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Abstract
Introduction: Intensive care units (ICUs) are high-pressure, complex, technology-intensive medical environments where patient

physiological data are generated continuously. Due to the complexity of interpreting multiple signals at speed, there are substan-

tial opportunities and significant potential benefits in providing ICU staff with additional decision support and predictive modeling

tools that can support and aid decision-making in real-time.

This scoping review aims to synthesize the state-of-the-art dynamic prediction models of patient outcomes developed for use

in the ICU. We define “dynamic” models as those where predictions are regularly computed and updated over time in response

to updated physiological signals.

Methods: Studies describing the development of predictive models for use in the ICU were searched, using PubMed. The studies

were screened as per Preferred Reporting Items for Systematic Reviews and Meta-Analysis (PRISMA) guidelines, and the data

regarding predicted outcomes, methods used to develop the predictive models, preprocessing the data and dealing with missing

values, and performance measures were extracted and analyzed.

Results: A total of n= 36 studies were included for synthesis in our review. The included studies focused on the prediction of

various outcomes, including mortality (n= 17), sepsis-related complications (n= 12), cardiovascular complications (n= 5), and

other complications (respiratory, renal complications, and bleeding, n= 5). The most common classification methods include

logistic regression, random forest, support vector machine, and neural networks.

Conclusion: The included studies demonstrated that there is a strong interest in developing dynamic prediction models for var-

ious ICU patient outcomes. Most models reported focus on mortality. As such, the development of further models focusing on a

range of other serious and well-defined complications—such as acute kidney injury—would be beneficial. Furthermore, studies

should improve the reporting of key aspects of model development challenges.
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Introduction
Many risk prediction models have been developed to assist a
range of purposes in healthcare delivery, including hospital
bed allocation,1 management of medications2 and preoperative
assessment.3 However, risk prediction models for use in inten-
sive care units (ICUs) do not yet harness the full potential of
what could be achieved with the optimum use of the rich data
sets available in an ICU environment.4

Technology-intensive ICUs generate a large volume of
patient physiological data that are continuously monitored—
and at a higher time-frequency—in comparison to other hospi-
tal services. Previous studies have shown that a significant
factor in improving clinical outcomes is the timeliness of
health interventions,5,6 which can be improved with accurate
prognosis and early warning. However, commonly used ICU
prediction models were often not developed for real-time mon-
itoring but instead as a precalculated risk score not subsequently

recomputed according to real-time patient data input.7 This
means that medical interventions can be initiated as a reactive
measure—rather than be planned preventatively—and often
only after a complication has already developed.8

Hence, this scoping review aims to synthesize the current
state-of-the-art in the development and use of dynamic
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predictive models for the ICU and to provide some future direc-
tions for research to improve real-time prediction of patient out-
comes in ICU. We considered models to be “dynamic” if
predictions are regularly computed and updated over time in
response to varying time-dependent physiological signals as
opposed to static risk scores computed a priori and not
updated with new varying input. This scoping review discusses
the outcomes predicted by the models, the algorithms used to
develop and compute predictions and their performance. In
addition, how models mitigate and manage known data pro-
cessing challenges, such as missing data or imbalanced classifi-
cation issues are discussed in Supplemental Material.

There have been no reviews conducted to date on the prediction
of patient outcomes in the ICU in real-time and thus the present
work makes an important contribution to the advancement of the
state-of-the-art as well as informing future directions of research
in this field. This paper shows that there are numerousmodels devel-
oped to predict patient outcomes in a dynamic manner for the use of
the ICU. However, further detail in the model development process
is needed to provide transparency and allow for validation.

Methods
PubMed was searched for relevant articles published between 1
January 2000 and 25 April 2022. An updated search was con-
ducted of relevant articles published between 26 April 2022 and
23 January 2023. In addition, references from included studies
were further screened for potential additional relevant studies.
We followed a scoping review methodology first advocated by
Arksey and O’Malley9 and further refined by Levac et al10

The review was conducted, following the Preferred Reporting
Items for Systematic Reviews and Meta-Analysis (PRISMA)
guidelines, modified for scoping reviews.11 The reviewing team
included experts in anesthesia, cardio-thoracic surgery, and
ICUs (SS), digital health, decision support and scoping reviews
(MMB) and biostatistics and machine learning (LL, KK, MR).

Scoping reviews can be used to identify emerging patterns in
the literature for potentially extremely large research domains
such as “digital technologies for postoperative care”, for
example.12 This mode of investigation is particularly useful
for researching emerging technology innovations, where identi-
fying broad trends is key as is the case for this study.

Data Sources and Search Strategy
The following search query was conducted on PubMed:

((dynamic predict*) OR (real time predict*)) AND ((patient
outcome*[Title/Abstract]) OR (mortality[Title/Abstract]) OR
(morbidity[Title/Abstract]) OR (complication*[Title/Abstract]))
AND ((critical care) OR (intensive care)) NOT (cancer) NOT
(COVID-19) NOT (Paediatric) NOT (Paediatric) NOT (trauma).

The titles and abstracts of the articles retrieved in the search
were screened as to the eligibility criteria further described in
“Eligibility Criteria and Analysis” section.

Data Extraction
A data extraction instrument was developed by 1 researcher
(LL) and discussed with the investigative team before being
piloted with a sample of selected studies until a final version
of the instrument was agreed upon by consensus. The data
extracted for included studies included: Study authors, year of
publication, patients included in the study, predicted outcomes,
methods used to develop the predictive models, methods to pre-
process the data and deal with missing values, types of features
used in the model and performance measures used in the study.
Mendeley13 was used for citation management.

Eligibility Criteria and Analysis
We define “dynamic” models as those where predictions are
regularly computed and updated over-time in response to
varying time-dependant physiological signals or updated
input (such as repeated laboratory tests, for example).

The frequency of the input can be variable depending on the
nature of the data source: eg, every second, minute or hour, or
even less often (eg, daily for a laboratory test). The common
aspect across the range of included models however is that
these models are designed to update their prediction results as
new data is input over time.

The inclusion and exclusion criteria are described below and
in Table 1. Based on the inclusion criteria, in terms of study
design, we included studies on the development of dynamic
risk prediction models used in ICU. Only adult critical care or
ICU patients were included in the study. In terms of the predicted
outcome, only studies including classification tasks were
included. This decision was made because usually adverse clin-
ical outcomes, such as mortality or complications, are defined as
binary categorical outcomes, or are diagnosed based on a number
of laboratory variables, as opposed to 1 numerical variable.14

Studies describing the development of prediction models for out-
comes directly related to patient health were included, including
mortality, complications, and ICU stay. Studies describing pre-
diction models that were developed using repeated measures
of laboratory test results were included in the review. These
could be laboratory results that are measured every hour or
every day. Also, studies describing the use of vital signs that
were frequently measured (eg, every second or every minute)
were also included. Finally, only studies that reported the
models’ performance measures were included in the review.

Based on the exclusion criteria, studies focusing on the evalua-
tion ofmodels—but not including a description of themodel devel-
opment—or reviews of models were excluded. Prediction models
developed specifically for cancer or trauma patientswere excluded.
While predicting ICUoutcomes for cancer or traumapatients could
help with managing unplanned ICU admissions,15 the additional
confounding variables that cancer or trauma could add are most
likely not relevant for general ICU patients. Since the coronavirus
disease 2019 (COVID-19) pandemic from early 2020, many pre-
diction models have been developed to predict COVID-
19-related outcomes.16 Because, this is a nonroutine situation,
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studies with COVID-19 patients were excluded. The models could
include static variables (measured only once) to aid prediction,
however, studies that used only static variables that were calculated
for an a priori risk score were excluded.

Study Selection
The initial search query on PubMed retrieved n= 511 articles
(see PRISMA flow-chart in Figure 1). In addition, n= 81

studies were identified from manual searching of citations and
the reference lists of included studies. The updated search
from PubMed retrieved n= 74 additional papers. This resulted
in a total of n= 666 records screened based on the title and
abstract. n= 554 studies were excluded at the initial abstract
screening stage due to not meeting the eligibility criteria (ie,
not being a primary study, concerning nonadult patients
outside of critical care or ICU, not predicting patient outcomes),
which left n= 112 articles for the full screening stage. After
full-text screening, n= 36 articles were included in the final
review for data extraction and synthesis. The reasons for why
the records were excluded from the full screening stage are
shown in Figure 1.

Results
Included Studies
Thirty-six studies were included in the review.17–52 The data
extraction table for these studies is described in Table 2. The
majority of the studies were conducted in the USA (n= 20
studies), n= 6 studies were conducted in China, and n= 2 in
India. Other countries represented in the review include
Australia, Germany, Finland, the Netherlands, Portugal, South
Korea, Thailand, and the UK.

In terms of study size, 5 studies used more than 30 000 patient
records in the development of their models20,28,29,33,53; with
Johnson et al20 using the largest number of patients of 50 488 in
their model development. Nine studies used between 10 000
and 30 000 patient records.18,19,27,31,36,37,39,43,46,50 Nine studies
use considerably smaller datasets of less than 1000 patient
records,8,23,24,26,34,35,38,49,51 with the smallest study population
being the study by Shashikumar et al (242 patient records).35

External validation was carried out by 4 studies.27,31,43,46

When most studies were single-center studies, it is worth
noting that Silva et al36 used data from 42 ICUs from 9
European Union countries.

In terms of the data used, out of 36 studies included in this
review, 21 of them developed their models using data from a
version of the Multiparameter Intelligent Monitoring in Intensive
Care (MIMIC) database.54 Eleven studies used the MIMIC-II,17–
19,21–24,26,48,50,52 6 studies used the MIMIC-III,20,29,39,41,42,47 and
4 studies used the MIMIC-IV.33,43,45,46 Two studies used the
MIMIC-III for validating their models externally.27,31 Of publicly
available datasets, 3 studies also used the eICU database55—1 for
development of the model33 and 2 for external validation.43,46

Specific Outcomes Predicted by the Models
As shown in Table 3, the most commonly predicted outcome
was mortality (n= 17 studies), while n= 12 studies predicted
sepsis, n= 5 studies predicted cardiovascular complications,
and n= 5 studies predicted other types of complications, such
as respiratory, renal complications and bleeding. When compar-
ing the models among studies included in this review, it is also

Table 1. Inclusion and Exclusion Criteria for Studies Based on

Patients Included in the Study, Variables Used in Analysis, Outcome of

the Analysis, Intervention, and Study Design.

Criterium Included Excluded

Study design Primary study, ie, study that

develops a prediction

model

Review article,

validation study,

commentary.

Patients Adult critical care or

intensive care patients,

noncancer patients,

nonCOVID-19 patients,

nontrauma patients

Any other patient who

is not admitted to

critical or intensive

care, cancer patients,

COVID-19 patients,

trauma patients.

Setting Adult critical care or

intensive care unit

Pediatric critical care or

intensive care unit,

emergency

department, hospital

wards, or any other

hospital setting that is

not adult critical care

or intensive care unit.

Type of a

problem

Classification Regression, or any

other method that is

not classification

Outcome Patient outcomes:

mortality, morbidity,

postoperative

complications, hospital

length of stay, ICU length

of stay or any other

outcome that is directly

related to patient’s
health

Outcomes that are not

directly related to the

patient (eg, costs)

Variables Includes laboratory data

that were treated as

dynamic variables

Includes only static

variables (ie, that are

measured once) or

variables that are not

vital signs or

laboratory data

Type of

model

Must be a model predicting

patient outcomes based

on dynamic variables on

a “real-time” basis.

Static prediction model

Comparator Any model performance

measure (eg, AUC,

sensitivity, specificity,

accuracy, etc)

No model performance

reported

Abbreviations: AUC, area under the curve; ICU, intensive care unit; COVID-19,

coronavirus disease 2019.
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important to bear in mind that the predicted outcomes can have
a range of definitions across studies.

Mortality. Most models predicting mortality focused on short-
term mortality, specifically happening while in the
ICU.18,20,21,23,29,33,36,39,49,56 In Hug et al19 the focus was
broader however as it predicted the risk of both death while
in the ICU but also within 30 days of discharge from the
ICU. The 4 models of Lehman et al, Luo et al, Mao et al and
Meyer et al focused on prediction of in-hospital mortal-
ity.24,26,27,46 Finally, Raj et al focused on the prediction of
30-day mortality34 and Thoral et al37 on a composite outcome
of in-hospital mortality and ICU readmission within 7 days of
ICU discharge.

The prevalence of mortality in the studies ranged vastly, ie,
between 1.2% and 35.0%. This is due to the studies using data
from different types of patient populations, where some had an
increased risk of mortality than others. For example, Ma et al25

found that among medical ICU patients, 1.2% of patients died
within 6 h of ICU admission. Gultepe et al,49 however predicted
mortality among sepsis patients where a very high mortality rate
(35.0%) was expected.

Sepsis. A large study investigating sepsis-related mortality in
English ICUs found that sepsis can affect a quarter of adult
ICU patients in England, and can kill 1 in 4 ICU patients
affected.57 Sepsis occurs when an infection in the body
results in a systemic inflammatory response syndrome and is

Figure 1. Preferred Reporting Items for Systematic Reviews and Meta-Analysis (PRISMA) flow diagram outlining the selection process for

identifying studies included in the final review.
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defined to be severe if sepsis causes organ dysfunction.58 Sepsis
can have a significant impact on patients due to being associated
with increased mortality and life-long complications, such as
permanent organ damage, cognitive impairment, and physical
disability.58

The definition of sepsis varied substantially among studies.
Four studies30,31,35,43 used the Third International Consensus
Definitions for Sepsis and Septic Shock (Sepsis-3) criteria14

to predict the onset of sepsis in general. Two studies28,40 used
the Systemic inflammatory Response Syndrome (SIRS) crite-
ria59 to predict specifically septic shock. It is worth mentioning
that Misra et al28 treated septic shock patients as the cases and
patients with other sepsis-related complications as controls. The
studies by Ghosh et al48 and Henry et al50 defined septic shock
as the outcome in a similar way as SIRS criteria, however, they

did not specifically state that they were using this widely used,
agreed upon criteria. Van Wyk et al38 predicted the onset of
sepsis by following the Sepsis-2 criteria,58 even though a new
criteria (Sepsis-3) had already been published 3 years prior
the van Wyk et al’s study. This is a limitation to van Wyk
et al’s study as later published studies showed that the definition
of sepsis by these 2 criteria was very different,60 and hence the
developed models can misclassify patients to have different
levels of sepsis.

Avoiding the conflicting sepsis definition criteria, Gultepe
et al49 predicted high lactate levels (≥ 4 mmol/l vs <4 mmol/l),
which is considered to be a sign of possible sepsis. Yee
et al,41 however, made their own criteria for septic shock.
This is considered to be a limitation to the study as, even
though the currently available criteria for diagnosis of septic

Table 3. Outcomes Predicted by Included Studies.

Outcome Number of Studies Author and Year Prevalence of the Outcome

Mortality 17 Caballero 2015 Not reported

Deasy 2020 13.0%

Gultepe 2014 35.0%

Hug 2009 Not reported

Johnson 2017 Not reported

Joshi 2012 12.0%

Lehman 2013 14.0%

Lehman 2015 15.0% - 19.0%*

Luo 2022 17.0% - 18.6%*

Ma 2019 1.2%—17.0%*

Mao 2012 2.3%

Meyer 2018 6.2%

Pattalung 2021 8.0%—14.1%*

Raj 2019 19.5%

Silva 2006 Not reported

Thoral 2021 5.3%

Xia 2019 11.7%

Sepsis 12 Dummitt 2018 2.3%

Ghosh 2017 15.9%

Gultepe 2014 20.3%

Henry 2015 14.1%

Misra 2021 12.7%

Mohammed 2021 10.35%

Nemati 2018 8.6%

Park 2020 1.9%-2.3%*

Shashikumar 2017 22.0%

van Wyk 2019 32.5%

Yee 2019 1.9%

Zhao 2021 59.0%

Cardiovascular complications 5 Bhattacharya 2018 28.5%

Hernandez 2021 35.0%

Hu 2022 15.3%

Lee 2010 24.2%-25.4%*

Yijing 2022 9.1%

Respiratory complications 2 Feng 2021 46.7%

Huddar 2016 11.7%

Bleeding 1 Meyer 2018 4.9%

Renal complications 2 Meyer 2018 1.0%

Ryan 2022 50.0%

*If a range is reported, the authors carried out different experiments with different datasets, where the prevalence of outcome varied.
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shock are not perfect,61 they are still based on consensus and are
heavily validated.62,63 Finally, Park et al32 predicted bactere-
mia, which is a form of sepsis, and hence was included under
this category in this review.

Similarly to the models predicting mortality, the prevalence
of sepsis also varied substantially: 1.9%–59.0%. Yee et al41 pre-
dicted septic shock in the whole ICU population, resulting in a
very low prevalence of septic shock of 1.9%. Park et al32 pre-
dicted bacteremia also in the general ICU, resulting with low
prevalence (between 1.9% and 2.3%, depending on experi-
ment). Zhao et al,43 however, analyzed sepsis patients only,
and predicted sepsis-induced coagulopathy, which turned out
to be very prevalent (59.0%) among sepsis patients.

Cardiovascular complications. Two models predicted hypoten-
sive episodes.17,22 Acute hypotensive episode is a sudden
onset of a period of sustained low blood pressure.17

Bhattacharya et al defined hypotensive episode as a period of
30 min where at least 90% of mean arterial pressure measure-
ments were no greater than 60 mmHg. A long-lasting hypoten-
sion can result in dangerously decreased tissue blood flow with
consequent end-organ damage. Treating hypotension appropri-
ately can be effective to avoid severe sepsis,64 shock65 and
acute coronary syndrome.66

Hernandez et al51 predicted hemodynamic instability, which
is related to arrhythmia, respiratory failure and hypotension.
They did not clearly define, however, what they considered
hemodynamic instability to be.

Hu et al44 predicted “lie-threatening” events, defined as “all
cardiac arrest-related cardiopulmonary resuscitation”, among
medical ICU patients.

Yijing et al42 predicted cardiac arrest in critically ill patients.
The cardiac arrest was defined as the start time of the first occur-
rence of the specified abnormal events, however the abnormal
events were not described in the study. This is a limitation to
the study as it makes the prediction model difficult to reproduce.

When looking at studies predicting various cardiovascular
complications, the prevalence was also very variable: between
9.1% and 35.0%. This is because hypotensive episodes and
hemodynamic instability are more common complications,
especially in cardiac patients, who were included in
Hernandez et al’s, Bhattacharya’s, and Lee’s datasets, resulting
in a high number of patients with the predicted outcomes.17,22,51

Cardiac arrest, however, is a less common complication, espe-
cially if all ICU patients are included in the dataset, not only
cardiac surgery patients.67 Hence, Yijing et al42 predicted an
outcome that had a prevalence of 9.1% in their study
population.

Other complications. Feng et al47 predicted late noninvasive ven-
tilation failure in ICU. They defined the outcome as death
during or intubation after noninvasive ventilation.
Interestingly, in Feng et al’s47 patient cohort, the prevalence
of late noninvasive ventilation failure was very high (46.7%).
This could be because they included patients who received

noninvasive ventilation as a primary treatment following ICU
admission.

Huddar et al8 predicted acute respiratory failure, which
occurs when the respiratory system fails in oxygenation and/
or CO2 elimination from the lungs. It is considered to be the
end point of respiratory complications, such as pneumonia or
atelectasis. There are various factors than can be associated
with acute respiratory failure: patient-related factors, including
age, preexisting chronic obstructive pulmonary disease, conges-
tive heart failure, and arrhythmia; and procedure-related vari-
ables, including emergency surgery, prolonged surgery, and
surgical site.68 Compared to the other studies, Huddar et al
reported the common incidence of acute respiratory failure
ranging between 0.2% and 3.4%, however, in Huddar et al’s
patient population, the incidence of acute respiratory failure
was 11.7%. This might be because Huddar et al retrospectively
diagnosed the complication based on a specific criterion that
followed the vital signs recorded automatically in the ICU,8

whereas studies in the literature are using different definition
of what constitutes respiratory failure in a patient.69 This
shows that some complications that are reported without spe-
cific criteria based on laboratory results or vital signs can be
under-reported in the electronic health records.

In addition to mortality, Meyer et al27 also predicted postop-
erative bleeding and renal failure requiring renal replacement
therapy. The renal failure was defined using Kidney Disease:
Improving Global Outcomes (KDIGO) criteria.70 Acute
kidney injury, formerly called acute renal failure, is a sudden
decline in glomerular filtration rate.71 Glomeruli are tiny
filters in the kidneys that filter waste from the blood. This rate
estimates how much blood passes through the glomeruli each
minute. Acute kidney injury is usually caused by an event
that leads to kidney malfunction, such as dehydration, blood
loss from major surgery or injury, or the use of medicines.72

Even though acute renal failure in cardiac patients is often rel-
atively low,73 Meyer et al’s70 prevalence for renal failure was
very low (1.0%). This might be due to different studies defining
acute renal failure differently. Meyer et al, however, used the
KDIGO criteria, which is an internationally recognized criteria
for diagnosing renal complications, including renal failure.

Finally, Ryan et al45 also predicted acute kidney injury
among cardiac patients, where the complication was also
defined by KDIGO criteria. Interestingly, postoperative stage
1 AKI was diagnosed in 50% of the patients, which is a very
high prevalence. While this was not mentioned in their paper,
this might indicate that the patient population was chosen to
be balanced in terms of the prevalence of the outcome of
interest.

Classification Methods Used by Studies to Predict Patient
Outcomes in a Dynamic Manner
As shown in Table 4, the most used methods were logistic
regression (20 studies), random forest (13 studies), support
vector machines (11 studies), and neural networks (11
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studies). Other more commonly used methods included gradi-
ent boosting machines (8 studies), and naïve Bayes (4 studies).

To take the serial nature of the data into account, the
studies had different approaches. It was common to use
summary statistics, such a mean or median, minimum and
maximum, first and last values within predetermined time
windows19,20,28,31,33,34,36–38,42–46. For some models, the classi-
fication method handled the time-series data.17,22,27,29,32,39,41,50

However, some studies used special methods to include the
temporal aspect into their model.18,21,23–26,30,40,47–49,51,52,74

For example, Caballero et al18 used Kalman filtering equa-
tions to update the outcome when time-series observations
became available. Gultepe et al49 used Bayesian network struc-
ture learning to capture the time-series aspect of their data. Joshi
et al21 used radial domain folding to summarize patient state for
each time window, which was then included in their prediction
model. Ma et al25 fitted continuous trajectory to each time
series, which was then summarized, using splines, resulting in
coefficients that were used to capture information about the
shape of the time series.

Table 4. Classification Methods Used by Studies to Predict Patient

Outcomes Dynamically.

Method

Number of

Studies

First Author and

Year

Logistic regression (all versions) 20 Caballero 2015

Dummitt 2018

Feng 2021

Hu 2022

Huddar 2016

Hug 2009

Johnson 2017

Joshi 2012

Lehman 2013

Lehman 2015

Mao 2012

Misra 2021

Raj 2019

Ryan 2022

Shashikumar

2017

Silva 2006

Thoral 2021

van Wyk 2019

Zhao 2021

Random forest 13 Caballero 2015

Dummitt 2018

Feng 2021

Hernandez 2021

Hu 2022

Huddar 2016

Ma 2019

Misra 2021

Mohammed 2020

Ryan 2022

Thoral 2021

van Wyk 2019

Zhao 2021

Support vector machines 11 Ghosh 2017

Gultepe 2014

Hernandez 2021

Hu 2022

Huddar 2016

Mao 2012

Misra 2021

Mohammed 2020

Thoral 2021

van Wyk 2019

Zhao 2021

Neural Networks (any kind) 11 Deasy 2020

Meyer 2018

Park 2020

Pattalung 2021

van Wyk 2019

Feng 2021

Lee 2010

Ryan 2022

Silva 2006

Feng 2021

Xia 2019

8 Feng 2021

(continued)

Table 4. (continued)

Method

Number of

Studies

First Author and

Year

Gradient boosting machine (all

versions)

Hu 2022

Johnson 2017

Luo 2022

Ryan 2022

Thoral 2021

Yijing 2022

Zhao 2021

Naïve Bayes 4 Caballero 2015

Gultepe 2014

Hernandez 2021

Zhao 2021

Cox proportional hazards 3 Dummitt 2018

Henry 2015

Nemati 2018

Decision trees 3 Huddar 2016

Misra 2021

Zhao 2021

AdaBoost 2 Hernandez 2021

Huddar 2016

Bayesian networks 2 Gultepe 2014

Yee 2019

Hidden Markov models 2 Ghosh 2017

Gultepe 2014

C5.0 1 Misra 2021

CatBoost 2 Ryan 2022

Zhao 2021

Dual boundary classifier 1 Bhattacharya

2018

Gaussian mixture model 1 Gultepe 2014

LASSO 1 Johnson 2017

LUCCK (Learning using concave

and convex kernels)

1 Hernandez 2021
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The outcomes were predicted in varying frequencies. The
closest to “real-time” models were those that updated their
prediction every time new measurements were entered into the
system. Eleven studies followed this prediction fre-
quency.8,17,26,27,36,39,41,42,48,50,51 Eight studies developed models
to predict outcomes on an hourly basis.18,20,22–24,29,33,37,45

Twelve studies predicted the outcomes less often.25,28,30–
32,34,35,38,40,43,44,46,47,49 More specifically, Ma et al25 predicted
mortality every 6 h. Nemati et al31 predicted sepsis 12, 8, 6
and 4 h before the onset. Park et al32 predicted bacteremia 8,
16 and 24 h in advance. Raj et al34’s model made new predic-
tions of mortality every 8 h. For Shashikumar et al’s35 model,
sepsis was predicted 4 h in advance. Dummitt et al40 made
the prediction of septic shock 4, 8, and 24 h beforehand.
Feng et al’s47 model predicted late noninvasive ventilation
failure in 8, 16, 24, 36 and 48 h after the start of noninvasive
ventilation. Gultepe et al49 predicted mortality and high
lactate levels in 6, 12, and 24 h. Misra et al28 predicted septic
shock within 1, 3, and 6 h before the onset. Mohammed
et al30 predicted sepsis at around 18 h beforehand. Van
Wyk et al38 predicted sepsis 3 and 6 h in advance. Zhao et al,
Luo et al and Hu et al predicted patient outcomes on a daily
basis.43,44,46

For 2 studies it was unclear how often their dynamic models
predicted the outcomes.19,21

Information about handling missing data and the imbalanced
classification problem were also synthesized from the paper.
The most common methods for handling missing data were
imputation methods. The rate of missing data in studies was
not very well documented and a third of the included studies
did not report how missing data were handled, which is a
clear indication for lack of transparency.

A third of the studies were dealing with highly imbalanced
classification problems, where the prevalence of the predicted
outcome was <10%. While it is known that balancing
methods or developing models on training sets that have a

balanced outcome can lead to poor calibration, where the prob-
ability of the predicted outcome is overestimated,75 n= 7
studies used balancing methods like Synthetic Minority
Oversampling Technique (SMOTE) and upsampling.

The detailed findings and discussion regarding handling
missing data and the imbalanced classification problem can
be found from the Supplemental Material.

Performance of the Models
Several studies tested various methods to predict patient out-
comes, however, Tables 5–7 show the highest performing
models and their respective performance measures for the
studies.

Mortality prediction. When looking at how the models per-
formed based on predicting mortality (Table 5), Meyer et al27

had the highest AUROC of 0.950 when predicting mortality,
achieved with recurrent deep neural network. The second-best
performance was achieved by Johnson et al20 with the
AUROC of 0.920 (gradient boosting machine), followed by
Pattalung et al33 (AUROC= 0.910, recurrent neural network)
and Ma et al25 (AUROC= 0.905, random forest).

In terms of sensitivity, the model by Gultepe et al49 has by
far the highest sensitivity of 0.949, achieved with support
vector machine. The model developed by Mao et al26 has the
highest specificity of 0.950 (support vector machine). Based
on the accuracy, Meyer et al27 had the highest performance of
0.880 (recurrent deep neural network), and they also achieved
very high positive predictive value (PPV) and negative predic-
tive value (NPV) of 0.900 and 0.860, respectively. Only 4
studies reported AUPRC when predicting mortality, Johnson
et al20 with the highest of 0.665 (gradient boosting machine),
and out of the 2 studies that reported the F1 score, Deasy
et al29 achieved the highest of 0.821 with recurrent neural
network.

Table 5. Best-Performing Classification Method and Their Respective Highest Reported Performance of Studies Predicting Mortality.

Author and Year Classification Method Accuracy AUROC Sensitivity Specificity PPV NPV AUPRC F1 Score

Caballero 2015 Logistic regression 0.866 0.789 0.791

Deasy 2020 Recurrent neural network 0.770

Gultepe 2014 Support vector machine 0.728 0.726 0.949 0.308 0.821

Hug 2009 Logistic regression 0.885

Johnson 2017 Gradient boosting machine 0.920 0.665

Joshi 2012 Logistic regression 0.890

Lehman 2013 Logistic regression 0.800

Lehman 2015 Logistic regression 0.700

Luo 2022 XGBoost 0.866 0.848 0.600 0.879

Ma 2019 Random forest 0.905 0.381

Mao 2012 Support vector machine 0.633 0.143 0.950 0.415 0.791

Meyer 2018 Recurrent deep neural network 0.880 0.950 0.850 0.910 0.900 0.860

Pattalung 2021 Recurrent neural network 0.910 0.810 0.860 0.850 0.820

Raj 2019 Logistic regression 0.840

Silva 2006 Artificial neural network 0.792 0.871 0.781 0.795

Thoral 2021 Gradient boosting machine 0.789 0.202

Xia 2019 Long-short term memory 0.753 0.845 0.776 0.750 0.294 0.486 0.426

584 Journal of Intensive Care Medicine 38(7)

https://journals.sagepub.com/doi/suppl/10.1177/08850666231166349


In terms of calibration, Hug et al, Ma et al use
Homer-Lemeshow test to assess calibration. Hug et al19 found
that their model’s calibration is weak, whereas Ma et al25

found their model to be well-calibrated. Raj et al34 found that
their algorithm overestimates the risk of mortality for patients.
Thoral et al37 and Luo et al46 showed with calibration curves
that their predicted probabilities are very similar to observed
probabilities, which indicates that the models are well
calibrated.

Prediction of complications. Looking at the studies that predicted
sepsis (Table 6), Park et al achieved very high AUROC of 0.960
(recurrent neural network) when predicting bacteremia, which

is a form of sepsis.32 Misra et al28 also achieved a high perfor-
mance (AUROC= 0.948, random forest) when predicting
septic shock. Based on sensitivity, Park et al also had the
highest performance (Sens= 0.940),32 and Misra et al28 had
the highest specificity of 0.796.

The studies developing models to predict some other com-
plications achieved considerably high AUROC, sensitivity,
and specificity (Table 7). Interestingly, Meyer et al, when pre-
dicting renal complications, achieved very high accuracy
(0.900, recurrent neural network), AUROC (0.960), sensitivity
(0.940), specificity (0.860), and PPV and NPV (0.870 and
0.940, respectively). However, as explained previously,
Meyer et al75 used a balanced dataset for both training and

Table 6. Best-Performing Classification Method and Their Respective Highest Reported Performance of Studies Predicting Sepsis.

Author, Year Classification Method Accuracy AUROC Sensitivity Specificity PPV NPV AUPRC

F1

Score

Dummitt 2018 Generalized linear model via penalized

maximum likelihood

0.860

Ghosh 2017 Coupled hidden Markov models 0.871

Gultepe 2014 Gaussian mixture model 0.843 0.849 0.928 0.500 0.905

Henry 2015 Cox proportional hazards 0.830 0.850 0.670

Misra 2021 Random forest 0.948 0.839 0.881

Mohammed

2021

Random forest 0.768 0.739 0.796 0.788 0.760

Nemati 2018 Weilbull-Cox proportional hazards 0.670 0.850 0.670

Park 2020 Recurrent neural network 0.960 0.940

Shashikumar

2017

Elastic net logistic classifier 0.780 0.850 0.550

van Wyk 2019 Random forest 0.800 0.680

Yee 2019 Bayesian network 0.810 0.790 0.660 0.460 0.900

Zhao 2021 Categorical boosting 0.869 0.820 0.757

Table 7. Best-Performing Classification Method and Their Respective Highest Reported Performance of Studies Predicting Respiratory,

Cardiovascular, Bleeding, and Renal Complications.

Author and Year Classification Method Accuracy AUROC Sensitivity Specificity PPV NPV AUPRC

F1

Score

Respiratory complications

Feng 2021 Time updated light gradient boosting

machine

0.912

Huddar 2016 Support vector machine 0.873

Cardiovascular complications

Bhattacharya

2018

Dual boundary classifier 0.870 0.830 0.900

Hernandez 2021 Random forest 0.890

Hu 2022 Light gradient boosting model 0.905 0.763 0.872 0.081

Lee 2010 Artificial neural network 0.758 0.819 0.748 0.746 0.665 0.833

Yijing 2022 Extreme gradient boosting 0.960 0.940 0.860 0.850

Bleeding

Meyer 2018 Recurrent deep neural network 0.800 0.870 0.740 0.860 0.840 0.770

Renal

complications

Meyer 2018 Recurrent deep neural network 0.900 0.960 0.940 0.860 0.870 0.940

Ryan 2022 Ensemble model 0.860 0.950

Abbreviations: PPV, positive predictive value; NPV, negative predictive value.
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testing data, meaning their model performance is not necessar-
ily reflective of the real-world situation. In their patient demo-
graphics, mortality was present in 6.2% of patients, bleeding
in 4.9% and renal failure in 1.0%. These proportions show
highly imbalanced data, meaning that the models tested on a
set where 50% of the patients experienced renal failure reach
AUROC of 0.960 is not applicable in a real-world situation
where renal failure occurs in only 1% of patients.

Interestingly, other performance measures indicating diag-
nostic accuracy, such as PPV and NPV were reported by only
5 studies.22,27,30,41,44 These 2 performance measures are impor-
tant to know as these indicate the reliability of the model based
on the probability of patient having the outcome predicted by
the model.

None of the models that predicted complications reported
calibration.

Discussion
In this scoping review, we have identified and synthesized key
information of studies describing the development of dynamic
prediction models of patient outcomes in ICU. The studies
were analyzed based on the outcomes they predicted, the
methods they used to develop the prediction models, and the
performance their models achieved. Dealing with missing
data in ICUs—as an incredibly data-rich environment—is inev-
itable,76 and therefore an in-depth discussion regarding the han-
dling of missing data and the imbalanced classification problem
can be found from the Supplemental Material.

Predicted Outcomes
By far, the most predicted outcome by studies included in this
review was ICU mortality. There are various reasons why pre-
dicting mortality is so common.

Firstly, mortality is very straight-forward to define, and is a
binary outcome: “dead” or “alive”. Having a clearly defined
binary outcome is easier to predict as opposed to more
complex multilevel outcomes that have varying levels of defini-
tion (eg, such as predicting morbidity, for example). Secondly,
mortality is obviously the first and foremost outcome that
should be avoided. Thirdly, historically, mortality has always
been the main benchmark in the first instance to audit and
measure the performance of surgical and medical care.77

However, as ICU mortality rates are decreasing78 other care
quality benchmarks are becoming more important, such as com-
plications.79 With an ageing population, morbidity, on the other
hand, is becoming more prevalent and is the reason why health-
care systems around the world are struggling to sustain their
current “reactive” models of care.80,81

The definition of the predicted outcome can be what makes
or breaks a prediction model: Because the definition of mortal-
ity is clear, there is no bias in the recorded outcome. However,
as seen in the studies predicting sepsis, the studies had various
definitions. These definitions included internationally approved
definitions and classifications of sepsis, such as SIRS, Sepsis-2

and Sepsis-3, however, these agreed-upon definitions and clas-
sifications are not perfect,61 and are constantly evolving.14 Even
though sepsis is a widely researched complication, as evidenced
by the large number of studies predicting sepsis-related compli-
cations in this review, sepsis patients are still often identified
too late.82 The problem of varying definitions of sepsis out-
comes might also explain the lack of prediction of ICU compli-
cations in general. For example, acute kidney injury is a
relatively common complication,83 and is now easily identified
based on laboratory measurements using the KDIGO criteria,70

which hopefully enables the development of more prediction
models for this complication.

Even though electronic health records have come a long
way, databases still do not take into account the current consen-
sus definitions of various complications, such as acute kidney
injury, sepsis, or the definition of complications in general,
which lead to the prediction models being unusable in prac-
tice.84 Both the sepsis and kidney disease criteria can be calcu-
lated once necessary laboratory measurements are taken. This is
also the case for other complications that have agreed criteria
for diagnosis, such as liver failure.85 This means that the time
of the onset of the predicted complication can be compromised
and shows that further effort in defining complications to enable
timely and accurate diagnosis for these outcomes is required.

Classification Methods and Prediction Frequency
The most common classification method to predict clinical out-
comes was logistic regression. This is not surprising as logistic
regression has been shown to have very competitive perfor-
mance compared to more complex machine learning
methods.86–88 Furthermore, logistic regression is a highly inter-
pretable model, showing which variables are associated with
the predicted outcome with easily interpretable odds ratios.
Understanding why a prediction model predicts a certain level
of probability for a patient to have an outcome is important in
practice, so that clinicians know which factors need to be
paid attention to.

However, since the studies presented in this review were faced
with time-series data, preprocessingmethods to capture the tempo-
ral aspects of data were required.While many studies summarized
the entries for each chosen time window to build their models, the
methods handling this type of data varied. Depending on the pre-
processing method chosen, this action could introduce further
assumptions to the prediction model, which can subsequently
make the model less applicable in practice.89

Most of the studies predicted outcomes at a certain fre-
quency. Even though all studies in this review developed
dynamic, “real-time” models, in reality, the outcomes were pre-
dicted less frequently than on a real-time basis. The reason for
this is simple: when vital signs are collected very often (eg,
every few minutes),38 then laboratory results are collected
less frequently. Some laboratory results could be collected
every few hours, and some daily.29,33 This makes a fully real-
time prediction impossible.
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Often when predicting the outcome every time when new
information is entered into the system, not all variables are
updated, which means that in reality the variable values with
no new information were carried forward from the previous
timestamp, as done by a number of studies in this review. As
stated by Haukoos et al,90 this assumes that the patient state
in terms of the carried forward variable stays the same, while
in reality this might not be the case.

MIMIC Databases
The MIMIC databases were commonly used in studies included
in this review. While using publicly available databases to
develop clinical prediction models helps with the transparency
and reproducibility of the models,91 there are a few limitations
to using certain MIMIC databases. Namely, a third of the
studies used the MIMIC-II database, which includes ICU
patients’ data collected between 2001 and 2008.92 Even
though this database was the only 1 available during the time
when 9 of the studies were published, for 2 studies, the newer
version—MIMIC-III—was already available for almost 2
years.17,48

The MIMIC-III database was first released in 2015 and
includes ICU patients’ data collected between 2001 and
2012.54 MIMIC-IV database was first released in 2020 and
includes patient data collected between 2008 and 2019. It also
includes clinical data prior to ICU admission.93

Understandably, there was a substantial gap between the
release of MIMIC-III and MIMIC-IV, and hence many studies
were using data that were up to a decade old (eg, Yijing et al’s
study was published in 2022 and used MIMIC-III42). This is a
limitation to these studies as the patient population is ever-
changing,78,94 and clinical interventions, practice and policies
change constantly.95 In addition, with more studies investigating
electronic health records, the data quality in clinical systems is
improving.96 Hence, using a data that was recorded many
years ago might make the developed clinical prediction models
not usable in current patient population.

An alternative database to the MIMIC is the eICU database,
released in 2018. The eICU database includes ICU data col-
lected between 2014 and 2015.55 Even though the dataset is
newer, only 3 studies used this dataset.33,43,46 The lack of
usage of eICU might be that the MIMIC databases have been
widely used in the literature for over a decade, whereas the
eICU has been available for 5 years only.

Another limitation of using the MIMIC and eICU is that they
are both US-based databases. Although, eICU consists of data
from 208 US hospitals, the MIMIC databases consist of
patient data only from the Beth Israel Deaconess Medical
Center. Even though a third of the studies were based in the
USA and used the MIMIC databases, 12 studies were con-
ducted outside of the USA and still used the MIMIC databases.
This means that the majority (23 out of 36) of the studies have
developed US-centric prediction models which might not nec-
essarily be applicable in other countries, or even within the
general US patient population.

Overall, the availability of large open-source ICU databases
brings a lot of opportunities for clinical data analytics innovation.
These databases are great sandpits to test and develop new meth-
odologies and approaches to improve clinical outcomes.91

However, to be able to apply models in practice, more recent
and diverse data should be used to ensure the applicability of
the models in a current, up-to-date patient population.

Clinical Implications, Implementation, and Adoption of
Prediction Models
While there are numerous prediction models in medicine, the
information about the implementation and adoption of these
prediction models is limited. Among the studies included in
this review, none have been reported to be applied in clinical
practice. An important measure of model’s applicability in a
specific patient population is calibration.97 In this review,
only 5 studies reported measuring calibration of their prediction
models,19,25,34,37,46 which indicates low reporting standards of
currently developed prediction models, as also evidenced by
our findings and discussion about the missing data and data
imbalance approaches in Supplemental Material.

As stated by Seneviratne et al98: “Very few of these algo-
rithms ever make it to the bedside; and even the most
technology-literate academic medical centers are not routinely
using AI in clinical workflows”. While prediction models in
healthcare have made some major progress in deployment
and medical image interpretation, implementation, accountabil-
ity and ethics still remain a challenge.99 The main factors that
influence the successful implementation of prediction models
are perceived ease of use or usefulness, performance or effort
expectancy, and social influence.100 To enable more wide-
spread implementation of current prediction models, shifting
the focus from optimizing performance metrics to practical
aspects of model design, such as actionability, safety and
utility, and consulting the potential users of the model could
be useful.98

While a considerable amount of effort is still required to
develop usable, fit-for-purpose clinical prediction models, the
implications for clinical practice can be extremely useful.
Being able to identify patients who are at high risk for a partic-
ular outcome, such as disease progression or a postoperative
complication, would allow directing interventions, such as
more intensive monitoring or treatment, to those who are
most likely benefit. Consequently, these prediction models
would help to improve the quality of care and patient outcomes.

Conclusion
This review analyzed published studies that predicted patient
outcomes in critical care in a dynamic manner. The studies
included show that there is a strong interest in developing
dynamic prediction models for various patient outcomes,
however, the models developed so far have limitations. Most
studies narrowly focus on mortality when there is a range of
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other serious, but well-defined, complications, such as acute
kidney injury that would also benefit from further investigation.
Furthermore, there is often a lack of sufficient details included
across studies, specifically on howmissing data were handled in
the predictive models’ development. Finally, more emphasis
should be placed on testing the models in local databases that
are appropriate for the potential demographic which the predic-
tion model is intended for. Prediction models have an enormous
potential to aid in decision-making and diagnostics in critical
care setting, where the amount of data is vast. Therefore,
more emphasis should be placed on predicting complications,
and carrying out validation and evaluation studies to allow
for the successful implementation of the models.

Declaration of Conflicting Interests
The author(s) declared no potential conflicts of interest with respect to
the research, authorship, and/or publication of this article.

Funding
The author(s) disclosed receipt of the following financial support for
the research, authorship, and/or publication of this article: This
research was funded by the Golden Jubilee National Hospital,
University of Strathclyde, and Fresenius Kabi.

ORCID iD
Linda Lapp https://orcid.org/0000-0003-3743-434X

Supplemental Material
Supplemental material for this article is available online.

References
1. Lucini FR, dos Reis MA, da Silveira GJC, et al. Man vs.

Machine: Predicting hospital bed demand from an emergency
department. PLoS One. 2020;15(8):e0237937. doi:10.1371/
journal.pone.0237937.

2. Stevenson JM, Williams JL, Burnham TG, et al. Predicting
adverse drug reactions in older adults; a systematic review of
the risk prediction models. Clin Interv Aging. 2014;9:1581‐
1593. doi:10.2147/CIA.S65475.

3. Barnett S, Moonesinghe SR. Clinical risk scores to guide periop-
erative management. Postgrad Med J. 2011;87(1030):535‐541.
doi:10.1136/pgmj.2010.107169.

4. Shillan D, Sterne JAC, Champneys A, Gibbison B. Use of
machine learning to analyse routinely collected intensive care
unit data: a systematic review. Crit Care. 2019;23(284).
doi:10.1186/s13054-019-2564-9.

5. Mokart D, Lamber J, Schnell D, et al. Delayed intensive care
unit admission is associated with increased mortality in patients
with cancer with acute respiratory failure. Leuk Lymphoma.
2013;54(8):1724‐1729. doi:10.3109/10428194.2012.753446.

6. Mardini L, Lipes J, Jayaraman D. Adverse outcomes associated
with delayed intensive care consultation in medical and surgical
inpatients. J Crit Care. 2012;27(6):688‐693. doi:10.1016/j.jcrc.
2012.04.011.

7. Schoe A, Bakhshi-Raiez F, de Keizer N, van Dissel JT, de Jonge
E. Mortality prediction by SOFA score in ICU-patients after
cardiac surgery; comparison with traditional prognostic-models.

BMC Anesthesiol. 2020;20(65). doi:10.1186/s12871-020-
00975-2.

8. Huddar V, Desiraju BK, Rajan V, Bhattacharya S, Roy S, Reddy
CK. Predicting complications in critical care using heteroge-
neous clinical data. IEEE Access. 2016;4:7988‐8001. doi:10.
1109/ACCESS.2016.2618775.

9. Arksey H, O’Malley L. Scoping studies: Towards a methodolog-
ical framework. Int J Soc Res Methodol. 2005;8(1):19‐32.

10. Levac D, Colquhoun H, O’Brien KK. Scoping studies: advanc-
ing the methodology. Implement Sci. 2010;5(69).

11. Page MJ, McKenzie JE, Bossuyt PM, et al. The PRISMA 2020
statement: an updated guideline for reporting systematic reviews.
Br Med J. 2021;372(n71).

12. McLean KA, Knight SR, Diehl TM, Zafar SN, Bouamrane MM,
Harrison EM. Development stage of novel digital health inter-
ventions for postoperative monitoring: Protocol of a systematic
review. BMJ Surgery, Interv Heal Technol. 2022;4(1):e000104.
doi:10.1136/bmjsit-2021-000104.

13. Mendeley Ltd. Mendeley Reference Manager. Published online
2021. https://www.mendeley.com/reference-management/reference-
manager.

14. Singer M, Deutschman CS, Seymour CW, et al. The third inter-
national consensus definitions for sepsis and septic shock
(sepsis-3). JAMA. 2016;315(8):801‐810. doi:10.1001/jama.
2016.0287.

15. Wigmore T, Farquhar-Smith P. Outcomes for critically ill cancer
patients in the ICU: Current trends and prediction. Int
Anesthesiol Clin. 2016;54(4):e62‐e75. doi:0.1097/AIA.0000000
000000121.

16. Wynants L, Van Calster B, Collins GS, et al. Prediction models
for diagnosis and prognosis of COVID-19: Systematic review
and critical appraisal. Br Med J. 2020;369(m1328). doi:10.
1136/bmj.m1328.

17. Bhattacharya S, Huddar V, Rajan V, Reddy C. A dual boundary
classifier for predicting acute hypotensive episodes in critical
care. PLoS One. 2018;13(2). doi:10.1371/journal.pone.0193259.

18. Caballero K, Akella R. Dynamically modeling patient’s health
state from electronic medical records: A time series approach.
Proc ACM SIGKDD Int Conf Knowl Discov Data Min.
2015;2015-Augus:69‐78. doi:10.1145/2783258.2783289.

19. Hug CW, Szolovits P. ICU Acuity: Real-time models versus
daily models. AMIA Annu Symp Proc. 2009;2009:260‐264.

20. Johnson AEW, Mark RG. Real-time mortality prediction in the
Intensive Care Unit. AMIA Annu Symp Proc. Published online
2017:994-1003.

21. Joshi R, Szolovits P. Prognostic physiology: modeling patient
severity in Intensive Care Units using radial domain folding.
In: AMIA Annual Symposium Proceedings; 2012:1276-1283.

22. Lee J, Mark RG. An investigation of patterns in hemodynamic
data indicative of impending hypotension in intensive care.
Biomed Eng Online. 2010;9(62):1‐17. doi:10.1186/1475-
925X-9-62

23. Lehman LWH, Nemati S, Adams RP, Moody G, Malhotra A,
Mark RG. Tracking progression of patient state of health in crit-
ical care using inferred shared dynamics in physiological time
series. IEEE Engineering in Medicine and Biology Society.
2013:7072‐7075. doi:10.1109/EMBC.2013.6611187.

24. Lehman LWH, Adams RP, Mayaud L, et al. A physiological
time series dynamics-based approach to patient monitoring and
outcome prediction. IEEE J Biomed Heal Informatics.
2015;19(3):1068‐1076. doi:10.1109/JBHI.2014.2330827.A.

588 Journal of Intensive Care Medicine 38(7)

https://orcid.org/0000-0003-3743-434X
https://orcid.org/0000-0003-3743-434X
http://doi.org/10.1371/journal.pone.0237937
http://doi.org/10.1371/journal.pone.0237937
http://doi.org/10.2147/CIA.S65475
http://doi.org/10.1136/pgmj.2010.107169
http://doi.org/10.1186/s13054-019-2564-9
http://doi.org/10.1186/s13054-019-2564-9
http://doi.org/10.1186/s13054-019-2564-9
http://doi.org/10.1186/s13054-019-2564-9
http://doi.org/10.3109/10428194.2012.753446
http://doi.org/10.1016/j.jcrc.2012.04.011
http://doi.org/10.1016/j.jcrc.2012.04.011
http://doi.org/10.1186/s12871-020-00975-2
http://doi.org/10.1186/s12871-020-00975-2
http://doi.org/10.1186/s12871-020-00975-2
http://doi.org/10.1109/ACCESS.2016.2618775
http://doi.org/10.1109/ACCESS.2016.2618775
http://doi.org/10.1136/bmjsit-2021-000104
http://doi.org/10.1136/bmjsit-2021-000104
http://doi.org/10.1136/bmjsit-2021-000104
https://www.mendeley.com/reference-management/reference-manager
https://www.mendeley.com/reference-management/reference-manager
https://www.mendeley.com/reference-management/reference-manager
http://doi.org/10.1001/jama.2016.0287
http://doi.org/10.1001/jama.2016.0287
http://doi.org/0.1097/AIA.0000000000000121
http://doi.org/0.1097/AIA.0000000000000121
http://doi.org/10.1136/bmj.m1328
http://doi.org/10.1136/bmj.m1328
http://doi.org/10.1371/journal.pone.0193259
http://doi.org/10.1145/2783258.2783289
https://doi.org/10.1186/1475-925X-9-62
https://doi.org/10.1186/1475-925X-9-62
https://doi.org/10.1186/1475-925X-9-62
https://doi.org/10.1186/1475-925X-9-62
http://doi.org/10.1109/EMBC.2013.6611187
http://doi.org/10.1109/JBHI.2014.2330827.A


25. Ma J, Lee DKK, Perkins ME, Pisani MA, Pinker E. Using the
shapes of clinical data trajectories to predict mortality in ICUs.
Crit Care Explor. 2019;1(e0010). doi:10.1097/CCE.0000000
000000010.

26. Mao Y, Chen W, Chen Y, Lu C, Kollef M, Bailey T. An inte-
grated data mining approach to real-time clinical monitoring
and deterioration warning. Proc ACM SIGKDD Int Conf
Knowl Discov Data Min. 2012(November 2014):1140‐1148.
doi:10.1145/2339530.2339709.

27. Meyer A, Zverinski D, Pfahringer B, et al. Machine learning for
real-time prediction of complications in critical care: A retrospec-
tive study. Lancet Respir Med. 2018;6(12):905‐914. doi:10.
1016/S2213-2600(18)30300-X.

28. Misra D, Avula V, Wolk DM, et al. Early detection of septic
shock onset using interpretable machine learners. J Clin Med.
2021;10(301). doi:10.3390/jcm10020301.

29. Deasy J, Lio P, Ercole A. Dynamic survival prediction in inten-
sive care units from heterogeneous time series without the need
for variable selection or curation. Nature. 2020;10(22129).
doi:10.1038/s41598-020-79142-z.

30. Mohammed A, van Wyk F, Chinthala L, Khojandi A. Temporal
differential expression of physiomarkers predicts sepsis in criti-
cally ill adults. Shock. 2020;56(1):58‐64. doi:10.1097/shk.
0000000000001670.

31. Nemati S, Holder A, Razmi F, Stanley MD, Clifford GD,
Buchman TG. An interpretable machine learning model for accu-
rate prediction of sepsis in the ICU. Crit Care Med.
2018;46(4):547‐553. doi:10.1097/CCM.0000000000002936.

32. Park HJ, Jung DY, Ji W, Choi CM. Detection of bacteremia in
surgical in-patients using recurrent neural network based on
time series records: Development and validation study. J Med
Internet Res. 2020;22(8):e19512. doi:10.2196/19512.

33. Pattalung TN, Ingviya T, Chaichulee S. Feature explanations in
recurrent neural networks for predicting risk of mortality in inten-
sive care patients. J Pers Med. 2021;11(934). doi:10.3390/
jpm11090934.

34. Raj R, Luostarinen T, Pursiainen E, et al. Machine learning-
based dynamic mortality prediction after traumatic brain
injury. Sci Rep. 2019;9(1):17672. doi:10.1038/s41598-
019-53889-6.

35. Shashikumar SP, Stanley MD, Sadiq I, et al. Early sepsis detec-
tion in critical care patients using multiscale blood pressure and
heart rate dynamics. J Electrocardiol. 2017;50(6):739‐743.
doi:10.1016/j.jelectrocard.2017.08.013.

36. Silva A, Cortez P, Santos M, Gomes L, Neves J. Mortality
assessment in intensive care units via adverse events using artifi-
cial neural networks. Artif Intell Med. 2006;36(3):223‐234.
doi:10.1016/j.artmed.2005.07.006.

37. Thoral PJ, Fornasa M, de Bruin DP, et al. Explainable machine
learning on AmsterdamUMCdb for ICU discharge decision
support: uniting intensivists and data scientists. Crit Care
Explor. 2021;3(9). doi:10.1097/CCE.0000000000000529.

38. van Wyk F, Khojandi A, Mohammed A, Begoli E, Davis RL,
Kamaleswaran R. A minimal set of physiomarkers in continuous
high frequency data streams predict adult sepsis onset earlier. Int
J Med Inform. 2019;122:55‐62. doi:10.1016/j.ijmedinf.2018.12.
002.

39. Xia J, Pan S, Zhu M, et al. A long short-term memory ensemble
approach for improving the outcome prediction in intensive care
unit. Comput Math Methods Med. 2019;2019. doi:10.1155/2019/
8152713.

40. Dummitt B, Zeringue A, Palagiri A, Veremakis C, Burch B,
Yount B. Using survival analysis to predict septic shock onset
in ICU patients. J Crit Care. 2018;48:339‐344. doi:10.1016/j.
jcrc.2018.08.041.

41. Yee CR, Narain NR, Akmaev VR, Vemulapalli V. A
Data-Driven Approach to Predicting Septic Shock in the
Intensive Care Unit. Biomed Inform Insights. 2019;4(11).
doi:10.1177/1178222619885147.

42. Yijing L, Wenyu Y, Kang Y, et al. Prediction of cardiac arrest in
critically ill patients based on bedside vital signs monitoring.
Comput Methods Programs Biomed. 2022;214(106568).
doi:10.1016/j.cmpb.2021.106568.

43. Zhao QY, Liu LP, Luo JC, et al. A machine-learning approach
for dynamic prediction of sepsis-induced coagulopathy in criti-
cally ill patients with sepsis. Front Med. 2021;7(637434).
doi:10.3389/fmed.2020.637434.

44. Hu J, Kang XH, Xu FF, Huang KZ, Du B, Weng L. Dynamic
prediction of life-threatening events for patients in intensive
care unit. BMC Med Inform Decis Mak. 2022;22(276). doi:10.
1186/s12911-022-02026-x.

45. Ryan CT, Zeng Z, Chatterjee S, et al. Machine learning for
dynamic and early prediction of acute kidney injury after
cardiac surgery. J Thorac Cardiovasc Surg. 2022. Published
online 2022. doi:10.1016/j.jtcvs.2022.09.045.

46. Luo XQ, Yan P, Duan SB, et al. Development and validation of
machine learning models for real-time mortality prediction in
critically ill patients with sepsis-associated acute kidney injury.
Front Med. 2022;9. doi:10.3389/fmed.2022.853102.

47. Feng X, Pan S, Yan M, et al. Dynamic prediction of late nonin-
vasive ventilation failure in intensive care unit using a time adap-
tive machine model. Comput Methods Programs Biomed.
2021;208(106290). doi:10.1016/j.cmpb.2021.106290.

48. Ghosh S, Li J, Cao L, Ramamohanarao K. Septic shock predic-
tion for ICU patients via coupled HMM walking on sequential
contrast patterns. J Biomed Inform. 2017;66:19‐31. doi:10.
1016/j.jbi.2016.12.010.

49. Gultepe E, Green JP, Nguyen H, Adams J, Albertson T,
Tagkopoulos I. From vital signs to clinical outcomes for patients
with sepsis: A machine learning basis for a clinical decision
support system. J Am Med Informatics Assoc. 2014;21(2):315‐
325. doi:10.1136/amiajnl-2013-001815.

50. Henry K, Hager D, Pronovost P, Saria S. A targeted real-time
early warning score (TREWScore) for septic shock. Sci Transl
Med. 2015;7(299):299ra122. doi:10.1126/scitranslmed.aab3719.

51. Hernandez L, Kim R, Tokcan N, et al. Multimodal tensor-based
method for integrative and continuous patient monitoring during
postoperative cardiac care. Artif Intell Med. 2021;113(102032).
doi:10.1016/j.artmed.2021.102032.

52. Huddar V, Desiraju BK, Rajan V, Bhattacharya S, Roy S, Reddy
CK. Predicting complications in critical care using heteroge-
neous clinical data. IEEE Access. 2016;4:7988‐8001. doi:10.
1109/ACCESS.2016.2618775.

53. Moniz-Cook E, Hart C, Woods B, et al. Challenge demcare:
Management of challenging behaviour in dementia at home and
in care homes – development, evaluation and implementation of
an online individualised intervention for care homes; and a cohort
study of specialist community mental health car. Program Grants
Appl Res. 2017;5(15):1‐290. doi:10.3310/pgfar05150.

54. Johnson A, Pollart T, Mark R. MIMIC-III Clinical Database
(version 1.4). PhysioNet. Published 2016. doi:10.13026/
C2XW26.

Lapp et al 589

http://doi.org/10.1097/CCE.0000000000000010
http://doi.org/10.1097/CCE.0000000000000010
http://doi.org/10.1145/2339530.2339709
http://doi.org/10.1016/S2213-2600(18)30300-X
http://doi.org/10.1016/S2213-2600(18)30300-X
http://doi.org/10.1016/S2213-2600(18)30300-X
http://doi.org/10.1016/S2213-2600(18)30300-X
http://doi.org/10.3390/jcm10020301
http://doi.org/10.1038/s41598-020-79142-z
http://doi.org/10.1038/s41598-020-79142-z
http://doi.org/10.1038/s41598-020-79142-z
http://doi.org/10.1038/s41598-020-79142-z
http://doi.org/10.1097/shk.0000000000001670
http://doi.org/10.1097/shk.0000000000001670
http://doi.org/10.1097/CCM.0000000000002936
http://doi.org/10.2196/19512
http://doi.org/10.3390/jpm11090934
http://doi.org/10.3390/jpm11090934
http://doi.org/10.1038/s41598-019-53889-6
http://doi.org/10.1038/s41598-019-53889-6
http://doi.org/10.1038/s41598-019-53889-6
http://doi.org/10.1038/s41598-019-53889-6
http://doi.org/10.1016/j.jelectrocard.2017.08.013
http://doi.org/10.1016/j.artmed.2005.07.006
http://doi.org/10.1097/CCE.0000000000000529
http://doi.org/10.1016/j.ijmedinf.2018.12.002
http://doi.org/10.1016/j.ijmedinf.2018.12.002
http://doi.org/10.1155/2019/8152713
http://doi.org/10.1155/2019/8152713
http://doi.org/10.1016/j.jcrc.2018.08.041
http://doi.org/10.1016/j.jcrc.2018.08.041
http://doi.org/10.1177/1178222619885147
http://doi.org/10.1016/j.cmpb.2021.106568
http://doi.org/10.3389/fmed.2020.637434
http://doi.org/10.1186/s12911-022-02026-x
http://doi.org/10.1186/s12911-022-02026-x
http://doi.org/10.1186/s12911-022-02026-x
http://doi.org/10.1186/s12911-022-02026-x
http://doi.org/10.1186/s12911-022-02026-x
http://doi.org/10.1016/j.jtcvs.2022.09.045
http://doi.org/10.3389/fmed.2022.853102
http://doi.org/10.1016/j.cmpb.2021.106290
http://doi.org/10.1016/j.jbi.2016.12.010
http://doi.org/10.1016/j.jbi.2016.12.010
http://doi.org/10.1136/amiajnl-2013-001815
http://doi.org/10.1136/amiajnl-2013-001815
http://doi.org/10.1136/amiajnl-2013-001815
http://doi.org/10.1126/scitranslmed.aab3719
http://doi.org/10.1016/j.artmed.2021.102032
http://doi.org/10.1109/ACCESS.2016.2618775
http://doi.org/10.1109/ACCESS.2016.2618775
http://doi.org/10.3310/pgfar05150
https://doi.org/10.13026/C2XW26
https://doi.org/10.13026/C2XW26


55. Pollard TJ, Johnson AEW, Raffa JD, Celi LA, Mark RG, Badawi
O. The eICU Collaborative Research Database, a freely available
multi-center database for critical care research. Sci Data.
2018;5(180178). doi:10.1038/sdata.2018.178.

56. Lee C, Lee J, Cho H, et al. The association of perioperative serum
lactate levels with postoperative delirium in elderly trauma
patients. Biomed Res Int. 2019. Published online 2019. doi:10.
1155/2019/3963780.

57. Shankar-Hari M, Harrison DA, Rowan KM. Differences in impact
of definitional elements on mortality precludes international com-
parisons of sepsis epidemiology - A cohort study illustrating the
need for standardized reporting. Crit Care Med. 2016;44(12):
2223‐2230. doi:10.1097/CCM.0000000000001876.

58. Levy MM, Fink MP, Marshall JC, et al. 2001 SCCM/ESICM/
ACCP/ATS/SIS international sepsis definitions conference.
Intensive Care Med. 2003;29(4):530‐538. doi:10.1097/01.
CCM.0000050454.01978.3B.

59. DaviesMG, Hagen PO. Systemic inflammatory response syndrome.
Br J Surg. 1997;84(7):920‐935. doi:10.1002/bjs.1800840707.

60. Vermassen J, Decruyenaere J, de Bus L, Depuydt P, Colpaert K.
Characteristics of sepsis-2 septic shock patients failing to satisfy
the sepsis-3 septic shock definition: An analysis of real-time col-
lected data. Ann Intensive Care. 2021:154. doi:10.1186/
s13613-021-00942-1.

61. Sartelli M, Kluger Y, Ansaloni L, et al. Raising concerns about
the Sepsis-3 definitions. World J Emerg Surg. 2018;13(6).
doi:10.1186/s13017-018-0165-6.

62. Serafim R, Gomes JA, Salluh J, Povoa P. A comparison of the
quick-SOFA and systemic inflammatory response syndrome cri-
teria for the diagnosis of sepsis and prediction of mortality: A
systematic review and meta-analysis. Chest. 2018;153(3):646‐
655. doi:10.1016/j.chest.2017.12.015.

63. Deng HF, Sun MW, Wang Y, et al. Evaluating machine learning
models for sepsis prediction: A systematic review of methodolo-
gies. iScience. 2022;25(1):103651. doi:10.1016/j.isci.2021.
103651.

64. Rivers E, Nguyen B, Havstad S, et al. Early goal-directed therapy
in the treatment of severe sepsis and septic shock. N Engl J Med.
2001;345(19):1368‐1377. doi:10.1056/NEJMoa010307.

65. Sebat F, Musthafa AA, Johnson D, et al. Effect of a rapid
response system for patients in shock on time of treatment and
mortality during 5 years. Crit Care Med. 2007;35(11):2568‐
2575. doi:10.1097/01.CCM.0000287593.54658.89.

66. Antman E, Anbe D, Armstrong P, et al. ACC/AHA guidelines
for the management of patients with ST-elevation myocardial
infarction. Circulation. 2004;110:e82e‐e292. doi:10.1016/j.
jacc.2004.07.002.

67. Roedl K, Jarczak D, Blohm R, et al. Epidemiology of intensive
care unit cardiac arrest: Characteristics, comorbidities, and post-
cardiac arrest organ failure - A prospective observational study.
Resuscitation. 2020;156:92‐98. doi:10.1016/j.resuscitation.
2020.09.003.

68. Smetana GW, Lawrence VA, Cornell JE. Preoperative pulmonary
risk stratification for noncardiothoracic surgery: Systematic review
for the American college of physicians. Ann Int Med.
2006;144(8):581‐595. doi:10.7326/0003-4819-144-8-200604180-
00009.

69. Arozullah AM, Daley J, HendersonWG, Khuri SF.Multifactorial
risk index for predicting postoperative respiratory failure in men
after major noncardiac surgery. Ann Surg. 2000;232(2):242‐253.
doi:10.1097/00000658-200008000-00015.

70. KDIGO. KDIGO Clinical practice guideline for acute kidney
injury. Off J Int Soc Nephrol. 2012;2(1):7‐14. doi:10.1038/
kisup.2012.1.

71. Dirkes SM. Acute kidney injury vs acute renal failure. Crit Care
Nurse. 2016;36(6):75‐76. doi:10.4037/ccn2016170.

72. Haskell R. Acute Kidney Injury and Chronic Kidney Disease—
What’s the Difference? NursingCenter. Published 2020.
Accessed June 9, 2021. https://www.nursingcenter.com/ncblog/
january-2020/acute-kidney-injury-and-chronic-kidney-disease.

73. Bove T, Calabro MG, Landoni G, et al. The incidence and risk of
acute renal failure after cardiac surgery. J Cardiothorac Vasc
Anesth. 2004;18(4):442‐445. doi:10.1053/j.jvca.2004.05.021.

74. Shashikumar SP, Stanley MD, Sadiq I, et al. Early sepsis detec-
tion in critical care patients using multiscale blood pressure and
heart rate dynamics. J Electrocardiol. 2017;50(6):739‐743.
doi:10.1016/j.jelectrocard.2017.08.013.

75. van den Goorbergh R, van Smeden M, Timmerman D, van
Calster B. The Harm of Class Imbalance Corrections for Risk
Prediction Models: Illustration and Simulation Using Logistic
Regression.; 2022.

76. Mazzali C, Duca P. Use of administrative data in healthcare
research. Intern Emerg Med. 2015;10:517‐524. doi:10.1007/
s11739-015-1213-9.

77. SCTS. National Cardiac Surgery Activity and Outcomes Report
2002-2016.; 2020. doi:10.1201/9781315164533.

78. Jentzer JC, van Diepen S, Barsness GW, et al. Changes in comorbid-
ities, diagnoses, therapies and outcomes in a contemporary cardiac
intensive care unit population. Am Heart J. 2019;215:12‐19.

79. Lapp L, Bouamrane MM, Roper M, Kavanagh K, Schraag S.
Definition and classification of postoperative complications
after cardiac surgery: Pilot Delphi study. JMIR Perioper Med.
2022;5(1):e39907. doi:10.2196/39907.

80. Al-Sarraf N, Thalib L, Hughes A, et al. The effect of preoperative
renal dysfunction with or without dialysis on early postoperative
outcome following cardiac surgery. Int J Surg. 2011;9(2):183‐
187. doi:10.1016/j.ijsu.2010.11.006.

81. Knapik P, Ciesla D, Borowik D, Czempik P, Knapik T.
Prolonged ventilation post cardiac surgery - tips and pitfalls of
the prediction game. J Cardiothorac Surg. 2011;6:158. doi:10.
1186/1749-8090-6-158.

82. Vincent JL. The clinical challenge of sepsis identification and
monitoring. PLoS Med. 2016;13(5):e1002022.

83. Hoste EAJ, Bagshaw SM, Bellomo R, et al. Epidemiology of
acute kidney injury in critically ill patients: The multinational
AKI-EPI study. Intensive Care Med. 2015;41:1411‐1423.

84. Bihorac A, Ozrazgat-Baslanti T, Ebadi A, et al. Development and
validation of a machine-learning risk algorithm for Major compli-
cations and death after surgery. Ann Surg. 2019;269(4):652‐662.

85. Gonzalez SA. Acute liver failure. BMJ Best Pract. 2022.
Published online 2022.

86. Christodoulou E, Ma J, Collins GS, Steyerberg EW, Verbakel
JY, van Calster B. A systematic review shows no performance
benefit of machine learning over logistic regression for clinical
prediction models. J Clin Epidemiol. 2019;110:12‐22.

87. Bisaso KR, Karungi SA, Kiragga A, Mukonzo JK, Castelnuovo
B. A comparative study of logistic regression based machine
learning techniques for prediction of early virological suppres-
sion in antiretroviral initiating HIV patients. BMC Med Inform
Decis Mak. 2018;18(77).

88. Churpek MM, Yuen TC, Winslow C, Meltzer DO, Kattan MW,
Edelson DP. Multicenter comparison of machine learning

590 Journal of Intensive Care Medicine 38(7)

http://doi.org/10.1038/sdata.2018.178
http://doi.org/10.1155/2019/3963780
http://doi.org/10.1155/2019/3963780
http://doi.org/10.1097/CCM.0000000000001876
http://doi.org/10.1097/01.CCM.0000050454.01978.3B
http://doi.org/10.1097/01.CCM.0000050454.01978.3B
http://doi.org/10.1002/bjs.1800840707
http://doi.org/10.1186/s13613-021-00942-1
http://doi.org/10.1186/s13613-021-00942-1
http://doi.org/10.1186/s13613-021-00942-1
http://doi.org/10.1186/s13613-021-00942-1
http://doi.org/10.1186/s13613-021-00942-1
http://doi.org/10.1186/s13017-018-0165-6
http://doi.org/10.1186/s13017-018-0165-6
http://doi.org/10.1186/s13017-018-0165-6
http://doi.org/10.1186/s13017-018-0165-6
http://doi.org/10.1016/j.chest.2017.12.015
http://doi.org/10.1016/j.isci.2021.103651
http://doi.org/10.1016/j.isci.2021.103651
http://doi.org/10.1056/NEJMoa010307
http://doi.org/10.1097/01.CCM.0000287593.54658.89
http://doi.org/10.1016/j.jacc.2004.07.002
http://doi.org/10.1016/j.jacc.2004.07.002
http://doi.org/10.1016/j.resuscitation.2020.09.003
http://doi.org/10.1016/j.resuscitation.2020.09.003
http://doi.org/10.7326/0003-4819-144-8-200604180-00009
http://doi.org/10.7326/0003-4819-144-8-200604180-00009
http://doi.org/10.7326/0003-4819-144-8-200604180-00009
http://doi.org/10.7326/0003-4819-144-8-200604180-00009
http://doi.org/10.7326/0003-4819-144-8-200604180-00009
http://doi.org/10.1097/00000658-200008000-00015
http://doi.org/10.1038/kisup.2012.1
http://doi.org/10.1038/kisup.2012.1
http://doi.org/10.4037/ccn2016170
https://www.nursingcenter.com/ncblog/january-2020/acute-kidney-injury-and-chronic-kidney-disease
https://www.nursingcenter.com/ncblog/january-2020/acute-kidney-injury-and-chronic-kidney-disease
https://www.nursingcenter.com/ncblog/january-2020/acute-kidney-injury-and-chronic-kidney-disease
http://doi.org/10.1053/j.jvca.2004.05.021
http://doi.org/10.1016/j.jelectrocard.2017.08.013
http://doi.org/10.1007/s11739-015-1213-9
http://doi.org/10.1007/s11739-015-1213-9
http://doi.org/10.1007/s11739-015-1213-9
http://doi.org/10.1007/s11739-015-1213-9
http://doi.org/10.1007/s11739-015-1213-9
https://doi.org/10.1201/9781315164533
http://doi.org/10.2196/39907
http://doi.org/10.1016/j.ijsu.2010.11.006
http://doi.org/10.1186/1749-8090-6-158
http://doi.org/10.1186/1749-8090-6-158
http://doi.org/10.1186/1749-8090-6-158
http://doi.org/10.1186/1749-8090-6-158
http://doi.org/10.1186/1749-8090-6-158


methods and conventional regression for predicting clinical dete-
rioration on the wards. Crit Care Med. 2016;44(2):368‐374.
doi:10.1097/CCM.0000000000001571.

89. Kop R, Hoogendoorn M, ten Teije A, et al. Predictive mod-
eling of colorectal cancer using a dedicated pre-processing
pipeline on routine electronic medical records. Comput
Biol Med. 2016;76:30‐38. doi:10.1016/j.compbiomed.2016.
06.019.

90. Haukoos JS, Newgard CD. Advanced statistics: Missing data in
clinical research - part 1: An Introduction and conceptual frame-
work. Soc Acad Emerg Med. 2007;14(7):662‐668. doi:10.1197/j.
aem.2006.11.037.

91. Johnson AEW, Pollard TJ, Shen L, et al. MIMIC-III, a freely
accessible critical care database. Sci Data. 2016;3(160035).

92. Lee J, Scott DJ. Open-access MIMIC-II database for intensive
care research. IEEE Engineering in Medicine and Biology
Society. 2011:8315‐8318.

93. Johnson A, Bulgarelli L, Pollard T, Horng S, Celi LA, Mark R.
MIMIC-IV. PhysioNet. 2021;1.0.

94. Newcombe VFJ, Chow A. The features of the typical traumatic
brain injury patient in the ICU are changing: What will this
mean for the intensivist? Curr Opin Crit Care. 2021;27(2):80‐86.

95. Sepucha KR, Fowler FJ, Mulley AG. Policy support for patient-
centered care: the need for measurable improvements in decision
quality. Health Aff. 2004;23(2).

96. Berwick DM. The science of improvement. JAMA.
2008;299(10):1182‐1184.

97. van Calster B, McLernon DJ, van Smeden M, Wynants L,
Steyerberg EW. Calibration: the Achilles heel of predictive ana-
lytics. BMC Med. 2019;17(230).

98. Seneviratne MG, Shah NH, Chu L. Bridging the implementation
gap of machine learning in healthcare. BMJ Innov. 2019;6:45‐47.

99. Rajpurkar P, Chen E, Banerjee O, Topol EJ. AI In health and
medicine. Nat Med. 2022;28:31‐38.

100. Khanijahani A, Iezadi S, Dudley S, Goettler M, Kroetsch P, Wise
J. Organizational, professional, and patient characteristics associ-
ated with artificial intelligence adoption in healthcare: A system-
atic review. Heal Policy Technol. 2022;11(100602).

Lapp et al 591

http://doi.org/10.1097/CCM.0000000000001571
http://doi.org/10.1016/j.compbiomed.2016.06.019
http://doi.org/10.1016/j.compbiomed.2016.06.019
http://doi.org/10.1197/j.aem.2006.11.037
http://doi.org/10.1197/j.aem.2006.11.037

	 Introduction
	 Methods
	 Data Sources and Search Strategy
	 Data Extraction
	 Eligibility Criteria and Analysis
	 Study Selection

	 Results
	 Included Studies
	 Specific Outcomes Predicted by the Models
	 Mortality
	 Sepsis
	 Cardiovascular complications
	 Other complications

	 Classification Methods Used by Studies to Predict Patient Outcomes in a Dynamic Manner
	 Performance of the Models
	 Mortality prediction
	 Prediction of complications


	 Discussion
	 Predicted Outcomes
	 Classification Methods and Prediction Frequency
	 MIMIC Databases
	 Clinical Implications, Implementation, and Adoption of Prediction Models

	 Conclusion
	 References


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile ()
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 5
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /PDFX1a:2003
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError false
  /PDFXTrimBoxToMediaBoxOffset [
    33.84000
    33.84000
    33.84000
    33.84000
  ]
  /PDFXSetBleedBoxToMediaBox false
  /PDFXBleedBoxToTrimBoxOffset [
    9.00000
    9.00000
    9.00000
    9.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV <>
    /HUN <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames false
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks true
      /AddColorBars false
      /AddCropMarks true
      /AddPageInfo true
      /AddRegMarks false
      /BleedOffset [
        9
        9
        9
        9
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


