
INTRODUCTION 

Since Dr. Thomas Starzl performed the first human liver 

transplantation (LT) in 1963, LT has been considered the 

only definitive treatment for decompensated end-stage liver 

disease (ESLD) [1]. Several scoring systems have been pro-

posed to predict mortality in patients with ESLD [2,3], and 

these scoring systems have also been used as a basis for allo-

cating livers of brain death for LT [4]. Previously, the Child-

Turcotte-Pugh (CTP) classification was used as the basis for 

the United Network for Organ Sharing (UNOS) organ alloca-

tion system. However, some disadvantages of CTP classifica-

tion exist, such as the existence of several subjective param-

eters, and the final result is determined by three classes (A, 

B, and C) [5]. Since 2002, the Model for End-stage Liver Dis-

ease (MELD) score, which consists of all objective indica-

tors, has replaced the CTP classification for the basis of the 
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liver allocation system in the UNOS [5]. The Korean Network 

for Organ Sharing changed the basis of the liver allocation 

system from CTP classification to MELD in 2016 [6]. 

The MELD score was initially developed to predict the 

short-term mortality of patients undergoing the transjugular 

intrahepatic portosystemic shunt (TIPS) procedure for liver 

cirrhosis (LC) in 2000 [3]. Recently, the demographics of pa-

tients, indications for LT, and treatment options for ESLD 

have changed a lot [4,7]. Many studies have reported that the 

MELD score does not accurately reflect mortality risk in spe-

cific clinical situations, such as acute-on-chronic liver failure 

(ACLF) [8], hepatocellular carcinoma (HCC) [7], and sex dis-

parity [9,10]. 

The prediction of mortality in patients with ESLD is close-

ly related to donor organ allocation [4,6], and a more accu-

rate prediction of mortality can greatly influence the periop-

erative management of LT recipients. In this article, we re-
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view notable scoring systems, past and present, related to 

the prognosis of ESLD.  

CHILD-TURCOTTE-PUGH 
CLASSIFICATION 

In 1964, Child and Turcotte introduced a classification 

that predicts the prognosis of patients undergoing portoca-

val shunt surgery for LC, and they suggested that their classi-

fication represents a “hepatic functional reserve” [2,5,11]. 

They selected five factors (serum albumin, bilirubin, ascites, 

encephalopathy, and nutritional status) based on their 

clinical experience and not on clinical trials or analysis. Fi-

nally, the classification defines each element into one of 

three classes (A, B, and C, Table 1) [2,5]. There was some 

criticism that three of the five elements (ascites, nutrition, 

and encephalopathy) were highly subjective, and the de-

tailed explanation of how to integrate the five elements was 

ambiguous [11]. 

In 1972, Pugh replaced the “nutritional status,” which 

was considered the most subjective element with “pro-

thrombin time,” adjusted limits for serum albumin, and 

defined the encephalopathy grading more clearly [12,13]. 

Pugh also calculated scores by assigning 1, 2, or 3 points to 

each of the five components, with a total score of 5–6 corre-

sponding to class A, 7–9 to class B, and 10–15 to class C 

(Table 1) [12,13]. Pugh’s modification has been widely used 

for CTP classification [5,13]. 

Despite Pugh’s modification, subjective indicators (en-

cephalopathy and ascites) remain; therefore, the attending 

physician can roughly grade the severity of liver disease [5]. 

This is often expressed by using “the gestalt method” 

[5,11,12]. Moreover, there are only three classes in the CTP 

classification, and when a certain threshold is reached, the 

class is fixed regardless of changes in clinical conditions [5]. 

MODEL FOR END-STAGE LIVER DISEASE 
SCORE 

In 2000, Malinchoc et al. [3] published a “Mayo End-stage 

Liver Disease” model to predict the prognosis of patients un-

dergoing TIPS procedures. They used prospectively obtained 

patient data and calculated scores through statistical analysis 

[5,14]. The score was based on serum bilirubin levels, pro-

thrombin time (international normalized ratio [INR] ), and 

serum creatinine levels. The name of this model was later 

changed to “Model for End-stage Liver Disease” [5,15]. Ka-

math et al. [15] validated this early MELD score and reported 

that the 3-month death rate in patients hospitalized for he-

patic decompression is as follows: 4% for MELD ≤  9, 27% for 

MELD 10–19, 76% for MELD 20–29, 83% for MELD 30–39, 

and 100% for MELD ≥  40. 

In 2002, UNOS changed the liver allocation system from a 

state-based algorithm to an algorithm that uses a continu-

ous, objective MELD/pediatric end-stage liver disease 

(PELD) score to prioritize patients needing LT [5,16,17]. 

The formula for the original MELD score was as follows 

(Table 2) [15]: 

MELD =  3.8 ×  loge (bilirubin [mg/dl]) + 11.2 ×  loge (INR) 

+ 9.6 ×  loge (creatinine [mg/dl]) + 6.4 ×  (etiology: 0 if choles-

tatic or alcoholic, and 1 otherwise) 

LIMITATIONS OF THE MELD SCORE 

Innate limitations of the MELD score 

Serum creatinine is not a good indicator for assessing re-

nal dysfunction because it is influenced by extra-renal fac-

tors, such as muscle mass, sex, age, and ethnicity [14]. Severe 

muscle wasting in patients with ESLD can reduce serum 

Table 1. Original and Modified Child-Turcotte-Pugh Classification

Components
Original Child-Turcotte classification Child-Turcotte-Pugh classification

A B C 1 2 3

Bilirubin (mg/dl) <  2 2–3 >  3 1–2 2–3 >  3
Albumin (g/dl) >  3.5 3–3.5 <  3 >  3.5 2.8–3.5 <  2.8
Ascites None Easily- controlled Poorly- controlled Absent Slight Moderate
Neurological disorder None Minimal Advanced “coma” None None None
Encephalopathy (grade) None None None None 1, 2 3,4
Nutrition Excellent Good Poor, “wasting” None None None
Prothrombin time (seconds prolonged) None None None 1–4 4–6 >  6

How to integrate the five elements is unclear in original classification.  In Child-Turcotte-Pugh classification: Class A (5-6 points, total 
scores), Class B (7–9 points), Class C (10–15 points).
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creatinine levels. In this case, even if the serum creatinine 

level is normal, it cannot be concluded that the renal func-

tion is normal [9,14]. In the MELD-based allocation system, 

it has been frequently pointed out that women are less likely 

to receive LT than men, and that the mortality rate while 

waiting for LT is significantly higher in women than in men 

[9,10]. Several studies have suggested that glomerular filtra-

tion in women may be underestimated owing to their re-

duced muscle mass compared to that in men [9,14]. To over-

come this, modified MELD with cystatin-C instead of creati-

nine [18] and MELD 3.0, with sex as an additional factor, was 

also announced [19]. Probable bias based on the inter-labo-

ratory variability of measurement methods for serum creati-

nine, bilirubin, and INR has also been pointed out [14].  

Specific conditions that reduce the predictive 
power of the MELD score 

The MELD score is known to be less accurate in predicting 

mortality, especially in some clinical situations such as 

ACLF, HCC, and other serious complications of LC [4,14].  

Patients with HCC often have a low MELD score because 

they have a well-preserved liver function. However, as with 

other cancers, the survival of patients with HCC is often re-

lated not only to liver function but also to cancer metastasis, 

and early LT enables complete resection of cancer cells 

[14,20]. In 1996, Mazzaferro et al. [21] reported a low cancer 

recurrence rate after LT in patients with small, unresectable 

HCC (single tumor ≤  5 cm in diameter or no more than 

three tumors, each of which was no more than 3 cm in di-

ameter), which later developed into the Milan criteria used 

when considering LT in patients with HCC [20]. Currently, 

UNOS provides additional points to patients with HCC with 

MELD exception regulations [22]. 

Huo et al. [23] reported that the mortality rate increases as 

complications related to LC (esophageal varix bleeding, he-

patic encephalopathy [HE], hepatorenal syndrome, and 

spontaneous bacterial peritonitis) increase; however, this is 

not well reflected in the MELD score. They suggested that 

patients with such repeated complications may be disad-

vantaged by the MELD-based liver allocation system. A fol-

low-up study by Yoo et al. [24] also reported that the MELD 

score did not reflect the severity of HE or ascites. 

Effect of demographic and epidemiologic changes 
in liver disease on the accuracy of the MELD score 

Since the use of the MELD score in organ allocation, the 

demographics, epidemiology of the liver disease, and indi-

cations for LT have changed dramatically [25,26]. The 

widespread use of antiviral therapy against HCV has re-

duced the morbidity of chronic hepatitis C. In contrast, 

non-alcoholic fatty liver diseases are rapidly increasing, 

becoming a major indication for LT along with alcoholic 

liver disease in the USA [7,26]. Godfrey et al. [7] reported 

that the predictive power of MELD decreased with these 

demographic and epidemiologic changes. The concor-

dance-statistic (C-statistic) of the MELD decreased from 

0.80 in 2003 to 0.70 in 2015. 

UPDATED VERSIONS OF THE MELD SCORE 

Attempts to overcome the weaknesses of the MELD score 

are ongoing. Many “new” MELD scores, such as MELD-Na, 

Table 2. Equations of MELD/PELD and Updated Versions

Score Equations Featuring
Original MELD [15] 3.8 ×  loge (bilirubin [mg/dl]) + 11.2 ×  loge (INR) + 9.6 ×  

loge (creatinine [mg/dl]) + 6.4 ×  (etiology: 0 if cholestatic 
or alcoholic, 1 otherwise)

- Etiology disappeared in later versions

MELD-Na [30] MELD + 1.32 ×  (137-Na) – [0.033 ×  MELD ×  (137-Na)] - Sodium concentrations are mEq/L, values less than 125 
are set to 125, and values greater than 137 are set to 137

MELD 3.0 [19] 1.33 (if female) + [4.56 ×  loge (bilirubin)] + [0.82 ×  (137 – 
Na)] – [0.24 ×  (137 – Na) ×  loge (bilirubin)] + [9.09 ×  
loge (INR)] + [11.14 ×  loge (creatinine)] + [1.85 ×  (3.5 – 
albumin)] – [1.83 ×  (3.5 – albumin) ×  loge (creatinine)] 
+ 6

- Give additional points to women
- Updated interactions between parameters

PELD [31] (0.436 ×  age) – [0.687 ×  log (albumin)] + [0.480 ×  log (bili-
rubin)] + [1.857 ×  log (INR)] + (0.667 ×  growth failure)

- Age: age <  1 year =  1, all other ages =  0
- Growth failure: values >  2 standard deviations from the 

norm =  1, all others =  0

MELD: model for end-stage liver disease, PELD: pediatric end-stage liver disease, INR: international normalized ratio.
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iMELD, UKLE, MELD-AS, MELD-Plus, MELD-Cystatin C, 

and MELD 3.0, have been introduced as supplementary ver-

sions [4,14]. Among them, the most widely used MELD-Na 

and the most recently updated MELD 3.0, will be briefly de-

scribed in this review. 

MELD-Na 

Serum sodium concentration is also known to be an im-

portant independent prognostic factor in patients with LC. 

For example, hyponatremia is strongly associated with 

hepatorenal syndrome, ascites, and liver-related death [27]. 

Several studies have reported that the incorporation of se-

rum sodium concentration into MELD is beneficial for 

more accurate mortality prediction [27-29]. Accordingly, in 

2016, the Organ Procurement and Transplantation Net-

work/UNOS policy updated its MELD calculator to include 

serum sodium concentration [30]. The formula for MELD-

Na used in the UNOS MELD calculator is shown (Table 2). 

MELD-Na =  MELD + 1.32 ×  (137-Na) – [0.033 ×  MELD ×  

(137-Na)]   

(Sodium concentrations are mEq/L, values less than 125 

are set to 125, and values greater than 137 are set to 137).

MELD 3.0 

Kim et al. [19] reclassified MELD to improve predictive ac-

curacy through statistical analysis in 2021. Their final model 

was characterized by 1) adding sex and serum albumin, 2) 

considering interactions between serum albumin-sodium 

and albumin-creatinine, and 3) adjusting the upper bound 

for serum creatinine to 3.0 mg/dL. This was renamed MELD 

3.0. They provided additional points to women on the basis 

that the MELD score of women tended to be underestimated 

[10]. Additionally, a significant correlation was found be-

tween bilirubin and sodium levels and between creatinine 

and albumin levels, which was corrected. The predictive 

ability for the risk of death within 90 days was slightly higher 

in MELD 3.0 than that in MELD-Na. The C-statistics of 

MELD-Na and MELD 3.0, were 0.862 and 0.869 (P <  0.01), 

respectively [19]. 

The formula for MELD 3.0 is as follows (Table 2): 

MELD 3.0 =  1.33 (if female) + [4.56 ×  loge (bilirubin)] + 

[0.82 ×  (137 – Na)] – [0.24 ×  (137 – Na) ×  loge (bilirubin)] + 

[9.09 ×  loge (INR)] + [11.14 ×  loge (creatinine)] + [1.85 ×  

(3.5 – albumin)] – [1.83 ×  (3.5 – albumin) ×  loge (creati-

nine)] + 6

PEDIATRIC END-STAGE LIVER DISEASE 
SCORE 

Similar to the development of MELD, the pediatric LT re-

search group developed a scoring system tailored to the 

unique characteristics of children with chronic liver disease 

[31]. The PELD score was developed through statistical anal-

ysis based on the database of the “Studies of Pediatric Liver 

Transplantation (SPLIT),” a consortium that began recruiting 

children’s data from LT centers in the USA and Canada in 

1995 [32]. The PELD score uses factors different from the 

MELD score to identify the unique growth and developmen-

tal aspects of children. Bilirubin, INR, albumin, growth fail-

ure, and age were used as the PELD score [16,31]. The PELD 

score has been used to allocate donor livers for children 

younger than 12 years in UNOS since 2002 [33]. Chang et al. 

[33] reported that PELD tends to underestimate the 90-day 

mortality compared with MELD. They suggested that chil-

dren with chronic liver disease who need LT may be disad-

vantaged compared to adults with similar clinical conditions. 

The formula for the PELD score is as follows (Table 2) 

[16,31]: 

PELD =  (0.436 ×  age) – [0.687 ×  log (albumin)] + [0.480 ×  

log (bilirubin)] + [1.857 ×  log (INR)] + (0.667 ×  growth fail-

ure).

Age: age <  1 year =  1, all other ages =  0. 

Growth failure: values >  2 standard deviations from the 

norm =  1, all others =  0. 

ACUTE-ON-CHRONIC-LIVER-FAILURE 

ACLF is different from acute liver failure (ALF) or the pro-

gression of chronic decompensated LC [34]. ALF is defined 

as severe acute liver injury accompanied by coagulopathy 

(INR ≥  1.5) and any degree of HE in patients without preex-

isting liver disease [35]. ACLF is a separate syndrome char-

acterized by acute decompensation of chronic liver disease 

combined with the failure of other organs [36,37]. It has a 

higher short-term mortality than that predicted by the sever-

ity of the underlying chronic liver disease. It is often related 

to trigger events, such as exacerbation of hepatitis, bacterial 

infections, and active alcoholism. However, there are many 

cases without a definite trigger [36,38]. The systemic inflam-
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matory response seems to be a critical factor in the develop-

ment of ACLF [36]. The condition of the patient could be 

“reversible” through early intensive management of these 

reversible factors [38]. Patients with ACLF have a higher 

mortality rate than those without ACLF at the same MELD 

score [38,39]. Current management of ACLF is mainly based 

on support for organ failure; however, performing LT in ad-

vance at a critical time can improve prognosis [36,40]. Many 

studies on the pathophysiology, prognosis, and treatment of 

ACLF are in progress.  

Since no common diagnostic criteria for ACLF have yet 

been established, several diagnostic criteria are being used 

interchangeably. In this review, we introduce the ACLF defi-

nition and scoring system of the European Association for 

the Study of the Liver (EASL), which is the most commonly 

used [36,37]. 

EASL Chronic Liver Failure Consortium  
(EASL-CLIF-C) 

In 2013, the EASL conducted a large prospective observa-

tional study with 1343 hospitalized patients undergoing LC 

and acute decompensation in 29 European university hospi-

tals to define ACLF (EASL-CLIF Acute-on-Chronic Liver 

Failure in Cirrhosis, CANONIC study) [37]. They modified 

the Sequential Organ Failure Assessment (SOFA) score into 

CLIF-SOFA to define organ failure in ACLF [37]. The defini-

tion of the diagnostic criteria was based on three main com-

ponents (acute decompensation, organ failure, and high 28-

day mortality rate) (Table 3). However, it was pointed out 

that the CLIF-SOFA was complex to use and did not signifi-

cantly improve the prediction accuracy of MELD or MELD-

Na [41]. To compensate for this, the EASL in 2014, an-

nounced the CLIF-C organ failure score (CLIF-C OFs), which 

simplified CLIF-SOFA [41]. The components of CLIF-C OFs 

are bilirubin, creatinine, the grade for HE (West-Haven), 

INR, mean arterial pressure, and respiratory component 

(PaO2/FiO2 or SpO2/FiO2) [41]. They also developed the 

CLIF-C ACLF score by combining the patient’s age and white 

blood cell count (WBC) with CLIF-C OFs to predict the 

short-term and long-term mortality of ACLF [41]. The equa-

tion of the CLIF-C ACLF score ranges from 0 to 100 and is as 

follows [36,41]: 

CLIF-C ACLF score =  10 ×  [0.33 ×  CLIF-C OFs + 0.04 ×  

age + 0.63 ×  ln (WBC count) – 2] 

The CLIF-C ACLF score can be easily calculated using a 

website (http://www.efclif/com) [36]. It has been reported 

that the ability of the CLIF-C ACLF score to predict mortality 

Table 3. Diagnostic Criteria and Grades of ACLF (EASL-CLIF-C)

Grade Subgroups Mortality
No ACLF 1) Pt with no OF 28-day: 4.7%

2) Pt with a single “non-kidney” OF (a single failure of the liver, coag-
ulation, circulation, or respiration) (sCr <  1.5 mg/dl and no HE)

90-day: 14%

3) Pt with single cerebral failure (sCr <  1.5 mg/dl)
ACLF grade 1 1) Pt with single kidney failure 28-day: 22.1%

2) Pt with single failure of the liver, coagulation, circulation, or respi-
ration (sCr 1.5–1.9 mg/dl and/or mild to moderate HE)

90-day: 40.7%

3) Pt with single cerebral failure (sCr 1.5–1.9 mg/dl)
ACLF grade 2 Pt with 2 OFs 28-day: 32.0%

90-day: 52.3%
ACLF grade 3 Pt with ≥  3 OFs 28-day: 76.7%

90-day: 79.1%
Definition of Organ Failure (CLIF-SOFA)
1. Liver failure: serum bilirubin ≥  12.0 mg/dl
2. Kidney failure: serum creatinine ≥  2.0 mg/dl or the use of renal replacement therapy
3. Cerebral failure: grade III or IV HE (West Haven)
4. Coagulation failure: INR ≥  2.5 and/or a platelet count ≤  20 ×  109/L
5. Circulatory failure: use of dopamine, dobutamine, or terlipressin
6. Respiratory failure: PaO2/FiO2 ≤  200 or SpO2/FiO2 ≤  214

ACLF: acute on chronic liver failure, EASL: European Association for the Study of the Liver, CLIF-C: chronic liver failure consortium, Pt: patients, 
OF: organ failure, sCr: serum creatinine, HE: hepatic encephalopathy, CLIF-SOFA: Chronic Liver Failure-Sequential Organ Failure Assessment.
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was significantly higher (approximately 25 to 28%) than that 

of the MELD, MELD-Na, and CTP scores in patients with 

ACLF [41]. 

As ACLF is a dynamic process, the severity of ACLF can 

rapidly change during hospitalization. Investigators of the 

CANONIC study reported that ACLF resolved or improved 

in 49.2%, steady or fluctuating in 30.4%, and worsened in 

20.4% of the patients. Most patients (81%) reached their final 

ACLF grade within one week of diagnosis. If patients with 

more than four organ failures or CLIF-C ACLF score >  64 

did not undergo LT, the mortality rate was 100% after 28 

days. They suggested that the assessment of patients with 

ACLF at 3–7 days after diagnosis provides a more accurate 

prediction of mortality [40]. 

FUTURE PERSPECTIVES OF MORTALITY 
PREDICTION 

With the recent developments in computer science, most 

patient information is stored through electronic health re-

cords (EHR). Many studies have been published to intro-

duce machine learning or (in a broader sense) artificial in-

telligence (AI) methods using EHR in the field of LT [4,42,43]. 

Banerjee et al. [44] created a prediction model using an arti-

ficial neural network technique in 2003 and published a 

study that predicted 1-year mortality better than the CTP 

score. Recently, many studies have suggested that machine 

learning is superior to MELD score in predicting mortality 

[45,46] or graft failure [42]. However, in some cases, these 

technologies do not show significant improvements over the 

current methods [47,48]. Many researchers are attempting to 

use AI in a wide range of fields, including optimizing organ 

allocation, donor-recipient pairing, and even automated im-

munosuppressant regimens based on transplant pathology 

[43,47]. 

Although AI enables accurate prediction, the parameters 

used in these studies are significantly different, and it is un-

clear whether the accuracy of any model can be reproduced 

in cohorts with different characteristics [43]. The predictive 

ability of these models is ultimately related to the quality of 

the clinical dataset [48]. AI is still considered to have limita-

tions in comprehensively considering other clinical factors 

to determine the complexity, possibility, and urgency of sur-

gery [4,43,47]. Further research is needed for the use of AI in 

clinical practice.  

CONCLUSION 

Many studies have been published to supplement the 

weaknesses of the MELD score, which is widely used for pre-

dicting mortality in patients with LT and organ allocation. 

However, the disadvantages of this approach remain. With 

the development of computer technology such as AI, there 

have been attempts to use it for prognosis prediction and or-

gan distribution in those with LT. However, these also seem 

insufficient for practical use. Accurate prognosis prediction 

is important, as it is used not only for patient treatment but 

also for more efficient organ allocation. In the future, more 

studies should be conducted to predict mortality in patients 

with LT more accurately. 
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