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Graphical Abstract

Study Highlights 
•	 Machine learning model predicts 30-day mortality in ACLF patients with two or more organ failures.
•	 The CatBoost ACLF model (AUC 0.87) and Random Forest ACLF model (AUC 0.83) outperformed existing tradi-

tional scoring systems.
•	 An online prediction website was established to assist physicians in using machine learning prediction model to as-

sess the mortality risk of ACLF patients.
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Background/Aims: Prediction of short-term mortality in patients with acute-on-chronic liver failure (ACLF) admitted 
to the intensive care unit (ICU) may enhance effective management. 

Methods: To develop, explain, and validate a predictive machine learning (ML) model for short-term mortality 
in patients with ACLF with two or more organ failures (OFs). Utilizing a large ICU cohort with detailed clinical 
information, we identified ACLF patients with two or more OFs according to the EASL-CLIF and NACSELD 
definitions. ML model was developed for each definition to predict 30-day mortality. The Shapley value was 
estimated to explain the models. Validation and calibration of these models were performed.

Results: Of 5,994 patients with cirrhosis admitted to ICU, 1,511 met NACSELD criteria, and 1,692 met EASL-CLIF 
grade II or higher criteria. The CatBoost ACLF (CBA) model had the greatest accuracy in the NACSELD cohort (area 
under curve [AUC] of 0.87), while the Random Forest ACLF (RFA) model performed best in the EASL-CLIF cohort 
(AUC of 0.83). Both models showed robust calibration. The models were explained by SHAP score analysis, yielding 
a rank list, and the top twelve predictors were selected. Both simplified models demonstrated similar performance 
(CBA model: AUC 0.89, RFA model: AUC 0.81) and significantly outperformed contemporary scoring systems, 
including CLIF-C ACLF and MELD 3.0. The models were validated in both internal and external cohorts. A simple-to-
use online tool was created to predict mortality rates.

Conclusions: We presented explainable, well-validated, and calibrated predictive models for ACLF patients with two 
or more OFs, which outperformed existing predictive scores. (Clin Mol Hepatol 2025;31:1355-1371)
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INTRODUCTION

Acute-on-chronic liver failure (ACLF) represents a severe 

and prevalent complication among patients with cirrhosis 

globally.1,2 Especially in patients with ACLF and the devel-

opment of two or more extrahepatic organ failures (OFs) 

following an acute insult,2 intensive care unit (ICU)-admis-

sion is often required.3-6 

In general, ACLF is associated with a high short-term 

mortality rate.1,2 Therefore, accurately determining disease 

severity and identifying key prognostic factors are crucial to 

optimizing care strategies. Especially, patients with ≥2 

OFs, reflecting grade II ACLF according to the European 

Association for the Study of the Liver-Chronic Liver Failure 

(EASL-CLIF) definition and then North American Consor-

tium for the Study of End-stage Liver Disease (NACSELD) 

definition of ACLF, may require huge medical resources. 

The conventional belief that an increased number of OFs 

directly correlates with higher mortality fails to account for 

the differential impact of specific OFs on patient prognosis.7 

Clinical observations suggest that the mortality risk associ-

ated with ACLF is not uniformly influenced by all types of 

OF. However, there is a paucity of research exploring the 

hierarchical influence of different OFs on mortality.

The application of machine learning (ML) models in pre-

dicting outcomes for critically ill patients has seen signifi-

cant growth.8-10 However, none have been developed for 

this specific ACLF patient population.11 Moreover, the limit-

ed transparency of deep learning models hinders their clin-

ical effectiveness and trustworthiness, as it constrains the 

interpretability of these models.12 In this study, we aimed to 

utilize a large ICU cohort to develop explainable ML mod-

els capable of predicting short-term mortality in patients 

with ACLF ≥2 OFs and to elucidate the hierarchical rela-

tionships among predictive factors. 

MATERIALS AND METHODS

Data source

This is an ICU-based retrospective cohort study. Data 

were obtained from the Medical Information Mart for Inten-

sive Care- IV (MIMIC-IV) database (version 2.2), a publicly 

available database that documented de-identified electronic 

health records from ICUs at the Beth Israel Deaconess 

Medical Center (BIDMC) between 2008–2019.13-15 Given the 

public availability and the de-identification of the data, ap-

proval from the local institutional board review was not ob-

tained. The reporting of this study follows both STROBE16 

and TRIPOD+AI statements (Supplementary Tables 1, 2).17

Definitions

The study explored two ACLF populations: those meet-

ing NACSELD criteria and those with EASL-CLIF ACLF 

grade≥II.18,19 Per the NACSELD definition, ACLF is char-

acterized by the presence of two or more OFs in the kid-

ney, brain, circulation, and respiration in patients with cir-

rhosis.20 (for detailed information on definitions and 

patient selection criteria, see Supplementary Method and 

Supplementary Table 3).

Data description

A total of 24 variables were used, including demographic 

characteristics, drug use, vital signs, laboratory tests, and 

parameters of OFs (for detailed information on variables 

used, see Supplementary Method).

Study outcomes and design

The primary outcome was defined as the 30-day mortali-

ty rate. The MIMIC-IV database provides comprehensive 

mortality data through two reliable sources: the hospital in-

formation system and the Massachusetts State Registry of 

Vital Records and Statistics.21 This robust data linkage en-

sures complete mortality follow-up regardless of whether 

patients continued ICU care or were transferred to other 

wards. The secondary outcome involved interpreting the 

selected model to determine the predictors and their im-

pact on 30-day mortality. We aimed to develop predictive 

models for patients with ACLF ≥2 OFs (NACSELD defini-

tion and grade two or higher ACLF, EASL-CLIF definition) 

(for detailed information on study design, see Supplemen-

tary Method).

Statistical analysis

All statistical analyses were performed using Python 
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(version 3.8.18) and R (version 4.3.2). Descriptive analysis 

was performed to summarize the baseline characteristics 

of patients with ACLF with at least two OFs. 

To determine the required sample size for the prediction 

model, the pmsampsize package in R was used, following 

the criteria from Riley.22 The CLIF-C ACLF score served as 

the benchmark model, which was based on a cohort of 202 

patients, 99 of whom (49%) died within 28 days. The model 

used three predictors and achieved an area under curve 

(AUC) of 0.8 for predicting 28-day mortality.4 The sample 

size calculation indicated that at least 385 samples, includ-

ing 189 deaths, were required for reliable model develop-

ment. The sample size in the study was sufficient to meet 

this requirement.

The ACLF cohort was divided into training (70%) and in-

ternal (30%) validation datasets through random sampling 

(Supplementary Fig. 1) (for detailed information on the pre-

dictive model development process, see Supplementary 

Method).

Model interpretation

Upon finalizing the predictive model, the SHapley Addi-

tive exPlanations (SHAP) were used for model interpret-

ability. It quantified the contribution of each feature toward 

the overall prediction for a given observation.23 A ranked 

list of variables according to the Shapley value was gener-

ated. 

To enhance usability and practicality, we further refined 

the top-performing model for each definition by selecting 

the top twelve variables using embedding methods, pack-

ing methods, and SHAP calculations. Model performance 

was assessed in both training and internal validation co-

horts. Additionally, AUC values of the final model were 

compared to four commonly used scores (MELD, MELD-

Na, MELD 3.0, and CLIF-C ACLF) using the Delong test.

External validation

In our external validation cohort, we validated our find-

ings in a cohort of 498 patients with liver cirrhosis and ad-

mission to intermediate care unit (IMC)/ICU at a tertiary 

university clinic in Germany (for detailed information on ex-

ternal validation cohort, see Supplementary Method and 

Supplementary Fig. 2).

Website generation 

We translated the findings into an interactive online cal-

culator. This tool was designed to enable physicians and 

researchers to utilize or validate our model by providing a 

30-day mortality rate and the direction and relative weight 

of the factors in predicting mortality. The latter feature indi-

cates whether the predictors’ impact is positive (increasing 

risk) or negative (decreasing risk).

RESULTS

Baseline characteristics of patients

Supplementary Fig. 3 delineates the patient selection 

process. From the MIMIC-IV database, which initially in-

cluded 5,994 patients with cirrhosis, a total of 1,591 pa-

tients met the criteria of ACLF according to the NACSELD 

definition and 1,760 patients met the criteria of grade II and 

above ACLF according to the EASL-CLIF definition. Follow-

ing the imputation of missing data for patients with five or 

fewer missing variables (Supplementary Table 4A, 4B), the 

final cohort for model development comprised 1,511 (NAC-

SELD definition) and 1,692 (EASL-CLIF definition) patients 

with two or more OFs. 

The distribution of demographic and clinical characteris-

tics of these patients with two or more OFs is presented in 

Supplementary Table 5A and 5B, stratified by severity lev-

els. In the NACSELD criteria-defined ACLF cohort, the me-

dian age was 59 years (interquartile range [IQR]: 52–67 

years), and 63.3% of the cohort was male. The prevalence 

of OFs was as follows: respiratory failure (83.5%), circula-

tory failure (73.5%), brain failure (50.3%), and kidney failure 

(22.7%). Among those with grade II and above ACLF (EA-

SL-CLIF definition), the median age was 59 years (IQR: 

52–68 years), and 63.5% were male. circulatory failure 

(59.0%) exhibited the highest prevalence, followed by lung 

failure (56.7%), kidney failure (50.6%), and coagulation fail-

ure (33.9%). Liver failure (23.2%) was the least common 

OF. Notably, in both definitions, patients with more ad-

vanced ACLF exhibited significantly higher levels of aspar-

tate transaminase (AST), alanine transaminase (ALT), total 

bilirubin, international normalized ratio (INR), and creati-

nine, along with lower albumin levels. Table 1 and Table 2 



Yee Hui Yeo, et al. 
Predictive ML model in ICU patients with ACLF

https://doi.org/10.3350/cmh.2025.0573 1359http://www.e-cmh.org

Table 1. Distribution of demographic and clinical characteristics in patients with acute-on-chronic liver failure (ACLF) according to the 
NACSELD ACLF definition, categorized by survival status at day 30

Variable Overall (n=1,511) Survival (n=788) Death (n=723) P-value

Age, years 59.0 (52.0, 67.0) 58.0 (51.0, 66.0) 60.0 (52.0, 69.0) 0.002

Male 956 (63.3) 499 (63.3) 457 (63.2) 0.963

Etiology

ALD 826 (54.7) 429 (54.4) 397 (54.9) 0.855

HBV 32 (2.1) 13 (1.6) 19 (2.6) 0.187

HCV 125 (8.3) 63 (8.0) 62 (8.6) 0.683

MASLD 89 (5.9) 49 (6.2) 40 (5.5) 0.572

Immune-related 85 (5.6) 55 (7.0) 30 (4.1) 0.017

Genetic-related 12 (0.8) 2 (0.3) 10 (1.4) 0.014

Cryptogenic cirrhosis 473 (31.3) 241 (30.6) 232 (32.1) 0.529

Others 18 (1.2) 9 (1.1) 9 (1.2) 0.854

Complication

CKD 229 (15.2) 109 (34.4) 120 (16.6) 0.134

COPD 183 (12.1) 96 (12.2) 87 (12.0) 0.929

IHD 155 (10.3) 92 (11.7) 63 (8.7) 0.058

Hypertension 530 (35.1) 291 (36.9) 239 (33.1) 0.115

Antibiotic 1,196 (79.2) 613 (77.8) 583 (80.6) 0.174

Bleeding 606 (40.1) 290 (36.8) 316 (43.7) 0.006

Organ failure 

Brain 760 (50.3) 396 (50.3) 364 (50.3) 0.972

Circulation 1,110 (73.5) 526 (66.8) 584 (80.8) <0.001

Kidney 343 (22.7) 144 (18.3) 199 (27.5) <0.001

Respiratory 1,262 (83.5) 684 (86.8) 578 (79.9) <0.001

Mechanical ventilation

Respiratory failure 1,016 (67.2) 525 (66.6) 491 (67.9) 0.595

Brain failure 143 (9.5) 95 (12.1) 48 (6.6) <0.001

Other 103 (6.8) 64 (8.1) 39 (5.4) 0.036

Score

MELD 22.6 (14.2, 31.2) 16.3 (11.3, 25.1) 28.8 (20.8, 35.3) <0.001

MELD-Na 23.6 (14.5, 32.3) 17.4 (11.5, 26.3) 29.7 (21.5, 35.9) <0.001

Vital signs

Heart rate (bpm) 89.3 (77.3, 103.0) 85.4 (75.4, 99.2) 94.0 (80.9, 106.0) <0.001

SBP (mmHg) 107.3 (99.7, 117.0) 110.7 (102.7, 121.3) 103.7 (95.7, 112.6) <0.001

DBP (mmHg) 58.0 (51.7, 64.5) 59.7 (54.1, 66.5) 55.6 (49.4, 61.7) <0.001

MAP (mmHg) 72.1 (66.3, 78.6) 74.3 (69.1, 81.2) 69.3 (63.3, 75.9) <0.001

Respiratory rate (bpm) 19.3 (16.6, 22.6) 18.2 (16.0, 20.8) 20.8 (17.8, 24.0) <0.001

Temperature (℃) 36.8 (36.5, 37.1) 36.9 (36.6, 37.2) 36.7 (36.4, 37.0) <0.001

SpO2 (%) 97.5 (95.8, 98.9) 98.1 (96.6, 99.2) 96.7 (95.0, 98.3) <0.001

Laboratory testing

Glucose (mg/dL) 135.5 (110.3, 172.0) 139.0 (116.0, 177.5) 131.0 (103.1, 166.3) <0.001

AST (U/L) 84.0 (45.0, 191.5) 76.0 (43.4, 188.2) 90.0 (48.0, 195.2) 0.900

ALT (U/L) 41.0 (24.0, 102.2) 42.0 (24.0, 119.9) 40.3 (24.0, 88.7) 0.018
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show the demographic distribution, clinical characteristics 

and etiology (Supplementary Table 6) of ACLF patients 

with two or more OFs, grouped according to their 30-day 

survival status. For both NACSELD and EASL-CLIF defini-

tions, the group that survived had a notably lower preva-

lence of kidney and circulatory failures compared to those 

who did not survive. Vital signs and the majority of labora-

tory measurements exhibited significant differences be-

tween the survival and mortality groups. Based on EASL-

CLIF criteria, when partial pressure of arterial oxygen (PaO2)/

fraction of inspired oxygen (FiO2) ≤ 200 or peripheral oxygen 

saturation (SpO2)/FiO2 ≤ 214, we could consider the patient 

to have respiratory failure. We counted the actual rates of re-

spiratory failure and brain failure in patients receiving me-

chanical ventilation in the NACSELD and EASL-CLIF cohorts 

(Tables 1, 2 and Supplementary Table 5).

The mortality probability on day 30 in the NACSELD 

ACLF cohort was 47.8% (Fig. 1A), while it was 49.2% in the 

EASL-CLIF Grade II and above ACLF cohort (Fig. 1B). The 

EASL-CLIF cohort was able to further differentiate mortality 

risks among subgroups, showing distinct mortality rates for 

patients with 2, 3, and 4–6 OFs. Specifically, mortality rates 

were 37.8%, 55.2%, and 72.1% for patients with 2, 3, and 

4–6 OFs, respectively. In comparison, the stratification of 

the NACSELD cohort was less discriminative (Fig. 1C, 1D). 

Model development

The predictive performance of the top 10 combinations of 

predictive models determined using the training dataset 

(left panel) and the results of internal validation (right panel) 

are demonstrated in Supplementary Table 7A (NACSELD 

definition) and 7B (EASL-CLIF definition). In the NACSELD 

ACLF cohort, the CatBoost ACLF (CBA) model exhibited 

the highest accuracy for predicting 30-day mortality in the 

overall cohort in both training and internal validation datas-

ets, achieving an area under the receiver-operating char-

acteristic curve (AUROC) of 0.87, sensitivity of 0.86, and 

specificity of 0.72 (Supplementary Table 7A). In the EASL-

CLIF ACLF cohort, the Random Forest ACLF (RFA) model 

performed best, achieving an AUROC of 0.83, sensitivity of 

0.82, and specificity of 0.67 (Supplementary Table 7B). 

Figure 2A and 2B display the ROC curves and relevant 

AUC values for the validation model in the NACSELD and 

EASL-CLIF ACLF cohorts, respectively. 

The comparison between the CBA and RFA models’ pre-

dicted result and actual mortality exhibited consistency 

(Fig. 2C [NACSELD ACLF cohort] and 2D [EASL-CLIF 

ACLF cohort]). The categorization of patients based on the 

mortality probability yielded three distinct mortality proba-

bility curves (Fig. 2E [NACSELD ACLF cohort] and 2F [EA-

SL-CLIF ACLF cohort]). The risk stratifications in both co-

horts were more effective than conventional stratification, 

as exhibited in Figure 1C and 1D.

The decision curve analysis shows the net benefits of the 

best model for ACLF patients with two or more OFs under 

different probability thresholds (Supplementary Fig. 4). In 

both NACSELD and EASL-CLIF cohorts, the predictive 

models exhibited a slow downward trend, and the net ben-

efit remained above zero at most thresholds, demonstrat-

Table 1. Continued

Variable Overall (n=1,511) Survival (n=788) Death (n=723) P-value

Bilirubin (mg/dL) 3.8 (1.6, 9.5) 2.5 (1.3, 5.4) 5.9 (2.4, 15.2) <0.001

INR 1.8 (1.4, 2.3) 1.5 (1.3, 1.9) 2.2 (1.7, 2.7) <0.001

WBC (K/μL) 10.8 (7.0, 15.9) 9.9 (6.4, 14.4) 12.3 (8.1, 17.9) <0.001

Platelet count (K/μL) 98.7 (64.0, 150.5) 106.0 (72.6, 157.5) 88.0 (57.6, 139.1) <0.001

Creatinine (mg/dL) 1.5 (0.9, 2.8) 1.2 (0.8, 2.2) 2.0 (1.2, 3.3) <0.001

Sodium (mEq/L) 138.0 (134.0, 141.7) 138.8 (135.5, 141.5) 137.0 (133.0, 142.0) 0.005

Albumin (g/dL) 3.0 (2.6, 3.4) 3.1 (2.8, 3.4) 2.9 (2.5, 3.4) <0.001

Values are presented as median (interquartile range) or number (%). 
NACSELD, North American Consortium for the Study of End-Stage Liver Disease; ALD, alcoholic liver disease; HBV, hepatitis B virus; 
HCV, hepatitis C virus; MASLD, metabolic dysfunction-associated steatotic liver disease; CKD, chronic kidney disease; COPD, chronic 
obstructive pulmonary disease; IHD, ischemic heart disease; SpO2, peripheral oxygen saturation; ALT, alanine transaminase; AST, 
aspartate transaminase; DBP, diastolic blood pressure; INR, international normalized ratio; MAP, mean arterial pressure; SBP, systolic 
blood pressure; WBC, white blood cell count.
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Table 2. Distribution of demographic and clinical characteristics in patients with acute-on-chronic liver failure (ACLF) according to the 
EASL-CLIF definition grade II and above, categorized by survival status at day 30

Variable Overall (n=1,692) Survival (n=860) Death (n=832) P-value
Age, years 59.0 (52.0, 68.0) 59.0 (51.0, 67.0) 60.0 (52.0, 69.0) 0.003

Male 1,074 (63.5) 550 (64.0) 524 (63.0) 0.678

Etiology

ALD 920 (54.4) 456 (53.0) 464 (55.8) 0.257

HBV 38 (2.2) 17 (2.0) 21 (2.5) 0.448

HCV 140 (8.3) 70 (8.1) 70 (8.4) 0.838

MASLD 103 (6.1) 57 (6.6) 46 (5.5) 0.344

Immune-related 94 (5.6) 57 (6.6) 37 (4.4) 0.050

Genetic-related 14 (0.8) 4 (0.5) 10 (1.2) 0.095

Cryptogenic cirrhosis 532 (31.4) 269 (31.3) 263 (31.6) 0.883

Others 23 (1.4) 13 (1.5) 10 (1.2) 0.583

Complication

CKD 300 (17.7) 154 (17.9) 146 (17.5) 0.847

COPD 198 (11.7) 106 (12.3) 92 (11.1) 0.417

IHD 179 (10.6) 106 (12.3) 73 (8.8) 0.017

Hypertension 591 (34.9) 316 (36.7) 275 (33.1) 0.111

Antibiotic 1,223 (72.3) 636 (74.0) 587 (70.6) 0.118

Bleeding 652 (38.5) 298 (34.7) 354 (42.5) <0.001

Organ failure 

Liver 392 (23.2) 126 (14.7) 266 (32.0) <0.001

Kidney 856 (50.6) 368 (42.8) 488 (58.7) <0.001

Coagulation 573 (33.9) 202 (23.5) 371 (44.6) <0.001

Brain 754 (44.6) 383 (44.5) 371 (44.6) 0.981

Circulation 999 (59.0) 482 (56.0) 517 (62.1) 0.011

Lung 960 (56.7) 534 (62.1) 426 (51.2) <0.001

Mechanical ventilation

Respiratory failure 946 (55.9) 526 (61.2) 420 (50.5) <0.001

Brain failure 8 (0.5) 4 (0.5) 4 (0.5) 0.963

Other 6 (0.4) 4 (0.5) 2 (0.2) 0.437

Score

MELD 24.4 (16.1, 31.5) 19.6 (12.8, 27.2) 28.8 (21.8, 34.7) <0.001

MELD-Na 25.8 (16.7, 32.8) 20.8 (13.0, 28.5) 30.0 (22.8, 35.5) <0.001

Vital signs

Heart rate (bpm) 89.8 (77.4, 103.3) 86.3 (75.5, 98.7) 94.4 (80.8, 107.2) <0.001

SBP (mmHg) 107.1 (99.0, 117.4) 110.1 (102.0, 121.4) 104.4 (95.8, 113.7) <0.001

DBP (mmHg) 58.2 (52.0, 64.6) 59.6 (54.0, 66.3) 56.5 (49.7, 63.0) <0.001

MAP (mmHg) 72.0 (66.2, 78.7) 74.2 (68.2, 81.0) 69.8 (63.8, 76.3) <0.001

Respiratory rate (bpm) 19.2 (16.6, 22.4) 18.2 (16.0, 20.8) 20.4 (17.4, 23.8) <0.001

Temperature (℃) 36.7 (36.5, 37.0) 36.8 (36.6, 37.1) 36.6 (36.4, 36.9) <0.001

SpO2 (%) 97.3 (95.6, 98.8) 97.8 (96.3, 99.1) 96.7 (94.8, 98.3) <0.001

Laboratory testing

Glucose (mg/dL) 134.3 (109.4, 170.9) 139.0 (115.1, 179.0) 130.0 (103.0, 161.5) <0.001
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Table 2. Continued

Variable Overall (n=1,692) Survival (n=860) Death (n=832) P-value

AST (U/L) 85.0 (44.0, 202.2) 79.8 (41.3, 210.1) 87.0 (48.0, 192.1) 0.758

ALT (U/L) 41.0 (23.0, 107.0) 41.4 (23.0, 134.1) 41.0 (24.0, 89.3) 0.002

Bilirubin (mg/dL) 3.7 (1.7, 10.3) 2.6 (1.3, 6.2) 5.6 (2.4, 15.2) <0.001

INR 1.9 (1.5, 2.5) 1.6 (1.3, 2.0) 2.2 (1.7, 2.7) <0.001

WBC (K/μL) 10.9 (7.1, 15.9) 10.0 (6.5, 14.8) 12.0 (7.9, 17.6) <0.001

Platelet count (K/μL) 100.0 (64.0, 152.0) 108.1 (73.6, 158.3) 88.6 (57.7, 142.8) <0.001

Creatinine (mg/dL) 1.8 (1.0, 2.9) 1.4 (0.8, 2.4) 2.0 (1.2, 3.2) <0.001

Sodium (mEq/L) 137.7 (133.5, 141.3) 138.3 (134.5, 141.2) 136.7 (132.0, 141.5) 0.002

Albumin (g/dL) 3.0 (2.6, 3.4) 3.0 (2.7, 3.3) 3.0 (2.5, 3.4) 0.008

Values are presented as median (interquartile range) or number (%). 
EASL-CLIF, European Association for the Study of the Liver-Chronic Liver Failure; ALD, alcoholic liver disease; HBV, hepatitis B virus; 
HCV, hepatitis C virus; MASLD, metabolic dysfunction-associated steatotic liver disease; CKD, chronic kidney disease; COPD, chronic 
obstructive pulmonary disease; IHD, ischemic heart disease; SpO2, peripheral oxygen saturation; ALT, alanine transaminase; AST, 
aspartate transaminase; DBP, diastolic blood pressure; INR, international normalized ratio; MAP, mean arterial pressure; SBP, systolic 
blood pressure; WBC, white blood cell count.
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Figure 1. Mortality probability of patients with acute-on-chronic liver failure at day 30. (A) Cohort according to the NACSELD ACLF defini-
tion. The dotted line denotes the mortality probability at day 30. (B) Cohort according to the EASL-CLIF definition grade II and above 
ACLF. The dotted line denotes the mortality probability at day 30. (C) The NACSELD ACLF definition subgroup analysis by the number of 
organ failures. (D) The EASL-CLIF definition grade II and above ACLF subgroup analysis by the number of organ failures. The red line 
denotes patients with ACLF with two organ failures, while the green and blue represent three and four organ failures, respectively. P-val-
ue was computed using log-rank test to determine the difference in mortality probability across the severity subgroups. NACSELD, North 
American Consortium for the Study of End-Stage Liver Disease; ACLF, acute-on-chronic liver failure; EASL-CLIF, European Association 
for the Study of the Liver-Chronic Liver Failure. 
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ing strong clinical utility across most thresholds.

To explain the best-performing models, the variables 

were screened and ranked according to predictor im-

portance analysis as indicated by multiple methods 

(Supplementary Table 8). Of note, the rank lists of SHAP 

values of both ACLF cohorts showed that INR is the top-

ranked predictor (Supplementary Fig. 5).

To enhance the usability of the CBA model and RFA mod-
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Figure 2. Predictive performance for 30-day mortality of acute-on-chronic liver failure (ACLF). (A) Areas under the receiver operating 
characteristics (AUROC) curves of the 10 top-performing machine learning models with the cohort according to the NACSELD ACLF def-
inition. (B) AUROC curves of the 10 top-performing machine learning models with the cohort according to the EASL-CLIF definition grade 
II and above ACLF. The AUC was calculated using the trapezoidal rule, which approximates the area under the ROC curve by summing 
the areas of trapezoids formed under the curve. (C) Comparison of CBA model predicted mortality rates with actual survival status. (D) 
Comparison of RFA model predicted mortality rates with actual survival status. The green line represents the predicted probability of 
death, and the patient status bar represents the patient’s 30-day true survival status. The comparison highlights the accuracy of the mod-
els in predicting mortality outcomes. (E) Mortality probability of patients with ACLF at day 30 categorized by the prediction of the CBA 
model. (F) Mortality probability of patients with ACLF at day 30 categorized by the prediction of the RFA model. The red line represents 
high risk ACLF patients, while green and blue represent low risk and medium risk patients, respectively. The P-value is calculated using 
logarithmic rank test to determine the differences in mortality probability among subgroups of different severity levels. NACSELD, North 
American Consortium for the Study of End-Stage Liver Disease; EASL-CLIF, European Association for the Study of the Liver-Chronic 
Liver Failure; AUC, area under curve; ROC, receiver operating characteristics; CBA, CatBoost ACLF; RFA, Random Forest ACLF; KNN, 
K-Nearest Neighbors; XGBoost, eXtreme Gradient Boosting; AdaBoost, Adaptive Boosting; CatBoost, Categorical Boosting; LightGBM, 
Light Gradient Boosting Machine; SVM, Support Vector Machine.
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el, we focused on the top 12 factors identified in both the 

overall model and the severity subgroup models (Table 3). 

Using the models with top-performing variables only did 

not compromise the overall predictive performance. The 

AUC of the CBA model to predict the 30-day mortality in 

patients with NACSELD-define ACLF was 0.89, with both 

sensitivity and specificity of 0.81 (12 factors: INR, respira-

tory rate, age, total bilirubin, albumin, systolic blood pres-

sure [SBP], sodium, heart rate, SpO2, body temperature, 

ALT, creatinine). The AUC of the RFA model in the EASL-

CLIF ACLF cohort was 0.81, with a sensitivity of 0.78 and a 

specificity of 0.70 (12 factors: INR, total bilirubin, body tem-

perature, respiratory rate, mean arterial pressure [MAP], 

heart rate, SpO2, SBP, creatinine, platelet count, white 

blood cell count [WBC], albumin). 

Model comparison and validation

Furthermore, both CBA and RFA models demonstrated 

significantly higher AUC values compared to conventional 

predictive models (MELD, MELD-Na, MELD 3.0, and CLIF-

C ACLF scores) for predicting 30-day mortality in the re-

spective cohorts (Fig. 3A, 3B). Figure 3C and 3D show the 

calibration curves of CBA and RFA models compared to 

conventional prediction models. The calibration curves of 

the CBA and RFA models were closest to the reference 

line, with the lowest Brier scores, which significantly out-

performed conventional predictive models. The P-values of 

the DeLong test that compared either the CBA or RFA 

models to the conventional predictive models were all be-

low 0.05 (Supplementary Table 9).

Using the external validation cohort (Supplementary Table 

10), the use of these 12 top-performing variables showed a 

consistent predictive accuracy, with an AUC of 0.79 for the 

CBA model and 0.73 for the RFA model.

To further validate the effectiveness of the model, we vali-

dated it in three subgroups of ACLF patients: patients with 

alcohol-associated liver disease, patients treated with antibi-

otics, and patients with bleeding. The results showed that 

our model performed well in different subgroups, with certain 

stability and wide applicability (Supplementary Table 11).

Prediction website

To promote the accessibility and practical application of 
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Figure 2. Continued.

Table 3. The predictive performance of the best model for NAC-
SELD ACLF and EASL-CLIF definition grade II and above ACLF 
cohorts using all or the 12 top-performing predictors 

Metrics 12 factors

CBA model (NACSELD definition) Specificity 0.814

Sensitivity 0.813

Precision 0.813

F1 score 0.813

AUC 0.887

RFA model (EASL-CLIF definition 
grade II and above)

Specificity 0.779

Sensitivity 0.696

Precision 0.753

F1 score 0.723

AUC 0.811

NACSELD, North American Consortium for the Study of End-
Stage Liver Disease; ACLF, acute-on-chronic liver failure; EASL-
CLIF, European Association for the Study of the Liver-Chronic 
Liver Failure; AUC, area under the curve; CBA, CatBoost ACLF; 
RFA, Random Forest ACLF.



Yee Hui Yeo, et al. 
Predictive ML model in ICU patients with ACLF

https://doi.org/10.3350/cmh.2025.0573 1365http://www.e-cmh.org

these models, we developed a dedicated website. The 

platform is designed to assist physicians and researchers 

worldwide in utilizing our predictive models for ACLF pa-

tients with two or more OFs to estimate the mortality risk. 

The website (https://aclf-death-prediction-nacseld-and-ea-

sl-clif.streamlit.app/) allowed both individual patient data 
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Figure 3. Comparison of predictive performance between machine learning models and conventional predictive scores for acute-on-
chronic liver failure (ACLF). (A) Cohort according to the NACSELD ACLF definition. (B) Cohort according to the EASL-CLIF definition 
grade II and above ACLF. The ROC curve illustrates the predictive performance of various machine learning models and conventional 
scoring systems for predicting 30-day mortality in patients with ACLF. The AUC was calculated using the trapezoidal rule, which approxi-
mates the area under the ROC curve by summing the areas of trapezoids formed under the curve. Calibration curves of CBA model, RFA 
model, and conventional predictive models (MELD, MELD-Na, MELD 3.0, and CLIF-C ACLF scores) for predicting 30-day mortality. (C) 
Cohort according to the NACSELD ACLF definition. (D) Cohort according to the EASL-CLIF definition grade II and above ACLF. NAC-
SELD, North American Consortium for the Study of End-Stage Liver Disease; EASL-CLIF, European Association for the Study of the Liv-
er-Chronic Liver Failure; AUC, area under curve; ROC, receiver operating characteristics; CBA, CatBoost ACLF; RFA, Random Forest 
ACLF. 
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input and uploading of a table of patient data. Figure 4 

shows case examples of the model’s predictions for pa-

tients, illustrating cases where patients survived or suc-

cumbed by day 30, respectively. Notably, the model dy-
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Figure 4. Examples of website output including survival rate at day 30 and the direction and magnitude of contributions towards survival. 
(A) A case of a patient with acute-on-chronic liver failure who survived within 30 days. Patient information: INR (1.28), age (74 year), biliru-
bin (2.95 mg/dL), respiratory rate (16.67 bpm), albumin (3.50 g/dL), sodium (136.67 mEq/L), heart rate (67.71 bpm), systolic blood pressure 
(99.22 mmHg), SpO2 (95.00%), alanine transaminase (20.50 IU/L), temperature (37.04℃), creatinine (0.87 mg/dL). (B) A case of a patient 
with acute-on-chronic liver failure who died within 30 days. Patient information: INR (3.63), age (74 year), bilirubin (3.40 mg/dL), respirato-
ry rate (15.85 bpm), albumin (3.00 g/dL), sodium (139.67mEq/L), heart rate (88.34 bpm), systolic blood pressure (100.34 mmHg), SpO2 
(94.67%), alanine transaminase (94.00 IU/L), temperature (35.59℃), creatinine (3.43 mg/dL). This figure illustrates the SHAP values for 
two patients, showing the probability of death and the contribution of various features to the model’s prediction. The blue and left indicate 
a positive contribution to survival, and the red and right indicate a negative contribution. INR, international normalized ratio; SpO2, periph-
eral oxygen saturation; SHAP, SHapley Additive exPlanations.
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namically adjusts the ranking and direction of variables 

(positive or negative predictive factors) based on the spe-

cific input data provided for each patient. Figure 4A dem-

onstrates a predicted 30-day mortality probability of 9.5% 

for the patient, indicating low short-term risk, which aligns 

with the observed survival outcome. In contrast, Figure 4B 

shows mortality probability of 84.4% for another patient. 

The high-risk prediction was primarily driven by elevated 

INR and advanced age, and the prediction was consistent 

with the patient’s mortality outcome observed at 30 days.

DISCUSSION

In this study, we developed interpretable predictive mod-

els to predict 30-day mortality for patients with ACLF with 

two or more OFs, defined by NACSELD and EASL-CLIF 

criteria, that outperformed existing scoring systems includ-

ing MELD, MELD 3.0, MELD-Na, and CLIF-C ACLF 

scores. We also presented hierarchical insights into the 

clinical and demographic factors influencing the survival of 

patients with ACLF, categorizing by severity of ACLF. The 

establishment of a user-friendly, fully automated online tool 

for mortality prediction without the need for data process-

ing underscores the practical applicability of our findings, 

facilitating personalized patient care. The diagnostic perfor-

mance of these models was validated using an internal val-

idation cohort and an independent cohort with the same di-

agnosis criteria and eligibility, including both NACSELD 

and EASL-CLIF definitions.

Utilizing a large ICU cohort with detailed clinical informa-

tion allowed us to establish a robust predictive model. Pre-

vious studies using the United Network for Organ Sharing 

(UNOS) or National Inpatient Database24,25 often lack the 

granularity of clinical data. Although there have been high 

quality studies to facilitate policy-making,26,27 the data was 

found to be discordant with manual chart review,28 which 

could hinder their use in developing predictive models. 

The clinical characteristics of our ACLF cohort, defined 

by both NACSELD and EASL-CLIF criteria, exhibit notable 

differences in previous studies. A prior study comparing 

the utility of the NACSELD and CLIF-C ACLF definitions 

showed that the NACSELD definition was superior in pre-

dicting overall 28-day mortality.29 The CLIF-C ACLF criteria 

define respiratory failure based on parameters such as 

SpO2, PaO2, and FiO2, while the NACSELD criteria empha-

size the use of mechanical ventilation only. This reliance on 

intubation status may misclassify patients who are me-

chanically ventilated for airway protection due to hepatic 

encephalopathy, rather than true respiratory failure. Recent 

research, including a study by Schulz et al.,30 has indicated 

that respiratory failure and the necessity for mechanical 

ventilation are independent risk factors for increased short-

term mortality. Recent consensus statements on OF defini-

tions in cirrhosis have called for refinement of existing crite-

ria. Future studies that adopt more physiologically nuanced 

definitions are needed.31

The NACSELD-ACLF score, developed through multi-

variable regression modeling using a multi-centered, pro-

spective cohort of ACLF patients,7 was not externally vali-

dated in the original study. In a subsequent study involving 

276 consecutive cirrhotic patients with ACLF, the predictive 

performance of the NACSELD-ACLF score (AUC=0.67, 

95% confidence interval [CI]: 0.61–0.74) was found to be 

significantly lower than that of the CLIF-C ACLF score 

(AUC=0.79, 95% CI: 0.73–0.85) and the CLIF-C-lactate 

score (AUC=0.80, 95% CI: 0.75–0.86).32 Notably, the AUC 

of the CLIF-C ACLF score in our study was 0.77, aligning 

with the findings of this subsequent validating article. Addi-

tionally, our study, based on baseline data collected at the 

time of ACLF diagnosis, aligns with the methodology of the 

VOCAL-Penn model (derived from 74,790 patients meeting 

the EASL-CLIF criteria to predict 28- and 90-day mortality, 

achieving AUC values ranging from 0.79 to 0.82).33 Notably, 

our model achieved equivalent predictive performance us-

ing a significantly smaller cohort of 1,692 ACLF patients 

meeting the EASL-CLIF criteria, while better distinguishing 

mortality risk levels.

This study has demonstrated that both the CBA and RFA 

models significantly outperform the CLIF-C ACLF score in 

predicting mortality in ACLF patients, with the RFA model 

performing particularly well in the EASL-CLIF cohort. Nota-

bly, the performance of the CLIF-C ACLF score varies 

across prior literature. A systematic review of the predictive 

performance of the CLIF-C ACLF score reported a wide 

variation in AUC values.34 This variability could be attribut-

ed to differences in the definition of ACLF, inclusion/exclu-

sion criteria of studies (we focused on ICU patients), base-

line severity of ACLF among patients (we focused on grade 

II and above), and variations in patient management across 
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different countries. To provide an example with high com-

parability, a landmark study by Engelmann et al.,4 which in-

cluded an ICU cohort of 202 patients with EASL-CLIF crite-

ria-defined ACLF between 2005 and 2012, reported an 

AUC of 0.80 for 28-day mortality using the CLIF-C ACLF 

score. Another study focusing on 249 patients who met the 

EASL-CLIF definition of ACLF and were admitted to the 

ICU demonstrated an AUC of 0.83 in predicting 28-day 

mortality.35 Our study focused on ICU patients with two or 

more OFs, which is known for capturing a more severe 

form of ACLF. Consequently, our study presents a well-val-

idated and calibrated predictive score for these ACLF pa-

tients with high short-term mortality.

An unresolved issue in ACLF research has been the hier-

archical relationship among OFs. Our study leveraged 

SHAP score analysis to elucidate the importance of each 

feature in the predictive model. We provided a hierarchical 

ranking of OFs, and the top-ranked variables were in line 

with the CLIF-C ACLF criteria, where age and WBC are the 

only two non-OF-related variables included.6,19 Additionally, 

our study brings new insights into protein synthesis in 

ACLF, which is consistent with other established predictive 

models.36 Markers of protein synthesis, such as INR and 

albumin, were highly ranked in all our models. INR was 

also one of the diagnostic criteria according to both the 

EASL-CLIF and the Asian Pacific Association of Liver 

(APASL) definitions,19,37 and INR was also used as an addi-

tional diagnostic indicator for HBV-ACLF.38,39 Importantly, 

the significance of both INR and albumin escalated mark-

edly when comparing ACLF patients with two OFs to those 

with ≥3 OFs, which signifies the progressive impact of im-

paired protein synthesis on mortality risk as ACLF severity 

increases. This highlights the critical role of liver function 

markers in prognostic models.19 Consistently, in the EASL-

CLIF ACLF cohort, the RFA model’s feature importance 

analysis showed that coagulation failure (represented by 

INR) and liver failure (represented by total bilirubin) were 

among the top-ranked predictors. This suggests that the 

inclusion of these OFs, which are not part of the NACSELD 

criteria, provides an added layer of granularity in assessing 

mortality risk and advocates for a modification of the NAC-

SELD criteria.

In terms of methodology, we used the K-Nearest Neigh-

bors (KNN) algorithm to fill in missing data. Studies have 

shown that KNN interpolation can effectively solve the 

missing data in medical problems.40 We also employed a 

cross-validation method in selecting the optimal resampling 

method and parameters. Previous studies have shown that 

cross-validation can optimize the predictive performance of 

ML and prevent model overfitting.41,42

While our study offered significant insights, several limita-

tions warrant acknowledgment. Firstly, ICU patients tend to 

present with more severe conditions at baseline, this ICU 

setting likely captures the majority of the patients with ACLF 

defined by the NACSELD criteria with at least two OFs. The 

30-day mortality rate of our cohort was also similar to prior 

literature. Furthermore, given the close monitoring and mini-

mal missing data, data deriving from the ICU often provided 

a more accurate and timely reflection of patient conditions. 

Secondly, the absence of data on West Haven grading rep-

resents a limitation. We used a Glasgow Coma Scale (GCS) 

≤13 as a proxy, yielding a similar AUC in the external valida-

tion cohort, but future studies incorporating West Haven 

grading to define brain failure are necessary. Thirdly, the 

presence of infection can significantly impact the short-term 

mortality rate of patients with ACLF.6,7 The use of antibiotics 

as a marker of infection in this study could cause limitations, 

as antibiotics does not necessarily imply microbiologically 

confirmed infection. However, the use of culture positivity 

may introduce a more significant misclassification bias due 

to high false-negative rates influenced by prior empirical 

treatment, suboptimal sampling, or atypical pathogens. Fur-

thermore, variables such as vital signs and laboratory tests 

can fluctuate dynamically, especially in critical diseases like 

ACLF. Despite our careful definition of baseline clinical 

characteristics, there is a potential risk of misclassification. 

Additionally, some variables may be influenced by treat-

ment; therefore, our study relied solely on baseline data. 

Future research should consider the impact of therapeutic 

interventions on these measurements. Given the limited 

number of patients undergoing liver transplantation in the 

database, those who received transplants were excluded 

from the study. Therefore, the impact of liver transplantation 

on patient mortality was not considered in the analysis of 

the study. Lastly, the evolution of certain variables may be 

more crucial than one-time baseline data in prognosticating 

patients with ACLF. This is a common challenge across dis-

ease models, highlighting the need for future models that 

allow for real-time prediction and adaptation to the dynamic 

nature of patient conditions. 
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In conclusion, we developed and validated explainable 

ML models, including both CBA and RFA, to predict mor-

tality and demonstrated a hierarchical relationship among 

OFs. Looking forward, this study lays the groundwork for 

more personalized and dynamic approaches to ACLF man-

agement, ultimately improving patient outcomes.
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