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Abstract

Background: Postoperative delirium (POD) affects ~20% of older surgical patients. It is associated with poor clinical 

outcome and increased mortality. We aimed to identify the major POD risk factors and to develop and validate a 

multivariate algorithm for individual POD risk prediction and risk evaluation in the very early postoperative period. 

Methods: BioCog is a prospective cohort study conducted in the anaesthesiology departments of two tertiary care centres 

in Germany and The Netherlands. Patients aged ≥65 yr with no preoperative dementia (Mini-Mental Status Examination

≥24) undergoing surgery with an expected duration of at least 60 min were enrolled and screened for POD according to 

DSM 5 until the seventh postoperative day. Clinical, neuropsychological, neuroimaging data, and blood were measured 

before and after surgery. We evaluated several models by sequentially adding blocks of variables. Gradient-boosted trees 

(GBT) with nested cross-validation were used for POD prediction. Model accuracy (area under the receiver-operating 

curve, AUC) and calibration were assessed (Brier score).

Results: Out of 929 patients, 184 (20%) experienced POD. A GBT algorithm using both preoperative data, characteristics of 

the intervention, and postoperative changes in laboratory parameters achieved the highest AUC (0.83, [0.79—0.86]) with a 

Brier score of 0.12 (0.12—0.13).

Conclusions: Models combining preoperative with precipitating factors during surgery predict POD with high accuracy. 

This suggests that the resulting algorithms eventually may become useful to support clinical decision-making.

Clinical trial registration: NCT02265263.

Keywords: cohort study; neuroimaging; postoperative complications; postoperative delirium; risk factors; transcriptome
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Editor’s key points

• Postoperative delirium (POD) is a frequent and 

harmful complication of surgery.

• Using data from a prospective cohort study, the Bio-

Cog consortium applied machine learning models to 

predict POD.

• Gradient-boosted tree models integrating clinical, 

molecular, and neuroimaging data from 929 patients 

aged ≥65 yr undergoing elective surgery showed that 

preoperative data, details of the intervention, and 

postoperative changes in laboratory parameters can 

achieve good predictive performance (AUC ≥0.80).

• The data underscore the importance of procedure-

related factors in development of POD.

Delirium is an acute disturbance in attention, awareness, 

cognition, psychomotor behaviour, and emotional state 

because of another medical condition. The incidence of post-

operative delirium (POD) ranges 5—50%, 1 but it is most 

frequent in older patients. 2,3 POD incidence is associated 

with poor cognitive outcomes, hospitalisation, re-

institutionalisation, increased costs, and mortality. 3,4 

Various previous studies have tried to build machine 

learning—based prediction tools for POD, usually based on 

retrospective analyses. 5—9 Only two prospective studies ach-

ieved area under the receiver-operating curve (AUC) values of 

0.71—0.74. 10,11 The prospective Biomarker Development for 

Postoperative Cognitive Impairment in the Elderly (BioCog) 

study was conducted with the main goal to improve POD 

estimation. We were taking a systems medicine approach 

with focus on inflammatory alterations and the immune 

system, the cholinergic system and metabolic changes, and 

indicators for early dementia based on an in-depth system-

atic review. 1 Investigations included a wide range of 

perioperative clinical and neuropsychological parameters, 

neuroimaging, laboratory investigations, and gene 

expression. Furthermore, the incorporation of precipitating 

factors may have additional value to predisposing factors. 

The primary aim of this study was to develop and internally 

validate a POD risk index based on multimodal non-routine 

data intended for use by healthcare professionals to advise 

patients during medical decision-making and allocating 

healthcare resources both during surgery planning in the 

preoperative phase and in the immediate postoperative phase 

up to the first postoperative day.

Methods

Study design

BioCog (clinicaltrials.gov: NCT02265263) is a prospective 

observational cohort study with the aim of identifying POD 

risk factors. The model was developed and internally validated 

in this cohort. All procedures were approved by the local ethics 

committees in Berlin, Germany (EA2/092/14) and Utrecht, The 

Netherlands (14-469), and conducted in line with the declara-

tion of Helsinki. All participants gave written informed con-

sent before inclusion.

Participants

Male and female patients were enrolled in two tertiary care 

centres at the Charit�e—Universit€ atsmedizin Berlin, Berlin 

Germany, and the University Medical Center, Utrecht, The 

Netherlands. Consenting patients aged ≥65 yr presenting for 

elective surgery with an expected duration of >60 min were 

included. Patients meeting one of the following criteria were 

excluded: (1) positive screening for pre-existing major neuro-

cognitive disorder defined as a Mini-Mental Status Examina-

tion (MMSE) score ≤23 points; (2) any condition interfering 

with neurocognitive assessment (severe sensory impairment, 

neuropsychiatric illness including alcohol and drug depen-

dence, intracranial surgery); (3) unavailability for follow-up 

assessment; (4) accommodation in an institution owing to 

official or judicial order; and (5) inability to give informed 

consent.

Study procedures

The preoperative data were collected at least 1 day before 

surgery, including medical history and clinical assessments, 

neuropsychological testing, blood collection, and neuro-

imaging. Postoperative study visits took place twice daily until 

the seventh postoperative day.

Outcome

POD during the first 7 days after surgery was the primary 

endpoint. Independently of the routine hospital procedures, 

POD screening was started in the recovery room and repeated 

twice per day at 8:00 and 19:00 (±1 h) up to 7 days after sur-

gery, by or under the supervision of a study physician. POD 

was defined according to Diagnostic and Statistical Manual of 

Mental Disorders 5 (DSM-5) criteria and assessed by pro-

spective screening with three validated tools which were 

recorded at each visit in accordance with current guide-

lines, 2,3 to mitigate the known tendency of physicians to 

underdiagnose POD. Prospective screening was 

supplemented by chart review for delirium to account for 

symptom fluctuations in delirious patients between study 

visits, especially during night. 12 Patients were considered 

delirious if at least one of the following criteria was positive: 

(1) ≥2 points on the Nursing Delirium Screening Scale (Nu-

DESC); (2) positive Confusion Assessment Method (CAM) 

score on a general ward; (3) positive CAM for the Intensive 

Care Unit (CAM-ICU) score on an ICU; and (4) chart review 

(e.g. ward nurses and physician notes) showing descriptions 

of delirium.

Clinical assessments

Before surgery, the study team recorded sociodemographic 

data and information on medication according to Carnahan’s 
Anticholinergic Drug Scale, health-related quality of life 

(EQ5D), Mini-Nutritional Assessment (MNA) and BMI, tobacco 

and hazardous alcohol consumption (Alcohol Use Disorders 

Identification Test [AUDIT]). A functional and physical 

assessment battery including frailty and walking speed was 

conducted. Precipitating factors recorded were duration of 

surgery and anaesthesia, type of anaesthetic procedure 

(regional anaesthesia, general anaesthesia, or both), type of 

surgery (intracranial, intrathoracic/-abdominal/-pelvic sur-

gery, or peripheral), postoperative pain, prescription of

Machine-learning for multimodal POD risk assessment ■  3



anticholinergic medication daily until the seventh post-

operative day, length of hospital and ICU stay, and complica-

tions and postoperative mortality until the 90th postoperative 

day (Supplementary Chapters 1.1—1.6).

Neuropsychological data

The preoperative cognitive assessment consisted of a 

comprehensive screen-based neuropsychological test battery 

(CANTAB; Cambridge Cognition Ltd., Cambridge, UK) and 

additional tests (Trail-Making-Test Parts A and B, and Grooved 

Pegboard Test). MMSE score at the screening visit, CANTAB 

test scores, and overall preoperative cognitive impairment 

(PreCI) were analysed as risk factors.

PreCI is a dichotomous variable defined through compari-

son of cognitive test performance with a control group. We 

used multiple cognitive test parameters with moderate-to-

good retest—reliability in the control group and calculated z-

scores of the baseline measurement in each test parameter 

assessed in the control group. 13 The same z-transformation 

was then applied to the surgical cohort. Z-scores <—1.96 in at 

least two cognitive test parameters or an averaged z-score 

<—1.96 was used to define PreCI (Supplementary Table 2).

Laboratory parameters

Preoperative serum and plasma samples were collected in 

supine position immediately before induction of anaesthesia 

after 8 h of fasting and on the morning of the first post-

operative day. Blood sampling was performed by trained clinic 

staff according to a standard operating procedure adapted 

from the German National Cohort Study. 14 Samples were 

immediately sent to laboratories adjacent to the respective 

hospital site for analysis, or frozen at —80 ◦ C and shipped to a 

central biobank for sample processing and storage 

(Supplementary Chapter 1.8). Whenever necessary, values 

were adjusted for laboratory.

Transcriptomics

Samples for transcriptomic analysis were collected in PAX-

gene tubes (Qiagen, Hilden, Germany) at the same time points 

as other blood samples. Analyses were performed with 

Affymetrix Clariom S human microarray for RNA and Affy-

metrix® Flash Tag™ Biotin HSR (miRNA 4.1 Array Plates) for 

microRNA analyses (Thermo Fischer, Santa Clara, CA, USA) in 

a GeneTitan™ Multi-Channel Instrument by Atlas Biolabs 

GmbH (Berlin, Germany).

Neuroimaging

The MRI protocol included whole brain T1- and T2-weighted 

high-resolution hippocampus imaging and diffusion tensor 

imaging (DTI). In addition, functional MRI and arterial spin 

labelling were conducted, but have not been considered for 

prediction owing to low between-scanner agreement (inter-

class correlation coefficient of 0.36—0.54 for functional con-

nectivity in default mode, salience executive, and dorsal 

attention networks, and 0.17—0.39 for quantified cerebral 

blood flow). We calculated global and regional brain volumes 

including hippocampal subregions, cortical thickness, and 

curvature from T1-weighted imaging, mean diffusivity, kur-

tosis, and fractional anisotropy from DTI (Supplementary 

Chapter 1.10).

Statistical analysis 

Estimation of sample size

The rule of thumb of Harrell was used to plan an appropriate 

number of POD events for a stable prediction model (i.e. ≥10 

events per independent variable in logistic regression), which 

was considered adequate for machine learning. 15 Requiring 

260 patients with POD for analysis of up to 26 independent 

predictor variables and expecting a 25% incidence of POD, 

the number of required patients was 1040. Assuming a 

dropout rate of 15%, a total number of 1200 patients was 

planned. The initial analysis plan stipulated a training/test 

split approach for internal validation owing to its 

computational efficiency. As the study finally achieved a 

lower cohort size (n=929), nested k-fold cross-validation was 

used instead which works more efficiently on small samples.

Analysis of single parameters

For descriptive purposes, associations of preoperative/peri-

operative parameters with POD were analysed using simple 

logistic regression. We report odds ratios (ORs) with 95% con-

fidence intervals (CIs) for the depending variable POD (refer-

ence category: no POD). To improve the interpretability of 

single parameter analyses, standardising transformations 

were applied to the raw variables (Supplementary Chapter 

1.11.1) so that the OR refers to a change by one standard de-

viation on the independent variable, or dichotomised accord-

ing to clinically relevant cut-off values for presentation of 

interpretable ORs. Standardisation and use of cut-off values 

are reported in the results section, if applicable. Analyses were 

conducted in R v3.5 (R Foundation for Statistical Computing, 

Vienna, Austria) and SPSS software (IBM, Armonk, NY, USA). 

No adjustments for multiple testing were made; therefore, 

results should be considered exploratory, and we abstain from 

reporting P-values.

Machine learning

We applied machine learning (gradient-boosted trees [GBT]) to 

explore how the interplay of a larger set of predictors would 

benefit the prediction of POD risk in a bottom-up, data-driven 

fashion. Data available before surgery or on the first post-

operative day were eligible for inclusion in machine learning, 

as these data were deemed useful for preoperative POD risk 

prediction and postoperative evaluation. Please refer also to 

Supplementary Chapter 1.11.2 for additional implementation 

details not given in the following text.

Variables were assembled into blocks: preoperative data 

from the clinical assessment (‘Clinical’), characteristics of the 

surgical intervention (‘Precipitants’, ‘Pain’), preoperative 

neuroimaging data (‘Imaging’), preoperative values and peri-

operative difference in blood parameters (‘Blood’ and ‘Blood 

periop.’), preoperative RNA and μRNA abundance (‘RNA’ and 

‘μRNA’), and perioperative difference in transcript abundance 

(‘RNA periop.’). Perioperative differences here refer to the 

difference between the value measured on the morning of the 

first postoperative day and the preoperative values. Different 

GBT models were built on combinations of various variable 

blocks. Combinations were selected sequentially, starting with 

simple models (i.e. using only variables from one block) and 

then adding further blocks based on the AUC, assumptions on 

feasibility, and relevance for clinical routine.
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Table 1 Sample description (N=929). *End of anaesthesia was assessed differentially in both study centres. † Relative frequencies are 

calculated after correction for missing values. ‡ Length of survival until the 90th postoperative day is only available for the study centre 

in Berlin. In Utrecht, three patients were deceased before follow-up assessment after 3 months and 27 did not attend follow-up for 

other reasons. ¶ Complications were recorded until discharge in Berlin, and until the seventh postoperative day in Utrecht. § Intracranial 

surgery not affecting brain parenchyma (e.g. meningioma). ASAT, aspartate aminotransferase; AUDIT, Alcohol Use Disorders Iden-

tification Test; CRP, C-reactive protein; freq., frequency; GDS, geriatric depression scale; GGT, γ-glutamyltransferase; IQR, interquartile 

range; ISCED, International Standard Classification for Education; LDL, low-density lipoprotein; max, maximum; min, minimum; 

MMSE, Mini-Mental Status Examination; MNA, Mini-Nutritional Assessment; NBM, nucleus basalis of Meynert; NT-proBNP, N-ter-

minal pro-brain natriuretic peptide; PreCI, preoperative cognitive impairment; preop., preoperative; POD, postoperative delirium; 

postop., postoperative, referring to measurements on the first postoperative day for blood-based variables.

All POD No POD

Median

(IQR)

Min—max Median

(IQR)

Min—max Median

(IQR)

Min—max

Age (yr) 72 (69—76) 65—91 74 (71—73) 65—91 71 (68—75) 65—90

BMI (kg m —2 ) 26.6 (24.0

—29.4) 

14.7—46.8 26.6 (23.7

—29.7)

17.6—44.3 26.6 (24.2

—29.4)

14.7—46.8

MMSE score (points) 29 (28—30) 24—30 28 (27—30) 24—30 29 (28—30) 24—30

GDS 1 (0—3) 0—13 2 (1—3) 0—13 1 (0—3) 0—11

EQ5D 0.88 (0.76

—1.00)

—0.14 to 1.00 0.86 (0.68

—1.00)

0.17—1.00 0.89 (0.78

—1.00)

—0.14 to 1.00

Charlson’s comorbidity index (p) 1 (0—2) 0—10 2 (0—3) 0—7 1 (0—2) 0—10

Preop. haemoglobin (g dl —1 ) 13.1 (11.9

—14.3) 

5.4—17.9 12.5 (11.0

—13.8) 

7.0—16.7 13.3 (12.1

—14.3) 

5.4—17.9

Postop. haemoglobin (g dl —1 ) 11.7 (10.0 

—13.0) 

5.8—16.0 10.3 (8.9 

—11.9)

5.8—15.6 11.9 (10.4 

—13.1)

5.8—16.0

Preop. CRP (mg L —1 ) 3.4 (1.4—8.3) 0.1—232.0 5.7 (2.3—11.2) 0.3—105.0 3.0 (1.2—7.3) 0.1—232.0

Postop. CRP (mg L —1 ) 34.4 (5.9

—56.8)

0.1—253 51.6 (41.2

—91.7)

0.8—227 26.6 (5.0

—53.5) 

0.1—253

Preop. leucocytes (nl —1 ) 6.2 (5.0—7.5) 1.6—24.6 6.3 (4.9—7.8) 2.7—19.4 6.2 (5.0—7.4) 1.6—24.6

Postop. leucocytes (nl —1 ) 9.5 (7.8—11.8) 2.6—31.0 10.4 (8.5

—12.8) 

4.6—31.0 9.4 (7.5—11.5) 2.6—24.6

Preop. IL6 (pg ml —1 ) 2.0 (0.0—5.0) 0.0—423.7 2.7 (0.9—6.8) 0.0—369.7 1.7 (0.0—4.5) 0.0—423.7

Postop. IL6 (pg ml —1 ) 40.0 (13.5

—123.1) 

0.0—468.0 111.8 (35.9

—259.1)

0.0—461.2 32.0 (11.7

—91.3) 

0.0—468.0

Preop. albumin (g L —1 ) 40.7 (37.8 

—43.2) 

15.5—51.7 38.6 (35.3

—42.3)

22.1—51.7 41.1 (38.4 

—43.3) 

15.5—51.6

Preop. creatinine (μM) 76.0 (64.5 

—90.2)

32.7—529.5 75.1 (65.2

—89.5)

35.4—529.6 76.0 (64.5 

—90.6)

32.7—414.6

Preop. NT-proBNP (pM) 6.1 (2.9—21.4) 2.9—617.2 7.1 (2.9—23.4) 2.9—186.7 6.0 (2.9—20.2) 2.9—617.2

Preop. LDL cholesterol (mM) 3.0 (2.3—3.7) 0.1—7.7 2.9 (2.2—3.5) 0.1—6.4 3.0 (2.4—3.6) 0.5—7.7

Brain volume (cm 3 ) 1000 (927

—1086)

721—1424 961 (910

—1046)

721—1208 1007 (932

—1089)

721—1424

NBM volume (mm 3 ) 1752 (1623

—1878)

1287—2321 1716 (1612

—1833)

1287—2138 1759 (1626

—1884)

1287—2321

Hippocampus volume (mm 3 ) 3579 (3322

—3852)

2114—4448 3426 (3190

—3684)

2681—4348 3595 (3368

—3868)

2114—4448

Duration of anaesthesia (Utrecht, min)* 265 (213

—390)

10—1669 314 (238—541) 12—1663 260 (211

—368)

10—1669

Duration of anaesthesia (Berlin, min)* 167 (106

—279)

25—753 334 (202—470) 55—753 150 (98—223) 25—738

Duration of surgery (Berlin, min) y 102 (55—191) 3—594 220 (104—360) 18—594 89 (47—148) 3—572

Duration of hospital stay (days) 7 (4—11) 1—131 11 (7—23) 1—131 5 (3—8) 1—69

Duration of ICU stay (days) 0 (0—0) 0—55 1 (0—3) 0—55 0 (0—0) 0—22

Absolute n y Relative 

freq. y (%)

Absolute n y Relative 

freq. y (%)

Absolute n y Relative 

freq. y (%)

PreCI 122/924 13 43/183 23 79/741 11

Mortality at 3 months (Berlin) ‡ 29/683 4 19/141 13 10/542 2

Complications ¶ Death 18/921 2 5/184 3 13/737 2

Nonfatal 457/921 50 161/184 88 296/737 40

Site of surgery Intracranial § 10/911 1 2/179 1 8/732 1

Intrathoracic,

-abdominal, -pelvic 

397/91 44 116/179 65 281/732 38

Peripheral 505/911 55 61/179 34 443/732 61

Type of 

anaesthesia

General 687/912 75 122/170 72 565/732 77

Regional 57/912 6 4/170 2 53/732 7

Combined 168/912 18 54/170 32 114/732 16

Benzodiazepine long-term intake 173/922 19 60/184 33 113/744 15

Continued
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The GBT algorithm takes a set of decision trees as weak 

classifiers and combines them to form a strong classifier. It 

does so by incrementally adding decision trees during training 

to steadily improve its previous performance. The sampling of 

input cases is focused on those cases that were hard to classify 

before training and individual tree predictions are weighted. 

The GBT models handle missing values natively during 

training. At each decision node, the algorithm learns an 

optimal default direction for samples with missing values by 

evaluating which branch yields the highest information gain. 

This allows the model to utilise all available data without 

requiring explicit imputation. We provide model performance 

parameters for both the full cohort including missing values 

and a complete-case analysis.

During inference, the output is computed through 

sequential application of each tree. GBT provides a continuous 

output parameter bounded between 0 and 1, allowing the 

choice of a clinically relevant cut-off which can be flexibly 

adapted to address various clinical questions and is inherently 

able to handle missing data. Algorithms were programmed in 

Python (Python Software Foundation, Wilmington, DE, USA), 

using the GBT implementation of the XGBoost library 

(RRID:SCR_021361) with a logistic loss function (binary cross-

entropy). GBT models are inherently dependent on several 

key hyperparameters. To optimise these hyperparameters, we 

defined specific value ranges based on plausible expectations, 

establishing a search space anticipated to contain the optimal 

settings for our objectives (maximum depth: integer range 

3—10; learning rate: floating range 0.005—0.1 on a logarithmic 

scale; number of estimators: integer range 5—100; subsample: 

floating range from 0.8—1.0; column sample by tree: floating 

range 0.6—1.0; Γ: floating range 0.0—5.0). Hyperparameter 

optimisation was automated using a Bayesian search strategy 

(Optuna [Preferred Networks Inc., Tokyo, Japan]) to efficiently 

find the optimal parameter set within the defined search 

space. Models were validated using nested cross-validation. 

This approach allows model hyperparameter optimisation 

and model selection while avoiding model overfitting. 

Although each of the training datasets is provided to a

hyperparameter optimised procedure, the evaluation of 

hyperparameters is performed using another cross-validation 

procedure that splits up each of the provided train dataset into 

another set of k-folds.

The AUC and the Brier score with 95% CI are provided. Model 

performance was primarily assessed by the AUC-ROC. To 

evaluate the reliability of the probabilistic predictions, we also 

calculated the Brier score and generated calibration and binned 

residual plots, which assess the agreement between predicted 

probabilities and actual outcomes. The Brier score measures 

the difference between predicted probabilities and actual out-

comes, ranging between 0, for perfect prediction, and 1. 

Sex-specific analyses have been conducted for the best-

performing model.

Results

We recruited 933 patients between November 2014 and April 

2017. Table 1 characterises the sample. The patient flow chart 

is given in Figure 1. Additional details on excluded patients are 

given in Supplementary Chapter 2.1. POD assessments were 

available for 929 patients. Of these, 184 (20%) patients 

developed POD (141/686 [21%] in Berlin, Germany and 43/243 

[18%] in Utrecht, The Netherlands).

Out of 184 patients, 83 (45%) patients with POD were iden-

tified in the bedside screening only, 13 (7%) were diagnosed 

from chart review only, and 88 (48%) were proved in both chart 

review and bedside screening (Supplementary Fig. 4, 

Supplementary Table 3).

Furthermore, 374 patients in the cohort stayed for a period 

of 8 days or longer in hospital, and 361 patients were screened 

for delirium on the seventh postoperative day.

Postoperative delirium risk factors

Figure 2 displays unadjusted OR with 95% CIs for preoperative 

parameters with CIs excluding unity. Sample and effect sizes 

for all parameters are given in the Supplementary material.

Table 1 Continued

All POD No POD

Median

(IQR)

Min—max Median

(IQR)

Min—max Median

(IQR)

Min—max

Benzodiazepine premedication 108/874 12 25/166 15 83/708 12

Postop. pain Screening period 335/904 37 93/179 52 242/725 33

Day of surgery 248/712 35 49/126 39 199/586 34

ASA physical 

status

1 36/929 4 3/184 2 33/745 4

2 557/929 60 81/184 44 476/745 64

3 335/929 36 100/184 54 235/745 32

4 1/929 <1 0/184 0 1/745 <1

Women 394/929 42 85/394 22 99/535 19

MNA Normal 662/911 73 111/182 61 551/729 76

At risk 200/911 22 55/182 30 145/729 20

Malnourishment 49/911 5 16/182 9 33/729 5

Frailty (Fried) Robust 354/631 56 56/142 39 298/489 61

Prefrail 175/631 28 47/142 33 128/489 26

Frail 102/631 16 39/142 27 63/489 13

Smoker 90/903 10 18/175 10 72/728 10

Hazardous alcohol consumption (AUDIT) 62/862 7 14/168 8 46/694 7

ISCED 1997 Level 1þ2 150/839 18 29/165 18 121/674 18

Level 3þ4 343/839 41 64/165 39 279/674 41

Level 5þ6 346/839 41 72/165 44 274/674 41
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Age was directly associated with POD. Among age-related 

conditions, frailty had the strongest association with POD, 

and so were slow walking speed, malnutrition, any functional 

impairment according to Instrumental Activities of Daily 

Living or Barthel index and depressive symptoms. An MMSE 

score <27points had a higher OR for POD than PreCI 

(Supplementary Fig. 5 and Supplementary Table 8). 

Preoperative higher concentrations of cholesterol and 

associated lipoproteins (HDL and LDL) were protective against 

POD. A postoperative decrease in triglycerides, cholesterol, 

and LDL were associated with higher POD incidence.

Four inflammatory parameters were positively associated 

with POD: interleukin (IL)-6, whole blood IL8, 18 C-reactive 

protein (CRP), immature granulocyte fraction, and neutrophil 

count. An increase of inflammatory parameters on the first 

postoperative assessment was associated with higher 

likelihood of POD (CRP: standardised, adjusted OR 1.59 

[1.14—2.21], IL6: standardised OR 1.76 [1.48—2.09], and IL8: 

standardised OR 1.96 [1.18—3.24]). Cellular immune response 

showed a more complex association with POD. Although a 

postoperative increase in leucocytes (standardised, adjusted 

OR 1.36 [1.12—1.64]) and neutrophils (standardised, adjusted 

OR 1.47 [1.2—1.81]) was associated with POD, an increase in 

lymphocytes lowered the odds for POD (standardised, 

adjusted OR 0.66 [0.54—0.81]).

Higher concentrations of tryptophan (standardised, 

laboratory-adjusted OR 0.74 [0.62—0.89]) and albumin also 

lowered the odds for POD. A higher plasma β-amyloid 42/40-

ratio was found to be related to a lower POD likelihood, but 

this association seemed to be driven by increased POD risk in 

patients with higher concentrations of β-amyloid 40.

Both higher preoperative γ-glutamyltransferase concen-

trations and a postoperative decrease (standardised, adjusted 

OR 0.81 [0.68—0.98]) were associated with POD. A postoperative 

increase in transaminases was associated with POD. After 

surgery, decreasing concentrations of oxidative stress indi-

cated by nitrotyrosine concentrations (standardised OR 0.72 

[0.53—0.98]) and nitric oxide production indicated by homo-

arginine concentrations (standardised OR 0.48 [0.31—0.73]) 

were associated with increased POD risk.

Longer duration of anaesthesia and surgery and also blood 

loss (standardised, adjusted OR for perioperative changes in 

Hb: 0.76 [0.63—0.91], thrombocytes: 0.57 [0.46—0.69], and al-

bumin: 0.66 [0.54—0.81]) were associated with POD. Compared 

with general anaesthesia, surgery performed in regional 

anaesthesia was associated with lower rates of POD. Surgery 

with opening of thorax, abdomen, or pelvis was associated 

with increased rates of POD compared with peripheral sur-

gery (Supplementary Table 10). Pain or intake of any 

anticholinergic medication at least once during follow-up 

until the seventh postoperative day was associated with 

POD (Supplementary Figs 6 and 7, Supplementary Tables 11 

and 12).

Various associations of structural MRI-derived parameters 

were observed (complete results: Supplementary Fig. 8, 

Supplementary Table 15). We would like to emphasise a

n=7568 patients screened

n=929 patients included

n=243 patients included for analysis

n=4 loss to follow-up

n=247 patients with baseline assessment

n=39 drop-outs

n=286 patients included

n=1988 patients excluded:
• n=1013 refused participation
• n=368 violation of inclusion/
• exclusion criteria
• n=607 other reasons

n=2274 patients screened in Utrecht

n=686 patients included for analysis

n=0 loss to follow-up

n=686 patients with baseline assessment

n=61 drop-outs

n=747 patients included

n=4547 patients excluded:
• n=1795 refused participation
• n=1448 violation of inclusion/
• exclusion criteria
• n=1304 other reasons

n=5294 patients screened in Berlin

Fig 1. Patient flow chart.
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Anaemia

Tumour

CCI >0 p

ASA 3–4

Age (six levels)

Age and comorbidity

21.751.51.251

Neutrophils (adj.)

Immature granulocytes

IL8 (whole blood)

IL6

CRP (adj.)

Inflammation

10.70.6

Tryptophan (adj.)

LDL (adj.)

HDL (adj.)

Cholesterol (adj.)

Albumin (adj.)

Metabolic

Odds ratio with 95% confidence interval
210.5

HPC: left cingulum FA

HPC: isthmus cinguli dia.

HPC: enthorinal cortex vol.

HPC volume

Brain volume

Neuroimaging (excerpt)

101.00.1

Regional anaesthesia

Surgical opening of
thorax/abdomen/pelvis

Surgery >4 h

Postoperative pain

Anticholinergic medication

Anesthesia >4 h

Precipitating factors

2.521.51

Functional impairment

TUG >10 s

MNA-SF

GDS >0 p

Frailty

Functionality and geriatric assessment

5310.5

Free recall in VRM

GPT

MMSE <27 p

Preop. cogn. impairment

Cognition

1.00.70.6

Beta amyloid-ratio (adj.)

Beta amyloid 40 (adj.)

Beta-amyloid

321

GGT (adj.)

Long-term BDZ intake

Drugs and medication

Fig 2. Summary of parameters that were significantly associated with postoperative delirium (POD). Odds ratios (OR) with 95% confidence

interval (95% CI) are shown (only parameters are depicted with CI excluding unity). The diameter of the circle corresponds to the number

of available datasets. If no information on cut-off values or categories is given, standardised ORs are given for continuously scaled var-

iables. Age was split into six intervals of 5 yr for display purposes. For Mini-Nutritional Assessment—short form (MNA-SF) and frailty,

previously described categories (normal nutritional status, risk of malnutrition, and malnourishment; robustness, pre-frailty, and frailty)

have been aggregated from point scores as recommended.16,17 The term tumour includes diagnoses of solid malignancies, leukaemia, and

lymphoma. Functional impairment refers to presence of any functional impairment in either Barthel Index or index of activities of daily

living. See also Supplementary material. Frailty refers to Fried’s frailty phenotype. adj., adjusted for assessment in different study centres;

BDZ, preoperative long-term prescription of benzodiazepines; CA, cornu ammonis; CAD, coronary artery disease; CCI, Charlson comor-

bidity index; CRP, C-reactive protein; dia., diameter (cortical thickness); FA, fractional anisotropy; GDS, Geriatric Depression Scale; GGT, γ-

glutamyltransferase; GPT, Grooved Pegboard Test (completion time); HDL, high-density lipoprotein; HPC, hippocampus; IL, interleukin;

LDL, low-density lipoprotein; MMSE, Mini-Mental Status Examination; p, points; preop. cogn. impairment, preoperative cognitive

impairment; TUG, Timed up-and-go test; vol., volume; VRM, Verbal Recognition Memory.

8 ■  Lammers-Lietz et al.



protective association of POD with global brain volume and 

hippocampus volume.

Machine learning prediction of postoperative delirium

Figure 3 and Table 2 summarise model performances. Among 

the models using only preoperative data, the model using only 

clinical data performed best. Adding preoperative blood or 

RNA data to the model did not improve the AUC.

The model AUC was increased considerably by adding 

characteristics of the intervention (‘Precipitants’) and periop-

erative changes in laboratory parameters (‘Blood periop.’) to 
the clinical data, and the highest overall AUC was achieved by 

a model using these three blocks of data (Fig. 4; Supplementary 

Figs 9 and 10). Adding transcript data to the model did not 

further improve AUC, but a model exploiting only 

preoperative and postoperative RNA data (‘RNA+RNA 

periop.’) showed almost identical performance.

The perioperative changes in mRNA abundance were more 

often predictive of POD than preoperative abundance in the 

‘RNA+RNA periop.’ model. Most important transcripts were 

BTN3A1 (butyrophilin), LAP3 (leucine aminopeptidase 3), DSN1 

(DSN1 component of MIS12 kinetochore complex), HPGD (15-

hydroxyprostaglandin dehydrogenase), and KIF4B (kinesin

family member 4B). Notably, both preoperative JAK2 (janus ki-

nase) and circular JAK2 mRNA were predictive of POD 

(Supplementary Fig. 11 and Supplementary Table 17). In an 

exploratory Cox regression analysis, we found that a 

considerable number of transcripts (HPGD, BTN3A1, LAP3, 

JAK2, and circular JAK2) were also associated with 

postoperative mortality (Supplementary Fig. 12 and 

Supplementary Table 18).

Discussion

We estimated POD prediction algorithms based on prospec-

tively collected clinical, neuropsychological, blood-based, and 

neuroimaging data. This represents an early evaluation of 

non-routine data, including neuroimaging and gene expres-

sion, to enhance POD prediction from clinical variables 

through data-driven analyses.

By aggregating clinical preoperative data, precipitating 

factors with preoperative laboratory values, and postoperative 

changes, the model achieved good discriminability (AUC 0.83) 

with good model fit.

Previous approaches used retrospectively collected data or 

merged heterogenous data from multiple studies. 7,9,11 The 

only prospective study (SAGES) achieved an AUC of 0.71
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0.90.80.70.60.5

Clinical + Pain periop.

Clinical + Blood periop.

Clinical + Precipitants

+ Precipitants periop.
Clinical + Blood periop.

0.90.80.70.60.5

Imaging

Blood

Clinical

Complete BioCog dataset BioCog RNA subsample

0.90.80.70.60.5

µRNA periop.

RNA periop.

+ Precipitants

RNA periop. + Clinical

RNA + RNA periop.

+ Precipitants

+ Clinical + Blood periop.

RNA + RNA periop.

Clinical + Blood periop.

+ Precipitants

RNA + RNA periop.

+ Clinical + Precipitants

0.90.80.70.60.5

µRNA

RNA

RNA + Clinical

Clinical

Fig 3. Boxplot displaying area under the curve (AUC) of the receiver-operating characteristic (ROC) over different folds of the cross-

validation. A value of 1 indicates 100% sensitivity at 100% specificity, whereas a value of 0.5 indicates indiscriminability of the model

for postoperative delirium (POD). Each model evaluates a different combination of available datasets, as indicated on the Y-axis. periop.,

perioperative (referring to precipitating factors, e.g. pain or medication, and perioperative changes in molecule abundance. Perioperative

values for blood-based parameters including RNA were calculated as the difference between postoperative and preoperative values.); RNA,

transcriptomic data features.
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using machine learning in preoperative clinical data. 10 Our 

model solely relying on preoperative clinical data achieved 

similar performance (AUC 0.76). Notably, the SAGES study 

included patients with specific surgical procedures (joint 

replacement, spinal surgery, vascular surgery, and 

colectomy) and a narrower age range. Considering that age 

and procedure characteristics are important predictor 

variables in our models, our analyses may have benefitted 

from the larger variance in age and more diverse set of 

included surgical procedures in our cohort.

In our analyses, no improvement by adding preoperative 

non-routine data was achieved. Hence, thorough preoperative 

clinical evaluation to identify patients at risk can be

considered a suitable approach in clinical routine. However, 

using algorithms as a diagnostic expert device can support 

quantifying POD risk and drive the establishment of POD risk 

assessment in routine clinical practice. 

Results suggest that information about intervention and 

postoperative course can improve the model to an AUC of 0.8. 

Although models using precipitating data are intended for risk 

monitoring rather than prediction, relevant information is 

usually available before surgery, (i.e. estimated duration of 

intervention and expected postoperative pain), and may be 

used for prediction as well. 

The prediction algorithm is intended for use by healthcare 

professionals and will be made available as a commercial

Table 2 Performance summary of GBT models. *Perioperative values for blood-based parameters including RNA were 

calculated as the difference between postoperative values and preoperative values. † Please note that GBT models 

inherently handle missing values, and hence, analyses can be conducted within the whole cohort, even for special 

data blocks such as ‘imaging’ with large portions of missing values. This allows comparison of performance pa-

rameters of models built from different data blocks as all refer to the same cohort and reflects real-word conditions 

where certain data may not be available for a certain patient (e.g. missing neuroimaging data owing to contraindi-

cations for MRI or urgent surgery). At each decision node, the algorithm learns an optimal default direction for 

samples with missing values by evaluating which branch yields the highest information gain. ‡ Although GBT models 

can handle missing values inherently, models using RNA data were evaluated separately in complete-case analyses as 

transcript abundance was only available for a subgroup of patients. In practice, it can be assumed that mRNA data 

could be obtained from every patient, and therefore, we deemed predictive performance of gene expression data in a 

complete-case analysis more relevant. ¶ These models were calculated for the subsample of patients with RNA data to 

compare model performance in this subgroup of patients. AUC, area under the curve; CI, confidence interval; GBT, 

gradient-boosted trees.

GBT model 

(combination of data 

blocks)

N y AUC Brier score

Mean 95% CI Mean 95% CI

Models using exclusively preoperative data for prediction in the whole BioCog cohort

Clinical 929 0.76 (0.69—0.81) 0.14 (0.13—0.16)

Clinical þ blood 929 0.73 (0.68—0.79) 0.15 (0.14—0.15)

Blood 929 0.61 (0.54—0.68) 0.18 (0.16—0.20)

Imaging 929 0.58 (0.54—0.62) 0.23 (0.22—0.24)

Models using preoperative data and precipitating factors in the whole BioCog cohort

Clinical þ

precipitants þ blood 

periop.*

929 0.83 (0.79—0.86) 0.12 (0.12—0.13)

Clinical þ precipitants 929 0.80 (0.77—0.84) 0.13 (0.12—0.14)

Clinical þ blood

periop.*

929 0.79 (0.75—0.82) 0.13 (0.13—0.14)

Clinical þ pain 929 0.76 (0.72—0.80) 0.14 (0.13—0.15)

Blood periop.* 929 0.74 (0.68—0.77) 0.18 (0.16—0.20)

Precipitants 929 0.71 (0.68—0.75) 0.14 (0.14—0.15)

Pain 929 0.58 (0.56—0.6) 0.17 (0.16—0.18)

Models using exclusively preoperative data for prediction in the BioCog RNA subsample ‡

Clinical (for

comparison ‡ )

371 0.69 (0.65—0.74) 0.16 (0.16—0.18)

RNA þ clinical 371 0.66 (0.61—0.71) 0.17 (0.16—0.18)

RNA 371 0.66 (0.62—0.70) 0.17 (0.16—0.17)

μRNA 371 0.47 (0.40—0.54) 0.20 (0.19—0.22)

Model using preoperative data and precipitating factors in the BioCog RNA subsample ‡

Clinical þ

precipitants þ blood 

periop.* (for 

comparison ¶ ) 

371 0.78 (0.73—0.83) 0.15 (0.14—0.16)

Clinical þ 

precipitants þ blood 

periop.* þ RNA þ 

RNA periop.* 

371 0.77 (0.72—0.83) 0.15 (0.14—0.16)

Clinical þ 

precipitants þ RNA 

periop.*

371 0.74 (0.71—0.78) 0.16 (0.16—0.17)

RNA þ RNA periop.* 371 0.77 (0.72—0.82) 0.15 (0.14—0.16)

RNA periop.* 371 0.73 (0.69—0.78) 0.16 (0.15—0.17)

μRNA periop.* 371 0.60 (0.54—0.66) 0.20 (0.19—0.21)
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Fig 4. Feature importance of the model with the highest predictive performance. All blood-based parameters referred to in this figure, such 

as IL6, glucose, and triglycerides, refer to the perioperative change in laboratory parameters which had been calculated as the difference 

between postoperative and preoperative values. Tumour diagnosis includes solid malignancies, lymphoma, and leukaemia. ALAT, alanine 

aminotransferase; ASAT, aspartate aminotransferase; BDZ, benzodiazepine; CRP, C-reactive protein; HDL, high-density lipoprotein; IL, 

interleukin; ISCED, International Standard Classification of Education; LDH, lactate dehydrogenase; LDL, low-density lipoprotein; MDA, 

malondialdehyde; MMSE, Mini-Mental Status Examination; NHWM, non—high molecular weight; postop., postoperative; preop. cogn. 

impairment, preoperative cognitive impairment; RDW, red cell distribution width.
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software. To assure practicability, GBT models were chosen 

which deal inherently with missing values in case of incom-

plete assessments.

Our analyses suggest that precipitating factors and peri-

operative laboratory assessments can considerably improve 

POD risk monitoring. Gene expression data may be of partic-

ular interest, as in the subgroup of patients with RNA data, a 

model exploiting only mRNA achieved an AUC similar to the 

best-performing model. A perioperative risk monitoring algo-

rithm based on two gene expression analyses could relieve 

staff from extensive clinical assessments and be more cost-

effective than using assays from multiple independent 

laboratories.

Many of the most predictive transcripts were mRNA of 

ubiquitously expressed genes involved in major molecular 

mechanisms such as cell proliferation (e.g. DSN1, LAP3, KIF4B, 

and JAK). This suggests that POD is a heterogeneous phe-

nomenon originating via distinct molecular pathways. These 

central molecular nodes are nevertheless suitable for predic-

tion. Certain transcripts suggest involvement of neuro-

inflammation and neuroplasticity (BTN3A1), 19 metabolic 

dysregulation and autophagy (LAP3), 20 proliferation (DSN1, 

KIF4B), 21 interaction with the immune system (JAK), 22,23 and 

senescence (HPGD). 24 Abovementioned molecules S100A12, 25 

interleukins, and zonulin 26 point to certain immune 

response pathways, which may be related to 

neurotransmitter imbalance by tryptophan and kynurenine 

metabolism. 27 Some of the identified molecular targets have 

already been discussed with respect to neurodegeneration 

(i.e. malondialdehyde, nitrotyrosine, 28 metabolites of the 

kynurenine pathway, 29 S100A12, 25 and zonulin 26 ).

BioCog was conducted in two study centres and therefore 

affected by centre bias induced by different language versions 

of questionnaires and screening list, preanalytical sample 

treatment (i.e. sample transportation to Berlin), MRI facilities, 

on-site laboratory procedures, and differences in health care 

systems. The BioCog study is small in relation to the wide 

spectrum of parameters included in our database. To fully 

exploit the potential of machine learning and to refine our 

models with subgroup analyses, larger samples are necessary, 

ideally from large real data pools of electronic patient charts. 

For instance, the current sample excluded patients without 

dementia with an MMSE score ≤23. However, in patients with 

progressive dementia, the configuration of parameters may 

differ to some extent, an even higher POD risk prediction ac-

curacy might be also achieved, and brain atrophy may become a 

relevant biomarker. Conversely, integration of neuroimaging 

data into the machine learning models may have been 

complicated by both the smaller sample size and high collin-

earity between regional volume measures, which may boost 

overfitting and subsequently affect generalisability in models 

exploiting neuroimaging data. However, whether a single pre-

dictor derived from the neuroimaging dataset could improve 

the overall algorithm is a matter of future research. As external 

validation in an independent dataset is pending, we have used 

nested cross-validation as an internal validation procedure. The 

focus of this manuscript is prediction, whereas a molecular 

causal model cannot be addressed here. Single-variable ana-

lyses have not been adjusted for confounders, and so do our 

findings on γ-GT and transaminase changes in POD highlight 

the need for more comprehensive analyses that account for 

potential confounders and the data distribution: Elevated pre-

operative γ-GT in patients with POD could be confounded by 

preoperative cholestasis in those undergoing extensive upper

gastrointestinal surgery (e.g. pancreatectomy or hemi-

hepatectomy) with a major postoperative inflammatory 

response. After removal of the obstruction, γ-GT concentrations 

normalise, which may result in a pronounced postoperative 

decrease, but without true clinical relevance. In contrast, the 

postoperative increase in transaminases seen in patients with 

POD may reflect hepatic injury, possibly owing to intraoperative 

hepatic hypoperfusion, and could be causally linked to POD, 

independent of the surgical procedure. The best model was 

chosen by ROC-AUC, which is a measure of discrimination in 

diagnostic testing at the individual level. For prognostic ques-

tions at the individual patient level, reliable outcome probability 

estimation is essential. We therefore extended our analysis 

beyond discrimination (AUC) to formally assess model calibra-

tion. The low Brier score, supported by visual inspection of 

calibration and binned residual plots (Supplementary Fig. 10), 

supports the accuracy of the model over the whole range of 

predicted probabilities, making them suitable for clinical 

interpretation and demonstrating a strong model fit. 30

POD screening was performed according to the evidence-

based standard that measures POD at least twice a day and 

has a comprehensive geriatric assessment included to 

describe the clinical entity of this population. The clinical 

phenomenology was structured and annotated according to 

this standard. 2

BioCog has made advancements towards POD prediction 

and will also facilitate comprehensive hypothesis-driven 

studies of patients for better understanding of pathophysio-

logical processes and conception of interventional studies. Our 

dataset can guide prevention strategies to reduce POD (e.g. via 

the JAK pathway). 23
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Mario Lamping, Helene Michler, Juliane D€ orfler, Zdravka 

Bosancic, Fieras Nosierat, Irene Mergele, Victoria Wind-

mann, and Anna Nottbrock. The authors further wish to 

thank the team of the student apprentices/interns of the 

Department of Anesthesiology at the Charit� e-Uni-

versit€ atsmedizin Berlin. Magnet resonance imaging has 

been supported by theBerlin Center for Advanced Neuro-

imaging core staff, especially Stefan Hetzer and Christian 

Labadie. Henning Krampe supported the study by recruit-

ing and supervising students for neuropsychological 

testing.

Declarations of interest

GW (Pharmaimage Biomarker Solutions GmbH) is currently 

licensing a Class IIa and IVD (In Vitro Diagnostic) medical de-

vice: web-based machine learning software tool including 

laboratory diagnostics (mRNA signature) for pre- and 

perioperative risk prediction of POD, POCD, and 

postoperative mortality in clinical practice (patent 

application pending: EP26153633.8). An independent external 

validation study is currently ongoing at a separate clinical 

site to assess generalisability and real-world performance. 

GW is CEO of Pharmaimage Biomarker Solutions GmbH 

Berlin (Germany) and President of its subsidiary 

Pharmaimage Biomarkers Incl. (Cambridge, MA, USA). CS, 

GW, DB, TBD, SK, PN, TP, MP, AJCS, EAS, and SW report 

grants from the European Commission during the conduct of 

the study. Dr. Winterer reports grants from the Deutsche 

Forschungsgemeinschaft (DFG)/German Research Society 

and from the German Ministry of Health. CS reports grants 

from DFG/German Research Society, Einstein Foundation 

Berlin, Deutsches Zentrum fü r Luft- und Raumfahrt e.V. 
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