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Background and Objective: Liver transplantation is the gold standard treatment for patients with
hepatocellular carcinoma (HCC). Current allocation systems face a complex issue due to the imbalance
between available organs and recipients. The prioritization of HCC patients remains controversial, leading
to potential disparities in access to transplantation. Factors such as tumor size, alpha-fetoprotein (AFP) levels,
Model of End-Stage Liver Disease (MELD) score, and response to locoregional therapy (LRT) contribute
to determining waitlist dropout risk in HCC patients. Several statistical and machine learning (ML) models
have been proposed to predict waitlist dropout, incorporating variables related to tumor and patient factors,
underlying liver disease, and waitlist time. This narrative review aims to summarize the evidence regarding
different prediction models of HCC waitlist dropout.

Methods: All published articles up to December 25, 2023, were considered. Articles not based on
prediction models using conventional statistical methods or ML models were excluded.

Key Content and Findings: Factors such as tumor size, AFP levels, MELD score, and LRT response
have been shown to impact disease progression in these patients, influencing waitlist dropout. Most articles
in the literature are based on statistical models. Both ML and statistical models may offer promising
results, but their application is currently limited. Several attempts have been made to find the best model to
stratify the risk of waitlist dropout in HCC patients. However, to date, none of the explored models have
been implemented. The allocation of HCC recipients is still based on supplementary scoring systems or
geographical criteria.

Conclusions: Improving methodology and databases in future research is essential to obtain accurate and

reliable models for clinicians. This is the only way to achieve real applicability.
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Received: 02 March 2024; Accepted: 21 June 2024; Published online: 21 August 2024.
doi: 10.21037/tgh-24-24
View this article at: https://dx.doi.org/10.21037/tgh-24-24

A ORCID: Rafael Calleja, 0000-0003-0048-0756; Manuel Durdn, 0000-0003-1161-2195; Maria Dolores Ayll6n, 0000-0003-2493-3756;
Rubén Ciria, 0000-0002-7839-2329; Javier Bricefio, 0000-0001-7027-7898.

© AME Publishing Company. Transl Gastroenterol Hepatol 2024;9:72 | https://dx.doi.org/10.21037/tgh-24-24


https://crossmark.crossref.org/dialog/?doi=10.21037/tgh-24-24

Page 2 of 11

Introduction

Hepatocellular carcinoma (HCC) is the sixth most common
cancer and the third leading cause of cancer-related
mortality worldwide. The most frequent causes of HCC
are liver cirrhosis with alcoholic and viral etiology [hepatitis
B virus (HBV)], although non-alcoholic fatty liver disease
(NAFLD) etiology has been increasing in recent years.
Among all available treatments, liver transplantation (LT)
is the gold standard if patients meet specific established
criteria.

The imbalance between available organs and recipients
on the waiting list requires an appropriate prioritization
among recipients. The current allocation systems are
based on the Model of End-Stage Liver Disease (MELD)
score and its modifications, which prioritize patients
based on the principle of urgency (Sickest-first). However,
there is a group of indications such as HCC or metabolic
diseases in which the waitlist drop-out risk or death is not
determined by liver function. Hence, the MELD score fails
to prioritize these patients. Patients with HCC can drop
out of the waiting list for three main reasons: (I) tumor
progression; (II) death on the waiting list; or (III) to develop
contraindications to transplantation (1).

According to data from the Organ Procurement and
Transplantation Network (OPTN), 1,043 people died while
on the waiting list for LT. Of those, only 71 had HCC
(including patients with cirrhosis). In contrast, 262 people
died due to alcoholic cirrhosis (excluding those with acute
alcoholic hepatitis or hepatitis virus) (2). In fact, these patients
initially suffered from an increased time on the waiting
list as they preserved their liver function. To address this
issue, they are granted access to LT through the allocation
of standardized exception points (3,4). This system is also
implemented for HCC allocation in Europe (5). However,
in the United States (US), this scoring system initially
conferred an advantage to HCC over non-HCC patients.
Several strategies have been proposed to address this issue,
such as extra points modifications, postponing the MELD
exception by 6 months, and limiting the maximum MELD
score to 34 points. Despite these changes, equitable access
to transplantation remains elusive (6,7). Although there have
been ongoing refinements to the exception point system,
patients still receive the same priority for LT, irrespective
of their tumor size or biology (8). Therefore, although
waitlist mortality exists in these patients, disease progression
contributes to higher degree of waitlist dropout.

To avoid disease progression, HCC patients included

© AME Publishing Company.

Translational Gastroenterology and Hepatology, 2024

on waiting list frequently undergo locoregional therapy
(LRT) as bridging strategy. One of the goals is to stabilize
the tumor and reduce the quantifiable disease load of HCC,
enabling them to remain on the waiting list until a suitable
graft is available (9,10). The stage of the disease and the
probability of being on the waiting list for more than
6 months must also be taken into account when deciding
whether to apply locoregional therapies as bridging
therapy (11). Patients who underwent a bridging liver
transplant exhibited a higher overall survival rate one year
after transplantation compared to those who did not. In
cirrhotic patients with HCC already within the Milan
criteria at diagnosis, it remains uncertain there would be
a difference between cases with bridging liver transplant
and cases without in terms of dropout rates, disease-free
survival, and survival at 3 and 5 years after transplant (12).
There is currently no optimal patient selection system for
selecting HCC patients, assigning them an appropriate risk
stratification to avoid waitlist dropout. This narrative review
provides a summary of the available literature on current
prediction models of waitlist dropout in HCC, ranging
from statistical to machine learning (ML) algorithms-
based models. Figure 1 shows a visual summary of the
contribution of different authors to the subject, as well
as the methodology and the most frequent variables. We
present this article in accordance with the Narrative Review
reporting checklist (available at https://tgh.amegroups.com/
article/view/10.21037/tgh-24-24/rc).

Methods

A review of all available literature in the English language
through December 25, 2023, utilizing PubMed database was
conducted. All types of studies related to waitlist dropout
in HCC were included. All articles that were not based on
prediction models based on conventional statistical methods
or ML models were excluded. Two authors independently
screened articles included. All data related to search strategy
summary are shown in Table 1.

Prediction models of HCC waitlist dropout
Risk factors for dropout

The major contributor to HCC waitlist dropout is disease
progression. Tumor characteristics and time on waitlist
have a significant influence on this progression (13-16). For
the majority of authors, time on waitlist is the best selector
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Evolution of HCC waitlist dropout predictors

Conventional statistics h Methodology q Machine learning

MELD
Top Tumor-related factors
Variables Alpha-fetoprotein levels
used Age at listing

Studies

Freeman et al. Wasburn et al. Toso et al. Toso et al.

Vitale et al.

Diagnosis at listing
Neutrophil-lymphocyte ratio
Milan criteria status

Cirrhosis etiology
Year of transplantation
LRT
Child-Pugh score

Marvin et al. Sasaki et al. Bertsimas et al. Metha et al. Kwong et al.

Figure 1 Historical evolution of work related to the prediction of waitlist dropout in HCC. HCC, hepatocellular carcinoma; MELD, Model

of End-Stage Liver Disease; LRT, locoregional therapy.

Table 1 Search strategy summary

ltems Specification

Dates of search 20/10/2023; 25/12/2023

Databases searched PubMed
Search terms used

Timeframe

All published articles up to December 25, 2023

Waitlist dropout; HCC; machine learning; predictive factors; prediction models

Inclusion and exclusion All types of studies related to waitlist dropout in HCC were included. All articles that were not based on prediction

criteria

models based on conventional statistical methods or machine learning models were excluded. Case reports and

case series and manuscripts written in languages other than English were also excluded

Selection process

The selection of articles was conducted by two authors. One author focused on the search for predictive factors

and the other on machine learning algorithms related to the topic. Once the search was completed, the opposing
author confirmed that the proposed article met the criteria for inclusion in this review. If there was a discrepancy
between the two authors, a third author was proposed for the final decision

HCC, hepatocellular carcinoma.

for LT in HCC, selecting patients with low risk of HCC
recurrence and better survival rates after LT (17). However,
the length of time on the waiting list is a variable that
depends on the region where we are, donation policies and
access to transplantation. Identifying tumor-related factors
that are associated with a higher risk of HCC progression
and therefore, waitlist dropout, is an issue of interest.
Tumor size, alpha-fetoprotein (AFP) levels, and
response to LRT are significant indicators of biological
tumor aggressiveness and the MELD score represents the
severity or the underlying liver disease. Tumor diameter
or multinodularity were identified as risk factors in several
studies (8,13,16-18). It has been known for years that
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serum AFP levels correlate with a worse prognosis and are
also related to tumor size and the likelihood of vascular
invasion (19). MELD score is a good predictor of waiting
list mortality, and reflects the severity of liver disease.
However, as previously mentioned, it has its limitations in
these patients. Patients with a high MELD may condition
the LRT and therefore increase the likelihood of waitlist
dropout. These patients may not be suitable candidates for
LRT or receive a non-optimal treatment to avoid hepatic
decompensation (3). The consequence is an increase in the
risk of tumor progression. Finally, the response to LRT may
be an important contributor to the probability of patient
waiting list removal (20,21).
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However, although the above-mentioned factors can be
estimated over a frame-time, in clinical practice they are
usually used at a specific time point (22). The advantage of
these factors is that they are easy to calculate and their use
is not complex. However, it would not be appropriate to
use one of them exclusively, as the biology of the tumor and
the patient is influenced by several factors. These variables
do not provide a continuum of risk, but identifying them
has assisted us in improving the decision to prioritize these
patients. The most important lesson learned about these
markers is that the variations over time offer more value
in predicting the risk of mortality or progression on the
waiting list than a static knowledge. This is the main reason
why these variables constitute a part of the prediction
models as they form part of the strongest predictors in
many of them. However, models increase in complexity as
variables are added, which makes them less attractive.

Statistical models

Understanding which factors contribute significantly to the
waitlist dropout is important, but being able to combine
them and obtain a prediction model that allows to estimate
a risk probability is what makes prediction models attractive.
In this concern, selection models for HCC candidates
such as the French AFP model or the Metroticket 2.0, are
reliable predictors of post-L'T" outcomes compared to Milan
criteria. However, they fail to predict HCC waitlist dropout
or progression (23,24).

The first model in the literature related to HCC waitlist
dropout was reported by Freeman et 4l. (25). They analyzed
a cohort of patients comprising non-HCC (n=9,379) and
HCC patients (n=2,052). A Cox regression model was
established, revealing that MELD score at listing was
the main predictor of waitlist dropout in both groups.
Additionally, factors related to a high dropout rate in non-
HCC patients were age and metabolic disease diagnosis.
However, in the HCC patient group, the combination
of MELD, maximum tumor size, AFP level, and age at
listing defined the probability of dropout at 90 days, with
an area under the curve (AUC) of 0.781. Indeed, among
these factors, the MELD score, maximum tumor size, and
AFP level were identified as independent risk factors. The
equation 1 - 0.920 exp [0.09369 (MELD at listing 12.48) +
0.00193 (AFP - 97.4) + 0.1505 (maximum tumor size - 2.59)
defined the probability of dropout for HCC candidates
within 90 days of listing. This study did not achieve an
external validation, and the described model did not surpass
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the MELD score as a single predictive factor, suggesting
that the progression of liver disease in the selected patient
cohort influenced dropout rates. Nevertheless, due to its
relevance, this score was proposed in a national conference
as a system to improve the allocation system in HCC
candidates (26).

Washburn er 4l. (27) based on the OPTN data, reported
a model based on a Cox regression and a competing risk
(CR) analysis. The difference between the two is that while
Cox regression considers only one cause as the event of
interest, risk competition analysis takes into account that
the event under study may be caused by several causes. As
a consequence, Cox analysis models tend to reduce the size
of the at-risk population and tend to overestimate events
rates. The univariate statistical analysis of dropout rates
was based on CR and the multivariable analyses of dropout
rates were based on the Cox and CR models. The CR
methods classified patients in transplanted, dropped out or
still waiting. In the Cox analysis, patients were censored
for any removal other than death. Cox and CR methods
demonstrated that MELD score, tumor size and AFP are
the most significant predicting variables, regardless of
analysis used. The C-index for predicting dropout was 0.70
for both models. Interestingly, LRT did not influence a
lower dropout rate of HCC patients in this cohort, justified
by an early access to transplantation due to priority score
before tumor progression. However, this model is not
as accurate as MELD in predicting death in non-HCC
patients (C-index: 0.68). So, the score is not useful in a
common waitlist, being a significant limitation.

To solve this issue, Toso er al. (28) proposed a
proportional hazard competitive risk model, identifying
independent prediction factors such as MELD score,
HCC number and size and AFP. The combination of these
factors with diagnosis and age at listing variables, allowed
to estimate the risk of dropout (C-index 0.72). However,
due to the model and MELD score were not comparable
scales, a correlation was established between both models
(MELD and drop-put equivalent MELD or deMELD).
This approach allowed to integrate HCC and non-HCC
patients on a common waiting list. The most relevant
limitations were: (I) a lack of external validation conditioned
by the estimation of deMELD (developed in a specific
cohort); (II) recipient age and liver disease were included
in this model. These variables were not predictors of risk
dropout and including them, may penalize older recipients
or i.e., non-alcoholic steatohepatitis (NASH). To overcome
these limitations, the author developed a new deMELD
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model (29), including only tumor-related variables such as
size and number of HCC or AFP levels and MELD score.
In this model, 49,026 HCC and non-HCC patients were
included. The model reached a C-index of 0.66, showing
similar distribution as MELD in non-HCC patients and
subsequently was externally validated in an US and United
Kingdom (UK) cohorts. However, a high proportion of
deMELD patients (up to 72%) who are assigned a lower
deMELD score compared to their theoretical MELD score
was observed. Additionally, this study did not consider the
influence of LRT or complications derived from cirrhosis.

Other scores such as MELD-eq (30) or HCC-MELD (31)
have tried to calibrate HCC and non-HCC patients. Vitale
et al. (31) based their model in the concept of survival
benefit. The authors argue that most previous studies had
based their models in 3-month dropout risk as end-point.
As a result, HCC with higher biological aggressiveness may
be prioritized, impacting on surveillance and recurrence.
The methodology aims, by performing and integrating
several equations, to obtain a “MELD-equivalent” score
for HCC patients that equals to patients without HCC
in a given MELD subgroup. The equation proposed was
HCC-MELD = 1.27 x MELD - 0.51 x logAFP + 4.59.
Marvin et al. (30) proposed the MELD-eq model. The
final HCC equivalent Model for End-Stage Liver Disease
(MELDEQ) score was MELDEQ = max (MELDCALC-
EQ, MELDLAB). The results of this study suggest that
HCC patients with a MELDEQ score <15 would receive
advantage compared with patients with MELD scores in
a similar range, so a 6-month delay before the granting of
exception points would be a satisfactory approach. However,
patients with a high MELD-eq score would be penalized
by this delay policy. Whereas MELD-eq considers MELD,
AFP, tumor number and size, and waitlist time; HCC-
MELD considers only MELD and AFP levels. However,
if we exclude the inherent limitations of each study, similar
to deMELD score, they have a significant barrier in their
application. These scores tend to assign lower scores to
HCC patients than those obtained with exception points.
As a result, their access to transplantation would decrease,
penalizing them with longer waiting times and a higher
probability of waitlist dropout (22).

The HALT-HCC model proposed by Sasaki et /. (32)
was trained on a 420 HCC patient cohort from US and
externally validated on a cohort of 13,717 patients from the
Scientific Registry of Transplant Recipients (SRTR). The
model performance reached a 0.613. One of the advantages
of this model is that represents a risk continuum, improving
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the accuracy due to avoiding variable categorization.
However, represents a limitation that the influence of
LRT is not included and to extrapolate this model to other
regions different to US may be challenge.

The most recent model proposed was published by
Mehta ez al. (8). The authors hypothesized that the highest
risk of HCC dropout is better estimated in long wait time
regions (LWR). Once the prediction model was created
in these regions, it was applied in mid (MWR) and short
wait (SWR) regions. Conclusions were that patients
with a risk score >30, have an aggressive tumor biology
leading to poor post-LT outcomes. However, in patients
stratified under this threshold, the waitlist dropout could
be estimated with no differences in post-LI" survival. The
authors used a cohort of 2,092 LWR, 1,735 SWR and 2,894
MWR patients. SWR and MWR patients were used as
validation cohorts. The model developed may be used as
continuous risk prediction model (more complex) or a risk
stratification score were tumor size, AFP levels or Child-
Pugh and MELD score were independent predictors of
waitlist dropout. The proposed MELD exception after 6
months on waitlist was ranged in four categories: no MELD
exception [>30], median MELD at transplant (MMaT)
[21-30], MMaT-3 [8-20] and MMaT-5 [<7]. This model
showed a C-index value of 0.74. Nevertheless, this study is
not exempt of limitations. The lack of external validation
and dynamic data, as well as the lack of variables related to
response to LRT in the United Network for Organ Sharing
(UNOS) database, and potential under-reporting of HCC
recurrence, represent the primary limitations. Nonetheless,
the contribution is significant, as the proposed model is
easy to use and demonstrates that a higher risk of dropout
does not necessarily imply worse outcomes, only within a
subgroup of patients. Therefore, the remaining patients
may benefit from a risk stratification improving graft
allocation. Table 2 summarizes the studies in the literature
related to statistical models developed to predict HCC
waitlist dropout.

ML models

The interest in artificial intelligence and ML has increased
in recent years. ML algorithms are able to handle large
amounts of data in a fast way, obtaining promising results.
In this regard, there are several published papers in
hepatology related to imagine-based diagnosis, histology,
treatment, prognosis or donor-recipient (D-R) matching
in LT (33). However, although the findings are promising,
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Study Variables End-point Dataset Methodology Model performance Limitations Advantages
Freeman MELD score, maximum tumor size, 90-days 9,379 non-HCC patients, 2,052  Unadjusted dropout rate was using Kaplan-Meier. AUC 0.78 - No external validation - Lack of previous models
25) 2 AFP level t listi t H tient i | to estimate risk factors.
(25) 2006 evel and age atlisting dropou CC patients Cox regressm.n mode ‘o estima e.rls actors - Not outperform MELD as an only predictive - Reasonable predictive value for HCC patients
Factors were included in an equation . . .
factor meeting Milan criteria
Washburn ~ MELD score, AFP level and tumor  Dropout at 30, 4,197 HCC patients, 18,068 non- Competing risk model, Cox regression model Cox model only MELD =0.68 - Lack of correlation between HCC and non-HCC - Cox method overestimate the risk of waitlist
(27) 2010 size 60, 90, 180 and HCC patients candidates dropout for HCC patients
365 d
ays Cox model [log (AFP), max tumor size, - Lack of applicability on a common waiting list - LRT does not influence dropout
MELD, 3 tumors] =0.70
CR model [log (AFP), max tumor size, - AFP as a continuous variable (logarithmically
MELD] = 0.70 transformed) is strongly associated with HCC
dropout
Toso (28) Age at listing, primary underlying Dropout at A total of 5,498 HCC and 43,528 Competing risk model, Cox regression model C-index 0.72 - Lack of external validation - Integration patients with HCC and non-HCC on a
2012 liver disease, MELD score at listing, 3-months non-HCC patients were included . . . . common and dynamic waiting list
o - Diagnosis at listing and recipient age weren’t
date of listing, number of tumors, redictors of risk dropout
maximum HCC size, total tumor P P
volume and AFP
Toso (29) HCC number and size, AFP level Dropout at A total of 4,926 patients with and Competitive risk model, a new deMELD model C-index 0.66 - Failure to consider the influence of LRT and - Only includes tumor-related variables, and therefore
2014 and MELD score 3-months without HCC were included complications arising from cirrhosis more objective and easily measurable information
- Underestimation of de-MELD values with
respect to the corresponding MELD values in
72% of patients
- External validation
Vitale (31)  MELD score and AFP level 5-year A total of 2,697 patients in WL Survival models were calculated by Competing risk ~ Median 5-year transplant benefit was - Assignment of lower scores to HCC patients HCC and non-HCC patients model calibrated
2014 transplant group and 1,702 in LT group model and Cox regression model. Multi-state Markov 15.12 months (8.75-25.35) for the non- compared to exception points according to survival benefit
benefit were included model and Monte-Carlo simulation were performed  HCC patients, and 28.18 months (15.11- - Lack of external validation
to calculate survival benefit 36.38) for the T2-HCC patients
- Tumor related characteristics not included
Marvin (30) MELD score, AFP level, HCC Probability 7,491 HCC and 34,310 non-HCC Competing risk model, Cox regression model, MELD C-index 0.741 - Assignment of lower scores to HCC patients - Attempts to establish an equitable model between
2015 number and size of dropout at patients score (MELDEQ) was calculated for HCC patients compared to exception points. HCC and non-HCC patients
12- th ting the h f it-list t for H
3,6,12-months by ?qua m,g e hazard for wait-lis .dropou or HCC - Lack of external validation - Patients with a high MELDEQ score are penalized
patients with that for non-HCC patients based on the with the 6 months delay polic
laboratory MELD Y policy
- Tumor related characteristics are included
Sasaki (32) MELD-Na, TBS, AFP level, year of NR A total of 420 patients with HCC  Multivariate Cox regression model C-index 0.613 - Lack of external validation outside to ultrasound - Continuous risk metric
2017 t lantati f cirrhosi incl f hort of
0 ransp an‘ ation, cause o c?|rr osis, were inc uc.ied of a cohort o - Exclusion of LRT influence - This score could supplant the Milan criteria in
neutrophil-lymphocyte ratio, 13,717 patients . )
. ) o assessment of candidacy and allocation preference
history of LRT and Milan criteria
for LT
status
- This model stratified the risk of mortality for patients
within and outside the Milan criteria
Mehta (8) Tumor size, AFP level, Child-Pugh  1-year dropout A total of 2,092 patients from Multivariate Cox regression model C-index 0.74 - Lack of external validation - Simplicity
2021 and MELD score risk LWR, 1,735 patients from SWR

and 2,894 MRW patients were
included

- Potential under-reporting of HCC recurrence

- Takes account of regional variations

- Higher risk of dropout does not necessarily imply
worse outcomes

HCC, hepatocellular carcinoma; MELD, Model of End-Stage Liver Disease; AFP, alpha-fetoprotein; AUC, area under curve; CR, competing risk; LRT, locoregional therapy; deMELD, drop-put equivalent MELD; WL, waitlist; LT, liver transplant; MELDEQ, Equivalent Model of End-Stage Liver Disease; MELD-
Na, MELD-sodium; TBS, tumor burden score; NR, not reported; LWR, long wait time region; SWR, short-wait time region; MWR, mid-wait time region.
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they currently present barriers and limitations conditioning
a real applicability.

The publications related to the application of ML
algorithms in HCC are related to prevention, diagnosis,
prognosis or recurrence (34). However, its application
as a predictor of waitlist dropout in HCC is limited. To
date, only two authors have developed a specific ML
prediction model for waitlist dropout in HCC liver
transplant candidates (Table 3) (3,6). Kwong er al. (3) used a
18,920 dataset of HCC liver transplant candidates and
1,181 variables from the OPTN. The end-point considered
were 3-, 6-, and 12-month waitlist dropout. They obtained
12 prediction features consisting of 5 variables, combining
the top variables identified by a Random Forest (RF)
algorithm and a Spearman’s correlation analysis. The
variables identified were: maximum and average AFP
levels (ng/mL), minimum and average of largest tumor
size (cm), minimum and average of serum bilirubin levels
(mg/dL), minimum and average of international normalized
ratio (INR), maximum and average of different grades of
ascites and presence of recent ascites. Finally, these variables
were integrated in a Cox proportional hazards model,
developing an online calculator. The final model C-index
reached a 0.74 value.

It is important to mention that the ML algorithm
selected (RF) was used as a filter of relevant variables and
not as a prediction model itself, unlike other works that
have used RF as a prediction algorithm (35). Although the
results were satisfactory, the results in terms of C-index
compared to other publications in other areas are modest
(36). While in other research, ML algorithms outperform
traditional scores, in this context, the C-index is similar to
the scores published in the literature. Some of the most
important limitations of this study are: retrospective nature,
lack of external validation and the influence of LRT was
not specified. Due to population characteristics used, the
authors suggest that this model may be more representative
of regions with longer waiting times.

Bertsimas er al. (6) developed the Optimized Prediction
of Mortality (OPOM) model based on optimal classification
trees (or OCTs). This ML algorithm stands out for its
interpretability and accuracy. End-point was the probability
of waitlist removal within 3 months (patient death or
becoming unsuitable for LT). Twenty-eight variables
(Table 3) were used (20 of them associated with MELD
score). Two OPOM models were built for HCC and non-
HCC patients. This model was integrated into the Liver
Simulated Allocation Model (LSAM) to simulate liver
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allocation replacing MELD score by OPOM model. The
conclusions of this work are promising. On the one hand,
OPOM is able to improve waitlist dropout capacity above
the MELD score, especially in patients who are sicker (up
to 16%). On the other hand, this model tends to equalize
the priority between HCC and non-HCC candidates, where
the extra points allocated traditionally tended to penalize
non-HCC patients as these points were based on an
arbitrary mortality prediction. However, some limitations
must be noted. First, missing value percentages were
not reported. Second, although results were satisfactory
in terms of AUC (0.859), MELD-sodium (MELD-Na)
and Match MELD reached 0.841 and 0.823 respectively,
differences were limited. The biggest difference was noted
in the cohort of sickest patients. Third, the LSAM analysis
considered is effective in predicting waitlist mortality but
not in predicting waitlist removal, as this includes both
worsening and improving patients. Finally, this model does
not consider regional variations in liver graft distribution.

As described in the previous section, a comparative table
of the two ML models is presented below.

Limitations and future perspectives

Efforts to improve the prioritization of HCC patients are
evident, with the majority of published articles originating
from the US. In Europe, most HCC allocation policies are
based on extra points assigned by center criteria combined
with MELD/MELD like systems. In the US, the current
organ allocation system for HCC patients has undergone
several modifications over time. After 2015, a 6-month
delay in receiving exception points was implemented.
Posteriorly, the maximum score these patients could reach
was limited to 34 points. The latest proposal has been the
inclusion of the MMaT system, which limits the first HCC
patient exception score to the MMaT in the area.

All the reviewed articles have contributed to the current
evidence but it is necessary to highlight their limitations,
which often condition their applicability. First, all models in
the studies reviewed are based on retrospective databases.
The issue with this type of data is that there may be errors
during reporting or a high proportion of missing values,
as is the case with the UNOS database (37). A clearer
report on the percentage of missing values in different
studies would be desirable, especially when referring to ML
algorithms. Several ML algorithms are highly sensitive to
the presence of missing values. A high proportion of these
values influences training and, consequently, the model’s
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Study Variables

End-point

Dataset

Methodology

Model performance Limitations Advantages

Bertsimas (6) 2019 - Albumin level

- Serum bilirubin

- Serum creatinine

- INR

- Serum sodium level

- Dialysis in the last week or not

- Number of years the candidate has accrued on the waitlist
- Age (years)

- Lab MELD score provided by SRTR

- Albumin level at previous check in

- Serum bilirubin at previous check in

- Serum creatinine at previous check in

- INR at previous check in

- Previous serum sodium at

- Previous lab MELD score at

- Dyalisis at previous check in or not

- Change in bilirubin level since previous check in

- Change in creatinine level since previous check in

- Change in INR since previous checkin

- Change in albumin level sin previous check in

- Change in sodium level since previous check in

- Change in lab MELD score

- Log of the candidate’s bilirubin level

- Log of the candidate’s creatinine level

- Log of the candidate’s INR

- AFP

- Number of tumor

- Sum of size of tumor

Kwong (3) 2022 - Maximum and average of AFP levels

- Minimum and average of largest tumor size (cm)
- Minimum and average of serum bilirubin levels (mg/dL)
- Minimum and average of INR

- Maximum and average of different grade of ascites

- Presence of recent ascites

3-month waitlist
mortality or
removal

3-, 6-, and

12-month waitlist patients with HCC

dropout

A total of 1,618,966 OCTs. 50% training, 20% validation and

HCC and non-
HCC patients were
included

A total of 18,920

were included

30% test

Cox proportional hazards model

The variables included were combined
using a Random Forest algorithm and a
Spearman correlation analysis

- OPOM model 0.859 - Missing values percentage were not reported - Equalize HCC and non-HCC patients

- MELD-Na 0.841 - Limited differences from MELD-Na and Match MELD in terms of AUC - Improve waitlist dropout capacity above

MELD score especially in sicker patients

- Match MELD 0.823 - The LSAM analysis considered is not effective for predicting exit from

the waiting list

- Failure to take into account regional variations

- LRT not included

- C-index 0.74 - Lack of external validation - Simplified prediction model, avoiding
- Non specification of LRT influence tra(.iltlonal machine Igarnmg models with
a high number of variables

- Only includes HCC patients

HCC, hepatocellular carcinoma; OCTs, optimal classification trees; OPOM, Optimized Prediction of Mortality; MELD-Na, MELD-sodium; MELD, Model of End-Stage Liver Disease; AUC, area under curve; LSAM, Liver Simulated Allocation Model; INR, international normalized ratio; LRT, locoregional

therapy; SRTR, Scientific Registry of Transplant Recipients; AFP, alpha-fetoprotein.
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performance (36).

Secondly, only two authors have externally validated
their methodology (8,29), and one of them did so in a
cohort from their own country (8). The absence of external
validation leads most clinicians to question the applicability
of these models. However, what we have learned in recent
years with the development of ML models is that perhaps
we should develop region-specific models rather than
universal models (36). Demographic data and access to
LT and organ allocation policies vary across different
countries. Finally, we must be cautious regarding the
obtained results. Most models C-index ranges around 0.7,
which is a modest outcome, with only minor differences in
some cases compared to the systems they try to overcome.
Several reasons such as databases robustness, the inclusion
of dynamic variables or variables that are not recorded, such
as LRT, may contribute to improving these values.

Reviewing the literature, we can generally divide two
groups of works. One group tries to estimate the probability
of waitlist dropout based on a continuous risk system or
a risk score. The aim is to complement the current organ
allocation system. The other group aims to “equalize” the
MELD scores of HCC and non-HCC patients so that
they can coexist without the need for prioritization rules.
However, although this concept is attractive, as affirmed
by Norman et al. (22), the consequence of this MELD
calibration negatively impacts HCC patients by allocating
them fewer points (90% are below 20) than they would
receive under the current system, penalizing their access
to LT. In this regard, it seems more optimal to adjust
prioritization based on the MMaT score.

It is worth to mentioning that various attempts have
been made to improve D-R matching in LT based on ML
algorithms (36). However, these D-R matching models do
not take into account the waitlist dropout risk. Developing
new models or adapt the current waitlist dropout prediction
models to D-R matching system proposals, can improve
them.

Conclusions

Several attempts have been made to find the best model
to stratify the risk of waitlist dropout in HCC patients.
However, to date, none of the models explored have been
implemented. The allocation of these grafts is still based
on extra scoring system or geographical criteria. Clearly,
factors such as tumor size, AFP levels, MELD score, or
LRT response have been shown to have an impact on the

© AME Publishing Company.
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disease progression of these patients, conditioning the
waitlist dropout. The improvement of methodology and
databases in future research is crucial to obtain accurate
and reliable models for clinicians. This is the only way to
achieve real applicability.
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