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Abstract
Background: The basis of individualized treatment should be individualized mortality risk predictive information. The present study
aimed to develop an online individual mortality risk predictive tool for acute-on-chronic liver failure (ACLF) patients based on a
random survival forest (RSF) algorithm.
Methods: The current study retrospectively enrolled ACLF patients from the Department of Infectious Diseases of The First People’s
Hospital of Foshan, Shunde Hospital of Southern Medical University, and Jiangmen Central Hospital. Two hundred seventy-six
consecutive ACLF patients were included in the present study as a model cohort (n= 276). Then the current study constructed a
validation cohort by drawing patients from the model dataset based on the resampling method (n= 276). The RSF algorithm was
used to develop an individual prognostic model for ACLF patients. The Brier score was used to evaluate the diagnostic accuracy of
prognostic models. The weighted mean rank estimation method was used to compare the differences between the areas under the
time-dependent ROC curves (AUROCs) of prognostic models.
Results:Multivariate Cox regression identified hepatic encephalopathy (HE), age, serum sodium level, acute kidney injury (AKI), red
cell distribution width (RDW), and international normalization index (INR) as independent risk factors for ACLF patients. A
simplified RSF model was developed based on these previous risk factors. The AUROCs for predicting 3-, 6-, and 12-month
mortality were 0.916, 0.916, and 0.905 for the RSF model and 0.872, 0.866, and 0.848 for the Cox model in the model cohort,
respectively. The Brier scores were 0.119, 0.119, and 0.128 for the RSF model and 0.138, 0.146, and 0.156 for the Cox model,
respectively. The nonparametric comparison suggested that the RSF model was superior to the Cox model for predicting the
prognosis of ACLF patients.
Conclusions: The current study developed a novel online individual mortality risk predictive tool that could predict individual
mortality risk predictive curves for individual patients. Additionally, the current online individual mortality risk predictive tool
could further provide predicted mortality percentages and 95% confidence intervals at user-defined time points.
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Introduction

Chronic hepatitis B is one of the most prevalent threats to
liver health in the world.[1] Acute-on-chronic liver failure
(ACLF) is the acute decompensation of liver function based
on chronic liver diseases under the actions of different liver
attack events.[2] Due to poor basic liver function and
multiple organ failure, 60% to 70% of ACLF patients
experience rapid aggravation and die within 3 months.[2,3]

There is an urgent requirement for a prognostic model to
identify ACLF patients with a high mortality risk, who are
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in urgent need of liver transplantation in the short term. A
few prognostic models could provide mortality risk
prediction information for ACLF patients.[4-6] However,
these prognostic models could only provide predicted
mortality for a special group of patients with similar
clinical characteristics at the group level,[7,8] but failed to
predict individual mortality risk predictive information for
individual patients at the individual level.

The random survival forest (RSF) algorithm is a nonparamet-
ric algorithmwith great clinical applicationvalue that hasbeen
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recommended for prognostic prediction.[9,10] The RSF algo-
rithm can avoid the influence of multicollinearity and can
provide objective evaluations of the interactions between
different variables.[11] The RSF algorithm can automatically
calculate and order the importance of different variables.[12,13]

In addition, the RSF method can address the impact of noise
caused bymissing or incorrect values.[14] TheRSFmethod has
been used to develop prognostic models for different
diseases.[15-17] As an effective survival analysis method taking
nonlinearity into account, the RSF model was superior to the
Cox proportional model for prognostic prediction.[18]

Recently, several studies developed online mortality risk
predictive tools for different tumors, providing individual
mortality riskpredictive curvesat the individual level.[19-21] For
clinicians and patients, individual mortality risk predictive
curves at the individual level can provide more valuable
reference information for individualized treatment decisions.

Therefore, the present study aimed to develop an online
individual mortality risk predictive tool for ACLF patients
basedon anRSF algorithm,which couldpredict the individual
mortality risk predictive curve at the individual level.
Methods

Study population

The current study retrospectively enrolled ACLF patients
from the Department of Infectious Diseases of The First
People’s Hospital of Foshan, Shunde Hospital of Southern
Medical University, and Jiangmen Central Hospital
(n= 391). The last follow-up time of the enrolled patients
was September 10, 2018. Inclusion criteria: 1. ACLF was
diagnosed according to the guidelines of the Asian Pacific
Association for the Study of the Liver; 2. Hepatitis B
surface antigen (HBsAg) positivity for>6months or with a
clear history of chronic hepatitis B; and 3. Adequate
survival information. Exclusion criteria: 1. Other hepatitis
viruses (hepatitis A, hepatitis C, hepatitis E, and hepatitis
D); 2. Liver cancer or other malignant tumors; 3.
Autoimmune liver disease; 4. Liver failure caused by
alcoholic liver disease, drug-induced hepatitis, hyperthy-
roidism, poisoning, and other reasons; 5. Unstable period
of cardio-cerebral infarction; 6. Accompanied with kidney
diseases; 7. Pregnancy; 8. Patients with follow-up time <1
month after discharge were not included in the final
survival analysis to eliminate the influence of confounding
factors; and 9. Patients without critical baseline informa-
tion (ie, hepatic encephalopathy (HE), age, serum sodium
level, acute kidney injury (AKI), red cell distribution width
[RDW], and international normalization index [INR])
were not included in the final survival analysis. Two
hundred seventy-six ACLF patients were included in the
final survival analysis as the model dataset. We performed
the present research according to the Declaration of
Helsinki. This study was approved by the Ethics
Committee of the Shunde Hospital, Southern Medical
University (No. 20171108). As a retrospective study and
data analysis were performed anonymously, this study was
exempt from the informed consent from patients. The
current study eliminated all privacy information that could
identify the individual information of patients to protect
the privacy of the enrolled patients.
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Diagnostic criteria and references

The diseases and complications were diagnosed according
to the original studies: ACLF,[22] AKI,[23] hepatorenal
syndrome (HRS),[24] HE,[25] pulmonary infection (PI),[26]

and gastrointestinal hemorrhage (GH).[27]
Prognostic models

Three prognostic models were calculated according to the
previous formula: model for end-stage liver disease
(MELD)= 9.57� loge (creatinine [mg/dL]) + 3.78� loge (bil-
irubin [mg/dL]) + 11.2� loge (INR) + 6.43� (etiology: 0 for
cholestatic or alcoholic; 1 for otherwise);[4] International
normalized ratio and creatinine score (ABIC)=
(age� 0.1) + (serum bilirubin (mg/dL)� 0.08) + (serum crea-
tine (mg/dL)� 0.3) + (INR� 0.8);[6] Integrated MELD
(iMELD)=MELD+ [age (year)� 0.3] � 0.7�Na (mmol/
L)] + 100[5]
Validation cohort based on the bootstrap resampling method

The bootstrap resampling technique is a statistical sampling
methodwith replacement from the original cohort, which is
suitable for internal validation of prognostic models.[28,29]

Transparent reporting of a multivariable prediction model
for individual prognosis or diagnosis proposed the boot-
strapping resampling method to be a prerequisite of
prognostic model development in case the external original
dataset was not available.[30] The current study constructed
a validation cohort by drawing patients from the model
dataset based on the resampling method (n= 276).

Statistical analysis

The statistical analyses were carried out by R software
(version 3.6.1). Continuous variables are depicted as the
mean± standard deviation or median (first quartile, third
quartile). Continuous variables were compared by t test or
the Kruskal-Wallis H test. Categorical variables were
compared by the chi-squared test or Fisher exact test. The
RSF model in the current study was conducted with
reference to the model method in several articles performed
by other researchers. The RSF model is an ensemble tree-
based algorithm for variable selection in high-dimensional
datasets. RSF performs well in calculation efficiency and
predictiveperformancewith lowgeneralization error.When
there are complex interactions between covariate Zs, the
RSFmodel is particularly suitable for variable selection.[9,10]

The Brier scorewas used to evaluate the diagnostic accuracy
of prognostic models according to the original studies.[31,32]

The predictive accuracy of the model with a smaller Brier
score is superior to that of the model with a higher Brier
score.[31] The weighted mean rank estimation method was
used to compare the differences between the areas under the
time-dependent ROC curves (AUROCs).[33,34] A P val-
ue< 0.05 was defined as statistically significant.

Results

Study datasets

There were 276 ACLF patients in the model cohort. The
validation cohort contained 276 ACLF patients who were
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Table 1: Baseline characteristics of patients in the model and validation groups.

Model group Validation group Group difference

Variable N= 276 N= 276 Test value P-value

Overall survival (months) 19.3 (0.9, 42) 21.8 (1.1, 43.2) �1.022
∗

0.307
Age (years) 43 (36, 53) 40 (35, 50) �1.412

∗
0.158

Creatinine (mmol/L) 71 (60, 83) 72 (61, 83) �0.861
∗

0.389
Uric acid (mmol/L) 201.4 (201.4, 201.4) 201.4 (197, 201.4) �0.281

∗
0.779

Fasting plasma glucose (mmol/L) 5.8 (4.2, 6.8) 5.6 (4.2, 6.6) �0.712
∗

0.477
Direct bilirubin (mmol/L) 188.5 (103.2, 280.4) 190.8 (105.4, 285.5) �0.516

∗
0.606

Albumin (g/L) 30.8± 5.7 31.1± 5.3 �0.703‡ 0.482
Globulin (g/L) 32.5 (27.7, 37.4) 33.2 (27.7, 38.7) �1.244

∗
0.213

Alanine aminotransferase (U/L) 576 (136, 1319) 632 (167, 1304) �0.677
∗

0.499
Glutamic oxaloacetic transaminase (U/L) 396 (140, 873) 449 (146, 934) �0.790

∗
0.429

Glutamyl transferase (U/L) 111 (72, 147) 113 (77, 157) �0.889
∗

0.374
Alpha fetoprotein (ng/mL) 74.5 (13.9, 123.4) 88.5 (17.6, 123.4) �0.574

∗
0.566

Hyaluronidase (ng/mL) 990 (543.1,1000) 971.1 (288.8,1000) �1.483
∗

0.138
Collage Type IV (ng/mL) 439.2 (247.2,633.6) 414.7 (206.5,527.3) �1.490

∗
0.136

N-Terminal Procollagen III Propeptide (ng/mL) 25.5 (18.6,31.1) 27.7 (18,32.8) �0.326
∗

0.745
Laminin (ng/mL) 135.4 (97,196.1) 124.4 (93.7,196.1) �0.274

∗
0.784

Log10DNA (IU/mL) 5.7 (4.2, 7.3) 6.2 (4.5, 7.5) �0.920
∗

0.358
White blood cell (109/L) 7.2 (5.5, 9.5) 7.2 (5.5, 9.2) �0.406

∗
0.685

Neutrophil-to-lymphocyte ratio 3.8 (2.4, 5.5) 3.6 (2.3, 5.2) �0.879
∗

0.380
Neutrophil_ratio 0.7 (0.6, 0.8) 0.7 (0.6, 0.7) �1.156

∗
0.248

Hemoglobin (g/L) 126.9 (111, 140) 128 (111, 140.2) �0.507
∗

0.612
Platelet distribution width (%) 16.4 (15.6, 16.6) 16.3 (15.5, 16.5) �0.804

∗
0.421

Mean platelet volume (fl) 11.1 (10, 11.7) 11.1 (10, 11.7) �0.627
∗

0.531
Platelets (109/L) 123.2 (83, 161) 129 (85.5, 164) �1.515

∗
0.130

Red cell distribution width (fl) 42.4 (22.2, 48.2) 42.6 (36.9, 47.7) �0.846
∗

0.397
Prothrombin time (sec) 22.4 (18.4, 28.8) 21.4 (18.2, 28) �0.655

∗
0.512

Serum sodium level (mmol/L) 137 (135, 140.1) 138 (134.8, 140.5) �0.522
∗

0.602
International normalization index 1.9 (1.5, 2.4) 1.8 (1.5, 2.2) �0.493

∗
0.622

Fibrinogen (g/L) 1.4 (1, 1.7) 1.5 (1.1, 1.8) �1.037
∗

0.30
Total cholesterol (mmol/L) 2.9 (2.5, 3.2) 2.9 (2.8, 3.2) �1.478

∗
0.139

Triglyceride (mmol/L) 1.4 (1.1, 1.5) 1.4 (1.3, 1.5) �1.613
∗

0.107
ABIC 7.7 (6.3, 8.8) 7.6 (6.3, 8.7) �0.429

∗
0.668

Model for end-stage liver disease 21.8 (17.7, 25.7) 22.4 (19.2, 24.9) �0.802
∗

0.423
Integrated MELD 35.461 (30.542, 40.243) 33.8 (30.05,38.275) �0.312

∗
0.755

Death 117 (42.4) 111 (40.2) 0.187† 0.666
Gender 236 (85.5) 247 (89.5) 1.656† 0.198
Acute kidney injury 43 (15.6) 42 (15.2) 0.01† 0.906
Pulmonary infection 50 (18.1) 53 (19.2) 0.048† 0.827
Hepatic encephalopathy 72 (26.1) 65 (23.6) 0.35† 0.554
Hepatorenal syndrome 46 (16.7) 35 (12.7) 1.447† 0.229
Gastrointestinal bleeding 23 (8.3) 19 (6.9) 0.232† 0.630

Continuous variables are expressed as the mean± standard deviation or median (first quartile, third quartile) or n(%) as appropriate.
∗
Kruskal-Wallis

H test. †x2 values. ‡t values. ABIC: International normalized ratio and creatinine score; AKI: Acute kidney injury; HE: Hepatic encephalopathy; HRS:
Hepatorenal syndrome; INR: International normalization index; MELD: Model for end-stage liver disease; PT: Prothrombin time; PI: Pulmonary
infection; RSF: Random survival forest; RDW: Red cell distribution width.
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drawn from the original model cohort by the boot-
strapping resampling method. The comparisons of base-
line characteristics of patients in the model and validation
cohorts are summarized in Table 1.
Importance evaluation of variables

An RSF algorithm was carried out to present the
importance evaluation chart of the study variables.
The importance evaluation chart [Figure 1] indicated the
1703
importance of the top 30 variables. AKI, HRS, HE, age,
RDW, prothrombin time (PT), triglyceride, gastrointesti-
nal bleeding, INR, and platelet count were identified as
prognostic factors by the RSF algorithm.
Cox proportional hazards regression model

To construct a simplified RSF model for clinical applica-
tion, multivariate Cox regression (step forward method)
was used to explore the most valuable variables for
predicting the prognosis of ACLF patients. As shown in
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Table 2, HE, age, serum sodium level, AKI, RDW, and
INR were identified as independent risk factors for ACLF
patients. Figure 2 presents a prognostic nomogram for
ACLF patients based on the Cox proportional hazards
regression model.
Simplified RSF model

A simplified RSF model was developed based on HE, age,
serum sodium level, AKI, RDW, and INR. The diagnostic
performance of the RSF model was validated through the
out-of-band (OOB) method [Figure 3]. As shown in
Figure 3A, the green line represents the Nelson-Aalen
estimator survival curve, and the red line represents the
Figure 1: Importance evaluation chart of variables by the RSF model. AKI: Acute kidney
injury; ALT: Alanine aminotransferase; INR: International normalized ratio; NLR: Neutrophil-
to-lymphocyte ratio; PDW: Platelet distribution width; PT: prothrombin time; RDW: Red cell
distribution width; RSF: Random survival forest; WBC: White blood cell.

Table 2: Results of univariate Cox regression analysis and multivariate

Univariate analysis

Variable HR 95% CI P value

HE 4.318 2.990–6.237 <0.001
Age 1.050 1.036–1.064 <0.001
Serum sodium level 0.963 0.948–0.978 <0.001
AKI 5.866 3.940–8.732 <0.001
RDW 0.969 0.958–0.981 <0.001
INR 2.068 1.691–2.528 <0.001

AKI: Acute renal injury; CI: Confidence interval; HE: Hepatic encephalopath
distribution width.
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overall ensemble survival curve. The overall ensemble
survival curve was highly consistent with the Nelson-Aalen
estimation survival curve, indicating that the estimated
survival curve (green line) by the RSF model was in good
agreement with the real survival curve (red line).
An online individual mortality risk predictive tool

The current study further developed an online individual
mortality risk predictive tool based on the RSF algorithm
for ACLF patients. As shown in Figure 4A, our online
individual mortality risk predictive tool could predict
individual mortality risk percentages at different time
points based on the RSF algorithm. As the reference
survival curve, the current online individual mortality risk
predictive tool also provided the individual mortality risk
predicted curves generated by the Cox regression algo-
rithm [Figure 4B]. In addition, the current online individual
mortality risk predictive tool could provide predicted
mortality percentages and 95% confidence intervals at
different time points [Figure 4C]. This online individual
mortality risk predictive tool is available at https://
zhangzhiqiao13.shinyapps.io/Individual_mortality_risk_
predictive_tool_for_liver_failure/.
Performance of the RSF model in the model cohort

The AUROCs for predicting 3-, 6-, and 12-month
mortality were 0.916, 0.916, and 0.905, respectively,
for the RSF model in the model cohort [Figure 5A]. The
mortality of patients with high RSF scores was significantly
poorer than that of patients with low RSF scores
[Figure 5B]. Calibration curves demonstrated that the
predicted mortality was highly consistent with the actual
mortality in the model cohort [Supplementary Digital
Content, Figure 1, http://links.lww.com/CM9/A572].
Internal validation of RSF model

In the validation cohort, the AUROCs for predicting 3-, 6-,
and 12-month mortality were 0.912, 0.910, and 0.880,
respectively, for the RSF model [Figure 6A]. Figure 6B
indicates that the mortality of patients with high RSF
scores was significantly poorer than that of patients with
low RSF scores. Calibration curves demonstrated that the
predicted mortality was consistent with the actual
Cox regression analysis of the included variables.

Multivariate analysis

Coefficient HR 95% CI P value

0.879 2.408 1.624–3.571 <0.001
0.035 1.035 1.021–1.050 <0.001
�0.022 0.978 0.959–0.998 0.027
1.191 3.289 2.170–4.985 <0.001
�0.026 0.974 0.963–0.986 <0.001
0.640 1.897 1.530–2.350 <0.001

y; INR: International normalized ratio; HR: Hazard ratio; RDW: Red cell

https://zhangzhiqiao13.shinyapps.io/Individual_mortality_risk_predictive_tool_for_liver_failure/
https://zhangzhiqiao13.shinyapps.io/Individual_mortality_risk_predictive_tool_for_liver_failure/
https://zhangzhiqiao13.shinyapps.io/Individual_mortality_risk_predictive_tool_for_liver_failure/
http://links.lww.com/CM9/A572
http://www.cmj.org


Figure 2: Mortality risk nomogram predictive chart. AKI: Acute kidney injury; INR: International normalization index; RDW: Red cell distribution width.

Figure 3: Performance of the RSF model. OOB: Out-of-band; CRRS: Continuous ranked
probability score; RSF: Random survival forest.
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mortality in the validation cohort [Supplementary Digital
Content, Figure 2, http://links.lww.com/CM9/A573].
Comparison of diagnostic accuracy

The AUROCs of the RSF model were superior to those of
the Cox model for predicting 3-, 6-, and 12-month
mortality [Table 3 and Supplementary Digital Content,
Figure 3, http://links.lww.com/CM9/A574]. The nonpara-
metric comparison suggested that the RSF model was
superior to the Cox,MELD, ABIC, and iMELDmodels for
predicting prognosis at different time points.
Comparison of the Brier score and decision tree analysis

For predicting 3-, 6-, and 12-month mortality, the Brier
scores were 0.119, 0.119, and 0.128 for the RSFmodel and
0.138, 0.146, and 0.156 for the Cox model [Table 3]. The
Brier score comparison suggested that the RSF model was
superior to the Cox,MELD, ABIC, and iMELDmodels for
predicting prognosis at different time points. Decision tree
analysis further indicated that the RSF model was superior
to the Cox, MELD, ABIC, and iMELD models for
predicting prognosis [Supplementary Digital Content,
Figure 4, http://links.lww.com/CM9/A575].
Discussion

The current study developed a novel online individual
mortality risk predictive tool based on an RSF algorithm

http://links.lww.com/CM9/A573
http://links.lww.com/CM9/A574
http://links.lww.com/CM9/A575
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Figure 4: Individual mortality risk predictive tool based on the RSF model: (A) Individual
mortality risk predictive tool based on the RSF algorithm; (B) Individual mortality risk
predictive tool based on the Cox regression algorithm; (C) Predicted mortality percentage
and 95% confidence interval. AKI: Acute kidney injury; INR: International normalization
index; RDW: Red cell distribution width; RSF: Random survival forest.

Figure 5: Performance of the prognostic model in the model group: (A) Time-dependent
receiver operating characteristic curve chart; (B) Survival curve chart.

Figure 6: Performance of the prognostic model in the validation group: (A) Time-
dependent receiver operating characteristic curve chart; (B) Survival curve chart.

Chinese Medical Journal 2021;134(14) www.cmj.org
for ACLF patients. This online individual mortality risk
predictive tool could predict individual mortality risk
predictive curves at the individual level. In addition, the
current online individual mortality risk predictive tool
could provide predicted mortality percentages and 95%
confidence intervals at user-defined time points. Time-
1706
dependent ROC curve, decision tree, and Brier score
analyses indicated that the RSF model was superior to the
Cox model for predicting the prognosis of ACLF patients.

HE, age, serum sodium level, AKI, RDW, and INR were
identified as independent risk factors for ACLF patients by
multivariateCox regression in the current study.The variable
importance assessment through the RSF algorithm further
provedHE, age, serum sodium level, AKI, RDW, and INRas
risk factors for ACLF patients. Previous studies have
provided strong clinical evidence for the following variables
as risk factors for ACLF patients: HE,[35,36] age,[35,37,38]

INR,[4,36,38,39] RDW,[40,41] AKI,[42-44] and serum sodium
level.[45,46]

The RSF algorithm could identify the variables that had a
nonlinear effect on prognosis.[18] Miao et al[18] reported
that the diagnostic accuracy of the RSFmodel was superior
to that of the Cox model for predicting 1-year mortality in
patients with cardiac arrhythmias. Similar to a previous
study, the current study indicated that the RSF model was
superior to the Cox model for predicting the prognosis of
ACLF patients.

The present study features several advantages. First, the
current study performed a long-term follow-up for ACLF
patients until September 2018, providing valuable detailed
survival information for the evaluation of the long-term
application value of prognosis models. Second, the current
study developed an online individual mortality risk

http://www.cmj.org


Table 3: Comparison of diagnostic accuracy in the model group.

AUROC Brier score

Models 3 months 6 months 12 months 3 months 6 months 12 months

RSF model 0.916 0.916 0.905 0.119 0.119 0.128
COX model 0.872 0.866 0.848 0.138 0.146 0.156
MELD 0.683 0.657 0.660 0.206 0.218 0.221
iMELD 0.782 0.768 0.763 0.183 0.191 0.196
ABIC 0.771 0.762 0.763 0.186 0.193 0.197

ABIC: International normalized ratio and creatinine score; AUROC: area under the time-dependent ROC curves; iMELD: Integrated MELD; MELD:
Model for end-stage liver disease; MELD-Na: MELD-sodium; MESO: MELD and serum sodium ratio; RSF: Random survival forest.

Chinese Medical Journal 2021;134(14) www.cmj.org
predictive tool that could predict individual mortality risk
predictive curves for individual patients. Third, the current
online individual mortality risk predictive tool could
provide predicted mortality percentages and 95% confi-
dence intervals at user-defined time points. To the best of
our knowledge, our online individual mortality risk
predictive tool was a rare online web tool that could
provide individual mortality risk prediction for ACLF
patients.

This study also had several shortcomings. First, the
current research was that there was no independent
external cohort to verify the diagnostic accuracy and
clinical application value of the current prognostic model.
Second, the algorithm and predictive process of the
random living forest model could not be expressed by a
conventional formula as a nonparametric model, affecting
the generalization and application of research conclusions
to a certain extent. Third, several interesting potential risk
factors, such as thyroxine and the liver-to-abdominal area
ratio, were not enrolled in the survival analysis due to
incomplete data.[47,48] Fourth, the sample size of the
current study was relatively small, which might affect the
reliability of the research conclusions to a certain extent.
Prospective cohort studies with more variables and larger
sample sizes would help to improve the diagnostic
accuracy and clinical application value of prognostic
models.

In conclusion, the current study developed a novel online
individual mortality risk predictive tool that could predict
individual mortality risk predictive curves for an individual
patient. Additionally, the current online individual
mortality risk predictive tool could further provide the
predicted mortality percentages and 95% confidence
intervals at user-defined time points, which was valuable
for improving individual treatment decisions.
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