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Abstract

Background
Short-horizon neurocritical risk estimates must remain accurate across care settings. We developed a
13-variable model at hour 24 for intensive care unit (ICU) mortality by day 7 and evaluated its transport
to a second database.

Methods
In this retrospective cohort study, adults alive in the ICU at hour 24 were identified in the eICU
Collaborative Research Database (eICU-CRD) version 2.0 for development and Medical Information Mart
for Intensive Care IV (MIMIC-IV) version 3.1 for cross-database evaluation. Earlier analyses, including
MIMIC-IV target data, informed the cohort definitions; the final fitted model was applied unchanged. We
harmonized 13 predictors and compared six model families with hospital- and patient-grouped repeated
nested validation. Log loss and a one-standard-error rule governed model selection.

Results
eICU-CRD contributed 20,810 admissions, 885 deaths, and 192 hospitals; MIMIC-IV contributed 6,821
admissions and 203 deaths. The selection rule chose cubic B-spline ridge logistic regression. The nested
selection procedure yielded an internal area under the receiver operating characteristic curve (AUROC)
was 0.8765 (95% confidence interval [CI], 0.8626 to 0.8872), with a Brier score of 0.03407 and calibration
slope of 0.9861. In MIMIC-IV, AUROC was 0.9037 (95% CI, 0.8873 to 0.9204), Brier score 0.02456, and
calibration slope 0.9750. The pooled observed-to-expected (O/E) ratio was 0.984; By initial care setting,
O/E indicated underprediction in the neurologic surgical ICU (Neuro SICU; 1.588) and overprediction in
intermediate/stepdown care (0.371).

Conclusions
A transparent 13-variable hour-24 model retained strong discrimination after frozen cross-database
transport. Care-setting calibration exposed offsetting probability errors hidden by pooled estimates,
supporting unit-specific prospective evaluation of neurocritical early-warning workflows.

Background
After the first ICU day, neurocritical teams decide who needs closer surveillance. Risk estimates are
useful only if they rank patients reliably and return credible probabilities in the receiving unit.
Neurocritical services vary in organization and case mix.[1–2] Previous studies have evaluated mortality
prediction in stroke and mixed ICU populations.[3–4]
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External transport often preserves discrimination more readily than calibration; multicenter development
does not eliminate dataset shift.[5–7] We compared six model families for a 13-variable hour-24 model
of ICU death by day 7, applied the selected pipeline unchanged to MIMIC-IV, and examined calibration
within neurologic care settings.

Methods

Design and Data Sources
This retrospective prediction-model study used eICU-CRD v2.0 (United States ICUs, 2014–2015) for
multicenter development and MIMIC-IV v3.1 (one United States academic center, 2008–2022) for cross-
database transport. Database publications describe content and provenance.[8–9] Release identifiers
and access conditions are given under Availability of data and materials. We used TRIPOD + AI and
TRIPOD-Cluster for reporting and PROBAST + AI for design review.[10–12] Additional file 1 contains
supplementary methods, results, and the fitted equation; Additional file 2 contains the reporting
checklist. We finalized protocol version 5.0.0 and modeling extension 5.2.0 before final fitting and
scoring. Earlier analyses informed the expanded cohort definitions and the planned care-setting and era
analyses. MIMIC-IV data structure also informed shared preprocessing, eligibility, and outcome rules.
These rules were set before the final eICU fit, and MIMIC-IV outcomes played no part in fitting, tuning, or
model selection in the final development run. Here, frozen transport refers to the unchanged fitted
pipeline. Earlier target-data analyses and their implications are described in the Discussion.

Participants, Landmark, and Outcome
The analysis unit was the first ICU stay in each hospital admission; later admissions by the same patient
could remain eligible. Adults had to be alive and still in ICU at hour 24. eICU neurologic eligibility required
an exact Neuro ICU label or qualifying APACHE admission-diagnosis text or predefined timestamped
neurologic evidence by the landmark. MIMIC eligibility required an initial Neuro Surgical ICU (Neuro
SICU), Neuro Intermediate, or Neuro Stepdown label. Later transfers and discharge diagnoses could not
establish eligibility. Diagnosis composition was summarized descriptively by database. MIMIC-IV
diagnostic summaries could incorporate full-admission codes; we did not use these summaries for
eligibility, prediction, or model selection.

We set ICU admission as time zero and derived predictors from measurements recorded during hours 0–
24. The outcome was ICU death between hours 24 and 168. Alive ICU discharge before hour 168 and
survival in ICU through hour 168 were non-events; this fixed-time binary endpoint did not capture deaths
after ICU discharge. Outcomes were not imputed. Outcome derivation used objective time-stamped
disposition fields and required no subjective adjudication. Treatments were neither eligibility criteria nor
predictors; post-landmark care was not modeled.
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Predictors and Missing Data
Before modeling, we selected 13 predictors based on clinical relevance and availability in both
databases: age, sex, minimum Glasgow Coma Scale, maximum heart rate, minimum mean arterial
pressure, maximum respiratory rate, minimum oxygen saturation, last creatinine, sodium range,
minimum bicarbonate, maximum glucose, maximum white blood cell count, and minimum platelets.
Continuous variables remained continuous. Implausible values were removed and same-time duplicates
were median-collapsed. Median imputation and, where applicable, standardization were learned within
training partitions; we added neither missingness indicators nor measurement-frequency variables. The
Glasgow Coma Scale summarizes eye, verbal, and motor responses.[13] Values came from routine
documentation; assessor identities were unavailable. In the spline family, only the 12 continuous
predictors were expanded; sex remained one linear binary term.[14–15]

Model Development and Selection
We compared six model families: elastic-net logistic regression, cubic B-spline ridge logistic regression,
random forest, LightGBM, XGBoost, and CatBoost. A prevalence-only model and a fixed six-variable
clinical logistic model were nonselectable benchmarks. To preserve split independence, hospitals and
repeated patients were joined into 125 connected components, each kept within one split.[16–17] Five
outer folds were repeated five times, each with three inner folds. Inner log loss selected
hyperparameters; one-standard-error rules then chose the first eligible family in the predefined simplicity
order. We refitted the selected pipeline on all eICU observations and applied it to MIMIC-IV without
refitting or recalibration. We used no synthetic data, outcome resampling, or class weighting. Model
complexity can affect prediction stability.[18] We included regression and tree-based candidates
because greater algorithmic complexity has not consistently improved clinical prediction.[19]

For sample-size assessment, we specified 73 candidate degrees of freedom, including the largest spline
basis, rather than only the 13 named predictors. The available sample exceeded the largest of Riley's
three applicable criteria, which address regression rather than the effective complexity of tree
ensembles.[20] The MIMIC-IV sample was fixed by database availability and eligibility; its confidence
intervals describe achieved transport precision.[21]

Performance, Heterogeneity, and Secondary Analyses
We assessed discrimination with AUROC and average precision (AP); overall accuracy with Brier score
and log loss; and calibration with calibration-in-the-large, slope, integrated calibration index (ICI), and
observed/expected (O/E) ratio.[22–25] Calibration-in-the-large was the intercept estimated with logit
predicted risk as an offset (slope fixed at 1). ICI was the mean absolute difference between predicted
risk and LOWESS-smoothed observed risk. Calibration slope came from a separate logistic regression on
logit predicted risk with a free intercept; the prognostic model was not refitted. Internal estimates
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averaged metrics across complete outer repeats. Uncertainty used 1,000 whole connected-component
bootstrap draws in eICU and patient bootstrap draws in MIMIC; all eight primary performance metrics
had 1,000 valid replicates in each database. Resamples in which a metric could not be estimated were
omitted for that metric, not assigned a value of zero. The internal bootstrap conditioned on the realized
repeated out-of-fold predictions rather than rerunning the full nested selection process.

Before the final rerun, initial-care-setting strata compared Neuro SICU with combined Neuro Intermediate
and Neuro Stepdown care. Paired patient bootstrap draws retained all admissions for each sampled
patient and estimated differences in observed and predicted risk, calibration-in-the-large, slope, and log
O/E. Illustrative thresholds of 2%, 5%, 10%, 15%, and 20% were used for retrospective decision curves for
additional clinical assessment, not treatment recommendations, in the supplement.[26] Model-specific
feature attribution and outer-resample rank stability described the fitted model and were not interpreted
causally. Age and care-setting analyses were descriptive. Race and ethnicity could not be harmonized,
and small-cell rules limited some sex-stratified outputs.

We included the eICU-provided APACHE IVa predicted ICU-mortality probability post hoc as a contextual
benchmark.[8, 27] Its native endpoint differs from day-7 ICU mortality. Supplementary Methods and
Table S10 report this analysis; it did not inform model selection.

We also explored patient-grouped target recalibration and an approximate pre-2020 setting-offset update
evaluated in 2020-or-later admissions.[28]

Reproducibility
The archive records protocol, code, configuration, input, split, and release hashes. The version-locked
source snapshot and computational environments are available from the corresponding author on
request. Analyses used Python with scikit-learn 1.9.0, statsmodels 0.14.6, LightGBM 4.6.0, XGBoost
3.2.0, and CatBoost 1.2.10; the archived environment records the remaining dependencies. Additional
file 3 gives the clinical extraction rules, finite model grids, selection order, and fold-local preprocessing.

Results

Cohorts and Data Completeness
The final eICU cohort included 20,810 admissions from 19,587 patients and 192 hospitals, with 885
deaths (4.25%). MIMIC-IV included 6,821 admissions from 6,201 patients and 203 deaths (2.98%).
Among retained landmark risk-set admissions, every primary outcome was classifiable; Fig. 1 reports the
preceding exclusions and sequential cohort flow.

Predictor missingness was highest for minimum Glasgow Coma Scale in eICU (18.18%) and minimum
platelet count in MIMIC-IV (6.98%). The largest cross-database shifts involved minimum mean arterial
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pressure, minimum oxygen saturation, maximum respiratory rate, and maximum heart rate (absolute
standardized mean differences, 0.43–0.57; Table 1).

Table 1
Predictor distributions, missingness, and cross-database standardized differences

Predictor eICU
distribution

Missing MIMIC-IV
distribution

Missing |SMD|

Age, years 63 [51, 76] 0.0% 66 [54, 78] 0.0% 0.156

Male sex 53.9% < 10
records

3425/6821
(50.2%)

0.0% 0.073

Minimum Glasgow Coma
Scale

13 [8, 15] 18.2% 14 [10, 15] < 10
records

0.158

Maximum heart rate,
beats/min

104 [91, 119] 1.4% 97 [86, 108] 0.0% 0.429

Minimum mean arterial
pressure, mmHg

62 [53, 72] 1.5% 70 [62, 78] 0.4% 0.569

Maximum respiratory rate,
breaths/min

28 [24, 35] 6.9% 26 [22, 29] 1.2% 0.511

Minimum oxygen
saturation, %

91 [86, 94] 2.1% 93 [91, 95] < 10
records

0.551

Last creatinine, mg/dL 0.85 [0.67,
1.14]

10.8% 0.8 [0.7, 1] 6.5% 0.179

Sodium range, mmol/L 0 [0, 2] 10.5% 0 [0, 2] 6.4% 0.029

Minimum bicarbonate,
mmol/L

24 [21, 26] 12.3% 23 [21, 24] 6.6% 0.335

Maximum glucose, mg/dL 140 [113, 182] 6.6% 124 [103, 151] 6.6% 0.328

Maximum white blood cell
count, ×10⁹/L

10.6 [7.8,
14.1]

13.1% 10.1 [7.6, 13.4] 7.0% 0.108

Minimum platelets, ×10⁹/L 196 [152, 246] 13.9% 207 [166, 255] 7.0% 0.143

Values are median [interquartile range] or n/N (%); where complementary small cells were protected, only
the aggregate percentage is shown. eICU, eICU Collaborative Research Database; MIMIC-IV, Medical
Information Mart for Intensive Care IV; SMD, standardized mean difference; WBC, white blood cell count.
Counts from 1 to 9 and complementary values that would reveal them are suppressed; this display rule
did not affect fold-local imputation or modeling.

Model Selection and Overall Performance
All six candidate families completed nested evaluation (Table 2). XGBoost had the lowest full-
development inner log loss (0.126164; SE, 0.002019), which set a one-standard-error limit of 0.128183.
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Cubic B-spline ridge logistic regression also fell within that limit (0.127296) and was the first eligible
model in the planned simplicity order.

The spline model's mean outer AUROC was 0.8777, compared with 0.8825 for XGBoost and 0.8826 for
CatBoost. For paired descriptive contrasts, we separately averaged each admission's repeated cross-
fitted predictions (Supplementary Table S15). Those bootstrap intervals included zero for spline
comparisons with the four tree ensembles, but favored spline over elastic-net regression by 0.0155 (95%
CI, 0.0099 to 0.0212). The primary estimate below evaluates the complete nested selection procedure.

Repeated nested validation yielded AUROC 0.8765 (0.8626 to 0.8872), AP 0.3091 (0.2711 to 0.3525),
Brier score 0.03407 (0.02945 to 0.03921), and calibration slope 0.9861 (0.9355 to 1.0344). Applied
unchanged to MIMIC-IV, the model yielded AUROC 0.9037 (0.8873 to 0.9204), AP 0.2949 (0.2346 to
0.3638), Brier score 0.02456 (0.02161 to 0.02764), and slope 0.9750 (0.8913 to 1.0711) (Table 2, Panel
B). AUROC depends on case mix; internal and transport estimates were not compared directly.[25]

Supplementary Table S10 reports the APACHE IVa comparison. Additional file 1, Supplementary Table
S16 gives the fitted equation, imputation medians, knots, scaling parameters, and coefficients; full-
precision model CSV files are available on request.

Table 2
Model selection and primary performance

Panel A. Training-only nested-resampling model-family comparison
Model family Role Outer log

loss, mean
(SD)

Outer
AUROC,
mean
(SD)

Full-
development
inner log loss,
mean (SE)

1-SE
eligible

Selected

CatBoost selection
candidate

0.12774
(0.00923)

0.8826
(0.0127)

0.12797
(0.00168)

Yes No

LightGBM selection
candidate

0.12779
(0.00950)

0.8814
(0.0117)

0.12774
(0.00177)

Yes No

XGBoost selection
candidate

0.12801
(0.00973)

0.8825
(0.0114)

0.12616
(0.00202)

Yes No

cubic B-
spline ridge
logistic
regression

selection
candidate

0.12954
(0.01022)

0.8777
(0.0146)

0.12730
(0.00171)

Yes Yes

random
forest

selection
candidate

0.13047
(0.01072)

0.8751
(0.0167)

0.13075
(0.00212)

No No

elastic-net
logistic
regression

selection
candidate

0.13344
(0.01084)

0.8651
(0.0154)

0.13301
(0.00234)

No No
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Panel A values are means (SDs) across outer resamples; the SDs summarize resample-to-resample
stability rather than inferential uncertainty. Family selection used full-development inner log loss and the
one-standard-error rule. Nonselectable benchmarks are reported in the online supplement. AUROC, area
under the receiver operating characteristic curve; SD, standard deviation; SE, standard error.
Panel B. Primary internal and MIMIC-IV transport performance

Metric eICU nested selection
procedure (95% CI)

MIMIC-IV cubic B-spline ridge logistic
regression transport (95% CI)

N (events) 20810 (885) 6821 (203)

AUROC 0.8765 (0.8626 to 0.8872) 0.9037 (0.8873 to 0.9204)

Average precision
(AP)

0.3091 (0.2711 to 0.3525) 0.2949 (0.2346 to 0.3638)

Brier score 0.03407 (0.02945 to
0.03921)

0.02456 (0.02161 to 0.02764)

Log loss 0.12930 (0.11460 to
0.14704)

0.09489 (0.08469 to 0.10570)

Calibration-in-the-
large

−0.0031 (− 0.1506 to 0.1387) −0.0200 (− 0.1807 to 0.1278)

Calibration slope 0.9861 (0.9355 to 1.0344) 0.9750 (0.8913 to 1.0711)

ICI 0.00488 (0.00374 to
0.00856)

0.00591 (0.00390 to 0.00953)

O/E ratio 0.9976 (0.8882 to 1.1128) 0.9842 (0.8637 to 1.1050)

Internal estimates are means of metrics calculated separately in each complete outer repeat of the
nested selection procedure. MIMIC-IV estimates evaluate one model fitted to the full eICU development
cohort and applied without refitting. All intervals are percentile bootstrap 95% confidence intervals; all
eight interval metrics had 1,000 valid bootstrap replicates in each database. eICU, eICU Collaborative
Research Database; AP, average precision; AUROC, area under the receiver operating characteristic
curve; CI, confidence interval; ICI, integrated calibration index; MIMIC-IV, Medical Information Mart for
Intensive Care IV; O/E, observed-to-expected.

Calibration Across Care Settings and Secondary Analyses
Setting-specific performance is reported in Table 3 and Fig. 2. Neuro SICU contained 165/1,338 deaths
(12.33%), compared with a mean predicted risk of 7.77%; its O/E ratio was 1.5876 (1.3836 to 1.7924).
The combined intermediate/stepdown setting contained 38/5,483 deaths (0.69%), compared with 1.87%
predicted; its O/E ratio was 0.3714 (0.2608 to 0.4915). AUROCs were 0.8175 (0.7849 to 0.8484) and
0.8845 (0.8528 to 0.9128), respectively. In the patient-cluster bootstrap, the observed-risk difference
(Neuro SICU minus intermediate/stepdown) was 11.64 percentage points (95% CI, 9.90 to 13.51); the
corresponding log O/E contrast was 1.453 (95% CI, 1.130 to 1.829). The pooled O/E interval included 1,
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whereas both stratum-specific intervals excluded 1 on opposite sides (Fig. 2B). In
intermediate/stepdown care, the absolute overprediction was 1.17 percentage points. Model-specific
explanation and rank stability are reported in Supplementary Table S9.

Table 3
Calibration across initial care settings in the cross-database evaluation

MIMIC-IV
population

N
(events)

Observed Predicted AUROC
(95% CI)

Slope (95%
CI)

O/E (95%
CI)

All neurologic
units

6821
(203)

2.98% 3.02% 0.9037
(0.8873 to
0.9204)

0.9750
(0.8913 to
1.0711)

0.9842
(0.8637 to
1.1050)

Neuro SICU 1338
(165)

12.33% 7.77% 0.8175
(0.7849 to
0.8484)

0.7828
(0.6737 to
0.9069)

1.5876
(1.3836 to
1.7924)

Neuro
Intermediate/

Stepdown

5483
(38)

0.69% 1.87% 0.8845
(0.8528 to
0.9128)

0.7947
(0.6750 to
0.9282)

0.3714
(0.2608 to
0.4915)

Pooled AUROC includes separation between care settings and is therefore not directly comparable with
stratum-specific AUROCs. Calibration estimates in intermediate/stepdown care are based on 38 deaths
and do not establish thresholds for clinical action. AUROC, area under the receiver operating
characteristic curve; CI, confidence interval; MIMIC-IV, Medical Information Mart for Intensive Care IV;
Neuro SICU, neurologic surgical intensive care unit (database label: Neuro Surgical ICU); O/E, observed-
to-expected. Strata use initial unit labels and do not establish the location of care at hour 24.

At a 10% transport threshold, sensitivity was 53.7%, specificity 93.7%, positive predictive value 20.6%,
and negative predictive value 98.5%. At the fixed 5% threshold, retrospective net benefit was 0.0153
relative to an assessment-none strategy. Decision curves for all thresholds are shown in the supplement.

Approximate era stratification, excluding 780 admission intervals that spanned 2020, yielded AUROC
0.8964 for intervals ending by 2019 and 0.9136 for intervals starting in 2020 or later; O/E ratios were
1.112 and 0.768, respectively. The descriptive era contrast could not separate temporal from care-setting
change. In MIMIC-IV, AUROC was 0.9098 (95% CI, 0.8861 to 0.9312) in women and 0.8979 (95% CI,
0.8706 to 0.9211) in men. These descriptive estimates were not a formal fairness assessment.

Discussion
Applied unchanged to MIMIC-IV, the model retained strong discrimination (AUROC, 0.9037). Predicted
and observed mortality were nearly identical overall (pooled O/E, 0.984), concealing underestimation in
Neuro SICU and overestimation in intermediate/stepdown care. Both O/E intervals excluded 1, and the
paired bootstrap contrast in log O/E excluded 0. Calibration slopes below 1 in both settings suggest that
an update should address their spread as well as baseline risk.
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These errors could affect which patients receive additional assessment. At a fixed threshold,
underprediction in Neuro SICU may suppress reviews among high-risk patients, whereas overprediction
in intermediate/stepdown care may add low-yield alerts. Retrospective net benefit at the 5% threshold
was 0.0153. A silent prospective run can measure alert volume and yield before clinicians see the
predictions.

Care-setting labels may capture differences in severity, triage, treatment, and monitoring absent from the
13 harmonized predictors. In Neuro SICU, the lower within-unit AUROC and underprediction may partly
reflect differences in case mix and unmeasured perioperative factors, including decompressive
craniectomy or hematoma evacuation before hour 24. Intermediate/stepdown care represents a lower-
acuity population with different monitoring practices. Discrimination and calibration also differed across
harmonized ICU datasets in a previous multicenter study.[6] The opposite error directions identify care
setting as a target for local updating. All 13 predictors are routinely recorded; the model uses no
imaging-derived features and can run in an open-source software environment. These strata describe
initial unit assignment, not necessarily the patient’s location at hour 24. In the exploratory later-era
analysis, setting-offset updating increased AUROC but did not improve all calibration measures
(Supplementary Table S11).

The one-standard-error rule favored spline regression under the planned trade-off between fit and
transparency. XGBoost and CatBoost had slightly higher mean outer AUROCs, but the paired
comparisons in Supplementary Table S15 were inconclusive. APACHE IVa provided context for a
different endpoint. Comparing disease-specific scores across this mixed cohort would also require
compatible populations, inputs, and prediction horizons.

The development cohort met all three applicable Riley criteria for 73 candidate degrees of freedom:
20,810 admissions and 885 events were available, compared with a maximum requirement of 12,772
admissions (approximately 543 events). Ridge penalization controlled model complexity, and repeated
grouped nested validation estimated performance after tuning and family selection. Supplementary
Table S5 reports the conventional parameter-count stress test. Internal confidence intervals condition on
the realized repeated out-of-fold predictions and do not capture variation from rerunning the complete
selection procedure.

Earlier results informed the expanded cohorts and heterogeneity analyses. MIMIC-IV outcomes were not
used for tuning or model selection in the final development run. This prior knowledge of target-data
performance and structure may have favored transport estimates and distinguishes the study from an
untouched external confirmation. The databases also differ in institution, case mix, measurement, and
calendar time. Because the 2020 cutoff coincided with the COVID-19 pandemic, the era comparison
cannot isolate temporal drift. Both datasets come from the United States; admission thresholds, staffing,
monitoring, and treatment may differ in other health systems and should be represented in a local
calibration sample.
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Only 38 deaths occurred in intermediate/stepdown care, limiting the precision of its calibration
estimates.[21] Its relative overprediction was large; the absolute difference was 1.17 percentage points.
The effect on alert burden remains unknown. Minimum GCS was missing in 18.2% of eICU admissions;
recording may depend on sedation, intubation, or monitoring. Median imputation without missingness
indicators may bias risk estimates, but we did not establish the missingness mechanism or its
contribution to miscalibration. Alive ICU discharge before hour 168 counted as a non-event. This ICU-
specific endpoint depends on discharge practice and excludes post-ICU deaths, including deaths before
day 7. The 24-hour landmark excludes patients who died or left earlier, and ICU mortality does not
describe neurologic function. Race and ethnicity could not be harmonized, leaving performance across
these demographic groups unassessed. We did not estimate hospital-specific calibration random
effects. Decision curves and updating analyses remain retrospective. Measurements were selected by
chart timestamps; delayed-entry availability at the landmark was not assessed. The APACHE admission-
diagnosis eligibility field had no entry-time cutoff. A prospective implementation must verify that both
eligibility information and predictor values are available at hour 24.

We propose a local evaluation in two stages: first collect silent predictions and estimate calibration
intercepts and slopes; then lock any update and test it in a later cohort before clinicians see the output.
[28–30]

Conclusions
A transparent 13-variable hour-24 model retained strong discrimination after frozen cross-database
transport. Care-setting calibration exposed offsetting probability errors hidden by pooled estimates,
supporting unit-specific prospective evaluation of neurocritical early-warning workflows.
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Figure 1

Cohort construction and analytic framework. Sequential eligibility and exclusion counts are shown for
eICU-CRD development and MIMIC-IV transport. The flow diagram shows the hour-24 eligibility
sequence; the outcome was ICU death after hour 24 and by hour 168. Abbreviations: eICU-CRD, eICU
Collaborative Research Database; ICU, intensive care unit; MIMIC-IV, Medical Information Mart for
Intensive Care IV.
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Figure 2

Calibration across initial care settings after MIMIC-IV transport. (A) Observed and mean predicted day-7
ICU mortality (point estimates; marginal CIs unavailable). (B) O/E ratios. (C) Calibration slopes. Error
bars in (B) and (C) are 95% patient-cluster bootstrap CIs; each interval uses 1,000 valid replicates. For
O/E, 1 denotes average-risk agreement; values above/below 1 indicate underprediction/overprediction.
(D) Paired patient-cluster bootstrap differences, Neuro SICU minus intermediate/stepdown care.
Abbreviations: CI, confidence interval; ICU, intensive care unit; MIMIC-IV, Medical Information Mart for
Intensive Care IV; N, admissions; Neuro SICU, neurologic surgical intensive care unit (database label:
Neuro Surgical ICU); O/E, observed-to-expected; pp, percentage points.
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