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Abstract

Background Early identification of patients with septic shock who may soon require renal replacement therapy
(RRT) is clinically important but challenging in the emergency department (ED), where definitive indications for RRT
often have not yet developed at the time of presentation. Recognizing these patients in advance is important for
timely planning of RRT initiation, including coordination of equipment and personnel at the hospital level. This study
aimed to develop and validate machine learning (ML) models that predict the need for RRT within 24 h of septic
shock recognition in the ED.

Methods \We analyzed data from the Korean Shock Society septic shock registry collected from October 2015 to
December 2023. Feature selection was performed using least absolute shrinkage and selection operator regression,
and five ML models were trained. The best-performing model was selected based on the area under the receiver
operating characteristic curve (AUROC). Shapley additive explanations were used to interpret the contribution of each
feature.

Results In total, 5361 patients were included in the analysis, of whom 728 (13.6%) required RRT within 24 h. Among
the evaluated models, categorical boosting (CatBoost) demonstrated the best discrimination with an AUROC of 0.86
(95% Cl, 0.833-0.887), outperforming conventional severity scores such as the Sequential Organ Failure Assessment
(AUROC, 0.673 [95% (I, 0.628-0.717]) and the Acute Physiology and Chronic Health Evaluation (AUROC, 0.672 [95% Cl,
0.623-0.719]).
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Conclusions The CatBoost model demonstrated moderate discriminative performance for predicting early RRT

requirement within 24 h of ED septic shock recognition.

Keywords Renal replacement therapy, Septic shock, Machine learning

Introduction

Septic shock is a life-threatening condition commonly
encountered in the emergency department (ED), and
patients may present with severe hemodynamic insta-
bility, acid—base and electrolyte imbalances, and rapidly
progressing multi-organ failure [1-3]. These abnormali-
ties can worsen quickly, and approximately 8-13% of
patients with septic shock require renal replacement
therapy (RRT) [4]. According to the Kidney Disease:
Improving Global Outcomes (KDIGO) guidelines, RRT is
recommended in cases of refractory metabolic acidosis,
persistent hyperkalemia, unresponsive fluid overload, or
uremic complications [5].

However, the RRT indications proposed in the KDIGO
guidelines apply to patients who have already devel-
oped overt signs of kidney failure [4]. Thus, when sep-
tic shock is first recognized in the ED, these criteria
offer little direct guidance in predicting which patients
will need RRT in the short term. Early in septic shock,
physiological abnormalities can appear in heterogeneous
ways, making it difficult to determine the need for RRT
based solely on simple laboratory tests or a single clini-
cal parameter [6]. Moreover, commonly used renal injury
indicators such as creatinine trajectory, urine output, or
KDIGO staging are primarily intended to characterize
established kidney injury rather than to predict the short-
term need for RRT at the time of initial ED recognition.
Therefore, clinical judgment often requires synthesis of a
broad range of presenting information.

Importantly, the optimal timing of RRT initiation
remains controversial. Although ELAIN trial sug-
gested potential benefits of early initiation, large mul-
ticenter randomized controlled trials including AKIKI,
IDEAL-ICU, and STARRT-AKI have not demonstrated
a consistent survival advantage of accelerated strategies
compared with delayed approaches [7-11]. These find-
ings indicate that defining a universally optimal biological
timing for RRT remains challenging.

Regardless of the superiority of any particular timing
strategy, hospitals must still anticipate which patients are
likely to require RRT in the immediate future in order
to allocate equipment, dialysis personnel, and critical
care resources appropriately. Because RRT is a resource-
intensive treatment that requires specialized equip-
ment and trained dialysis personnel, and its immediate
initiation may be limited in clinical practice because of
equipment availability, staffing constraints, and other
operational factors [12, 13]. Therefore, predicting the
likelihood of RRT initiation within a clinically relevant

short-term window may provide operational value by
facilitating timely preparation, rather than by mandating
premature intervention.

Recently, various machine learning (ML)-based pre-
dictive models have shown promise not only in assess-
ing the prognosis of patients with septic shock but also
in the early prediction of major interventional decisions
such as tracheal intubation, and research continues to
explore their clinical applicability [14—16]. Despite these
advances, most studies on RRT have focused on risk fac-
tor analysis in intensive care unit patients or those who
have already developed acute kidney injury, and no ML
study has yet predicted the need for short-term RRT ini-
tiation based on early information available when septic
shock is first recognized in the ED [17, 18]. If such an
early prediction model were available, it could provide
practical support for preparing RRT equipment and
coordinating medical resources. Therefore, we conducted
a prediction model development and internal validation
study using supervised machine learning algorithms to
estimate the probability of RRT initiation within 24 h
after septic shock recognition in the ED. Candidate pre-
dictors were restricted to variables available at the time
of septic shock recognition to ensure clinical applicabil-
ity. The intended use of the model is to assist emergency
physicians at the time of septic shock recognition in
identifying patients at high short-term risk of requiring
RRT within the subsequent 24 h, thereby facilitating early
preparation of dialysis resources, rather than mandating
immediate initiation of RRT.

Methods

Data source and study population

This study is a retrospective analysis of prospectively col-
lected data from the Korean Shock Society (KoSS) sep-
tic shock registry collected between October 2015 and
December 2023. The KoSS is a multicenter research con-
sortium dedicated to improving the diagnosis and man-
agement of sepsis. Since October 2015, the KoSS septic
shock registry has prospectively collected predefined
clinical data from patients who presented to the EDs of
20 tertiary teaching hospitals across South Korea [15].
The registry systematically compiles comprehensive
information on patients with sepsis, including demo-
graphic characteristics, vital signs, past medical history,
laboratory results, treatments administered, and clinical
outcomes. Adult patients (aged > 19 years) with either
suspected or confirmed infection who exhibited signs
of tissue hypoperfusion or refractory hypotension were
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included [19]. Because the KoSS registry was established
prior to the release of the Sepsis-3 definitions, the inclu-
sion criteria followed the 2012 Surviving Sepsis Cam-
paign standards regarding tissue hypoperfusion and
refractory hypotension [20]. To preserve data consistency
throughout the research, this original framework was
utilized for the entire duration of the study. Hypoperfu-
sion was defined as a serum lactate concentration of > 4
mmol/L. Hypotension was defined as systolic blood pres-
sure (SBP) of < 90 mmHg, mean arterial pressure of < 70
mmHg, or a decrease in SBP of > 40 mmHg from baseline
[20]. Refractory hypotension was defined as persistent
hypotension despite adequate fluid resuscitation (20-30
mL/kg or at least 1 L of crystalloid solution adminis-
tered over 30 min) or the requirement for vasopressors
to sustain SBP of > 90 mmHg or mean arterial pressure
of > 70 mmHg [20, 21]. Initial management, including
fluid resuscitation, vasopressor use and timely antibiotic
administration, was performed in accordance with the
Surviving Sepsis Campaign guidelines [22].

For this study, eligible patients were selected according
to the Sepsis-3 criteria. Sepsis was defined as suspected
or confirmed infection accompanied by an increase in
the Sequential Organ Failure Assessment (SOFA) score
of > 2 points from baseline. Septic shock was defined as
sepsis with persistent hypotension requiring vasopres-
sors to maintain a mean arterial pressure > 65 mmHg
and a serum lactate level > 2 mmol/L [1]. The time of
septic shock recognition was retrospectively determined
using prospectively recorded registry variables and was
defined as the earliest time during the ED encounter at
which both vasopressor initiation and a serum lactate
level > 2 mmol/L were documented. When pre-existing
organ dysfunction data were unavailable, the baseline
SOFA score was assumed to be 0 in accordance with
the registry protocol. The exclusion criteria were as fol-
lows: patients receiving chronic maintenance dialysis,
those who underwent RRT more than 24 h after septic
shock recognition, those diagnosed with septic shock
more than 6 h after ED arrival, and those with do-not-
resuscitate (DNR) orders. Ethical approval was obtained
from the institutional review boards of all participating
centers, and the requirement for informed consent was
waived in accordance with the relevant ethical regula-
tions. This study adhered to the TRIPOD-AI guidelines
[23].

Primary outcome

The primary outcome was defined as the initiation of
RRT within 24 h of septic shock recognition in the ED.
RRT initiation was determined according to the clinical
judgment of the emergency physicians at each participat-
ing center.
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Feature selection

We collected a comprehensive set of clinical variables
available prior to or at the time of septic shock recog-
nition in the ED. In total, 60 candidate variables were
initially included. These encompassed demographic
characteristics (age and sex), vital signs at septic shock
recognition (SBP, diastolic blood pressure, heart rate,
respiratory rate, and body temperature), altered mental
status (Glasgow Coma Scale score<15), comorbidities
(hypertension, diabetes mellitus, cardiovascular disease,
cerebrovascular accident, chronic lung disease, hemato-
logic cancer, metastatic cancer, chronic kidney disease,
chronic liver disease, solid organ transplant, and demen-
tia), suspected infection sources (pulmonary, gastro-
intestinal, urinary tract, hepatobiliary, central nervous
system, bone or soft tissue, catheter-related infection,
endocarditis, bloodstream infection, other, and multi-
focal infection), and initial laboratory findings (white
blood cell count, hemoglobin, platelet count, sodium,
potassium, chloride, blood urea nitrogen, creatinine,
C-reactive protein, procalcitonin, D-dimer, prothrombin
time—international normalized ratio, activated partial
thromboplastin time, B-type natriuretic peptide, creatine
kinase—myocardial band, albumin, aspartate aminotrans-
ferase, alanine aminotransferase, glucose, pH, pCO,, pO,,
bicarbonate, Sa0O,, and lactate). In addition, several clini-
cal factors were included: ED-to-septic shock recogni-
tion time, residence in a long-term care facility, antibiotic
administration before septic shock recognition, steroid
administration before septic shock recognition, receipt
of unbalanced crystalloid only (defined as administration
of 0.9% normal saline exclusively), and MV (mechani-
cal ventilation) before septic shock recognition. All can-
didate predictors were restricted to variables available
prior to or at the time of septic shock recognition in
the ED. The SOFA and Acute Physiology and Chronic
Health Evaluation (APACHE) II scores were calculated
using clinical and laboratory variables measured at the
time of septic shock recognition in the ED. The SOFA
and APACHE II scores were collected but excluded from
model development because they were used as compara-
tors for evaluating the ML models.

Variables with more than 30% missingness were
excluded from the analysis; accordingly, B-type natri-
uretic peptide was not considered for model develop-
ment (Supplementary Fig. 1) [24].

ML model development and analysis

The study cohort was randomly divided into train (80%)
and test (20%) datasets for model development and per-
formance assessment. After the data split, missing values
were handled using an iterative chained-equation impu-
tation approach. The imputation model was fitted using
the training dataset and subsequently applied to the test
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dataset to avoid data leakage. Continuous variables were
imputed iteratively, whereas categorical variables were
imputed using the most frequent category. Before model
construction, all continuous variables underwent pre-
processing, which included outlier handling and normal-
ization. Outlier influence was mitigated using a median
absolute deviation—based robust transformation to
reduce the impact of extreme values on model training.
After this step, continuous predictors were standardized
using z-score normalization to achieve a mean of 0 and
a standard deviation of 1. All preprocessing parameters,
including those used for outlier handling and normaliza-
tion, were derived from the training dataset and subse-
quently applied to the test dataset. Given the relatively
large number of candidate predictors, least absolute
shrinkage and selection operator (LASSO) regression
was applied within the training dataset as a dimension-
ality reduction step to limit the number of variables and
reduce the risk of overfitting. The selected predictors
were then used consistently across all models to facilitate
fair comparison of model performance.

We developed supervised binary classification models,
including logistic regression, support vector machine,
random forest, extreme gradient boosting (XGBoost),
and categorical boosting (CatBoost), to predict the pri-
mary outcome [25-28]. Hyperparameter optimization
was performed using grid search combined with five-
fold cross-validation within the train dataset, which sup-
ported stable parameter estimation and reduced the risk
of overfitting. The tuned hyperparameters for each model
are presented in Supplementary Table 1.

Model performance was assessed in the indepen-
dent test dataset using several metrics, including the
area under the receiver operating characteristic curve
(AUROC), accuracy, sensitivity, specificity, positive pre-
dictive value, negative predictive value, F1l-score, and
the area under the precision-recall curve (AUPRC). For
threshold-dependent metrics, model-specific probabil-
ity thresholds were determined in the training dataset
by maximizing the Fl-score using five-fold out-of-fold
predictions and subsequently applied to the indepen-
dent test dataset. The model demonstrating the highest
discriminative ability, primarily based on AUROC, was
designated as the final model. The AUROCs of the ML
models were compared using DeLong’s test, using the
final model as the reference model for pairwise com-
parisons. To provide clinical context, the predictive
performance of the final ML model was compared with
conventional illness-severity scoring systems, specifically
the SOFA and APACHE II scores, as well as the SACrA
score, a recently proposed clinical score for predicting
the need for RRT in patients admitted to the intensive
care unit, using the same test dataset [29, 30]. Model
calibration was evaluated using calibration curves, and
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clinical utility was assessed using decision curve analysis
(DCA) across a range of threshold probabilities.

To enhance interpretability, Shapley additive expla-
nations (SHAP) were applied to the final model. SHAP
summary plots and mean absolute SHAP values were
used to identify and visualize the predictors that con-
tributed most substantially to model output, thereby
providing insight into the clinical factors associated with
prediction of RRT.

Sensitivity analysis

To assess the potential impact of excluding patients who
underwent RRT more than 24 h after septic shock rec-
ognition (n =349), a sensitivity analysis was performed in
which these patients were reclassified into the non-RRT
group. Model performance was subsequently re-evalu-
ated using the same modeling framework as in the pri-
mary analysis.

Statistical analysis

For continuous variables, normality was assessed using
the Shapiro—Wilk test. Because all variables deviated
from a normal distribution, they were compared using
the Mann—Whitney U test and are presented as medi-
ans with interquartile ranges. Categorical variables were
compared using Fisher’s exact test or the chi-square test
and are expressed as numbers and percentages. Statistical
significance was defined as a two-tailed p-value of <0.05.
All analyses were conducted using R version 4.2.2 (The R
Foundation for Statistical Computing, Vienna, Austria)
and Python version 3.12 (Python Software Foundation,
Wilmington, DE, USA). The following Python libraries
were used: NumPy and Pandas for data processing and
manipulation; Matplotlib and Seaborn for data visual-
ization; and scikit-learn for data imputation using an
iterative chained-equation imputation approach, feature
scaling, LASSO-based feature selection, model construc-
tion, and performance evaluation.

Results
Participants
In total, 6124 patients who met the Sepsis-3 criteria for
septic shock were screened. Among them, 216 patients
receiving chronic maintenance dialysis, 349 who under-
went RRT more than 24 h after septic shock recognition,
93 diagnosed with septic shock more than 6 h after ED
arrival, and 105 with a DNR order were excluded. Ulti-
mately, 5361 patients met the eligibility criteria (Supple-
mentary Fig. 2). The dataset was randomly split into train
and test sets at an 8:2 ratio (train set: 4288; test set: 1073).
The baseline characteristics of the eligible participants
are summarized in Table 1. Among the 5361 included
patients, 728 (13.6%) underwent RRT within 24 h after
the diagnosis of septic shock. The median ages of the
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Table 1 Comparison of baseline characteristics between RRT and non-RRT groups
Non-RRT group (n=4633) RRT group (n=728) p-value
Age, years 71 [62-79] 70.5[61-78] 0326
Female sex 1865 (40.3) 278(38.2) 0.309
Vital signs at septic shock recognition
SBP, mmHg 91 [76-112] 90 [73-113] 032
DBP, mmHg 56 [47-67] 53 [44-68] 0.015
HR, beats/min 112 [96-129] 108 [91-126] <0.001
RR, breaths/min 20 [18-24] 23 [20-28] < 0.001
BT, C 37.6[36.6-38.6] 36.9[36.1-38.1] < 0.001
Altered mental status at septic shock recognition 1133 (24.5) 276 (37.9) < 0.001
Past medical history
Hypertension 1962 (42.4) 362 (49.7) <0.001
Diabetes mellitus 1598 (34.5) 300 (41.2) <0.001
Cardiovascular disease 595 (12.8) 115 (15.8) 0.033
Cerebrovascular accident 578 (12.5) 103 (14.2) 0.23
Chronic lung disease 333(7.2) 45 (6.2) 0.364
Hematologic cancer 356 (7.7) 68 (9.3) 0.143
Metastatic cancer 1530 (33.0) 157 (21.6) < 0.001
Chronic kidney disease 271 (5.9) 96 (13.2) < 0.001
Chronic liver disease 505 (10.9) 102 (14.0) 0.016
Transplant 108 (2.3) 18 (2.5) 0918
Dementia 313(6.8) 39(54) 0.182
Suspected infection source
Pulmonary infection 1430 (30.9) 235(323) 0.469
Gastrointestinal infection 889 (19.2) 166 (22.8) 0.026
Urinary tract infection 1107 (23.9) 188 (25.8) 0.278
Hepatobiliary infection 1106 (23.9) 130(17.9) < 0.001
Central nervous system infection 17 (04) 3(04) 0.746
Bone or soft tissue infection 140 (3.0) 34 (4.7) 0.026
Catheter-related infection 42(0.9) 9(1.2) 0.518
Endocarditis 20(04) 5(0.7) 0373
Bloodstream infection 165 (3.6) 30 (4.1) 0.52
Other 123 (2.7) 21(2.9) 0.816
Multifocal infection 677 (14.6) 130(17.9) 0.026
Laboratory findings
White blood cells, x10%/uL 9.5[3.8-16.8] 9.8[3.2-17.9] 0.727
Hemoglobin, g/dL 10.7 [9-12.5] 104 [8.7-12.6] 0227
Platelets, X1 03/uL 133[71-212.5] 108 [49-193] < 0.001
Sodium, mmol/L 135[131-139] 135[131-139] 0.394
Potassium, mmol/L 4.1 [3.6-4.7] 45[3.8-53] < 0.001
Chloride, mmol/L 100 [96-105] 100 [95-105] 0.038
Blood urea nitrogen, mg/dL 29 [20-42.9] 45.3[30-65.9] < 0.001
Creatinine, mg/dL 1.410.99-2.1] 2.8[1.8-4] < 0.001
CRP, mg/dL 13.5[5.8-23.1] 17.1 [7.7-28] <0.001
Procalcitonin, ng/mL 11.9 [2.2-404] 27.8[7-79.9] <0.001
D-dimer, pg/mL 4.6[2.2-104] 6.3[2.9-13.7] < 0.001
PT-INR 1.3[1.2-15] 1.5[1.2-1.8] <0.001
aPTT, seconds 35[29.7-42.4] 39.6[32.5-49.9] < 0.001
CK-MB, ng/mL 1.8 [0.8-4.1] 39[1.6-9.2] <0.001
Albumin, g/dL 291[24-34] 2.7123-32] <0.001
AST, U/L 44 [26-100] 65 [33-182] < 0.001
ALT, U/L 28 [15-62] 32[18-92] <0.001
Glucose, mg/dL 137 [104-196] 133[92-202] 0.005
pH 742 [7.36-7.47] 7.32[7.21-74] < 0.001
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Table 1 (continued)
Non-RRT group (n=4633) RRT group (n=728) p-value
pCO,, mmHg 27.91[23.6-32.6] 26[20.7-32.5] < 0.001
pO,, mmHg 82 [67-1004] 83.9[67-115] 0.004
HCO;™, mmol/L 182 [15-21.3] 13.7[10.5-17.3] <0.001
Sa0,, % 96.1[93.2-97.9] 95.9 [92-98] 0.04
Lactate, mmol/L 4412.9-6.3] 64144-103] < 0.001
SOFA score 6 [4-9] 9[7-11] < 0.001
APACHE Il score 21 [16-27] 285(21.8-37] < 0.001
ED-to-septic shock recognition time, hours 1[0.3-2.1] 0.5[0.2-1.2] <0.001
From long-term care facility 475 (10.3) 62 (8.5) 0.166
Antibiotic administration before septic shock recognition 1152 (24.9) 111 (15.3) <0.001
Steroid administration before septic shock recognition 50(1.1) 5(0.7) 0436
Unbalanced crystalloid only 1991 (43.0) 396 (54.4) <0.001
MV before septic shock recognition 3549 (76.6) 243 (33.4) < 0.001

Note: Values are presented as median [interquartile range] or number (percentage)

Abbreviations: RRT, renal replacement therapy; SBP, systolic blood pressure; DBP, diastolic blood pressure; HR, heart rate; RR, respiratory rate; BT, body temperature;
CRP, C-reactive protein; PT-INR, prothrombin time-international normalized ratio; aPTT, activated partial thromboplastin time; CK-MB, creatine kinase-myocardial
band; AST, aspartate transaminase; ALT, alanine transaminase; SOFA, Sequential Organ Failure Assessment; APACHE, Acute Physiology and Chronic Health Evaluation;

ED, emergency department; MV, mechanical ventilation

Table 2 Comparison of diagnostic performance of ML models in test dataset

Models Accuracy Sensitivity Specificity F1-score AUPRC AUROC p-value

CatBoost 0.823 0.637 0.852 0.505 049 0.86 -
[0.801-0.846] [0.562-0.719] [0.828-0.875] [0.442-0.569] [0.427-0.581] [0.833-0.887]

XGBoost 0.853 0.575 0.896 0515 0484 0.857 0.084
[0.832-0.873] [0.493-0.658] [0.875-0.916] [0.453-0.576] [0.419-0.572] [0.83-0.885]

Logistic regression 0.827 0.575[0.5-0.658] 0.866 0475 0456 0.852 0.83
[0.805-0.848] [0.844-0.888] [0.417-0.531] [0.393-0.54] [0.823-0.879]

Random forest 0.869 0.507 0.926 0.512 0487 0.848 0.341
[0.851-0.887] [0.432-0.589] [0.908-0.943] [0.447-0.578] [0.42-0.573] [0.818-0.877]

Support vector machine  0.806 0.671 0.827 0.485 048 0.845 0.633
[0.783-0.829] [0.596-0.747] [0.801-0.852] [0.436-0.534] [0.413-0.563] [0.815-0.874]

Note: Values are presented as mean [95% confidence interval]

Abbreviations: ML, machine learning; AUPRC, area under the precision-recall curve; AUROC, area under the receiver operating characteristic curve; XGBoost,

extreme gradient boosting; CatBoost, categorical boosting

p-values were computed by comparing AUROCs the final model (CatBoost) using DeLong’s test

non-RRT and RRT groups were 71 and 70.5 years,
respectively (p=0.326). The median SOFA and APACHE
II scores were significantly higher in the RRT group than
in the non-RRT group (9 vs. 6, p<0.001; 28.5 vs. 21,
p<0.001, respectively).

Model performance evaluation
Feature selection was performed using LASSO regression
with five-fold cross-validation, resulting in 32 selected
variables (Supplementary Fig. 3 and Supplementary Table
2). Performance comparisons were conducted across
logistic regression, support vector machine, random for-
est, XGBoost, and CatBoost models. Model performance
was evaluated using AUROC, AUPRC, accuracy, preci-
sion, sensitivity, specificity, and F1-score (Table 2). Also,
positive and negative predictive values and the optimal
thresholds are presented in Supplementary Table 3.
Among the five models, CatBoost achieved the high-
est AUROC (0.86 [95% CI, 0.833-0.887]), followed

by XGBoost (0.857 [95% CI, 0.83—0.885]) and logistic
regression (0.852 [95% CI, 0.823-0.879]). These three
models demonstrated comparable discriminative perfor-
mance, with CatBoost showing the most balanced trade-
off between sensitivity (0.637 [95% CI, 0.562—0.719]) and
specificity (0.852 [95% CI, 0.828-0.875]). Tree-based
gradient-boosting models (CatBoost and XGBoost)
showed slightly better discrimination than conventional
approaches, although the ROC curves of all five models
largely overlapped (Fig. 1A), suggesting broadly compa-
rable performance. The CatBoost model demonstrated a
clearly wider ROC curve than the conventional severity
scoring systems and the SACrA (Fig. 1B). The results of
the sensitivity analysis are presented in Supplementary
Table 4.

DCA showed that the model provided greater net ben-
efit than the default strategies of treating all or none of
the patients when the threshold probability ranged from
approximately 0.05 to 0.6 (Fig. 2). The calibration curves
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Fig. 1 ROC curves for the ML models and the conventional severity scores (SOFA and APACHE) in predicting RRT (test set). (A) ROC curves for the five
machine learning models predicting RRT. (B) ROC curves for the SOFA, APACHE and SACrA scores predicting RRT. Abbreviations: ROC, receiver operating
characteristic; SOFA, Sequential Organ Failure Assessment; APACHE, Acute Physiology and Chronic Health Evaluation; RRT, renal replacement therapy
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Fig. 2 DCA for the CatBoost model predicting RRT. DCA illustrating the
net clinical benefit of the CatBoost model across a range of threshold
probabilities in the train (orange dashed line) and test (blue solid line) da-
tasets. The gray solid and dashed lines indicate the default strategies of
treating all patients (Treat-all) and treating none (Treat-none), respectively.
The model demonstrated a higher net benefit than either default strategy
when the threshold probability was approximately between 0.05 and 0.6,
suggesting its potential clinical utility in guiding RRT initiation

for the CatBoost model, illustrating the relationship
between predicted and actual probabilities of RRT initia-
tion in the test dataset, are presented in Supplementary
Fig. 4.

Model explanation

Feature importance was analyzed using SHAP values
derived from the CatBoost model. Figure 3A presents the
SHAP summary plot, illustrating the direction and mag-
nitude of each variable’s contribution to RRT prediction,

while Fig. 3B ranks the top 15 features based on their
mean absolute SHAP values. Among the top predictors,
higher creatinine levels were associated with an increased
predicted probability of RRT initiation, whereas higher
pH values and the presence of MV before septic shock
recognition were associated with a decreased predicted
probability.

Discussion

In this study, we developed ML models to predict the
need for RRT within 24 h using information available
at the time septic shock was first recognized in the ED.
Among the evaluated models, CatBoost demonstrated
the best performance. However, both sensitivity and the
Fl-score were suboptimal, with the Fl-score showing
only moderate performance, underscoring the inherent
challenge of achieving fully accurate classification using
ED information alone [31]. Even so, the CatBoost model
(AUROC, 0.86 [95% CI, 0.833-0.887]) outperformed
conventional severity scores, including SOFA (AUROC,
0.673 [95% CI, 0.628-0.717]), APACHE II (AUROC,
0.672 [95% CI, 0.623-0.719]) and SACrA (AUROC,
0.677 [95% CI, 0.633-0.718]), and was able to meaning-
fully predict RRT initiation using only limited early ED
variables. Previous studies evaluating RRT prediction
have primarily focused on intensive care unit patients
or individuals with established acute kidney injury. Our
findings therefore provide clinically relevant insight into
the prediction of RRT initiation within 24 h after septic
shock recognition in the ED. However, this does not sug-
gest that the model simply reflects overall illness severity.
Unlike conventional severity scores that summarize over-
all illness burden, the present model integrates variables
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model output. The y-axis lists the individual features, while the x-axis shows their corresponding Shapley values. The color gradient indicates whether the
feature values are relatively low or high. (B) The bar chart illustrates overall feature importance, summarized by the average of the absolute Shapley values.
This visualization highlights which covariates had the greatest influence on the final predictive model

more directly related to short-term RRT requirement,
including early renal dysfunction and acid—base derange-
ment, together with overall physiological status of the
patient. This suggests that the model may capture aspects
of RRT risk that are not fully represented by general
severity scores.

This study compared the performance of several
models, including CatBoost, XGBoost, random forest,
support vector machine, and logistic regression. Boost-
ing-based ML models can capture nonlinear relationships
and complex patterns among variables, resulting in the
most stable and consistent performance [27, 28]. How-
ever, although the gradient boosting model performed
best overall, the AUROC difference compared with logis-
tic regression was modest, and this difference was not
statistically significant, consistent with previous studies
showing that ML models are not always markedly supe-
rior to traditional statistical approaches [32, 33]. Still, the
gradient boosting—based models showed high discrimi-
native performance, with CatBoost achieving the highest
AUROC and broadly comparable results across the other
evaluation metrics. This may be relevant in the present
setting, where the need for RRT in septic shock is likely
to reflect the combined pattern of multi-organ physi-
ological derangement rather than a single abnormal vari-
able. In this context, boosting-based models may flexibly
capture nonlinear associations and complex interactions
among these variables without requiring explicit pre-
specification of interaction terms [34, 35]. Accordingly,
CatBoost was interpreted as a complementary risk-strat-
ification model rather than as a replacement for simpler
and more transparent regression-based approaches.

In the DCA, the model yielded greater net benefit than
the treat-all or treat-none strategies across the 0.05-0.6
threshold range. This suggests that the model may pro-
vide meaningful support for clinical decision-making
within a specific risk window, particularly by enabling
early identification of high-risk patients during the ini-
tial phase when decisions regarding RRT initiation are
often difficult to make promptly [36]. In general, lower
threshold probabilities reflect situations in which clini-
cians are willing to act at relatively low levels of predicted
risk, whereas higher thresholds indicate that action
would only be considered when the predicted risk is suf-
ficiently high. In the emergency setting, this may trans-
late into different levels of clinical attention and early
logistical preparation for potential RRT in patients with
septic shock. In this sense, the model is better suited as a
practical decision-support tool for early risk assessment
and resource allocation (e.g., preparing RRT equipment
or staffing), rather than as a stand-alone determinant for
initiating RRT.

In practice, the model could be integrated into the ED
workflow as an automated risk estimation tool embed-
ded within the electronic medical record system and
triggered at the time of septic shock recognition using
routinely available clinical variables [37]. Once septic
shock is identified, the model could automatically gen-
erate a predicted probability of RRT requirement within
24 h and present this information to the emergency
physician in real time. Patients identified as having a
high predicted probability of RRT requirement could
prompt earlier nephrology consultation, closer monitor-
ing, and advance logistical preparation for potential RRT
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initiation, including coordination of dialysis equipment,
trained personnel, and communication with intensive
care teams [12, 13]. In this context, the model is best
interpreted as a clinical decision-support tool that aug-
ments physician judgment and supports early resource
planning rather than as a stand-alone determinant for
initiating RRT.

The SHAP analysis suggests that the model reflects
both renal dysfunction and overall illness severity in
septic shock. This finding is clinically plausible because
decisions regarding RRT initiation in septic shock are
typically based on the combined assessment of kidney
injury and the overall physiological status of the patient
rather than on renal-specific indicators alone [18]. The
negative SHAP contribution of MV suggests that venti-
lated patients were predicted to have a lower likelihood of
requiring RRT within 24 h, which may reflect differences
in early organ dysfunction patterns and treatment path-
ways rather than a direct renal protective effect. Prior
sepsis studies have described distinct organ dysfunction
phenotypes, such as respiratory-dominant, circulatory-
dominant, and renal-dominant patterns [38, 39]. In our
study, patients who required MV before septic shock
recognition likely belonged to respiratory-dominant phe-
notypes, in which early renal function may have been rel-
atively preserved. This phenotype difference may partly
explain the inverse association observed between MV
and short-term RRT requirement. Alternatively, patients
who were intubated and mechanically ventilated before
septic shock recognition may have received earlier airway
stabilization and controlled ventilation at the referring
hospital or during prehospital care. Such early stabiliza-
tion may reduce respiratory muscle oxygen demand and
improve systemic oxygen delivery in patients with shock,
which could transiently favor renal perfusion in some
situations; however, this remains speculative rather than
evidence of a causal effect [40].

In this study, increases in creatinine and decreases
in pH were both associated with SHAP values shifting
toward a higher predicted need for RRT, indicating that
early renal dysfunction and the severity of acidemia were
each closely linked to short-term RRT requirement. Cre-
atinine reflects a combination of underlying chronic kid-
ney disease, acute tubular injury, and functional decline
due to hypoperfusion [18, 41]. Prior studies have consis-
tently shown that early elevation of creatinine is associ-
ated with subsequent RRT requirement and mortality
[18, 30]. The fact that our model identified creatinine as
the top predictor using only early clinical information
supports what clinicians have long recognized: its strong
prognostic value in renal dysfunction. In septic shock,
acidemia arises not only from lactate-driven metabolic
acidosis but also from impaired renal acid excretion
and mixed acid—base disturbances related to respiratory
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dysfunction, and its severity is closely associated with
an increased need for RRT [17, 42]. The finding that pH
retained a substantial SHAP contribution even when lac-
tate and creatinine were included in the model suggests
that pH provides additional information not captured
by these variables. Taken together, the identification of
creatinine and pH as the top predictors suggests that the
requirement for RRT initiation within 24 h after septic
shock recognition is closely associated with the com-
bined burden of structural renal injury (reflected by ele-
vated creatinine) and systemic metabolic derangement
with acidemia (reflected by low pH).

This study was conducted using a multicenter registry
and has the strength of developing a practical predic-
tion model based solely on variables that can be readily
obtained in the ED. However, several limitations should
be noted. First, although the registry was prospectively
collected, the analysis was performed retrospectively, so
residual confounding cannot be completely excluded.
Second, exclusion of patients who underwent RRT more
than 24 h after septic shock recognition may have intro-
duced potential selection bias by separating early and late
RRT trajectories. To address this concern, we conducted
a sensitivity analysis in which these patients were reclas-
sified into the non-RRT group. The results demonstrated
only minor changes, suggesting that model discrimi-
nation was not substantially affected by this exclusion.
Third, important clinical indicators relevant to RRT deci-
sion-making—such as urine output, body weight, and
cumulative fluid balance—were not available in the KoSS
registry and could not be incorporated into the model
[18, 43]. Because the registry captures only a single time
point, it was not possible to determine the severity of
acute kidney injury (e.g., KDIGO stage) or to account for
temporal physiological changes in patient status. Base-
line SOFA scores were assumed to be 0 when pre-existing
organ dysfunction data were unavailable, some degree of
misclassification may have occurred. Treatment-related
factors such as source control were also not incorporated
because the model was designed to use variables available
at the time of septic shock recognition in the ED. Fourth,
because RRT initiation reflects clinical decision-making
rather than a strictly defined physiological threshold and
may vary according to institutional practice patterns,
the outcome in this study may not represent a univer-
sally standardized physiological trigger. Accordingly,
the model predicts real-world RRT utilization within a
defined short-term window rather than the biologically
optimal timing of RRT initiation. Such variation in clini-
cal practice patterns, including thresholds for MV, may
also influence model performance when applied in other
healthcare settings. Fifth, external validation was limited,
and further studies are needed to determine the gener-
alizability of our findings in other settings. In addition,
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although the registry includes multiple participating cen-
ters, model development and validation were performed
using a random train—test split. Therefore, center-based
or temporal validation was not conducted, and future
studies incorporating these validation strategies would
further strengthen the generalizability of the model.

Conclusion

The CatBoost model developed in this study was able to
predict initiation of RRT within 24 h after septic shock
recognition with reasonable performance using early
clinical information available in the ED and outper-
formed conventional severity scores such as SOFA and
APACHE II. However, the model alone cannot determine
whether RRT should be initiated, and further evaluation
is needed to confirm whether it maintains similar perfor-
mance across different clinical settings.
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