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Abstract

Background: Risk stratification for intensive care unit patients with acute myocardial infarction requires
early bedside variables that reflect circulatory stress, renal response, treatment intensity, and metabolic
injury. This study evaluated an oliguria, renal function, hemodynamics, and acid-base abnormalities
phenotype with early urine-output and fluid-balance trajectories for in-hospital mortality risk
stratification.

Methods: This retrospective cohort study analyzed 2097 adult acute myocardial infarction-coded
intensive care unit stays from MIMIC-IV. Vital signs and laboratory predictors were defined from 6 hours
before to 24 hours after intensive care unit admission. Input-output variables were summarized across 0-
6, 6-12, 12-24, and 24-48 hours after admission. The primary outcome was in-hospital mortality.
LightGBM models were evaluated with stratified 5-fold internal cross-validation. Robustness analyses
included strict 48-hour landmarking, treatment-trajectory adjustment, net fluid-balance threshold testing,
continuous renal replacement therapy exclusion, no-furosemide subgroup analysis, calibration
assessment, and decision-curve analysis.

Results: The cohort included 2097 intensive care unit stays and 285 in-hospital deaths (13.6%).
Persistent/intermittent oliguria had the highest mortality among urine-output trajectory classes. The
static phenotype model achieved an area under the receiver operating characteristic curve of 0.877, area
under the precision-recall curve of 0.531, and Brier score of 0.094. Adding urine-fluid trajectories
improved performance to 0.885, 0.552, and 0.089, respectively. Treatment-adjusted associations
remained significant for persistent oliguria, oliguria burden, persistent positive fluid balance, and the
high-risk urine-fluid phenotype.

Conclusions: The oliguria, renal function, hemodynamics, and acid-base abnormalities phenotype
combined with 0-48-hour urine-output and fluid-balance trajectories provided internally validated,
interpretable mortality risk stratification in acute myocardial infarction-coded intensive care unit
patients. External validation is required before clinical implementation.

Background

AMI patients admitted to the ICU require rapid assessment of organ response during the first days of
care. Contemporary ACS and coronary revascularization guidance emphasize early risk assessment for
treatment planning, and ICU patients with AMI often have high circulatory and metabolic burden,
especially when cardiogenic shock or advanced organ support is present [1, 10-12].

Urine output and fluid balance are bedside signals that update continuously. Oliguria reflects renal
perfusion, venous congestion, kidney reserve, and treatment response. Acute kidney injury and
cardiorenal literature links oliguria, creatinine change, and kidney-replacement therapy with adverse
short-term outcomes [6—8, 14]. Fluid accumulation captures resuscitation exposure and impaired fluid
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removal and should be interpreted within the broader context of critical care fluid management [9, 15—
17].

The ORHA phenotype combines four domains: Oliguria, Renal function, Hemodynamics, and Acid-base
abnormalities. These domains map to a coherent AMI ICU pathway: impaired circulation, reduced renal
output, renal dysfunction, and metabolic injury. We added 0—48 h urine output and fluid balance
trajectories to this day-1 phenotype and tested their incremental value for in-hospital mortality risk
stratification.

Methods
Study design and reporting

This study was designed as a retrospective observational prognostic modeling and association analysis
using deidentified intensive care data. Reporting was aligned with current recommendations for
observational studies and clinical prediction models, including transparent specification of the cohort,
predictor windows, outcome definition, validation approach, calibration assessment, and sensitivity
analyses.

Oliguria, renal function, hemodynamics, and acid-base abnormalities
phenotype

The oliguria, renal function, hemodynamics, and acid-base abnormalities (ORHA) phenotype was defined
as a domain-based early intensive care unit feature framework. The oliguria domain included day-1 urine
output normalized to body weight and binary oliguria using the < 0.5 mL/kg/h threshold. The renal-
function domain included creatinine, blood urea nitrogen, renal comorbidity, acute kidney injury-related
variables when available, and renal replacement therapy context. The hemodynamic domain included
heart rate, systolic and diastolic blood pressure, mean arterial pressure, and vasopressor exposure. The
acid-base domain included lactate, pH, bicarbonate, base excess, anion gap, and oxygenation-related
measures. ORHA was not assigned a manual point score; instead, it served as a clinically interpretable
predictor-domain structure for model development and selected association analyses relevant to
cardiovascular critical care.

Data source and acute myocardial infarction cohort definition

Use of generative language tools

A large language model was used during manuscript preparation only for language editing, journal-
format adaptation, and preparation of submission checklists. The tool was not used for cohort
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extraction, statistical analysis, model development, or interpretation of the clinical results. The author
checked and approved the final manuscript and takes full responsibility for its content.

This retrospective cohort study used MIMIC-1V, a deidentified electronic health record database from
Beth Israel Deaconess Medical Center [2, 3]. Adult intensive care unit stays with acute myocardial
infarction were identified from diagnosis records in the platform export. The stay_id was used as the
analysis unit, and the first qualifying intensive care unit stay per hospitalization was retained. Patients
without a valid intensive care unit stay identifier or outcome status were not eligible for analysis.

The available platform export did not provide a complete, auditable table of acute myocardial infarction
subtype, including STEMI/NSTEMI status, type 1/type 2 myocardial infarction status, culprit-vessel
information, revascularization timing, or mechanical circulatory support timing for all stays. Therefore,
the analysis is framed as a prognostic study of acute myocardial infarction-coded intensive care unit
stays rather than a subtype-specific acute coronary syndrome study. These missing clinical details were
treated as key limitations and external-validation priorities.

Predictor windows

Vital signs and laboratory predictors used the ICU day-1 window from 6 h before ICU admission to 24 h
after ICU admission. Input-output variables used four post-ICU-admission windows: 0-6 h, 6—-12 h, 12—
24 h, and 24-48 h. This window structure keeps the physiologic phenotype within a standard early ICU
assessment period and evaluates dynamic bedside trajectories after ICU admission.

Phenotype and trajectory variables

After defining ORHA as a four-domain feature framework, trajectory variables were constructed to
capture dynamic urine output and fluid balance. Implausible physiologic values were cleaned before
modeling. Window-specific urine output was calculated as urine volume divided by cleaned body weight
and window duration. Oliguria was defined as urine output < 0.5 mL/kg/h, consistent with KDIGO urine-
output criteria [8]. Net fluid balance was calculated as total input minus total output. Persistent oliguria
was defined as oliguria in at least two of four trajectory windows. A high-risk urine-fluid phenotype
combined persistent oliguria, persistent positive fluid balance, or cumulative net fluid balance > 50
mL/kg.

Because CRRT and diuretics can alter urine output and fluid balance interpretation, treatment-trajectory
variables were incorporated and additional CRRT-exclusion and no-furosemide analyses were performed.

Outcomes

The primary outcome was in-hospital mortality. Secondary outcomes included ICU mortality and post-
discharge mortality endpoints available in the source data. The outcome represents all-cause mortality;
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cause-specific cardiovascular death was not available.

Missing data and preprocessing

Missing values were handled within each cross-validation training fold through median imputation for
continuous predictors and most-frequent imputation for categorical predictors. Missingness indicators
were added for continuous variables during model preprocessing. No information from validation folds
was used to estimate imputation values. Missing trajectory categories were retained descriptively
because missingness may reflect early death, transfer, recording intensity, or organ-support complexity.

Sensitivity analyses

The strict 48 h landmark cohort included patients who were alive and hospitalized at 48 h after ICU
admission. This analysis evaluated mortality after the trajectory assessment window. Treatment-
trajectory adjustment included vasopressor exposure, furosemide use, CRRT, and invasive ventilation
across the four 0-48 h windows. Additional analyses tested cumulative net fluid balance thresholds of
30, 40, 50, and 60 mL/kg, excluded patients exposed to CRRT during 0—-48 h, and repeated key
associations among patients without 0-48 h furosemide exposure.

Modeling and reporting

LightGBM models were evaluated with stratified 5-fold internal cross-validation [21]. The main
hyperparameters were n_estimators = 120, learning_rate = 0.04, num_leaves = 31, min_child_samples =
20, subsample = 0.85, colsample_bytree = 0.85, objective=binary, class_weight=balanced, and
random_state = 42. Performance metrics included the area under the receiver operating characteristic
curve, area under the precision-recall curve, and Brier score. The area under the precision-recall curve
was prespecified as important because in-hospital death occurred in 13.6% of the cohort. Bootstrap
resampling was used to estimate uncertainty for model performance. Calibration was assessed with
decile plots, calibration intercept, calibration slope, observed/expected ratio, and Brier score. Decision-
curve analysis evaluated net benefit across clinically relevant risk thresholds.

Results

The cohort included 2097 ICU stays. In-hospital death occurred in 285 patients (13.6%). Baseline clinical
characteristics are summarized by outcome in Supplementary Table S14.
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Table 1
Cohort overview

Metric Value
Total ICU stays 2097.00
In-hospital deaths 285.00
In-hospital mortality, % 13.60
ICU deaths 211.00
28-day deaths 317.00
90-day deaths 422.00
365-day deaths 563.00
Median urine output, mL/kg/h 0.895
Oliguria prevalence, % 20.70
Median net fluid balance, mL 1277.70
Positive fluid balance prevalence, %  69.00

Persistent/intermittent oliguria identified the highest-risk urine-output trajectory class. This group had
lower median 0—-48 h urine output and higher median net fluid balance than patients with adequate urine
output.

Table 2
Outcomes by 0—48 h urine output trajectory class

Trajectory class N Deaths Mortality, Median urine 0- Median net

% 48h, mL/kg/h balance 0-48h,

mL/kg

Persistent/intermittent 264 82 31.10 0.333 54.51
oliguria
Missing 49 14 28.60 NA 38.91
Oliguria recovery 247 34 13.80 0.851 35.45
Late/worsening oliguria 551 73 13.20 0.620 23.91
Single-window oliguria 200 17 8.500 0.882 14.41
Adequate urine output 786 65 8.300 1.202 7.610

Urine-fluid trajectories improved prediction beyond the static ORHA phenotype. The same direction was
observed in the strict 48 h landmark cohort. Bootstrap intervals, fold-level results, calibration metrics,
and decision-curve net benefit are provided in the supplement.
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Table 3
Main and landmark model performance

Cohort Model AUROC AUPRC Brier score
Full cohort Static ORHA 0.877 0.531 0.094
Full cohort Static ORHA + urine-fluid trajectories  0.885 0.552 0.089
Full cohort Static ORHA + trajectories + scores 0.898 0.580 0.083
Strict 48 h landmark  Static ORHA 0.864 0.465 0.088
Strict 48 h landmark  Static ORHA + urine-fluid trajectories  0.874 0.486 0.086
Strict 48 h landmark  Static ORHA + trajectories + scores 0.892 0.532 0.078

Treatment-trajectory adjustment reduced effect estimates and retained statistically significant
associations for the main trajectory exposures.

Table 4
Treatment-trajectory adjusted associations
Cohort Exposure Adjusted OR (95% CI) P value
Full cohort Persistent oliguria in > = 2 windows 2.899 (2.167-3.878) <0.001
Full cohort Each additional oliguria window 1.463 (1.314-1.63) <0.001
Full cohort Positive balance in > =2 windows 2.174 (1.509-3.133) <0.001
Full cohort Net fluid balance per 10 mL/kg 1.053 (1.029-1.078) <0.001
Full cohort High-risk urine/fluid trajectory phenotype  1.922 (1.336-2.767) <0.001
Strict 48 h landmark  Persistent oliguria in > =2 windows 2.464 (1.793-3.387) <0.001
Strict 48 h landmark  Each additional oliguria window 1.376 (1.223-1.548) <0.001
Strict 48 h landmark  Positive balance in > =2 windows 2.348 (1.563-3.529) <0.001
Strict 48 h landmark  Net fluid balance per 10 mL/kg 1.054 (1.028-1.08) <0.001
Strict 48 h landmark  High-risk urine/fluid trajectory phenotype = 2.016 (1.349-3.014) <0.001

Discussion

This study identified a clinically interpretable early cardiovascular critical care pattern in acute
myocardial infarction-coded intensive care unit stays: persistent or recurrent oliguria across the first 48
hours was associated with higher in-hospital mortality. The ORHA framework organized this signal with
renal function, hemodynamics, and acid-base injury, while fluid-balance trajectories provided additional
information about resuscitation exposure, impaired fluid removal, and overall treatment intensity.
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The trajectory findings were consistent across descriptive, association, and prediction analyses. Patients
with persistent/intermittent oliguria had the highest mortality and the greatest cumulative fluid burden.
Adding urine-fluid trajectories to the static phenotype produced modest but consistent improvements in
discrimination and overall prediction error. Because the absolute performance gain was small, the main
value of the trajectory extension should be interpreted as enhanced cardiovascular bedside
interpretability and incremental prognostic information rather than as evidence of a stand-alone
deployable clinical tool.

The landmark analysis improves temporal credibility. Patients who died during the first 48 h were
removed from the strict landmark cohort. Persistent/intermittent oliguria remained the highest-risk
trajectory class, and trajectory variables retained incremental model value. The full cohort results should
be interpreted as overall early-trajectory associations, while the landmark results provide the time-
consistent prognostic analysis.

Treatment-trajectory adjustment addresses confounding by clinical intensity. Vasopressors, diuretics,
CRRT, and ventilation influence urine output and fluid balance. The main associations remained
significant after these adjustments, and additional CRRT-exclusion and no-furosemide analyses
supported the direction of the findings. The attenuated effect sizes indicate that treatment burden
explains part of the risk signal, while the urine-fluid trajectory retains prognostic information within the
observed treatment context.

Positive fluid balance should be interpreted as a prognostic marker, not as proof of causal harm [9, 15—
17]. In AMI ICU care, positive balance may reflect shock resuscitation, low perfusion pressure, renal
dysfunction, delayed fluid removal, mechanical ventilation, CRRT timing, and documentation patterns.
The study evaluates risk stratification, not fluid-treatment effects.

Clinical use should be considered only after external validation and workflow testing. At this stage, the
ORHA trajectory framework is best viewed as a prognostic research model that may help clinicians
recognize persistent low-output and fluid-accumulation patterns requiring reassessment of perfusion,
congestion, renal reserve, and organ-support needs. It should not be used as an automated decision-
support system or treatment trigger without additional validation.

This study has limitations. MIMIC-IV comes from a single health system, and external validation is
required before clinical use. Residual confounding may remain, especially for fluids, vasopressors,
diuretics, continuous renal replacement therapy, and mechanical ventilation. The study used diagnosis-
record based acute myocardial infarction identification from the platform export. Reliable
STEMI/NSTEMI classification, type 2 myocardial infarction status, revascularization timing, mechanical
circulatory support timing, and cause-specific cardiovascular death were not available. Vital signs and
laboratory predictors were defined in the intensive care unit day-1 window, whereas the dynamic analysis
focused on input-output and treatment variables. Future studies should validate the framework in
independent cardiovascular cohorts, assess recalibration, and evaluate whether the trajectories improve
clinical workflow beyond established severity scores.
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Conclusions

The ORHA phenotype combined with 0-48-hour urine-output and fluid-balance trajectories provided
internally validated, interpretable mortality risk stratification in acute myocardial infarction-coded
intensive care unit patients. Persistent/intermittent oliguria and sustained fluid-balance burden remained
informative after landmark and treatment-focused sensitivity analyses. External validation is required
before clinical implementation.
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ICU day-1 ORHA phenotype linked with dynamic urine-fluid trajectories
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Figure 1

ORHA conceptual framework and dynamic urine-fluid trajectory domain.
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Figure 2

In-hospital mortality by 0-48 h urine output trajectory class.
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Figure 3

Incremental ROC comparison after adding urine-fluid trajectory variables.
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Decision Curve Analysis
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Figure 5

Decision-curve analysis in the full cohort.
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