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Abstract

Background: The occurrence of delirium is a prevalent phenomenon among patients admitted to the geriatric intensive care unit
(ICU), with the potential to adversely impact prognosis and augment the risk of complications.

Objective: This study aimed to construct and validate a predictive model for postoperative delirium in elderly patients in ICUs,
providing timely and effective early identification of high-risk individuals and assisting clinicians in decision-making.

Methods: The data from patients admitted to the ICU for over 24 hours were extracted from the Medical Information
Marketplace for Intensive Care IV (MIMIC-IV) database and the eICU Collaborative Research Database (eICU-CRD). The
MIMIC-IV data were split into a training set and an internal validation set (7:3 ratio), while the eICU-CRD data served as an
external validation set. A delirium prediction was conducted for the subsequent prediction windows (12h, 24h, 48h, and whole
stay time) utilising data from the first 24 hours post-admission. The corresponding feature variables were subjected to Boruta
feature selection, and the prediction models were constructed using logistic regression, support vector classifier, random forest
classifier, and extreme gradient boosting (XGB). Subsequently, the model performance was evaluated using receiver operating
characteristic curves, calibration curves, decision curve analysis, and external validation.

Results: The MIMIC-IV and eICU-CRD datasets comprised 5897 and 618 patients, respectively, who were included in the
analysis. A total of 57 features were selected for the construction of the predictive model. In the context of internal validation,
the XGB model demonstrated the most effective prediction of delirium across different prediction windows. The Area under the
curve values for the four prediction windows (12h, 24h, 48h, and whole stay time) were 0.860(95% CI: 0.839-0.880), 0.871(95%
CI: 0.850-0.889), 0.851(95% CI: 0.829-0.871), and 0.846(95% CI: 0.827-0.867), respectively. The Area under the curve values
for the external validation set were 0.828(95% CI: 0.768-0.880), 0.811(95% CI: 0.762-0.855), 0.756(95% CI: 0.705-0.803), and
0.750(95% CI: 0.701-0.795). Furthermore, the XGB model demonstrated the most accurate calibration across all prediction
windows, with values of 0.115, 0.119, 0.136, and 0.144, respectively. Additionally, the decision curve analysis revealed that the
XGB model outperformed the other models in terms of net gain for the majority of threshold probability values. The five most
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significant predictive features identified were the first day's delirium assessment results, invasive ventilation, Sequential Organ
Failure Assessment score, minimum Glasgow Coma Scale score, and type of first care unit.

Conclusions: The high-performance XGB model for predicting postoperative delirium in elderly ICU patients has been
successfully developed and validated. The model predicts the incidence of delirium at 12h, 24h, 48h, and whole stay time after
the first day of hospitalisation within ICU. This enables physicians to identify high-risk patients early, thus facilitating the
optimisation of personalised management strategies and care plans.

(JMIR Preprints 08/10/2024:67258)
DOI: https://doi.org/10.2196/preprints.67258
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Abstract
Background

The occurrence of delirium is a prevalent phenomenon among patients admitted to the geriatric intensive
care unit (ICU), with the potential to adversely impact prognosis and augment the risk of complications.
Objective

This  study aimed to construct  and validate  a  predictive model  for  postoperative delirium in elderly
patients in ICUs, providing timely and effective early identification of high-risk individuals and assisting
clinicians in decision-making.
Methods

The  data  from  patients  admitted  to  the  ICU  for  over  24  hours  were  extracted  from  the  Medical
Information Marketplace for Intensive Care IV (MIMIC-IV) database and the eICU Collaborative Research
Database (eICU-CRD). The MIMIC-IV data were split into a training set and an internal validation set (7:3
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ratio), while the eICU-CRD data served as an external validation set. A delirium prediction was conducted for
the subsequent prediction windows (12h, 24h, 48h, and whole stay time) utilising data from the first 24 hours
post-admission.  The  corresponding  feature  variables  were  subjected  to  Boruta  feature  selection,  and  the
prediction  models  were  constructed  using  logistic  regression,  support  vector  classifier,  random  forest
classifier, and extreme gradient boosting (XGB). Subsequently, the model performance was evaluated using
receiver operating characteristic curves, calibration curves, decision curve analysis, and external validation.
Results

The  MIMIC-IV and  eICU-CRD datasets  comprised  5897  and  618  patients,  respectively,  who  were
included in the analysis. A total of 57 features were selected for the construction of the predictive model. In
the context of internal validation, the XGB model demonstrated the most effective prediction of delirium
across different prediction windows. The Area under the curve values for the four prediction windows (12h,
24h, 48h, and whole stay time) were 0.860(95% CI: 0.839-0.880), 0.871(95% CI: 0.850-0.889), 0.851(95%
CI: 0.829-0.871),  and 0.846(95% CI: 0.827-0.867),  respectively. The Area under the curve values for the
external validation set were 0.828(95% CI: 0.768-0.880), 0.811(95% CI: 0.762-0.855), 0.756(95% CI: 0.705-
0.803),  and  0.750(95% CI:  0.701-0.795).  Furthermore,  the  XGB model  demonstrated  the  most  accurate
calibration  across  all  prediction  windows,  with  values  of  0.115,  0.119,  0.136,  and  0.144,  respectively.
Additionally, the decision curve analysis revealed that  the XGB model  outperformed the other models in
terms of net gain for the majority of threshold probability values. The five most significant predictive features
identified were the  first  day's  delirium assessment  results,  invasive  ventilation,  Sequential  Organ Failure
Assessment score, minimum Glasgow Coma Scale score, and type of first care unit.
Conclusions

The high-performance XGB model for predicting postoperative delirium in elderly ICU patients has been
successfully developed and validated. The model predicts the incidence of delirium at 12h, 24h, 48h, and
whole stay time after the first day of hospitalisation within ICU. This enables physicians to identify high-risk
patients early, thus facilitating the optimisation of personalised management strategies and care plans.
Keywords: Elderly;  delirium;  machine  learning;  artificial  intelligence;  delirium  assessment;  predictive
modeling
Introduction

Delirium  is  an  acute  neuropsychiatric  syndrome  for  which  the  pathogenesis  remains  incompletely
understood. It is a type of cerebral dysfunction caused by a combination of precipitating factors and external
stresses, accompanied by impairment of cognition, consciousness, attention, and mindset [1, 2]. Delirium can
result in prolonged hospital stays, increased healthcare costs, adverse effects on surgical prognosis, and may
even lead to long-term cognitive impairment and a decline in daily living standards outside the intensive care
unit (ICU) [3-5]. Furthermore, delirium is associated with an elevated risk of postoperative mortality [6-8].
The diagnosis of delirium is a common occurrence in critically ill patients, with a prevalence of up to 82% [9],
and prevention is complicated by the multiplicity and interplay of postoperative delirium triggers. However,
the highly preventable nature of delirium suggests that early intervention will reduce the incidence of delirium
in high-risk patients [10-12].  Fortunately,  approximately 30% to 40% of delirium cases can benefit  from
delirium reduction strategies [13]. Consequently, the early prediction of delirium is of particular importance, it
supports clinicians to implement timely interventions and targeted treatments that can maximize the benefits
of early preventative measures.

Machine learning is an artificial intelligence technique that can process a substantial number of variables
in  a  non-linear  and  highly  interactive  manner  [14].  It  enables  computers  to  learn  from data  and  make
predictions or decisions without being explicitly programmed, thereby overcoming complex problems while
exhibiting good predictive performance [15, 16]. Machine learning has been applied in the medical field for
diagnosing  diseases,  recognizing medical  images,  providing treatment  strategies  and predicting outcomes
[17]. To date, several delirium prediction models have been developed that are more effective in predicting
postoperative delirium than traditional  clinician-based regression models  [18].  However,  the  challenge of
achieving generalised replication across populations, differences in the inclusion of delirium factors across
model groups, lack of reliability due to limited and partially missing retrospective data, and the dispersed and
non-targeted nature of the populations covered remain to be addressed [19-22].

In this study, based on retrospective target data for the elderly population comprehensively collected
from  the  Medical  Information  Marketplace  for  Intensive  Care  IV (MIMIC-IV)  database  and  the  eICU
Collaborative Research Database (eICU-CRD), we developed an early prediction model for delirium using
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machine  learning  algorithms.  Furthermore,  the  independent  variables  were  ranked  according  to  their
predictive importance, thus enhancing the interpretability. Notably, this study included delirium within 24
hours as a predictor in the model for the first time, retained patients who already had delirium on the first day,
and did not neglect this elderly population with a not-so-low prevalence, which could help to comprehensively
predict postoperative delirium in the elderly. More interestingly, Furthermore, this study evaluated the model's
performance across a  range of  observational  and predictive timeframes,  addressing the issue of temporal
variability and preventive effects. This enabled the prediction of postoperative delirium in elderly patients at
both short- and long-term intervals, thereby reducing the likelihood of misestimating the risk of postoperative
delirium due to errors in cognitive attention. 

Our  ultimate  goal  is  to  provide clinicians  with a  tool  to  identify high-risk patients  faster  and more
comprehensively, and to be able to implement accurate and uniquely personalised risk prevention for older
patients earlier based on prediction, thereby adjusting pretreatment strategies and care plans and ultimately
improving prognosis.
Methods
Ethical review

The  MIMIC-IV database  is  approved by  the  Institutional  Review Boards  of  Beth  Israel  Deaconess
Medical Centre and Massachusetts Institute of Technology. Access to the eICU-CRD was approved by the
Massachusetts Institute of Technology Institutional Review Board. Due to the retrospective design, lack of
direct  patient  intervention  and  safety  structure,  and  the  fact  that  all  protected  health  information  in  the
database is de-identified. Our study followed the Transparent Reporting of Multivariate Predictive Models for
Individual Prognosis or Diagnosis statement [23].
Study population

The MIMIC-IV database comprises electronic health record data for 76,943 ICU admissions at Beth
Israel Deaconess Medical Centre between 2008 and 2019 [24]. The eICU-CRD is a multicentre telemedicine
database comprising data on over 200,000 patients admitted to 335 ICUs at 208 hospitals across the United
States between 2014 and 2015 [25]. The study population comprised patients aged 65 years and above who
were admitted to the ICU for the first time following surgery. The inclusion criteria also required that the ICU
duration be at least 24 hours and that at least one validated Confusion Assessment Method for the ICU (CAM-
ICU) be conducted during the initial 24-hour observation window and during subsequent prediction windows.
Furthermore, patients above 89 years of age were excluded from the study, as the database for this age group
was restricted to protect the privacy of the ultra-high elderly population. Additionally, physiological changes
in this age group vary significantly, and their inclusion would not have enhanced the reliability or reference
value of the data. In total, 5897 and 618 patients from the two databases were included in this study. The
detailed flowchart illustrating the inclusion and exclusion criteria is presented in Figure 1.

Figure  1.  Cohort  selection  schema.  MIMIC-IV:  Medical  Information  Marketplace  for  Intensive  Care  IV;
eICU-CRD: eICU Collaborative Research Database; ICU: intensive care unit
Delirium assessment

To identify instances of delirium, all intensive care unit patients received a CAM-ICU. The observation

https://preprints.jmir.org/preprint/67258 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Li et al

window in the study refers to the time period during which patient data were collected and models were
derived. The prediction window in the study refers to the time period between the end of the observation
window and the artificially  set  deadline.  We observed the  patients'  condition on  the  first  day  after  their
admission to the ICU. The incidence of delirium was predicted for the subsequent 12, 24 and 48 hours and
whole ICU stay time. Delirium was diagnosed if at least one valid CAM-ICU value was positive in different
prediction windows.
Data extraction and processing

In light of the existing literature on delirium prediction, the availability of data in relevant databases, the
ease of data extraction and monitoring in a clinical setting, the total of 57 categorical or numerical variables
were identified that met the aforementioned criteria and were subsequently categorized into the following
domains:  demographic data,  vital  signs,  laboratory values,  scores,  comorbidities,  and treatment measures.
Furthermore, the first 24 hours of delirium assessment results and the first care unit type was documented in this
study, thus providing the initial overall picture of the patient's condition. As the admission diagnosis was not
consistent across the application dataset, similarly, downstream variables such as outcome were not available
in real time and were therefore all excluded from the study. The first 24 hours of data were extracted for the
valid variables, and in addition, where patients underwent multiple vital sign measurements or laboratory tests
on the first  day of admission, averages were calculated and extracted to ensure reliability for subsequent
analyses. A list of all the variables used can be found in Textbox 1.
Textbox 1. Variables included in the prediction models.

Demographic data
 Age, gender, race, weight
Vital signs
 Heart  rate,  systolic  blood pressure,  diastolic blood pressure,  mean blood pressure,  temperature,

respiratory rate, oxygen saturation
Laboratory results
 Hematocrit, hemoglobin, platelets, white blood cell, anion gap, bicarbonate, blood urea nitrogen,

chloride, creatinine, glucose, sodium, potassium, international normalized ratio, prothrombin time,
partial thromboplastin time, urine output

Comorbidity
 Myocardial  infarction,  congestive  heart  failure,  peripheral  vascular  disease,  cerebrovascular

disease,  dementia,  chronic  pulmonary  disease,  peptic  ulcer  disease,  renal  disease,  Acquired
Immunodeficiency Syndrome, liver disease, diabetes, tumor

Score
 Sequential Organ Failure Assessment (SOFA), Glasgow Coma Scale (GCS), Charlson Comorbidity

Index
Treatment measures
 Invasive  ventilation, renal  replacement  therapy,  acetaminophen,  anticholinergics,  anticoagulants,

antihistamines,  antipsychotics,  benzodiazepines,  diuretics,  general  anesthetics,  Nonsteroidal
Antiinflammatory Drugs, opioids, vasopressors

Other information
 First 24h delirium assessment, first care unit type 

Furthermore,  to  minimize the impact  of  missing data  on the results,  variables  with more than 15%
missing values were excluded from the final cohort. Missing values were then compensated for using multiple
imputation [26]. Additionally, the data were shuffled to adjust the order of the samples.
Feature Selection

The training data of elderly patients admitted to the ICU following surgical procedures were analyzed
using the pandas data analysis tool. Subsequently, the feature data is normalized and scaled to a standard
normal distribution with a mean of 0 and a standard deviation of 1. The Boruta algorithm identifies the most
salient features by comparing the Z-value of each feature with that of the 'shadow feature'. The Z-value of
each attribute is obtained from the Random Forest model at each iteration by copying all the real features and
shuffling them sequentially. In contrast, the Z-value of the shadow is generated by randomly shuffling the real
features. In multiple independent trials, if the Z-value of a real feature exceeds the maximum Z-value of a
shaded feature, the real feature is deemed to be "important." In this process, the Random Forest model is
trained several times on the dataset, and the most important features are selected to predict the target variable
[27]. This approach helps to ensure that the strongest predictive feature factors are retained while maintaining
the performance of the model.
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Parameter tuning and model development
The MIMIC-IV dataset was divided into a training set and a test set, with the former accounting for 70%

and the latter for 30% of the total data. The eICU-CRD dataset was used as an external validation set. Four
algorithms, namely logistic regression (LR), support vector classifier (SVC), random forest classifier (RFC)
and extreme gradient boosting (XGB), were employed to develop the prediction model for delirium. Through
Bayesian  optimisation,  the  optimal  combination  of  hyper-parameters  for  LR,  SVR,  RFC and  XGB was
automatically identified and incorporated into the corresponding model, which was then trained to achieve a
high level of prediction performance.
Model Performance Evaluation

In  order  to  facilitate  the  prediction  of  results,  auxiliary  functions  were  created  and  Programming
Language Theory library functions  were employed for  the  generation of  receiver  operating characteristic
(ROC) curves and confusion matrix plots. The performance of the various models was then compared using
the area under the curve (AUC) values, accuracy, precision, sensitivity and specificity.

A calibration curve is a visual tool that facilitates comprehension of the reliability and precision of a
model by plotting the correlation between the predicted probability of the model and the actual frequency of
observations [28, 29]. Brier score of 0 signifies optimal calibration, with a closer value to 0 indicating superior
calibration [30].  A decision curve is  a  tool  used to  assess  the  performance of  a  predictive  model  under
different thresholds, and it enables users to comprehend the impact of utilising the model in diverse decision-
making  scenarios  by  plotting  the  model's  prediction  curves  under  varying  decision  thresholds  [31,  32].
Consequently,  this  study  employs  calibration  curves  and  Brier  scores  to  evaluate  the  model's  reliability.
Decision  curve  analysis  was  employed  to  assess  the  net  clinical  benefit.  Shapley  Additive  Explanations
(SHAP) was utilised to investigate the interpretability of the final predictive model.

Finally, in order to assess the generalisation ability of the model and the ability of the model to predict
new samples, the applicability performance of the model predictions was assessed using external validation.
Statistical analyses

Stata  version  17.0,  SPSS  version  27.0.1  and  Python  version  3.9  were  applied  for  data  processing,
statistical analysis, and the development and validation of machine learning algorithms. Categorical variables
were  expressed  as  frequency and percentage  and were  compared  using  the  χ2 test.  Normally  distributed
continuous  variables  were  expressed  as  mean and were  compared  using  t test.  Non-normally  distributed‐
continuous variables, shown as median and interquartile distance, were compared using a rank sum test. P
<0.05 indicates a statistically significant difference, and all tests were two-tailed.
Results
Baseline Characteristics

The final study cohort comprised 5897 patients from the MIMIC-IV dataset, of whom 1926 (32.7%)
were assessed as delirium during the remaining stay after the first day in the ICU. Additionally, 618 patients
from the eICU-CRD database were included, of whom 136 (22.0%) were assessed as delirium during the
remaining stay after the first day in the ICU. Table 1 presents the characteristics of patients who were delirious
and  non-delirious  in  the  prediction  window of  whole  stay  time.  The  characteristics  of  patients  in  other
prediction  windows  are  presented  in  Multimedia  Appendix  1,  Multimedia  Appendix  2,  and  Multimedia
Appendix 3.
Table 1. Baseline Characteristics of delirium and Non-delirium Patients in the prediction window of whole
stay time.

Patients Characteristics
MIMIC-IVa cohort eICU-CRDb cohort
No Delirium
(n=3971)

Delirium
(n=1926)

P
Value

No Delirium
(n=482)

Delirium
(n=136)

P
Value

Demographic data
Age, year, median (IQR) 74.0(69.0,80.0) 76.0(70.0,82.0) <0.001 74.0(69.0,80.0) 75.5(71.0,80.0) 0.140

Gender, male, n (%) 2263(57.0) 1037(53.8) 0.022 244(50.6) 81(59.6) 0.065

Weight, kg, median (IQR) 79.5(67.9,92.0) 77.0(65.2,91.0) <0.001 77.8(65.5,91.4） 77.3(66.1,92.1) 0.777

Race, n (%) <0.001 0.186

Black 253(6.4) 176(9.1) 51(10.6) 22(16.2)

White 2857(71.9) 1220(63.5) 382(79.3) 99(72.8)

Asian 111(2.8) 30(1.6) 2(0.4) 1(0.7)

Hispanic 87(2.2) 47(2.4) 23(4.8) 4(2.9)

Other/Unknown 663(16.7) 453(23.5) 24(5.0) 10(7.4)

First care unit type, n (%) <0.001 0.048

Cardiovascular ICUc 1861(46.9) 481(25.0) 103(21.4) 40(29.4)

Neurological ICU 251(6.3) 240(12.5) 79(16.4) 27(19.9)

Other ICU 1859(46.8) 1205(62.6) 300(62.2) 69(50.7)
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First 24h delirium assessment, n
(%)

<0.001 <0.001

Unable to assess 251(6.3) 233(12.1) 8(1.7) 3(2.2)

Negative 3182(80.1) 636(33.0) 439(91.1) 73(53.7)

Positive 538(13.5) 1057(54.9) 35(7.3) 60(44.1)

Vital signs, median (IQR)
Heart rate, beats/min 79.8(72.2,88.4) 82.5(73.8,93.2) <0.001 83.2(74.6,91.6) 86.6(77.5,97.0) 0.006

Systolic blood pressure, mmHg 115.1(106.9,125.2) 115.2(106.6,125.9) 0.600 119.0(108.2,133.4) 121.0(109.2,130.3) 0.768

Diastolic blood pressure, mmHg 58.3(53.1,64.3) 59.4(53.5,65.2) 0.002 61.0(55.9,67.3) 62.0(56.4,68.6) 0.274

Mean blood pressure, mmHg 74.8(69.9,80.8) 75.3(70.3,81.6) 0.011 78.1(71.2,85.1) 77.8(71.5,85.6) 0.750

Respiratory rate, beats/min 18.2(16.5,20.2) 18.8(16.9,21.1) <0.001 17.5(15.7,19.6) 17.8(15.6,20.8) 0.402

Temperature, ℃ 36.8(36.6,37.0) 36.9(36.6,37.2) <0.001 36.8(36.6,37.1) 36.9(36.6,37.1) 0.722

Oxygen saturation, % 97.2(95.9,98.3) 97.7(96.3,98.8) <0.001 97.3(95.8,98.4) 97.4(96.1,98.6) 0.375

Laboratory  results, median
(IQR)

Hematocrit, % 31.8(28.4,35.5) 32.4(28.6,36.6) <0.001 31.5(28.0,35.0) 29.9(25.2,33.4) <0.001

Hemoglobin, g/dL 10.4(9.3,11.7) 10.5(9.3,11.9) 0.157 10.5(9.3,11.7) 9.6(8.5,10.9) <0.001

Platelet, 109/L 175.0(133.0,225.5) 180.7(133.5,238.7) 0.021 191.8(144.1,243.0) 177.0(129.8,247.6) 0.429

White blood cell, 109/L 11.4(8.6,14.7) 12.2(9.2,15.7) <0.001 11.9(9.1,15.2) 11.6(9.4,16.2) 0.685

Anion gap, mmol/L 13.8(12.0,16.0) 15.0(13.0,17.3） <0.001 11.0(8.0,14.0) 11.2（8.0,15.0） 0.468

Bicarbonate, mmol/L 23.0(21.0,25.0) 22.0(19.7,24.3) <0.001 24.0(22.0,25.6) 23.5(21.0,26.0) 0.400

Blood urea nitrogen, mg/dL 19.5(14.5,29.0) 23.4(16.5,37.0) <0.001 18.5(13.0,26.4) 20.4（14.6,34.8） 0.003

Chloride, mmol/L 104.9(101.5,107.5) 104.5(101.0,108.0) 0.534 104.5(102.0,108.0) 105.9(102.5,109.6) 0.043

Creatinine, mg/dL 1.0(0.8,1.40) 1.10(0.8,1.7) <0.001 1.0(0.8,1.40) 1.10(0.9,1.6) <0.001

Glucose, mg/dL 128.5(110.5,153.5) 138.7(114.6,174.0) <0.001 143.0(121.6,166.0) 139.3(120.2,165.7) 0.622

Sodium, mmol/L 138.5(136.5,140.3) 139.0(136.5,141.3) <0.001 138.3(136.0,140.5) 139.0(136.6,142.0) 0.012

Potassium, mmol/L 4.2(3.9,4.5) 4.2(3.9,4.6) 0.857 4.2(3.9,4.6) 4.2(3.9,4.5) 0.964

International normalized ratio 1.3(1.1,1.4) 1.3(1.1,1.5) <0.001 1.3(1.2,1.5) 1.5(1.3,1.7) <0.001

Prothrombin time, s 14.0(12.4,15.4) 14.2(12.3,16.0) <0.001 15.7(14.1,17.2) 17.0(14.8,19.5) <0.001

partial thromboplastin time, s 31.8(28.0,38.4) 31.6(27.7,39.2) 0.551 34.9(34.2,35.2) 34.9(32.5,35.2) 0.478

Urine output, ml 1550.0(1050.0,2160.0) 1310.0(805.0,1875.0) <0.001 1450.8(943.5,1876.5) 1360.0(770.5,1993.8) 0.268

Comorbidity, n (%)
Myocardial infarct 907(22.8) 455(23.6) 0.503 18(3.7) 3(2.2) 0.548

Congestive heart failure 1301(32.8) 733(38.1) <0.001 34(7.1) 5(3.7) 0.153

Peripheral vascular disease 621(15.6) 297(15.4) 0.829 11(2.3) 4(2.9) 0.900

Cerebrovascular disease 597(15.0) 520(27.0) <0.001 26(5.4) 16(11.8) 0.009

Dementia 95(2.4) 218(11.3) <0.001 5(1.0) 4(2.9) 0.218

Chronic pulmonary disease 1061(26.7) 601(31.2) <0.001 36(7.5) 11(8.1) 0.810

Peptic ulcer disease 110(2.8) 83(4.3) 0.002 2(0.4) 2(1.5) 0.453

Renal disease 955(24.0) 556(28.9) <0.001 82(17.0) 38(27.9) 0.004

AIDSd 1(0.0) 3(0.2) 0.105 1(0.2) 0(0) 1.000

Liver disease 289(7.3) 178(9.2) 0.009 5(1.0) 3(2.2) 0.525

Diabetes 1332(33.5) 705(36.6) 0.020 64(13.3) 21(15.4) 0.518

Tumor 680(17.1) 272(14.1) 0.003 104(21.6) 26(19.1) 0.535

Score, median (IQR)
GCSe 15.00(14.0,15.0) 15.00(13.0,15.0) <0.001 14.0(11.0,15.0) 13.0(8.0,14.0) <0.001

SOFAf 4.00(2.00,6.00) 6.00(4.0,9.0) <0.001 5.0(4.0,7.0) 7.0(6.0,9.0) <0.001

Charlson Comorbidity Index 6.00(5.00,8.00) 7.00（5.0,9,0） <0.001 5.0(3.0,6.0) 5.0(4.0,6.0) 0.025

Treatment measures, n (%)
Renal replacement therapy 104(2.6) 99(5.1) <0.001 19(3.9) 6(4.4) 0.806

Invasive ventilation 1882(47.4) 1446(75.1) <0.001 178(36.9) 64(47.1) 0.033

Acetaminophen 3076(77.5) 1234(64.1) <0.001 258(53.5) 87(64.0) 0.030

Anticholinergics 1364(34.3) 647(33.6) 0.566 80(16.6) 32(23.5) 0.064

Anticoagulants 2600(65.5) 1321(70.1) <0.001 206(42.7) 57(41.9) 0.863

Antihistamines 234(5.1) 70(3.6) <0.001 118(24.5) 17(12.5) 0.003

Antipsychotics 153(3.9) 193(10.0) <0.001 5(1.0) 5(3.7) 0.077

Benzodiazepines 677(17.0) 310(16.1) 0.358 87(18.0) 39(28.7) 0.007

Diuretics 1675(42.2) 747(38.8) 0.013 134(27.8) 39(28.7) 0.841

General anesthetics 1660(41.8) 1171(60.8) <0.001 74(15.4) 30(22.1) 0.065

NSAIDsg 2204(55.5) 755(39.2) <0.001 114(23.7) 40(29.4) 0.171

Opioids 3417(86.0) 1736(90.1) <0.001 282(58.5) 87(64.0) 0.252

Vasopressors 2022(50.9) 1083(56.2) <0.001 90(18.7) 50(36.8) <0.001
aMIMIC-IV: Medical Information Marketplace for Intensive Care IV.
beICU-CRD: eICU Collaborative Research Database.
cICU: intensive care unit.
dAIDS: Acquired Immunodeficiency Syndrome.
eGCS: Glasgow Coma Scale.
fSOFA: Sequential Organ Failure Assessment.
gNSAIDs: Nonsteroidal Antiinflammatory Drugs.

Evaluation of Model Performance
Four  machine  learning  algorithms  were  employed  in  the  construction  of  prediction  models  for  the

occurrence  of  delirium in  elderly  ICU patients  following surgery.  Figure  2  illustrates  the  discriminative
performance of the ROC curves of the four models across different prediction windows. The XGB model
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demonstrated the best prediction of postoperative delirium in elderly patients. The AUC values for the four
prediction windows (12h, 24h, 48h, and whole stay time) were 0.860(95% CI: 0.839-0.880), 0.871(95% CI:
0.850-0.889), 0.851(95% CI: 0.829-0.871), and 0.846(95% CI: 0.827-0.867), respectively. The RFC model
also exhibits satisfactory prediction performance, although it is slightly inferior to that of the XGB model in
general. The corresponding AUC values for the four prediction windows of the RFC model are 0.854(95% CI:
0.832-0.872), 0.864(95% CI: 0.845-0.884), 0.847(95% CI: 0.826-0.867), and 0.841(95% CI: 0.821-0.860),
respectively. Overall, both models exhibited a certain degree of decline in predicting delirium within the long-
term  prediction  window  compared  to  the  short-term  prediction  window,  which  is  consistent  with  our
expectations. The SVC and LR models demonstrated significantly inferior performance compared to the first
two models.  Furthermore,  the  best  performing XGB models  were validated  using  the  following metrics:
accuracy, sensitivity, specificity, positive predictive value, and negative predictive value, as illustrated in Table
2. The confusion matrices associated with these evaluation metrics are presented in  Supplemental Figure
1A.

Figure 2.  Receiver operating characteristic curves for all  machine learning models in different  prediction
windows in the internal validation set. LR: logistic regression; SVC: support vector classifier; RFC: random
forest classifier; XGB: extreme gradient boosting.

Table 2. The prediction performance of extreme gradient boosting models in different prediction windows in
the internal validation set.

Prediction
window

Accuracy,
mean(95% CI)

Sensitivity,
mean(95%CI)

Specificity,
mean(95%CI)

PPVa,
mean(95%CI)

NPVb,
mean(95%CI)

AUCc,
mean(95%CI)
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12h 0.828
(0.811-0.846)

0.456
(0.406-0.506)

0.928
(0.915-0.942)

0.631
(0.574-0.688)

0.866
(0.846-0.886)

0.860
(0.839-0.880)

24h 0.828
(0.811-0.846)

0.507
(0.460-0.553)

0.935
(0.922-0.948)

0.723
(0.673-0.772)

0.851
(0.832-0.869)

0.871
(0.850-0.889)

48h 0.811
(0.793-0.830)

0.585
(0.542-0.628)

0.903
(0.887-0.919)

0.710
(0.667-0.754)

0.843
(0.823-0.862)

0.851
(0.829-0.871)

whole  stay
time

0.797
(0.778-0.815)

0.647
(0.608-0.686)

0.869
(0.850-0.888)

0.706
(0.667-0.744)

0.835
(0.815-0.856)

0.846
(0.827-0.867)

aPPV: positive predictive value.
bNPV: negative predictive value.
cAUC: area under the curve.

In order  to  enhance the  accuracy and precision of  the  model  predictions,  the  model  was  calibrated
utilising Brier scores and calibration curves. As illustrated in Figure 3, the XGB model demonstrates the
optimal fit between the observed and predicted probabilities across diverse prediction windows, indicative of
superior calibration. The Brier scores for the XGB model in predicting delirium across different windows are
0.115,  0.119,  0.136,  and 0.144,  respectively,  substantiating the reliability of our model.  Concurrently,  the
model demonstrates a comparatively higher degree of predictive precision in windows that are relatively early
in time. A decision curve is a tool used to evaluate the performance of a predictive model under different
thresholds. As illustrated in Figure 4, for the internal validation dataset, the XGB model exhibits superior
performance compared to other machine learning models across a range of thresholds for diverse prediction
windows, with the RFC model exhibiting a marginal advantage in a few instances. When multiple evaluation
metrics are considered, the XGB model emerges as the best algorithm.

Figure 3. Calibration curves for all machine learning models in different prediction windows in the internal
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validation set. LR: logistic regression; SVC: support vector classifier; RFC: random forest classifier; XGB:
extreme gradient boosting. A Brier score of 0 indicates perfect calibration, and the closer the value is to 0, the
better the model calibration, and XGB has the best Brier score.

Figure  4.
Decision curves for all machine learning models in different prediction windows in the internal validation set.
LR: logistic regression; SVC: support vector classifier; RFC: random forest classifier; XGB: extreme gradient
boosting.

To evaluate the model's capacity for generalisation and its ability to make predictions on new samples, an
external  validation  of  the  XGB  model  was  conducted  using  the  eICU-CRD  dataset  from  208  different
hospitals.  With  regard  to  the  AUC values  (Figure  5),  the  XGB model  continues  to  demonstrate  robust
performance. The AUC values for the four prediction windows were 0.828(95% CI: 0.768-0.880), 0.811(95%
CI:  0.762-0.855),  0.756(95%  CI:  0.705-0.803),  and  0.750(95%  CI:  0.701-0.795),  respectively.  The
comprehensive performance of the XGB model on the external validation set is presented in Table 3, and the
associated confusion matrix plots are provided in Supplemental Figure 1B.
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Figure 5.Receiver operating characteristic curves for extreme gradient boosting models in different prediction 
windows in the external validation set.

Table 3. The prediction performance of extreme gradient boosting models in different prediction windows in
the external validation set.

Prediction
window

Accuracy,
mean(95%CI)

Sensitivity,
mean(95%CI)

Specificity,
mean(95%CI)

PPVa,
mean(95%CI)

NPVb,
mean(95%CI)

AUCc,
mean(95%CI)

12h 0.903
(0.880-0.926)

0.325
(0.220-0.429)

0.985
(0.975-0.995)

0.758
(0.611-0.904)

0.911
(0.888-0.934)

0.828
(0.768-0.880)

24h 0.867
(0.841-0.894)

0.333
(0.236-0.431)

0.958
(0.941-0.975)

0.577
(0.443-0.711)

0.894
(0.869-0.919)

0.811
(0.762-0.855)

48h 0.811
(0.780-0.842)

0.385
(0.294-0.477)

0.902
(0.876-0.928)

0.457
(0.355-0.558)

0.873
(0.844-0.901)

0.756
(0.705-0.803)

whole  stay
time

0.780
(0.747-0.813)

0.463
(0.379-0.547)

0.869
(0.839-0.899)

0.500
(0.413-0.587)

0.852
(0.820-0.883)

0.750
(0.701-0.795)

aPPV: positive predictive value.
bNPV: negative predictive value.
cAUC: area under the curve.

Variable Importance
The results of the study demonstrated that each variable had a distinct predictive value with respect to the

occurrence of delirium in elderly ICU patients who had undergone surgery. In order to identify the most
influential features in the model, we plotted the feature importance rankings of the XGB model for different
prediction  windows,  comprising  the top  20  features  (as  illustrated  in Figure  6).  The ranking of  features
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exhibits minor fluctuations across different prediction windows. In general, the most significant features were
the first day's delirium assessment results, invasive ventilation, SOFA score, minimum GCS score, and type of
first care unit. Furthermore, certain general anesthetics with concomitant sedation, mean body temperature,
age, body weight and select laboratory metrics were also identified as relatively high-ranking features. The
SHAP summary plot (Figure 7) complements the above ranking by illustrating the impact of each feature on
the model output.

Figure  6.  Feature  importance  ranking  plot of  the  XGB machine  learning  models  in  different  prediction
windows (top 20 features). A, B, C, and D correspond to prediction windows of 12h, 24h, 48h, and whole stay
time, respectively. GCS: Glasgow Coma Scale; SOFA: Sequential Organ Failure Assessment; SBP: systolic
blood  pressure;  DBP:  diastolic  blood  pressure;  MBP:  mean  blood  pressure;  BUN:  blood  urea  nitrogen;
NSAIDS: Nonsteroidal Antiinflammatory Drugs; WBC: white blood cell; SpO2: oxygen saturation.
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Figure  7. Shapley Additive Explanations (SHAP) summary plots of the XGB machine learning models in
different prediction windows (top 20 features). A, B, C, and D correspond to prediction windows of 12h, 24h,
48h, and whole stay time, respectively. Each point in the plot in a given case corresponds to the SHAP value
of the element. The y-axis represents the feature, and the x-axis position indicates the SHAP value or the
extent of the feature's impact on the prediction. The color of the points represents the actual values of the
features, with purple indicating low values and red indicating high values. GCS: Glasgow Coma Scale; SOFA:
Sequential Organ Failure Assessment; SBP: systolic blood pressure; DBP: diastolic blood pressure; MBP:
mean blood pressure;  BUN: blood urea nitrogen;  NSAIDS: Nonsteroidal  Antiinflammatory Drugs;  WBC:
white blood cell; SpO2: oxygen saturation.
Discussion
Principal Results

This  study  presents  the  findings  of  a  large-scale  retrospective  analysis  conducted  of  elderly  ICU
population with a high prevalence of postoperative delirium. An early prediction model for delirium in elderly
ICU patients was developed using four mainstream machine learning algorithms. The most effective XGB
models for identifying high-risk delirium early were then selected. In addition, satisfactory discrimination and
generalisation abilities are demonstrated in both internal and external validation.

To the best of our knowledge, this is the inaugural predictive model to forecast delirium episodes in
elderly patients in a windowed manner. The model is capable of predicting the incidence of delirium at the
next 12, 24, and 48 hours, as well as throughout the subsequent ICU stay, utilising clinical data obtained
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within 24 hours of ICU admission. This addresses the issue of temporal variability and the preventive effect.
Notably, delirium within 24 hours was included as a predictor in the model for the first time in this study,
which  helped to  comprehensively  predict  postoperative  delirium in the  elderly and did  not  overlook the
elderly population with repeated delirium episodes. In addition, the first day's delirium assessment results,
invasive  ventilation,  SOFA score,  minimum GCS score,  and  type  of  first  care  unit  were  the  five  most
significant predictive features.
Comparison With Prior Work

Of all hospital departments, ICU have the highest incidence of delirium, with rates of up to 80% in ICUs
compared to 14-29% in non-ICU inpatients [33]. This is attributable to the high prevalence of ICU delirium
resulting from physical and medication disorders commonly observed in critically ill  patients [34, 35]. In
addition to the fact that patients' susceptibility to postoperative general anesthesia in the elderly population is
significantly associated with an increased risk of ICU delirium [36, 37]. It is therefore imperative that delirium
is predicted at the earliest opportunity upon admission to the ICU, particularly in elderly patients. At present,
the  CAM-ICU  score  is  the  most  frequently  employed  method  for  diagnosing  delirium.  However,  it
necessitates the administration of multiple assessments to ascertain a positive result [38]. Prior research has
demonstrated that clinicians' forecasts of delirium progression are less precise than those of ICU delirium
prediction  models.  This  discrepancy  may  be  attributed  to  various  factors,  including  the  lack  of  clinical
experience among ICU personnel, the volume and intricacy of delirium assessment, and the dearth of attention
devoted to delirium [39-42]. Despite the development of multiple models for the assessment of delirium risk
in the ICU, these models exhibit limitations in their scope and focus. Many models encompass a broad age
range, while others concentrate on the post-surgical recovery period, neglecting the distinctive attributes of
elderly ICU patients [43-45]. In contrast, our machine-learning predictive model demonstrated the capacity to
anticipate delirium onset at an earlier stage, based on data from elderly ICU admissions within 24 hours.
Interestingly,  the  prevalence  of  postoperative  delirium  was  41.8%  in  elderly  patients  in  the  MIMIC-IV
database and 27.7% in elderly patients in the eICU-CRD, which is higher than in previous similar studies [21,
25, 46, 47]. This may be due to the fact that we retained patients who were diagnosed with delirium on the
first day in order to focus on their subsequent progress, which resulted in an increased incidence of delirium in
the overall data. Previous studies have demonstrated that patients with persistent or recurrent delirium tend to
have longer hospital stays and higher mortality rates [48]. Consequently, the value of clinical research and
prevention in this population cannot be overlooked. In conclusion, this study may assist clinicians in making
optimal clinical decisions and providing preventive risk monitoring and personalised care plans for high-risk
patients.

The present  study identified five key factors  most  strongly associated with the  onset  of  delirium in
elderly patients in the ICU. These were the first day's delirium assessment results, invasive ventilation, SOFA
score, minimum GCS score, and type of first care unit. This means that  certain highly predictive features
identified in previous studies (such as age, invasive ventilation, SOFA score, GCS score, and type of first care
unit), were corroborated in the present study [24, 25, 49, 50]. In the present study, the factor of delirium on the
first day was consistently identified as the most important characteristic. It seems plausible to suggest that this
is due to the fact that delirium is a persistent illness from which patients are unlikely to recover in the short
term. This has a cascading effect on subsequent delirium assessments. It is noteworthy that in the MIMIC-IV
dataset  of  this  study,  1595 individuals  were identified as  having delirium on day one.  By day two,  660
(41.3%) of these had moved to a non-delirious state. This suggests that although the result of the delirium-first
day was an important predictor of this study, it was not the sole determining factor. In the meantime, this study
employed SHAP to elucidate  the  intrinsic  information of the XGB model,  thereby offering a transparent
rationale for personalised risk prediction of delirium. This facilitates a more intuitive comprehension of the
influence of pivotal features and provides guidance for clinical decision-making.

In addition, cognitive and behavioural functions in humans are related to neurotransmitter transmission,
and certain anaesthetic drugs may induce delirium by affecting the balance of transmitter transmission and
leading to neurological dysfunction, although the exact mechanism remains unknown [51].  The data from this
study  indicates  that  the  anaesthetic  drugs  administered  on  the  first  day  of  admission  to  the  ICU are  a
significant contributing factor to the development of delirium. Over 98% of these drugs are propofol and
ketamine, which are primarily employed to facilitate the sedation of critically ill patients in the ICU, thereby
enabling  more  effective  monitoring  and  management  of  their  condition.  This  finding  aligns  with  the
observations  reported  by  Zhang  Yang  et  al  [22]. Concurrently,  anaesthetic  drugs  are  metabolised  at  a
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diminished rate in elderly patients,  thereby increasing the probability of adverse effects [52].  Conversely,
specific anaesthetic drugs (e.g. dopamine D2 antagonists) play a pivotal role in the prevention and alleviation
of delirium, which is commonly treated with the use of such drugs in ICU [53].

Several postoperative complications were included in this study to investigate risk factors for delirium. It
was found that there was no significant correlation between postoperative complications and delirium and the
only notable complication was cerebrovascular disease, which may be related to organic brain disease. Other
predictors such as body temperature, anion gap, blood sodium, oxygen saturation, blood urea nitrogen, blood
pressure,  urine output,  blood glucose,  biarbonate,  and platelets  have been validated by similar  studies  or
predictive models [22, 54, 55].
Strengths and Limitations

It is important to note that our study has several notable contributions and strengths. Firstly, this study
differs from previous research in that it constructed four predictive models, rather than a single model. The
optimal predictive XGB model was selected based on the utilisation of conventional clinical feature variables.
The demonstration of favorable predictive performance in both internal and external validation enhances the
clinical utility of the XGB model and provides compelling evidence for its popularity. Secondly, in order to
ensure the quality and quantity of the data, two widely recognised high-quality databases were used: MIMIC-
IV database and eICU-CRD. These databases are characterised by a large sample size and rich clinical data.
The data set used in this study addresses data from an elderly population with a high prevalence of delirium
and is therefore of a higher quality than some studies that use clinically collected data. Last but not least, the
model was constructed using data that were readily available and collected within 24 hours of the patient's
admission to the ICU. This is the inaugural instance in which the characteristics of first 24h delirium assessment
have  been  incorporated,  taking  into  account  the  recurrence  and  persistence  of  delirium  and  prognosis.
Furthermore, different 12h, 24h, 48h, and whole stay time delirium prediction windows were constructed. The
model considers both short- and long-term prediction of delirium, which is crucial for improving continuity of
care and more effectively planning resource allocation in resource-limited settings. Additionally, early and
accurate prediction of delirium allows clinicians to adjust treatment strategies with greater time efficiency.

It is important to acknowledge that our study has certain limitations. Firstly, our study was implemented
and validated retrospectively, and therefore further prospective intervention studies are required to validate the
performance of the model. Secondly, there are currently no clear diagnostic criteria for delirium. Although the
CAM-ICU  tool  is  considered  highly  sensitive  and  specific  for  the  detection  of  delirium  in  the  ICU,
misdiagnosis and underdiagnosis are still inevitable and do not reflect the degree of deterioration of delirium.
Thirdly, there is a possibility of selection bias and interpretive bias, as only variables that were available in all
cohorts and easily extracted from the database were selected in order to ensure the accuracy and validity of the
data. Furthermore, patients who did not have sufficiently valid CAM-ICU data (59% of total ICU admissions
after the initial screening in the MIMIC-IV dataset) were excluded. Fourthly, the European and United States
databases were sourced for this study, due to the inherent limitations of genetically distinct populations with
unique attributes that prevent the predictive models derived from these databases from being generalised to
other  populations.  Fifthly,  state-of-the-art  approaches  to  model  interpretation,  including  SHAP  and  its
alternatives, fail to account for dependencies between features, which inevitably introduces correlation bias
[56, 57].
Conclusions

In this study, we constructed and validated a high-performance prediction model for delirium in elderly
ICU patients. This model can predict the incidence of delirium in the subsequent 12 hours, 24 hours, 48 hours,
and whole stay time using clinical data obtained within 24 hours of ICU admission. It enables clinicians to
promptly identify elderly patients at elevated risk of delirium, thus facilitating the implementation of targeted
and individualised interventions to enhance prognosis and optimise management strategies, while rationalising
healthcare resources.
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