Systematic Review

Critical Care
Explorations

ICU Delirium-Prediction Models:

A Systematic Review

Matthew M. Ruppert, BS'% Jessica Lipori, BA'* Sandip Patel, MD"? Elizabeth Ingersent"?; Julie Cupka, BS'
Tezcan Ozrazgat-Baslanti, PhD"% Tyler Loftus, MD?*? Parisa Rashidi, PhD**; Azra Bihorac, MD, MS"*

Ohjective: Summarize performance and development of ICU delirium-
prediction models published within the past 5 years.

Data Sources: Systematic electronic searches were conducted
in April 2019 using PubMed, Embase, Cochrane Central, Web of
Science, and Cumulative Index to Nursing and Allied Health Literature
to identify peer-reviewed studies.

Study Selection: Eligible studies were published in English during
the past 5 years that specifically addressed the development, vali-
dation, or recalibration of delirium-prediction models in adult ICU
populations.

Data Extraction: Screened citations were extracted independently by
three investigators with a 42% overlap to verify consistency using
the CHecklist for critical Appraisal and data extraction for systematic
Reviews of prediction Modelling Studies.

Data Synthesis: Eighteen studies featuring 23 distinct prediction mod-
els were included. Model performance varied greatly, as assessed by
area under the receiver operating characteristic curve (0.62-0.94),
specificity (0.50-0.97), and sensitivity (0.45-0.96). Most models
used data collected from a single time point or window to predict the
occurrence of delirium at any point during hospital or ICU admission,
and lacked mechanisms for providing pragmatic, actionable predic-
tions to clinicians.

Conclusions: Although most ICU delirium-prediction models have
relatively good performance, they have limited applicability to clini-
cal practice. Most models were static, making predictions based on
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data collected at a single time-point, failing to account for fluctuat-
ing conditions during ICU admission. Further research is needed
to create clinically relevant dynamic delirium-prediction models that
can adapt to changes in individual patient physiology over time and
deliver actionable predictions to clinicians.

Key Words: delirium; intensive care unit; prediction model; risk
prediction; systematic review

elirium is a transient condition consisting of altered

attention and consciousness common in hospital set-

tings (1). Delirium has a particularly high prevalence in
the ICU, ranging from 25% to 87% (2-4). Some factors associated
with increased risk for ICU delirium include the following: older
age, lower levels of education, history of hypertension, alcohol
abuse, higher Acute Physiology, Age, Chronic Health Evaluation
(APACHE) II scores, and use of sedative and analgesic medica-
tions (2, 5, 6). The use of benzodiazepines for mechanical ventila-
tion carries a particularly high risk for delirium compared with
other sedatives (7, 8). Environmental factors, including isolation,
use of physical restraints, and prolonged exposure to light and
sound have also been associated with delirium (9, 10).

ICU delirium is strongly associated with adverse outcomes,
including increased hospital length of stay, greater morbidity and
mortality, poor cognitive recovery, slower rates of overall recovery,
and increased cost of care (3, 11, 12). Delirium assessments such
as the confusion-assessment method for the ICU (CAM-ICU)
and the Intensive Care Delirium Screening Checklist (ICDSC)
have been shown to be effective in diagnosing delirium (13, 14)
and their use is recommended under current clinical practice
guidelines (15). However, these assessments are sometimes not
trusted or understood by ICU staff and are therefore inconsis-
tently applied (16-18).

The use of prediction models has shown promise in predict-
ing several types of delirium, including postoperative and subsyn-
dromal delirium as well as delirium in the ICU. These predictions
can be used by clinicians as decision support for preventing and
treating delirium (19, 20). However, clinical adoption of delirium-
prediction models has been limited, perhaps because most models
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are neither readily integrable into physician workflows or provide
little clinical utility. Machine-learning techniques may abrogate
these weaknesses, but contemporary descriptions of these tech-
niques are sparse.

This systematic review is meant to build on the work of van
Meenen et al (21), which summarized delirium-prediction model
efficacy and characteristics up through 2014 and fills in the gaps
of more recent delirium-prediction reviews that were limited to a
specific patient population (22-24) or type of study (25).

MATERIALS AND METHODS

Search Strategy and Selection Criteria

PubMed, Embase, Cochrane Central, Web of Science, and
Cumulative Index to Nursing and Allied Health Literature
(CINAHL) were systematically searched for articles relating to
delirium-prediction models among adult ICU patients.

An ICU delirium-prediction model was defined as any model
or algorithm applied to critical care patients that incorporated at
least one clinical factor measured during a hospital admission to
assign an estimated risk of developing delirium during a hospital
stay. Studies that specifically addressed the development, valida-
tion, or recalibration of prediction models in adult ICU popula-
tions were included. Models that were designed to predict delirium
in the context of substance abuse or withdrawal were excluded.
Abstract only studies were excluded.

Search terms were tailored to use medical subject headings or
subject headings embedded in each database. Each search query
was the union of three search components: delirium, ICU, and
prediction. The first component, delirium, contained delirium-
associated terms and subject headings with words including but
not limited to “delirium,” “ICU syndrome,” “acute confusion,” and
“CAM? The second component, ICU, contained ICU-associated
terms and subject headings with words including but not limited
to “ICU;” “Intensive Care Unit,” “Critical Care,” and “Critically Il
The third component, prediction, contained prediction-associated
terms and subject headings with words including but not limited
to “predict,” “model,” “risk,” and “risk assessment” A full list of
the search terms for each database is available in Supplement A
(http://links.lww.com/CCX/A447).

In addition to the three query components above, search
results were restricted to papers published in English within the
past 5 years. Database searches were performed on April 25, 2019.
There were 4,940 articles remaining after the search results were
compiled and the duplicates removed (Fig. 1). The 4,940 articles
were divided among four authors. Each article’s title and abstract
were reviewed by two authors independently to verify if the arti-
cle described a delirium-prediction model that was applied to
critically ill patients that did not focus on delirium as a result of
substance abuse or on the terminally ill. All disagreements were
settled by the lead author, reducing the number of articles to 20.

Data Extraction and Synthesis

The 20 articles were divided into three groups of 10, with a three-
article overlap between each group, to verify consistency across
authors. The data from each article group were then extracted
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Figure 1. Consort diagram of studies included in review.

independently by three authors using the CHecklist for critical
Appraisal and data extraction for systematic Reviews of prediction
Modelling Studies Checklist for Systematic Reviews of Prediction
Studies, excluding the treatments received element (26). Extracted
data elements included study design, participant descriptions and
recruitment methods, predicted outcomes, candidate predictors,
final predictors, sample size, model development, model perfor-
mance, model evaluation, study results, interpretation of those
results, and treatment of missing data. During data extraction, one
article was removed, because it was not a true prediction model and
one article was removed as its main focus was not on ICU patients.

Assessment of Bias

Bias was assessed via the Prediction model Risk Of Bias
ASsessment Tool (27) that was specifically developed by a panel
of experts to evaluate bias in studies of prognostic and prediction
models. The risk of bias is evaluated with respective to four cat-
egories (participants, predictors, outcome, and analysis) with two
levels (high vs low risk). Risk of bias was evaluated independently
by three authors during data extraction.

RESULTS

Study Characteristics

Of the 18 included studies, 12 were primarily concerned with the
development of new prediction models (28-39) and six with the
validation of existing models (20, 22, 40-43) (Table 1). These stud-
ies included 23 risk-prediction models, of which 12 were developed
in the included studies. Of the 12 model development studies, nine
were prospective cohorts and three were retrospective cohorts.
Sample sizes ranged from 94 to 3,284 participants (33, 34). Those
studies that validated existing models had a sample size ranging
from 38 to 2,178 participants (42, 43). Delirium was most commonly
assessed using CAM-ICU, though several studies used CAM (31),
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TABLE 1. Overview of the Cohorts and Modeling Methodologies Used in Each of the Included
Models Along With Their Respective Model Performances

Delirium

Performance

Prevalence in Area Under
Development/ the Receiver
Cohort/ Sample Size Validation Variable Operating Significant
Study Development/ Cohorts, Patient Selection Model Characteristic  Predictors,
Type Validation n (%) Description Methodology Methodology Curve (95% CI)
PRE-DELIRIC Retrospective NA/70 NA SC adult NA Logistic 0.89 10
(Azuma et al external 14(20) MICU regression  (not reported)
[20], 2019) validation
Chaiwat et al Prospective 250/NA 61(24) SC adult  Logistic regression Logistic 0.84 5
(298), 2019 development NA SICU to narrow regression  (0.79-0.90)
variables from
literature review
Lanzhou model ~ Prospective 3107310 160(26)? SCadult  Logistic Logistic 0.78 "
(Chen et al development ICU regression regression  (not reported)
[29], 2017)
Fan et al (30), Prospective 336/24 68(20) SC adult  Univariate analysis ~ Logistic 0.90 7
2019 development 46 (20) ICU and backward regression  (0.86-0.94)
stepwise logistic
regression
PRE-DELIRIC  Retrospective NA/455 NA SC adult  NA external Logistic 0.79 10
(Green et al external 160(35) MICU/ validation regression  (0.75-0.83)
[40], 2019) validation SICU
R-PRE- Retrospective NA/455 NA SCadult  NA external Logistic 0.79 10
DELIRIC external 160(35) MICU/ validation regression  (0.75-0.83)
(Green et al validation SICU
[40],2019)
E-PRE-DELIRIC  Retrospective NA/455 NA SC Adult  NA external Logistic 0.72 9
(Green et al external 160(35) MICU/ validation regression  (0.67-0.77)
[40],2019) validation SICU
Lanzhou model  Retrospective NA/455 NA SCadult  NA external Logistic 0.77 [
(Green et al external 160(35) MICU/ validation regression  (0.72-0.81)
[40],2019) validation SICU
Kim et al (31), Prospective 561/553 112(20) SC elderly Backwards Logistic 0.94 9
2016 development 99(18) SICU stepwise regression  (0.91-0.97)
logistic
regression
R-PRE-DELIRIC  Prospective NA/600 NA SCadult  NA external Logistic 0.75 10
(Lee et al [22], external 83(14) CICU validation regression  (0.72-0.79)
2017) validation
Katznelson Prospective NA/600 NA SCadult  NA external Logistic 0.62 6
(Lee et al [22], external 83(14) CICU validation regression  (0.568-0.66)
2017) validation
PRE-DELIRIC Prospective NA/38 NA SCadult  NA external Logistic 0.71 10
(Linkaité et al external 29(58) ICU validation regression  (0.54-0.89)
[43],2018) validation
Marra et al (32), Prospective 810/NA 606(75) MC adult  Maximum Logistic Not reported 14
2018 development NA SICU/ likelihood regression
MICU estimation
Moon etal (33), Retrospective ~ 2299/985 485(21) SCadult  Information value  Logistic 09 "
2018 development 203(21) SICU/ and logistic regression
MICU regression
Moon et al (33),  Prospective NA/263 NA SC adult Logistic 0.94 11
2018 internal 48(15) SICU/ regression
validation MICU
Moon et al (33),  Prospective NA/431 NA SC adult Logistic 0.88 11
2018 internal 55(21) SICU/ regression
validation MICU
(Continued)
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TABLE 1. (Continued). Overview of the Cohorts and Modeling Methodologies Used in Each of
the Included Models Along With Their Respective Model Performances

Delirium
Prevalence in
Development/

Validation

Cohorts,

n (%)

Performance
Area Under
the Receiver
Operating
Characteristic
Curve (95% CI)

Cohort/
Study
Type

Variable
Selection
Methodology

Sample Size
Development/
Validation

Significant
Model Predictors,

Methodology

Patient
Description

Moon et al (33),  Prospective NA/325 NA SC adult Logistic 0.72 11
2018 external SICU/ regression
validation 114(26) MICU
Oh et al (34), Prospective 94/NA 39(492) SC adult  Normalized mutual  SVM with Not reported 1*
2018 development NA SICU/ information RBF
MICU feature kernels
selection
Oh et al (34), Prospective 94/NA 39(42) SC adult  Normalized mutual Linear SYM  Not reported 1
2018 development NA SICU/ information
MICU feature
selection
Oh et al (34), Prospective 94/NA 39(492) SC adult  Normalized mutual Linear Not reported 1"
2018 development NA SICU/ information discriminant
MICU feature analysis
selection
Oh et al (34), Prospective 94/NA 39(42) SC adult  Normalized mutual Quadratic Not reported 1*
2018 development NA SICU/ information discriminant
MICU feature analysis
selection
Oh et al (34), Prospective 94/NA 39(42) SC adult  Normalized mutual ELM with Not reported 1
2018 development NA SICU/ information RBF
MICU feature selection  kernels
Oh et al (34), Prospective 94/NA 39(492) SC adult  Normalized Linear ELM Not reported 1*
2018 development NA SICU/ mutual
MICU information
feature selection
PRE-DELIRIC Prospective NA/44 NA SCadult  NA external Logistic Not reported 10
(Paton et al external 15(36) ICU validation regression
[41],2016) validation
Sakaguchietal  Retrospective 120/NA 38(32) SC adult  Forward stepwise  Logistic 0.89 6
(35),2018 development NA CICU logistic regression  (not reported)
regression
Stukenberg etal  Retrospective 996/NA 161(16) SC elderly Univariate and Logistic Not Reported 3
(36),2016 development NA cicu multivariate regression
analyses
VR-PRE-DELIRIC Prospective 1824 363(20) MC adult PRE-DELIRIC Logistic 0.77 10
(van den development NA ICU model regression  (0.74-0.79)
Boogaard et al variables
[37],2014)
Wang etal (38), Prospective 1692/NA Not Reported SC adult  Expert opinion Logistic Not reported 1
2018 development SICU regression
PRE-DELIRIC  Prospective NA/2178 NA MC adult  NA external Logistic 0.74 10
(Wassenaar external 467(21) ICU validation regression  (0.71-0.76)
etal [42], validation
2018)
E-PRE-DELIRIC Prospective NA/2178 NA MC adult  NA external Logistic 0.68 9
(Wassenaar external 467(21) ICU validation regression  (0.66-0.71)
et al [492], validation
2018)
E-PRE-DELIRIC Prospective 1692/952 481(25) MC adult Backward Logistic 0.75 9
(Wassenaar development 208(22) ICU selection regression  (0.71-0.79)
etal [39], with logistic
2015) regression

CICU = cardiac ICU, ELM = extreme learning machine, E-PRE-DELIRIC = early prediction model for delirium, PRE-DELIRIC = PREdiction of DELIRium in ICu
patients, MC = multicenter, MICU = medical ICU, NA = not applicable, RBF = radial basis function, R-PRE- DELIRIC = Recalibrated PREdiction of DELIRium in ICu
patients, SC = single-center, SICU = surgical ICU, SVM = support vector machine.
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Nursing Delirium Screening Scale (NuDESC) (31, 39), diagnos-
tic and statistical manual of mental disorders (DSM) (20, 36), and
ICDSC (20, 35, 42).

Risk Factors

Six studies evaluated existing delirium-prediction models, includ-
ing the prediction model for delirium (PRE-DELIRIC) and the
early prediction model for delirium (E-PRE-DELIRIC). The PRE-
DELIRIC model consists of nine risk factors: age, APACHE Il score,
coma, sedative use, morphine use, serum urea, metabolic acidosis,
urgent admission, and admission category (Table 1). The E-PRE-
DELIRIC model considered 18 candidate predictors chosen by
literature review and input from an expert panel of physicians,
and nine of these predictors were included in the final model (39).
The PRE-DELIRIC and E-PRE-DELIRIC share three predic-
tors in common: age, admission category, and urgent admission.
Additionally, both use some marker of renal function, namely,
blood urea nitrogen (BUN) and urea concentration. Among other
differences, E-PRE-DELIRIC includes a greater number of predic-
tors relating to patients predisposing factors, such as history of
cognitive impairment and history of alcohol use.

Although rationale for candidate predictors was not consis-
tently available, many studies that sought to develop new mod-
els for delirium prediction employed a combination of literature
review and expert opinion. Some of the more frequently selected
candidate predictors were also common to the aforementioned
PRE-DELIRIC and E-PRE-DELIRIC models (Fig. 2). For example,
age was included in six studies (28, 29, 31, 32, 37, 39), APACHE
II score was included in four studies (29, 30, 32, 37), and some
marker of renal function (blood urea concentration, serum cre-
atinine, or a BUN/Cr ratio) was used in three studies (31, 35, 37).
Other commonly considered predictors included mechanical
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ventilation, urgent admission, and use of antipsychotics, sedatives,
and benzodiazepines.

Two studies evaluated greater than 40 candidate predictors.
One employed machine learning to develop delirium-prediction
models (34) and the other used an informative value calculation
and multiple regression analyses “based on literature review” to
narrow down the number of predictors in a stepwise manner to
use in modeling (31). A few studies went beyond the existing
approach of selecting candidate predictors within 24 hours of
admission and instead included various predictors to be collected
daily. This was performed in an effort to predict delirium dynami-
cally and evaluate recurrent or ongoing delirium, which are not
assessed by PRE-DELIRIC and E-PRE-DELIRIC.

Predictive Model Development and Performance
Our review included 23 prediction models, of which 12 were devel-
oped in the included studies (Table 1). These models used various
numbers of predictors ranging from one to 4,211 (33, 38). Predictors
were most commonly chosen for inclusion by logistic regres-
sion, although one model was developed using machine-learn-
ing techniques (34) and one recalibrated an existing model (37).
Of the 11 models developed using logistic regression, three
employed additional bootstrapping to allow for better calibration
and adjust for overfitting. Multiple methods were used for deter-
mining, which variables should be included in multiple logistic
regression or the final model. These included preselection based
on literature review, univariate regression, machine-learning tech-
niques, and preselection of factors from a previous model. In the
final models, most used regression coefficients to establish either a
sum score or a score chart with scores stratified into different risk
subgroups. Eighteen of the models measured discrimination with
area under the receiver operating characteristic curve (AUROC),
reporting values between 0.62 and 0.94 (22, 31).

Age-

Mechanical Ventilation -
Marker of Renal Function-
Urgent Admission or Surgery -

Sedatives -

Candidate Predictor

Antipsychotics -

Benzodiazepines-

APACHE Il -

o -
o=
-
o-

Number of Models

I candidate  [JJJ] Candidate, unknown if utilized  [JJf] Utilized by Model

Studies that statistically assessed the calibration of
their models used the Hosmer-Lemeshow goodness
of fit test and calibration plots. Although most stud-
ies were concerned with a binary outcome (deliri-
ous vs nondelirious) occurring at any time, one (32)
developed a model aimed at predicting daily tran-
sitions between multiple states (normal, delirious,
comatose, discharge, or death).

Methodological Evaluation of Models and
Risk of Bias

This review identified 23 predictive models for delir-
ium in an ICU setting. Of the 23 models, five were
externally validated by a separate study (20, 22,40-43)
and another seven were internally validated by a sep-
arate or split cohort (28-33, 39). Five studies were ret-
rospective and assessed delirium incidence through
electronic health record data (20, 33, 35, 36, 40).
Studies had various methods of assessing delirium
including CAM-ICU, CAM, NuDESC, DSM, and
ICDSC.

15

Figure 2. Prevalence of predictors considered in at least five models. APACHE Il = Acute

Physiology, Age, Chronic Health Evaluation 1.
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Models predicted delirium using various numbers
of risk factors ranging from 1 to 14 (32, 38). Thirteen of
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the 23 models, which reported the number of predictors in the final
model, included six to 11 predictors (22, 29-31, 33, 35, 37, 39). Across
the models reviewed, there was a significant amount of overlap
between candidate and final predictors, including age, APACHE 11,
renal function, sedative use, benzodiazepine use, mechanical ventila-
tion, and urgent admission (Fig. 2). Many of these common factors
are consistent with Zaal et al (44) who found 11 strongly supported
factors in literature (age, dementia, hypertension, trauma, emergency
surgery, APACHE II, coma [sedative-associated], previous delirium
within 24 hr, mechanical ventilation, metabolic acidosis, and multiple
organ failure/Sequential Organ Failure Assessment score). Despite
the overlap between risk factors, there were differences in how pre-
dictors were defined and measured, making it difficult to compare
directly the relative importance or weight of the predictor in each
model. For example, mental status was assessed by mini-mental state
examination score (30), history of dementia (29), use of Alzheimer
medication (32), and history of cognitive impairment (39).

Most studies used logistic regression in the development of
their models, one study used machine-learning techniques (34),
and one recalibrated an existing model (37). One of these mod-
els took the unique approach of applying machine-learning tech-
niques to analyze electrocardiograms to predict delirium (34).
Additionally, one developed a model aimed at predicting daily
transitions between multiple states (normal, delirious, comatose,
discharge, or death) rather than predicting the development of
delirium at any time (32). Eighteen models and six validation
studies reported AUROC for the development and validation
of their model, with values ranging from 0.62 to 0.94 (22, 31).
Models tended to exhibit poorer discrimination in validation than
in development, and calibration was inconsistently reported.

The major risks of bias in included papers were assessment of
outcome, selection of candidate predictors, sample size, and treat-
ment of missing data (26, 27). Two models were at risk for bias
due to having multiple delirium-assessment measures (31, 39).
Retrospective studies had an increased risk of bias due to both
the problem of assessing for delirium retrospectively and that the
outcome was often assessed by the same researchers that selected
candidate predictors. Selection of predictors was a further source of
bias. Although some selected candidate predictors from literature
review (31-33, 39), many gave a little or no justification for candi-
date predictor selection (28, 30, 35), and some selected final predic-
tors without prior analysis (29). Most studies did not report missing
data or management of missing data. Five of 12 models that were
developed in the included studies were at high risk for overfitting
due to a low ratio of delirium incidence compared with the number
of candidate predictors (28, 30, 31, 33, 35).

Validation of Models

Our review included six studies primarily focused on the valida-
tion of existing models (20, 22, 40-43) (Table 1). These studies
used logistic regression and calibration curves for their analysis
with the exception of one (41) that did not include any statistical
analysis. For model development studies, many included internal
validation of their models. Sixteen of the 23 models were vali-
dated either internally through a split cohort or externally using
data from a separate institution (20, 22, 29-31, 33, 39-43). The
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remaining seven models either lacked any validation or merely
used bootstrapping (28, 32, 34-36, 38). Of the seven internally
validated models, cohorts were split either temporally or ran-
domly. Five studies externally validated the PRE-DELIRIC model
(20, 40-43), two validated the E-PRE-DELIRIC (40, 42), two the
recalibrated PRE-DELIRIC (22, 40), one the model proposed by
Green et al (40), and one the Katznelson model (22).

The reported AUROC of the externally validated models
ranged from 0.62 to 0.89 (20, 22), with the majority of models
exhibiting poorer performance during validation. Of the eight
models with an AUROC of 0.75 or greater in development, six
were validated in a split or separate cohort (29-31, 33, 37, 39) and
only four maintained an average AUROC of 0.75 or higher during
validation (29-31, 33).

Risk-Prediction Performance

Twenty models stratified patients into two to five risk groups using
cutoff values calculated with Youden index (28, 39). Studies most
commonly reported the sensitivity, specificity, positive predictive
value, and negative predictive value associated with the deter-
mined threshold, though positive and negative likelihood ratios
were also reported by some studies (28, 45). Although models var-
ied as to whether they had a higher sensitivity (0.45-0.96) (33, 34)
or specificity (0.50-0.97) (37, 43), the negative predictive value
was generally much higher than the positive predictive value,
indicating that a higher proportion of patients were erroneously
assigned to the high-risk of delirium group than the proportion of
delirious patients to the low-risk group.

DISCUSSION

Application to Practice

Delirium has classically been described as a transient, waxing and
waning condition. Interest in creating delirium-prediction models
emerges from clinicians’ difficulties in recognizing the signs and risk
factors of this multifactorial and dynamic condition that can evolve
on an hourly basis. Given time constraints, uncertainty, and chang-
ing conditions, delirium is often unrecognized in the ICU or is recog-
nized in a delayed fashion. This difficulty is compounded by the lack
of a gold standard for delirium assessment and the low reliability of
delirium assessments without significant and continued training (46).
The studies reviewed generally seemed to voice an appreciation for
the challenge of predicting delirium amidst the high demands of
the critical care setting. Thus, considerations such as the ease-of-
use of the developed models were often noted. Wassenaar et al (42),
for example, noted that ICU physicians rated the user convenience
of E-PRE-DELIRIC superior to PRE-DELIRIC despite the latter
having superior performance in predicting delirium. However,
the trade-off between the ease of implementing delirium-predic-
tion models in clinical practice and the actual predictive power
or clinical utility of these models need not persist, given recent
advances in automation and machine learning. Moon et al (33)
created and implemented a delirium-prediction algorithm in an
electronic medical record system, which updated every day at mid-
night, making the system readily accessible to healthcare providers.
Unfortunately, the algorithm’s low positive predictive value (0.52)
may lead to alarm fatigue. This model, along with Marra et al’s (32)
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model, avoids the temporally static prediction paradigm that is a
limiting factor of most ICU delirium-prediction models. The most
frequently studied and cited models rely on a set of factors collected
at a single time-point to predict whether delirium will occur at any
point during the remainder of the ICU admission. Such models are
unable to account for the dynamic condition of patients and delir-
ium itself, each of which can change on an hourly basis.

Strengths and Limitations

We conducted a thorough review of PubMed, Embase, Cochrane
Central, Web of Science, and CINAHL databases to ascertain a com-
prehensive picture of what is available in the literature on delirium
predictive models in the ICU. This review builds on the work of van
Meenen et al (21) by including articles published from 2014 to April
25, 2019. This is important, because machine-learning approaches
haveemergedand evolved duringtheserecentyears. Other systematic
reviews have exclusively studied older adults (23, 24), excluded vali-
dation studies (25), or were restricted to cardiac surgery patients (22).
Thestudiesincluded in our review were summarized in detailin terms
of candidate predictors, final model predictors, and risk of bias (26).
Limitations of our review include the following: limiting the inclusion
criteria to studies published within the past 5 years, including only
ICU delirium-prediction models and excluding non-English stud-
ies. Studies that developed and validated delirium-prediction models
not limited to the context of the ICU, especially in surgical patients,
have used the attending surgeon (47) or innovative methods such
as electroencephalography (48, 49) and near-field infrared spectros-
copy (48) to predict delirium, which may provide valuable informa-
tion for postoperative ICU patients.

CONCLUSIONS

Many ICU delirium-prediction models have been developed and
validated within the last 5 years. Most of these models were devel-
oped with similar statistical methods and use common predictive
factors, though inconsistencies in how these factors were assessed
and used obviate a consensus, as does the risk of bias. External
validation efforts have primarily focused on a few select models,
especially PRE-DELIRIC and E-PRE-DELIRIC, making external
validation of competing models an area where further research is
needed. Most delirium-prediction models use a single snapshot in
time, usually within 24 hours of admission and do not account for
fluctuations in patients’ conditions during ICU admission. This
is inconsistent with critical illness and delirium pathophysiology.
Further research is needed to create clinically relevant dynamic
delirium-prediction models, which can not only adapt over time
but deliver pragmatic and actionable predictions to clinicians.
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