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Abstract
Background

Early response to loop diuretics may help identify critically ill patients with heart failure who will have low
subsequent urine output. We assessed whether information recorded during the first six hours improved
prediction across intensive care databases.

Methods

We developed models in MIMIC-IV and externally evaluated them in elCU-CRD. The prediction landmark
was six hours after the first qualifying intravenous loop-diuretic record. Poor subsequent response was
defined as mean urine output during hours 6—24 at or below the development-cohort lower quartile
(approximately 0.718 mL/kg/h). Four candidate algorithms underwent subject-grouped, candidate-specific
nested cross-validation. A development-selected XGBoost model was applied unchanged externally.
Evaluation included area under the receiver operating characteristic curve (AUROC), calibration, threshold
performance, decision curves and inverse-probability-of-inclusion weighting.

Results

The development cohort included 1,450 stays and 363 events. The external cohort included 545 stays and
147 events across 69 hospitals. Development out-of-fold AUROC was 0.760 (95% confidence interval
0.732-0.787), conditional on algorithm-family selection and potentially optimistic. External AUROC was
0.729 (0.690-0.789). Compared with baseline elastic-net regression, external AUROC increased by 0.080
(0.028-0.126). However, early-response elastic-net regression achieved a higher external AUROC of 0.756;
the paired XGBoost-minus-elastic-net difference was - 0.027 (- 0.057 to - 0.004). External calibration slope
was 0.682. At the locked threshold, sensitivity was 75.5%, specificity 56.0% and positive predictive value
38.8%; incremental net benefit over reviewing all patients was uncertain. Inclusion-weighted external
AUROC was 0.690 (0.632-0.750).

Conclusions

Six-hour early-response information improved prediction of subsequent low urine output, but the more
complex algorithm showed no advantage. Calibration limitations, selection for observable outcomes and
measurement differences between databases limit immediate clinical use. Prospective evaluation should
compare parsimonious models and establish whether risk-guided review improves care.

Background

Intravenous loop diuretics are central to treating congestion in hospitalized patients with heart failure, but

the response to an initial dose varies [.2 Randomized trials have evaluated several approaches to
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intensifying diuresis. DOSE compared loop-diuretic dosing strategies, whereas ADVOR and CLOROTIC
tested adjunctive acetazolamide and hydrochlorothiazide, respectively 3.4.5] These trials support attention
to decongestion and safety rather than treating urine volume alone as the therapeutic objective. In
intensive care, interpreting a low output additionally requires assessment of perfusion, kidney function,
administered therapy and measurement completeness. Diuretic reviews and the Heart Failure Association
position statement emphasize that decongestion must be assessed alongside renal function and
electrolyte safety 6.7 The 2024 ACC inpatient pathway likewise recommends assessing the clinical

trajectory rather than relying on an isolated response measure (8],

Early treatment response may provide information beyond that available at admission. Physiological work
showed that urine measurements shortly after a loop-diuretic dose can anticipate subsequent sodium
excretion %, PUSH-AHF subsequently demonstrated greater natriuresis with a natriuresis-guided strategy,
without establishing a reduction in its longer-term clinical composite outcome [0l ENACT-HF, a two-phase
pragmatic implementation study, and the randomized EASY-HF study further examined structured urine-
sodium-guided care [11.72] The 2025 European Journal of Heart Failure expert consensus reviews these
findings and identifies unresolved questions about early response assessment (31 Urine volume and
sodium excretion are related, but routinely recorded output does not directly measure natriuresis.
Physiological studies have identified renal tubular response as an important determinant of diuretic
resistance, which cannot be inferred from urine volume alone ['4. Residual congestion is also associated
with adverse outcomes, reinforcing the distinction between a recorded output endpoint and clinically
successful decongestion 1],

Several studies have developed and evaluated models for predicting diuretic response. The BAN-ADHF
score was developed using pooled acute-heart-failure trial data and validated in additional cohorts [el,
Recent studies have extended its evaluation to ICU patients and other acute-heart-failure populations,
including a 2026 ICU external validation, RESIST, and a post hoc analysis of PUSH-AHF [7.18.19] ap
unresolved question is whether an early observation window provides transferable predictive information
about response during a subsequent, non-overlapping interval. Evaluation should also compare simpler

models and assess the effects of incomplete observation.

We therefore developed a six-hour landmark model for poor urine-output response during the following 18
hours in critically ill adults with heart failure. We quantified the predictive value of early-response
information beyond baseline assessment. We then evaluated the development-selected model without
modification in a separate multicentre database. Additional analyses compared algorithms and assessed
calibration and performance at a clinical-review threshold. Sensitivity analyses examined missing-data
handling, predictor composition and inclusion in the external cohort. The intended use was prioritization for
clinical review, not automated selection or escalation of diuretic treatment.

Methods
Study design, data sources and reporting framework
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We developed prediction models retrospectively in the Medical Information Mart for Intensive Care IV
(MIMIC-1V) database. External validation used the elCU Collaborative Research Database (elCU-CRD) 120211,
MIMIC-IV provides single-centre hospital and ICU records, whereas elCU-CRD includes multicentre US ICU
records. The database releases were MIMIC-IV version 3.1 and elCU-CRD version 2.0 22 23] The source
databases cover 2008-2022 and 2014-2015, respectively. These periods do not imply that eligible study
records were available in every year. Reporting followed the structure of TRIPOD + Al, with STROBE and
RECORD guiding the description of routinely collected data [24,25,26] TRIPOD-Cluster informed reporting of
between-hospital heterogeneity in the external database [27], Both databases are distributed through
PhysioNet, a controlled research-data platform 28],

Population and landmark construction

Adults were eligible when a qualifying intravenous loop-diuretic record occurred within six hours of ICU
admission. The first qualifying dose record defined time zero; the prediction landmark occurred six hours
later. We used landmarking to separate the predictor and outcome windows. The analysis did not involve
fitting a competing-risks survival model 291 \We retained the first qualifying ICU record per hospitalization.
Repeat hospitalizations could contribute to development, with all stays from the same individual assigned
to the same validation fold. MIMIC-IV heart failure was identified using hospital diagnostic codes whose
descriptions indicated acute heart failure. elCU-CRD used a broader admission/diagnosis-based heart-
failure phenotype; the external population therefore did not have an identical acute-heart-failure case
definition.

Eligibility required a body weight of 20—350 kg, survival and ICU residence through the landmark, and
observable outcomes through hour 24. Records also required at least three charted hourly urine-output
bins in hours 0—6 and at least four in hours 6—24. MIMIC-1V exclusions addressed end-stage/chronic
dialysis-dependent kidney disease, kidney transplantation, urinary obstruction, renal replacement therapy
before or during the predictor window, and relevant genitourinary irrigation records. External ascertainment
was more limited and included the available admission dialysis indicator; equivalent ascertainment of
every MIMIC-IV exclusion was not available. Figure 1 summarizes cohort construction. Restrictions based
on subsequent outcome observability could introduce selection after the landmark.

Outcome definition

The primary outcome was poor future urine-output response, defined by total recorded urine during hours
6-24 divided by body weight and 18 hours. The lower-quartile threshold was estimated once in the full
development cohort and transported unchanged externally. A value at or below that threshold constituted
an event. The outcome measured relative urine-output response within the cohort. It did not diagnose
diuretic resistance, quantify sodium excretion or estimate a dose-normalized treatment effect.

Urine entries were aggregated within prespecified time bins. After minimum charting-density criteria were
applied, unrecorded component intervals contributed zero recorded volume to the aggregate. This
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convention does not establish physiological anuria during those intervals. Subsequent treatment was left
as delivered under usual care, and positive future diuretic exposure was not required for the primary
endpoint. Alternative analyses examined mean output below 0.5 mL/kg/h, dose-normalized response
among those with recorded subsequent exposure, and selected clinical outcomes. A mean output
threshold across 18 hours should not be equated with a fully adjudicated acute-kidney-injury diagnosis.
Previous studies defined diuretic efficiency using fluid output relative to loop-diuretic exposure. Our primary

endpoint did not normalize urine output to diuretic dose 3%,

Predictors and database harmonization

Baseline predictors included age, sex, body weight, pre-index six-hour urine output, mean heart rate, and
systolic and mean arterial pressure. Additional predictors were creatinine, blood urea nitrogen, sodium,
potassium, initial loop-diuretic dose, vasoactive exposure and mechanical ventilation. Laboratory values
used the nearest eligible pre-index measurement within the specified 24-hour look-back window. The early-
response model added cumulative weight-normalized urine output during hours 0—6 and the number of
charted hourly urine bins. It also included integrated mean-arterial-pressure deficit below 65 mmHg,
cumulative loop-diuretic dose during hours 0—6, and vasoactive escalation. All predictor calculations ended
by the landmark. Definitions and missingness are detailed in Supplementary Tables S1 and S2.

For analysis, doses were converted to intravenous furosemide equivalents using multipliers of 1 for
furosemide, 40 for bumetanide and 2 for torsemide. The 0—6-hour cumulative exposure included the index
exposure; it was not an additional-dose-only variable. MIMIC-IV infusion exposure was allocated according
to overlap with the observation window. Medication orders and start records in elCU-CRD do not identify
administration times in the same way, limiting harmonization. Blood-pressure deficit integrated the depth
and duration below the threshold, with bounded carry-forward of observations in the MIMIC-IV extraction.
Vasoactive escalation represented a new start or increased number of agents. SOFA and Charlson scores
were described in development data but excluded from the primary harmonized predictor set because
comparable external values were unavailable.

Missing data and model development

The primary pipeline used median imputation with missingness indicators, fitted only within the
corresponding training partition. Missing-data handling was incorporated into the prediction pipeline to
reflect information available at application. External performance was not used to select the missing-data
strategy 311, Elastic-net regression additionally used robust scaling. Four early-response candidate families
were evaluated: elastic-net logistic regression, random forest, LightGBM and XGBoost 132 33.34.35]
baseline-only elastic-net model served as the clinical-information comparator. Five outer folds and five
inner folds used stratified, subject-grouped splitting. Within each candidate family, hyperparameters were
chosen by inner-fold log loss; preprocessing was repeated inside training partitions. The random seed was
20260903, with fold-specific offsets for inner splitting. Fold-level results and selected hyperparameters are
supplied in Supplementary Table S3.
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Among candidates within 0.01 of the best outer-fold AUROC, selection prioritized the lowest Brier score,
with a 0.002 tolerance favouring the predefined simpler family. Final XGBoost settings were 350 trees,
learning rate 0.03, maximum depth 3 and minimum child weight 5, selected using grouped development-
data tuning. The model and operating threshold were locked before primary external performance
evaluation; feasibility and cohort-level descriptive information had already been examined. No external
result was used to replace the locked model. The random-forest comparator used balanced class weights
recalculated within each tree bootstrap sample; the other candidates did not use class weighting. No
synthetic oversampling or undersampling was used. The random-forest probabilities were evaluated
without a separate recalibration step.

Hyperparameter tuning was nested within each candidate, but family selection subsequently used the
candidate outer-fold summaries. Internal estimates for the selected model are conditional on family
selection and may remain optimistic. They do not provide an unbiased evaluation of the complete selection
procedure. Independent evaluation of model selection is necessary to avoid this source of bias [3¢]. Post-
lock analyses were kept separate from the primary locked estimates, consistent with transparent

development and external-validation practice [37: 381,

Performance and uncertainty

We assessed discrimination using AUROC and area under the precision-recall curve (PR-AUC). Brier score
and log loss measured overall probabilistic performance. PR-AUC supplements, rather than replaces,
AUROC and depends on event prevalence 391, Calibration assessment included an intercept and slope
estimated jointly by logistic regression on predicted log odds, flexible calibration curves and the observed-
to-expected event ratio [40], Primary external predictions were not recalibrated. Confidence intervals for
performance and paired differences used 1,000 bootstrap samples, clustering by individual in MIMIC-IV
and hospital in elCU-CRD. These analyses resampled fixed predictions; they did not repeat imputation
fitting, training, family selection or threshold selection. Post-lock algorithm comparisons were exploratory
and not multiplicity-adjusted.

We selected the operating threshold using pooled out-of-fold predictions from the selected model. A fixed
0.001 probability grid maximized development specificity subject to sensitivity of at least 0.80. The same
threshold was applied externally. Sensitivity, specificity and predictive-value intervals used the Wilson
method; these conditional intervals do not account for clustering or threshold-selection uncertainty.
Decision-curve analysis compared risk-guided review with review-all and review-none strategies “'. The
proposed action was structured senior review of congestion, haemodynamics, renal function, treatment
exposure and data completeness, not automatic dose escalation. Thresholds represented hypothetical
relative costs of unnecessary review and missed events. These costs were not derived from patient or
clinician preferences 142,

Sensitivity analyses and model interpretation
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Development-only missing-data benchmarks compared the selected strategy with native missing-value
handling, iterative Bayesian-ridge and extra-trees imputation, and median imputation without indicators.
These were alternative prediction pipelines, not multiple-imputation inference combined by Rubin's rules
[43] A tolerance of 0.005 in log loss and 0.002 in Brier score supported a parsimonious choice. Predictor-
ablation and expanded-panel analyses used fixed XGBoost settings and the original outer partitions
without new hyperparameter searches. Complete-case performance used original out-of-fold predictions in
the complete subset rather than refitting a complete-case model. Other analyses restricted recording
completeness, diagnostic definitions or repeated admissions and explored hospital-grouped cross-fitted
recalibration. For the composite of low output, death or new renal replacement therapy before hour 24, we
reconstructed the five primary-outcome outer-fold models using their original selected parameters. Original
participants retained their held-out fold. Additional participants were assigned to the fold containing any
other admission from that individual. Those without a development admission were assigned
deterministically by subject identifier. Each composite prediction therefore came from a model trained
without that individual. This was a post-lock assessment of the primary score, not development of a
composite-outcome model. Bootstrap intervals resampled individuals with predictions fixed.

To assess measured selection in elCU-CRD, a five-fold hospital-grouped penalized logistic model estimated
inclusion probability among 2,267 stays clinically eligible through the landmark. Predictors included
available demographic, physiological, renal, treatment and hospital-volume characteristics. Training-fold
preprocessing handled numeric and categorical missingness. Probabilities were bounded at 0.02 and 0.98.
Stabilized inverse-probability-of-inclusion weights were truncated at the first and 99th percentiles among
included stays and normalized to mean one. In this study, IPCW denotes inverse-probability-of-inclusion
weighting; it does not refer to a time-to-event censoring model. Weighting requires assumptions about

measured selection and overlap [44], Hospital bootstrap intervals held selection probabilities and truncation
limits fixed, so selection-model estimation uncertainty was not propagated.

A post hoc external-validation precision assessment used the development risk distribution and precision

targets rather than observed external model performance [45,46] ¢ indicated that approximately 2,609
observations would be needed for a calibration-slope interval width of 0.20 under its planning assumptions,
compared with 545 available observations. This was not an a priori sample-size justification
(Supplementary Table S4). TreeSHAP contributions were obtained from development outer-fold models
and expressed on the log-odds scale [47] Reconstructed predictions were checked against saved out-of-
fold predictions. Global displays and illustrative low-, middle- and high-risk cases describe model behaviour,
not causal mechanisms. Analyses used Python 3.11.3, scikit-learn 1.6.1, XGBoost 3.0.2 and LightGBM
4.6.0.

ChatGPT/Codex (OpenAl) provided language editing and coding assistance (see Declarations).
Results

Cohort selection and characteristics
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The development cohort comprised 1,450 ICU stays from 1,331 individuals in MIMIC-IV. The external
cohort comprised 545 stays from 69 elCU-CRD hospitals (Fig. 1). Poor future urine-output response
occurred in 363 development stays (25.0%) and 147 external stays (27.0%). The development-derived
threshold was 0.7176404163 mL/kg/h, approximately 0.718 mL/kg/h, and was transported unchanged to
the external cohort.

Median age was 72 years in MIMIC-IV and 74 years in elICU-CRD; 49.7% and 53.4% were male, respectively
(Table 1). Median creatinine was 1.50 versus 1.26 mg/dL, and median blood urea nitrogen was 35 versus
27 mg/dL. Vasoactive exposure was more frequent in development than external data (20.8% versus
11.4%). Ventilation was recorded in 49.6% versus 19.4% of stays with observed values. The development
cohort had a median SOFA score of 2 and Charlson comorbidity index of 7; these scores were not
harmonized externally. Missingness and distributional differences are reported in Supplementary Table S2
and Supplementary Figure S1.
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Table 1

Baseline characteristics at the index loop-diuretic dose

Characteristic

Demographic Characteristics

Age, years

Male sex, n (%)

Body weight, kg

Pre-Index Clinical Measurements
Pre-index urine output, mL

Mean heart rate, beats/min

Mean systolic blood pressure, mm
Hg

Minimum systolic blood pressure,
mm Hg

Mean arterial pressure, mm Hg
Minimum arterial pressure, mm Hg

Minimum peripheral oxygen
saturation, %

Pre-Index Laboratory
Measurements

Serum creatinine, mg/dL
Blood urea nitrogen, mg/dL
Serum sodium, mmol/L
Serum potassium, mmol/L
Hemoglobin, g/dL

White blood cell count, 10°/L
Platelet count, 10°/L

Serum albumin, g/dL

Serum lactate, mmol/L

Development cohort (MIMIC-
IV; n=1,450)

72.0 (62.0-81.0)
720 (49.7)
82.6 (68.8-99.2)

250.0 (120.0-463.8)
87.2 (74.4-103.0)
118.5 (105.3-132.3)

108.0 (94.0-124.0)

79.4 (71.0-88.6)
71.0 (62.0-81.0)
94.0 (91.0-97.0)

1.50 (1.10-2.20)
35.0 (22.0-55.0)
138.0 (135.0-141.0)
4.30 (3.90-4.80)
10.4 (8.8-12.3)

10.4 (7.7-13.7)
205.0 (156.0-271.8)
3.30 (3.00-3.60)
1.60 (1.20-2.40)

External validation cohort
(elCU-CRD; n = 545)

74.0 (64.0-83.0)
291 (53.4)
83.9 (67.6-102.5)

430.0 (200.0-761.5)
86.4 (72.6-100.8)
125.8 (110.4-143.2)

110.0 (97.0-130.0)

84.0 (73.6-96.3)
74.0 (64.0-86.0)
94.0 (90.0-97.0)

1.26 (0.97-1.80)
27.0 (19.0-43.0)
137.0 (134.0-141.0)
4.30 (3.90-4.80)
11.3(9.6-13.0)
10.4 (7.8-14.0)
210.5 (167.8-278.0)
3.40 (2.92-3.70)
1.70 (1.10-2.60)

Note. Values are median (interquartile range) or n (%), unless otherwise indicated. Percentages for
categorical variables use ICU stays with observed values as the denominator. Missingness and cross-
cohort distributional differences are reported in Supplementary Table S2. SOFA score and Charlson
comorbidity index were not harmonized in elCU-CRD. No between-cohort significance testing was

performed.
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Characteristic

Demographic Characteristics

Severity And Comorbidity

SOFA score, points

Charlson comorbidity index, points
Pre-Index Support And Treatment

Initial loop-diuretic dose, mg
furosemide equivalent

Vasoactive support at index, n (%)

Mechanical ventilation at index, n

(%)
Outcome during 6-24 h

Poor future urine-output response,
n (%)

Development cohort (MIMIC-
IV; n=1,450)

2.0 (1.0-4.0)
7.0 (5.0-8.0)

40.0 (20.0-80.0)

301 (20.8)
719 (49.6)

363 (25.0)

External validation cohort
(elCU-CRD; n = 545)

Not harmonized

Not harmonized

40.0 (40.0-40.0)

62 (11.4)
97 (19.4)

147 (27.0)

Note. Values are median (interquartile range) or n (%), unless otherwise indicated. Percentages for

categorical variables use ICU stays with observed values as the denominator. Missingness and cross-

cohort distributional differences are reported in Supplementary Table S2. SOFA score and Charlson
comorbidity index were not harmonized in elCU-CRD. No between-cohort significance testing was

performed.
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Table 2
A. Candidate-specific internal validation

Model ROC-AUC PR-AUC (95%  Brier score Log loss Selected

(95% ClI) Cl) (95% CI) (95% CI)
Baseline elastic- 0.640 0.375 0.179 0.540 No
net logistic (0.610- (0.333- (0.168- (0.515-

0.673) 0.423) 0.189) 0.564)
Early-response 0.757 0.518 0.158 0.489 No
elastic-net logistic (0.728- (0.468- (0.148- (0.460-

0.785) 0.572) 0.169) 0.517)
Early-response 0.752 0.534 0.161 0.513 No
LightGBM (0.724- (0.479- (0.147- (0.470-

0.780) 0.589) 0.174) 0.555)
Early-response 0.763 0.552 0.166 0.504 No
random forest (0.733- (0.499- (0.156- (0.480-

0.790) 0.610) 0.175) 0.528)
Early-response 0.760 0.554 0.154 0.477 Yes
XGBoost (0.732- (0.505- (0.142- (0.445-

0.787) 0.607) 0.165) 0.506)

Note. Estimates and 95% confidence intervals use 1,000 subject-cluster bootstrap samples. Within
each candidate algorithm, hyperparameters were tuned inside the outer training partition using grouped
inner cross-validation. The algorithm family was then selected using the outer-fold summaries; reported
selected-model out-of-fold performance is therefore conditional on that selection and may retain
se:ection optimism. Bootstrap intervals resample fixed predictions and do not repeat training or family
selection.

Table 2B. External comparison with early-response elastic-net regression

Metric XGBoost Eg{ly-response elastic- gi;ference XGBoost minus elastic-net (95%
ROC-AUC 0.729 0.756 -0.027 (-0.057 t0 -0.004)

PR-AUC 0.500 0.528 -0.028 (-0.069 to 0.016)

Brier 0.174 0.166 0.00813 (0.00007 to 0.01604)

score

Log loss 0.530 0.507 0.02357 (0.00047 to 0.04837)

Note. Differences are XGBoost minus elastic-net with 95% confidence intervals from 1,000 paired hospital-
cluster bootstrap samples. Higher ROC-AUC and PR-AUC, and lower Brier score and log loss, are better.
These post-lock comparisons are exploratory and not multiplicity-adjusted. The comparator did not replace
the locked primary model. Full paired results for both cohorts are in Supplementary Table S5.

Internal validation and incremental information

The baseline elastic-net model achieved an AUROC of 0.640 (95% Cl 0.610-0.673), compared with 0.757
(0.728-0.785) for elastic-net regression incorporating early-response information. Early-response random
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forest, LightGBM and XGBoost achieved AUROCs of 0.763, 0.752 and 0.760, respectively (Table 2A; Fig. 2).
XGBoost was selected by the development-only discrimination-and-Brier-score rule, rather than by the
highest AUROC alone. Its PR-AUC was 0.554 (0.505-0.607), Brier score 0.154 (0.142-0.165) and log loss
0.477 (0.445-0.506).

Compared with the baseline elastic-net model, the selected early-response model increased development
AUROC by 0.120 (95% CI 0.087-0.154) and PR-AUC by 0.180 (0.128-0.230). The Brier score also
decreased by 0.025 (0.017-0.034) in development. In the external cohort, the corresponding AUROC
difference was 0.080 (0.028-0.126), PR-AUC difference 0.092 (0.026—0.146), and Brier-score difference -
0.013 (- 0.023 to - 0.002). These comparisons combined changes in predictor information and model
family. Elastic-net comparisons and ablation analyses separately assessed the contribution of early-
response information.

The post-lock comparison did not support an external advantage of XGBoost over early-response elastic-
net regression. External elastic-net AUROC was 0.756, compared with 0.729 for XGBoost; the paired
difference was - 0.027 (95% CI - 0.057 to - 0.004). Brier scores were 0.166 and 0.174, respectively, with a
difference of 0.00813 (0.00007-0.01604) when expressed as XGBoost minus elastic-net. Log loss also
favoured elastic-net, whereas the PR-AUC difference was uncertain (Table 2B; Supplementary Table S5).
Internal paired intervals crossed zero. These exploratory comparisons did not alter the locked primary
model.

External discrimination and calibration

The unchanged XGBoost model had an external AUROC of 0.729 (95% CI 0.690-0.789) and PR-AUC of
0.500 (0.432-0.570). Brier score was 0.174 (0.143-0.196), and log loss was 0.530 (Table 3; Fig. 3).
Calibration slopes were 0.804 (0.701-0.921) internally and 0.682 (0.545-0.950) externally. The jointly
estimated external calibration intercept was - 0.115 (- 0.352 to 0.170). This differs from calibration-in-the-
large, which fixes the slope at one. The external observed-to-expected event ratio was 1.144, indicating that
average predicted risk was lower than the observed event proportion (Supplementary Table S6;
Supplementary Figure S2 and Supplementary Figure S3).
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Table 3
Performance of the final early-response prediction model

Cohort n Events ROC- PR-AUC Brier Calibration Calibration
AUC (95% Cl)  score intercept (95% slope (95%
(95% ClI) (95% Cl) CI) Cl)

MIMIC- 1,450 363 0.760 0.554 0.154 -0.169 0.804

\% (0.732- (0.505- (0.142- (-0.329--0.012) (0.701-
0.787) 0.607) 0.165) 0.921)

elCU- 545 147 0.729 0.500 0.174 -0.115 (-0.352- 0.682

CRD (0.690- (0.432- (0.143- 0.170) (0.545-
0.789) 0.570) 0.196) 0.950)

Note. Values are estimates with 95% confidence intervals. Confidence intervals were estimated using

subject-clustered bootstrap for MIMIC-IV and hospital-clustered bootstrap for elCU-CRD. The model

was developed in MIMIC-1V and evaluated unchanged in elCU-CRD. Internal estimates are conditional

on algorithm-family selection; these intervals do not capture full model-development uncertainty.

Operating threshold and decision-curve analysis

At the development-selected threshold of 0.161, development sensitivity was 80.2% and specificity was
56.5%. External sensitivity was 75.5% (95% CI 68.0—81.8%), specificity 56.0% (51.1-60.8%), positive
predictive value 38.8% (33.3-44.6%) and negative predictive value 86.1% (81.4-89.8%) (Table 4). The rule
flagged 286 of 545 external stays (52.5%), including 111 true positives and 175 false positives; 36 events
were missed. Thus, the development sensitivity target was not reproduced externally.

Table 4
Classification performance at the development-selected operating threshold
Cohort n Threshold Sensitivity Specificity PPV NPV TP/FP/TN/FN
(events) (95% CI) (95% CI) (95% (95%
Cl) Cl)

MIMIC- 1,450 0.161 0.802 0.565 0.381 0.895 291/473/614/72
vV (363) (0.758- (0.535- (0.347- (0.870-

0.839) 0.594) 0.416) 0.916)
elCU- 545 0.161 0.755 0.560 0.388 0.861 111/175/223/36
CRD (147) (0.680- (0.511- (0.333- (0.814-

0.818) 0.608) 0.446) 0.898)
Note. The threshold of 0.161 was selected in MIMIC-IV on a fixed 0.001 grid to maximize specificity
subject to sensitivity of at least 0.80 and was then applied unchanged to eICU-CRD. Confidence
intervals are Wilson 95% intervals. PPV, positive predictive value; NPV, negative predictive value; TP, true
positive; FP, false positive; TN, true negative; FN, false negative. The development estimates are
conditional on threshold selection and should not be described as independent validation of threshold
performance. Wilson intervals do not account for clustering or threshold-selection uncertainty.

At a risk threshold of 0.161, external net benefit was 0.142 for model-guided review and 0.130 for reviewing
all eligible patients. The difference was 0.012 (95% Cl - 0.015 to 0.046), leaving the advantage over
reviewing everyone uncertain at this operating point. Differences were more favourable at selected higher
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thresholds, including 0.065 (0.029-0.114) at 0.25 and 0.112 (0.073-0.163) at 0.30 (Supplementary Table
S7). These analyses quantify a hypothetical review policy, not observed improvements in patient outcomes.

Interpretation and sensitivity analyses

Early cumulative urine output contributed most strongly to the model's predictions, followed by cumulative
loop-diuretic exposure during hours 0-6, body weight and the initial dose (Fig. 4). Individual TreeSHAP
explanations illustrated how combinations of predictors shifted estimated log odds; they did not identify
treatment effects. Removing early dose information reduced development discrimination, but the external
difference remained uncertain (AUROC difference - 0.013,95% Cl - 0.032 to0 0.011). Removing urine-output
charting density had little effect externally (difference - 0.002, - 0.007 to 0.006). A model containing
baseline variables and early urine output achieved an external AUROC of 0.723, close to the full model's
0.729 (Supplementary Table S8; Supplementary Figure S4).

Development-only comparisons showed little difference between median imputation with indicators, native
missing-value handling and iterative strategies. AUROCs ranged from 0.759 to 0.762. Median imputation
with missingness indicators was retained under the prespecified parsimony rule. This choice was specific
to the benchmark (Supplementary Table S9; Supplementary Figure S5). Adding eight common clinical
variables yielded only a small development change and lower external discrimination (0.711 versus 0.729;
difference - 0.018, 95% CI - 0.038 to - 0.004; Supplementary Table S10). Other analyses examined MIMIC-
IV-specific severity variables, complete cases, stricter recording completeness and narrower heart-failure
definitions (Supplementary Tables S10, S11, S12 and S13; Supplementary Table S14). Development
subgroup estimates were descriptive (Supplementary Table S15).

Outcome observability substantially restricted external inclusion. Only 545 of 2,267 stays meeting clinical
eligibility through the landmark entered the primary analysis (24.0%). Cross-fitted inclusion weighting
produced an effective sample size of 386.2. Weighted AUROC was 0.690 (95% Cl 0.632-0.750), Brier score
0.198 (0.169-0.218), and calibration slope 0.557 (0.413-0.810) (Supplementary Tables S16 and S17,
Supplementary Table S18; Supplementary Figure S6). These estimates were less favourable than the
primary unweighted results. Excluding the largest contributing hospital left 418 stays in 68 hospitals and
an AUROC of 0.744. Hospital and subgroup results were descriptive and often imprecise (Supplementary
Tables S19 and S20; Supplementary Table S21; Supplementary Figure S7 and Supplementary Figure S8).

For the alternative endpoint of mean subsequent urine output below 0.5 mL/kg/h, AUROC was 0.786
internally and 0.743 externally. The primary score had an AUROC of 0.595 for mortality during the 28 days
after the 24-hour response-window endpoint in MIMIC-IV. This result does not support its use as a general
mortality model. The composite analysis included 1,470 stays and 384 events, comprising the 1,450
development stays and 20 additional stays. Subject-held-out predictions yielded an AUROC of 0.762 (95%
Cl 0.735-0.790), PR-AUC of 0.574 and Brier score of 0.156. These estimates assess transport of the
primary score to a different endpoint and do not establish a validated composite-outcome probability
model. Dose-normalized response analyses were limited by subsequent treatment exposure and different
medication-record semantics (Supplementary Table S22 and Supplementary Table S23; Supplementary
Figure S9). Exploratory hospital-grouped cross-fitted recalibration yielded an external Brier score of 0.172
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and calibration slope of 0.944, but did not replace the primary unrecalibrated evaluation (Supplementary
Table S24).

Discussion

Principal findings

Information recorded during the first six hours after a qualifying loop-diuretic record improved prediction in
critically ill patients with heart failure. That information improved performance relative to baseline
assessment and retained moderate discrimination in a separate multicentre database. A simpler early-
response elastic-net model nevertheless outperformed the locked XGBoost model externally. External
predictions were overly extreme, and performance was less favourable after weighting for measured
selection. These findings support the predictive value of early-response information while identifying
limitations to its use across databases. They do not establish readiness for clinical deployment.

Relationship to response-guided care and existing
prediction research

Our findings align with the clinical rationale for assessing response soon after treatment begins, but should
not be conflated with evidence for a therapeutic strategy. PUSH-AHF, ENACT-HF and EASY-HF evaluated

protocols using urinary sodium, whereas our model predicted a later recorded urine-volume endpoint [1o, 1,

12 Greater diuresis does not necessarily indicate adequate sodium removal. The benefits and harms of
intensifying treatment depend on congestion and perfusion, not urine volume alone. The 2025 expert
consensus highlights urine-sodium assessment as an evolving approach, not a justification for equating
low output with a single mechanism (3], Analyses from PUSH-AHF also indicate that renal-function
changes during guided decongestion need clinical context, supporting clinical interpretation of predicted
low output rather than its use as an automatic dose instruction [48],

Our study extends existing research on prediction of diuretic response, including BAN-ADHF. The original
BAN-ADHF study developed a practical score in acute-heart-failure trial populations. Subsequent studies
evaluated ICU applicability, modified-score performance and associations with response to natriuresis-
guided care [6.17.18.19]_gyr design differs in the six-hour landmark, subsequent non-overlapping 18-hour
outcome window, routine-record predictors and explicit examination of inclusion-related transportability.
The published ICU BAN-ADHF validation reported discrimination for dose-efficiency outcomes, which are
not identical to ours ['7]. These endpoint differences preclude a meaningful ranking of AUROCs across
studies. A head-to-head comparison with BAN-ADHF using harmonized endpoints remains necessary to
assess the practical value of this approach.

Information content versus algorithmic complexity

The early-response elastic-net comparison and ablation analyses suggest that the information observed
during treatment may matter more than nonlinear model complexity. Early urine output was the dominant
predictor, and a baseline-plus-early-output model approached the full model externally. This is clinically
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plausible because the predictor and outcome measure related physiology in consecutive periods.
Persistence of urine output across consecutive periods is expected and does not, by itself, establish a new
mechanism. Its clinical usefulness depends on whether it supports reliable decisions after accounting for
documentation and treatment context.

The external advantage of elastic-net regression argues against describing XGBoost as the best-
performing or optimal clinical model. Broader comparative literature has likewise cautioned that machine
learning does not consistently outperform logistic regression in clinical prediction, especially when
comparisons are methodologically sound 491 our post-lock comparison was exploratory and cannot
establish universal superiority of elastic-net either. In this study, internal selection of a more complex
model did not translate into better external performance. Prospective evaluation should therefore include
the simpler early-response model alongside XGBoost.

Calibration, selection and potential clinical use

Discrimination alone was insufficient to support implementation. An external calibration slope below one
indicated that risk differences were too extreme, while the observed-to-expected ratio showed
underprediction of average event frequency. Both findings can coexist because calibration slope and
average risk assess different properties [401 cross-fitted recalibration suggested some room for
improvement, but estimating an updating procedure and evaluating its future performance require
additional data. The precision assessment indicated that the available sample was insufficient to estimate
calibration slope within the specified interval-width target [45 46l

Outcome observability imposed a stronger restriction than the final sample size alone suggests. Only about
one quarter of clinically eligible external stays entered the primary analysis, and weighting for measured
determinants of inclusion reduced discrimination and worsened probabilistic performance. Weighted
estimates may still differ from performance in all eligible patients. Unmeasured determinants of missing
output, unavailable outcomes and limited overlap remain unresolved. The unweighted cohort may therefore
be unrepresentative of patients encountered in routine ICU use. Variation in documentation practices
directly affects which patients can be assessed. Changes in populations, clinical practice and
measurement processes can produce dataset shift, so retrospective transportability does not ensure

stable performance after deployment 1591,

At the locked threshold, more than half of external stays would have triggered review and positive
predictive value was below 40%. Whether that workload is acceptable depends on the review's costs, the
consequences of missed events and existing monitoring intensity. At the chosen threshold, decision-curve
analysis did not establish an advantage over reviewing everyone [41] More favourable estimates at higher
thresholds do not retrospectively validate a new operating policy. Prospective silent evaluation should
assess data availability, calibration and alert burden. An impact study would then be needed to determine
whether acting on predictions improves decongestion, safety or patient-centred outcomes. DECIDE-AI
provides a framework for assessing clinical performance, safety and human factors during early clinical
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evaluation 'l FUTURE-AI further emphasizes lifecycle monitoring, robustness and governance; these
requirements remain unmet by retrospective performance assessment alone 152,

Strengths and limitations

The study separated predictor and outcome windows and used subject-grouped tuning within each
candidate algorithm. Further strengths included unchanged external application, paired algorithm
comparisons, cluster-aware intervals and sensitivity analyses of predictor information and measured
inclusion. Several limitations affect interpretation. First, the external heart-failure definition was broader,
and disease exclusions, medication records and clinical severity differed between databases. The external
evaluation therefore assessed transportability across different populations, rather than validation in an
identically defined acute-decompensated-heart-failure cohort.

Second, the outcome was a development-defined quartile of recorded urine output, not a prospectively
validated clinical target. Minimum charting density did not guarantee complete collection; absent
component volumes could be treated as zero recorded output. Weight normalization and shared
measurement processes across consecutive windows may strengthen associations without representing a
new biological signal. Conditioning on survival, ICU residence and later observability also narrows the
population to which performance applies. Subsequent treatment, fluid administration and unmeasured
congestion could influence outcomes; this design could not separate their causal effects.

Third, selection among algorithm families reused outer-fold summaries, and uncertainty intervals did not
repeat the complete development process. The quartile definition and operating threshold were also
development-derived. Internal estimates and confidence intervals therefore do not fully account for
selection. Post-lock imputation, ablation, subgroup and recalibration analyses were sensitivity analyses, not
independent confirmatory experiments. Contemporary reporting and risk-of-bias guidance emphasizes

these distinctions and the need to evaluate a model's intended use rather than only technical performance
[24, 53]

Fourth, the external sample contained 147 events and substantial hospital imbalance, limiting precise
calibration, subgroup and hospital-specific inference. Weighting addressed measured inclusion only. The
study lacked a direct comparison with BAN-ADHF under identical endpoint definitions, and it did not test a
live clinical workflow or patient outcomes. Finally, SHAP rankings describe fitted-model contributions;
correlations, treatment-by-indication and documentation patterns can all influence them. Post hoc
explanations should not be interpreted as causal evidence or as assurance that a model is clinically

trustworthy 154,

Conclusions

Information recorded during the first six hours after an initial qualifying loop-diuretic record improved
prediction of subsequent low urine output in critically ill adults with heart failure. External evaluation
supported moderate discrimination but did not support an advantage of XGBoost over a simpler early-
response model. Calibration limitations, selection for observable outcomes and differences in data capture
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preclude immediate use as an automated treatment rule. Prospective studies should compare simpler
models, assess data completeness and calibration, and determine the clinical consequences of risk-guided
review.
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