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Abstract: Objective: To systematically retrieve and evaluate delirium risk prediction models in adult intensive care
unit (ICU) patients and provide evidence for model optimization and clinical practice. Methods: A systematic literature
search was conducted in PubMed, Web of Science, Embase, Cochrane Library, CINAHL, CNKI, Wanfang Data, VIP,
and CBM databases from inception to August 2025. Two independent researchers performed literature screening, data
extraction, and quality assessment. Results: Seventeen studies involving 18 prediction models were included, with
sample sizes ranging from 100 to 8,878 cases and outcome events from 21 to 4,431 cases. The area under curve (AUC)
for model development ranged from 0.732 to 0.941. Twelve models reported calibration, 10 studies performed internal
validation, and 6 studies conducted external validation. Overall applicability of the 17 studies was acceptable. The
final models contained 3-15 predictors; however, all models exhibited high risk of bias. Conclusion: Existing models
generally demonstrated acceptable discrimination, but were associated with high risk of bias, with insufficient evidence
regarding external validation, calibration assessment, and clinical implementation. Future studies should strictly follow
the PROBAST criteria, standardize procedures for model development and validation, improve model stability and

clinical application value, and provide reliable evidence for clinical decision-making.
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1. Introduction

Delirium is an acute, reversible cognitive dysfunction syndrome characterized by fluctuating disturbance
of consciousness, inattention, disorganized thinking, or altered level of consciousness M Tt is the most
common acute brain dysfunction complication in intensive care unit (ICU) patients, with an incidence rate
as high as 20-80% ™. Studies have indicated that delirium impairs patients’ cognitive function, increases

risk of complications, prolongs mechanical ventilation duration and overall hospital stay, and may lead to
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disability or death in severe cases, affecting patient prognosis and increasing clinical burden . Therefore,
early identification of high-risk factors and targeted management are of great clinical significance for
improving patients’ delirium status. As a scientific and effective risk prediction tool, risk prediction models
can integrate various independent risk factors, quantify individual disease probability, accurately screen
high-risk populations, and provide theoretical support for clinical medical staff to implement personalized
interventions *. Currently, scholars worldwide have constructed and validated prediction models for delirium
risk in ICU patients; however, differences exist in predictors, modeling methods, and performance indicators,
and systematic evaluation of related models is still lacking. Therefore, this study systematically reviews the
current status of delirium risk prediction models in ICU patients and comprehensively evaluates the included
studies to provide theoretical reference for clinical practice and related research.

2. Materials and methods

2.1. Literature search strategy

A systematic literature search was performed in PubMed, Web of Science, Embase, Cochrane Library,
CINAHL, CNKI, Wanfang Data, VIP, and CBM databases for studies on delirium risk prediction models
in ICU patients, from database inception to August 2025. The search combined subject terms and free-text
words. For Chinese databases, taking CNKI as an example, the search strategy was: Subject = (critical care
OR intensive care unit OR ICU) AND Subject = (delirium syndrome OR clinical delirium OR delirium)
AND Subject = (early warning OR risk prediction OR prediction model OR diagnostic model OR risk
score OR risk assessment OR risk factors OR nomogram). For English databases, taking PubMed as an
example, the search strategy was: (((“critical illness”[MeSH]) OR (“intensive care units”’[MeSH])) AND
((“delirium”[MeSH Terms]) OR (“delirium”[Title/Abstract])) AND ((((((((“risk assessment”[MeSH]) OR
(“risk prediction”[Title/Abstract])) OR (“risk forecast model”[Title/Abstract])) OR (“risk score”[Title/
Abstract])) OR (“prediction model”[Title/Abstract])) OR (“prediction tool”[Title/Abstract])) OR
(“nomograms”[MeSH])) OR (“diagnostic model”’[Title/Abstract])) OR (“risk factors”’[MeSH]))). This study
was registered on the PROSPERO platform (Registration No. CRD42024602398).

2.2. Inclusion and exclusion criteria

2.2.1. Inclusion criteria

(1) Study subjects were adult ICU patients;

(2) Study content was construction or validation of delirium risk prediction models in adult ICU patients;
(3) Study type was cohort study (prospective or retrospective) or cross-sectional study; (4) Outcome

indicator was delirium.

2.2.2. Exclusion criteria

(1) No clear model reported;

(2) Conference abstracts, grey literature, and other informally published literature;

(3) Complete model information unavailable, such as only mentioning model name without providing

formula or regression coefficients.
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2.3. Literature screening and data extraction

Two researchers independently completed literature screening according to preset inclusion and exclusion
criteria. In case of disagreement, a third researcher was consulted. After removing duplicate literature
using NoteExpress software, titles and full texts were read to exclude irrelevant literature before inclusion.
Two researchers independently extracted the following information using a unified form: basic study
characteristics, outcome definition, candidate predictors, modeling methods, sample size and number of

events, variable processing methods, validation methods, discrimination indicators, and calibration indicators.

2.4. Risk of bias and applicability assessment

2.4.1. Risk of bias assessment

This study used the Prediction model Risk of Bias ASsessment Tool (PROBAST) to conduct quality
evaluation from four domains: participants, predictors, outcome, and analysis, covering 20 items. Each

EEINA3

domain included 2-9 questions, judged as “yes/probably yes,” “no/probably no,” or “no information.” Each
dimension was individually rated as low risk, high risk, or unclear. A single domain was rated as low risk if
all key questions were met, high risk if any key question was not met, and unclear if key information was
missing but other items were met. Overall risk of bias was determined by combining results from the four
domains: low risk if all domains were low risk, high risk if any domain was high risk, and unclear if only

unclear domains existed with others being low risk ™.

2.4.2. Applicability assessment

The evaluation logic for applicability risk was parallel to that of bias risk, but based on evaluation results
from three domains: participants, predictors, and outcome ', If applicability risk results for all three domains
were “low,” overall applicability risk was rated as “low.” If at least one domain had “high” applicability risk,
overall applicability risk was rated as “high.” If at least one domain had “unclear” applicability risk and other
domains were “low,” overall applicability risk was rated as “unclear.”

3. Results
3.1. Literature search process and results

A total of 3,037 relevant articles were retrieved through the search. After removing duplicates, 2,542 articles
were obtained. After screening, 17 articles were finally included. The literature screening process is shown in

Figure 1.
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* models with <2 predictors (n=3)
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Figure 1. Flow chart of literature search.

3.2. Basic characteristics of included studies

Seventeen studies were finally included, published as follows: 12 from China, 1 from the Netherlands, 1

from South Korea, 1 from Canada, 1 from Argentina, and 1 joint study from 7 countries (Australia, Belgium,

United Kingdom, Germany, Spain, Sweden, Netherlands) ">, Among them, 8 were Chinese-language

articles and 9 were English-language articles

(718 19231, o f the 17 studies, 8 were retrospective studies and 9

were prospective studies ***'. Basic characteristics of included studies are shown in Table 1.

Table 1. Basic characteristics of the included studies (n=17)

Publication . . Delirium assessment
Study year Country Study design Study population criteria
Huang et al. *! 2023 China Retrospective ICU patients CAM-ICU (criterion b)
Elderly patients with severe
Chang et al. * 2024 China Retrospective pneumonia on mechanical ~ CAM-ICU (criterion a)
ventilation

Zhang et al. P 2025 China Prospective ICU patients CAM-ICU (criterion a)
Cao et al. 2023 China Prospective ICU patients CAM-ICU, ICDSC
Wassenaar et al. !'” 2015 Mult1—cou}1 try Prospective ICU patients CAM-ICU positive

(7 countries)

Shen et al. '® 2023 China Retrospective ICU patients CAM-ICU (criterion a)

Zhu " 2017 China Retrospective ICU patients CAM-ICU positive
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ICU patients with respiratory

Dai et al. " 2024 China Retrospective failure on mechanical CAM-ICU (criterion a)
ventilation
CAM-ICU (criterion a)
Zhang et al. ' 2024 China Prospective ICU patients combined with RASS
classification
Wang et al. '] 2023 China Retrospective ICU patients ICDSC score > 4
Chen et al. ! 2017 China Prospective ICU patients CAM-ICU (criterion c)
Boogaard et al. ' 2012 Netherlands Prospective ICU patients CAM-ICU (criterion c)
Moon et al. """ 2018 South Korea Prospective ICU patients CAM-ICU (criterion a)
Chen et al. ™ 2025 China Retrospective ICU patients CAM-ICU positive
Cherak et al. ™ 2020 Canada Retrospective ICU patients ICDSC score > 4
Fan et al. 2019 China Prospective ICU patients CAM-ICU (criterion a)
Sosa etal. ! 2018 Argentina Prospective ICU patients CAM-ICU positive

Note: ICDSC: Intensive Care Delirium Screening Checklist; CAM-ICU: Confusion Assessment Method for the ICU; Criterion
a: CAM-ICU positive when meeting criteria (1)+(2)+(3) or (4) among four criteria; Criterion b: CAM-ICU single positive when
only one positive symptom present; Criterion ¢: CAM-ICU screening positive when at least one positive screening result during

observation period.

3.3. Model development

The included studies had 7 to 4,211 candidate predictors, sample sizes of 100 to 8,878 cases, and outcome
events of 21 to 4,431 cases. Regarding modeling methods, 14 studies used logistic regression as the primary
modeling method, 1 study combined logistic regression with random forest algorithm, and 1 study applied
machine learning (GBT, LR, DL) ">, The 17 included studies involved 18 prediction models, of which 13
models constructed risk assessment formulas based on logistic regression coefficients, 2 studies presented
prediction models in nomogram form, 1 study presented machine learning models (including models at
admission and 24 hours), and 1 study combined logistic regression with random forest algorithm to construct
models ",

3.4. Model performance and predictors

All included studies reported discrimination assessment indicators during model development or validation,
with area under the curve (AUC) ranging from 0.732 to 0.941, indicating overall good model discrimination.
Regarding model validation, 10 studies performed internal validation (including cross-validation, Bootstrap
method, and random split validation), and 6 studies conducted external validation [T81416.18.1921.23] " pina]
models contained 3—15 predictors, with frequently appearing predictors including age, APACHE II score,
GCS score, blood urea nitrogen (BUN), mechanical ventilation, hypertension history, diabetes history, and
infection. See Table 2.
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Table 2. Establishment of delirium risk prediction models for adult ICU patients (n = 17)

Study

Continuous
Vari
able Proce
ssing

idate
Vari

ables
(n)

Modeling Outcome
Sample

Size (n)

Events

Model
Valid
ation

Primary
Modeling

(n) Method

Method

Calib
ration
Method

Develo
pment
AUC

Valid
ation
AUC

Predictors

Huang et
al.

Chang et
al.

Zhang et
al. B

Cao et al.
120]

Wassenaar

etal. " 18

Shen et al.

[18] 7

Partially
conv
2 erted to
categorical

247

Kept
P 97
continuous

Partially
converted to
categorical

436

Kept

. 212
continuous

Kept

. 1,962
continuous

Partially

categorical 100

59

37

481

Logistic
73 regre
ssion

Ten-fold
Cross-
validation

Logistic
regression

Logistic
regression,
Random
forest

Ten-fold
Cross-
validation

Logistic
regression

Ten-fold
Cross-
validation

Logistic
regression

H-L
goodn
ess-of-fit
test

Logistic ~ External
regression validation

Calibr
ation
curve

Age, hypertension
history, APACHE
II score,
benzodiazepine
sedatives,
mechanical
ventilation

Calibr
ation
curve

0.799 —

Critical condition,
cerebrovascular
disease, diabetes,
prolonged
mechanical
ventilation,
prolonged
awakening
time after drug
withdrawal,
elevated blood
lactate, elevated
CRP, elevated PCT

Age, APACHE-
11, BMI, Barthel
index, sleep,
combined
medication,
emergency

admission, etc.

H-L good
ness-of-fit
test

0.929 —

Calibr
ation
curve

0.832

/0.871 0.849

Age, cognitive
impairment history,
alcohol abuse
0.882  history, treatment
experience, MAP,
respiratory failure,
BUN

— 0.882

Age, cognitive
impairment history,
alcohol abuse
history, BUN
level, admission
category,
emergency
admission, MAP,
glucocorticoid use,

respiratory failure

0.76 0.75

Age, hypertension
history, invasive
mechanical
ventilation,
hospital stay,
APACHE II
score, acid-base
imbalance

0.891  0.838
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idate Contlnl.lous Modeling Outcome Primary Mot?el Calib Develo Valid
. Vari . Valid . . .
Study Vari able Proce Sample Events Modeling ation ration pment ation Predictors
ables . Size (n) (n) Method Method AUC AUC
(n) ssing Method
Random
. . . H-L good
Zhu 17 o Partlal.ly 147 36 LOngt.IC . split ness-of-fit - 0.749 BUN le.vel, C_vCS
categorical regression  internal test score, infection
validation
Age >65 years,
pain >4, APACHE
II score >13, ICU
. Converted . .
Dai et al. Logistic ~ External environmental
5] — to 140 62 . S 0.764 —
categorical regression validation stressor score
>72, ICU stay >1
week, diabetes,
hypertension
Electrolyte
Bootstrap imbalance,
Zhane et Partially Logistic internal ~ H-L good catheters >2,
al [1g6] 30  converted to 300 93 re rission validation, ness-of-fit 0.941  0.897 diuretic use,
’ categorical & External test GCS score, CRP
validation concentration,
BUN concentration
Age, BMI,
dementia history,
. postoperative
ADM- ADM- ADM- Machlne Calibr 0.858 monitoring,
Wang et Kept 4,999, learning  External . (ADM), .
14 8, 24H- . 1,624, . ation — elective surgery,
al. continuous 24H- (GBT, LR, validation 0.931 .
15 2773 24H-881 DL) rve (24H) pre-ICU hospital
’ days, GCS score,
initial respiratory
rate
Age, APACHE-
II score, coma,
emergency surgery,
mechanical
Random maliple trauna
Cheﬁﬁt al. 11 — 620 160 Log1st.1c . split — 0.78 —  metabolic acidosis,
regression  internal .
S hypertension
validation . .
history, delirium
history, dementia
history,
dexmedetomidine
use
Age, APACHE-
II score, coma,
admission
Calibr category, infection,
Booga[ag]d 25 Partlal.ly 1,613 411 LOngt.IC E){tergal ation 0.87 0.84 metabollc.: acidosis,
et al. categorical regression validation curve morphine use,

sedative use, urea
concentration,
emergency
admission
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idate Contml.lous Modeling Outcome Primary Mot?el Calib Develo Valid
. Vari . Valid . . .
Study Vari able Proce Sample Events Modeling ation ration pment ation Predictors
ables . Size (n) (n) Method Method AUC AUC
ssing Method
(n)
Age, education
Random years, LOC.sc':ore,
. pulse, activity
split .
Moon et Kept Logistic internal level, internal
T 4211 <P 3,284 688 gist e — 0.89  0.72  medicine, BUN,
al. continuous regression validation, . ;
infection,
External
validation number of
catheters, restraint,
psychotropic drugs
Drug abuse,
alcohol abuse,
Random ¢y ma;z’t:;:ﬁ?um
Chenetal. —_ Partially 964 136 Logistic  split ation 0732 — minimum
continuous regression  internal . .
R curve chloride, hospital
validation ;
days, maximum
BUN, minimum
hematocrit
Age, sex, APACHE
II, GCS, SOFA,
. Charlson index.
Partially i Ten-fold . i
Cher%l,(] ot 10 convertedto 8,878 4,431 LOngt.lc Cross- — 0.76 0.67- vasoactive d.rug.s’
al. catecorical regression .4 o 0.78  neuropsychiatric
& history, CRRT,
mechanical
ventilation
Chronic disease
Bootstrap history, hearin
internal im| re}ll;rment ¢
Fan et al Partially Logistic validation, H-L ir?fection j
o 7 converted to 336 68 gist Random  goodness-  0.907 0.9 ’
. regression . APACHE I11>7.5,
categorical split of-fit test . :
. sedation/analgesia,
internal LS
N catheterization,
validation .
sleep disorder
Age, APACHE
II score, coma,
emergency
admission,
Sosamet al. 10 Kept 178 49 LOngt.lc Egterqal o o 0.83 adm1§s10n .
continuous regression validation category, infection,

sedative use,
morphine use, urea
level, metabolic
acidosis

3.5. Model quality assessment

PROBAST was used to evaluate prediction model studies. Regarding participants, 8 studies were rated as
“high risk” because 2 studies excluded patients with “Mini-Mental State Examination (MMSE) score < 10

at admission”, preventing the study population from representing the target population and causing model

d [8,11,14,15,17,18,

prediction performance to be overestimate >3] One study excluded participants with competing
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events such as “postoperative death”, reducing model prediction performance """ The remaining 5 studies’
main risk source was retrospective study design, which is more prone to selection bias and information
bias during modeling and validation phases '"'*'***. Regarding predictors, 1 study’s bias risk was rated as
“unclear” because the article did not clearly state whether predictor assessors were blinded to the outcome
(delirium) "%, Regarding outcome, 2 studies’ bias risk was rated as “unclear”, and 10 studies were rated
as “high risk” *">"*"'*** The main reason for high risk in most studies was using predictor information
when determining outcomes; 2 studies did not report whether outcome definitions were consistent across all

. .. . . 11.17.1
patients ”'*); outcome definition standards and measurement methods were unclear in 5 studies ">'"'"""; 2

studies did not report whether outcome definition excluded predictor information ""'*); and unreasonable time

intervals existed between predictor and outcome assessment in 5 studies \"*'"'"'*!. See Table 3.

Table 3. Quality assessment for risk of bias and applicability concern of the models (n = 17)

Risk of Bias Applicability Overall Assessment

Stud . . . . .
y Partici Predictors Outcome  Analysis !’artlc Predictors Outcome Rls.k of Ap.p.llc
pants ipants Bias ability

Huang et al. ™ Highrisk Lowrisk Lowrisk Highrisk Lowrisk Lowrisk Lowrisk Highrisk  Low risk

Changetal. ™ Highrisk Highrisk Highrisk Highrisk Lowrisk Lowrisk Lowrisk  Highrisk  Low risk

Zhang et al. !

L [20]

Lowrisk Lowrisk  Lowrisk  Highrisk  Lowrisk  Lowrisk  Lowrisk  Highrisk  Low risk
Caoeta Lowrisk Lowrisk  Lowrisk  Highrisk  Lowrisk  Lowrisk  Lowrisk  Highrisk  Low risk

Wasser[lla:?r etal. Lowrisk Lowrisk  Lowrisk  Highrisk  Lowrisk  Lowrisk  Lowrisk  Highrisk  Low risk

Shenetal. "™ Highrisk Lowrisk Highrisk Highrisk Lowrisk Lowrisk Lowrisk Highrisk  Low risk
Zhu 7 Highrisk Highrisk Highrisk Highrisk  Lowrisk  Lowrisk  Lowrisk  High risk Low risk
Daietal. "  Highrisk Lowrisk Highrisk Highrisk Lowrisk Lowrisk Lowrisk  Highrisk — Low risk

1" Lowrisk  Unclear Unclear  Highrisk Lowrisk  Lowrisk  Lowrisk  Highrisk  Low risk

Zhang et a
Wang etal. " Highrisk Lowrisk Lowrisk Highrisk Lowrisk Lowrisk Lowrisk  Highrisk  Low risk
Chenetal.™ TLowrisk Lowrisk Highrisk Highrisk Lowrisk Lowrisk Lowrisk  Highrisk  Low risk

BOOgaﬁ‘ﬁ]d ctal. Lowrisk Lowrisk  Highrisk Highrisk  Lowrisk  Lowrisk  Lowrisk  Highrisk  Low risk

Moon et al. '

Chenetal. ™ Highrisk Highrisk  Unclear  Highrisk Lowrisk Lowrisk Lowrisk Highrisk  Low risk
Cherak etal. " Highrisk Lowrisk Highrisk Highrisk Lowrisk Lowrisk Lowrisk Highrisk  Low risk
Fanetal.™  Lowrisk Lowrisk Highrisk Highrisk Lowrisk Lowrisk Lowrisk  Highrisk — Low risk

Lowrisk Lowrisk  Highrisk Highrisk  Lowrisk  Lowrisk  Lowrisk  Highrisk  Low risk

Sosaetal.” Lowrisk Lowrisk Highrisk Highrisk Lowrisk Lowrisk Lowrisk Highrisk  Low risk

4. Discussion
4.1. Overall high risk of bias in delirium risk prediction models for ICU patients,
with methodological quality needing improvement

Among the 17 included studies, model discrimination was generally good, with all reported development or
validation AUC > 0.7; however, overall methodological quality was low, with all identified as high bias
risk due to deficiencies in statistical analysis, manifested as insufficient events per variable (EPV), improper
continuous variable processing, insufficient explanation or handling of missing data, and lack of external
validation. Systematic evaluation of included studies using PROBAST tool revealed bias risk mainly
concentrated in the following aspects: (1) Regarding participants: most studies used retrospective design,
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and some excluded high-risk populations such as those with cognitive impairment, prone to selection bias;
(2) Regarding predictors: most data came from retrospective medical records, with inconsistent definitions
and measurement methods, and some factors had timing bias; (3) Regarding outcome: predictor information
was used in outcome determination, with unreasonable assessment time intervals; (4) Regarding analysis:
insufficient sample size (most EPV < 20), improper continuous variable processing, unclear missing data
handling, variable selection involving only univariate analysis, and insufficient model validation (lack of
internal validation or only random split processing). This greatly reduced reliability of model performance
assessment and generalization performance. Therefore, future studies should strictly follow PROBAST
specifications, adopt prospective multicenter design, ensure EPV > 20, implement scientific and effective
variable selection methods, and prioritize Bootstrap method or cross-validation for internal validation while
conducting multicenter external validation to construct more reliable ICU delirium risk prediction models.

4.2. Certain commonalities exist among predictors across different delirium risk
prediction models

Results showed that although variables included in each model had different emphases, they showed
obvious commonalities in predictors. Age, APACHE II score, infection/sepsis, metabolic acidosis, and
sedative use were common and stable core prediction indicators across multiple model types. Reasons are
as follows: with increasing age, elderly patients experience decreased brain reserve function and increased
susceptibility to inflammation and metabolic disorders **'; higher APACHE II scores indicate more severe
physiological disorders and systemic inflammatory responses, potentially triggering central nervous system
inflammatory responses, disrupting neurotransmitter balance, and ultimately causing delirium “%; infection
or sepsis can induce delirium by promoting inflammatory responses that damage the blood-brain barrier,
activate microglia, induce neuroinflammation, and interfere with neurotransmitter metabolism; metabolic
acidosis affects neuronal function and energy metabolism by reducing pH, exacerbating internal environment
disorders and promoting delirium occurrence *’; sedative use (especially benzodiazepines) inhibits the
central cholinergic system, disrupts sleep cycles, and increases delirium risk **. Notably, some factors
such as GCS score and mechanical ventilation had relatively lower consensus but still held important value
in specific clinical contexts. For example, GCS score can reflect consciousness level and has important
value for assessing consciousness state in postoperative patients with traumatic brain injury *; prolonged
mechanical ventilation duration can cause acute changes in patients’ cognitive and consciousness states "”;
cardiopulmonary bypass time has critical value in application to post-cardiac surgery patients. Based on this,
during clinical practice, stratified screening strategies combining core factors with scenario-specific factors
should be appropriately implemented: for modifiable factors such as sedative use and mechanical ventilation,
dynamic dose adjustment and daily spontaneous breathing trials should be managed proactively; for high-
risk populations such as elderly patients and those with high APACHE II scores, early warning stratified
monitoring programs should be established. Additionally, medical-nursing communication and handover
systems should be strengthened to ensure effective transmission of high-risk patient information across shifts;
at the nursing level, early mobilization interventions, sensory stimulation regulation, and sleep protection
measures should be implemented to achieve organic combination of risk identification and preventive

intervention.
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4.3. Clinical screening pathways for ICU delirium risk prediction models and future
prospects

Currently, the number of ICU delirium risk prediction models is increasing, but clinical generalizability
still requires verification. Reasons include: model generalization ability is generally insufficient, most are
constructed based on specific subpopulations, and performance significantly decreases when applied to
general ICU patients, such as E-PRE-DELIRIC showing AUC of only 0.54 in cardiac surgery validation
(2431, differences exist among delirium assessment tools (CAM-ICU, ICDSC, etc.) used in different studies,
limiting comparability between models. Additionally, methodologically, 82.4% of studies relied on logistic
regression, making it difficult to capture nonlinear relationships, coupled with problems such as insufficient
sample size (EPV < 20), improper continuous variable processing, and lack of external validation, leading
to high bias risk in studies. Therefore, establishing a stratified screening mechanism is recommended:
first evaluate compatibility between model and target population, reviewing whether inclusion criteria,
assessment tools, and outcome definitions are consistent; second, assess methodological quality according
to PROBAST evaluation, prioritizing models with prospective design, sufficient sample size (EPV > 20),
reasonable variable processing, and multicenter validation; finally, balance prediction performance with
clinical operability, focusing on calibration and accessibility of predictors in routine monitoring. Future
study design should prioritize prospective multicenter large-sample cohorts and follow reporting standards
such as TRIPOD and CHARMS; modeling can introduce machine learning algorithms to explore complex
associations. Meanwhile, urgent need exists to unify delirium assessment standards and core variable
definitions, promote database sharing, and enhance comparability. Ultimately, validated models should be
embedded in electronic medical records or mobile nursing systems to achieve real-time dynamic assessment
and interface with ABCDEF bundle care, constructing a decision-making closed loop from early warning to
intervention to effectively reduce delirium incidence.

5. Conclusion

This study included 17 studies involving 18 prediction models for adult ICU delirium risk, systematically
evaluating participants, predictors, outcomes, and analysis aspects of each model. Results showed that
existing adult ICU delirium risk prediction models generally demonstrated good discrimination (AUC range
0.732-0.941), but most studies had high bias risk due to: incomplete model validation system, inconsistent
validation methods, improper continuous variable processing, and lack of multicenter large-sample
data. Therefore, in future research, referring to PROBAST guidelines, procedures for prediction model
construction and validation should be standardized, using combined internal-external validation, cross-
validation, and other methods to improve model validation system. Meanwhile, multicenter, large-sample
prospective studies should be conducted to enhance model stability and clinical application value. Moreover,
during clinical nursing application, models should be carefully selected based on target population, delirium
assessment tools, prediction time points, and variable availability, and risk warning should be linked with
standardized delirium screening and ABCDEF bundle care interventions to promote translation of prediction

models into clinical practice.
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