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HIGHLIGHTS

e A certain proportion of critically ill patients develop delirium within the first 24h after ICU admission.

e Traditional delirium prediction models make a prediction time of 24h after ICU admission cannot predict early delirium.
e Developing machine learning model to predict delirium upon ICU admission is crucial for early intervention.

e Make a second prediction at 24h after ICU admission can improve the prediction of delirium occurred after 24h.

ARTICLE INFO ABSTRACT
Keywords: Study objective: To develop, validate, and deploy models for predicting delirium in critically ill adult patients as
Im_efwive _Care unit early as upon intensive care unit (ICU) admission.
](;rlflgally i Design: Retrospective cohort study.
elirium s an . . . 1 - .
Prediction Setting: Single university teaching hospital in Taipei, Taiwan.

Patients: 6238 critically ill patients from August 2020 to August 2021.

Measurements: Data were extracted, pre-processed, and split into training and testing datasets based on the time
period. Eligible variables included demographic characteristics, Glasgow Coma Scale, vital signs parameters,
treatments, and laboratory data. The predicted outcome was delirium, defined as any positive result (a score > 4)
of the Intensive Care Delirium Screening Checklist that was assessed by primary care nurses in each 8-h shift
within 48 h after ICU admission. We trained models to predict delirium upon ICU admission (ADM) and at 24 h
(24H) after ICU admission by using logistic regression (LR), gradient boosted trees (GBT), and deep learning (DL)
algorithms and compared the models' performance.

Main results: Eight features were extracted from the eligible features to train the ADM models, including age,
body mass index, medical history of dementia, postoperative intensive monitoring, elective surgery, pre-ICU
hospital stays, and GCS score and initial respiratory rate upon ICU admission. In the ADM testing dataset, the
incidence of ICU delirium occurred within 24 h and 48 h was 32.9% and 36.2%, respectively. The area under the

Machine learning
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AUPRC, area under the precision-recall curve; AUROC, area under the receiver operating characteristic curve; CI, confidence interval; DL, deep learning; EHR,
electronic health records; GCS, Glasgow coma scale; GBT, gradient boosted trees; HTTP, hypertext transfer protocol; ICDSC, the Intensive Care Delirium Screening
Checklist; ICU, intensive care unit; LOS, length of stay; LR, logistic regression; SOFA, sequential organ failure assessment; TRIPOD, Transparent Reporting of a
Multivariable Prediction Model for Individual Prognosis or Diagnosis.
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receiver operating characteristic curve (AUROC) (0.858, 95% CI 0.835-0.879) and area under the precision-
recall curve (AUPRC) (0.814, 95% CI 0.780-0.844) for the ADM GBT model were the highest. The Brier
scores of the ADM LR, GBT, and DL models were 0.149, 0.140, and 0.145, respectively. The AUROC (0.931, 95%
CI 0.911-0.949) was the highest for the 24H DL model and the AUPRC (0.842, 95% CI 0.792-0.886) was the

highest for the 24H LR model.

Conclusion: Our early prediction models based on data obtained upon ICU admission could achieve good per-
formance in predicting delirium occurred within 48 h after ICU admission. Our 24-h models can improve
delirium prediction for patients discharged >1 day after ICU admission.

1. Introduction

Delirium is an acute and fluctuating brain dysfunction affecting
attention and cognition. Delirium is prevalent among intensive care unit
(ICU) patients and is associated with increased mortality, length of stay
(LOS), and hospital cost, and long-term cognitive decline. [1-3] Routine
delirium assessment in the ICU using with validated bedside in-
struments, such as the Confusion Assessment Method for the ICU and the
Intensive Care Delirium Screening Checklist (ICDSC), is recommended.
[4-7] Many researchers have developed models that predicted delirium
to reduce the incidence, duration, and severity of delirium. [8-13] The
prediction time of a model is crucial to predict the outcome as early as
possible to get more time to make decision or take action. In a systematic
review of 12 delirium prediction models, most were based on logistic
regression (LR) and the prediction time of these model were 24 h after
ICU admission, and the highest area under the receiver operating
characteristic curve (AUROC) was 0.94. [14] Only a multicenter cohort
study used multiple LR analysis to predict delirium upon ICU admission
and achieved an AUROC of 0.75. [13] The advantage of predicting
delirium at 24 h after ICU admission is having more data to generate
accurate prediction. However, a patient can develop delirium or be
discharged within 24 h of ICU admission; therefore, a model that pre-
dicts delirium upon ICU admission is desirable and could assist in risk
stratification, inform preventative strategies, and improve the allocation
of medical resources. [15] Recently, machine-learning-based algorithms
based on electronic health records (EHR) were employed to developing
prediction models for ICU delirium. [16] The model in the Prediction of
Intensive Care Unit Delirium study could predict delirium within the
first 24 h after ICU admission by using data collected within the first 4 h
after admission with an AUROC of 0.919. [17] However, that model
used >60 features, and so many features complicate practical model
deployment. Therefore, we developed and validated machine learning
models using limited features to predict delirium within 48 h after ICU
admission. We also tested the remote deployment of our optimal pre-
diction model. We additionally trained machine learning models to
predict ICU delirium 24 to 48 h after ICU admission from data obtained
at 24 h after ICU admission and investigated its model performance.

2. Materials and methods
2.1. Study design and data source

We employed data from the anonymized database of a Taipei
teaching hospital, to develop and validate machine learning models. Our
data set comprised the data of adult patients from eight ICUs. The hos-
pital's research ethics committee approved the use of data (REC number
202004016RINB). Written informed consent was waived because of the
retrospective nature of the study and anonymization of health infor-
mation in accordance with the Health Insurance Portability and
Accountability Act Privacy Rules. [18] This study was conducted, and
the results herein are reported in accordance with the Transparent
Reporting of a Multivariable Prediction model for Individual Prognosis
or Diagnosis (TRIPOD) statement [19] and the recommended guidance.
[20] We calculated LOS in the ICU as the ICU discharge date minus ICU
admission date.

2.2. Population and datasets

We excluded patients who were aged <20 years upon ICU admission
and those whose delirium could not be assessed (e.g. Richmond Agita-
tion Sedation Scale score < —3 during the whole first 48 h). We split the
data by time into the training and testing dataset according to the
recommendation of the TRIPOD statement [19]. It allowed for non-
random variation between the training and testing datasets in real
world. To develop the admission models (ADM models), we allocated
the records of patients admitted between August 2020 and May 2021 to
the ADM training dataset. To validate the ADM models, we allocated the
records of patients admitted between June 2021 and August 2021 to the
ADM testing dataset. When developing and validating the 24-h models
(24H models), we excluded patients who were discharged within 1 day
(on day 0 or 1) of ICU admission and allocated the remaining records
into the 24H training and testing datasets.

2.3. Data processing

We extracted the following variables: demographic characteristics,
premorbid status, treatments, Glasgow coma scale (GCS), vital signs
measurements, and laboratory data obtained from the first 24 h after
ICU admission. We used a frequency histogram to screen the data and
deleted the outliers and erroneous data according to the definition of
outliers in the data dictionary of Taiwan Center of Outcome and
Resource Evaluation, in cooperation with the Australian and New Zea-
land Intensive Care Society Centre for Outcome and Resource Evalua-
tion [21]. We used RapidMiner Studio (Version 9.10, RapidMiner,
Boston, MA, USA) for additional data processing. [22-24] Missing data
were imputed using the k-Nearest Neighbor model. Finally, the eligible
feature data underwent Z-normalization.

2.4. Outcomes

The predicted outcome was any positive results (a score > 4) of the
delirium screening test using the Intensive Care Delirium Screening
Checklist (ICDSC) that was assessed by primary care nurses in each 8-h
shift within 48 h after ICU admission. The ICDSC has eight domains
based on the Diagnostic and Statistical Manual of Mental Disorders
(DSM-1V) criteria and evaluates features and severity of delirium:
altered level of consciousness, inattention, disorientation, hallucinations
or delusions, psychomotor activity, inappropriate speech or mood, sleep
disturbance or fluctuation of symptoms [5]. Routine delirium assess-
ment was promoted in our hospital since 2018, and the ICU nurses were
trained and examined for using ICDSC to screen delirium. During the
training periods, we had invited an experienced Psychiatrist to discuss
and design the lectures, workshop, and training program together. The
observational periods were 0-48 and 24-48 h after ICU admission for
the ADM and 24H models, respectively.

2.5. Feature selection

We developed the models using RapidMiner Studio. When training
the ADM models, only data obtained before or upon ICU admission
could be used as features for training. Eligible features for training the
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ADM models included age, sex, height, weight, medical history of cor-
onary artery disease, congestive heart failure, dementia, diabetes, or
end-stage renal disease, admission after elective surgery, admission
from the emergency department, pre-ICU hospital stays, first GCS score,
and initial vital signs parameters upon ICU admission. We extracted
these features according to their descriptive statistics and clinical rele-
vance. [25] We used the explain predictions operator of the RapidMiner
Studio to calculate the feature weights and rank features. Multiple
feature sets were used to training the ADM models. As many available
features as possible were used for initial training. For further feasibility
and practicality of model deployment, we aimed to limit the number of
the features of the ADM models to <10. Several features with lower
feature weights were removed and we checked whether the AUROC
values of the new feature set would decrease a lot. If the AUROC values
did not decrease a lot, we kept removing several features with lower
feature weights. When the AUROC values decreased a lot, we stopped
deleting feature and might add back one feature to maintain averagely
high AUROC values. A feature set with a minimal limited number of
features with an average high AUROC value was selected for model
validation.

When training the 24H models, only data obtained <24 h after ICU
admission could be used as features; these included demographic char-
acteristics, premorbid status, GCS scores, vital signs measurements, di-
agnoses, treatments, and laboratory data. We extracted these features
according to their descriptive statistics and clinical relevance. [25] We
used the explain predictions operator of the RapidMiner Studio to
calculate the feature weights and ranked. Multiple feature sets were used
to training the 24H models. As many available features as possible were
used for initial training. For further feasibility and practicality of model
deployment, we aimed to limit the number of the features of the 24H
models to <20. Several features with lower feature weights were
removed and we checked whether the AUROC values of the new feature
set would decrease a lot. If the AUROC values did not decrease a lot, we
kept removing several features with lower feature weights. When the
AUROC values decreased a lot, we stopped deleting feature and might
add back one feature to maintain averagely high AUROC values. A
feature set with a minimal limited number of features with an average
high AUROC value was selected for model validation.

2.6. Model training and validation

The list of available algorithms in the RapidMiner Studio is presented
in Fig. S1. We trained the models by using three common machine
learning algorithms: logistic regression (LR), gradient boosted trees
(GBT), and deep learning (DL). These three algorithms represented
regression, tree-based, and neural networks techniques, respectively
[26]. We performed 10-fold cross-validation method for model training.
The Optimized Parameter Operator in RapidMiner was used to deter-
mine the optimal parameter set for training the GBT models. The ADM
and 24H testing datasets were used for model validation. The models
were interpreted on the basis of the ranking and weights of features. We
generated a model simulator with a personalized risk assessment in
RapidMiner Studio.

2.7. Remote model deployment

The ADM model with the highest AUROC was used in testing the
feasibility of deploying a remote model with RapidMiner Al Hub for
being accessed by multiple ICUs. We created a web server with a query
function to communicate with the Al Hub using a web application
programming interface (API). A web interface was designed to send
hypertext transfer protocol (HTTP) request with the required features to
the web server. The web server consolidated and converted the HTTP
request into a web API request and then transmitted them to the ADM
model deployed on Al Hub. The web server then received the web API
response from the prediction results from AI Hub and converted and
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integrated the web API response into an HTTP response containing the
prediction and related recommendations. Finally, the HTTP response
was transmitted to the web interface to complete the query process. We
tested two methods of model deployment: one employing a manual
input query function for a single patient and one based on a CSV file
upload for querying for multiple patients.

2.8. Statistical analysis

Categorical variables were compared using a y2 test are expressed
herein as numbers (percentages). Continuous variables were compared
using the Mann-Whitney U test and are expressed as medians (inter-
quartile ranges). A two-sided p value of <0.05 was considered statisti-
cally significant. We performed all statistical analyses using SPSS (SPSS
27; IBM SPSS, USA).

We analyzed the models' discrimination and calibration on the basis
of their AUROC, area under the precision-recall curve (AUPRC), sensi-
tivity, precision, specificity, Brier score, and calibration plot. Brier score
is commonly used to evaluate accuracy of a set of probabilistic forecasts.
Calibration plot is a visualization tool for assessing the agreement be-
tween predictions and observations for different percentiles of predicted
values. Performance measures are reported with 95% confidence in-
tervals (CIs). We compared AUROC and AUPRC by using Python
(version 3.7.3, Python Software Foundation, DE, USA) and the scikit-
learn package (version 0.23.1). The explain predictions operator of the
RapidMiner Studio was used to calculate the feature weights and rank
features. We interpreted the models on the basis of feature rankings and
weights. We drew the calibration plots by using R (version 4.1.3,
Foundation for Statistical Computing, Vienna, Austria).

3. Results
3.1. Dataset information

We used 4999 and 1239 admission records to respectively develop
and validate the performance of the ADM models (Fig. 1). The clinical
characteristics of the patients with and without delirium in the admis-
sion training and testing datasets are presented in Table 1. The incidence
of delirium within 48 h in the ADM training and testing data sets was
32.5% and 36.2%, respectively. In the ADM testing dataset, the mor-
tality rate was higher in the patients with delirium than in the patients
without delirium (16.9% vs 2.4%, p < 0.001), and 32.9% of patients
developed delirium within 24 h. The information of missing data in the
ADM data sets are displayed in Table S1. We used 2773 and 763
admission records to develop and validate the performance of the 24H
models, respectively (Fig. 1). The clinical characteristics of patients with
and without delirium in the 24H training and testing datasets are pre-
sented in Table S2. In the 24H training and testing datasets, the inci-
dence of delirium occurred at 24-48 h were 31.8% and 33.6%,
respectively. In the 24H testing dataset, 84.4% of patients with delirium
24-48 h after ICU admission had developed delirium within 24 h of
admission. The information of missing data in the 24H datasets are
presented in Table S3.

3.2. Performance and feature importance of the ADM models

Multiple feature sets and their AUROC values of different ADM
models during training are presented in Table S4. We selected a feature
set with eight features for the validation of ADM models. These extracted
features included age, body mass index, medical history of dementia,
postoperative intensive monitoring, elective surgery, pre-ICU hospital
stays, and GCS score and initial respiratory rate upon ICU admission.
The model performance of the ADM models is illustrated in Fig. 2. The
AUROC (0.858, 95% CI 0.835-0.879) and AUPRC (0.814, 95% CI
0.780-0.844) of the ADM GBT model were higher than those of the ADM
LR and ADM DL models. The ranking and weight of the features of the
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Eligible patients
(n=7,079)
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Excluded (n = 841)
- Not able to assess delirium
(n=841)

Enrolled patients
(n=6,238)

ADM Training Dataset
(n=4999)

Excluded (n =2,226)
- Discharged on day 0 or 1

(n=1451)
- Not able to assess delirium
(n=775)

24H Training Dataset
(n=2773)

ADM Testing Dataset
(n=1,239)

Excluded (n = 476)
- Discharged on day 0 or 1

(n=287)
- Not able to assess delirium
(n=189)

24H Testing Dataset
(n=763)

Fig. 1. Flowchart of patient inclusion criteria and allocation to training and testing data sets.

ADM = admission; 24H = 24 h.

ADM models are presented in Fig. S2. Postoperative intensive care, GCS
score, and a history of elective surgery were influential features in the
ADM models. The calibration plots of the ADM models are presented in
Fig. 3. The Brier scores of the ADM LR, GBT, and DL models were 0.149,
0.140, and 0.145, respectively.

3.3. Performance and feature importance of the 24H models

Multiple feature sets and their AUROC values of different 24H
models during training are presented in Table S5. We selected a feature
set with 15 features for the validation of 24H models. The features for
developing 24H models included the occurrence of delirium, age, sex,
elective surgery, pre-ICU hospital stays, GCS score, use of invasive
ventilator, mean arterial pressure, lowest mean arterial pressure, arterial
oxygen tension, arterial carbon dioxide tension, lactate level, highest
white cell count, blood urine nitrogen level, and lowest plasma sodium
level. The model performance of the 24H models is presented in Fig. S3.
The AUROC (0.931, 95% CI 0.911-0.949) was the highest for the 24H
DL model and the AUPRC (0.842, 95% CI 0.792-0.886) was the highest
for the 24H LR model. The ranking and weight of the features for the

24H models are presented in Fig. S4. The calibration plots for the 24H
models are presented in Fig. S5. The Brier scores of the 24H LR, GBT, and
DL models were 0.099, 0.105, and 0.098, respectively. Delirium within
24 h, GCS score, age, and intubation within 24 h were influential fea-
tures of the 24H models.

3.4. Personalized risk assessment and model simulator

The ADM GBT admission model simulator with personalized risk
assessment is presented in Fig. S6. In the demonstrated example, the
predicted risk of ICU delirium was 34%, and the identified risk factors
were tachypnea, long LOS before ICU admission, high body mass index,
and older age.

3.5. Demonstration of remote model deployment

The workflow of the manual input and file uploading using the web
interface, web server, API, and Al Hub of RapidMiner are presented in
Fig. 4. Fig. 4 displays the web page for manual input of features and that
for obtaining prediction results of the ADM GBT model. The web page
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Table 1
Characteristics of patients from the ADM training and testing datasets.
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Training dataset

Testing dataset

Delirium within 48 h Negative Positive P values Negative Positive P values
Patient number 3375 1624 790 449

Age (years) 65 (55-74) 72 (62-82) <0.001 65 (55-74) 74 (62-82) <0.001
Female (%) 1260 (37.3%) 674 (41.5%) 0.005 317 (40.1%) 184 (41%) 0.81
Height (cm) 163 (156-169) 162 (155-168) <0.001 162 (156-169) 161 (155-168) 0.014
Weight (cm) 62.5 (54.6-71.6) 59 (51.6-68.5) <0.001 61.5 (53.5-71.4) 58.6 (50.2-68.4) 0.000
Body mass index 23.7 (21.3-26.4) 22.9 (20.3-25.8) <0.001 23.4 (20.9-26.2) 22.8 (20.0-25.4) 0.001
Clinical conditions

Hypertension 1705 (50.5%) 961 (59.2%) <0.001 388 (49.1%) 257 (57.2%) 0.006
CAD 544 (16.1%) 294 (18.1%) 0.082 102 (12.9%) 72 (16%) 0.148
CHF 182 (5.4%) 140 (8.6%) <0.001 36 (4.6%) 56 (12.5%) <0.001
ESRD 171 (5.1%) 136 (8.4%) <0.001 47 (5.9%) 27 (6%) 1.000
Diabetes 952 (28.2%) 598 (36.8%) <0.001 240 (30.4%) 183 (40.8%) <0.001
Dementia 30 (0.9%) 110 (6.8%) <0.001 5 (0.6%) 38 (6.5%) <0.001
Post-operation 1885 (55.9%) 472 (29.1%) <0.001 427 (54.1%) 112 (24.9%) <0.001
Elective operation 1536 (45.5%) 283 (17.4%) <0.001 311 (39.4%) 57 (12.7%) <0.001
Admitted from ED 851 (25.2%) 620 (38.2%) <0.001 237 (30%) 196 (43.7%) <0.001
Pre-ICU hospital stay 2 (2-5) 2(1-11) <0.001 2(1-6) 2(1-9 0.616
Vital signs at ICU admission

Glasgow Coma Scale 15 (14-15) 14 (10-15) <0.001 15 (14-15) 13 (9-15) <0.001
Body temperature (°C) 36.3 (35.7-36.7) 36.3 (35.9-36.8) <0.001 36.3 (35.9-36.6) 36.3 (35.8-36.8) 0.254
Respiratory rate (bpm) 18 (15-22) 20 (17-24) <0.001 19 (15-22) 20 (17-24) <0.001
Heart rate (bpm) 88 (76-102) 98 (84-114) <0.001 89 (77-104) 97 (80-115) <0.001
SBP (mm Hg) 137 (118-156) 131 (112-152) <0.001 135 (116-155) 129 (112-150) 0.001
DBP (mm Hg) 71 (62-83) 70 (60-83) 0.460 71 (61-84) 70 (59-84) 0.548
MAP (mm Hg) 93 (83-106) 92 (79-105) <0.001 94 (81-107) 90 (79-106) 0.047
Disease severity

SOFA* 3(2-5) 7 (4-11) <0.001 3(2-5) 7 (4-11) <0.001
APACHE II 14 (11-17) 21 (17-26) <0.001 13 (11-17) 22 (17-27) <0.001
Clinical outcomes

LOS in ICU (days) 2(1-49 6 (3-13) <0.001 2(1-49 6 (3-14) <0.001
LOS in Hospital (days) 14 (7-27) 31 (16-60) <0.001 18 (9-35) 31 (18-60) <0.001
ICU mortality 92 (2.7%) 285 (17.5%) <0.001 19 (2.4%) 76 (16.9%) <0.001

Values are presented as numbers (percentage) or medians (interquartile ranges). ADM = admission; bpm = beats or breaths per minute for heart rate and respiratory
rate = respectively; CAD = coronary artery disease; CHF = congestive heart failure; DBP = diastolic blood pressure; ESRD = end-stage renal disease; ICU = intensive
care unit; LOS = length of stay; MAP = mean arterial pressure; SBP = systolic blood pressure; SOFA = sequential organ failure assessment.

for uploading a CSV file containing the features of many patients and the
web page for the results of prediction are presented in Fig. S7.

4. Discussion

In this study, we revealed that the mortality rate was higher in the
patients with delirium than in the patients without delirium in the ADM
testing dataset, and 32.9% of ICU patients developed delirium within 24
h. Traditional delirium prediction models designed with a prediction
time of 24 h after ICU admission cannot predict these cases. Upon ICU
admission, our ADM GBT model could predict the delirium occurred
within 48 h with good AUROC and AUPRC. Using updated information
obtained within 24 h after ICU admission, the 24H DL model could
improve the prediction of the delirium occurred at 24-48 h after ICU
admission.

Delirium screening is an initial and indispensable step for preventing
or ameliorating delirium. [27] Our results indicate that early delirium
prediction, upon ICU admission, is feasible with good model perfor-
mance. Because a conventional routine delirium prevention protocol is a
bundle checklist of numerous assessments, non-pharmacologic mea-
sures, medication strategies, family companionship policy, and nursing
care, we suggest that an early prediction model can help medical teams
classify patients into different risk groups. Patients in the different risk
groups may require different bundle of delirium screening frequencies
and prevention measures. It may help to save time and reduce workload
as it decreases the requirement to perform a full set of routine bundle
care for every ICU patient. Additionally, saving time and reducing
workload may allow medical teams to spend more time identifying and
treating the causes of patients with delirium or taking intensive mea-
sures to prevent delirium in high-risk patients. Moreover, our prototype

remote model application can automatically receive the data of many
patients from an EHR system and send prediction results back to the EHR
system. Further studies are warranted to investigate the effect of early
delirium prediction model on the clinical outcomes of patients predicted
to have a high risk of delirium.

Another clinical application of the prediction model is the analysis of
the risk features for developing delirium. Several features were signifi-
cant predictors for both the ADM and 24H models, including age, GSC
score, admission after an elective surgery, and LOS before ICU admis-
sion. Some features are non-modified risk factors like age, elective sur-
gery and LOS before ICU admission, [13,17,28-31] and some features
are modified risk factors or associated with other clinical problems.
Body mass index was valuable feature in our ADM models, because low
body mass index might be associated with weight loss and frailty, which
have been identified as significant risk factors for delirium and mortal-
ity. [32-35] Hypotension, tachycardia and invasive mechanical venti-
lation might be associated with sepsis, septic shock, respiratory failure,
or circulatory failure. [36-44] Disturbances of serum sodium are com-
mon in older adults and associated with frailty, falls, hip fractures, and
delirium. [45-47] Further study is required to investigate the effects of
performing evidence-based interventions to modify these risk factors or
treat the underlying diseases. In the 24H testing dataset, 84.4% patients
with delirium at 24-48 h after ICU admission had developed delirium
within the past 24 h. Further study is required to investigate the treat-
ment and preventive strategies for these patients. Moreover, 11.8%
patients without delirium at 24-48 h after ICU admission had developed
delirium within the past 24 h. These findings showed that the disease
progress of delirium might be fluctuated and reversible. We suggest that
it is reasonable to obtain any clinically plausible and valuable infor-
mation before a predictive model begins to predict features. The effect of
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Fig. 2. Performance of the admission models on testing data sets.
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For clinical utility, a good prediction model should have a predicted risk very close to the observed risk. ADM = admission; DL = deep learning; GBT = gradient-

boosted trees; LR = logistic regression.

removing the feature of delirium occurred within 24 h on model per-
formance of the 24H models was shown in Table S7.

Rank of feature importance of a model can help the clinical staffs to
understand the model. Because of the different algorithms, we can
observe that the ranks and weights of features differ between different
models. In most research, a same feature set was used to train different
models with different algorithms for easy comparison of performance
among the models. In fact, an algorithm may have better model per-
formance than another model when using a different feature set. Even a
logistic regression model may have better performance than machine
learning models in specific population. Beside good model performance,

we suggest that determining a right model for deployment should
consider its feasibility and practicability. A super model has an AUROC
of 0.971 using 150 complex features may not be as feasible and practi-
cable as a good model has an AUROC of 0.931 using 15 easily accessible
features. Furthermore, regular testing of the performance and calibra-
tion of a deployed model with new data is crucial to determine the
timing to retrain a model to maintain good or better performance.
Regarding to missing data imputation, it requires clinical knowledge to
correctly interpret the reason of missing and multiple techniques to
make a good and reasonable imputation. In this study, k-Nearest
Neighbor model imputation of missing data improved the performance
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of ADM models (Table S8), but it did not affect the performance of 24H
models. Other imputation methods can be considered to improve model
performance in further study. [48,49]

Our study has several strengths. We developed a model that can
predict delirium using data obtained soon after ICU admission. In
addition, the training and testing data were split by time according the
suggestion of the TRIPOD statement to allow the non-random variation
between training data and real data in future. [19] Furthermore,
delirium was defined on the routine clinical assessment of the ICDSC by
ICU nurses, which was the real circumstance for model deployment,
rather than specific assessment by study nurses only during the inves-
tigation periods. One reminder is that ICDSC is a screening checklist for
finding out the patients at high risk of delirium. Further studies are
required to develop a practical and accurate diagnostic checklist for
delirium.

Nevertheless, our study has several limitations. First, this study
focused on predicting early delirium within the first 48 h after ICU
admission. More patients are required to train and validate prediction of
late delirium. Second, this was a single-center study; therefore, our study
lacks generalizability. However, this also meant that few data were
missing for the selected features; thus, the models performed well for the

local patients. [50] The key to multicenter collaboration is to obtain
high-quality data and information on the data distribution of various
institutions. Third, delirium is a syndrome of brain dysfunction. ICDSC
and our model can help to screen and find out the patients with high risk
of brain dysfunction, but more efforts are required to definitely diagnose
delirium and treat the causes and symptoms of brain dysfunction.
Fourth, extracted features of low GCS score and dementia are well-
known risk factors of delirium. However, a proportion of Psychiatrists
will not diagnose delirium in those patients with GCS < 15, and patients
with dementia may have false positive results of ICDSC [5]. The effect of
removing patients with dementia on the model performance of the ADM
models was shown in Table S6. Finally, information on medications,
procedures, the presence of family members, and environmental factors
was unavailable in our data sets. Expanding the availability of data is
crucial for improving the performance of machine learning models. Our
models predicting delirium at two time points are just the beginning. We
expect more dynamic delirium prediction models will be developed
when real-time updating system for medical big data is clinically
practical.

In conclusion, early delirium prediction upon ICU admission is
feasible, and the model presented herein performs well. Crucially, early
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prediction may facilitate early intervention. Furthermore, a second
prediction at 24 h after ICU admission can improve the prediction of
delirium occurred at 24-48 h after ICU admission.
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