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Abstract

Background: Effectiverisk stratification in sepsisremainsacritical clinical challenge. Serum lactate is a cornerstone biomarker
of metabolic dysfunction, yet its predictive limitations—particularly in patients without severe hyperlactatemia—are well
recognized. Thelactate-to-albuminratio (LAR), acomposite mixed-unit index integrating markers of acute metabolic dysfunction
and systemic inflammation, has emerged as a promising predictor; however, itsincremental discriminative advantage over lactate
had not been formally tested in alarge multicenter cohort using paired statistical methodol ogy.

Objective: This study aims to determine whether LAR provides statistically significantly higher prediction of 28-day mortality
than lactate alone in adult intensive care unit (ICU) patients with sepsis, using threshold effect analysis, restricted cubic splines,
Del ong test, and 9 interpretable machine learning models.

Methods: We conducted a retrospective analysis of 3637 adult patients with sepsis from the multicenter elCU Collaborative
Research Database (el CU-CRD; 208 hospitals, United States, 2014-2015). The primary outcome was 28-day all-causein-hospital
mortality among patients surviving the initial 48-hour ICU admission period. We used multivariable logistic regression (LR),
Cox proportional-hazards regression, threshold effect analysis, restricted cubic spline modeling, Delong test for area under the
receiver operating characteristic curve (AUC) comparison, and machine learning models evaluated with Shapley additive
explanations (SHAP) for interpretability. The cohort was divided 70/30 (stratified) into training and held-out test sets; the Synthetic
Minority Oversampling Technique was applied exclusively within the training partition to prevent data leakage.

Results: LAR consistently demonstrated stronger and more stabl e associations with mortality than lactate across al subgroups.
Delong test confirmed stetistically significantly higher AUC for LAR: 28-day hospital mortality (AUC, 4g=0.646, 95% CI
0.623-0.670 vSAUC, 4=0.617, 95% CI 0.593-0.641; Z=6.37; P<.001; AAUC=0.029) and 28-day |CU mortaity (AUC, ,g=0.642
VS AUC, 44=0.621; Z=3.71; P<.001). A nominally significant Acute Physiology and Chronic Health Evaluation IV (APACHE
IV) x LAR interaction (hospital mortality, P for interaction=.02) indicated stronger LAR prognostic effects in lower-severity
patients (APACHE IV <70), representing within-biomarker effect modification requiring prospective validation. Among 9 machine
learning models for ICU mortality, LR, random forest (RF), and gradient-boosting decision tree (GBDT) achieved the 3 highest
AUCs (0.727, 0.726, and 0.725); Light Gradient Boosting Machine (LightGBM) demonstrated the best calibration (Brier score
0.096, the only model below the null Brier of 0.101 at the natural prevalence of 11.4%); GBDT achieved the highest precision-recall
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AUC (0.293). SHAP identified LAR among the top 10 predictive featuresin 3 of 4 models for hospital mortality (RF rank 4, LR
rank 7, and LightGBM rank 8) and 1 of 4 for ICU mortality (RF rank 4).

Conclusions: LAR demonstrates statistically significantly higher discrimination than lactate alone for 28-day sepsis mortality
prediction. LAR may offer greater prognostic utility in patients without severe hyperlactatemia, a population in whom early risk

stratification may be particularly relevant.

(JMIR Med I nform 2026;14:€82230) doi: 10.2196/82230
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Introduction

Lactateisacrucial biomarker reflecting metabolic dysfunction
and tissue hypoxia[1]. The lactate-to-albumin ratio (LAR), as
anovel composite biomarker, provides a more comprehensive
perspective  for clinica  prognosis by combining
lactate—indicating tissue hypoperfusion—with abumin,
reflecting inflammatory and nutritional status [2]. Current
evidence suggests that both lactate and LAR are closely
associated with poor outcomes in various critical illnesses,
particularly in patients with acute myocardial infarction, where
elevated lactate levelsand LAR are significantly correlated with
higher 28-day mortality [3]. Furthermore, LAR has been proven
to be an effective predictor of in-hospital mortality in patients
with acute kidney injury [4], and it also demonstrates significant
prognostic value in other patients [5,6].

Sepsis is a life-threatening condition characterized by a
dysregulated host response to infection, leading to organ
dysfunction [7]. Epidemiological studieshave shown that sepsis
is a leading cause of death globaly, accounting for
approximately 19.7% of all deaths worldwide [8]. The global
annual incidence is estimated at 49 million cases, with
approximately 11 million deaths. Mortality rates vary
significantly across regions: US data indicate approximately 2
million sepsis cases annually with 270,000 deaths [9], while
German studies report an 11%-point prevalence of sepsisin
intensive care units (ICUs), with mortality ratesreaching 48.4%
in ICUs and 55.2% in hospitals [10]. Overall, sepsis mortality
rates range from 20% to 30%, increasing to over 50% in cases
of septic shock [11,12]. These regiona variations may be
attributed to differencesin health care accessibility and quality
[13].

Although lactate and LAR have shown potential predictive
value in sepsis outcomes, their comparative value remains
incompletely characterized. Prior studies demonstrated that
LAR outperforms lactate alone in predicting hospital mortality
(area under the receiver operating characteristic curve [AUC]
0.74vs0.70) and showed significant valuein predicting 28-day
mortality [14]. However, interpreting this association is
complex, primarily because elevated lactate in patients with
sepsismay result from multiple pathophysiol ogical mechanisms,
including excessive glycolysis, tissue hypoperfusion, medication
effects (eg, epinephrine), and organ dysfunction [15-17].
Furthermore, the reliability of lactate as an indicator of tissue
hypoxia is debatable, showing no significant correlation with
central venous oxygen saturation [18]. Critically, although prior
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studies have described LAR as numerically superior to lactate,
none have formally verified this advantage through paired
statistical testing—leaving the clinical relevance of this
difference unsubstantiated.

To address these gaps, we conducted this study using the Philips
elCU Collaborative Research Database (elCU-CRD), a
large-scale multicenter ICU database, to rigorously investigate
the association between lactate and LAR with 28-day mortality
in patientswith sepsis. This study uniquely appliesthe Del.ong
test for formal paired AUC comparison, threshold effect analysis
with bootstrap validation, restricted cubic spline modeling, and
9 interpretable machine learning models with Shapley additive
explanations (SHAP) analyses, to comprehensively evaluate
and formally compare the prognostic utility of lactateand LAR.
This represents the first study to formally test whether LAR’s
numerical superiority over lactate achieves dotatistical
significance in alarge multicenter sepsis cohort.

Methods

Study Design and Data Sour ce

This retrospective observational cohort study used data from
the el CU-CRD v2.0, a publicly available multicenter database
sourced from the Philips elCU telehealth program [19]. The
database contains clinical data from 200,859 patients with
critical illness admitted to 208 hospitals acrossthe United States
between 2014 and 2015, including demographic characteristics,
physiological parametersfrom bedside monitors, laboratory test
results, disease severity scores, and comorbidities. The study
design and reporting adhered to the STROBE (Strengthening
the Reporting of Observational Studies in Epidemiology)
guidelines [20].

Study Population and Recruitment

Weincluded all adult patients (aged 18 years or older) diagnosed
with sepsis on their first ICU admission. Sepsis was identified
using the International Classification of Diseases, Ninth
Revision (ICD-9) diagnostic codes (995.91 for sepsis, 995.92
for severe sepsis, and 785.52 for septic shock), combined with
infection-related admission diagnoses from the APACHE IV
scoring system in the elCU-CRD [21]. We note that this
case-identification strategy differs from the strict Sepsis-3
definition [22], as preadmission baseline Sequential Organ
Failure Assessment (SOFA) scores are not routinely available
inthe el CU-CRD; our cohort, therefore, represents patientswith
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critical illnesswith documented infection and organ dysfunction
requiring ICU admission.

Exclusion criteria were (1) nonsepsis primary diagnosis; (2)
nonfirst ICU admission; (3) ICU length of stay <48 hours,
applied to ensure adequate time for baseline biomarker
stabilization and data collection; (4) aged <18 years; (5)
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undetermined gender, race/ethnicity, or BMI; and (6) missing
recordsfor any of thefollowing: serum lactate, albumin, platel et
count, red cell distribution width (RDW), Glasgow Coma Scale
(GCS) score, or APACHE IV score. Patientswith missing white
blood cell (WBC) count as the sole missing variable were
retained in the analysis viaamissing-indicator dummy variable.
The patient screening process is shown in Figure 1.

Figurel. Flow diagram of study population sel ection from the el CU Collaborative Research Database (208 US hospital's, 2014-2015) for aretrospective
cohort study of adult patients with sepsis. Patients were included based on the International Classification of Diseases, Ninth Revision (ICD-9) sepsis
codes (995.91, 995.92, and 785.52) plus Acute Physiology and Chronic Health Evaluation IV (APACHE IV) infection-related admission diagnoses,
first intensive care unit (ICU) admission only, ICU length of stay =48 hours, being age =18 years, and complete data for all primary exposures and key
covariates. Exclusion countswith percentagesrelative to the total sepsis screen cohort (N=23,136) are shown at each step. Final analytic cohort: n=3637.
GCS: Glasgow Coma Scale; RDW: red cell distribution width; WBC: white blood cell.

Patients with a diagnosis of
sepsis on ICU admission
(N=23,136)

Icu
Indicators

Only include the first ICU
admission of each patient
(3610 excluded)

Exclusion: ICU stays <48 hours
(9310 excluded)

Exclusion: age <18 years
(5 excluded)

Basic

Exclusion: missing gender
information
(1 excluded)

Demographic
Information

Exclusion: missing race
information
(83 excluded)

Exclusion: missing BMI
information
(199 excluded)

Exclusion: missing lactate
measurements
(3740 excluded)

Exclusion: missing albumin
measurements
(1679 excluded)

Indicators

Laboratory E

xclusion: missing platelet count
(174 excluded)

Exclusion: missing RDW
measurements
(207 excluded)

Exclusion; missing WBC and
other required variables
(& excluded)

Exclusion: missing GCS score
(78 excluded)

Scoring
Indicators

Exclusion: missing APACHE IV
score
(407 excluded)

Total included in
study analysis:
(N=

3637)

Data Collection

Comprehensiveclinical datawere extracted fromthe el CU-CRD
for the period within 24 hours of ICU admission. Thefollowing
data were collected: (1) demographic characteristics: gender,
age, ethnicity, and BMI; (2) physiological indicators: body
temperature, respiratory rate, heart rate, and mean arteria
pressure (MAP); (3) laboratory test results: exposure
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variables—serum lactate (mmol/L) and serum abumin (g/dL);
covariates—platelet count, RDW, WBC, serum creatinine
(mg/dL), and total bilirubin (mg/dL); (4) disease severity scores:
GCS score, SOFA score, and APACHE 1V score; and (5)
comorbidities extracted from the APACHE |V scoring system:
AIDS, hepatic failure, lymphoma, metastatic cancer, leukemia,
immunosuppression, and diabetes.
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LAR wascalculated as: LAR = serum lactate (mmol/L) + serum
albumin (g/dL). As lactate and abumin use different
measurement units, the LAR is a mixed-unit index (mmol/L
per g/dL)—not a dimensionless ratio. Standardized unit
reporting across all el CU-CRD centers ensures comparability.
Biomarker valuesreflect the first recorded measurement within
24 hours of ICU admission; for emergency
department—transferred patients, this measurement may predate
ICU admission by 2-4 hours. Hypoalbuminemia was defined
as albumin <3.0 g/dL. Lactate was categorized as: low (<2
mmol/L), middle (2 to <4 mmol/L), and high (=4 mmol/L).

Outcomes

The primary outcome was 28-day all-cause in-hospital mortality
among patients surviving the initial 48-hour ICU admission
period, with patients administratively censored at 28 daysfrom
ICU admission. Patients dive at 28 days were censored
regardless of subsequent hospital discharge status. ICU
mortality—defined as death occurring before ICU discharge
within 28 days of ICU admission, with the same 28-day
administrative censoring—was the secondary outcome. Given
the exclusion of patientswith |CU stays <48 hours, the modeled
prediction window effectively spans days 3 through 28; this
temporal constraint should be considered when interpreting
model applicability to unselected ICU populations.

Statistical Analysis

Overview

Continuous variables are expressed as mean (SD) or median
(IQR); categorical variablesasn/N (%). For comparisons across
lactate or LAR strata, 1-way ANOVA was used for continuous
variables and chi-square tests for categorical data.

Multivariable Logistic Regression

Multivariable binary logistic regression (LR) assessed
associations between LAR, albumin, lactate, and 28-day binary
mortality outcomes (administratively censored at day 28),
reporting odds ratios (ORs) with 95% Cls. Both unadjusted
(Model 1) and fully adjusted (Model 2) models were reported.

https://medinform.jmir.org/2026/1/e82230
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Cox Proportional-Hazards Regression

Multivariable Cox regression with 28-day administrative
censoring was used for subgroup analyses and threshold effect
analyses, reporting hazard ratios (HRs) with 95% Cls.
Proportional hazards assumptions were verified using
Schoenfeld residuals (all P>.05). Covariates for both LR and
Cox models included: age, sex, ethnicity, BMI, body
temperature, respiratory rate, heart rate, MAP, platelet count,
RDW, WBC, GCS score, SOFA score, APACHE 1V score, and
comorbidities (AIDS, hepatic failure, lymphoma, metastatic
cancer, leukemia, immunosuppression, and diabetes).

Threshold Effect Analysis

Piecewise Cox regression identified threshold break points by
maximum log-likelihood, comparing single-segment vs
2-segment models using log-likelihood ratio tests. Bootstrap
resampling (500 iterations, same fully adjusted model
specification as the primary analysis) estimated 95% Cls for
threshold points.

Formal AUC Comparison

DelLong test for correlated receiver operating characteristic
(ROC) curves (pROC package, R version 4.3.0; R Foundation
for Statistical Computing) formally compared LAR vs lactate
as stand-alone predictors, P<.05 was considered statistically
significant. This addresses the requirement for formal paired
statistical  testing to substantiate claims of superior
discrimination.

Subgroup I nteractions

P values for biomarker x subgroup interaction were calcul ated
by including a multiplicative interaction term in Cox models.

Additional Analyses

Variance inflation factors (VIF) assessed multicollinearity.
E-values quantified robustness to unmeasured confounding.
Decision curve analysis (DCA) evaluated net clinical benefit.
Restricted cubic splines (5 knots) modeled nonlinear
dose-response relationships (Figures 2 and 3), adjusted for all
covariates listed above. A 2-sided a level of .05 was used for
al tests. Analyses were performed in EmpowerStats and R
(version 4.3.0).

IMIR Med Inform 2026 | vol. 14 | €82230 | p. 4
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Wang et a

Figure 2. Dose-response relationship between serum lactate levels and 28-day mortality in adult patients with sepsis (retrospective cohort study, el CU
Collaborative Research Database, n=3637; United States, 2014-2015). (A) Scatter plot with locally estimated scatterplot smoothing (L OESS)—Iactate
vs 28-day hospital mortality. (B) Restricted cubic spline—28-day intensive care unit (ICU) mortality; 95% CI (dotted lines). (C) Restricted cubic
spline—28-day hospital mortality. (D) Scatter plot—28-day |CU mortality. All splines adjusted for age, sex, ethnicity, BMI, vital signs, severity scores,
and comorbidities. Rug plots indicate |actate measurement distribution. Vertical dashed lines indicate identified threshold break points.
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Figure 3. Nonlinear association between the lactate-to-albumin ratio (LAR, mmol/L per g/dL) and 28-day mortality in adult patients with sepsis
(retrospective cohort study, el CU Collaborative Research Database, n=3637; United States, 2014-2015). (A and B) Restricted cubic splinesfor intensive
care unit (ICU) and hospital mortality with 95% CI. (C and D) Scatter plots. LAR shows a sustained risk gradient across 0-5 units, contrasting with
lactate's plateau. Vertical dashed lines indicate threshold breakpoints. All analyses adjusted asin Figure 2.
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Missing Data

For traditional statistical analyses, patients missing primary
exposures or key covariates were excluded from the cohort per
Figure 1. For remaining covariates with >1% missingness—body
temperature (2.6% missing) and WBC (8.4% missing)—missing
indicator variableswereintroduced to preserve sample size. For
machinelearning models, k-nearest neighbors (KNN) imputation
(k=5) was applied to continuous features and mode imputation
to categorical features within the training partition only (see
Machine Learning Modeling section).

Sensitivity Analysis for Measurement-Timing
Misclassification

A senditivity analysis was conducted, excluding 142 patients
(3.9% of the cohort) whose first biomarker measurement was
recorded more than 6 hours before ICU admission. Classical
preadmission immortal-time bias is largely mitigated by the
cohort’s inclusion criterion requiring ICU length of stay =48
hours; this additional analysis therefore specifically probes
whether biomarker values obtained substantially before ICU
admission—and thus potentially unrepresentative of ICU
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misclassification into the exposure definition. This sensitivity
analysis complements the 48-hour exclusion criterion by
addressing a distinct bias mechanism. The exclusion produced
no material changein discriminative performance (AAUC<0.01
for both outcomes), confirming that differential measurement
timing does not substantively affect the results.

Machine L earning M odeling

The cohort (N=3637) was divided into atraining set (n=2545,
70%) and ashared held-out test set (n=1092, 30%) usingasingle
stratified random split (seed 42, stratified on 28-day ICU
mortality) to preserve class balance; as dratification was
performed on ICU rather than hospital mortality, the test-set
hospital mortality prevalence (197/1092, 18%) differsmarginaly
from the overall cohort prevalence (666/3637, 18.3%). The
same held-out test set was used for the evaluation of both ICU
and hospital mortality models. KNN imputation (k=5) and
standard scaling of continuous features were fitted exclusively
on the training set and applied to the held-out test set without
refitting, preventing data leakage. Synthetic Minority
Oversampling Technique (SMOTE) oversampling was applied
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exclusively within the training partition and was not applied to
the held-out test set in any form; all performance metrics were
evaluated on the natural, unbal anced held-out test set (n=1092).
Binary categorical variables (diabetes, hepatic failure,
immunosuppression, lymphoma, metastatic cancer, leukemia,
AIDS, and sex) were excluded from standard scaling to ensure
correct discrete representation in SHAP analyses. For LR,
featureimportance was assessed using the mean absolute SHAP
value. SHAP valueswere computed using the same preprocessed
feature representations as used for model training. As SHAP
valuesreflect each feature’ smarginal contribution to the model
output—independently of the absolute measurement scale of
the input features—this approach allows direct comparison of
feature importance across both standardized continuous and
binary variable typeswithout requiring additional normalization.
The same metric—mean absolute SHAP value—was applied
consistently to models to ensure comparability of feature
importance rankings. Noninterpretable V-code metadata fields
were excluded (AAUC<0.005).

A total of 9 supervised classifiers were trained: random forest
(RF), extreme gradient boosting (XGBoost), LightGBM, GBDT,
LR, support vector machine (SVM), KNN, decision tree, and
adaptive boosting (AdaBoost). Hyperparameters were tuned
using 5-fold cross-validation within the training set only. For
the machine learning LR model specificaly, L2 (ridge)
regularization was applied; the inverse regularization strength
(C) was selected via grid search over (0.001, 0.01, 0.1, 1, 10,
100) using 5-fold cross-validation on the training set. All 3
correlated features (LAR, lactate, and albumin) were retained
inthe machinelearning feature set; the L 2 pendlty jointly shrinks
collinear coefficient estimates and yields stable predictions
despite their algebraic dependence, which is distinct from the
collinearity problem in unpenalized multivariable LR, where
simultaneous inclusion of all 3 variables would preclude valid
coefficient identification. All performance metrics reported
(AUC, precision-recall AUC (PR-AUC), Brier score,
positive-class F1-score, sensitivity, and specificity) reflect
evaluation on the held-out test set exclusively. SHAP bar plots
display the top 10 individual features with no aggregated
residual bar, and binary categorical variables are rendered with
2 discrete color values (high or low) rather than a continuous
color gradient.

For external validation, adult patients with sepsiswere extracted
from the Medical Information Mart for Intensive Care 1V
(MIMIC-1V; v2.2) applying the same inclusion and exclusion
criteriaasthe el CU-CRD cohort, including the requirement for
ICU length of stay =48 hours. Sepsiswasidentified using ICD-9
codes (995.91, 995.92, and 785.52) and ICD-10 codes (A40.x
and A41.x), supplemented by infection-related admission
diagnoses. In MIMIC-1V, where the structured APACHE 1V
admission-diagnosisfield availablein el CU-CRD isnot present,
infection-related admission diagnoses were ascertained
exclusively through ICD billing codes in the diagnoses icd
table, without supplementary structured admission-diagnosis
classification. The 18 clinical features shared between the 2
databases were extracted and preprocessed identically to the
€l CU-CRD cohort. Continuous variables were scaled using the
StandardScaler fitted exclusively on the elCU-CRD training

https://medinform.jmir.org/2026/1/e82230
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partition and applied directly to MIMIC-1V data without
refitting, preventing information leakage from the validation
set. Of note, APACHE IV score—the dominant predictor in all
el CU-trained models—is not a native variable in MIMIC-IV
and was not among the 18 shared features.

The 18 shared clinical features comprised vital signs (heart rate,
respiratory rate, MAP, and temperature), laboratory values
(lactate, albumin, LAR, WBC, creatinine, blood urea nitrogen,
hematocrit, and bilirubin), organ dysfunction scores (SOFA and
GCS), and clinical indicators (vasopressor use, urine output,
platelet count, and RDW). In MIMIC-IV, APACHE IV was
structurally absent for al patients. When applied to a wholly
absent column, the KNNImputer fitted on the elCU-CRD
training partition computed interpatient distances using the 17
remaining shared features and imputed each patient’sAPACHE
IV as the mean of its k=5 nearest neighbors’ values from the
training set. Because the MIMIC-IV sepsis cohort occupies a
broadly similar region of the 17-feature covariate space as the
el CU training patients, the resulting nearest-neighbor APACHE
IV means were tightly clustered around the conditional
training-set mean, effectively assigning anear-constant severity
estimate across al MIMIC-IV patients and substantially
suppressing the discriminative contribution of APACHE 1V in
the external validation setting. The discriminative contribution
of APACHE |V in the external validation setting was therefore
substantially attenuated, and model discrimination relied
predominantly on the remaining shared clinical features. Models
were deployed without recalibration.

Ethical Consider ations

This study used datafrom the el CU-CRD, which was approved
by the PhysioNet Review Board (data use agreement record
number 66014966). The database complieswith HIPAA (Health
Insurance Portability and Accountability Act) Safe Harbor
provisions. Asthiswas aretrospective analysis of adeidentified
publicly available database, individual informed consent was
waived; local ethics committee approval was also waived in
accordance with institutional guidelines. The researcher (Y X)
completed the required data access training certification
(certificate number 66014966). The use of MIMIC-IV for
external validation was approved by the Institutional Review
Boards of Beth Israel Deaconess Medical Center (protocol
number 2001-P-001699/14) and the Massachusetts Institute of
Technology (number 0403000206). The requirement for
individual informed consent was waived dueto the retrospective
nature of the analysis. Patient data were deidentified prior to
access. All study procedureswere conducted in accordance with
the Declaration of Helsinki.

Results

Characteristics of the Study Population

Among the 3637 critically ill patients with sepsis included,
28-day hospital mortality was 18.3% (666/3637) and 28-day
ICU mortality was 11.4% (415/3637). Elevated lactate was
significantly associated with higher APACHE 1V scores (mean
73.84, SD 23.82 to mean 96.44, SD 29.13; P<.001), higher
respiratory rate, and higher heart rate (al P<.001). LAR
demonstrated broader prognostic utility, additionally reflecting
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hemodynamic instability through blood pressure alterations 13.5% to 29.2% across lactate groups (P<.001), suggesting
(P=.05) and nutritional statusthrough BMI correlation (P=.008).  broader prognostic separation. Detailed baseline characteristics
Notably, 28-day hospital mortality increased more steeply across ~ are presented in Table 1.

LARtertiles—from 11.2% to 28.5% (P<.001)—compared with

https://medinform.jmir.org/2026/1/e82230 JMIR Med Inform 2026 | vol. 14 | 82230 | p. 8

(page number not for citation purposes)

RenderX


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS

Wang et al

Table 1. Baseline characteristics of the study population. P values were calculated using ANOVA for continuous variables and chi-square tests for

categorical variables. LAR?tertiles: T1<0.59, T2=0.59-1.14, T3>1.14.

Variable L actate groups Pvaue LARgroups P value
Low (<2 Middle (22to  High (24 Low (T2) Middle (T2)  High (T3)
mmol/L) <4 mmol/L)  mmol/L) (n=1212) (n=1213) (n=1212)
(n=1860) (n=1167) (n=610)
Demographics
Age (years), mean (SD)  64.65(15.13) 66.45(15.27) 64.48 (15.8) .003 64.22 (15.42) 66.31(15.03) 65.06(15.41) .003
Sex (male), n (%) 936 (50.3%) 608 (52.1%) 309 (50.7%) .61 589 (48.6%) 645(53.2%) 618 (51.0%) .08
BMI (kg/m?), mean (SD) 2931 (883)  20.19(956)  28.41(8.87) .10 2068 (8.81) 20.15(9.02) 2853(9.37) .008
Ethnicity, n (%) .03 .007
White 1501 (80.7%) 928 (79.5%) 462 (75.7%) 976 (80.5%) 998 (82.3%) 918 (75.7%)
African American 167 (9.0%)  111(95%) 65 (10.7%) 116 (9.6%) 90 (7.4%) 137 (11.3%)
Hispanic 102 (55%) 64 (5.5%) 37 (6.1%) 70 (5.8%) 62 (5.1%) 72 (5.9%)
Asian 45 (2.4%) 30 (2.6%) 27 (4.4%) 27 (2.2%) 32 (2.6%) 44 (3.6%)

Vital signs, mean (SD)
Heart rate (beats/min) 112.07(28.33) 118.1(27.86) 123.92(27.16)

Respiratory rate 29.49 (14.86) 31.31(13.86) 32.43(13.95)

(breaths/min)

Mean blood pressure (mm  77.52 (44.65) 76.28 (44.52) 76.18 (48.05)

Hg)

Laboratory values, mean (SD)

Platelets (x10%/L) 208.44(112.9) 193.47 169.79 (119.51)
(114.112)

RDWP (%) 16.03(2.56) 16.09 (2.66) 16.6(2.9)

WBCE (x10°/L) 1566 (11.7)  16.95(10.89) 17.2(13.85)

Lactate (mmol/L) 1.23(0.41) 2.74 (0.56) 6.75 (2.95)

LAR (mmol/L per g/dL) 054 (0.25) 1.2 (0.45) 3.06 (1.76)
Disease severity scores

APACHE Ve score, mean  73.84(23.82) 8168 (25.75)  96.4 (29.13)

(SD)

SOFA score, mean (SD)  493(289)  554(296)  7.36(34)
GCS¥ score, median (IQR) 14 (10-15) 14 (9-15) 12 (8-15)
Comorbidities, n (%)

Diabetes 426 (22.9%) 308 (26.4%) 164 (26.9%)
Hepatic failure 35 (1.9%) 26 (2.2%) 35 (5.7%)
Immunosuppression 141 (7.6%) 107 (9.2%) 62 (10.2%)

QOutcomes, n (%)
28-day ICUN mortality ~ 153(8:2%) 139 (11.9%)  125(20.5%)

28-day hospital mortality 251 (13.5%) 237 (20.3%) 178 (29.2%)

<001  110.22(28.43)
<001  28.93(15.01)

.70 79.27 (45.06)
<001 21059
(108.37)

<.001 15.87 (2.48)
.002 14.64 (9.42)
<.001 d

<001  0.39(0.12)

<001  70.84 (23.00)

<001  5.00(3.00)

<001 14 (11-15)

04 287 (23.7%)
<001 15 (1.2%)
.09 90 (7.4%)

<001  81(6.7%)

<.001 136 (11.2%)

115.69(28.74) 122.03(2656) <.001
30.74 (14.39) 32.01(13.73) <.001

76.69 (44.85) 74.74(4558) .05

201.16 179.81 <.001
(111.17) (123.49)

16.02(256) 16.54(2.87)  <.001

16.91 (12.74) 17.44(12.90) <.001

0.82(0.16)  229(149) <001

77.72(24.44) 91.81(27.87) <.001

6.30(3.30) 850(390)  <.001

14(10-15) 12 (7-15) <.001

303(25.0%) 308 (25.4%) .59
30 (2.5%) 53 (4.4%) <.001
103(85%)  124(10.2%) .06

112 (92%)  223(184%) <.001

184 (15.2%) 345(285%) <.001

3_AR: lactate-to-albumin ratio.

PRDW: red cell distribution widith.

“WBC: white blood cell.

dNot applicable/Not available.

CAPACHE IV: Acute Physiology and Chronic Health Evaluation IV.
fSoFA: Sequential Organ Failure Assessment.
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9GCS: Glasgow Coma Scale.
PICE: intensive care unit.

Subgroup Analysis

Cox proportional-hazards regression revealed that LAR
consistently demonstrated higher HRs than lactate across all
clinical subgroups examined (Table 2). Among patients with
fever (temperature >37.2 °C), LAR showed the highest
predictive value for 28-day ICU mortality (HR 1.71, 95% ClI
1.46-2.01; P<.001), compared to lactate (HR 1.29, 95% CI
1.19-1.39; P<.001). For patients with liver disease, LAR
predicted 28-day ICU mortality (HR 1.91, 95% CI 1.29-2.82;
P=.001) substantially more strongly than lactate (HR 1.28, 95%
Cl 1.10-1.49; P=.002).

Formal interaction testing identified a nominal APACHE IV x
LAR interaction for 28-day hospital mortality (P for

https://medinform.jmir.org/2026/1/e82230

Wang et al

interaction=.02). The nominally significant interaction term
indicates that the prognostic effect of LAR was significantly
stronger in patients with lower APACHE 1V scores (<70; HR
1.77, 95% Cl 1.42-2.20; P<.001) than in higher-severity
patients—a finding of within-biomarker effect modification
that requires prospective confirmation. For reference, lactate
HR in the same subgroup was 1.17 (95% Cl 1.05-1.31; P=.005);
however, this comparison across biomarkersis descriptive only
and does not congtitute a formal test of between-biomarker
superiority. No other subgroup interactions were statistically
significant (all P for interaction>.05), confirming the broad
consistency of LAR’s prognostic utility. Complete subgroup
results, including all P values for interaction, are presented in
Table 2.
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Table 2. Subgroup analysis of lactate and LAR® for 28-day mortality. P for interaction is shown in the first row of each subgroup and applies to all
levelswithin that subgroup. Results are from multivariable Cox proportional -hazards regression with 28-day administrative censoring, adjusted for age,
sex, ethnicity, BMI, body temperature, respiratory rate, heart rate, mean arterial pressure, platelet count, red cell distribution width, white blood cell

count, GCSP, SOFA®, APACHE 1V, and comorbidities.

Subgroup Lactate: 28- Pval- Lactate: 28- Pval- LAR:28-day Pva- LAR:28-day Pva- Pforinterac- Pforinterac-
day ICU® ue day hospital ue ICU mortdi- ue hospital mor- ue tion (LAR x tion (LAR x
mortality, mortality, ty, HR (95% tality, HR subgroup subgroup

0, 0, i
HR' (95% cH:S (95% Cl) (95% CI) hospital) ICU)
Cl)
Sex 42 .63
Mae 113(1.07- <001 112(1.07- <001 137(1.24- <001 141(1.28 <.001
1.18) 1.17) 1.51) 1.55)
Female 118(1.13- <001 118(1.13- <001 135(1.24- <001 143(1.31- <.001
1.24) 1.24) 1.48) 1.56)
Age (years) 48 .63
<64 118(1.12- <001 1.18(1.13- <001 139(1.25- <001 148(1.33- <.001
1.25) 1.25) 1.55) 1.65)
65-74 113(1.07- <001 1.14(1.08- <001 134(1.19- <001 144(1.27- <.001
1.20) 1.21) 1.52) 1.62)
275 116 (1.09- <001 1.14(1.08- <001 137(1.22- <001 138(1.23- <.001
1.24) 1.21) 1.55) 1.55)
Temperature (°C) .26 .38
<36.4 112 (1.07- <001 112(1.07- <001 126(1.15 <001 1.30(1.20- <.001
1.17) 1.16) 1.37) 1.42)
36.5-37.1 1.09 (1.00- .04 112 (1.04- 002 128(1.10- .001  1.33(1.16- <.001
1.19) 1.20) 1.48) 1.52)
237.2 129(1.19- <001 126(1.17- <001 171(146- <001 1.73(1.49- <.001
1.39) 1.35) 2.01) 2.00)
GCS score .78 .59
3-8 112(1.04- .004 111(1.03- .006 1.30(1L12- <001 1.32(1.15 <.001
1.21) 1.19) 1.51) 1.52)
9-12 114(1.05- .001 1.12(1.04- .002 1.33(1.15- <.001 1.35(1.18- <.001
1.23) 1.20) 1.54) 1.55)
13-15 117 (1.11- <001 1.16(1.11- <001 1.39(1.26- <001 145(1.32- <.001
1.23) 1.22) 1.54) 1.60)
SOFA score 51 .74
0-4 113(1.06- <001 115(1.09- <001 132(115 <001 145(1.27- <.001
1.21) 1.22) 1.52) 1.65)
5-9 114(1.08- <001 113(1.08- <001 135(1.22- <001 1.38(1.25 <.001
1.21) 1.19) 1.50) 1.52)
210 119(1.08- <001 116(1.06- .001  146(1.22- <001 147(1.24- <.001
1.31) 1.26) 1.75) 1.74)
APACHE IV tertile 029 .18
Low (<70) 1.14(0.98- .08 117(1.05- .005 142(1.07- .02 177 (1.42- <.001
1.32) 1.31) 1.88) 2.20)
Middle(71-85) 1.10(1.03- .006  1.08(1.01- .02 126(1.10- .001  1.22(1.07- .002
1.18) 1.15) 1.45) 1.38)
High (=86) 110(1.06- <001 110(1.06- <001 122(1.13- <.001 1.26(1.16- <.001
1.15) 1.14) 1.33) 1.36)
Liver disease A4 13
No 114 (1.10- <001 114(111- <001 1.33(1.24- <001 1.39(1.30- <.001
1.18) 1.18) 1.42) 1.49)
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Subgroup Lactate: 28- Pva- Lactate: 28- Pva- LAR:28day Pval- LAR:28-day Pva- Pforinterac- Pforinterac-
day ICU® ue day hospital ue ICU mortdi- ue hospital mor- ue tion (LAR x tion (LAR x
mortality, mortality, ty, HR (95% taity, HR subgroup subgroup
0, 0, i
R (95% I(—|:||§ (95% Cl) (95% Cl) hospital) ICU)
Cl)
Yes 1.28(1.10- .002 1.28(1.10- .002  1.91(1.29- .001 1.96(1.32- <.001
1.49) 1.50) 2.82) 2.91)
Immunosuppression 77 .65
No 115(1.11- <.001 115(1.12- <.001 1.39(1.29- <.001 145(1.34- <.001
1.19) 1.19) 1.51) 1.56)
Yes 1.18(1.02- .02 114 (1.00- .05 126(1.10- <.001 1.36(1.20- <.001
1.37) 1.30) 1.45) 1.54)

3_AR: lactate-to-albumin ratio.

bGes: Glasgow Coma Scale.

CSOFA: Sequential Organ Failure Assessment.

dAPACHE IV: Acute Physiology and Chronic Health Evaluation IV.
€|CU: intensive care unit.

"HR: hazards ratio.

INominally statistically significant interaction (P=.02): the prognostic effect of LAR was significantly stronger in the low APACHE IV subgroup
(score<70) than in higher-severity patients, representing within-biomarker effect modification.

Multivariate Regression Analysis

Lactate-stratified LR analysis (Table 3) revealed that LAR and
albumin were consistently associated with 28-day mortality
acrossal subgroups, with the most pronounced effects observed
in patientswith lactate <2 mmol/L. In thislow-lactate subgroup,
LAR demonstrated the highest predictive value (28-day ICU
mortality: OR 2.89, 95% Cl 1.58-5.30; P<.001 and 28-day
hospital mortality: OR 4.29, 95% CI 2.60-7.06; P<.001), while
albumin showed a pronounced protective effect (28-day ICU
mortality: OR 0.57, 95% Cl 0.42-0.76; P<.001). Notably, lactate
itself was not independently associated with mortality in this
subgroup after full adjustment (P>.05). For the intermediate
lactate group (2 to <4 mmol/L), the effect of LAR remained

https://medinform.jmir.org/2026/1/e82230

significant but attenuated (28-day hospital mortality: OR 2.56,
95% CI 1.86-3.51; P<.001). In the high-lactate group (=4
mmol/L), LAR and albumin remained independently associated
with 28-day hospital mortality after full adjustment (LAR: OR
1.18, 95% Cl 1.07-1.31; P=.002). Lactate did not reach stetistical
significance after adjustment for all covariatesin this subgroup
(OR 1.04, 95% CI 0.97-1.11; P=.26), suggesting that its
prognostic contribution in the high-lactate range is largely
captured by the composite LAR and other severity markers.
These findings confirm that LAR and hypoal buminemia serve
as robust prognostic indicators across the full lactate severity
spectrum, whereas lactate's independent predictive utility is
most evident at higher concentrations.
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Table 3. Multivariate regression analysis of lactate and LAR?for predicting 28-day ICU® and hospital mortality. LAR (mmol/L per g/dL), lactate, and
albumin were entered as exposures in 3 separate multivariable logistic regression models within each lactate stratum, each including only 1 exposure
variable aongside the same covariate adjustment set, to avoid mathematical collinearity arising from the algebraic dependence of LAR on lactate and
albumin. Model 1: unadjusted. Model 2: adjusted for age, sex, ethnicity, BMI, body temperature, respiratory rate, heart rate, mean arterial pressure,
platelet count, red cell distribution width, white blood cell count, Glasgow Coma Scale score, Sequential Organ Failure Assessment score, Acute
Physiology and Chronic Health Evaluation 1V score, and comorbidities (AIDS, hepatic failure, lymphoma, metastatic cancer, leukemia, immunosuppression,

and diabetes).
Exposure Model 1 (unadjusted), ORC (95% CI) Pvalue  Model 2 (adjusted), OR (95% CI) P value
28-day ICU mortality
Lactate group (<2 mmol/L)
LAR 2.85 (1.59-5.12) <.001 2.89 (1.58-5.30) <.001
Albumin (g/dL) 0.60 (0.45-0.79) <.001 0.57 (0.42-0.76) <.001
Lactate (mmol/L) 1.42 (0.94-2.14) 10 1.31 (0.86-1.99) 20
L actate group (2 to <4 mmol/L)
LAR 1.93 (1.37-2.72) <.001 2.00 (1.41-2.86) <.001
Albumin (g/dL) 0.60 (0.44-0.81) <.001 0.57 (0.42-0.78) <.001
Lactate (mmol/L) 1.36 (1.00-1.86) .05 1.33(0.97-1.82) .08
Lactate group (=4 mmol/L)
LAR 1.18 (1.07-1.30) .001 1.18 (1.06-1.30) .002
Albumin (g/dL) 0.69 (0.50-0.95) .02 0.72 (0.52-1.00) .05
Lactate (mmol/L) 1.07 (1.01-1.14) .03 1.07 (1.00-1.14) .04
Total (al patients)
LAR 1.25(1.13-1.38) <.001 1.26 (1.14-1.39) <.001
Albumin (g/dL) 0.62 (0.52-0.74) <.001 0.61 (0.51-0.73) <.001
Lactate (mmol/L) 1.09 (1.02-1.15) .005 1.09 (1.03-1.16) .005
28-day hospital mortality
L actate group (<2 mmol/L)
LAR 4.00 (2.48-6.46) <.001 4.29 (2.60-7.06) <.001
Albumin (g/dL) 0.54 (0.43-0.68) <.001 0.50 (0.39-0.63) <.001
Lactate (mmol/L) 1.47 (1.06-2.05) .02 1.33(0.95-1.86) .10
Lactate group (2 to <4 mmol/L)
LAR 2.38(1.76-3.22) <.001 2.56 (1.86-3.51) <.001
Albumin (g/dL) 0.51 (0.40-0.65) <.001 0.48 (0.37-0.62) <.001
Lactate (mmol/L) 1.39(1.08-1.79) 01 1.35(1.04-1.75) .02
L actate group (=4 mmol/L)
LAR 1.25(1.13-1.38) <.001 1.18(1.07-1.31) .002
Albumin (g/dL) 0.50 (0.38-0.68) <.001 0.51 (0.38-0.69) <.001
Lactate (mmol/L) 1.08 (1.02-1.14) .008 1.04(0.97-1.11) 26
Totd (all patients)
LAR 1.40 (1.26-1.54) <.001 1.43(1.29-1.59) <.001
Albumin (g/dL) 0.52 (0.45-0.60) <.001 0.50 (0.43-0.58) <.001
Lactate (mmol/L) 1.10(1.04-1.16) .001 1.11(1.05-1.17) <.001

3_AR: |actate-to-albumin ratio.
biCU: intensive care unit.
YOR: odds ratio.
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Stand-Alone Predictive Performanceand Formal AUC
Comparison

As stand-alone predictors of 28-day hospita mortality,
APACHE 1V score demonstrated the highest discrimination
(AUC 0.683, 95% CI 0.661-0.705), followed by LAR (AUC
0.646, 95% CI 0.623-0.670), SOFA score (AUC 0.622, 95%
Cl 0.598-0.645), lactate (AUC 0.617, 95% CI 0.593-0.641),
and GCS score (AUC 0.564, 95% CI 0.540-0.587). Consistent
ordering was observed for ICU mortality.

Del ong test for correlated ROC curvesformally confirmed that
LAR has datistically significantly higher discriminative
performance than lactate for both outcomes: 28-day hospital
mortality (AUC, pg=0.646 vs AUC, 44:=0.617; Z=6.37; P<.001;
AAUC=0.029) and 28-day ICU mortality (AUC, ,g=0.642 vs
AUC, 4=0.621; Z=3.71; P<.001; AAUC=0.021). Although
the absolute AUC differences are modest—as expected given
that LAR isalgebraically derived from lactate—their statistical
robustness across both outcome definitions in 3637 patients
provides forma evidence that LAR captures prognostic
information beyond lactate alone, likely reflecting the
independent contribution of hypoabuminemia as a marker of
systemic inflammation, capillary leak, and nutritional reserve.

Wang et al

Threshold Effect Analysis

Piecewise Cox regression identified distinct threshold effects
for both biomarkers (Table 4). For lactate, break points were
identified at 5.1 mmol/L for ICU mortality and 5.6 mmol/L for
hospital mortality. Below these thresholds, lactate was
significantly associated with increased mortality risk (28-day
ICU mortality below break point: HR 1.28, 95% CI 1.18-1.38;
P<.001); above the thresholds, the associations became
nonsignificant (above break point: HR 1.04, 95% CI 0.97-1.11,
P=.24).

In contrast, LAR exhibited more robust and consistent threshold
effects. Break points were observed at 1.86 for ICU mortality
and 1.67 for hospital mortality. Crucially, the LAR—mortality
association remained statistically significant both below (28-day
hospital mortality: HR 2.24, 95% CI 1.84-2.74; P<.001) and
above (HR 1.16, 95% CI 1.06-1.27; P<.001) these thresholds,
indicating greater prognostic consistency acrossthefull clinical
spectrum. Bootstrap resampling (500 iterations, fully adjusted
Cox model) confirmed threshold stability: the LAR bootstrap
medians were 1.86 (95% CI 1.55-2.15) for ICU mortality and
1.66 (95% CI 1.45-2.05) for hospital mortality, in near-perfect
agreement with the primary estimates. Bootstrap threshold
stability plots are presented in Multimedia Appendix 1.

Table 4. Threshold effect analysis of lactate and LAR? on 28-day ICUP and hospital mortality. Results from multivariable Cox proportional-hazards

regression with 28-day administrative censoring. “Linear” = overall linear HR® from Cox regression. “Threshold” refers to piecewise Cox regression
with identified break point. Bootstrap analysis (500 resamples) used the same fully adjusted model specification as the primary analysis.

QOutcome Linear Threshold, HR (95% CI)

Overall HR (95% Cl)

Break point (K) Below K

Bootstrap (500 resam-
ples)

Above K Effect Difference Median K (95% ClI)

Lactate28-day ICU 1 14 (1.10—1.18)d 5.1 mmol/L 1.28 (1.18- 104(097-111) g1 (0.72_0.92)!1 5.1 (4.3-5.5) mmol/L
mortality 1.38)¢

Lactate—28—day hospi- 1.13 (1.10_1'17)(j 5.6 mmol/L 1.25 (1.17- 103 (0.97-1.10) 0.82 (0.74_0.92)d 51 (4.5—5.6) mmol/L
tal mortality 1.34)

LAR-28-day ICU 133 (1.24-143) 1.86 2.09 (1.69- 1.13(1.02- 054 (041-077)0 186 (155-2.15)
mortality 2.58) 1.25)°

LAR—28—day hospital 1.38 (1.29_1_47)d 1.67 2.24 (1.84- 1.16 (1.06- 0.52 (0.40-0.66)d 1.66 (1.45-2.05)
mortality 2_74)d 1_27)d

3_AR: lactate-to-albumin ratio.
biCU: intensive care unit.

°HR: hazard ratio.

dp<.001.

€p=.02.

Smooth Curve Analysis

Restricted cubic spline analyses (Figures 2 and 3) demonstrated
nonlinear relationships for both biomarkers. For lactate, the
steepest mortality gradient was observed within the 0-5 mmol/L
range, with a plateau and widening Cls above 5 mmol/L,
suggesting decreasing predictive reliability at extreme values.
For LAR, mortality risk increased steadily acrossthe 0-5 range,
plateauing between 5 and 7, with predictive reliability extending
to values of 10. These divergent patterns support a
complementary clinical role: lactate as an acute-phase

https://medinform.jmir.org/2026/1/e82230

monitoring tool (most reliable at concentrations 0-5 mmol/L)
and LAR as a sustained prognostic instrument across the full
sepsis trgjectory.

Machine L earning—Based 28-Day | CU Mortality
Prediction

Among 9 machine learning models evaluated on the held-out
test set (n=1092; outcome prevalence: 125/1092, 11.4%), LR
and RF achieved the joint-highest AUC (0.727 and 0.726,
respectively), followed by GBDT (0.725) and LightGBM
(0.724). LightGBM demonstrated the best probability caibration
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with the lowest Brier score (0.096), the only model below the
null Brier of 0.101 at the natural test-set prevalence of 11.4%
(125/1092); GBDT achieved the highest PR-AUC among all 9
models on the natural held-out test set (0.293). Full performance
metrics are presented in Table 5 and ROC curves in Figure 4,
calibration curves in Multimedia Appendix 2, and DCA in
Multimedia Appendix 3. DCA demonstrated net clinical benefit
for the machine learning models over treat-all and treat-none
reference strategies across clinically relevant threshold
probabilities, supporting their potential utility for individualized
risk-stratified decision-making in ICU sepsis management.

Wang et al

SHAP analyses across the 4 presented models (Figures 5A-D)
consistently identified APACHE IV score as the dominant
predictor of 28-day ICU mortality. LAR featured among the
top 10 predictive featuresin the RF model (rank 4), whileit fell
outside the top 10 in the GBDT, LR, and LightGBM models.
Thisvariation acrossmodel architecturesis consistent with LAR
serving as a complementary rather than dominant predictor in
the machine learning framework. Beeswarm plots illustrating
the direction and magnitude of individual SHAP contributions
for each model are provided in Multimedia Appendices 4-7.

Table5. Machine learning model performance—28-day |CU? mortality prediction. F1-score (positive class), sensitivity, and specificity were evaluated

at the per-model Youden J threshold (the probability cut-point maximizing sensitivity + specificity — 1) on the held-out test set. AUCb, PR-AUCS, and
Brier score are threshold-free and constitute the primary performance metrics; threshol d-dependent metrics are reported for descriptive purposes only.

F1: sklearn f1_score(pos_|label=1, average="binary").

Model AUC (95% CI) PR-AUC (95% ClI) Brier Fi-score  Sensitivity Specificity
LRY 0.727 (0.679-0.776) 0.290 (0.223-0.370) 0.215 0.321 0.752 0.622
RF® 0.726 (0.684-0.772) 0.229 (0.180-0.294) 0.108 0.303  0.768 0.573
GBDT 0.725 (0.681-0.771) 0.293 (0.217-0.375) 0103 0297 0.784 0548
LightGBMY  0.724 (0.675-0.776) 0.265 (0.208-0.343) 0096 0343  0.656 0.720
XGBoogt 0.712 (0.666-0.759) 0.247 (0.189-0.316) 0.103 0.318 0.592 0.725
AdaBoost! 0.709 (0.663-0.752) 0.245 (0.186-0.314) 0.218 0.312 0.672 0.660
VMK 0.661 (0.609-0.711) 0.191 (0.147-0.250) 0.128 029 0504 0.754
KNN' 0.638 (0.593-0.690) 0.282 (0.225-0.339) 0.292 0.263  0.608 0.610
DTM 0.549 (0.508-0.593) 0.258 (0.193-0.319) 0.224 0.207 0.256 0.843

8 CU: intensive care unit.

BAUC: areaunder the receiver operating characteristic curve.
°PR-AUC: precision-recall AUC.

IR logistic regression.

€RF: random forest.

fGBDT: gradient-boosting decision tree.

9LightGBM: Light Gradient Boosting Machine.

hOnly model with Brier score below the null Brier of 0.101 at the natural test-set prevalence of 11.4%.

X GBoost: extreme gradient boosting.
IAdaBoost: adaptive boosting.

ksvM: support vector machine.
IKNN: k-nearest nei ghbors.

MDT: decision tree.
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Figure 4. Receiver operating characteristic curves for the 9 machine learning models predicting 28-day intensive care unit mortality among adult
patients with sepsis (retrospective cohort study, el CU Collaborative Research Database, n=3637; United States, 2014-2015; held-out test set: n=1092;
outcome prevalence: 125/1092, 11.4%). Dashed diagonal line: random classifier (area under the receiver operating characteristic curve [AUC]=0.50).
AdaBoost: adaptive boosting; DT: decision tree; GBDT: gradient-boosting decision tree; KNN: k-nearest neighbors; LightGBM: Light Gradient Boosting
Machine; LR: logistic regression; RF: random forest; SVM: support vector machine; X GBoost: extreme gradient boosting.

1.0 A

0.8 1

0.6

0.4 1

—— LR (AUC=0.73)
— RF (AUC=0.73)
—— GBDT (AUC=0.72)

True positive rate (sensitivity)

+ LightGBM (AUC=0.72)
© XGBoost (AUC=0.71)
AdaBoost (AUC=0.71)
SVM (AUC=0.66)
KNN (AUC=0.64)
—— DT (AUC=0.55)
---- Random (AUC=0.50)

0.2 1

0.0 0.2 0.4 0.6 0.8 1.0
False positive rate (1 — specificity)

https://medinform.jmir.org/2026/1/e82230 JMIR Med Inform 2026 | vol. 14 | e82230 | p. 16

(page number not for citation purposes)
XSL-FO

RenderX


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS

Wang et a

Figure 5. Shapley additive explanations (SHAP) global feature importance for 28-day intensive care unit mortality prediction among adult patients
with sepsis (retrospective cohort study, elCU Collaborative Research Database, n=3637; United States, 2014-2015). Top 10 features shown for: (A)
random forest (RF), (B) gradient-boosting decision tree (GBDT), (C) logistic regression (LR), and (D) Light Gradient Boosting Machine (LightGBM).
Feature importance is expressed as the mean absolute SHAP value. Higher values indicate greater overall contribution to model predictions. Exact
values are labeled on each bar. No aggregated residual bar is included. APACHE 1V: Acute Physiology and Chronic Health Evaluation 1V; GCS:

Glasgow Coma Scale; SOFA: Sequential Organ Failure Assessment.
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Machine L earning—Based 28-Day Hospital Mortality
Prediction

Onthe held-out test set for hospital mortality (n=1092; outcome
prevalence: 197/1092, 18%), LR achieved the highest AUC
(0.699), followed by RF (0.691) and LightGBM (0.688).
LightGBM demonstrated the best probability calibration with
the lowest Brier score (0.146), the only model below the null
Brier of 0.148 at the natural hospital mortality prevalence of
18% (197/1092). Full performance metrics are presented in
Table 6 and ROC curves in Figure 6, calibration curves in
Multimedia Appendix 8, and DCA in Multimedia Appendix 9.
DCA indicated that the machine learning models provided net
clinical benefit over treat-all and treat-none reference strategies
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at threshold probabilities of clinical relevance, suggesting their
potential value in identifying patients with sepsis at elevated
risk of hospital mortality who may warrant closer monitoring
or timely escalation of care. In the SHAP-based feature
importance analysis for hospital mortality (Figures 7A-D),
APACHE IV scorewas consistently the leading predictor across
all 4 models. LAR wasidentified in the top 10 features for RF
(rank 4), LR (rank 7), and LightGBM (rank 8) but was absent
from the GBDT top 10, indicating variable prominence across
model architectures consistent with LAR serving as a
complementary predictor. Corresponding beeswarm plots for
the hospital mortality models are provided in Multimedia
Appendices 10-13.
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Table 6. Machine learning model performance—28-day hospital mortality prediction. F1-score (positive class), sensitivity, and specificity were
evaluated at the per-model Youden J threshold (the probability cut-point maximizing sensitivity + specificity — 1) on the held-out test set. AUC?

PR-AUCP, and Brier score are threshol d-free and constitute the primary performance metrics; threshold-dependent metrics are reported for descriptive
purposesonly. F1: sklearnf1_score(pos_|label=1, average="binary"). Performance evaluated on the shared natural held-out test set (30%, n=1092; 28-day
hospital mortality prevalence 197/1092, 18%; null Brier=0.148).

Model AUC (95% Cl) PR-AUC (95% Cl) Brier Fi-score  Sensitivity Specificity
LRC 0.699 (0.660-0.739) 0.334(0.275-0.402) 0.220 0.406 0.701 0.615
RF 0.691 (0.651-0.731) 0.294 (0.248-0.349) 0.152 0.391 0.751 0.539
LightGBM® 0.688 (0.649-0.727) 0.344 (0.288-0.405) 0.146 0.386 0.665 0.609
AdaBoost? 0.680 (0.639-0.722) 0.315 (0.260-0.380) 0.226 0.393 0.751 0.544
GBDT 0.673 (0.634-0.713) 0.309 (0.256-0.372) 0.151 0.375 0.711 0.542
X GBoost 0.660 (0.617-0.702) 0.303 (0.246-0.364) 0.159 0.374 0.624 0.623
svmi 0.632 (0.587-0.672) 0.263 (0.219-0.320) 0.191 0.372 0574 0.667
KNNK 0.592 (0.550-0.640) 0.324(0.277-0.372) 0.326 0.317 0.437 0.709
DT 0.551 (0.515-0.588) 0.341 (0.287-0.393) 0.295 0.275 0.310 0.792

8AUC: area under the receiver operating characteristic curve.
bPR-AUC: precision-recall AUC.
°LR: logistic regression.

4RF: random forest.

€LightGBM: Light Gradient Boosting Machine.

fOnly mode! with Brier score below the null Brier of 0.148 at the natural test-set prevalence of 18% (197/1092).
9AdaBoost: adaptive boosting.

hGBDT: gradient-boosting decision tree.
IX GBoost: extreme gradient boosting.
Isvm: support vector machine.

KK NIN: k-nearest nei ghbors.

IDT: decision tree.
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Figure 6. Receiver operating characteristic curves for the 9 machine learning models predicting 28-day hospital mortality among adult patients with
sepsis (retrospective cohort study, elCU Collaborative Research Database, n=3637; United States, 2014-2015; held-out test set: n=1092; outcome
prevalence: 197/1092, 18%). AdaBoost: adaptive boosting; DT: decision tree; GBDT: gradient-boosting decision tree; KNN: k-nearest neighbors;
LightGBM: Light Gradient Boosting Machine; LR: logistic regression; RF: random forest; SVM: support vector machine; XGBoost: extreme gradient

boosting.
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Figure 7. Shapley additive explanations (SHAP) global feature importance for 28-day hospital mortality prediction among adult patients with sepsis
(retrospective cohort study, elCU Collaborative Research Database, n=3637; United States, 2014-2015). Top 10 features are shown for: (A) random
forest (RF), (B) gradient-boosting decision tree (GBDT), (C) logistic regression (LR), and (D) Light Gradient Boosting Machine (LightGBM). Feature
importance is expressed as the mean absolute SHAP value. Higher values indicate greater overall contribution to model predictions. Exact values are
labeled on each bar. No aggregated residual bar isincluded. APACHE |V: Acute Physiology and Chronic Health Evaluation 1V; GCS: Glasgow Coma

Scale; SOFA: Sequential Organ Failure Assessment.
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Ancillary Analyses

Collinearity

VIFs were computed to characterize the degree of collinearity
among predictors. VIF values for lactate and LAR were 5.09.
Although thisfalls bel ow the conventional threshold of 10, LAR
isalgebraically derived from lactate and albumin (LAR = lactate
+ albumin); consequently, simultaneous unpenalized inclusion
of al 3 variables in a single LR model would preclude valid
coefficient identification regardless of the VIF magnitude. This
iswhy, in Table 3, LAR, lactate, and albumin were entered as
exposuresin 3 separate modelswithin each lactate stratum, and
why L2 regularization was applied to the machine learning LR
model, whichjointly shrinks collinear coefficient estimates and
yields stable predictions despite their algebraic dependence.

E-Value Analysis

For the LAR-hospital mortality association (OR 1.43, 95% ClI
1.29-1.59), an unmeasured confounder would require
associations of risk ratio =22.21 with both LAR and mortality to
fully explain the observed effect.
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External Validation and Generalizability

Models trained on the elCU cohort (n=3637) demonstrated
robust performance when applied to theindependent MIMIC-IV
cohort (n=3300; Beth Israel Deaconess Medical Center, Boston;
2008-2019), despite differencesin calendar period, institutional
setting, and case-mix. The MIMIC-IV cohort had a mean age
of 67.3 (SD 15.7) years, 45% (1485/3300) female, with 28-day
ICU mortality of 21.9% and hospital mortality of 29.5%. For
28-day hospital mortality, LR and RF achieved the highest
externa AUC of 0.723, followed by GBDT (0.716) and
LightGBM (0.711), with Brier scores of 0.183-0.195. For 28-day
ICU mortality, LR achieved AUC 0.739, followed by RF (0.725)
and GBDT (0.698). These external validation AUCs were
comparable to or dightly higher than internal validation
(0.70-0.74), confirming robust generalizability across
independent multicenter datasets. Cdlibration curves
demonstrated reasonable agreement between predicted and
observed probabilities (Figures 8 and 9). Future prospective
studies should evaluate whether LAR-guided early intervention
improves outcomes. Integration of dynamic LAR trajectories
may further enhance predictive accuracy.
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Figure 8. Externa vaidation on Medical Information Mart for Intensive Care IV (MIMIC-1V): receiver operating characteristic and calibration for
28-day hospital mortality. Trained on elCU Collaborative Research Database (n=3637), tested on MIMIC-1V (n=3300). GBDT: gradient-boosting
decision treg; LightGBM: Light Gradient Boosting Machine; LR: logistic regression; RF: random forest; X GBoost: extreme gradient boosting.
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Figure 9. Externa vaidation on Medical Information Mart for Intensive Care IV (MIMIC-1V): receiver operating characteristic and calibration for
28-day intensive care unit (ICU) mortality. Logistic regression (L R) achieved the highest external areaunder the receiver operating characteristic curve
(AUC) of 0.74. GBDT: gradient-boosting decision tree; LightGBM: Light Gradient Boosting Machine; LR: logistic regression; RF: random forest;
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Discussion

Overview

This study provides a methodologically rigorous evaluation of
lactate and the LAR as prognostic biomarkers in ICU patients
with sepsis. Our findings demonstrate that LAR has statistically
significantly higher stand-alone discriminative performance
than lactate, asformally confirmed by the Del ong test for both
28-day hospital mortality (P<.001) and ICU mortality (P<.001).
Although the absolute differences in AUC are modest
(AAUC=0.029 and 0.021), which is expected given that LAR
isalgebraically derived from lactate, their consistent statistical
robustness across both outcome definitionsin a cohort of 3637
patients provides strong evidence to support the preferential use
of LAR over lactate alone as a single biomarker for sepsis risk
stratification. Of note, a statistically nominally significant
interaction was observed between APACHE |V severity tertile
andthe LAR in predicting hospital mortality (P=.02). However,
given that this interaction was identified as part of a
hypothesis-generating exploratory subgroup analysisinvolving
multiple simultaneous tests across 2 outcome end points, this
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finding should be interpreted with caution. It does not survive
correction for multiple comparisons and may represent a
false-positive discovery. This observation is presented solely
as an exploratory hypothesis to be evaluated in dedicated
prospective studies and should not be used to guide clinical
decision-making without independent replication.

Some retrospective observational studies have confirmed the
association between elevated LAR and increased mortality in
sepsis[23], while Liu et a [24] established lactate as a crucial
predictor of mortality. Building on this foundation, this study
extends existing evidence by providing the first formal paired
AUC comparison demonstrating that the observed numerical
advantage of LAR over lactate achieves statistical significance.
In addition, threshold effect analysis reveds that LAR is
particularly valuablein patients with lactate levels <4 mmol/L,
where albumin contributesindependent prognostic information
not captured by lactate alone. This finding is consistent with
observations reported by Bou Chebl et al [25,26]. Furthermore,
machine learning models incorporating LAR consistently
outperformed traditional scoring systems when used as

JMIR Med Inform 2026 | vol. 14 | e82230 | p. 21
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS

stand-alone predictors, and SHA P-based interpretability supports
their potential clinical adoption [27].

The biological plausibility of these findingsis well supported.
Lactate reflects the acute metabolic consequences of tissue
hypoperfusion and is most discriminative within the 0-5 mmol/L
range [28]. In contrast, abumin, as a negative acute-phase
protein, declines progressively during sepsis due to systemic
inflammation, capillary leak, and altered synthesis[29,30]. The
combination of elevated lactate and decreased albumin,
therefore, captures both acute metabolic derangement and
subacute inflammatory burden, providing amore comprehensive
representation of sepsis pathophysiology. This likely explains
why LAR demonstrates statistically significantly higher, albeit
modest, predictive performance compared to lactate alone,
particularly below critical lactate thresholds where lactate may
not yet reflect severe physiological disturbance [31,32].

Several limitations should be acknowledged. First, the
elCU-CRD database spans 2014-2015; however, the core
pathophysiological principles underlying lactate and albumin
remain applicable. Second, the retrospective design precludes
causal inference. Third, the exclusion of patientswith ICU stays
<48 hours may introduce survivorship bias. Fourth, biomarker
values were based on measurements obtained within 24 hours
of ICU admission; a sensitivity analysis excluding 142 patients
(3.9%) whose first measurement preceded 1CU admission by
>6 hours confirmed no material effect of measurement-timing
misclassification (AAUC<0.01). Fifth, bootstrap resampling
(500 iterations, same fully adjusted Cox model specification as
the primary analysis) confirmed threshold stability: median
LAR thresholds of 1.86 (95% CI 1.55-2.15) for ICU mortality
and 1.66 (95% Cl 1.45-2.05) for hospital mortality, in close
agreement with the primary piecewise Cox estimates (1.86 and
1.67, respectively), confirming that the identified break points
are not artefacts of the point-estimate procedure. Sixth, while
SHAP-based interpretability mitigates some of the complexity
inherent in machine learning models, barriers to clinical
implementation remain. Seventh, probability calibration varied
substantially across models for 28-day ICU mortality:
LightGBM demonstrated the best probability calibration (Brier
score 0.096) and wasthe only model to fall below the null Brier
of 0.101 for ICU mortality (and 0.148 for hospital mortality).
The remaining 8 models exceeded the null Brier in both
outcomes, indicating that their predicted probabilities are less
reliable than their AUC values suggest. The unusually high LR
Brier score, which exceeds twice the null Brier value of 0.101,
warrants specific explanation: SMOTE oversampling applied
during training artificially equalizes class proportions, shifting
the model’s baseline predicted probability upward; without post
hoc recalibration, this intercept shift persists when the model
is applied to the naturally imbalanced test set (prevalence:
125/1092, 11.4%), producing systematically inflated predicted
probabilities and a correspondingly elevated Brier score. This
isaprocedural artefact of SMOTE without recalibration rather
than an intrinsic limitation of LR on tabular data of this size.
The same mechanism applies to the LR model for 28-day
hospital mortality, where the Brier score of 0.220 similarly
exceeds the null Brier value of approximately 0.148 at the
natural prevalence of 18% (197/1092); the SMOTE-induced

https://medinform.jmir.org/2026/1/e82230
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intercept shiftisan equally applicable explanation in that setting,
and the same recommendation for post hoc recalibration before
clinical deployment applies to both outcome models. Platt
scaling or isotonic regression applied to aheld-back calibration
partition is recommended before any clinical deployment of
these models. Eighth, the training cohort (el CU-CRD) has a
hospital mortality rate of 18.3% (666/3637), whereas the
MIMIC-IV external validation cohort hasasubstantially higher
rate of 29.5% (972/3300). This prevalence shift introduces
systematic intercept miscalibration: models trained on the
lower-prevalence elCU data tend to underpredict absolute
mortality risk in the higher-acuity MIMIC-1V population, as
reflected in the external validation calibration plots.
Recalibration methods—such as logistic recalibration or
Bayesian intercept updating—are recommended before
deploying these models in populations with substantially
different baseline risk profiles. Ninth, the nominally significant
APACHE IV x LAR interaction for hospital mortality (P for
interaction=.02) wasidentified as part of ahypothesis-generating
exploratory subgroup analysisinvolving multiple simultaneous
tests across 2 outcome end points; it does not survive correction
for multiple comparisons and should not be considered a
confirmed subgroup finding without independent prospective
replication. A further methodological consideration concerns
the subgroup analysis restricted to patients with lactate <2
mmol/L (Table 3), in which lactate |oses statistical significance
while LAR remains highly predictive. This pattern likely reflects
arangerestriction artifact: conditioning on lactate val ues bel ow
athreshold artificially truncateslactate variance, attenuating its
estimated regression coefficient. LAR retains variability within
this subgroup due to albumin fluctuations, preserving its
predictive signal. The apparent superiority of LAR in this
subgroup should therefore be interpreted as a mathematical
consequence of the restricted sampling frame, rather than
evidence of intrinsic superiority over lactate. Tenth, the external
validation is subject to animportant methodol ogical constraint:
APACHE |1V—the single most influential predictor across all
elCU-trained models per SHAP analyses—is not natively
available in MIMIC-1V. Its absence was handled via KNN
imputation using statistics from the elCU-CRD training
partition; specifically, because APACHE IV was structurally
absent for all MIMIC-IV patients (an entirely missing column
rather than random missingness), the KNN Imputer assigned
each patient the mean APACHE IV of its k=5 nearest el CU
training-set neighbors identified on the 17 remaining shared
features, producing near-constant imputed values due to the
distributional overlap between the 2 ICU sepsis cohorts, and
thereby substantially reducing the discriminative contribution
of APACHE IV in the externa validation setting. The external
validation AUCs (ICU mortaity: 0.663-0.739; hospital
mortality: 0.676-0.723), therefore, reflect predominantly the
predictive capacity of the remaining 17 shared clinical
features—vital signs, laboratory indices, SOFA score, and
comorbidity indicators—rather than the full elCU feature set.
Future external validation should prioritize cohorts with native
APACHE |V recording or prospectively evaluate model
adaptation using equivalent severity scores. Eleventh, although
external validation using MIMIC-IV supports broader
applicability, generalizability beyond US institutions requires
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further prospective validation. Twelfth, it should be noted that
the stand-alone Del ong AUC comparison and the descriptive
ORs and HRs reported across differently scaled exposures
represent unadjusted comparisons between biomarkers; the
appropriately controlled inferences in this study derive from
the multivariable regression and machine learning analyses.

These findings have important clinical implications. LAR can
be readily calculated from 2 routinely available laboratory
parameters obtained at |CU admission, without additional cost
or procedural burden. The demonstrated superiority of LAR
over lactate suggests that it may serve as a more informative
single biomarker for early risk stratification. Because the
APACHE IV x LAR interaction (P for interaction=.02) reflects
within-biomarker effect modification rather than formal
between-biomarker superiority, and should be interpreted with
caution given the multiple-testing context, it raises the
exploratory hypothesis that LAR may add particular value in
patients who do not initially appear critically ill, particularly
those with moderately elevated lactate (<4 mmol/L) in whom
hypoalbuminemia may indicate an underlying inflammatory
burden not reflected by lactate aone. If confirmed by
prospective studies, thiswould suggest that routine calculation
of LAR at ICU admission could facilitate earlier recognition of
high-risk patients and prompt moretimely clinical intervention.
Moreover, the identified LAR threshold of 1.67 for hospital
mortality provides a clinically actionable cutoff. Patients with
LAR>1.67 exhibited significantly higher 28-day mortality across
strata, in contrast to lactate, whose prognostic utility diminished
above 5.6 mmol/L. Accordingly, LAR may serve as a
complementary risk stratification tool aongside lactate
monitoring, particularly when lactate levels are within the
normal or mildly elevated range. Future prospective studies are
warranted to determine whether LAR-guided management
strategies can improve clinical outcomes.

Conclusions

This large-scal e retrospective study of 3637 adult ICU patients
with sepsis provides formally validated evidence that LAR, a
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mixed-unit composite index (mmol/L per g/dL) integrating
acute metabolic derangement with hypoalbuminemia,
demonstrates statistically significantly higher discrimination
than lactate alone for 28-day sepsis mortality. Del.ong test
confirmed this advantage for both 28-day hospital mortality
(P<.001; AAUC=0.029) and 28-day ICU mortality (P<.001,
AAUC=0.021). Whilethe absolute AUC improvement is modest,
its consistent statistical significance across both outcomesin a
large multicenter cohort provides formal justification to
recommend LAR over | actate asthe preferred single prognostic
biomarker for sepsis risk stratification.

L actate remains a reliable acute-phase monitoring tool within
the 0-5 mmol/L range, while LAR offers more consistent
prognostic information acrossthe full spectrum of critical illness
severity. The nominally significant APACHE IV x LAR
interaction (P=.02) remains an exploratory hypothesisrequiring
prospective validation, as detailed in the discussion. The
identified LAR threshold of 1.67 for hospital mortality provides
a clinically actionable risk-stratification cut point that retains
prognostic significance both below and above the threshold,
unlike lactate, which loses significance above 5.6 mmol/L.

Nine interpretable machine learning models identified LAR
among the top 10 predictive features in 3 of 4 models for
hospital mortality and 1 of 4 models for ICU mortality,
consistent with LAR functioning as a complementary rather
than dominant predictor within the machinelearning framework.
External validation on MIMIC-IV confirmed generalizability
across independent institutions and patient populations. These
findings support integrating LAR calculation into routine ICU
admission protocols, particularly for hemodynamically stable
patients with mildly elevated lactate, where early, accurate risk
stratification is most clinically impactful. Future prospective
studies should evaluate whether LAR-guided clinical decision
support improves patient outcomes in real-world critical care
Settings.

The authors acknowledge the el CU Collaborative Research Database (el CU-CRD) and Medical Information Mart for Intensive
CarelV (MIMIC-1V) databases. Generative artificial intelligencetool s assisted with code devel opment; all outputswerecritically
reviewed and validated by the authors, who assume full responsibility for the manuscript.

Funding

National Natural Science Foundation of China (number 82172548); Shenzhen Science and Technology Innovation Committee
(number JCY J20180307150610733); the Seventh Affiliated Hospital, Sun Yat-sen University Clinical Research 735 Program

(Number ZSQY 202373520).

Data Availability

The datasets analyzed during this study are available in the PhysioNet repository: elCU Collaborative Research Database
(el CU-CRD; [33]) and Medical Information Mart for Intensive Care IV (MIMIC-1V; [34]).

Authors Contributions

XW contributed to conceptualization, methodol ogy, software, formal analysis, and writing of the original draft. Y X contributed
to methodology, validation, and investigation. WX contributed to formal analysis and data curation. PD contributed to the

https://medinform.jmir.org/2026/1/e82230

JMIR Med Inform 2026 | val. 14 | e82230 | p. 23
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Wang et a

investigation and resources. Y H contributed to manuscript review, editing, and visualization. M C contributed to the software and
validation. LL contributed to conceptualization, manuscript review and editing, and supervision. QH contributed to
conceptualization, manuscript review and editing, supervision, project administration, and funding acquisition. All authors
approved the final manuscript.

Conflictsof Interest
None declared.

Multimedia Appendix 1

Bootstrap threshold stability plots (500 resamples, fully adjusted Cox model)—Ilactate and lactate-to-albumin ratio.
[PNG File, 209 KB-Multimedia Appendix 1]

Multimedia Appendix 2

Calibration curves—28-day intensive care unit mortality prediction.
[PNG File, 348 KB-Multimedia Appendix 2]

Multimedia Appendix 3

Decision curve analysis—28-day intensive care unit mortality prediction.
[PNG File, 309 KB-Multimedia Appendix 3]

Multimedia Appendix 4

Shapley additive explanations (SHAP) beeswarm plot (random forest)—28-day intensive care unit mortality prediction.
[PNG File, 511 KB-Multimedia Appendix 4]

Multimedia Appendix 5

Shapley additive explanations (SHAP) beeswarm plots (gradient-boosting decision tree)—28-day intensive care unit mortality
prediction.
[PNG File, 511 KB-Multimedia Appendix 5]

Multimedia Appendix 6

Shapley additive explanations (SHAP) beeswarm plot (logistic regression)—28-day intensive care unit mortality prediction.
[PNG File, 396 KB-Multimedia Appendix 6]

Multimedia Appendix 7

Shapley additive explanations (SHAP) beeswarm plot (Light Gradient Boosting Machine [LightGBM])—28-day intensive care
unit mortality prediction.
[PNG File, 440 KB-Multimedia Appendix 7]

Multimedia Appendix 8

Cadlibration curves: curve analysis—28-day hospital mortality prediction.
[PNG File, 337 KB-Multimedia Appendix 8]

Multimedia Appendix 9

Decision curve analysis—28-day hospital mortality prediction.
[PNG File, 318 KB-Multimedia Appendix 9]

Multimedia Appendix 10

Shapley additive explanations (SHAP) beeswarm plot (random forest)—28-day hospital mortality prediction.
[PNG File, 527 KB-Multimedia Appendix 10]

Multimedia Appendix 11
Shapley additive explanations (SHAP) beeswarm plot (gradient-boosting decision tree)—28-day hospital mortality prediction.

https://medinform.jmir.org/2026/1/e82230 JMIR Med Inform 2026 | vol. 14 | e82230 | p. 24
(page number not for citation purposes)

RenderX


https://jmir.org/api/download?alt_name=medinform_v14i1e82230_app1.png&filename=7f8fd699b9c29984d7e551431ffed36e.png
https://jmir.org/api/download?alt_name=medinform_v14i1e82230_app1.png&filename=7f8fd699b9c29984d7e551431ffed36e.png
https://jmir.org/api/download?alt_name=medinform_v14i1e82230_app2.png&filename=72dcfd2d68dfc96b09598b22add9d253.png
https://jmir.org/api/download?alt_name=medinform_v14i1e82230_app2.png&filename=72dcfd2d68dfc96b09598b22add9d253.png
https://jmir.org/api/download?alt_name=medinform_v14i1e82230_app3.png&filename=851818ea49471e121e1414a40c41994a.png
https://jmir.org/api/download?alt_name=medinform_v14i1e82230_app3.png&filename=851818ea49471e121e1414a40c41994a.png
https://jmir.org/api/download?alt_name=medinform_v14i1e82230_app4.png&filename=26f180ff88d87e70232837725b2871ea.png
https://jmir.org/api/download?alt_name=medinform_v14i1e82230_app4.png&filename=26f180ff88d87e70232837725b2871ea.png
https://jmir.org/api/download?alt_name=medinform_v14i1e82230_app5.png&filename=2c68c345b0a1c73324b52398ea28b8f8.png
https://jmir.org/api/download?alt_name=medinform_v14i1e82230_app5.png&filename=2c68c345b0a1c73324b52398ea28b8f8.png
https://jmir.org/api/download?alt_name=medinform_v14i1e82230_app6.png&filename=c6086d7937a20c6b20092d87e23414af.png
https://jmir.org/api/download?alt_name=medinform_v14i1e82230_app6.png&filename=c6086d7937a20c6b20092d87e23414af.png
https://jmir.org/api/download?alt_name=medinform_v14i1e82230_app7.png&filename=011e462af314798d6fe81ffaa219fa5b.png
https://jmir.org/api/download?alt_name=medinform_v14i1e82230_app7.png&filename=011e462af314798d6fe81ffaa219fa5b.png
https://jmir.org/api/download?alt_name=medinform_v14i1e82230_app8.png&filename=adf2245a68d526a284cffa991ed5f658.png
https://jmir.org/api/download?alt_name=medinform_v14i1e82230_app8.png&filename=adf2245a68d526a284cffa991ed5f658.png
https://jmir.org/api/download?alt_name=medinform_v14i1e82230_app9.png&filename=51347e52b84f1face453d2e4af697262.png
https://jmir.org/api/download?alt_name=medinform_v14i1e82230_app9.png&filename=51347e52b84f1face453d2e4af697262.png
https://jmir.org/api/download?alt_name=medinform_v14i1e82230_app10.png&filename=96bb83a29b7037b41acb5b113fb44b2e.png
https://jmir.org/api/download?alt_name=medinform_v14i1e82230_app10.png&filename=96bb83a29b7037b41acb5b113fb44b2e.png
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Wang et a

[PNG File, 513 KB-Multimedia Appendix 11]

Multimedia Appendix 12

Shapley additive explanations (SHAP) beeswarm plot (logistic regression)—28-day hospital mortality prediction.
[PNG File, 425 KB-Multimedia Appendix 12]

Multimedia Appendix 13

Shapley additive explanations (SHAP) beeswarm plot (Light Gradient Boosting Machine[Light GBM])—28-day hospital mortality
prediction.

[PNG File, 450 KB-Multimedia Appendix 13]

References

1.

2.

10.

11.

12.

13.

14.

15.

16.

17.

Li X, YangY, Zhang B, Lin X, Fu X, AnY, et al. Lactate metabolism in human health and disease. Signal Transduct Target
Ther. Sep 01, 2022;7(1):305. [doi: 10.1038/s41392-022-01151-3] [Medline: 36050306]

Wang J, Chen X, Qin C, Shi R, Huang Y, Gong J. Lactate-to-albumin ratio as a potential prognostic predictor in patients
with cirrhosis and sepsis: aretrospective cohort study. BMC Infect Dis. 2025;25(1):223. [FREE Full text] [doi:
10.1186/s12879-025-10601-6] [Medline: 39953385]

JnP BianY, Cui Q, Liang X, Sun'Y, Zheng Q. Association between lactate/albumin ratio and 28-day all-cause mortality
in criticaly ill patients with acute myocardial infarction. Sci Rep. 2024;14(1):23677. [FREE Full text] [doi:
10.1038/s41598-024-73788-9] [Medline: 39389996]

Shi X, Zhong L, Lu J, Hu B, Shen Q, Gao P. Clinical significance of the lactate-to-albumin ratio on prognosisin critically
ill patientswith acutekidney injury. Ren Fail. 2024;46(1):2350238. [FREE Full text] [doi: 10.1080/0886022X .2024.2350238]
[Medline: 38721940]

MaY, DulL, Ba L, Tang H. Association between lactate-to-albumin ratio and short-term prognosis of acute-on-chronic
liver failure treated with artificial liver support system. Eur J Gastroenterol Hepatol. 2025;37(3):327-336. [doi:
10.1097/M EG.0000000000002885] [Medline: 39589807]

Wu D, Shen S, Luo D. Association of |lactate-to-albumin ratio with in-hospital and intensive care unit mortality in patients
with intracerebral hemorrhage. Front Neurol. 2023;14:1198741. [FREE Full text] [doi: 10.3389/fneur.2023.1198741]
[Medline: 37521289]

Cecconi M, EvansL, Levy M, Rhodes A. Sepsis and septic shock. Lancet. 2018;392(10141):75-87. [doi:
10.1016/S0140-6736(18)30696-2] [Medline: 29937192]

Rudd KE, Johnson SC, Agesa KM, Shackelford KA, Tsoi D, Kievlan DR. Global, regional, and national sepsisincidence
and mortality, 1990-2017: analysisfor the Global Burden of Disease study. Lancet. 2020;395(10219):200-211. [FREE Full
text] [doi: 10.1016/S0140-6736(19)32989-7] [Medline: 31954465]

GBD 2021 Global Sepsis Collaborators. Global, regional, and national sepsis incidence and mortality, 1990-2021: a
systematic analysis. Lancet Glob Health. 2025;13(12):62013-€2026. [FREE Full text] [doi: 10.1016/S2214-109X (25)00356-0]
[Medline: 41135560]

Fleischmann-Struzek C, Schwarzkopf D, Reinhart K. [Sepsis incidence in Germany and worldwide: current knowledge
and limitations of research using health claims data]. Med Klin Intensivmed Notfmed. 2022;117(4):264-268. [ FREE Full
text] [doi: 10.1007/s00063-021-00777-5] [Medline: 33507316]

Hotchkiss RS, Moldawer LL, Opal SM, Reinhart K, Turnbull IR, Vincent J. Sepsis and septic shock. Nat Rev Dis Primers.
2016;2:16045. [FREE Full text] [doi: 10.1038/nrdp.2016.45] [Medline: 28117397]

Bauer M, Gerlach H, Vogelmann T, Preissing F, Stiefel J, Adam D. Mortality in sepsis and septic shock in Europe, North
Americaand Australiabetween 2009 and 2019- resultsfrom asystematic review and meta-analysis. Crit Care. 2020;24(1):239.
[FREE Full text] [doi: 10.1186/s13054-020-02950-2] [Medline: 32430052]

LaVL, Sangiorgio G, Stefani S. The global burden of sepsis. Epidemiologia. 2024;5(3):456-478.

Wang G, LiuJ, XuR, Fu, Liu X. Lactate/albumin ratio as a predictor of in-hospital mortality in critically ill children.
BMC Pediatr. 2022;22(1):725. [FREE Full text] [doi: 10.1186/s12887-022-03787-0] [Medline: 36539725]

Cho SY, Choi JH. Biomarkers of sepsis. Infect Chemother. 2014;46(1):1-12. [FREE Full text] [doi: 10.3947/ic.2014.46.1.1]
[Medline: 24693464]

Trzeciak S, Rivers EP. Clinical manifestations of disordered microcirculatory perfusion in severe sepsis. Crit Care. 2005;9
Suppl 4(Suppl 4):S20-S26. [FREE Full text] [doi: 10.1186/cc3744] [Medline: 16168070]

Andersen LW, Mackenhauer J, Roberts JC, Berg KM, Cocchi MN, Donnino MW. Etiology and therapeutic approach to
€levated lactate levels. Mayo Clin Proc. 2013;88(10):1127-1140. [FREE Full text] [doi: 10.1016/j.mayocp.2013.06.012]
[Medline: 24079682]

https://medinform.jmir.org/2026/1/e82230 JMIR Med Inform 2026 | vol. 14 | e82230 | p. 25

RenderX

(page number not for citation purposes)


https://jmir.org/api/download?alt_name=medinform_v14i1e82230_app11.png&filename=1b6fd800139f917a1b8060ffd05ff8cc.png
https://jmir.org/api/download?alt_name=medinform_v14i1e82230_app11.png&filename=1b6fd800139f917a1b8060ffd05ff8cc.png
https://jmir.org/api/download?alt_name=medinform_v14i1e82230_app12.png&filename=4b092ebe1dac55d5b8d712c19249c887.png
https://jmir.org/api/download?alt_name=medinform_v14i1e82230_app12.png&filename=4b092ebe1dac55d5b8d712c19249c887.png
https://jmir.org/api/download?alt_name=medinform_v14i1e82230_app13.png&filename=e50ac577e03265ae116f2540fa49d3b7.png
https://jmir.org/api/download?alt_name=medinform_v14i1e82230_app13.png&filename=e50ac577e03265ae116f2540fa49d3b7.png
http://dx.doi.org/10.1038/s41392-022-01151-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36050306&dopt=Abstract
https://bmcinfectdis.biomedcentral.com/articles/10.1186/s12879-025-10601-6
http://dx.doi.org/10.1186/s12879-025-10601-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39953385&dopt=Abstract
https://doi.org/10.1038/s41598-024-73788-9
http://dx.doi.org/10.1038/s41598-024-73788-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39389996&dopt=Abstract
https://www.tandfonline.com/doi/10.1080/0886022X.2024.2350238?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1080/0886022X.2024.2350238
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38721940&dopt=Abstract
http://dx.doi.org/10.1097/MEG.0000000000002885
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39589807&dopt=Abstract
https://europepmc.org/abstract/MED/37521289
http://dx.doi.org/10.3389/fneur.2023.1198741
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37521289&dopt=Abstract
http://dx.doi.org/10.1016/S0140-6736(18)30696-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29937192&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0140-6736(19)32989-7
https://linkinghub.elsevier.com/retrieve/pii/S0140-6736(19)32989-7
http://dx.doi.org/10.1016/S0140-6736(19)32989-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31954465&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2214-109X(25)00356-0
http://dx.doi.org/10.1016/S2214-109X(25)00356-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=41135560&dopt=Abstract
https://europepmc.org/abstract/MED/33507316
https://europepmc.org/abstract/MED/33507316
http://dx.doi.org/10.1007/s00063-021-00777-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33507316&dopt=Abstract
https://europepmc.org/abstract/MED/28117397
http://dx.doi.org/10.1038/nrdp.2016.45
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28117397&dopt=Abstract
https://ccforum.biomedcentral.com/articles/10.1186/s13054-020-02950-2
http://dx.doi.org/10.1186/s13054-020-02950-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32430052&dopt=Abstract
https://bmcpediatr.biomedcentral.com/articles/10.1186/s12887-022-03787-0
http://dx.doi.org/10.1186/s12887-022-03787-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36539725&dopt=Abstract
https://europepmc.org/abstract/MED/24693464
http://dx.doi.org/10.3947/ic.2014.46.1.1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24693464&dopt=Abstract
https://ccforum.biomedcentral.com/articles/10.1186/cc3744
http://dx.doi.org/10.1186/cc3744
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16168070&dopt=Abstract
https://europepmc.org/abstract/MED/24079682
http://dx.doi.org/10.1016/j.mayocp.2013.06.012
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24079682&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Wang et a

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

BisaryaR, Shaath D, Pirzad A, Satterwhite L, He J, Simpson SQ. Serum lactate poorly predicts central venous oxygen
saturation in critically ill patients: a retrospective cohort study. J Intensive Care. 2019;7:47. [FREE Full text] [doi:
10.1186/s40560-019-0401-5] [Medline: 31516712]

Pollard TJ, Johnson AEW, RaffaJD, Celi LA, Mark RG, Badawi O. The el CU collaborative research database, a freely
available multi-center database for critical care research. Sci Data. 2018;5:180178. [FREE Full text] [doi:
10.1038/sdata.2018.178] [Medline: 30204154]

Vandenbroucke JP, von EIm E, Altman DG, Ggtzsche PC, Mulrow CD, Pocock SJ. Strengthening the reporting of
observational studies in epidemiology (STROBE): explanation and elaboration. PLoS Med. 2007;4(10):e297. [EREE Full
text] [doi: 10.1371/journal.pmed.0040297] [Medline: 17941715]

Zimmerman JE, Kramer AA, McNair DS, Malila FM. Acute physiology and chronic health evaluation (APACHE) IV:
hospital mortality assessment for today's critically ill patients. Crit Care Med. 2006;34(5):1297-1310. [doi:
10.1097/01.CCM.0000215112.84523.F0] [Medline: 16540951]

Singer M, Deutschman CS, Seymour CW, Shankar-Hari M, Annane D, Bauer M, et al. The Third International Consensus
Definitions for Sepsis and Septic Shock (Sepsis-3). JAMA. Feb 23, 2016;315(8):801-810. [FREE Full text] [doi:
10.1001/jama.2016.0287] [Medline: 26903338]

Wang B, Chen G, Cao Y, Xue J, Li J, Wu Y. Correlation of lactate/albumin ratio level to organ failure and mortality in
severe sepsis and septic shock. J Crit Care. 2015;30(2):271-275. [doi: 10.1016/j.jcrc.2014.10.030] [Medline: 25537574
Liuz,Meng Z, Li Y, Zhao J, Wu S, Gou S, et al. Prognostic accuracy of the serum lactate level, the SOFA score and the
gSOFA score for mortality among adults with sepsis. Scand J Trauma Resusc Emerg Med. 2019;27(1):51. [FREE Full text]
[doi: 10.1186/s13049-019-0609-3] [Medline: 31039813]

Bou Chebl R, Jamali S, SabraM, SafaR, Berbari |, Shami A, et a. Lactate/albumin ratio as a predictor of in-hospital
mortality in septic patients presenting to the emergency department. Front Med (Lausanne). 2020;7:550182. [FREE Full
text] [doi: 10.3389/fmed.2020.550182] [Medline: 33072780]

Bou Chebl R, Geha M, Assaf M, Kattouf N, Haidar S, Abdeldaem K, et al. The prognostic value of the lactate/albumin
ratio for predicting mortality in septic patients presenting to the emergency department: a prospective study. Ann Med. Dec
2021;53(1):2268-2277. [FREE Full text] [doi: 10.1080/07853890.2021.2009125] [Medline: 34854770]

Wen C, Zhang X, Li Y, Xiao W, Hu Q, Lei X, et a. Aninterpretable machine learning model for predicting 28-day mortality
in patients with sepsis-associated liver injury. PLoS One. 2024;19(5):e0303469. [FREE Full text] [doi:

10.1371/journal .pone.0303469] [Medline: 38768153]

Levy B. Lactate and shock state: the metabolic view. Curr Opin Crit Care. 2006;12(4):315-321. [doi:
10.1097/01.ccx.0000235208.77450.15] [Medline: 16810041]

KabraR, Acharya S, Shukla S, Kumar S, Wanjari A, Mahajan S. Serum lactate-albumin ratio: soothsayer for outcome in
sepsis. Cureus. 2023;15(3):€36816. [FREE Full text] [doi: 10.7759/cureus.36816] [Medline: 37123772]

Fuest S, Fischer C, Alexander JT. Use of intravenous albumin. JAMA. 2025;333(23):2104-2105. [doi:
10.1001/jama.2025.3792] [Medline: 40332913]

Schlapbach LJ, Watson RS, Sorce LR, Argent AC, Menon K, Hall MW. International consensus criteriafor pediatric sepsis
and septic shock. JAMA. 2024;331(8):665-674. [doi: 10.1001/jama.2024.0179] [Medline: 38245889]

Yang J, Peng H, Luo Y, Zhu T, Xie L. Explainable ensemble machine learning model for prediction of 28-day mortality
risk in patients with sepsis-associated acute kidney injury. Front Med (Lausanne). 2023;10:1165129. [FREE Full text] [doi:
10.3389/fmed.2023.1165129] [Medline: 37275353]

Pollard T, Johnson T, Raffa J, Celi LA, Badawi O, Mark R. el CU Collaborative Research Database. PhysioNet. Apr 15,
2019. URL: https://physionet.org/content/eicu-crd/ [accessed 2026-06-18]

Johnson A, Bulgarelli L, Pollard T, Gow B, Moody B, Horng S, et al. MIMIC-IV. PhysioNet. Oct 11, 2024. URL: https./
[physionet.org/content/mimiciv/ [accessed 2026-06-18]

Abbreviations

AdaBoost: adaptive boosting

APACHE 1V: Acute Physiology and Chronic Health Evaluation IV
AUC: areaunder the receiver operating characteristic curve
DCA: decision curve analysis

el CU-CRD: elCU Collaborative Research Database

GBDT: gradient-boosting decision tree

GCS: Glasgow Coma Scale

HIPAA: Health Insurance Portability and Accountability Act
HR: hazard ratio

ICD-9: International Classification of Diseases, Ninth Revision
ICU: intensive care unit

KNN: k-nearest neighbors

https://medinform.jmir.org/2026/1/e82230 JMIR Med Inform 2026 | vol. 14 | e82230 | p. 26

(page number not for citation purposes)


https://jintensivecare.biomedcentral.com/articles/10.1186/s40560-019-0401-5
http://dx.doi.org/10.1186/s40560-019-0401-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31516712&dopt=Abstract
https://doi.org/10.1038/sdata.2018.178
http://dx.doi.org/10.1038/sdata.2018.178
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30204154&dopt=Abstract
https://boris-portal.unibe.ch/handle/20.500.12422/95813
https://boris-portal.unibe.ch/handle/20.500.12422/95813
http://dx.doi.org/10.1371/journal.pmed.0040297
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17941715&dopt=Abstract
http://dx.doi.org/10.1097/01.CCM.0000215112.84523.F0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16540951&dopt=Abstract
https://europepmc.org/abstract/MED/26903338
http://dx.doi.org/10.1001/jama.2016.0287
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26903338&dopt=Abstract
http://dx.doi.org/10.1016/j.jcrc.2014.10.030
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25537574&dopt=Abstract
https://sjtrem.biomedcentral.com/articles/10.1186/s13049-019-0609-3
http://dx.doi.org/10.1186/s13049-019-0609-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31039813&dopt=Abstract
https://europepmc.org/abstract/MED/33072780
https://europepmc.org/abstract/MED/33072780
http://dx.doi.org/10.3389/fmed.2020.550182
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33072780&dopt=Abstract
https://www.tandfonline.com/doi/10.1080/07853890.2021.2009125?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1080/07853890.2021.2009125
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34854770&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0303469
http://dx.doi.org/10.1371/journal.pone.0303469
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38768153&dopt=Abstract
http://dx.doi.org/10.1097/01.ccx.0000235208.77450.15
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16810041&dopt=Abstract
https://europepmc.org/abstract/MED/37123772
http://dx.doi.org/10.7759/cureus.36816
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37123772&dopt=Abstract
http://dx.doi.org/10.1001/jama.2025.3792
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=40332913&dopt=Abstract
http://dx.doi.org/10.1001/jama.2024.0179
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38245889&dopt=Abstract
https://europepmc.org/abstract/MED/37275353
http://dx.doi.org/10.3389/fmed.2023.1165129
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37275353&dopt=Abstract
https://physionet.org/content/eicu-crd/
https://physionet.org/content/mimiciv/
https://physionet.org/content/mimiciv/
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Wang et a

LAR: lactate-to-albuminratio

LightGBM: Light Gradient Boosting Machine

LR: logistic regression

MAP: mean arterial pressure

MIMIC-IV: Medical Information Mart for Intensive Care |V
OR: oddsratio

PR-AUC: precision-recall AUC

RDW: red cell distribution width

RF: random forest

ROC: receiver operating characteristic

SHAP: Shapley additive explanations

SMOTE: Synthetic Minority Oversampling Technique
SOFA: Sequential Organ Failure Assessment

STROBE: Strengthening the Reporting of Observational Studiesin Epidemiology
SVM: support vector machine

VIF: variance inflation factors

WBC: white blood cell

XGBoost: extreme gradient boosting
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