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1. Abstract
1.1. Background: Model for End-stage Liver Disease (MELD) has 
been considered as a poor prognostic indicator for patients with liv-
er failure in most previous studies, however, some studies suggest 
that MELD is not ideal in clinical application. Therefore, new studies 
on MELD and poor outcomes in patients with liver failure are still 
necessary. We investigated whether MELD is a good predictor for 
in-hospital mortality of  patients with liver failure based on the MIM-
IC-IV database.

1.2. Method: Four common clinical severe scores were compared. 
The subjects’ operating characteristic curves of  the four scores were 
drawn before and after the propensity score matching (PSM), and the 
areas under the curves were calculated and compared. In addition, 
the DCA curve was used to assess the difference in clinical benefit 
of  each scoring system.

1.3. Results: Before and after PSM, MELD score was not the best 
among the four scores, and MELD score had the lowest sensitivity 
(58.64% and 54.91% before and after matching, respectively) and 
Youden’s index (0.2227 and 0.2079 before and after matching, re-

spectively).

1.4. Conclusion: Although the MELD score has made good prog-
ress in other clinical aspects, the prediction of  poor prognosis in 
patients with liver failure still deserves improvement.

2. Background
Liver failure is a severe life-threatening disease, caused by numer-
ous factors (including parasites, viral infection, drug abuse, bacteria, 
and bad lifestyle, etc.) that seriously damage the liver function, which 
leads to the disorder of  liver physiology function[1-3]. Most cases 
are due to chronic hepatitis B virus (in developing countries) and 
drug abuse (in developed countries) [3-5]. Clinically, it is divided into 
explosive liver failure and chronic liver failure according to its onset 
rate [1, 4]. At present, liver failure has become a global public health 
problem [6]. The disease is known for its high fatality rate and high 
resource cost [6]. With advances in critical care medicine, the mortal-
ity rate has declined over the past decade, but it is still far from rosy, 
accounting for more than 50 percent of  deaths [7]. The survival of  
a large proportion of  patients could be improved by better under-
standing the early progression of  the disease and timely intervention.

             1



             2

2022, V8(4): 1-2

Model for End-stage Liver Disease (MELD) was originally created 
to predict survival in patients with liver disease with complications 
of  portal hypertension and has subsequently been validated as an ac-
curate predictor of  survival in patients with different advanced liver 
diseases [8-11]. The score worked well within most patients. Howev-
er, the survival rate of  some patients with liver disease does not rest 
with the severity of  the disease therefore the parameters of  MELD 
are not disordered [12]. Consequently, it is unknown whether MELD 
score is appropriate for short-term survival in all patients with liver 
failure. In addition, Logical Organ Dysfunction System (LODS) [13], 
Simplified Acute Physiology Score (SAPS II) [14], and Oxford Acute 
Severity of  Illness Score (OASIS) [15] are also widely used to assess 
critically ill outcomes in clinical practice. Here, we investigated the 
association of  four scoring systems (MELD, LODS, SAPS II, and 
OASIS) with in-hospital mortality in patients with liver failure based 
on the Medical Information Mart for Intensive Care-IV (MIMIC-IV) 
database [16]. Furthermore, whether MELD score was a better pre-
dictor of  in-hospital mortality in patients with liver failure among 
the four scores was determined. Considering that the factors of  
in-hospital death in patients with liver failure may be affected by oth-
er confounding factors, we conducted a paired comparison between 
patients who died and those who did not, to ensure the stability of  
the results. Particularly, we wanted to discuss the net benefit of  the 
four scoring systems with respect to in-hospital mortality in patients 
with liver failure using decision curve analysis (DCA) [17], a suitable 
method for assessing alternative diagnostic and prognostic strategies.

3. Methods
3.1. Database

The MIMIC-IV database (https://mimic.mit.edu/) is based on the 
success of  the MIMIVC-Ⅲ database [16]. The MIMIC-IV database 
contains factual hospitalization information for patients admitted to 
a tertiary Academic Medical Center in Boston, Massachusetts, USA, 
from 2008 to 2019. The researchers must be completed the "Protect 
Human Study Participants" exam and sign a data using agreement 
on the National Institutes of  Health (NIH) website before granting 
access. The MIMIC-IV database contains detailed information about 
patients’ clinical care. To protect patient privacy, all dates in the data-
base have been changed and overall shifted, including patients’ dates 
of  birth, hospitalization, and discharge (e.g., December 12, 2008, 
expressed as December 12, 2108 after 100 years of  overall shift). 
The patients in the database are anonymous, so there is no need for 
informed consent or ethical review. Author Tianyang Hu obtained 
the access and extraction rights of  MIMIC-IV database (Record ID: 
37474354).

3. 2. Population of  Study and Data Extraction

All Intensive Care Units (ICU) patients diagnosed with liver failure 
were screened and identified by "long-title" in table "d-icd-diagnoses" 
in MIMIC-IV database (version 1.0). Since a patient may be repeated-
ly admitted to ICU, we only bring into each patient’s first admission 

to the ICU. Navicat Premium 15.0 software was used to extract the 
following data from MIMIC-IV database for included patients, age, 
gender, race, start time of  admission to ICU, the hospitalization time, 
Charison Comorbidity Index (a comprehensive measure of  conges-
tive heart failure, peripheral vascular disease, cerebrovascular disease, 
chronic lung disease, rheumatism, peptic ulcer disease, liver disease, 
diabetes, kidney disease, HIV/AIDS and other complications of  in-
dex), LODS score, OASIS score, SAPS II score and MELD score.

3.3. Statistical Analysis

The Kolmogorov-Smirnov test was used to assess the normali-
ty of  continuous variables. The normal distribution variables were 
expressed as mean ± standard deviation (M±SD), and independent 
sample T-test was used for comparison. If  the normal distribution 
is not followed, continuity variables were expressed as median and 
interquartile range (IQR), and Wilcoxon rank-sum test was used for 
comparison. Dichotomous variables were expressed as numbers and 
percentages, and using chi-square test for comparison. Binomial lo-
gistic regression analysis was conducted to assess whether MELD 
was an independent risk factor for in-hospital death in patients with 
liver failure in intensive care after adjustment for potential confound-
ers. The Receiver Operating Characteristic (ROC) curves of  the four 
scoring system were plotted, and the area under curves (AUC) were 
calculated in this study to assess the predictive value of  these scor-
ing systems for nosocomial death in patients with liver failure ICU. 
DCA analysis was performed to evaluate the difference in clinical 
benefit of  each scoring system. All analyses were performed using 
R software (version 4.0.3) and MedCalc statistical software (version 
19.6.1). The Z-test was used to compare AUC differences between 
different scores, following the method of  Delong et al.[18]. P < 0.05 
was considered statistically significant.

4. Results
4.1. Baseline Characteristics of  Patients with Liver Failure

76540 patients in MIMIC-IV (2008-2019) database were selected in 
our study. After strict inclusion and exclusion criteria were followed, 
1074 patients were eventually included (Figure 1) that comprised 
males (649, 60%) and females (425, 40%). There are two groups (Ta-
ble 1) based on whether they die or not, and matched them with a 
propensity score matching (PSM). Results before PSM revealed that 
age, CCI, LODS, OASIS, SAPS II, and MELD were significantly 
higher in the non-death group than in the non-death group, while 
hospitalization days were significantly higher in the non-death con-
trol group than that of  the death group. Results after PSM indicated 
that the ratio is equal for males and females and there were no sta-
tistically significant differences in age or Charlson’s index (P< 0.05). 
LODS, OASIS, and SAPS II in addition to MELD in death group 
were higher than those in non-death group. In contrast, the hospi-
talization time was greater in the non-death group than in the death 
group.
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Figure 1: Flow charts of  participants selected for this study.

Table 1: Demographic and clinical characteristics of  the study population.

Before PSM After PSM

Characteristics Death Survival P-value Death Survival P-value(n=428) (n=646) (n=428) (n=428)
Age, year 61.4 ± 14.3 58.2 ± 15.2 < 0.001 61.4 ± 14.3 60.3 ± 14.8 0.282
Gender 0.786 1
male 256 (59.8) 393 (60.8) 256 (59.8) 257 (60.0)
female 172 (40.2) 253 (39.2) 172 (40.2) 171 (40.0)
Ethnicity < 0.001 < 0.001
white 215 (50.2) 400 (61.9) 215 (50.2) 269 (62.9)
black 28 (6.5) 50 (7.7) 28 (6.5) 33 (7.7)
others 185 (43.2) 196 (30.3) 185 (43.2) 126 (29.4)
LOS ICU, day 6.5 ± 6.9 6.3 ± 7.6 0.604 6.5 ± 6.9 6.5 ± 7.9 0.993
LOS HOS, day 12.6 ± 16.6 21.8 ± 20.8 < 0.001 12.6 ± 16.6 21.7 ± 19.7 < 0.001
CCI 6.7 ± 3.0 6.3 ± 3.1 0.02 6.7 ± 3.0 6.6 ± 3.1 0.477
LODS 9.9 ± 3.5 7.3 ± 3.7 < 0.001 9.9 ± 3.5 7.4 ± 3.6 < 0.001
OASIS 42.1 ± 9.4 36.0 ± 10.0 < 0.001 42.1 ± 9.4 36.2 ± 9.9 < 0.001
SAPS II 54.1 ± 16.0 42.6 ± 15.0 < 0.001 54.1 ± 16.0 43.8 ± 14.9 < 0.001
MELD 28.8 ± 9.0 24.2 ± 8.9 < 0.001 28.8 ± 9.0 24.5 ± 8.9 < 0.001

Values are expressed as Mean ± SD or n (%). 
PSM=Propensity Score Matching, LOS ICU=Length of  Intensive Care Unit Stay, LOS HOS=Length of  Hospital Stay, CCI=Charlson Comorbidity Index, 
LODS=Logistic Organ Dysfunction System, OASIS=Oxford Acute Severity of  Illness Score, SAPS II=Simplified Acute Physiology Score, MELD=Model 
for End-Stage Liver Disease.
4.2. Comparison of  ROC Curves

ROC curves were selected to predict the in-hospital mortality of  all 
cases in the cohort with four scoring systems. Before PSM (Figure 
2), AUC of  MELD, LODS, OASIS and SAPS II were 0.645, 0.703, 
0.671 and 0.700, respectively. Then AUC of  the four scoring sys-
tems were compared, LODS compared with MELD (Z = 2.844, P 
< 0.01), LODS compared with OASIS (Z = 2.528, P < 0.01), LODS 
to SAPS II (Z = 0.150, P = 0.8804), MELD to OASIS (Z = 1.192, 
P = 0.2333), MELD to SAPS II (Z = 2.939, P < 0.01) in addition to 
OASIS compared with SAPS II (Z = 1.900, P = 0.0575). After PSM 

(Figure 3), AUC of  MELD, LODS, OASIS and SAPS II were 0.635, 
0.698, 0.667 and 0.681, respectively. Likewise, the AUC of  the four 
scoring systems were compared. LODs compared with MELD (z = 
2.752, P < 0.01), LODs compared with OASIS (z = 2.205, P < 0.05), 
LODs to SAPS II (z = 1.034, P = 0.2969), MELD to OASIS (z = 
1.274, P = 0.2027), MELD to SAPS II (z = 2.218, P < 0.05), OASIS 
to SAPS II (z = 0.805, P = 0.4206). The cutoff  values corresponding 
to the Youden’s index were used as the best diagnostic cutoff  values 
for predicting in-hospital mortality in patients with liver failure. The 
sensitivity of  MELD score and Youden’s index before and after PSM 
had the lowest values were 58.64% and 54.91%, respectively (Table 2 
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and Table 3). The Youden’s index before and after PSM was 0.2227 
and 0.2079, respectively. LODS score had the highest specificity and 
Youden’s index before and after PSM were 72.76% and 71.50%, re-
spectively. OASIS scores had the highest sensitivity before and after 
PSM (71.73% and 65.65%, respectively). The remaining results are 
summarized in Table 2 (before match) and Table 3 (after match).

4.3. Comparison of  Decision Curve

Generally, the net benefit ranges before and after PSM is LODS, 
SAPS II, OASIS and MELD from high to low according to DCA 
(Figure 4 and Figure 5). MELD was ranked last of  the four rating 
systems. However, the interpretation of  DCA should be combined 
with threshold, which will be detailed in the discussion section.

Table 2: Comparison of  ROC Curves before PSM.

Scoring system AUC 95%CI Optimal Sensitivity Specificity Youden’s indexcut-off % %
MELD 0.645 0.615~0.673 27.475 58.64 63.62 0.2227
LODS 0.703 0.674~0.730 9 59.58 72.76 0.3233
OASIS 0.671 0.643~0.700 36 71.73 54.02 0.2575
SAPS II 0.700 0.672~0.728 47 64.49 66.72 0.3120

Figure 2: ROC curves of  the four scoring systems for all cases in the cohort study before PSM.

Figure 3: ROC curves of  the four scoring systems for all cases in the cohort study after PSM.
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Table 3: Comparison of  ROC Curves after PSM.

Scoring system AUC 95%CI
Optimal Sensitivity Specificity

Youden’s index
cut-off % %

MELD 0.635 0.602~0.667 28.716 54.91 65.89 0.2079

LODS 0.698 0.666~0.728 9 59.58 71.50 0.3107

OASIS 0.667 0.634~0.699 38 65.65 58.64 0.2430

SAPS II 0.681 0.648~0.712 47 64.49 63.55 0.2804

Figure 4: Decision curve analysis (DCA) of  the four scoring systems before PSM.

Table 4: Binomial Logistic regression analysis (before PSM).
Univariable Multivariable

Variable OR（95% CI） P-value OR（95% CI） P-value

Age 1.015(1.006-1.023) 0.001 1.003(0.990-1.016) 0.691

Gender 1.044(0.813-1.340) 0.737

LOS ICU 1.004(0.988-1.021) 0.604

LOS HOS 0.960(0.950-0.970) 0.000 0.954(0.943-0.965) 0.000

CCI 1.048(1.007-1.091) 0.021 1.035(0.975-1.098) 0.262

LODS 1.223(1.178-1.269) 0.000 1.151(1.081-1.226) 0.000

OASIS 1.065(1.051-1.079) 0.000 1.011(0.989-1.034) 0.321

SAPS II 1.048(1.039-1.058) 0.000 1.013(0.999-1.028) 0.068

MELD 1.059(1.044-1.075) 0.000 1.040(1.022-1.059) 0.000
PSM=Propensity Score Matching, OR=Odds Ratio, CI=Confidence Interval, LOS ICU=Length of  Intensive Care Unit Stay, LOS HOS=Length of  Hos-
pital Stay, CCI=Charlson Comorbidity Index, LODS=Logistic Organ Dysfunction System, OASIS=Oxford Acute Severity of  Illness Score, SAPS II=Sim-
plified Acute Physiology Score, MELD=Model for End-Stage Liver Disease.
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Figure 5: Decision curve analysis (DCA) of  the four scoring systems after PSM.

4.4. Logistic Regression Analysis

The results before the PSM were described below. Before adjustment 
(Table 4), all four scoring systems were risk factors for in-hospital 
mortality in patients with liver failure (P < 0.001). Variables with P 
values less than 0.1 in univariate logistic regression analysis (Age, 
LOS HOS, CCI, LODS, OASIS, SAPS II, MELD) were included 
in multivariate logistic regression analysis and the results showed 
that LODS (OR: 1.151(1.081-1.226)) and MELD (OR: 1.040(1.022-
1.059)) were independent risk factors for in-hospital mortality in pa-
tients with liver failure. The effect value could be interpreted as the 
risk of  in-hospital mortality in patients with liver failure raised with 
each unit increase in LODS or MELD score. Age, CCI, OASIS and 
SAPS II were not associated with in-hospital mortality in patients 

with liver failure.

Here are the results of  after PSM (Table 5). Before adjustment, all 
four scoring systems were risk factors for in-hospital mortality in 
patients with liver failure (P < 0.001). Variables with P value less 
than 0.1 in univariate Logistic regression analysis (Age, LOS HOS, 
CCI, LODS, OASIS, SAPS II, MELD) were included in multivariate 
logistic regression analysis, and the results showed that LODS (OR: 
1.142(1.069-1.219)) and MELD (OR: 1.036(1.017-1.055)) were inde-
pendent risk factors for in-hospital mortality in patients with liver 
failure. The effect value could be interpreted as an increased risk of  
in-hospital mortality in patients with liver failure for each unit addi-
tion in LODS or MELD. Age, CCI, OASIS and SAPS II were not 
associated with in-hospital mortality in patients with liver failure.

Table 5: Binomial Logistic regression analysis (after PSM).
Univariable Multivariable

Variable OR（95% CI） P-value OR（95% CI） P-value
Age 1.005(0.996-1.014) 0.282

Gender 1.010(0.768-1.327) 0.944
LOS ICU 1.000(0.982-1.018) 0.993
LOS HOS 0.961(0.950-0.971) 0.000 0.958(0.947-0.970) 0.000

CCI 1.016(0.972-1.062) 0.476
LODS 1.219(1.170-1.270) 0.000 1.142(1.069-1.219) 0.000
OASIS 1.065(1.049-1.080) 0.000 1.016(0.992-1.041) 0.187
SAPS II 1.044(1.034-1.054) 0.000 1.011(0.997-1.025) 0.136
MELD 1.054(1.038-1.071) 0.000 1.036(1.017-1.055) 0.000

PSM=Propensity Score Matching, OR=Odds Ratio, CI=Confidence Interval, LOS ICU=Length of  Intensive Care Unit Stay, LOS HOS=Length of  Hos-
pital Stay, CCI=Charlson Comorbidity Index, LODS=Logistic Organ Dysfunction System, OASIS=Oxford Acute Severity of  Illness Score, SAPS II=Sim-
plified Acute Physiology Score, MELD=Model for End-Stage Liver Dis.
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5. Discussion
The mortality rate of  patients with liver failure was decreased with 
the development of  clinical severe research, but it was still high in the 
ICU mortality rate [19, 20]. The MELD scores were widely proven 
to predict short-term mortality rates for patients with liver failure in 
previous studies. Nevertheless, some clinicians have recognized the 
high heterogeneity of  clinical manifestations of  large numbers of  
patients with hepatic failure under the common MELD score. As 
mentioned in a cohort study by Jennifer C. et al. [21], two patients 
had the equal value of  MELD score, one patient had good ascites 
control and was working full time in job, while the other had high 
ascites with sarcopenia and was unable to stand alone. In theory, two 
patients with an equal MELD score would have the same predicted 
probability of  dying, but the clinician would assess that the latter 
patient was clearly at higher risk of  dying. Therefore, there is con-
siderable controversy over whether MELD objectively reflects short-
term mortality in patients with liver failure [22-24]. LODS, SAPS II 
and OASIS are also widely used in clinical severe cases [25-33], and 
have achieved meglio results in mass of  clinical applications. In this 
study, we compared the association and ROC predictive effect of  
four scores (MELD, LODS, SAPS II, and OASIS) with in-hospital 
mortality in patients with liver failure, and conducted a one-to-one 
match based on patient death to control for confounding factors. 
Before PSM, multivariate logistic regression suggested that LODS 
and MELD were independent risk factors for in-hospital mortality 
in patients with liver failure. LODS score (OR: 1.151, (1.081-1.226)) 
was more strongly correlated with in-hospital mortality of  liver fail-
ure than MELD score (OR: 1.040, (1.022-1.059). After PSM, we still 
observed a higher association between LODS score (1.142(1.069-
1.219)) and in-hospital mortality in patients with liver failure than 
that of  MELD score (1.036(1.017-1.055)). Both before and after 
PSM, MELD had the lowest AUC area, sensitivity and Youden’s in-
dex, LODS score was higher in specificity and Youden’s index than 
the other three scores, in addition to OASIS score exhibited higher in 
sensitivity than others. These results suggest that MELD score is not 
the optimal predictor of  in-hospital mortality in patients with liver 
failure. The study of  Lar E et al. also revealed that MELD scores rep-
resented no discriminative advantage over other scores in predicting 
liver failure and death in patients with acetaminophen-induced liver 
injury [34]. This confirmed our results that MELD was not the best 
choice for predicting the prognosis of  patients with liver failure, and 
there is still plenty room for improvement.

MELD score is not excellent as a predictor of  liver failure prognosis, 
but a large cohort study conducted by Gonwa et al. also demonstrat-
ed the superiority of  MELD among liver transplantation candidates, 
and MELD continues to be used as a direct and effective strategy for 
identifying priority candidates in the US population [35]. This also 
explains our results to some extent, which suggest that MELD is a 
lower predictor of  in-hospital mortality in patients with liver failure 
than the other three scores, but compared with SAPS II and OASIS, 

MELD is still an independent factor of  in-hospital mortality in pa-
tients with liver failure after multiple logistic regression adjustment. 
Patients with higher MELD score were still at higher risk of  death 
than patients with lower MELD score, suggesting that priority for 
liver transplantation in patients with higher MELD score may sig-
nificantly reduce mortality in patients with liver failure, thereby im-
proving clinical effectiveness. Additionally, the MELD score was also 
effective in predicting colorectal surgery [36], venous extracorporeal 
membrane oxygenation [37], high-risk acute pulmonary thrombo-
embolism [38], and heart failure [39]. Taken together, MELD has 
an immense prospect in clinical application, but it still needs to be 
improved in predicting the prognosis of  patients with liver failure. 

The clinical benefit of  a model is based on the identification of  more 
true positives from positive patients, thus avoiding the waste of  med-
ical resources and reducing the harm caused by overtreatment of  
false positives. DCA can assist in determining the clinical benefits 
of  applying various scoring systems. DCA curve takes probability 
threshold as abscissa and net income as ordinate [40, 41]. By placing 
several decision curves in the same coordinate, the clinical benefit of  
each prediction model can be intuitively judged by observing the or-
dinate of  each decision curve under the same probability threshold. 
Before PSM (Figure 4) the horizontal solid black line represents the 
reference line without any treatment, with a net benefit of  0. The 
other is the reference line where all patients receive treatment (the 
gray slanted solid line in the graph), which the net benefit decreases 
as the probability threshold increases. We observed from the figure 
that the net benefit of  the black curve corresponding to MELD is 
lower than the other three scores in most cases. Taking the probabil-
ity threshold of  0.4 as an example, the net benefit corresponding to 
MELD is 0.2, indicating that when the predicted probability is 40%, 
MELD score can benefit about 20 out of  100 people, while the ordi-
nate of  the red curve corresponding to LODS score is about 0.3, at 
this point, LODS score can benefit about 30 out of  100 people. After 
PSM (Figure 5), we obtained almost similar results, confirming that 
the MELD scoring system was generally inferior to the other three 
scoring systems in terms of  clinical benefits. There are still some 
deficiencies in our study. Limited by the database samples, we were 
unable to distinguish between explosive liver failure and chronic liver 
failure, which may not explain the specific differences of  the four 
scores between the two types of  liver failure. This problem can be 
resolved once the MIMIC database distinguishes the types of  liver 
failure. Secondly, we only selected four representative scoring sys-
tems for comparison, owing to the diversity of  sample scores, which 
does not mean that we believe LODS score is the best model for 
predicting the prognosis of  liver failure. It is just that the advantage 
of  LODS is more pronounced within four scores than in the others. 
Nevertheless, some work of  this study is still worth mentioning. Pa-
tients with liver failure were matched one-to-one for the first time 
in order to reduce confounders' interference with the four scores. 
Meanwhile, we also used multiple interpolation to fill the missing 
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data, and strived to achieve the maximum statistical efficiency.

Overall, although MELD score has made great progress in other 
clinical aspects, it still deserves improvement in predicting adverse 
outcomes in liver failure. We will carry out large prospective cohort 
studies and establish relevant models by using XGboost and oth-
er machine learning technologies, attempting to establish a new and 
more accurate prediction model for predicting the poor prognosis 
of  liver failure patients in future studies. Thus, early intervention in 
patients with potentially poor outcomes can reduce mortality.
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