fevw5).

Results Twenty-six prognostic scores for in-hospital mortality were identified, with a study size ranging from 60 to
4557 patients. The most common candidate variables were age, lactate concentration, creatinine concentration,
bilirubin concentration and days in mechanical ventilation prior to ECMO. Five out of 16 venous-arterial (VA)-ECMO
scores and 3 out of 9 veno-venous (VV)-ECMO scores had been validated externally. Additionally, one score was
developed for both VA and VWV populations. No score was judged at low risk of bias.

Conclusion Most models have not been validated externally and apply after ECMO initiation; thus, some uncer-
tainty whether ECMO should be initiated still remains. It has yet to be determined whether and to what extent a new
methodological perspective may enhance the performance of predictive models for ECMO, with the ultimate goal to
implement a model that positively influences patient outcomes.
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Take-home message
This systematic review identified 26 predictive prognostic
models for ECMO developed in the last 10 years.

Most models have not been validated externally and
uncertainty if ECMO should be initiated or not still
remains. It has yet to be determined whether and to what
extent a new methodological perspective may enhance
the performance of predictive models for ECMO.

Introduction

Extracorporeal membrane oxygenation (ECMO) is an
advanced technique that involves oxygenation of blood
outside the body and supports selected patients with
severe respiratory or cardiac failure [1], which can pro-
vide short-term mechanical support for the heart, lungs
or both. Despite having been used for the first time clini-
cally in the 1970s [2], the increased use of ECMO among
seriously ill adult patients is a recent phenomenon [3].
Over the last decades, ECMO has remarkably progressed
and has become a widely used rescue therapy for severe
respiratory or cardiac disease refractory to other proce-
dures [4]. Similarly, indications of ECMO in adults have
extended beyond severe acute respiratory failure and
heart failure [5] to include extracorporeal cardiopulmo-
nary resuscitation (ECPR) [6] and as a bridge to lung
transplantation [7]. As such, ECMO is considered a life-
saving procedure.

Two major ECMO modalities exist, veno-venous
ECMO (VV-ECMO) and veno-arterial ECMO (VA-
ECMO) [8, 9]. The former provides pulmonary support
when gas exchange is severely compromised after any
potentially reversible acute respiratory failure: common
scenarios include acute respiratory distress syndrome
(ARDS) and pneumonia [9]. The latter is a form of both
pulmonary and circulatory support reserved for acute
cardiorespiratory failure; it is commonly used in cardiac
arrest and in cardiogenic shock (CS) [10].

Despite being a lifesaving therapy, several studies have
reported different mortality rates depending on indica-
tion and modality [11], ranging from 76% in one cohort
undergoing ECMO and dialysis [12] to 37% in a mixed
veno-venous (VV)/veno-arterial (VA) ECMO group [13].
Between 1989 and 2014, the ELSO registry reported
mortality rates for respiratory and cardiac ECMOs at 57%
and 41%, respectively [14]. Moreover, a number of com-
plications can occur, of which any can inflict severe mor-
bidity. In addition, the procedure is highly invasive with
severe complications and is time- and resource-consum-
ing [15-18].

Moreover, the possibility to initiate ECMO largely
relies on ECMO machines availability, and a trained, mul-
tidisciplinary team composed of critical care physicians,
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cardiac surgeons, perfusionists and expert nurses, among
others. Recently, there has been a shortage of ECMO
machines [19] and specialized personnel [20]. Due to
these factors, the effective possibility of offering ECMO
to the patients often has some limitations and varies from
country to country.

Thus, a predictive model able to identify the patients
potentially benefitting from ECMO is of utmost
importance.

Several predictive models exist. Non-specific ECMO
scores were initially developed to assist critically ill
patients and were tested for predictive accuracy in a pop-
ulation undergoing ECMO. In this context, some notable
examples are the Sequential Organ Failure Assessment
(SOFA) [21] score and the Acute Physiology and Chronic
Health Disease Classification System II (APACHE II)
[22]. Contradictory results have been shown for their dis-
crimination and calibration. Hilder et al. [23] reported
that the SOFA score showed better discrimination than
some ECMO-specific scores in VV-ECMO population.
On the other hand, Fisser et al. [24] showed that these
generic intensive care unit (ICU) scores were better than
specific scores in VA-ECMO population but worse in
VV-ECMO population.

Specific ECMO models have been developed in the
past years to overtake these limits. While predicting
better survival compared to general risk scores used in
the ICU [22], there is a shared perception that specific
ECMO models are unsatisfactory in supporting the deci-
sion-making process. Given these considerations, a close
examination of the recently developed ECMO scores,
underlining their statistical properties, strength and limi-
tations, could be a matter of relevance.

This should be the starting point for any future research
on ECMO scoring systems either when the aim is to iden-
tify and update promising scores or to build a score that
could be used before the ECMO initiation, adding infor-
mation to the clinical judgement and helping to decide if
a patient should receive ECMO or not.

We conducted a systematic review to provide a critical
appraisal of existing prognostic scores in the adult pop-
ulation undergoing ECMO therapy and their evidence
supporting their utilization in clinical practice.

Methods
This review was conducted with adherence to the Pre-
ferred Reporting Items for Systematic Review and Meta-
Analyses (PRISMA) guidelines [25]. The protocol has
been previously published with Open Science Frame-
work (https://osf.io/fevw5).

The PICO framework was defined as follows: the
population is represented by adult population in ICU;
the intervention is the initiation of ECMO therapy; a
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comparator is not possible to define, as this study focuses
on exposed to ECMO; and the outcome is the mortality.

Search
Mortality following ECMO initiation in adult popula-
tion was the objective of our investigation. Our system-
atic review is for the most part descriptive and involves
no statistical analysis. We wanted to shed some light on
an unexplored landscape. Over the years, there have been
tireless improvements in all aspects of the use of ECMO:
technology, patient selection and management and a
broader understanding of this complex therapy. Thus, we
limited the review to the last 10 years to exclude poten-
tially outdated scores. Five electronic databases were
queried: PubMed, MEDLINE, CINAHL, Embase and
Scopus.

We created the following search string for Pub-

Med database: ("extracorporeal membrane
oxygenation"[MeSH Terms] OR ("extracorporeal"[All
Fields] AND "membrane"[All Fields] AND

"oxygenation"[All Fields]) OR "extracorporeal membrane
oxygenation"[All Fields] OR "ecmo"[All Fields]).

To better adapt the search string to the other data-
bases, we translated the original string, thanks to Polyglot
Search Tool [26].

A complete list of strings created by Polyglot Search
Tool is available in supplementary materials (Table S1).

Studies published between 1 Jan 2011 and 27 Feb 2022
were eligible for inclusion. In this phase, no restrictions
have been applied on the language or type of publica-
tion. The complete citation list obtained in the previous
stage was saved for future exploration. To do this, all the
files derived from databases interrogation were imported
into Zotero citation manager [27] and then exported as a
unique RIS file.

The deduplication phase was performed with the help
of the Institute for Evidence-Based Healthcare (IEBH)
offline de-duplicator [28]. Once the automatic dedupli-
cator phase finished, the file containing all the citations
deduplicated was uploaded in Rayyan [29], an intelligent
research tool used for the title and abstract review phase.

Two authors, A. F. and L. G., were involved in review-
ing the titles and abstracts of all the citations. The third
author (I. B.) was in charge of resolving any conflict
between the two original reviewers.

Inclusion and exclusion criteria

Studies reporting the development of a predictive model
for death in critically ill adult patients undergoing VA- or
VV-ECMO were selected for further exploration. Death
following the initiation of ECMO was the outcome
of interest. English or Italian language was accepted.
Lastly, we chose to include studies worldwide, with no
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geographical restrictions. Exclusion criteria were repre-
sented by the specific usage of ECMO: in order to focus
on modalities of ECMO that give full support to the
patients, ECMO as a bridge and ECMO used to deliver
CO2 removal only (ECCO2R) were excluded. The studies
based on single predictors were excluded as well. Addi-
tional exclusion criteria were represented by the follow-
ing: studies that did not report a newly developed model
but used a previously validated model and studies based
on animal models, systematic reviews, case reports and
conference abstracts.

Data extraction

For each included study, the following information was
extracted: title, first author, model name, model type,
study type, geographic area, ECMO type, number of
patients included, endpoint, setting, candidate variable
considered for model derivation, final model variables
and model discrimination, calibration and validation as
reported by the authors. Finally, the area under the ROC
curve (AUC-ROC) — for internal and external validation
if available — as a measure of the model discriminatory
ability has been captured.

PROBAST
Each identified model was independently evaluated
by two authors (A. F. and L. G.) for risk of bias (ROB)
through the Prediction model Risk Of Bias Assessment
Tool (PROBAST), according to Moons et al. [30]. A third
author (I. B.) oversaw resolving any conflict between the
two original raters. Each model was assessed for appli-
cability concerns and ROB, based on four domains. If a
domain of interest was evaluated “no [N]” or “probably
no [PNY]; there was supposed to be a concern for appli-
cability or potential for bias within that domain. If the
review questions were satisfied, concern regarding appli-
cability was rated overall “low”.

A publication is needed to score “low ROB” in each of
the four domains for an overall judgment of “low ROB”.

If a single domain was marked as “high ROB’; overall
“low ROB” could theoretically still be stated, but specific
reasons should be provided.

Results

The bibliographic research generated a total of 101,898
references. After deduplication phase, 51,036 unique
articles were suitable for title and abstract screening.

After title and abstract screening, 174 references
remained for full-text screening.

At the end of full-text review, a total of 24 references
fully met our inclusion criteria and were considered eligi-
ble for data extraction. Further information can be found
in the PRISMA flowchart in Fig. 1.
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Fig. 1 PRISMA flowchart

These 24 references reported 26 models with in-hospi-
tal mortality as the outcome (two of these 24 references
built two different models). The studies are heterogene-
ous with respect to sample size and patients’ populations
(Table S2).

Nine models were developed in Europe, eight in Asia,
seven in America and two in Oceania. These models
included a minimum of three up to a maximum of 18
variables: the total number of variables considered in the
final model often contributes (as it should) to determine
the relative weight of each variable (Table S2).

Interestingly, 22 models out of 26 (85%) relied on gen-
eralized linear model (GLM) to build the model; for the
remaining four, one relied on generalized estimating
equation (GEE), one on Cox proportional hazards and
one on deep neural networks (DNN) and the last one on
GLMNet.

The variables mainly involved are, in order of fre-
quency, as follows: age and lactate blood concentration,
contained respectively in 18 and in 11 models (Fig. 2).

We found two categories of ECMO models, reflecting
two different ECMO modalities: models for VA-ECMO

and models for VV-ECMO (Table 1). For VA-ECMO
scores, we found the subsequently 16 scores: the PRE-
DICT VA-ECMO [31], the AMI-ECMO [32], the CASUS
[33], the Worku et al. score [34], the New ECPR [35], the
LOVE [36], the REMEMBER [37], the SAVE [38], the
modified SAVE [39], the ENCOURAGE [40], Siao et al.
score [41], Lee et al. score [42], the simple cardiac score
[43], the ECMO-ACCEPTS score [44] and the deep neu-
ral networks (DNN) score [45]. Of these, only 3 have
been validated externally (3/14, 21%): the SAVE [38] and
two different models of the PREDICT VA-ECMO ([31]
score, which reported an AUC-ROC for external valida-
tion of 0.9 (95% CI: 0.85-0.95) and 0.72 (95% CI: 0.65—
0.8), respectively.

For VV-ECMO, 9 scores have been individuated: the
RESP score [47], the modified RESP score [48], the PRE-
SET score [23], the ECMOnet [51], Cheng et al. score
[49], Roch et al. score [50], model 1 and model 2 by
Enger et al. [52] and the PRESERVE score [53]. Out of 9
scores, three have been validated externally (4/10, 40%):
the RESP score [47] (AUC-ROC = 0.92 [95% CI 0.89—
0.97], the PRESET score [23] (AUC-ROC = 0.7, 95% CI:
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Variable

Model

Age (years)

Immunocompromised

Pre-ECMO mechanical ventilation days
Platelet concentration (x1000 pl-1)
Mean arterial pressure (mmHg)

Body mass index (kg m—2)

SOFA score
Creatinine

PREDICT VA-ECMO score(31)

O |cardiopulmonary resuscitation duration (minutes)

AMI-ECMO score(32)

IS

CASUS score(33)

Worku et al. Score(34)

New ECPR score(35)

LOVE Score(36)

O&] |S]&[& ] [Lactate (mmol/L)

REMEMBER score(37)

SAVE score(38)

ENCOURAGE score(40)

Siao et al. Score(41)

Lee et al. Score(42)

AN

Simple cardiac score(43)

RESP score(46)

QR OKRIOKRKRKRIOKIKIKIK

Modified RESP score(47)

PRESET score(23)

Cheng et al. Score(50)

Roch et al. Score(51)

A

ECMOnet Score(48)

Model 1 (Enger) score(52)

Model 2 (Enger) score(52)

PRESERVE score(53)

QQ[&

SHOP Score(54)

NEN SRS

ECMO-ACCEPST Score(44)

Modified SAVE score(39) L4

DNN Score(45) v

L4 4

Total occurence as candidate variable 19

8

12 11 9 7 13 6 11

Total occurence as final Variable 11

4

4 3 4 3 4 [ 3]s

vy
23
16

70%

Final inclusion ratio 58%

50%

33% 27% 44% 43% 31% | 50% | 27%

Fig. 2 Most represented variables in the models (appearing in at least 2 models) and indication if present only as candidate variables (yellow dot)

or if retained in the final model (green check)

0.56-0.84) and the ECMOnet score [51] (AUC-ROC =
0.69, 95% CI: 0.56—0.82).

Additionally, the SHOP score [46] was developed lastly
and has been tested on both VA and VV populations.
For both VA and VYV, it has very promising AUC-ROC
(aggregate: 0.87 [0.79-0.96]); however, it has yet to be
validated externally.

PROBAST
None of the models out of 26 (0%) was classified as over-
all low ROB. While in “participants’, “predictors” and
“outcome” domains, the models generally do well, with
an overall ROB classified as low in 13/26 scores (50%) and
as high the remaining 50%; the last domain — reserved to
the analysis methods — is the one where the totality of
the scores fails.

In particular, the validation process does not take into

account both the discrimination or the calibration of the

reported model at the same time. A summary of ROB can
be displayed in Fig. 3.

Discussion
ECMO use continues to rise rapidly in adults [44]. Since
ECMO therapy requires highly specialized staff and
equipment, it is crucial to select and monitor patients
stratified by outcome prediction for this economically
costly and risky therapy. Equally, basing medical deci-
sions on mis-calibrated predictions can be harmful.

This review identified 26 different predictive prognostic
models for mortality developed in the last decade.

Together, age and lactatemia are by far the most rep-
resented variables. The number of days in mechanical
ventilation before the start of the ECMO was used in
several scores. Additional variables were the renal func-
tionality parameters (creatinine, bicarbonate, pH), the
cardiorespiratory parameters (minute ventilation, mean
arterial pressure, cardiomyopathy, FiO2), Glasgow Coma
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Risk of Bias introduced by |Risk of Bias introduced by Reaching an overall
Risk of Bias introduced by . . ) Risk of Bias introduced by |judment about risk of
Score ) L predictors or their outcome or its ; ) -
selection of participant R the analysis bias of the prediction
assessment determnation A
model evaluation
PREDICT VA-ECMO score(31) X v X X X
AMI-ECMO score(32) v v v b4 b4
CASUS score(33) X v v X X
Worku et al. score(34) .4 4 X X b4
New EPCR score(35) b 4 X X p, 4 p.4
LOVE score(36) v v v X p.4
REMEMBER score(37) v v X b4 X
SAVE score(38) v v P4 X X
ENCOURAGE score(40) v p. 4 v v b4
Siao et al. score(41) ¥ < X X p. 4
Lee et al. score(42) X 4 4 p, 4 p. 4
Simple cardiac score(43) v v v X X
SHOP Score(54) v v v p_4 X
RESP score(46) v v v b. 4 b4
Modified RESP score(47) -4 < b4 x
PRESET score(23) b4 v v x p. 4
Cheng et al. score(50) b4 4 b 4 p. 4 b4
Roch et al. score(51) 4 v v X b4
ECMOnet score(48) v v v b4 %
Model 1 (Enger) score(52) v v v b4 b. 4
Model 2 (Enger) score(52) v (4 < % b4
PRESERVE score(53) v v A b4 X
Modified SAVE score(39) v v v P4 X
DNN Score(45) v v v X . 4
ECMO-ACCEPTS Score(44) v v v X . 4

Fig. 3 List of ECMO-specific scores and their risk of bias (ROB). The red cross mark indicates high ROB, the yellow dot indicates unclear risk, while

the green check indicates low ROB

Scale (GCS), immunity system, blood pressure and body
temperature.

Multivariable logistic regression was the underlying
statistical model for the most part. Candidate predic-
tors were entered into the model, and a subset was finally
retained after undergoing a variable selection process.

The major lacking area that arose from analysing the
prediction models included reporting on calibration
methods.

Advantages and disadvantages of validated scoring
systems
PREDICT VA-ECMO [31] shows limited discriminatory
ability. The SAVE score [38] achieves better performance,
justifying its widespread usage. Nevertheless, as painstak-
ingly pointed out by the authors of the SAVE score [38],
their information — yet precious — only offers a partial
answer to the patient selection problem. In fact, they
consider patients’ characteristics only after VA-ECMO
initiation, not establishing if VA-ECMO should be initi-
ated or not based on patients’ baseline characteristics
prior to ECMO initiation. Additionally, complete data
was available for only 23% (876/3846) in ECMO cohort.
The PRESET exhibits low discrimination in the vali-
dation set. Additionally, it presents a potential bias in
patient selection and population outcome, with higher
mortality reported in internal and external cohorts

than the mortality in analogous clinical settings [54].
In advance, the external validation was made on a sin-
gle medical centre (59 patients). The ECMOnet score
[51], while presenting a robust selection of patients and
showing good discrimination in its validation set, has a
relatively small sample and should be further validated
in bigger validation sets, as the authors [51] and other
centres [55] conclude. In advance, the ECMOnet score
focuses on HIN1 patients, so it could be helpful on this
cohort of patients.

The RESP score [47] has, together with the PRESERVE
score [53], which had only internal validation in his
development article, shown modest performance when
subsequent studies tried to validate them in an external
cohort [56].

Challenges of building an ECMO scoring system

It is imperative to remind certain facts regarding pre-
dictive scores. First, their development should follow
the TRIPOD checklist (www.tripod-statement.org).
Second, a prediction model should be developed on a
multicentric prospective cohort with a clearly defined
outcome. Third, the statistical analysis should rely on
a sensitivity analysis of different models’ specifica-
tions and not necessarily limited to traditional regres-
sion models. Fourth, it is crucial to use risk factors
that are easy to measure in a standardized way across
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populations if we intend for the model to be applicable
in different settings. This brings up the dilemma of spe-
cialization versus generalizability. Fifth, when choosing
a predictive scoring system, it is mandatory to consider
its prognostic capability and validation type. A score
that has not been validated externally is susceptible to
several issues — overfitting being the most common
— and should be interpreted with more caution. In
addition, feasibility, ease of use and cost should also be
taken into consideration. Finally, the interpretation of a
predictive score should be cautiously reported.

We identified weaknesses in the type of outcome and
follow-up time, in the statistical model and in the cali-
bration process. All the considered models exclusively
analyse in-hospital mortality, neglecting the impor-
tance of other fundamental outcomes such as medium/
long-term mortality or the prevalence of major out-
comes in survivors.

The scores found relied on logistic regression for the
most part. While logistic regression can provide very
important pieces of information and can perform very
well, more advanced models — guided by computa-
tional methods (e.g. machine learning) — could poten-
tially offer promising results [57, 58].

The issue of calibration was partially neglected even
if it is especially important when the aim is to support
decision-making [59]. Calibration is the accuracy of
risk estimates, relating to the agreement between the
estimated and observed number of events. Irrespec-
tive of how well the models can discriminate between
ECMO patients that die versus those that do not in a
given time frame, it is clear that strong over- or under-
estimation of mortality could make a score clinically
unacceptable. Indeed, if a physician is supported in her
decision by a not well-calibrated score, this could lead
to under- or overtreatment. For example, by relying
on a score overestimating the risk, a physician could
decide not to treat a patient above a given threshold
even if that patient would respond well to the treatment
because his/her true underlying risk is lower. For these
reasons, it is mandatory to calibrate the scores once
built, even when the discrimination is strong.

Most of the predictive models about ECMO focus on
discrimination but do not consider a proper calibration.

Time has come to refrain from developing new mod-
els and redirect that energy towards modelling enhance-
ment. The small sample size is a general problem in many
single-centre ECMO studies. It poses a further constraint
to the number of variables retained in the final risk mod-
els and, in turn, their generalizability. One question which
remains still unanswered is whether and to what extent a
new methodological perspective may increase discrimi-
natory ability and calibration of predictive models for
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ECMO, with the ultimate goal to clinically implement a
model that has a positive influence on patient outcomes.

Strengths and limitations

In summary, all existing predictive scoring systems
still have some limitations [60, 61]. Anyway, even good
risk scores will become obsolete as ECMO technology
changes and clinical knowledge increases, and there is a
permanent need for updating. Generating a risk model
requires careful thinking and a combination of statistical
expertise and sound domain knowledge. Modelling and
prediction, along with future tools and processes, should
borrow from existing ones to build new ones for future
readiness. The strength of the present study is to assess
the state of the art through a systematic and broad search
strategy across major databases in order to identify all
studies developing a scoring system for ECMO. To our
knowledge, this is the first systematic review to explore
this topic.

Some weaknesses of this review must be acknowl-
edged. First, this systematic review tries to explore a very
thorny topic; the field itself is very heterogeneous, and a
metanalysis has not been conducted. Second, the use of
automatic tools for conducting a systematic review can
be tricky. Although these tools are gaining popularity
[62], they could potentially introduce biases. For exam-
ple, Rayyan screening system [29] ranks articles by the
likelihood of relevance, rather than simply providing
definitive, dichotomized classifications. However, even
low-ranking articles have some nonzero probability of
being relevant, and there remains the possibility of miss-
ing a relevant article. Second, a pooling of study-level
performance measures was judged unsuitable for this
systematic review. Furthermore, another limitation factor
could be the selection of research databases. We focused
our attention on PubMed, Scopus, Embase, CINAHL and
MEDLINE since those are the more relevant databases
for clinical research. For this reason, we decided not to
include other databases like Google Scholar, IEEE Xplore
and Web of Science.

Conclusions

Notwithstanding a few notable examples, most risk mod-
els for ECMO represent an interesting experiment that
can be enhanced with the help of the modern computa-
tional instruments. Most models have not been validated
externally or are built with some weakness, preventing
them from being used in clinical practice. In addition,
most of these models were created retrospectively on
patients already undergoing ECMO. Such an approach
can be useful to assess whether to continue to treat the
patient with this invasive therapy and thus reduce the risk
of therapeutic overkill. It would, however, be interesting
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to also create and validate a model that can discriminate
against patients before they are subjected to ECMO.
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