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Abstract

Multidimensional reliability scores have been proposed as better criteria than confidence
for deferring clinical predictions to clinicians. We evaluated reliability-gated deferral for
sepsis, mortality, and vasopressor prediction in intensive care patients from MIMIC-IV
(68,546 stays), MIMIC-III (42,242), and eICU (119,757 stays; 206 hospitals), with patient-level
splits, held-out hospitals, and MIMIC-IV-to-eICU transfer. Against a one-sided gate that
defers the lowest predicted risks, a reliability composite reduced the Brier score of retained
predictions 1.5- to 2.1-fold at 80% coverage. Against a symmetric gate, max(%, 1-— ;),
which minimizes this error for a calibrated model, the composite offered no advantage
in any of 12 database—task pairs; the symmetric gate was better in five. At matched
predicted risk, missingness-aware reliability dimensions and an error model given the
entire patient record showed no statistically detectable improvement in deferral beyond
calibrated confidence in any of 75 planned tests (54 confirmatory), although injected error
signals worth 0.004-0.007 in retained Brier score were detectable. After transfer between
databases, calibration error reached 19.7% and some scores carried outcome information
beyond predicted risk, but recalibration at the target site improved retained predictions far
more than any score. Deferral signals should be evaluated against symmetric confidence at
matched risk; shift calls for recalibration.

Keywords: selective prediction; learning to defer; calibration; Brier score; uncertainty
quantification; distribution shift; clinical decision support; intensive care units; sepsis;
MIMIC-1V; eICU

1. Introduction

Clinical prediction models for sepsis, mortality, and deterioration routinely report
areas under the receiver operating characteristic curve (AUROCSs) above 0.85 on held-out
data [1-3]. Average performance, however, says little about any individual prediction.
Models fail systematically on subgroups and new sites [4—6], and those failures are rarely
signaled to the clinician who acts on the output [7,8]. A model’s self-reported confidence
need not track whether a given output is correct [9], and clinician trust depends on knowing
when not to rely on the model [10,11].
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Selective prediction addresses this by letting the model abstain. The classical reject
option [12] and its modern forms [13,14] threshold a confidence score. Learning-to-defer
methods instead train the deferral decision jointly with, or on top of, the classifier [15,16],
and clinical applications have shown that deferring to clinicians can improve joint human—
Al accuracy [17]. Conformal methods add distribution-free coverage guarantees [18]. A
common critique of confidence-based deferral is that confidence is one-dimensional: a
model can be confident for the wrong reasons, for example when it extrapolates beyond
its training distribution or rests on sparse inputs [19-21]. This critique motivates multidi-
mensional reliability scores that supplement confidence with signals about data sufficiency,
distributional familiarity, and prediction stability.

An earlier preprint of this work [22] proposed such a score for intensive care unit
(ICU) prediction and reported large gains over confidence gating: the two criteria deferred
almost entirely different patients, and the reliability gate halved the Brier score of retained
predictions. Those comparisons used a one-sided confidence gate that defers to the patients
with the lowest predicted risk (p < t). The textbook selective-prediction rule is symmetric:
it defers predictions whose maximum-class probability, max (;, 1-— Z), is lowest. The
two rules defer opposite ends of the risk distribution. Two further problems affect this
comparison and, more generally, the evaluation of deferral signals. First, metrics computed
on retained patients depend on whom each rule retains, and the Brier score depends on
prevalence [23,24]; a rule can look better simply by retaining an easier population. Second, a
reliability score adds value only if, among patients with the same predicted risk, it identifies
the predictions that are wrong. That comparison, which holds case mix fixed, has not been
made for clinical reliability scores, and it has not been made under distribution shift, where
such scores are expected to matter most. Evaluations of confidence scoring outside clinical
outcome prediction suggest that simple confidence is hard to beat [25,26], but none has
tested this at matched predicted risk.

In the present study, we re-evaluated reliability-gated deferral for sepsis, mortality,
and vasopressor prediction in three ICU databases (MIMIC-1V, MIMIC-III, and eICU) on
cohorts split by patient, at elCU hospitals held out from training, and after transfer of the
MIMIC-1V pipeline to eICU. To the best of our knowledge, this is the first study to test
reliability-gated deferral against calibrated confidence at matched predicted risk in clinical
outcome prediction, including under site and database shifts (Figure 1). We contribute
(1) an analytical reference point, showing that for a calibrated model the expected squared
error of predictions with risk p is ;5(1 - ;) and that, among patients with the same p, a
score can find additional errors only if it carries information about the outcome that the
model lacks; (2) evidence across 12 database—task pairs that a reliability composite’s 1.5- to
2.1-fold advantage over the one-sided rule disappears against the symmetric rule; (3) a risk-
matched test, calibrated by positive controls, in which neither missingness-aware reliability
dimensions nor an error model given the entire patient record improved deferral beyond
confidence, in or out of distribution, within the sensitivity of the test; and (4) evaluation
recommendations for clinical selective prediction, with public code and dated analysis
plans. Table 1 summarizes how this study differs from the earlier preprint.
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Figure 1. Deferral rules compared. (Top): two confidence gates computed from the calibrated
predicted risk p. The one-sided gate defers the lowest predicted risks. The symmetric gate defers
predictions closest to p = 0.5. (Bottom): the reliability gate defers patients with the lowest reliability
R, the negative of a cross-fitted model’s predicted squared error given five candidate dimensions,
each annotated with its operationalization (Section 2.4). All gates are compared at matched coverage
on the same predictions.

Table 1. Relation of this study to the earlier preprint [22].

Aspect Earlier Preprint This Study
One-sided gate (;Nq < t), labeled a One-sided and symmetric gates; temperature-scaled
Comparator . . .
confidence gate entropy, four other uncertainty scores, and SelectiveNet
MIMIC-1IV (temporal split by MIMIC-1V, MIMIC-III, and eICU extracted with shared
Data and splits de-identified year); MIMIC-III definitions; patient-level splits; 206-hospital eICU with

replication held-out hospitals; MIMIC-IV — eICU transfer

Reliability score

Logistic composite of five

Cross-fitted error model; missingness-aware dimensions;
error model on the full record; continuous sufficiency

dimensions
measure D2* (see footnote a)

Retained-set Brier score and NNR

Paired tests with Cls; risk-matched test with positive

Evaluation . controls; prevalence-adjusted skill; class-conditional,
at fixed coverage . . .
subgroup, clinical-score, and imperfect-review analyses
Theory None Expected-error identities, Equations (1) and (2)
e . No signal improved deferral beyond confidence at
Conclusion Reliability is not reducible to matched risk; the apparent gain reflected which tail of risk

confidence and outperforms it

each rule defers

a D2*: variance of the primary model’s prediction over 50 imputations of missing values; replaces the
saturated sufficiency ratio D2. Descriptive analysis.

2. Materials and Methods
2.1. Data Sources and Cohorts

We used three intensive care databases. MIMIC-IV v3.1 [1,27] (Beth Israel Deaconess
Medical Center [BIDMC], 2008-2022) and MIMIC-III v1.4 [28] (BIDMC, 2001-2012) were
processed with one shared extraction. The cohort was the first ICU stay of each hospital
admission in adults (>18 years) whose stay lasted at least 24 h and who had at least
one observation in the feature window. This gave 68,546 stays from 54,551 patients in
MIMIC-1IV and 42,242 stays from 33,520 patients in MIMIC-III. The eICU Collaborative
Research Database v2.0 [29] contributed 119,757 first ICU stays per hospitalization from
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103,240 patients in 206 U.S. hospitals, with the same age and length-of-stay criteria and a
known hospital discharge status.

Features were computed over the first 24 h after ICU admission from 23 raw signals
(10 vital signs and 13 laboratory tests, including creatinine, lactate, hemoglobin, white
blood cell count, platelets, electrolytes, and liver enzymes). Each signal was summarized by
its mean, minimum, maximum, last value, and number of observations, giving 115 features
with identical names in all three databases. One signal, temperature in degrees Fahren-
heit, has no eICU equivalent; its four summary features are always missing there and its
observation count is zero.

Each database was split into training, validation, and test sets by patient, so that
no patient contributed to more than one set, using seven stratified group folds (one for
test, one for validation; approximately 71/14/14%; seed 42), separately for each task.
MIMIC shifts dates by a random offset per patient, so no split can be both patient-level
and calendar-ordered; all splits are internal hold-out validation. To test transfer to unseen
institutions, elCU was also split by hospital (elCU-H): whole hospitals were assigned to
training, validation, or test, leaving 37, 33, and 19 test hospitals for the sepsis, mortality,
and vasopressor tasks. Table 2 summarizes the test sets.

Table 2. Test cohorts and base-model performance (calibrated XGBoost ensemble, full test set, no
deferral). M-ECE: expected calibration error with 10 equal-mass bins. ? Held-out hospitals.

Database Task Test n Prevalence AUROC Brier M-ECE
MIMIC-IV Sepsis 9792 16.9% 0.879 0.094 0.7%
Mortality 9793 11.1% 0.858 0.076 0.8%
Vasopressor 6946 5.5% 0.746 0.049 0.6%
MIMIC-III Sepsis 6036 11.6% 0.867 0.076 1.1%
Mortality 6034 11.3% 0.849 0.077 0.8%
Vasopressor 4160 7.9% 0.743 0.066 1.1%
elCU Sepsis 17,108 14.5% 0.861 0.091 0.7%
Mortality 17,108 8.8% 0.825 0.065 0.4%
Vasopressor 10,380 3.4% 0.743 0.032 0.6%
elCU-H* Sepsis 17,017 14.7% 0.870 0.090 0.9%
Mortality 17,080 8.9% 0.831 0.065 0.6%
Vasopressor 10,414 3.3% 0.742 0.031 0.5%

2.2. Prediction Tasks

All predictions were made 24 h after ICU admission. Sepsis was defined in MIMIC
by International Classification of Diseases (ICD)-9 codes 995.91, 995.92, and 785.52 and
their ICD-10 equivalents (A41.9, R65.20, R65.21), and in eICU by admission diagnoses in
the sepsis and septic-shock categories, excluding non-infectious systemic inflammatory
response syndrome and septic arthritis. ICD-based labels are less specific than Sepsis-3
criteria [30], and the case-identification method changes sepsis incidence [31]; we therefore
repeated the MIMIC-IV analyses with Sepsis-3 labels (Section 2.7). In-hospital mortality
was taken from discharge status. Vasopressor initiation was the first infusion of nore-
pinephrine, epinephrine, phenylephrine, vasopressin, or dopamine between 24 h and ICU
discharge, among stays with no vasopressor before 24 h (48,615 MIMIC-1V, 29,120 MIMIC-
III, and 72,660 eICU stays). In eICU, this task was restricted to the 146 hospitals that chart
vasopressor infusions.
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2.3. Base Models

The primary base model was a five-seed XGBoost v3.2 ensemble (up to 500 trees,
maximum depth 6, learning rate 0.05, subsample and column subsample 0.8, minimum
child weight 5, L2 penalty 1), trained on unimputed features with native missing-value
handling and stopped early after 20 rounds without improvement in validation log loss.
No class weighting was used: the analysis depends on predicted probabilities that mean
what they say, and reweighting classes would distort them and require the isotonic step
to undo the distortion. The ensemble mean was calibrated by isotonic regression on the
validation set to give ; Training diagnostics for every model (stopping iteration 44-420;
training-validation AUROC gap 0.056-0.166) are in Table S1; the test AUROC of each
calibrated ensemble (Table 2) was within 0.026 of its members’ validation AUROC. To
test model dependence, we repeated the MIMIC-IV analyses with a five-seed multilayer
perceptron (MLP; hidden layers of 128 and 64 units, dropout 0.1).

2.4. Reliability Dimensions and Composite

The composite combined confidence with four dimensions, each targeting a clinically
motivated failure mode:

1. D1, confidence: ;(1 - ;)

2. D2, data sufficiency: The fraction of the 23 signals with at least one observation in the
24 h window. (The earlier preprint divided the fraction observed in the 24 h window
by the fraction observed in its first 6 h, clipped to 1. Because the 6 h window lies inside
the 24 h window, the ratio is at least 1 whenever any signal was observed early, and
it was at its ceiling for 98.4-99.9% of test patients, so it was not used. A continuous
alternative, D2%, is analyzed in Section 2.8).

3. D3, cohort similarity: D3 = exp(—d(x)/c), where d(x) is the Mahalanobis distance
of the standardized, median-imputed feature vector to the training mean under a
Ledoit-Wolf shrinkage covariance [32], and ¢ is the median training-set distance.

4. D4, temporal stability: One minus the mean coefficient of variation in each signal
within the window, over signals with at least two observations and nonzero mean
(coefficients clipped to [0, 1]; 0.5 when no signal qualifies).

5. D5, perturbation sensitivity: The variance of the primary model’s predicted probability
over 50 passes in which a random 10% of the median-imputed inputs were set to zero.

The composite was a model of each patient’s squared error. On the validation set,
split in two halves by patient, isotonic calibration was fitted on one half and the target

~ 2
(p — y) computed on the other, and vice versa, so that the calibrator and the error target
never shared patients. A gradient-boosted regressor (XGBoost; depth 3, 300 trees, learning
rate 0.05, subsample 0.8), constrained to be monotone increasing in D1, was then fitted to

[~ 2
the pooled halves. The reliability score was R(x) = —IE [(p - y) | x] . This specification,

which differs from the logistic composite of the earlier preprint, and its primary comparison
were fixed in a dated analysis plan before any result was examined.

2.5. Deferral Rules

Every rule ranks patients by a score and retains the highest-ranked fraction; we use
gate for a rule applied at a given coverage:

e One-sided confidence: score p, so the lowest predicted risks are deferred. This was
the comparator in the earlier preprint.

e  Symmetric confidence: score max (;, 1-— ;) , so predictions closest to 0.5 are deferred.

e  Reliability: score R.
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e  Alternative uncertainty scores: ensemble variance (split-conformal score), Monte Carlo
dropout variance, binary entropy after temperature scaling [33], and the posterior
predictive variance of a Laplace-approximated Bayesian logistic regression [34].

e  SelectiveNet [14]: a jointly trained prediction-and-rejection network with target cover-
age 0.8.

Temperature-scaled entropy ranks patients exactly as the symmetric rule applied to
the uncalibrated ensemble output, because entropy is a monotone function of the distance
of the logit from zero.

2.6. An Analytical Reference Point

For a binary outcome y with true conditional risk #(x) = Pr(y = 1|x) and a prediction p,
the expected squared error of one patient is

~ 2 ~2 ~
E{(P—@ IX} =7+ (1-2p) (1)
If p is calibrated, E {Iy(x) | ;} = p, and averaging Equation (1) over patients with the

B|(5-v) 15 = 5(1-7) @

Two consequences organize the study. First, the expected Brier score of the retained

same p gives

set at any fixed coverage is minimized by retaining the patients with the smallest p (1 - 5) ,
that is, by the symmetric rule. For tasks in which most predictions lie below 0.5, the one-
sided rule does the opposite and removes the patients whose expected error is smallest;
a gap between a reliability gate and the one-sided gate therefore says nothing about the
reliability dimensions. Second, among patients with the same p, Equation (1) varies only
through #(x). A score can identify errors beyond confidence only if it carries information
about the outcome that % does not, that is, only if the base model left recoverable signal.
This is what the risk-matched test in Section 2.8 measures.

2.7. Whole-Cohort Comparisons

The main analyses compared gates at 80% coverage (20% deferral) with a stable top-k
selection (ties in the score keep their row order). No threshold was tuned: each gate retained
a fixed fraction of patients ranked by its own score, so all gates were compared at identical
workload, and full risk—coverage curves (50-100% coverage) show that conclusions do not
depend on the chosen operating point. On retained patients we report the Brier score [35],
AUROC, and outcome prevalence; on deferred patients, the misclassification rate at 0.5 and
the number needed to review (NNR; deferred patients per deferred error [36]). The Jaccard
index quantifies overlap between deferred sets. Gates were compared by a paired bootstrap:
each of 2000 resamples (seed 42) drew test patients with replacement, and both gates were
re-evaluated on the same resampled patients. We report 95% percentile confidence intervals
(CIs) and two-sided bootstrap p-values with Holm-Bonferroni correction [37] across the
nine database—task pairs, and separately across the three elCU-H pairs (smallest attainable
adjusted p: 0.0045 and 0.0015). Because the retained populations of different gates differ in
prevalence, and the Brier score depends on prevalence [23,24], we also report the retained-
set Brier skill score, 1 — Brier/[7t(1 — 7)] with 7 the retained prevalence, and net benefit [38]
on retained patients for thresholds 0.02-0.50.

Secondary analyses addressed specific questions. Class-conditional Brier score, sensi-
tivity, and specificity at 0.5 were computed for each gate, and calibration was displayed
in 10 equal-mass bins and summarized by the expected calibration error over the same
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bins (M-ECE). A subgroup audit compared deferral rate, share of the group’s errors that
were deferred, retained Brier score, and the rate of deferring correctly classified patients
across sex, age (18-39, 40-54, 55-64, 65-74, and >75 years), and five race/ethnicity groups.
Expected errors under imperfect clinician review were computed for review accuracies
of 70-100%, with the break-even accuracy below which deferral adds errors. MIMIC-IV
analyses were repeated with Sepsis-3 labels (mimic_derived.sepsis3). For mortality, the
first-day Sequential Organ Failure Assessment (SOFA) score (MIMIC-1V, recalibrated by
logistic regression on the validation set) and the Acute Physiology and Chronic Health
Evaluation (APACHE) IVa predicted mortality (eICU) were evaluated as clinical baselines
and as inputs to the symmetric gate. The composite comparison was repeated over five
patient-level split seeds. Stress tests applied frozen pipelines to perturbed test features:
zeroing 10-50% of feature columns, which injects out-of-range values rather than simulat-
ing missingness, and shifting a renal (creatinine, blood urea nitrogen) or liver (alanine and
aspartate aminotransferase, bilirubin) panel by 0.5-2.0 training-set standard deviations,
with five replicates per condition. Reporting follows TRIPOD + AI [39].

2.8. Risk-Matched Deferral Test

Whole-cohort comparisons cannot separate a score’s information about error from the
case mix it retains. The risk-matched test holds predicted risk fixed. Test patients were
sorted by p (ties broken by a fixed random permutation) and cut into K = 10 equal-size
bins. Within each bin, the 20% of patients with the lowest score were deferred, so every
score retained the same distribution of predicted risk. The effect of a score was

A= Crandom — Cretained

where e = (; - y) 2, Cretained 1S the mean squared error of the retained patients, and
Crandom 18 its exact expectation under random deferral within bins. Residual variation of
p within a bin gives the symmetric rule a small advantage over random deferral, so the
primary effect was the gain beyond the symmetric rule at matched risk, A,q; = A(score) —
A(symmetric). Inference used a paired bootstrap of 1000 resamples (seed 42) in which bins
were recomputed on each resample, with percentile ClIs and two-sided p-values floored at
0.001; Holm correction was applied within each setting across 15 tests (five scores x three
tasks). K = 20 was a sensitivity analysis.

Two references calibrate the test. The oracle score —e gives the largest achievable effect.
Positive controls —(e + €), with noise € normally distributed with standard deviation k SD(e)
and k € {1,2,4}, are scores that carry a known amount of information about each patient’s
error; a test that cannot detect them cannot support a negative conclusion. Because these
controls are strong (Section 3.5), we also estimated post hoc the smallest detectable gain by
titrating k (Table S14).

The scores were constructed to give the reliability hypothesis its best chance. D3
and D5 as defined above operate on median-imputed inputs, which hides missingness
from D3 and presents the NaN-trained model with zeros it never saw. We therefore also
constructed missingness-aware versions: D3™ computes the same Mahalanobis similarity
after appending binary missingness indicators, and D5™ is the variance of the primary
model’s prediction over 50 passes in which 10% of the observed entries were set to missing,.
C™ is a cross-fitted ridge model of squared error on %(1 — ;), D2, D3™, D4, D5™, and
the ensemble standard deviation. L is a cross-fitted gradient-boosted model of squared
error (depth 2, 200 trees, learning rate 0.03, minimum child weight 50) given ;(1 — Z) and
the entire 115-feature record, and L + D adds the dimensions to L. L tests whether any
error signal recoverable from the patient record exists; L + D tests whether the dimensions
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add to it. A further, descriptive score, D2, replaces the saturated sufficiency ratio with the
variance of the primary model’s (ensemble member 1) prediction over 50 completions of
the patient’s missing values by predictive mean matching [40]; it is large when the missing
measurements would move the prediction and cannot be inferred from the recorded
ones. We also report, without multiplicity adjustment, the dimensions and composite as
defined above.

The test was run in five settings: MIMIC-1V, MIMIC-III, and eICU (patient splits); eICU-
H (held-out hospitals); and MIMIC-IV — eICU, in which the MIMIC-1V pipeline (ensemble,
calibrator, dimensions, and error models) was applied unchanged to the eICU test patients.
The analysis plan was fixed and dated before its results were examined (Table S11). Because
an exploratory check on in-distribution data preceded it, L and L + D are exploratory in
the three in-distribution settings and confirmatory in the two shift settings, and D5™ is
exploratory in MIMIC-IV; the remaining 54 of the 75 tests are confirmatory. The primary
contrast was first specified relative to random deferral; after those results showed that
composites containing p(1- ; matched the symmetric rule’s own within-bin gain, the
plan was amended to make A,4; primary, before any result for the missingness-aware or
learned scores was examined in the two shift settings. Both contrasts are reported.

Five analyses were added post hoc, after the planned results were known (Table S14):
positive controls titrated to k = 4, 8, 16, and 32, each injected 10 times, to estimate the
smallest detectable gain; a hospital-cluster bootstrap for elCU-H and MIMIC-1V — eICU;
a likelihood-ratio test of whether each score adds outcome information to a natural cubic
spline of logit p, which uses all patients and absorbs any monotone recalibration (Holm
correction within setting); isotonic recalibration of the transferred model on eICU validation
patients; and recovery by L of a planted feature carrying error information. Four further
post hoc analyses (Table S15) examined per-hospital heterogeneity at held-out elCU hospi-
tals (random-effects pooling of within-hospital gate differences), decision loss at clinical
thresholds t = 0.05-0.50 (false positives costing ¢ and false negatives 1 — t), transfer with
harmonized features (observation counts and temperature removed from all model inputs,
leaving 84 features), and sepsis defined by Sepsis-3 onset after the 24 h prediction time in
MIMIC-1V (stays with earlier onset excluded).

2.9. Software and Reproducibility

Analyses used Python 3.11, XGBoost 3.2, scikit-learn 1.9, pandas 3.0, PyTorch 2.14,
and statsmodels 0.15. Seeds were 0—4 for ensemble members and shift replicates and 42 for
splits, cross-fitting, and bootstrap resampling. Computing D1, D3, and D5 took under 0.1
ms per patient on one CPU core (batched, Apple M1 Pro, Apple Inc., Cupertino, CA, USA).
Code is available as described in the Data Availability Statement.

3. Results
3.1. Reliability Versus One-Sided Confidence

Against the one-sided gate, the reliability composite reproduced the headline finding
of the earlier preprint in all three databases and at held-out hospitals (Table 3). Deferred
sets were nearly disjoint (Jaccard < 0.02 in all 12 pairs), and the retained-set Brier score
was 1.54- to 2.12-fold lower under the composite. All 12 Brier differences were statistically
significant after Holm correction (adjusted p < 0.0045). NNR fell from 59 to 280 under
the one-sided gate to 2.7-14.9. Taken at face value, this suggests that reliability identifies
patients that confidence misses. The next analyses show that the disjointness is a property of
the one-sided comparator and that the Brier advantage does not survive the symmetric one.
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Table 3. Three deferral rules at 80% coverage. Brier score and AUROC are computed on retained
patients. NNR is the number of deferred patients per deferred misclassification. | is the Jaccard index
between each gate’s deferred set and the composite’s deferred set. elCU-H: held-out hospitals.

Cohort/Task Gate Brier AUROC Retained Prev. NNR Jvs. R

MIMIC-IV sepsis One-sided 0.116 0.849 21.0% 151 0.00
Symmetric 0.059 0.869 10.0% 2.6 0.83

Composite 0.061 0.870 10.1% 2.7 -
MIMIC-IV mortality One-sided 0.094 0.822 13.8% 280 0.00
Symmetric 0.043 0.811 5.3% 3.2 0.76

Composite 0.045 0.828 5.8% 3.3 -
MIMIC-IV vasopressor One-sided 0.059 0.711 6.6% 93 0.00
Symmetric 0.032 0.687 3.4% 7.1 0.65

Composite 0.033 0.699 3.5% 7.3 -
MIMIC-III sepsis One-sided 0.094 0.837 14.4% 201 0.00
Symmetric 0.041 0.785 4.6% 3.0 0.74

Composite 0.044 0.822 5.5% 32 -
MIMIC-III mortality One-sided 0.095 0.813 14.0% 201 0.00
Symmetric 0.046 0.776 5.2% 3.4 0.84

Composite 0.047 0.790 5.6% 3.5 -
MIMIC-III vasopressor One-sided 0.079 0.709 9.4% 59 0.01
Symmetric 0.044 0.639 4.7% 5.0 0.54

Composite 0.051 0.688 5.5% 6.1 -
elCU sepsis One-sided 0.113 0.826 18.0% 171 0.00
Symmetric 0.057 0.800 6.7% 2.7 0.81

Composite 0.057 0.807 6.9% 2.7 -
eIlCU mortality One-sided 0.079 0.797 10.7% 95 0.00
Symmetric 0.038 0.750 4.4% 41 0.76

Composite 0.039 0.749 4.5% 42 -
elCU vasopressor One-sided 0.038 0.710 4.1% 160 0.00
Symmetric 0.019 0.654 2.0% 11.0 0.64

Composite 0.022 0.692 2.3% 12.5 -
elCU-H sepsis One-sided 0.111 0.837 18.3% 200 0.00
Symmetric 0.055 0.820 7.0% 2.8 0.91

Composite 0.056 0.829 7.3% 2.8 B
elCU-H mortality One-sided 0.079 0.801 10.9% 122 0.00
Symmetric 0.038 0.749 4.3% 41 0.85

Composite 0.039 0.761 4.4% 42 -
elCU-H vasopressor One-sided 0.037 0.728 3.9% 99 0.02
Symmetric 0.019 0.656 2.0% 11.4 0.48

Composite 0.024 0.702 2.5% 14.9 -

Bold: symmetric gate statistically significantly better than the composite (Holm-adjusted paired-
bootstrap p < 0.05). CIs for every pair are in Table S2. One-sided NNR rests on few deferred errors
(for MIMIC-1V sepsis, 13 among 1958 deferred patients) and is unstable.

3.2. The One-Sided and Reliability Gates Defer Opposite Tails of Predicted Risk

Figure 2 shows the calibrated risk of the patients each gate deferred on MIMIC-IV. The
one-sided gate deferred the lowest predicted risks (median p 0.008, <0.001, and 0.008 for
sepsis, mortality, and vasopressor), where almost no events occurred (deferred prevalence
0.7%, 0.4%, and 1.1%). The composite deferred patients were higher in the distribution
(median ; 0.44, 0.33, and 0.12; deferred prevalence 44.2%, 32.7%, and 13.1%), as did the
symmetric gate (0.44, 0.33, and 0.14; 44.7%, 34.4%, and 13.7%). A Jaccard index near zero
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Calibrated predicted risk p

between the one-sided and reliability gates is therefore a geometric consequence of where
they cut, not evidence that they capture different kinds of unreliability.

Sepsis Mortality Vasopressor
1.0 4 1.0 4 1.0 o
0.8 —_ 0.8 0.8 1
0.6 | 0.6 = 0.6 4
0.4 0.4 E| 0.4 1
0.2 0.2 0.2 4
i ; — %I
0.0 4 - : . . 0.0 4 ; ; . —— 0.0 T — . .
All patients One-sided Symmetric Reliability All patients One-sided Symmetric Reliability All patients One-sided Symmetric Reliability

confidence confidence

composite confidence  confidence  composite confidence  confidence  composite

Figure 2. Calibrated predicted risk of the patients deferred by each gate at 20% deferral (MIMIC-IV
test set). The grey box shows all patients. Boxes span the interquartile range, and whiskers extend
to 1.5x the interquartile range. The one-sided gate defers the lowest-risk patients; the symmetric
and reliability gates defer largely the same higher-risk patients. - Grey: all patients (reference). Blue:
deferred by the one-sided confidence gate. The box is a thin sliver near ; ~ 0, because this gate defers
the lowest-risk patients. Green: deferred by the symmetric confidence gate. Orange: deferred by the
reliability composite.

The same geometry explains the risk—coverage curves (Figure 3). As coverage fell
from 100% to 50%, the one-sided gate’s retained-set Brier score rose (sepsis 0.094 to 0.166,
mortality 0.076 to 0.137, vasopressor 0.049 to 0.080), and its retained prevalence rose with
it (16.9% to 31.6%, 11.1% to 20.8%, and 5.5% to 9.0%), as Equation (2) predicts: the rule
removes patients whose expected squared error is near zero. The symmetric and reliability
gates retained increasingly low-risk populations instead.

Sepsis Mortality Vasopressor
016 0.14 4 0.08 ] —e— One-sided confidence
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Figure 3. Risk—coverage curves on MIMIC-IV. (Top): Brier score of retained predictions. (Bottom):
outcome prevalence among retained patients. The one-sided gate’s Brier score rises as coverage falls
because it retains an increasingly high-risk population. The symmetric and reliability gates retain
increasingly low-risk populations and track each other closely.

3.3. A Symmetric Confidence Rule Matches or Exceeds the Composite

Against the symmetric gate, the composite offered no advantage in any pair (Table 3).
Retained-set Brier scores did not differ statistically significantly in seven of 12 pairs, and
the symmetric gate was better in the other five: MIMIC-IV sepsis (difference —0.0018;
95% CI —0.0030 to —0.0006), MIMIC-III sepsis (—0.0033; —0.0055 to —0.0012), MIMIC-
III vasopressor (—0.0069; —0.0104 to —0.0038), eICU vasopressor (—0.0024; —0.0038 to
—0.0011), and eICU-H vasopressor (—0.0047; —0.0064 to —0.0031). The composite was
never better: across five split seeds, it was statistically significantly better in none of 60 runs
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and worse in 25 (Table 512). The two gates deferred largely the same patients (Jaccard
median 0.76, range 0.48-0.91), whereas the symmetric and one-sided gates were disjoint
(Jaccard 0.00 in all 12 pairs).

The composite’s retained AUROC was higher than the symmetric gate’s in 11 of
12 pairs (statistically significant after correction in nine). This does not indicate better
deferral. At these prevalences the symmetric gate removes more of the highest-risk patients,
among whom positives are concentrated (its retained prevalence was lower than the
composite’s in all 12 pairs), so the population it keeps spans a narrower range of risk and
is harder to rank. Retained-subset AUROC, like retained-subset Brier score, depends on
whom each gate keeps. Section 3.7 returns to this point.

3.4. What the Composite Learns

The error model relied mainly on confidence. D1 accounted for 44-85% of the model’s
split gain across the 12 pairs; D2-D5 shared the rest roughly equally (3-15% each). The
composite score correlated with %(1 — ;) at Spearman p from —0.64 to —0.96. Removing
D2-D5 entirely (D1 alone) gave a lower retained Brier score in all nine primary pairs (point
estimates), and the full model predicted held-out squared error worse than D1 alone in all
nine (mean squared error 0.6-5.4% higher).

Where the composite departed from the symmetric gate, the departure cost accuracy
(Table 4). The patients deferred only by the composite carried less error than those deferred
only by the symmetric gate in all three MIMIC-IV tasks (squared error 0.134 vs. 0.210 for
sepsis, 0.126 vs. 0.174 for mortality, and 0.088 vs. 0.108 for vasopressor), and their data
sufficiency and similarity were similar (Table 4). Split-gain shares, rank correlations, and
held-out error-prediction results are in Table S12. The dimensions changed which patients
were reviewed at the margin, without directing review toward errors.

Table 4. Patients deferred by only one of the two gates (MIMIC-1V, 20% deferral). Error is misclassifi-

~ 2
cation at 0.5; squared error is ( p— y) . D5 is shown as the perturbation variance (x10~3). The two
groups are equal in size by construction.

Task Deferred Only By n Error Sq. Error  Median p D2 D3 D5
Sepsis Composite 185 15.1% 0.134 0.24 0.78 0.32 9.8
Symmetric 185 29.2% 0.210 0.24 0.81 0.35 12.2

Mortality Composite 266 14.7% 0.126 0.15 0.79 0.35 13.1
Symmetric 266 22.2% 0.174 0.17 0.79 0.30 13.7

Vasopressor Composite 295 9.8% 0.088 0.07 0.79 0.29 1.9
Symmetric 295 12.5% 0.108 0.12 0.80 0.30 22

3.5. At Matched Risk, No Score Showed a Detectable Deferral Improvement Beyond Confidence

The risk-matched test removed case mix from the comparison (Figure 4; Table 5; full
results in Table S6). The oracle gained 27.9-54.4 x 10~3 over random deferral. The positive
controls were detected in all 15 setting—task combinations, but they are strong: with noise
twice the standard deviation of the error (k = 2), the control gained 17.3-36.4 x 1073 over
the symmetric gate (60-93% of the oracle gain), and with k = 4, 31-57%. The symmetric
gate itself gained 0.7-4.8 x 1072 over random deferral, or 2.4-10.7% of the oracle gain,
confirming that the bins held risk nearly constant.

No score showed a statistically detectable improvement in deferral beyond the sym-
metric gate. Across the 75 planned tests (54 confirmatory), none showed a positive Aadi
after Holm correction, and 20 of 75 point estimates were positive, all with CIs spanning
zero. The learned error model L, given the entire patient record, gained between —1.9 and
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+1.1 x 1073, with Cls spanning zero in 14 of 15 combinations. Adding the dimensions
to L did not help (L + D minus L: —0.9 to +1.0 x 10~3; smallest adjusted p = 0.28). The
continuous sufficiency measure D2* did not exceed the symmetric gate in any setting
(Table S5). D3™ and D5™ fell below the symmetric gate in several settings (seven tests
with adjusted p < 0.05). These scores ignore p and so forgo the symmetric gate’s residual
within-bin advantage; relative to random deferral, they ranged from —1.8 to +2.2 x 1073
(CI excluding zero in 8 of 30 tests above and 1 below, unadjusted).

Sepsis Mortality Vasopressor Positive control
MIMIC-IV A _‘_E_ .—‘_ =] 4.7—‘_€— ':_:P
MIMIC-III - —‘_'_ [e—_—— —— _‘_7“—.7 —_o-—__‘_
elCu _"—' —= —‘v_ 7 ca
elCU, held-out | ﬂf —_— + —-
hospitals —nw:— R A — 4.,‘7 - -
MIMIC-IV - elCU - LE* == "‘47 i s
B 6 - B & % 4 -2 o 2z a B S o B : 20 4
Gain over symmetric gate (x10-?) Gain over symmetric gate (x10-?) Gain over symmetric gate (x10-?) (x10-2)
- D3 similarity # D5™ perturbation Cm ridge composite 4 L learned (record) ¥ L+D learned + dims
Figure 4. Gain over the symmetric confidence gate at matched predicted risk (Agg;, % 1073; points
with 95% paired-bootstrap Cls), by task and setting. Positive values would mean that a score defers
more error than the symmetric gate among patients with the same predicted risk. (Right): the positive
control (k = 2), an error signal of known strength, on its own scale. MIMIC-IV — eICU: MIMIC-IV
pipeline applied unchanged to eICU test patients.
Table 5. Risk-matched test: gain over the symmetric gate at matched predicted risk (A4, X 1073)
across 15 setting—task combinations (MIMIC-IV, MIMIC-III, eICU, eICU-H, and MIMIC-IV — eICU;
three tasks each), K = 10 bins.
Score Gain ¢ CI Spans 0 Range of A,q;
D3™, missingness-aware similarity 0/15 9/15 —5.1to0 +0.8
D5™, missing-value perturbation 0/15 8/15 —4.9 to +0.8
C™, ridge composite 0/15 14/15 —2.2t0 +0.6
L, error model on full record 0/15 14/15 —19to +1.1
L + D, L plus all dimensions 0/15 15/15 —22to+1.7
D2*, imputation uncertainty ? 0/15° 5/15 —5.3t0 +0.9
Positive control (k = 2) 15/15b 0/15 +17.3 to +36.4

2 Descriptive analysis. ® CI excludes zero (no multiplicity adjustment). ¢ Number of combinations
with A,g; > 0 and Holm-adjusted p < 0.05; Holm correction was applied within each setting across the
five primary scores and three tasks.

Three post hoc analyses bound this result (Table S14). First, titrated controls show
what the test can detect: signals that gained about 4-7 x 1073 over the symmetric gate
(k = 8) were detected in 70~100% of injections, and signals of about 0-2 x 1073 (k = 16)
in at most 50%, so gains of the size of the symmetric gate’s own within-bin advantage
could go undetected. Second, the learned model is able to find error information when
it exists: given a planted feature carrying such information, L gained 25.7-30.4 x 1073
over the symmetric gate, nearly as much as the feature itself. Third, a likelihood-ratio test
using all patients found outcome information beyond a flexible function of p for 6 of the
60 score—setting combinations within databases and at held-out hospitals (Holm-adjusted
p < 0.05). The scores therefore carried some information that the risk model had not used,
but too little to improve deferral by a detectable amount.
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The first, random-referenced contrast gave the same picture. None of D2-D5 as defined
in Section 2.4 exceeded random deferral within bins in any of the 12 pairs after correction.
The composite exceeded it in three pairs and a ridge composite in five, but by no more
than the symmetric gate’s own within-bin gain, which is why the plan made A,4; primary.
With K = 20 bins, no primary score had a CI above zero either; the only contrast whose CI
excluded zero was the unadjusted shift contrast for mortality (+2.3 x 1073; 95% CI +0.3 to
+4.5; Holm-adjusted p = 0.07; Table Séc).

3.6. Under Site and Database Shift

Reliability signals are expected to matter most when a model is deployed where it was
not trained. At held-out eICU hospitals, calibration held (M-ECE 0.5-0.9%), and L gained
—0.1,+0.6, and —0.6 x 1073 over the symmetric gate for sepsis, mortality, and vasopressor,
with all CIs spanning zero. Transfer from MIMIC-IV to eICU degraded calibration (M-ECE
1.2%, 19.7%, and 2.6%, versus 0.4-0.7% for models trained on eICU), yet L gained —0.5,
+0.2, and —0.7 x 1073, again with CIs spanning zero; for mortality, the 95% CI was —1.1
to +1.4 x 1073, The gain was not larger after transfer than within eICU (difference in A,gj,
K =10: adjusted p = 0.77 for each task). Without risk matching, the ridge composite C™
retained a lower Brier score than the symmetric gate after transfer for mortality (0.0965
vs. 0.0998 at 80% coverage), the setting in which p was most miscalibrated, whereas L
did not (0.1023; Table S6e). At matched predicted risk, C™ did not exceed the symmetric
gate in that setting (+0.3 x 1073; CI —0.7 to +1.4 x 1073), so its whole-cohort advantage
reflected which patients it retained rather than errors it identified among patients at the
same predicted risk.

The transfer was dominated by differences in how the two databases record data
rather than in whom they treat. eICU charts vital signs about ten times as often (median
heart-rate observations in 24 h: 284 vs. 26), lacks the Fahrenheit temperature signal and
records Celsius temperature in only 11% of stays, and measures lactate less often (27.7% vs.
59.2% of stays with at least one value). These differences apply to every eICU patient. They
shift the predicted risk of whole groups of patients together, which degrades calibration;
the null result for L is consistent with their not making some patients at a given predicted
risk more error-prone than others, which is what deferral could exploit. The transfer used
the features as extracted, without harmonizing units or charting frequency, and therefore
represents an unharmonized deployment. Post hoc, the conclusions held with a hospital-
cluster bootstrap (L's CI spanned zero in all six cluster-resampled settings; Table S14b).
The likelihood-ratio test found outcome information beyond any monotone function of
p in 7 of 15 transfer tests (Holm-adjusted p < 0.05), most strongly for L in mortality, so
the miscalibration after transfer was not uniform across patients. Yet recalibrating the
transferred model on eICU validation patients reduced M-ECE for mortality from 19.7%
to 0.5% and the symmetric gate’s retained Brier score from 0.0998 to 0.0494, far more than
C™ achieved without recalibration (0.0965; difference from the uncorrected symmetric
gate —0.0033, 95% CI —0.0042 to —0.0025; Table S14d). Removing the features whose
meaning differs between the databases (observation counts and temperature) reduced the
mortality calibration error after transfer from 19.7% to 5.0%, and with harmonized features
no score improved deferral at matched risk (0 of 30 tests; Table S15c). Across held-out
elCU hospitals, the difference between the symmetric gate and the composite showed no
heterogeneity (I? = 0 for all tasks) and favored the symmetric gate in 36 of 46 hospital-task
comparisons, although calibration in the large varied between hospitals (sepsis: —0.09 to
+0.15; Table S15a).
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3.7. Retained-Subset Metrics Depend on Whom Each Gate Keeps

Whole-cohort metrics computed on retained patients answer different questions for
different gates. On the retained-set Brier skill score, which scales the Brier score by the
retained prevalence, the one-sided gate ranked above the symmetric gate in 11 of 12 pairs
(CIs excluding zero; the exception was MIMIC-IV sepsis). The one-sided gate keeps a
higher-prevalence population, against which the same absolute error is a smaller fraction
of the outcome variance; the symmetric gate keeps the patients whose predictions carry the
least expected error (Table S10). Which is preferable depends on what deferral is for. When
its purpose is to send the clinician the predictions most likely to be wrong, the relevant
quantity is the error left with the model, the retained Brier score, which the symmetric rule
minimizes by Equation (2).

Net benefit on retained patients showed the same dependence (Figure 5). At p; = 0.10
on MIMIC-1V, the one-sided gate’s net benefit (0.151, 0.079, and 0.011) equaled the no-
deferral net benefit divided by 0.8 (0.121, 0.064, and 0.009), because the patients it deferred
lay below the threshold (maximum deferred % 0.011, 0.005, and 0.024) and contribute neither
true nor false positives. The symmetric and reliability gates (0.055 and 0.056 for sepsis)
remove the higher-risk patients on whom threshold decisions turn. A valid comparison
of net benefit across gates requires a model of what happens to deferred patients, which
requires data on clinician decisions that we do not have. For decisions at a fixed threshold ¢
between 0.05 and 0.50, the relevant gate defers the predictions with the highest expected
decision loss at t; the composite’s retained decision loss was higher than that gate’s in 8-11
of 12 pairs at each threshold and lower in none (Table S15b).

Sepsis Mortality Vasopressor
0.20 4 —e— One-sided confidence
—s— Symmetric confidence
0.04 4 Reliability composite
0.154 X ~=- No deferral (100% coverage)
b= 0.03
2
@ 0.10 A
2 0.02
[}
z
0.05 0.01
0.00 |
0.00 T T T T — 0.00 T T T T T T T T T T T
0.0 0.1 0.2 0.3 0.4 0.5 0.0 0.1 0.2 0.3 0.4 0.5 0.0 0.1 0.2 0.3 0.4 0.5
Decision threshold p¢ Decision threshold p: Decision threshold p:

Figure 5. Net benefit on retained patients at 80% coverage, MIMIC-IV. The dashed line is the calibrated
model applied to all patients without deferral. The one-sided curve equals the no-deferral curve
divided by 0.8, because the deferred patients lie below every threshold.

3.8. Alternative Methods, Base Models, Labels, and Stress Tests

Every score that approximates distance from 0.5 reached the lowest retained Brier
scores on MIMIC-IV (Table 6): symmetric confidence, temperature-scaled entropy, and,
within 0.005, the composite and ensemble variance. Monte Carlo dropout variance and
Bayesian logistic regression variance, which do not scale with %(1 — ;) , were worse. With
the MLP base model, the symmetric gate again matched or exceeded the composite (Brier
difference CI, sepsis —0.0020 to 0.0005; mortality —0.0042 to —0.0008; vasopressor —0.0019
to 0.0029), and SelectiveNet was within 0.006 of the symmetric gate, lower for vasopressor
(0.033 vs. 0.035) and higher for sepsis and mortality, without CIs.

With Sepsis-3 labels (MIMIC-IV prevalence 49.8%), the symmetric gate was slightly
better than the composite (retained Brier 0.156 vs. 0.157; difference CI —0.0019 to —0.0001)
and the one-sided gate was worse (0.194; Table S8). Sepsis-3 onset occurred within the
first 24 h in 47% of MIMIC-1IV stays; restricting the task to onset after the prediction time
(prevalence 4.9%), no score improved deferral at matched risk, and the symmetric gate
again matched the composite (retained Brier 0.0273 vs. 0.0285; difference CI —0.0036 to
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+0.0014; Table S15d). First-day SOFA discriminated mortality less well than the XGBoost
model (AUROC 0.728 vs. 0.858), and the symmetric gate lowered its retained Brier score
from 0.090 to 0.067. In eICU, APACHE IVa and the XGBoost model performed similarly
(AUROC 0.828 vs. 0.822; symmetric retained Brier 0.041 vs. 0.040). Under the perturbation
stress tests, the symmetric gate’s retained Brier score was equal to or lower than the
composite’s at every magnitude in all three tasks (Table S3).

Table 6. Brier score of retained predictions at 80% coverage, MIMIC-IV.

Base Model Deferral Rule Sepsis Mortality Vasopressor
XGBoost One-sided confidence 0.116 0.094 0.059
Symmetric confidence 0.059 0.043 0.032
Temperature-scaled entropy 0.059 0.043 0.032
Reliability composite 0.061 0.045 0.033
Ensemble variance (conformal) 0.064 0.046 0.033
Monte Carlo dropout variance 0.071 0.048 0.037
Bayesian logistic regression 0.091 0.068 0.042
MLP One-sided confidence 0.118 0.094 0.059
Symmetric confidence 0.062 0.044 0.035
Reliability composite 0.063 0.047 0.035
SelectiveNet (end-to-end) 0.068 0.048 0.033

No deferral (100% coverage): 0.094, 0.076, and 0.049.

3.9. Clinical Operation and Subgroups

Deferral helps only if reviewers decide deferred cases better than the model. At
80% coverage on MIMIC-1V, the model misclassified 38%, 31%, and 14% of the patients
deferred by the symmetric gate (sepsis, mortality, vasopressor), so review adds errors
unless clinicians are more than 62%, 69%, and 86% accurate on these cases; under the
one-sided gate, this break-even accuracy was at least 98.9% (Table S9). The symmetric
gate’s retained set had higher specificity and lower sensitivity at 0.5 than no deferral (sepsis:
specificity 0.990 vs. 0.946; sensitivity 0.402 vs. 0.493), because it defers the ambiguous
predictions near 0.5 (Table S7).

Under the symmetric gate, the largest spread was across age bands (up to 14.4 percent-
age points, MIMIC-III mortality) and race/ethnicity groups (up to 13.6 points, MIMIC-III
vasopressor); between sexes it was at most 4.0 points. The composite’s spreads were similar,
and the one-sided gate had the largest age spread overall (32.5 points, elCU-H mortality).
Error capture, retained Brier score, and inappropriate deferral by subgroup are in Table S4.

4. Discussion
4.1. Principal Findings

We asked whether a multidimensional reliability score is a better basis for clinical
deferral than model confidence. Against the one-sided gate used in the earlier preprint,
it appeared to be deferred sets were nearly disjoint, and retained predictions had 1.5-
to 2.1-fold lower Brier scores, in three databases and at held-out hospitals. Against the
symmetric confidence rule, the advantage disappeared. The composite never outperformed
the symmetric rule, which was better in five of 12 database—task pairs, and the two rules
deferred largely the same patients. The risk-matched test then asked the question directly:
among patients with the same predicted risk, does any signal identify the predictions that
are wrong well enough to improve deferral? None did detectably. Missingness-aware
reliability dimensions, a ridge composite, and a gradient-boosted model of error given
the entire patient record failed to exceed the symmetric rule in any of 75 planned tests
(54 confirmatory), including at held-out hospitals and after transfer from MIMIC-IV to
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elCU, and a continuous data-sufficiency measure failed in all 15 setting—task combinations.
Positive controls were detected in every combination, and titrated controls showed that the
test reliably detects gains of about 4-7 x 1072 in retained Brier score.

4.2. Why Confidence Is Hard to Beat

Equation (1) explains both the whole-cohort and the risk-matched results. For a
calibrated model, expected squared error depends on predicted risk through 5(1 — Z) ,

and among patients with the same p it varies only with the true risk 7(x). A reliability score
can therefore improve on confidence only by knowing something about the outcome that
the risk model does not. When the score is computed from the same record the model was
trained on, that information has largely been used already. Missingness is a clear example:
the XGBoost model was trained with missing values left in place, so the informativeness of
an absent measurement [41] enters p directly, and the missingness-aware similarity D3™
and the imputation measure D2* added too little to change deferral. The learned model L
is the strongest form of the argument. It was given every feature and fitted to predict error;
the upper 95% confidence limit of its gain over the symmetric rule was at most 3.4 x 1073
in every setting (at most 8.7% of the oracle’s gain over random deferral), yet it recovered
a planted error signal almost completely. Some scores did carry statistically detectable
outcome information beyond p, but the deferral gains they produced were small (point
estimates at most 1.7 x 1073), below the 4-7 x 1072 that the titrated controls show the test
detects reliably and an order of magnitude below the oracle’s gain (27.9-54.4 x 1073).

This is consistent with work outside clinical outcome prediction. In image classifica-
tion, plain softmax confidence outperformed purpose-built confidence scores once failure
detection was evaluated consistently [25], and in wearable electrocardiogram quality assess-
ment, posterior-derived uncertainty did not improve on maximum class probability [26].
Our contribution is to test the question at matched predicted risk, in clinical outcome
prediction, and under site and database shift.

4.3. Shift Degraded Calibration More than It Created Rankable Unreliability

Reliability signals are usually motivated by distribution shift [19,21], so the transfer
from MIMIC-1IV to eICU was the setting most favorable to them. The transfer degraded
calibration severely for mortality (M-ECE 19.7%), yet no score produced a statistically
detectable improvement in deferral at matched risk. The shift came mainly from how the
databases record data: vital signs charted ten times as often, a temperature signal absent,
and lactate measured in fewer than half as many stays. These differences affect every patient.
They move the predicted risk of whole groups together, and a per-patient ranking cannot
find an error that every patient at a given risk shares. The miscalibration was not entirely
uniform: after transfer, several scores carried outcome information beyond any monotone
function of p. But that structure was too small to improve deferral detectably, whereas
recalibration at the target site halved the retained Brier score for mortality, and harmonizing
the features alone reduced the calibration error from 19.7% to 5.0%. In the terms of
external-validation research, the transfer tested transportability rather than reproducibility:
the meaning of several predictors changed with the documentation system [42]. The
corresponding remedy is model updating and recalibration at the new site [43], with
ongoing performance monitoring [44—46], not deferral of individual patients. Held-out
eICU hospitals, which share documentation practices, showed little calibration loss (M-ECE
0.5-0.9%) and no reliability gain either.
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4.4. Why the Preprint’s Comparison Misled

Three features of the preprint’s design combined to produce the appearance of a
reliability effect. First, the comparator was one-sided. At 3-17% prevalence, it spent the
deferral budget on patients who were almost certainly negative and correctly predicted
(deferred prevalence 0.4-1.1% on MIMIC-IV). Second, the primary metric was computed
on retained patients, whose case mix differed sharply between gates (retained sepsis
prevalence 21.0% vs. 10.1% on MIMIC-IV). By Equation (2), a low-prevalence retained set
has a low Brier score whether or not anything about reliability has been learned. Third,
the composite was trained to predict per-patient error, a target whose expectation under
calibration is ;(1 - %), the model that predicts it best recovers confidence. The composite
used here was cross-fitted to avoid in-sample leakage and kept confidence as an explicit
input, and it still drew 44-85% of its split gain from confidence and predicted held-out
error worse than confidence alone. None of these features is unusual. One-sided thresholds
on predicted risk are natural in alerting systems, subset metrics are the default in selective
prediction, and error-predicting deferral models are common.

The vocabulary of the preprint also blurred three distinct quantities: predicted risk
(;), confidence (distance from 0.5), and expected error (; (1 - E) under calibration). The
one-sided gate was labeled a confidence gate but ranks by predicted risk. Keeping the three
apart removes most of the apparent paradoxes of the preprint’s analysis.

4.5. Implications for Evaluating Selective Prediction

Four practices would have exposed the problem at once, and we recommend them for
clinical deferral studies generally:

1.  Benchmark against the symmetric confidence rule, or temperature-scaled entropy
when the base model is uncalibrated. A proposed score has to beat the distance from
0.5, not a one-sided threshold. For decisions at a threshold t # 0.5 with asymmetric
costs, the analogous comparator defers the highest expected decision loss at f, which
the composite did not match (Table S15b).

2. Test candidate signals at matched predicted risk, against the symmetric rule, with
positive controls of graded strength that show the smallest effect the test can detect.
Whole-cohort comparisons cannot separate a score’s information about error from the
case mix it retains.

3. State what deferral is for, and choose the metric accordingly. If the purpose is to send
the clinician the predictions most likely to be wrong, the error left with the model, the
retained Brier score, is the relevant quantity. Retained-subset discrimination, Brier
skill, and net benefit answer other questions and can rank gates in the opposite order
(Section 3.7), because the Brier score depends on prevalence [23,24] and selective
metrics must match the task [47]. Report retained and deferred prevalence next to
every subset metric.

4. Treat overlap statistics as descriptive. A Jaccard index near zero says that two rules
cut the risk distribution in different places, not that either rule is better.

Recent clinical and biomedical selective-prediction studies evaluate deferral by the
error of retained cases at fixed coverage [48,49]; adding a symmetric-confidence comparator
and a risk-matched analysis would show how much of the reported benefit is specific to
the proposed method.

4.6. Deferral in ICU Practice

At 80% coverage, deferral sends one in five predictions to a clinician: with one
prediction per ICU stay at 24 h, that is 20 reviews per 100 admissions. Our analysis treated
review as an independent decision whose accuracy does not depend on the case. In practice,

https://doi.org/10.3390 /bioengineering13111255


https://doi.org/10.3390/bioengineering13111255

Bioengineering 2026, 13, 1255

18 of 22

deferred predictions under the symmetric rule are the ambiguous ones, on which clinicians
may also be least accurate, and the break-even accuracies we found (62-86% on MIMIC-1V)
are therefore not trivially met. Deferral should also not delay care: a deferred prediction is
better presented as “model uncertain, use clinical judgment” alongside routine assessment
than withheld pending review, so that a late or missed review leaves the patient no worse
off than without the model. Whether a deferral rule improves decisions, rather than
retained-subset metrics, can only be established prospectively, with the reviewers’ accuracy
and workload measured.

4.7. What Remains for Multidimensional Reliability

These results do not show that data sufficiency, cohort similarity, or temporal stability
are clinically irrelevant. They show that, computed from the record the model already
uses, these signals did not identify erroneous predictions beyond confidence. Where the
composite departed from the symmetric rule, it deferred patients with less error and nearly
identical dimension values (Table 4). Three roles remain open. The first is information from
outside the model’s inputs, such as documentation delays, device artifacts, or a clinician’s
concern, which the risk model cannot have absorbed. The second is modeling the reviewer:
learning-to-defer methods gain their advantage from the human expert’s accuracy [15-17],
which confidence cannot capture, and our break-even analysis shows that the value of any
deferral rule depends on it. The third is explanation: telling a clinician why a deferred
prediction is uncertain, a role that needs prospective evaluation with clinicians rather than
retrospective Brier scores.

4.8. Relation to Prior Work

Our findings agree with the classical result that, for a calibrated binary classifier,
confidence-based rejection minimizes expected loss [12], and they extend it empirically to
the setting in which richer signals are most often proposed: distribution shift. The literature
on confidence scoring has already found that new scores rarely beat softmax confidence
under consistent evaluation [25,26], and that selective-classification metrics can mislead
when they do not match the task [47]. The clinical-epidemiology literature on external
validation makes the parallel point that apparent performance differences between samples
often reflect case mix rather than model quality [42]. The retained sets of different deferral
rules are different samples in exactly this sense.

4.9. Limitations

All three databases are from the United States, and two are from one institution, with
overlapping periods (2008-2012). Because MIMIC dates are shifted per patient, no split
was temporal. Sepsis labels were derived from discharge codes or admission diagnosis
strings, which may record sepsis already present at the time of prediction. Because every
gate ranks the same predictions, such label limitations affect the gates equally, but they
make the sepsis task partly one of recognizing existing sepsis. In MIMIC-IV, Sepsis-3 labels
and Sepsis-3 onset after the prediction time gave the same result; we did not repeat these
analyses in MIMIC-III or eICU. The vasopressor task had low prevalence and moderate
discrimination, so few of its predictions exceeded 0.5. The MIMIC-IV—elICU setting
combines measurement and label differences; harmonizing the features removed most
of the calibration loss for mortality, but label differences remain. The held-out-hospital
split produced little shift, so other kinds of shift, such as a new device or assay affecting a
subset of patients, could create patient-level unreliability that our settings did not contain.
The risk-matched analysis plan was amended after the first, random-referenced results
were seen; the learned scores are exploratory in the three in-distribution settings, and
confirmatory only in the two shift settings, and D5™ is exploratory in MIMIC-IV. The
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negative result is bounded rather than absolute: gains larger than 3.4 x 1072 in squared
error per retained patient were excluded for L, but smaller gains were not; titrated controls
were detected reliably only above about 4-7 x 1073, and no equivalence margin was
specified in advance. Recalibration used target-site labels, which a deployment may not
have at first. Inference resampled patients; a hospital-cluster bootstrap for the eICU settings
is reported as a sensitivity analysis (Table S14). The primary base model was XGBoost; the
MLP replication covered MIMIC-IV only. Finally, no clinician evaluated any deferral, and
the review analysis assumed that reviewer accuracy does not depend on the case.

5. Conclusions

A reliability composite for ICU prediction appeared to outperform confidence-based
deferral by a wide margin in three databases. The margin came from comparing against a
one-sided rule that defers the lowest predicted risks. Against the symmetric confidence
rule, which among rules based on predicted risk minimizes the expected Brier score of
retained predictions for a calibrated model, the composite offered no advantage. At
matched predicted risk, no reliability signal computed from the patient record, including
a model of error given the entire record, showed a statistically detectable improvement
in deferral beyond confidence within databases, at held-out hospitals, or after transfer
between databases; gains above a few thousandths of a Brier point were excluded, although
some scores carried small, statistically detectable information beyond predicted risk. After
transfer between databases, recalibration at the target site improved retained predictions far
more than any reliability score. Before attributing a gain in selective prediction to a richer
uncertainty signal, studies should compare against distance from 0.5 at matched predicted
risk and report whom each rule retains; under shift, recalibration is the first remedy.
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