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ABSTRACT

Background. Postoperative delirium is common in intensive care and linked to
adverse functional and cognitive outcomes. Valid risk prediction requires transparent
predictor timing, outcome definition, validation design, and cohort independence.

Objective. To reproduce and extend a published postoperative delirium model,
quantify record overlap between its public development and validation worksheets,
and determine what level of validation the data support.

Methods. We analyzed a public prospective-cohort workbook (300 development and
100 designated-validation records). The published five-predictor equation, a refitted
logistic model, and a ten-predictor penalized logistic model were compared by
repeated nested 10-fold cross-validation. Discrimination, Brier score, and calibration
were assessed with bootstrap intervals. Exact cross-sheet matches required
agreement on ten predictors, the Intensive Care Delirium Screening Checklist score,
and the delirium label. Designated-worksheet and non-overlap analyses were
sensitivity analyses.

Results. Delirium occurred in 82 /300 development (27.3%) and 29/100 designated-
validation records (29.0%). The area under the receiver operating characteristic
curve (AUROC) was 0.838 (95% bootstrap interval 0.782-0.886) for the refitted five-
predictor model and 0.840 (0.785-0.888) for the penalized model; Brier scores were
0.132 and 0.134, and calibration slopes 0.751 and 1.061. Seventy-six of 100 validation
records matched development records exactly. Designated-worksheet AUROC was
high (0.957-0.961) but not independent. The 24-record non-overlap subset had 17
events and seven non-events, so estimates were imprecise.

Conclusion. The parsimonious model showed reproducible internal discrimination,
and penalization added no material gain. Because record independence is not
supported, the validation worksheet does not establish transportability. Prospective
evaluation in an independent cohort is required before clinical use.
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1. Introduction

Delirium is

through multicomponent

an acute disturbance of attention,
awareness, and cognition. It commonly complicates
critical illness and the postoperative period. In intensive
care it is more than a transient behavioral event. A
greater delirium burden has been linked to poorer
functional neurologic recovery, longer hospitalization,
cognitive impairment, and mortality.!-3 Early risk
recognition is therefore clinically attractive, particularly
when modifiable precipitating factors can be addressed
prevention,
review, sleep promotion, mobilization, pain control, and
avoidance of unnecessary deep sedation. The value of

symptoms become established. It does not lie in
replacing repeated bedside assessment. Many delirium
risk models exist. They were proposed for medical,
surgical, and intensive-care populations, and recent
primary studies used conventional regression, simple
risk scores, penalized models, machine learning, and
electronic-health-record data, and they relied on
internal, temporal, geographic, or prospective
validation designs.#19 Reported performance varies
with case mix, prediction time point, outcome
surveillance, missing-data procedures, predictor
availability, and the independence of the evaluation
cohort. Provenance and validation design are therefore
central to interpretation, not secondary reporting
details.

medication

prediction lies in directing preventive attention before
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Xing and colleagues developed a five-predictor equation
for postoperative patients admitted to an intensive care
unit in China.2® The model combined a POSSUM score,
an acid-base imbalance score, and histories of diabetes,
hypertension, and coma. It was developed on one
cohort. The report gave an area under the receiver
operating characteristic curve (AUROC) of 0.852 during
development and evaluated the equation in a separate
group of 100 patients. The accompanying workbook,
released in Dryad (doi:10.5061/dryad.gb5mkkwk3),
allows reanalysis of individual records. Public access is
especially valuable for prediction research, because it
permits verification of the published equation,
assessment of calibration, comparison with regularized
alternatives, and a check on whether the designated
partitions are analytically independent.

The distinction between internal and external
validation matters. Random or resampling-based
internal validation estimates optimism within a
development sample, whereas temporal, geographic, or
setting-based external validation examines
transportability to a new data-generating context.
Recent development and validation studies show that
performance can differ across surgical specialties, ICU
populations, institutions, and validation sources.21-34
When identical records occur in both the development
and evaluation partitions, the latter is no longer an
independent test, because performance may partly
reflect predictor-outcome combinations the model has
already seen. A high AUROC does not by itself establish
accurate risk estimates or clinical benefit. Calibration
and decision consequences count as well. Current
TRIPOD+AI and PROBAST+AI guidance stresses
transparent data provenance, participant flow,
predictor and outcome definitions, separation of model
development from evaluation, and reporting of both
discrimination and calibration.35:36

Penalization offers a principled way to control
coefficient instability when candidate predictors are
numerous relative to the number of events. Complexity
does not guarantee better performance in every finite
sample. Tuning must also stay inside the resampling
loop to avoid optimistic selection. Recent external-
validation, deep-learning, biomarker, and dynamic-
prediction studies illustrate that apparent gains depend
on the data source and the evaluation design.37-46 A fair
comparison should separate three things: the fixed
published equation, an unpenalized refit of its original
five predictors, and a penalized model using the wider
set of candidate predictors available before outcome
ascertainment. The Intensive Care Delirium Screening
Checklist (ICDSC) should not enter as a predictor when
the target is a delirium label derived from clinical
screening, since doing so would introduce outcome
information into prediction.

The novelty of this study is the combination of leakage-
aware repeated nested validation with a record-level
examination of cross-sheet independence and of ICDSC-
outcome concordance in the openly archived dataset.
This approach separates reproducible internal
predictive performance from evidence that could
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support an independent-validation claim. The source
report did not address that distinction. We aimed to (1)
reproduce the published equation; (2) compare a
refitted five-predictor logistic model with a ten-
predictor penalized logistic model using repeated
nested cross-validation; (3) quantify exact within- and
cross-sheet record overlap and the concordance
between ICDSC threshold status and the workbook
delirium label; and (4) determine which level of
validation the public data support.

2. Methods

2.1. Study design and setting

Study design and reporting framework. This was a
reproducible secondary analysis of the individual-
record workbook that accompanies a prospective
postoperative ICU cohort.2 We evaluated an existing
prediction equation, refitted its predictors, and
examined a penalized alternative. Reporting followed
TRIPOD+AI principles for reporting prediction models
and used PROBAST+AI concepts for participants and
data sources, predictors, outcome, and analysis.3>3¢ The
workbook lacked stable participant identifiers,
recruitment dates, and site identifiers. We therefore
describe the unit of analysis as a record. References to
patients are reserved for the design reported in the
source article.

2.2. Participants

Data source and study population. The archived Excel
workbook held a 300-record development worksheet
and a 100-record worksheet designated as validation.
The source study prospectively recruited adult
postoperative patients admitted to an ICU in China and
assessed delirium during the postoperative ICU
course.?0 Every complete record in the two analysis
worksheets was included. None of the 12 core fields
used here had a missing value. No imputation was
needed, and no record was excluded. The sample size
was fixed by the archived workbook: with 82 events in
the development worksheet, there were 8.2 events per
candidate predictor and 16.4 events per predictor of the
five-predictor model. The readme described the coding
scheme and the published equation. The raw workbook
was kept unchanged. All calculations used
programmatically imported values, not cached
spreadsheet formula results.

2.3. Variables and instruments

Outcome. The primary outcome was the binary Delirium
field in the public workbook. The ICDSC score was
treated as an outcome-assessment field and was never
offered to a prediction model. The source article used an
ICDSC-based assessment process and reported a
threshold of at least four as indicative of delirium.2? To
characterize the archived labels without replacing them,
we compared the binary outcome with ICDSC =4 and
counted discordant records separately in each
worksheet. This concordance analysis was descriptive.
Because the public data held no adjudication notes, we
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could not determine why a binary label and a single
recorded ICDSC value differed.

Candidate predictors. Ten candidate predictors were
available before or at postoperative ICU admission: sex,
POSSUM score, operation duration in minutes, history of
alcohol dependence, history of coma, mechanical
ventilation, history of hypertension, history of diabetes,
history of cerebral apoplexy (stroke), and acid-base
imbalance score. Binary fields kept the source coding of
0 for absence and 1 for presence. Sex was coded 0 for
female and 1 for male. The total POSSUM score supplied
in the workbook was used. According to the readme,
acid-base imbalance was graded by the APACHE III
scheme and covered metabolic or respiratory acidosis
or alkalosis found on the first blood-gas analysis.

Models. Three models were specified. The first was the
fixed published equation, reproduced without
alteration (the complete equation is presented below),
and the second was a logistic regression refitted on the
development worksheet with the same five predictors,
and its coefficients, odds ratios, Wald 95% confidence
intervals, and p values were kept for descriptive
interpretation. The third was a penalized binomial
logistic model using all ten candidate predictors. Its
tuning family included ridge (o = 0), elastic net (a = 0.5),
and lasso (a = 1) options, with lambda chosen by inner
cross-validation. Continuous variables stayed on their
original scale for the conventional logistic model.
Glmnet standardized predictors internally during
penalized fitting. It returned coefficients on the original
scale.

ni=-6.963 + 0.310(AcidBase;i) + 1.228(Diabetes;) +
1.308(Hypertension;) + 3.428(Comai) +
0.113(POSSUM;)

pi=1/(1+exp(-ni)
2.4. Data collection procedure

Record multiplicity and cross-sheet independence. An
exact record signature joined the ten candidate
predictors, ICDSC, and the binary delirium label. Excess
exact duplicates within each worksheet were counted as
the number of records minus the number of unique
signatures. To assess cross-sheet independence, each
designated-validation signature was compared with the
set of development signatures. A validation record
counted as overlapping when at least one complete 12-
field signature match existed in the development
worksheet. The definition is deliberately strict. It
demands agreement on every analyzed predictor, the
screening score, and the outcome label. Signatures that
excluded the outcome were also examined in the
reproducibility log, and they led to a similar conclusion.

2.5. Statistical analysis

Primary internal validation. Primary predictive
performance for the refitted and penalized models was
estimated by repeated stratified nested 10-fold cross-
validation with 10 repeats. Within each repeat, every
record served once in an outer test fold. The five-
predictor model was estimated only on the matching
outer training data, and for the penalized model, « and
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lambda were chosen by stratified five-fold cross-
validation restricted to each outer training partition,
and the selected model then produced probabilities for
the untouched outer test fold. Predictor scaling, tuning,
coefficient estimation, and prediction thus stayed
separate from the outer assessment data. Each record
gathered one out-of-fold prediction per repeat. Its 10
predictions were averaged for aggregate performance
and calibration.

Performance measures and uncertainty. Discrimination
was quantified by AUROC. The Brier score summarized
the overall accuracy of probabilistic prediction, with
lower values meaning smaller mean squared error.
Calibration-in-the-large was estimated as the intercept
of alogistic model with the logit of predicted probability
entered as an offset, where zero is ideal. Calibration
slope came from regressing the outcome on the logit of
predicted probability. Ideal is a slope of one. A slope
below one can indicate predictions that are too extreme.
Ninety-five percent intervals were obtained from 2,000
stratified bootstrap samples that preserved the
numbers of events and non-events. Calibration curves
used deciles of averaged out-of-fold probabilities as a
descriptive visualization.

Sensitivity analyses. The fixed published equation, the
refitted five-predictor model, and the full-development
penalized model were applied to the 100-record
designated validation worksheet. These results were
labeled sensitivity analyses, not external-validation
estimates, because cross-sheet independence was
tested and not assumed. We repeated the performance
calculations in the subset of validation records without
an exact 12-field match, to explore whether
discrimination collapsed once exact matches were
removed. The subset was not read as independent
validation. The residual records came from the same
archived structure and included only seven non-events.

Descriptive and coefficient analyses. Continuous
variables were summarized by median and
interquartile range, as the workbook held bounded or
skewed scores and procedure durations. Binary
variables were summarized by count and percentage.
Adjusted odds ratios from the refitted five-predictor
model describe the association structure of the
development worksheet. They assert no causal effects.
We performed no univariable screening, automated
stepwise selection, post hoc threshold optimization, or
significance-driven = model  modification. = Model
comparisons emphasized the size and uncertainty of
predictive performance and not isolated p values.

Software and reproducibility. Analyses were run in R
with base statistical functions and glmnet version 4.1-
10. A fixed seed (20260901) governed fold assignment,
tuning, and bootstrap resampling. The executable script
imports the unmodified workbook, checks sample sizes,
event counts, completeness, and field structure, and
writes all predictions, coefficients, tuning results,
performance tables, and figures. The analysis script and
machine-readable outputs are included in the
reproducibility materials.
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2.6. Ethical approval

The analysis used a publicly archived, deidentified
dataset released for reuse. The CMHC Research Center
Ethics Committee Indonesia granted ethical approval
for this secondary analysis (No. 2026/266). No
participants were contacted, and no attempt was made
to re-identify records.

3. Results

3.1. Cohort characteristics

All 400 records were complete for the analyzed fields.
The development worksheet held 82 delirium events
among 300 records (27.3%), and the designated
validation worksheet held 29 events among 100 records
(29.0%). Median POSSUM scores were 37.0
(interquartile range [IQR] 32.0-43.0) and 38.0 (31.8-
45.0), respectively. Mechanical ventilation was
recorded for 75.0% and 72.0%, hypertension for 39.3%
and 36.0%, and diabetes for 16.7% and 17.0%. Coma
history was more frequent in the designated validation
worksheet than in the development worksheet (8.0%
versus 4.7%). Stroke history was less frequent (4.0%
versus 8.3%). Table 1 details the cohort characteristics.

Table 1. Characteristics of the archived development and designated validation worksheets.

Characteristic

POSSUM score, median (IQR)
Operation duration, min, median (IQR)
Acid-base imbalance score, median (IQR)
ICDSC, median (IQR)

Male sex, n (%)

Alcohol-dependence history, n (%)
Coma history, n (%)

Mechanical ventilation, n (%)
Hypertension history, n (%)

Diabetes history, n (%)

Stroke history, n (%)

Delirium, n (%)

Development (n = 300)
37.0 (32.0-43.0)
200.0 (138.8-241.2)

Designated validation (n = 100)
38.0 (31.8-45.0)
195.0 (130.0-251.2)

0.0 (0.0-3.0) 0.5 (0.0-3.0)
0.0 (0.0-2.0) 0.0 (0.0-1.2)
158 (52.7) 58 (58.0)
25 (8.3) 11 (11.0)
14 (4.7) 8(8.0)
225 (75.0) 72 (72.0)
118 (39.3) 36 (36.0)
50 (16.7) 17 (17.0)
25 (8.3) 4(4.0)
82 (27.3) 29 (29.0)

Values are median (IQR) or n (%). ICDSC, Intensive Care Delirium Screening Checklist; IQR, interquartile range; POSSUM, Physiological and Operative Severity Score

for the enUmeration of Mortality and morbidity.

3.2. Reproduction and model coefficients

The fixed published equation reproduced an apparent
development-worksheet AUROC of 0.852 (95%
bootstrap interval 0.799-0.897), matching the
discrimination reported by Xing et al.20 Its apparent
Brier score was 0.125. Every predictor kept a positive
coefficient in the refitted five-predictor model. Adjusted
odds ratios were 1.37 per unit of acid-base imbalance

score (95% CI 1.21-1.56), 3.55 for diabetes history
(1.61-7.85), 3.75 for hypertension history (1.91-7.36),
31.34 for coma history (3.20-306.72), and 1.12 per
POSSUM point (1.07-1.17). The wide interval for coma
reflects limited precision. Only 14 development records
had a coma history, so the point estimate is probably
inflated by sparse-data bias. Figure 1 shows the
complete coefficient profile.
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Figure 1. Adjusted odds ratios from the refitted five-predictor logistic model. The x-axis is logarithmic; bars show 95% Wald confidence
intervals. Odds ratios are per unit for the acid-base imbalance score and the POSSUM score and for presence versus absence for the three

histories.
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3.3. Repeated nested cross-validation

The refitted five-predictor model reached a repeated
nested cross-validated AUROC of 0.838 (95% bootstrap
interval 0.782-0.886) and a Brier score 0of 0.132 (0.111-
0.155). Its calibration intercept was -0.002 (-0.205 to
0.192) and its calibration slope was 0.751 (0.439-
1.162). The ten-predictor penalized model reached an
AUROC of 0.840 (0.785-0.888), a Brier score of 0.134
(0.115-0.154), a calibration intercept of 0.006 (-0.157

to 0.165), and a calibration slope of 1.061 (0.813-
1.425). Table 2 details the primary and sensitivity
performance estimates. Figures 2 and 3 show repeated
nested cross-validated discrimination and calibration,
respectively. The AUROC difference was 0.002 and the
Brier difference was 0.002. The additional predictors
therefore gave no evidence of material incremental
performance.

Table 2. Predictive performance of the published, refitted, and penalized models.

Dataset, model

Development, apparent, published equation
Nested CV, refit five-predictor

Nested CV, penalized ten-predictor
Designated worksheet, published equation*
Designated worksheet, refit five-predictor*

Designated worksheet, penalized ten-predictor*

AUROC (95% interval)

0.852 (0.799-0.897)
0.838 (0.782-0.886)
0.840 (0.785-0.888)
0.957 (0.888-0.997)
0.957 (0.888-0.997)
0.961 (0.891-0.999)

Brier score C_alibration Calibration slope
intercept
0.125 0.009 1.009
0.132 -0.002 0.751
0.134 0.006 1.061
0.059 -0.434 1.663
0.059 -0.445 1.648
0.059 -0.364 1.807

Intervals are stratified percentile bootstrap intervals. *Sensitivity analyses only because 76% of designated-validation records exactly matched development
signatures. AUROC, area under the receiver operating characteristic curve; CV, cross-validation; Brier score, mean squared error of the predicted probabilities (lower

is better).

Ang ndat the ROC curve Brar 3coms
Refil five-prodicton bogstic } @ 1' } 2 =
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Estimate (95% bootstrap interval)

Figure 2. Repeated nested cross-validated discrimination and Brier score. Points show estimates; bars show 95% stratified bootstrap intervals.
Blue, refitted five-predictor logistic model; orange, penalized logistic model; ROC, receiver operating characteristic.

Observed proportion
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Mean predicted probabili
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Figure 3. Calibration of averaged repeated out-of-fold predictions. Points represent groups defined by deciles of predicted probability; the
dashed line indicates perfect calibration. Blue, refitted five-predictor logistic model; orange, penalized logistic model.
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3.4. Penalization stability

Across the 100 outer training partitions, the inner
procedure selected ridge penalization in 69, a = 0.5
elastic net in 16, and lasso in 15. Median selected
lambda values were 0.0199 for ridge, 0.0155 for a = 0.5,
and 0.0147 for lasso. When tuned on the complete
development worksheet for the designated-worksheet
sensitivity analysis, the selected model was ridge with
lambda 0.0176. Because the selected « varied, the data
supported shrinkage but not a uniquely stable sparsity
pattern. Performance, not variable-selection frequency,
was the primary basis of interpretation.

Table 3. Record overlap, multiplicity, and ICDSC-outcome concordance.

3.5. Cross-sheet overlap and outcome concordance

Seventy-six of the 100 designated-validation records
had an exact match in the development worksheet
across all ten candidate predictors, ICDSC score, and
delirium label. Seventy-two unique validation
signatures were represented in the development data,
and multiset matching accounted for 75 records
because some signatures occurred with different
multiplicities. Within the development worksheet, 73
records were excess exact duplicates beyond the first
occurrence of a signature; the corresponding count in
the validation worksheet was four. The binary delirium
label differed from ICDSC 24 in 15 development records
and nine designated-validation records. Table 3 details
record overlap, within-sheet multiplicity, and ICDSC-
outcome concordance. These findings were kept as
distinct provenance and outcome-concordance results.
No labels were overwritten.

Dataset-provenance measure

Development records

Designated-validation records

Validation records exactly matching development
Validation records without an exact match

Excess exact duplicates within development

Excess exact duplicates within validation
Development records discordant for ICDSC 24 vs label

Validation records discordant for ICDSC >4 vs label

Value
300
100

76 (76.0%)
24 (24.0%)
73 (24.3%)
4 (4.0%)
15 (5.0%)
9 (9.0%)

Exact signatures included all ten candidate predictors, ICDSC, and the binary delirium label. Excess duplicates are records beyond the first occurrence of each

signature. ICDSC, Intensive Care Delirium Screening Checklist.

3.6. Designated-sheet sensitivity analyses

Applied to all 100 designated-validation records,
AUROCs were 0.957 (0.888-0.997) for the fixed
equation, 0.957 (0.888-0.997) for the refitted five-
predictor model, and 0.961 (0.891-0.999) for the
penalized model. The Brier score was 0.059 for all three
models. Calibration intercepts ranged from -0.445 to
-0.364, which indicates that predicted risks were, on
average, too high in this worksheet. Calibration slopes
ranged from 1.648 to 1.807 and had wide intervals.
Because 76% of these records overlapped the

development  worksheet exactly, the  high
discrimination estimates cannot be read as
independent-validation performance.

3.7. Non-overlap subset

The 24 wvalidation records without an exact

development-worksheet match comprised 17 delirium
events and seven non-events. AUROC was 0.929 (95%
bootstrap interval 0.794-1.000) for both the fixed and
refitted five-predictor models and 0.958 (0.849-1.000)
for the penalized model. Brier scores ranged from 0.088
to 0.090. Calibration-slope intervals were extremely
wide, extending above 70 for the five-predictor models
and above 290 for the penalized model. Removing exact
matches thus did not erase rank separation. The subset
was small and event-heavy, however, and it was too
limited for stable calibration or transportability
inference.

Sci Psychiatr. 2026;7(3):171-180 - doi:10.37275/scipsy.v7i3.219

4. Discussion

4.1. Principal findings

This reproducible reanalysis produced three principal
findings. First, the published five-predictor equation
was reproducible. It retained good discrimination under
repeated nested cross-validation after refitting. Second,
a broader penalized model did not materially improve
AUROC or Brier score, which supports the informational
efficiency of the parsimonious predictor set in these
data. Third, 76% of records in the worksheet designated
for validation matched development records exactly
across predictors, ICDSC, and outcome. The high
designated-worksheet AUROC should therefore be read
as a sensitivity result from a non-independent partition
and not as evidence of external transportability.

4.2. Comparison with the existing literature

The internally validated AUROC of 0.838 is clinically
interesting because it lies within the broad range
reported by recent delirium prediction studies. Models
developed for  neurosurgical, cardiac-surgical,
orthopedic, non-cardiac surgical, and general ICU
populations  have  reported  moderate-to-high
discrimination, depending on timing and cohort.610-
1521-30 Numerical comparison across studies needs
caution, though. A model that predicts delirium after
ICU admission from postoperative severity variables
answers a different question from a preoperative model,
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a dynamic 12-hour forecast, or an electronic-health-
record alert. Performance shifts with predictor
availability, outcome surveillance, preventive
treatment, and delirium prevalence.

That penalization produced almost no gain is
understandable. The original five predictors capture
acute physiologic burden (POSSUM and acid-base
disturbance), chronic vulnerability (diabetes and
hypertension), and impaired consciousness (coma). Sex,
operation duration, alcohol history, mechanical
ventilation, and stroke history may add clinically
relevant context. In this 300-record sample, however,
they offered limited incremental ranking information.
Penalization reduced estimation instability and did not
create new signal. Recent comparisons of conventional,
machine-learning, deep-learning, biomarker, and
dynamic models likewise show that greater complexity
does not ensure more transferable performance.#2830-
3437-46 Complexity is not usefulness.

Recent external-validation studies underline the need
for setting-specific evaluation. Gong and colleagues
developed dynamic ICU delirium models in a
multicenter database and evaluated them in two
separate single-center databases, an example of the
stronger design that true source separation allows.2!
Prospective, geographic, and clinical-routine
validations have also shown that promising
development performance can weaken or become
miscalibrated  after  transport.11,14-16,24-27,32,37,38,40,47
These examples show why the distinction matters in
practice. Model readiness depends on how performance
changes across populations, not only on how well a
model reproduces its development signal.

4.3. Interpretation and mechanism

Calibration. Calibration separated the two internally
evaluated models more clearly than discrimination did.
The slope of 0.751 for the five-predictor model suggests
somewhat over-extreme predictions after refitting,
although its interval included one. The penalized
model's slope of 1.061 was closer to the ideal, again with
uncertainty. Both calibration intercepts were near zero
because the repeated out-of-fold predictions reflected
the development prevalence. The results show why
AUROC alone is insufficient. AUROC evaluates ranking,
whereas calibration determines whether a stated 30%
risk matches an observed frequency near 30%, and
current reporting and appraisal guidance therefore asks
for both domains to be reported transparently.3536
Preventive pathways often rely on risk thresholds.
Systematic over- or underprediction could therefore
change how many patients receive intensified
surveillance or multicomponent prevention.

Designated validation worksheet. The designated
validation = worksheet appeared to  perform
exceptionally well, with AUROCs near 0.96 and Brier
scores near 0.06. Read in isolation, these values might
suggest a highly transportable model. The record-level
comparison changes that reading. An evaluation
partition cannot represent a new sample when most of
its complete predictor-outcome signatures have already

Sci Psychiatr. 2026;7(3):171-180 - doi:10.37275/scipsy.v7i3.219

appeared in the development data. Exact matches do not
show why the duplication occurred, and they may
reflect copied rows, repeated exports, deterministic
construction, or genuine patients who share all
recorded values. Without stable participant and
recruitment identifiers, however, independence cannot
be established. The burden of evidence favors the
conservative interpretation.

Non-overlap subset. The non-overlap subset does not
solve the problem. Its high AUROC shows that rank
ordering stayed favorable among the remaining
records, but the subset contained only seven non-
events. AUROC then rests on 119 event-non-event pairs,
and bootstrap samples keep recycling a small number of
patterns. Calibration slopes became extremely unstable,
which shows how little information was available for
absolute-risk evaluation. Deleting matching signatures
after inspecting both worksheets also does not recreate
a prospectively sampled external cohort. The subset is
useful as a robustness check. It is not a replacement
validation set.

ICDSC concordance. The ICDSC comparison adds a
separate layer of interpretation. A threshold of four is
widely used to indicate delirium in ICU screening, but
the workbook's binary label did not coincide perfectly
with ICDSC =24.20 This discordance should not
automatically be treated as an error. Delirium
fluctuates, so a patient can meet diagnostic criteria at
one assessment while a later or summarized ICDSC
value falls below the threshold. Clinical adjudication,
repeated measurements, and the timing of sedation or
ventilation can also matter. Those details were
unavailable, so the analysis kept the original label and
reported threshold concordance openly. ICDSC was
kept out of the predictors. It is part of outcome
ascertainment and would have created direct leakage.

Coefficient pattern. The coefficient pattern makes
clinical sense but should be read as predictive and not
causal. Higher POSSUM and acid-base imbalance scores
represent systemic physiologic stress. Diabetes and
hypertension may mark vascular and metabolic
vulnerability. Coma history had the largest odds ratio, in
line with impaired neurologic reserve. Its confidence
interval was wide because the exposure was
uncommon. Similar constructs appear across recent ICU
and postoperative models, which often include
cognitive vulnerability, physiologic severity, procedural
burden, mechanical ventilation, or neurologic
status.69111221252830  Agreement at the level of
constructs adds credibility, but it does not show that the
present coefficients will transfer unchanged to another
hospital.

4.4. Implications for practice and policy

For clinical practice, the current model should be
considered a candidate risk-stratification tool. Its five
inputs are interpretable and likely to be available
around ICU admission, and its internal discrimination
justifies further study. It should not yet determine care
by itself. A responsible next evaluation would define the
prediction time in advance and ensure that every
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predictor is measured before that time, collect repeated
delirium assessments by trained staff, retain stable
patient and encounter identifiers, and recruit from
hospitals not represented in development. The fixed
equation should be applied without refitting as the
primary external test, and AUROC, calibration-in-the-
large, calibration slope, calibration plot, Brier score, and
decision-curve analysis should be reported. Any
recalibration should be prespecified and reported as
model updating, not as validation of the unchanged
equation.

Sample-size planning for the next study should follow
the expected event rate and the precision needed for
calibration and discrimination, not a simple train-test
percentage. Multiple centers and a temporal holdout
would allow assessment of heterogeneity. Preventive
interventions started after risk prediction should be
documented. They can reduce observed delirium and
alter apparent model performance. Fairness evaluation
should examine clinically relevant sex, age, surgical, and
comorbidity strata while avoiding unstable claims in
small subgroups. A locked analysis protocol, a data
dictionary, and a versioned model object would also
guard against accidental leakage and analytical drift.

4.5. Strengths and limitations

The study has clear strengths. It uses individual-record
public data, reproduces the published equation,
confines tuning to inner folds, reports calibration as
well as discrimination, and releases record-level out-of-
fold predictions and tuning histories. Its overlap
definition is transparent and deliberately stringent.
Primary conclusions come from repeated nested cross-
validation and not from the non-independent validation
worksheet. The comparison between parsimonious and
penalized approaches is clinically interpretable, and
reporting followed TRIPOD+AI principles.3536

Several limitations set the scope of inference. The public
workbook contains 400 records and 111 events, and
only 82 events were available for primary model
development and internal validation. Participant
identifiers, recruitment dates, surgical categories,
hospital units, and repeated ICDSC assessments were
unavailable, so duplication mechanisms and temporal
ordering could not be resolved. The outcome definition
could not be independently adjudicated. Bootstrap
intervals reflect sampling variability conditional on the
archived records and do not capture uncertainty from
dataset construction. The repeated nested procedure
evaluates internal reproducibility and cannot replace
external validation. Finally, decision-curve analysis was
not emphasized because non-independent or poorly
calibrated evaluation data can give a misleading
impression of clinical net benefit.

These limitations do not negate the predictive signal.
They locate it precisely. The workbook supports good
internal discrimination for a compact postoperative ICU
model. The calibration slope of the penalized model was
nearer one, but the intervals of both slopes include one,
so the data do not show that penalization improves
calibration. The workbook does not demonstrate
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geographic, temporal, or setting transportability. The
distinction becomes more central as delirium prediction
moves toward automated electronic-health-record
systems. Transparent provenance and independent
evaluation are not clerical refinements. They decide
whether an apparently accurate model is truly being
tested against new clinical information.

5. Conclusion

A five-predictor postoperative delirium model was
reproducible and achieved good repeated nested cross-
validated discrimination in the public development
data. Expanding to a ten-predictor penalized model did
not materially improve AUROC or Brier score. Its
calibration slope was closer to one, though. The
worksheet designated for validation overlapped
extensively with development records, so its very high
discrimination cannot support an independent-
validation claim.

The next step is prospective, protocolized evaluation of
the locked equation in a genuinely independent,
sufficiently sized, multi-setting cohort, with repeated
delirium assessment and complete calibration
reporting. That evidence is still missing. Until it exists,
the model should be regarded as a promising and
interpretable candidate for research-based risk
stratification. It is not a stand-alone clinical decision
rule.
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