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Leveraging artificial intelligence for the management of
postoperative delirium following cardiac surgery

Janis Fliegenschmidt, Nikolai Hulde, Maria Gedinha Preising, Silvia Ruggeri, Ralph Szymanowsky,

Laurent Meesseman, Hong Sun, Michael Dahlweid and Vera von Dossow
BACKGROUND Postoperative delirium is a highly relevant
complication of cardiac surgery. It is associated with
worse outcomes and considerably increased costs of care.
A novel approach of monitoring patients with machine learn-
ing enabled prediction software could trigger pre-emptive
implementation of mitigation strategies as well as timely
intervention.

OBJECTIVE This study evaluates the predictive accuracy of
an artificial intelligence (AI) model for anticipating postoper-
ative delirium by comparing it to established standards and
measures of risk and vulnerability.

DESIGN Retrospective predictive accuracy study.

SETTING Records were gathered from a database for
anaesthesia quality assurance at a specialised heart surgery
centre in Germany.

PATIENTS Between January and July 2021, 131 patients
had been enrolled into the database and had data available
for AI prediction modelling. After exclusion of incomplete
follow-ups, a subset of 114 was included in the statistical
analysis.

MAIN OUTCOME MEASURES Delirium was diagnosed
with the Confusion Assessment Method for the ICU
(CAM-ICU) over three days postoperatively with specific
follow-up visits. AI predictions were also compared with risk
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assessment through a frailty screening, a Shulman Clock
Drawing Test, and using a checklist of predisposing factors
including comorbidity, reduced mobility, and substance
abuse.

RESULTS Postoperative delirium was diagnosed in 23.7%
of patients. Postoperative AI screening exhibited reasonable
performance with an area under the receiver operating curve
(AUROC) of 0.79, 95% confidence interval (CI), 0.69–0.87.
But pre-operative prediction was weak for all methods
(AUROC range from 0.55 to 0.66). There were significant
associations with postoperative delirium: open heart surgery
versus endovascular valve replacement (33.3% vs. 10.4%,
P<0.01), postinterventional hospitalisation (12.8 vs.
8.6 days, P<0.01), and length of ICU stay (1.7 vs. 0.3days,
P<0.01) were all significantly associated with postoperative
delirium.

CONCLUSION AI is a promising approach with consider-
able potential and delivered noninferior results compared
with the usual approach of structured evaluation of risk
factors and questionnaires. Since these established meth-
ods do not provide the desired confidence level, improved AI
may soon deliver a better performance.
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KEY POINTS

� Postoperative delirium is an under-recognised

entity with detrimental impact on affected patients

� Artificial intelligence (AI) can utilise a patient’s

electronic record to provide a low-effort screening

mechanism

� Postoperative screening with an AI-based approach

was helpful in identifying at-risk patients

� At the moment, both the traditional approaches to

pre-operative risk stratification and AI-based were

at best ‘marginal’ in diagnosing postoperative

delirium.

� More comprehensive data availability will continue

to improve AI-based solutions in the field of peri-
u

operative care
�Quality assurance contract between the hospital and the insurance provider on
the prevention of postoperative delirium in elderly patients, monitored by the
German Institute for Quality Assurance and Transparency (IQTIG).
Introduction
Postoperative delirium (POD) is an important complica-

tion of cardiac surgery. Research suggests that despite

continuing academic interest, delirium remains an under-

recognised entity in clinical practice.1 This is despite the

implications that POD has for the clinical course of

surgical patients. POD increases the risk for an extended

period of intensive care, leads to longer hospitalisation,

increased mortality and decreased cognitive outcome.

Cognitive deficits can persist past rehabilitative mea-

sures.2 Consequently, POD presents a clear danger,

especially to vulnerable patients undergoing major sur-

gical interventions. In addition to the detrimental effects

on an individual patient’s short- and long-term outcomes,

a high incidence of POD also generates a significant

economic burden on the healthcare system, as increased

care requires utilisation of scarce resources.3 Recognising

delirium and its prodromes enables healthcare providers

to implement safeguarding measures to prevent the

development of manifest delirium4 and to accurately

recognise patients who would profit from specialised care.

Special emphasis should be placed on the recognition of

hypoactive delirium,5 as it can be considered to be mostly

responsible for the large discrepancy in the incidence of

delirium reported in studies which utilise active screen-

ing versus studies relying on coding data.

In cardiac surgery especially, POD is a major concern.6

Patients are often at high-risk from multimorbidity and

are exposed to extensive surgical interventions with long

anaesthesia, ventilation, and sedation periods. In patients

receiving cardiac surgery, POD has been shown to be an

independent risk factor for neurological decline as well as

increased 30-day and 1-year-mortality.7 Potter et al. found
that POD led to an increased financial burden of 15 592

USD per cardiac surgery patient on average.8
r J Anaesthesiol Intensive Care Med 2022; 2:1
A screening approach requiring very little effort by

healthcare providers could substantially increase the pro-

vision of delirium screening, with a potential to improve

outcome.9 An artificial intelligence (AI) programme rely-

ing on data from a hospital’s electronic health record

(EHR) could provide such a highly accessible screening

instrument, with benefit for patients and providers alike.

Previous studies report high accuracies for models trained

and validated retrospectively within the same dataset and

for general populations.10,11 A prospectively evaluated AI

model also exhibited high performance, but utilised

additional rules and provided predictions at admission

only.12

The AI model in this study was evaluated on data from a

separate, actively screened cohort, with no additional rules

and continuousmonitoring. In a previously published case

report, it successfully identified a patientwhowas at risk of

developing POD following implantation of a left ventricu-

lar assist device (LVAD).13 This work builds on the find-

ings from the index case by analysing the prognostic

accuracy of the AI model on a cohort of cardiac surgery

patients from a high-volume cardiac surgery center.

Methods
Ethics
Ethical approval for this study (Az.2021-861) was provid-

ed by the Ethics Committee of the Medical Faculty,

Ruhr-University Bochum, Division OWL (PO Box 10 03

61, 32503 Bad Oeynhausen), Chairperson Prof. Dr med.

Wolfgang Burchert, on 29 October 2021.

Data acquisition
The patients in this study were retrospectively recruited

from a quality assurance program database.� The pro-

gram provides frailty and delirium screening for patients

of advanced age undergoing cardiac surgery or transcath-

eter cardiac interventions at the Heart and Diabetes

Centre (HDZ) NRW, Germany; a specialised, high-

volume cardiac surgery centre. The programme enrols

a representative subset of patients of 65 years of age and

over, selected based on membership with the AOK

(Allgemeine Ortskrankenkasse, a statutory health insur-

ance provider). After enrolment, patients receive exten-

sive pre-operative screening. It includes measures of

frailty14 (Table 1) such as hand strength and a simple

mobility assessment, patient history including psychiatric

comorbidities and substance use, cognitive assessments

including completion of a preoperative CAM-ICU ques-

tionnaire and the Shulman Clock Drawing Test, as well

as EEG based delirium scoring from a single channel

recording (Fp2-Pz, delta-scan).15 Additionally, patients

undergo risk stratification by checklist according to the

hospital’s standard operating procedure for delirium
(e0010)
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Table 2 Risk factors for postoperative delirium

Age >70 years
>3 Comorbidities: Arterial hypertension, chronic heart failure, diabetes, atrial
fibrillation, stroke, peripheral artery disease, chronic kidney injury

Neurodegenerative disease
Chronic pain
Impaired vision or hearing
Reduced mobility or immobility
Substance abuse (including alcohol)

Checklist for preoperative assessment of patient’s risk for postoperative delirium.
Patients are considered to be at risk when more than three risk factors are
present.

Table 1 Preoperative frailty assessment

Age >70 years
>3 Comorbidities: Arterial hypertension, chronic heart failure, diabetes, atrial
fibrillation, stroke, peripheral artery disease, chronic kidney injury

Neurodegenerative disease
Chronic pain
Impaired vision or hearing
Reduced mobility or immobility
Substance abuse (including alcohol)
Timed-up-and-go test <20 s
Manual strength below age-adjusted threshold on either side
Involuntary weight loss
Reduced general activity
PHQ-2 depression screening

Preoperative frailty assessment. Zero points indicate nonfrail patients, 1–2 points
indicate prefrail patients, greater than two points indicate frail patients.
prevention (Table 2). After surgery, patients are followed

up for three consecutive days and assessed with the CAM-

ICU, theShulmanClockDrawingTest, and they are asked

to report their pain levels and whether they experienced

nausea and vomiting. The EEG screening is repeated for

all threepostoperativeassessments aswell.TheCAM-ICU

measurementswere used as the reference test for delirium.

Statistical analysis was performed with Python 3.8.816,

pandas 1.3.517, scipy 1.7.318 and scikit-learn 1.0.219.

Graphs were plotted with matplotlib 3.5.020.
y clinalytix, DH Healthcare GmbH, CE number (01)4260693990033(8012) 3.0
(11)14012021.
Patient collective
From the quality assurance database, all patients whose

data were available to compute predictions (see section

2.2) were included from 1 January 2021 to 30 July 2021.

Inclusion criteria for enlistment in the quality assurance

program were patient age greater than 64 years, planned

surgical or endovascular intervention and enrolment with

the participating insurance provider. Interventions in-

cluded surgical valve replacements (aortic valve and

mitral valve), off-pump coronary bypass surgery, trans-

catheter aortic valve replacement and tricuspid valve

clipping. Emergency surgery patients were not included.

A total of 131 patients were identified in the study period.

Patients were excluded if predictions from the day before

to three days after surgery were missing. Reasons for this

were peri-operative mortality (n¼ 2), early discharge

(n¼ 4), and technical problems pertaining to the data

export (n¼ 10). One patient was excluded after they
Eur J Anaes
rescinded their consent (n¼ 1). The remaining 114 cases

formed the basis for the statistical analysis in this study.

For some cases, data other than AI predictions were

missing. These patients were not excluded. The numer-

ical basis for all calculations is denoted in the respective

tables.

All patients were subject to the hospital’s standard

delirium prevention measures. This included benzodiaz-

epine-free premedication, only two hours of drinking

restrictions for clear fluids preoperatively, the use of

dexmedetomidine intraoperatively as well as intraopera-

tive depth of anesthesia monitoring. Postoperatively,

patients were regularly assessed by nursing staff. Adher-

ence to the protocol was not monitored.

Artificial intelligence predictions
Artificial intelligence predictions were computed by a

tool named clinalytix.y 21 Using clinalytix, a delirium risk

prediction model was trained on retrospective EHR

entries from HDZ encompassing 6456 cases between

2009 and 2020. The model was trained as a binary

classifier predicting an ICD delirium label in the patient’s

chart at discharge (80:20 train-test-split).22 The clinalytix

tool is integrated with the ORBIS EHR system, the

delirium risk prediction model trained by clinalytix is

deployed as a prediction service. The model training

process uses the Transformer Deep Learning model to

train a binary classification model for delirium risk pre-

diction.23 Features such as lab results, procedures, de-

mographic information, etc. are used as inputs of the

model training process. Clinical entities are extracted

from free-text clinical notes using Natural Language

Processing and serve as additional input features. Diag-

nosis codes at discharge are used to label the samples and

serve as targets for the model training process; more

details can be found in our previous work.21 The gener-

ated models are evaluated on their performance on ret-

rospective data using common metrics such as the area

under the receiver operating curve (AUROC), sensitivity,

specificity, etc. The model that passes the model evalua-

tion is deployed as the delirium risk prediction service

which generates predictions on live data.

The prediction service generates a fractional score, with

higher values indicating higher confidence that a patient

will develop delirium. Evaluation is performed several

times a day, following any change to a patient’s record in

the EHR system, such as the addition of new lab results.

When a change happens, a request is sent to the delirium

risk prediction service. The prediction service parses

each prediction request into an observation which is used

to generate a prediction. The predictions are returned

and displayed in the EHR system. When deployed into

clinical practice, the prediction service generates
thesiol Intensive Care Med 2022; 2:1(e0010)



CE: ; EA9/EJAIC-D-22-00038; Total nos of Pages: 9;

EJAIC-D-22-00038

4 Fliegenschmidt et al. EJAIC

warnings when certain thresholds are crossed. Whenever

its internal risk score increases past 0.5, a ‘yellow alert’ is

generated, indicating that a patient is at increased risk.The

risk score passing 0.75 generates a ‘red alert’, indicating a

high risk of delirium.Thresholdswere chosenbasedon the

evaluationof the trainedmodelona separated testing set.22

Warnings were only visible to the AI working group and

were notdisplayed to the clinicians on thewards or to those

conducting the screenings.

Forall cases includedin theanalysis,predictionscoreswere

generated based on a chronological stream of stored obser-

vations. In the following statistical analysis, five risk scores

were extracted per patient by selecting the highest daily

value from the day before surgery, the day of surgery and

from all of the first three postoperative days. A chronologi-

cal stream of the predictions made on the same patient is

generated to show the changes of prediction scores follow-

ing the progress of the patient stay. Observation inputs for

each prediction can be analyzed and the top contributing

features for each prediction are also provided for further

analysis. In this cohort study, patients could only be in-

cluded fromJanuary 2021, since thedatawerenot available

for older records. The AI is blinded to the notes of the

postoperative visits so as to prevent the reference test from

influencing the screening tool.

The AI performance in the postoperative screening use

case is evaluated by calculating the correlation of AI

scores with POD, generating the contingency table,

and calculating related performance measures and a

receiver operating characteristic (ROC) curve analysis.

Inspecting the artificial intelligence model: predictive
factors
Individual predictions can be analysed using a method

published by Ribeiro et al. in 2016.24 This assesses the

relative weight of individual factors contributing to a

single prediction. All predictions gathered for this study

were analysed to find the number of unique contributing

and discounting factors. Furthermore, the highest scoring

postoperative prediction from all patients with POD that

were classified as ‘high risk’ (>0.75) were analysed

(n¼ 20). For each patient, the five factors with the most

positively contributing impact were extracted and these

are summarized into a histogram (Fig. 1). This allows for

plausibility checking, but it also serves as evidence of the

complexity of the underlying model.

Risk factors and frailty assessment
In addition to CAM-ICU and frailty screening (including

a Shulman test), all patients underwent the clinic’s stan-

dard pre-operative risk evaluation (Table 1). Predispos-

ing factors for postoperative delirium according to the

literature were identified from the patient history and all

patients with more than three risk factors were consid-

ered to be at risk of POD (Table 2). We analysed the

predictive quality of all screening methods by calculating
Eur J Anaesthesiol Intensive Care Med 2022; 2:1
their association with POD as well as their cut-off,

sensitivity, specificity and a ROC curve analysis.

Results
Patient collective
The mean age of the patients included in this study was

76.7 years, with women comprising 42.1% of the sample,

and 57.9% of patients underwent surgical rather than

endovascular interventions. The overall incidence of

postoperative delirium was 23.7%. The incidence of

POD following endovascular intervention was signifi-

cantly lower at 10.4% compared to 33.3% for surgical

interventions (P< 0.01, x2 test). Compared to patients

who did not develop POD, for those who did develop

POD there was a significant increase in the duration of

postoperative hospitalisation (12.8 vs. 8.6 days, P< 0.01,

Student’s t-test) and in the duration of postoperative

intensive care over the first 3 days (1.7 vs. 0.3 days,

P< 0.01, t-test). There were no statistically significant

associations of POD with gender, age (likely skewed by

the preselection of patients of 65 years and older,) post-

operative nausea and vomiting (PONV), and postopera-

tive pain (Table 3).

Risk stratification
Plotting the AI scores over the peri-operative period

monitored for this study reveals obvious differences in

the scores of patients who developed POD compared to

patients who did not (Fig. 2). There is a visible tendency

for patients with POD to have had higher scores pre-

operatively. However, the graphical presentation already

gives a clear indication that no threshold with perfect

discriminatory performance can be defined. Adhering to

the 0.5 ‘increased risk’ threshold results in an incidence

closely matching that of the reference test.

Table 4 shows how the different methods of pre-opera-

tive risk stratification and the development of POD. All

described methods identified a number of patients close-

ly matching the expected and observed incidence in the

study collective. For all methods, sensitivity was below

0.5 and specificity between 0.76 and 0.82. Calculating

correlations between screening scores and POD yields

significance at a 95% confidence level only for the pre-

operative Shulman test (P< 0.01, Mann–Whitney U-test
(MWU)) in comparison to AI (P¼ 0.06, t-test), the check-
list (P¼ 0.06, MWU) and the frailty assessment (P¼ 0.48,

MWU). Figure 3 shows the ROC analysis.
Postoperative screening
Postoperatively, patients with and without POD received

scores with considerable variance. A good approximation

of the predictive performance of AI screening for POD

can be calculated by comparing AI scores >0.75 during

the first three postoperative days with the CAM-ICU

during these 3 days. The highest postoperative AI score is

highly correlated with the incidence of postoperative
(e0010)
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Fig. 1 Histogram showing the frequency of the top five contributing factors in postoperative, true positive delirium predictions (n¼20).
delirium (P< 0.001, t-test), and the ‘high-risk’ threshold of
0.75 already achieves reasonable discriminatory perfor-

mance. Table 5 shows the contingency table for the AI

software as a postoperative screening tool and Fig. 4 shows

the ROC analysis (AUROC 0.79; 95% CI, 0.69–0.87)
Eur J Anaes
Exploration of artificial intelligence features
While a few features can be identified as more universally

relevant, most features only occur once or twice in the

investigated sample. In the case of the analyzed high-risk

predictions, 56 individual factors were extracted, with
thesiol Intensive Care Med 2022; 2:1(e0010)
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Table 3 Patient characteristics, and the occurrence of postoperative delirium

Patient characteristic Postoperative delirium
y
(R) Postoperative delirium

y
(–) Combined

All patients 27/114, 23.7% 87/114, 76.3% 114, 100%
Male 15/66, 22.7% 51/66, 77.3% 66, 100%
Female 12/48, 25.0% 36/48, 75.0% 48, 100%
Age 77.7 (SD 6.7, IQR 72.5–82.5, n¼27) 76.4 (SD 7.7, IQR 68.5–83, n¼87) 76.7 (SD 7.5, IQR 69–83, n¼114)
Surgical 22/66, 33.3% 44/66, 66.7% 66, 100%
Endovascular 5/48, 10.4% 43/48, 89.6% 48, 100%
Length of postoperative stay8 12.8 d (SD 5.5, IQR 9–14, n¼25) 8.6 d (SD 3.8, IQR 6–10.75, n¼86) 9.5 d (SD 4.6, IQR 7–11, n¼111)
Length of postop. ICU-stay& 1.7 (SD 1.2, IQR 1–3, n¼27) 0.3 (SD 0.7, IQR 0–0, n¼87) 0.66 (SD 1.1, IQR 0–1, n¼114)
NRS$ 2.4 (SD 2.7, IQR 0–5, n¼24) 2.5 (SD 3.0, IQR 0–5, n¼75) 2.5 (SD 2.9, IQR 0–5, n¼100)
PONVM 5/27, 18.5% 15/87, 17.2% 20/114, 17.5%

yDiagnosed by CAM-ICU screenings on the 3 days following intervention. 8Days from intervention to discharge. &Only reported for the three days of postoperative
screening. $‘‘Numerical Rating Scale’’, self-reported pain on a scale from 0 (no pain) to 10 (worst imaginable), averaged over three days post intervention. MPostoperative
nausea and vomiting.
just 18 factors having been observed in more than one

prediction. Analysing all predictions evaluated in this

study yields 426 unique contributing and 318 unique

discounting factors. Furthermore, features are context-

dependent, meaning that a contributing feature in one

prediction can appear as a discounting feature in another

prediction. One instance of context sensitivity can be

read from Fig. 1: even within this rather small group

(n¼ 20), the AI identified male as well as female gender
Fig. 2 Boxplot showing dispersion of AI predictions per day in a 5-day peri
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as contributing factors in different circumstances. Across

all predictions in this study cohort, there are 214 different

factors appearing as contributing as well as discounting

factors.

Discussion
The detrimental effects of POD on the recovery of

cardiac surgery patients are well established. A multitude

of factors contribute to the development, many of them
operative timeframe. AI, artificial intelligence.

ostop. D
ay 2

Postop. D
ay 3

Postoperative
Delirium

CAM−ICU (+)

CAM−ICU (−)

(e0010)



CE: ; EA9/EJAIC-D-22-00038; Total nos of Pages: 9;

EJAIC-D-22-00038

Managing delirium after cardiac surgery with artificial intelligence 7EJAIC
Table 4 Risk score and discrimination by cut-off

Risk scores by POD Postoperative

deliriumy (R)

Postoperative

deliriumy (–)

AI pre-opM 0.45 (IQR 0.28 to
0.62, n¼27)

0.35 (IQR 0.24 to
0.45, n¼87)

AI pre-opM >0.5 9/25, 36.0% 16/25, 64.0%
AI postopz 0.83 (IQR 0.73 to

0.97, n¼27)
0.61 (IQR 0.45 to

0.80, n¼87)
AI postopz >0.5 24/83, 28.9% 59/83, 71.1%
AI postopz >0.75 20/52, 38.5% 32/52, 61.5%
Risk checklist# 3.1 (IQR 2 to 4, n¼26) 2.5 (IQR 2 to 3, n¼86)
Risk checklist# >3 12/32, 37.5% 20/32, 62.5%
Frailty score§ 2.0 (IQR 0 to 3, n¼26) 1.5 (IQR 0.5 to 2, n¼87)
Frailty score§ >2 10/31, 32.3% 21/31, 67.7%
Preop Shulman test 2.5 (IQR 1 to 3, n¼27) 1.7 (IQR 1 to 2, n¼84)
Preop Shulman test >2 13/33, 39.4% 20/33, 60.6%

IQR, interquartile range; POD, postoperative delirium. yDiagnosed by CAM-ICU
screenings on one of the 3 days following intervention; MHighest score on the day
before surgery. zHighest AI score at any point during the 3 days following surgery.
#See Table 2. §See Table 1.

Table 5 Contingency table: postoperative AI screening by CAM-ICU

POD (R) POD (–) Sum

AI screening (þ) 20 32 52 PPV¼0.38
AI screening (–) 7 55 62 NPV¼0.89
Sum 27 87

Sens ¼ 0.74 Spec ¼ 0.63

AI, artificial intelligence; NPV, negative predictive value; POD, postoperative
delirium; PPV, positive predictive value; Sens, sensitivity; Spec, specificity.
Absolute frequencies of manifest postoperative delirium by artificial intelligence
screening result (AI screening (þ), AI risk score � 0 0.75).
subject to ongoing research, like neuroinflammation.25

Since there is no effective therapy for POD, risk stratifica-

tion and prevention are paramount.26 But while pre-oper-

ative assessment for other organ systems is commonplace,

the pre-operative neurological status, let alone psychiatric

comorbidities, are not as rigorously explored.27

Our data show an expected incidence of POD and well

established associations like increased length of stay on

ICU and wards. These findings stress the relevance of

prophylaxis and care for POD and the motivation for, and

potential of, a potent low-barrier screening mechanism.

In previous studies, AI’s predictions demonstrated high

performance when evaluated at hospital discharge, both
Fig. 3 Receiver operating characteristic (ROC) curves of preoperative
risk stratification tools.

Eur J Anaes
retrospectively (AUROC 0.931; 95% CI, 0.929 to 0.932)

and prospectively (AUROC 0.934; 95% CI, 0.927–

0.942).21,22 However, the performance dropped markedly

in the current study with an AUROC of 0.79, (95% CI,

0.69–0.87) in the 3-day postoperative period.

This performance degradation is caused by multiple

factors. First, the delirium prediction model is trained

with a different labelling strategy in contrast to the CAM-

ICU labels used in this study. The postoperative assess-

ments that were used as reference in this study were not

available throughout the training dataset. The AI was

trained to assign high scores to patients who had a

delirium diagnosis coded at discharge. If a patient was

categorised as ‘high-risk’ but developed delirium only

after the three-day follow-up, they were classified as false

positives in this study while being true positives with

regard to the training labelling strategy. Additionally, due

to under-coding, the labelling strategy using discharge

codes is generally more restrictive.
Fig. 4 Receiver operating characteristic (ROC) curve with indicated
area under the curve (AUC) for artificial intelligence (AI) predictions of
postoperative delirium in the postoperative screening use case.

thesiol Intensive Care Med 2022; 2:1(e0010)
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Second, the training dataset was not preselected for age

and need for surgery. The training dataset comprised of

several years of data, with delirium having been signifi-

cantly undercoded, especially in the earlier years. The

cohort in this study, in contrast, is preselected by age and

severity of illness and closely monitored. It follows that

the model was trained on a more general population with

an overall lower risk and without the intervention of

surgery. Advanced age and major surgery are relevant

risk factors all patients in this cohort share, making it

harder to discern what are essentially very-high-risk

patients from a generally high-risk population. High-risk

assessments, even if classified as false positives in this

study, may still be warranted.

Third, the medical centre hosting this cohort study is a

highly specialized clinic, with many patients only under-

going their procedure there but with the postinterven-

tional care in domo. This results in very little data being

available to the AI screening tool for pre-operative eval-

uation. A larger amount of data might help resolve this

problem in other settings and potentially in the studied

centre as well, if more healthcare data were available, e. g.

from primary care physicians.

Overall, none of the examined methods for pre-operative

evaluation stand out as particularly powerful. The risk

checklist and Shulman test perform comparably but miss

more than half of the recorded POD-instances while

producing about twice as much false positives than true

positives. A pre-operative frailty assessment certainly

provides more value than simply identifying patients at

risk for POD, but it does not perform better in this regard

than either the Shulman test or the checklist. The AI

system performs at a comparable level, identifying a

similar number of true positives with a significant number

of false positives as well. However, it should be remem-

bered that while the CAM-ICU as a reference test is

highly specific, it has imperfect sensitivity.28 Also, a once-

daily screening might miss instances of POD.29

Postoperatively, in the absence of regular screening, the

use of the AI as a trigger for more specific diagnostic

measures would have caught about two thirds of the

patients affected. Revisiting the data from previous stud-

ies, where active screening brought about a tenfold

increase in the incidence of POD, this reveals a signifi-

cant potential for AI as a low-barrier screening method.

There is still room for improvement as the AI does not

currently evaluate anesthesia records. Information on

medication, vital signs, duration of the procedure and

other details would improve postoperative screening

performance.30

Strengths and weaknesses
This study evaluates a model trained on eleven years of

EHR data and compares its predictions against data from

an active screening protocol. Consequently, the data
Eur J Anaesthesiol Intensive Care Med 2022; 2:1
quality of the reference screening is substantially better

than that of the training data. The stream data represen-

tation explained above provides strong protection against

information leakage. Predictions are generated continu-

ously over the hospitalisation period with the availability

of new data, enabling more applications for this approach

than fixed timepoints for predictions, especially in con-

trast to solutions which score patient risk only on the day

of admission, the day after admission or the day of

surgery. Another point of note is the mode of model

generation and generalisability described in detail in our

previous work.21

The most notable weakness of this study is the rather

small dataset, which despite high data quality and a

realistic POD incidence, is not quite large enough to

claim stable correlations.31 Also of note, the training data

set is comprised of cases from patients who, for the most

part, were not actively screened for POD. Remarkably,

although trained from a relatively undercoded set with a

different labeling strategy, the AI produced a predicted

incidence closely matching the reference test.

An aspect to be addressed in future work is the prediction

and distinction of delirium sub-phenotypes. Due to cod-

ing challenges, a comparably large database to enable

subphenotype learning and prediction is not yet available

at our center.

Conclusion
Low-effort, highly available screening for postoperative

delirium is an important field of research, and strong tools

would probably contribute to improvements in peri-

operative care. While artificial intelligence’ as evaluated

in this cohort’ does not yet outperform other methods of

pre-operative risk stratification, the potential for devel-

opment continues to be significant and should be

explored further.

Using artificial intelligence predictions as a screening aid

during postoperative care provides an opportunity to

improve awareness of POD in general, and to bring a

reasonably effortless screening method to peripheral,

non-intensive care wards. The data from this cohort

inspires optimism in the ability of AI, especially when

incorporating intra-operative records, to approach reason-

able diagnostic accuracy, to the benefit of patients and

healthcare providers.

Elderly patients, a demographic of growing relevance for

decades to come, stand to benefit the most from improve-

ments in this area. A significant impact on short- and long-

term functional outcomes is evident from current liter-

ature, and recovery metrics such as length of stay and

need of ICU care in this cohort support such claims.

Furthermore, it becomes clear that POD is also a critical

factor in a healthcare system which needs to optimise

resource allocation to be able to provide adequate care for

the growing proportion of the elderly.
(e0010)
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