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Abstract

Background & Aims: Liver transplant priority in the US and Europe follows the ‘sickest-first 

‘principle. However, for patients with hepatocellular carcinoma (HCC), priority is based on binary 

tumor criteria (e.g., Milan) to expedite transplant for patients with ‘acceptable’ post-transplant 

outcomes. Newer risk scores developed to overcome limitations of these binary criteria (e.g., 

Metroticket, HALT-HCC) are insufficient to be used for waitlist priority as they focus solely on 

HCC-related pre-transplant variables. We sought to develop a risk score to predict post-transplant 

survival for HCC patients using HCC- and non-HCC related variables.

Methods: Retrospective cohort study using national registry data of adult deceased-donor liver 

transplant (DDLT) recipients with HCC from 2/27/02–12/31/18. We fit Cox regression models 

focused on 5- and 10-year survival to estimate beta coefficients for a risk score using manual 

variable selection and calculated absolute predicted survival time and compared it to available risk 

scores.

Results: Among 6,502 adult HCC LT recipients, 11 variables were selected in the final model. 

The AUC’s at 5- and 10-years were: 0.62, 95% CI: 0.57–0.67 and 0.65, 95% CI: 0.58–0.72, which 

was not statistically significantly different than the Metroticket and HALT-HCC scores. The 

LiTES-HCC score was able to discriminate patients based on post-transplant survival among those 

meeting Milan and UCSF.

Conclusion: We developed and validated a risk score to predict post-transplant survival for 

patients HCC. By including HCC- and non-HCC related variables (e.g., age, chronic kidney 

disease), this score could allow transplant professionals to prioritize patients with HCC in terms of 

predicted survival. In the future, this score could be integrated into survival benefit-based models 

to lead to meaningful improvements in life-years at the population-level.

Lay summary:

We created a risk score to predict how long patients with liver cancer will live if they get a liver 

transplant. In the future, this could be used to decide which waitlisted patients should get the next 

transplant.

Graphical Abstract
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Introduction

Waitlist priority for a liver transplant (LT) in the US and Europe follows the ‘sickest-first’ 

principle. Yet the ascertainment of ‘sickest’ differs for the two main types of patients 

needing LT: decompensated cirrhosis and hepatocellular carcinoma (HCC). For the majority 

of LT candidates, waitlist priority is based on their calculated Model for End-Stage Liver 

Disease (MELD) score, a predictor of short-term (90-day) risk of death if not transplanted.1 

However, approximately 20% of patients are transplanted despite low MELD scores, most 

notably patients with HCC. For these patients, the risk of waitlist death is mainly attributable 

to HCC progression, and those with the greatest tumor burden have the highest risk of 

waitlist dropout and subsequent death, but the worst post-transplant survival and highest 

recurrence risk.2,3 In an attempt to limit transplant to those with reasonable post-transplant 

outcomes, HCC waitlist priority (i.e., MELD exceptions) has relied on binary criteria (e.g., 

Milan, University of California-San Francisco [UCSF]) to exclude those for whom 

‘unacceptable’ risks of cancer recurrence were expected.4,5 In the US, all patients within 

these criteria receive the same waitlist priority, and the only ‘tiebreaker’ is waiting time (e.g., 

a 50 year-old with hepatitis B has the same priority as a 75 year-old with non-alcoholic 

steatohepatitis (NASH), diabetes, and chronic kidney disease [CKD]). As a result, some 
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transplant leaders have raised concerns that the current allocation system for HCC has led to 

“thousands of years of lost survival benefit.”6

Although the approach to HCC prioritization relies heavily on excluding patients with an 

increased risk of post-transplant recurrence, the binary criteria (within vs beyond Milan/

UCSF criteria) have limitations. They cannot stratify patients based on predicted survival 

and lack granularity to: 1) estimate survival benefit of transplant; 2) counsel patients on 

expected outcomes relative to other non-transplant potentially curative options (e.g., 

resection); and 3) compare expected overall post-transplant survival of HCC vs non-HCC 

patients. There have been attempts to develop continuous HCC post-transplant risk models, 

notably the Metroticket and Hazard Associated with Liver Transplantation for 

Hepatocellular Carcinoma (HALT-HCC) scores.7–13 Although these scores provide superior 

prediction of post-transplant survival, they are insufficient allocation tools. First, they only 

include HCC-specific variables, even though the majority of post-transplant deaths in HCC 

recipients are not from recurrent HCC.7–12,14 Secondly, the populations in which the scores 

were developed and validated do not generalize to the US HCC population, especially as it 

relates to etiologies of liver disease (e.g., only 6.2% of the HALT-HCC validation cohort had 

NASH).7–13 The latter point is critical as NASH is the fastest growing indication for LT for 

HCC in the US, and is associated with key co-morbidities (e.g., diabetes) not accounted for 

in the Metroticket or HALT-HCC scores.15

To change the paradigm of transplant allocation to consider post-transplant survival (or 

survival benefit) necessitates the development of continuous risk scores to rank order HCC 

and non-HCC patients based on their predicted survival over appropriate time horizons, 

accounting for the full spectrum of clinical variables that impact overall survival. Therefore, 

our objectives were to: 1) develop and internally validate a continuous risk score to predict 

post-transplant survival for patients with HCC over 5- and 10-year time horizons (the Liver 

Transplant Expected Survival HCC [LiTES-HCC]); and 2) compare this score’s predictive 

accuracy and discrimination to existing models.

Methods

This retrospective cohort study included adult (≥18 years) deceased donor LT (DDLT) 

recipients with HCC from 2/28/2002–12/31/2018 using data obtained from the Organ 

Procurement and Transplantation Network (OPTN)/United Network for Organ Sharing 

(UNOS). We included only adults because HCC is rare in children and excluded patients 

with incidental HCC identified on explant. Because the current HCC exception priority 

paradigm requires a waiting period of ≥6 months from waitlisting to receive exception 

points, we excluded HCC recipients with <6 months of waiting time to restrict to patients 

eligible for waitlist priority in the current system.4,16 This insured all patients had ≥2 data 

points for evaluating tumor and alpha-fetoprotein (AFP) data. Because outcomes for LT 

recipients with hepatitis C virus (HCV) in the pre-direct acting antiviral era were inferior to 

other diagnoses, but are now similar, we excluded HCV LT recipients pre-2014.17

Goldberg et al. Page 4

J Hepatol. Author manuscript; available in PMC 2022 June 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Outcome

The outcome was patient survival, and patients alive as of 6/31/2019 were censored. We 

focused on overall survival, rather than HCC-specific survival because: 1) net-benefit 

allocation would have to focus on overall survival to account for HCC and non-HCC 

patients, and 2) determination of cancer-specific survival is subject to bias,18 and requires 

center-level data not available in OPTN/UNOS.

Predictors

We evaluated HCC- and non-HCC related pre-transplant variables as potential predictors to 

include into a score at the time of an organ offer to rank patients (i.e., as is done with 

MELD). HCC-specific variables were obtained from the OPTN/UNOS waitlist history and 

exception files (data required to be submitted to OPTN/UNOS every 3 months to maintain 

waitlist priority) and were selected using published data: a) AFP: initial, pre-transplant, 

minimum, maximum, mean, median, difference between initial and pre-transplant, pre-

transplant AFP relative to peak, and AFP response;11,12,19–22; b) tumor size or number: 

maximum tumor number, size, and total tumor diameter at any time, total tumor number and 

diameter pre-transplant, maximum tumor size pre-transplant, change in tumor number from 

listing to transplant (non-viable tumors counted as a 0), and change in total tumor diameter 

from listing to transplant (centers report non-viable tumors as 0 cm);5,10,11,23 and c) pre-

specified interactions of maximum AFP and etiology of liver disease, and pre-transplant 

AFP and etiology of liver disease.24 A tumor was defined based on OPTN/UNOS coding of 

a radiographically (or biopsy-proven) HCC ≥1cm (OPTN/UNOS does not quantify 

percentage viability). These variables are all required as part of applications (and renewals) 

for MELD exceptions.

HCC non-specific variables included: a) waitlisting: sex, race/ethnicity, diabetes, etiology of 

liver disease, prior transplant; b) pre-transplant: age, bilirubin, INR, albumin, ventilation, 

location, body mass index (BMI) as calculated based on height/weight, and adjusted for 

ascites25; and c) renal function. Renal function was modeled several ways: 1) dialysis in the 

week pre-LT; 2) estimated glomerular filtration rate (eGFR) using the Modification of Diet 

in Renal Disease (MDRD)-4 equation; and 3) CKD—eGFR <60 mL/min/1.73m2 at every 

time point during 90-day pre-LT period.26,27 The MDRD-4 equation was used given its 

routine application in clinical practice and available OPTN/UNOS data, and eGFR was used, 

rather than creatinine, as creatinine is a poor marker of renal function in patients with 

cirrhosis, and a source of gender disparities in MELD-based allocation.28 We evaluated 

interactions of diabetes and age and CKD and NASH.

We modeled continuous variables seven ways: linear, reciprocal, natural log, square root, 

cube root, squared, and cubed. We determined the optimal functional form using graphical 

summaries while maximizing the slope (r) and chi-square statistic in LOWESS plots 

evaluating the relationship between the variable and the unadjusted hazard ratio for survival. 

We decided a priori to include a limited set of variables that predict survival without a 

transplant (INR and bilirubin1) to develop a survival benefit-based approach to LT.
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Statistical analysis

The primary objective was to develop a clinically applicable risk score to order patients with 

HCC based on predicted post-LT survival. Therefore, we focused on developing predictive 
models that best predicted the outcome, in contrast to explanatory models that evaluate 

causal pathways by focusing on statistically significant associations between covariates and 

the outcome.29,30 We used an 80% training sample and 20% validation sample, a standard 

method, because the focus of model development is model training, and therefore it is 

necessary to dedicate more observations to that.31–33 Although a different split may have 

yielded narrower confidence intervals in the validation cohort, limiting the size of the 

training cohort negatively impacts the model/variable selection process.

We first fit Cox regression models at two time-points—5 and 10 years post-LT—to estimate 

the model’s beta coefficients (i.e., to identify covariates associated with survival). However, 

because our focus was on developing a predictive model, the results of the Cox model - with 

respect to p-values - did not determine which variables were selected for the model, but 

rather provided the beta coefficients to be used in the risk score.1,12,29,30,34,35 We 

sequentially added variables to time-dependent receiver operating characteristic (ROC) 

curves using Cox regression models and the aforementioned beta coefficients until the area 

under the curve (AUC) for the model increased by <0.001.36,37 We selected variables that 

increased the 5- and/or 10-year model’s AUC by ≥0.001 without decreasing the AUC of the 

model at the other time-point, to maximize AUC while developing as parsimonious a model 

as possible. We then estimated absolute survival time by estimating the area under the curve 

for the Kaplan-Meier survival function in SAS. We did not perform goodness-of-fit tests as 

this is used to determine how well an explanatory model accounts for the outcome, and is 

not intended to assess the quality of predictive models where the entire goal is accurate 

prediction of an outcome.29

To transform the score into a format to use in clinical practice (e.g., our online calculator: 

https://amantero.shinyapps.io/LiTES/), we implemented three steps: 1) multiplied XBETA 

by −1 in order to make higher scores ‘better’ (longer survival); 2) exponentiated the score to 

convert it off the log scale; and 3) multiplied this score by 50 to generate a scale that would 

appear familiar to users of the MELD score. To graphically present data, we categorized the 

validation cohort into 4 groups: a) >1 standard deviation (SD) below the mean; b) 0–1 SD’s 

below the mean; c) 0–1 SD’s above the mean; and d) >1 SD’s above the mean.

We compared the prediction accuracy of the LiTES-HCC score to the Metroticket and 

HALT-HCC scores by: 1) comparing each models’ AUC’s at 1, 3-, 5-, and 10-year 

timepoints; and 2) evaluating the observed survival based on Metroticket and HALT-HCC 

score quartiles within LiTES-HCC score categories (bottom 25%, 25%−75%, and top 25%). 

Lastly, we calculated observed survival, based on LiTES-HCC score categories relative to 

binary HCC criteria (i.e., Milan, UCSF, Metroticket 2.0).5,11,23,38

Lastly, we independently assessed the ability to develop a risk score using Random Forest 

methods that accounted for all possible recipient variables in OPTN/UNOS data and allowed 

the algorithm to select variables as needed.39
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Analyses were conducted using SAS Version 9.4. The study was deemed exempt by the 

Institutional Review Boards at the University of Miami and the University of Pennsylvania.

Results

Among 6,502 adult HCC LT recipients in the overall cohort (training + validation dataset), 

the median age was 62 years (IQR: 57–66) and 4,906 (75.5%) were male. The most 

common etiologies of liver disease were HCV (43.0%) and NASH (18.1%). In the cohort, 

6,224 (95.7%) were transplanted with Milan criteria. The unadjusted 1-, 3-, 5-, and 10-year 

survival was: 92.5% (95% CI: 91.8–93.2 %), 83.8% (95% CI: 82.7–84.8%), 76.2% (95% CI: 

74.7–77.6%), and 60.1% (95% CI: 57.5–62.6%), respectively, and did not differ (log-rank p-

value=0.31) for patients in the training vs validation cohorts.

Most of the demographic and clinical characteristics were statistically significantly different 

between those versus those who died during follow-up (Supplementary Table 1). Among the 

1,178 post-transplant deaths (18.1% of overall cohort), 950 (80.6%) had a cause of death 

coded in OPTN/UNOS data, with less than one-quarter due to recurrent HCC (n=228, 

24.0%), while 217 (22.8%) from a non-HCC malignancy, 142 (15.0%) from cardiovascular 

disease, and 110 (11.6%) infectious-related. Of the 217 who died from a non-HCC 

malignancy, 133 (68.1%) had free text identifying the specific tumor type: a) 42 (31.6%) 

primary lung; b) 33 (24.8%) pancreatico-biliary (15/33 had available explant pathology data 

and 15/15 had evidence of pure HCC on explant); c) 16 (12.0%) other (e.g., sarcoma); d) 12 

(9.0%) luminal gastrointestinal (e.g., esophageal); e) 12 (9.0%) metastatic adenocarcinoma, 

small cell carcinoma, or squamous cell carcinoma of unknown primary; f) 10 (7.5%) head 

and neck; g) 6 (4.5%) leukemia/lymphoma; and h) 2 (1.5%) skin.

Model selection

The 11 variables (and two interaction terms) in the final model based on our pre-specified 

AUC criteria (Methods) were: age, bilirubin, CKD, INR, diabetes, etiology of liver disease, 

difference between total tumor diameter at transplant versus total tumor diameter at 

waitlisting, difference between pre-transplant and waitlisting AFP, pre-transplant location, 

pre-transplant ventilation, interaction between diabetes and age, and interaction between 

CKD and NASH (Table 1). Variables with a positive beta coefficient (e.g., CKD) were 

predictive of an increased risk of post-transplant mortality. The AUC of the model in the 

training cohort was: a) 1-year: 0.59 (0.55–0.62); b) 3-year: 0.60 (0.58–0.63); c) 5-year: 0.63 

(0.60–0.65); and d) 10-year: 0.68 (0.65–0.72).

Model validation

The AUC’s in the validation dataset were: a) 5-years: 0.62, 95% CI: 0.57–0.67; and b) 10-

years: 0.65, 95% CI: 0.58–0.72. The group with the highest (‘best’) score had a 1-year 

survival of 97.0% versus 90.2% in the group with the lowest (‘worst’) score (Figure 1a). 

This difference was more pronounced with longer follow-up: 86.3% vs 67.0% survival at 5 

years and 72.7% vs 47.73% at 10 years (Figure 1a).

In absolute terms, the observed mean survival time across the 4 groups ranged from 4.17 

years for the ‘worst’ group to 4.63 years for the ‘best’ group over a 5-year horizon (Figure 
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1b; range 3.86–4.82 years), and 6.98 years for the ‘worst’ group to 8.62 years for the ‘best’ 

group over a 10-year horizon (Figure 1c; range 6.03–9.16 years). Table 3 displays 5 sample 

patients who were transplanted with the same waitlist priority by virtus of being within 

Milan criteria, yet have markedly different predicted survival based on their LiTES score.

The LiTES-HCC score was able to discriminate patients based on their post-transplant 

survival among those meeting Milan, UCSF, and/or Metroticket criteria, with a spread in 

observed survival based on the LiTES-HCC score (Figures 2a and 2b). For example, over a 

5-year horizon, the observed survival for patients within Milan or UCSF criteria varied as 

much as 0.7 years among those in the bottom versus top quartile of LiTES-HCC score 

values (Figure 2a; comparing maximum range in across quartiles). Over a 10-year time 

horizon, the range of observed survival was more than 2 years among patients in the bottom 

versus top quartile of LiTES-HCC score (Figure 2b).

Compared to the Metroticket score (continuous and binary), the LiTES-HCC score had an 

AUC that was numerically (but not statistically significantly) higher at 5- and 10-years 

(Table 2). When the Metroticket score was divided into quartiles, there were large spreads in 

observed survival based on a patient’s LiTES-HCC score (Figures 3a and 3b). For example, 

among patients with the ‘best’ Metroticket score (labeled ‘4’ in Figure 3a), the observed 

survival ranged by more than 1.5 years over a 5-year horizon based on the LiTES-HCC 

score (Figure 3a). These differences were more pronounced over a 10-year horizon, with a 

range of nearly 3 years among transplant recipients in the top quartile of Metroticket scores, 

and a range of more than 4 years in the bottom quartile of Metroticket scores (labeled ‘1’ in 

Figure 3b).

The LiTES-HCC score had a numerically (but not statistically significantly) higher AUC 

than the HALT-HCC score only at 10 years (Table 2). Similar to the Metroticket score, there 

were large spreads in observed survival when the HALT-HCC score was divided into 

categories (Figures 3c and 3d).

In the secondary analysis, there was overlap, albeit incomplete, in the variables selected in 

the primary model and the Random Forest model, with similar AUCs for the Random Forest 

models: 0.61 (5 years) and 0.63 (10 years). HCC transplant recipients with the lowest 

(‘worst’) LiTES scores were most likely to have “high-risk” features on explant pathology, 

while those with the highest (‘best’) scores were the least likely to have such features 

(Supplementary Table 2). The presence of these features was not associated with death from 

HCC.

Discussion

Pre-transplant risk stratification for patients with HCC has largely focused on binary criteria 

to identify patients with ‘acceptable’ recurrence-free survival. As a result, transplant 

candidates meeting these criteria receive the same waitlist prioritization in any given 

allocation area, despite the potential for substantial differences in post-transplant survival, 

with only waiting time as a tiebreaker. Using nearly 17 years of data, we developed and 

validated a risk score to rank order patients transplanted with HCC based on their projected 
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post-transplant survival. By incorporating HCC and non-HCC related variables, this score 

advances our ability to predict post-transplant survival among HCC patients, which could be 

used to compare predicted outcomes to non-HCC patients. In the future, these models could 

represent an important step in a larger effort to transform the way we prioritize patients by 

incorporating pre- and post-transplant data into a holisitic survival benefit-based allocation 

system.

Waitlist priority for a LT in the US is applied differently for patients with decompensated 

cirrhosis and HCC. Patients with decompensated cirrhosis are prioritized based on their 

calculated MELD score, while patients with HCC receive extra priority via MELD 

exceptions. However, unlike the continuous MELD score which ranks patients using 

objective criteria, the only ‘tiebreaker’ for patients with HCC is waiting time (all patients 

with exceptions in a given allocation area receive the same score), a flawed allocation 

principle that favors people who are “well-off, who become informed, and travel more 

quickly.”40 As a result, use of these binary criteria hinder the field’s ability to select patients 

with HCC with the best predicted survival. As shown in Figure 2, patients within Milan 

criteria who receive the same waitlist priority can have survival differences of more than 8 

months over a 5-year horizon, and more than 2 years over a 10-year horizon. On a 

population level, with more than 1,000 transplants for HCC annually in the US (and 

thousands more abroad), changes to HCC prioritization that incorporate post-transplant 

survival as a consideration could translate to thousands of more years in survival gains post-

transplantation. Furthermore, in clinical practice, the use of binary cutpoints for tumor 

criteria has led to marked variability in practice with respect to under-reporting of HCC 

burden across geographic regions and individual centers.41

To overcome limitations of binary transplant criteria, other scoring systems have been 

developed.7–13 The recalibrated HALT-HCC score had superior prediction accuracy to other 

models, yet was not different than our LiTES score. However, from the perspective of a risk 

score for liver allocation, especially for a US population, the Metroticket and HALT-HCC 

scores have important limitations overcome by the LiTES score. First, the patient population 

in those studies differed from a US cohort of HCC transplant recipients. Most notably, few 

patients in the HALT-HCC studies had fatty liver disease (≈6%);7–9 in the US, NASH is the 

fastest growing indication for LT for HCC, present in nearly 20% of HCC LT recipients.42 

Second, the Metroticket and HALT-HCC scores include only HCC-specific variables, yet the 

majority of deaths in transplant recipients with HCC are not from recurrent HCC.7–12,14 The 

prevalence of NASH (with associated high rates of diabetes and CKD) and recipient age are 

highly relevant to the US transplant population, and were important predictors in our model.
15,43 Highlighting the limitations of the Metroticket and HALT-HCC scores as standalone 

tools to predict post-transplant survival are that fact that a 50 year-old with NASH would 

have the same predicted survival as a 75 year-old with NASH, diabetes, and CKD, provided 

they have identical HCC-specific variables. This lacks biologic plausibility, as these two 

patients have significantly different survival, is reflected in their having different LiTES 

scores, and therefore different priority in an allocation system that included the LiTES score. 

Other scores that incorporate pathologic data have been developed, but these cannot be used 

to risk stratify patients pre-transplant. Although there was an association between a patient’s 
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LiTES score and “high-risk” features on explant pathology, this did not correlate with HCC-

related mortality, and HCC recurrence is not captured in OPTN/UNOS data.

Our LiTES-HCC HCC score helps to overcome the limitations of the current process of 

prioritizing patients with HCC and existing HCC post-transplant risk models. First, it 

includes variables that are part of routine practice. Second, it includes non-HCC variables 

that impact post-transplant survival. Third, it provides an output of absolute predicted post-

transplant survival time that is understandable to patients and providers. This transparent 

output enables LiTES-HCC to function as a tool to counsel patients better about expected 

outcomes, especially in relation to other potentially curative treatment options for HCC 

outside of LT. The benefits of the LiTES score to discriminate predicted post-transplant 

survival among patients with the same waitlist priority is highlighted in Table 3.

The AUC of our model (and other HCC scores) was less than the traditional 0.8 cut-off. This 

may be due to limitations in OPTN/UNOS data of factors that could improve prediction 

(e.g., frailty data, severity of co-morbidities such as diabetes). Future studies leveraging 

center-level data could determine whether they increase the model’s AUC. Despite the AUC, 

the LiTES score could still be applied to liver allocation, and potentially yield thousands of 

years of additional survival at the population level, as the AUC is not the sole determinant of 

a model’s performance.29,30,34,44 The AUC is a measure of a model’s ability to correctly 

classify patients with vs without an outcome, or for time-to-event outcomes, to rank order 

two patients based on predicted survival. It does not measure a score’s ability to rank a series 

of patients, to place patients into buckets (e.g., high- vs low-risk), to rank order multiple 

subjects, and may be biased with censored outcomes.34,44 As shown in Figures 2a and 2b, 

patients in the top quartile of LiTES score had a predicted mean survival that was 

significantly higher than those in the bottom quartile at the 5- and 10-year time horizons. For 

example, a patient with a LiTES score in the bottom quartile had a predicted survival over a 

10-year time horizon of 6.98 years, compared to 8.6 years for a patient in the top quartile. 

On a patient-level, 1.5 years is sizable, and is substantial when considering the broader 

population allocated an organ based on binary criteria, with waiting time as the tiebreaker. 

Therefore in practice, while the LiTES score may not be a tool to rank order two patients 

with similar scores, it could be a valuable tool (e.g., a tiebreaker) for patients with very 

different scores for whom we have a high degree confidence have meaningful differences in 

expected survival. Furthermore, the AUC of the LiTES-HCC score is similar to the recipient 

risk model and allograft risk score used in kidney allocation in the US,45 underscoring that 

risk scores with AUC’s similar to ours are deemed important enough by policymakers to be 

incorporated into allocation policies. Additionally, LiTES-HCC builds upon work 

suggesting that incorporating HCC-MELD (based on MELD score and logAFP) would 

provide more equity in prioritizing HCC patients relative to non-HCC patients when focused 

on transplant benefit.35

Our study has limitations. First, although there are no upper limits of HCC (e.g., tumor size) 

that exclude a patient from being transplanted, only those meeting specific criteria receive 

MELD exceptions. As a result, our models were limited to already-selected patients. 

Nevertheless, the range in observed survival was more than 8 months over a 5-year time 

horizon, and more than 2 years over a 10-year time horizon. Second, we could not account 
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for some potential confounders not in OPTN/UNOS data, such as cardiovascular disease or 

frailty. However, all centers perform cardiovascular risk stratification.46 Future iterations 

could incorporate center-level data on frailty were they uniformly collected in a standardized 

fashion (unlike Karnofsky score data in OPTN/UNOS).47 Lastly, we did not assess the 

impact of Modified Response Evaluation Criteria in Solid Tumors (mRECIST) criteria, 

because it cannot be reliably assessed in OPTN/UNOS data, and may lead to bias if 

incorporated into allocation without central radiological review and uniform reader training.
7,13,48

In conclusion, the LiTES-HCC score can provide an assessment of expected post-transplant 

survival. This score would allow the transplant community to better prioritize patients with 

HCC by identifying those with the best predicted post-transplant survival while providing 

important data for patients and providers. If integrated into practice with models that account 

for survival without a transplant, this score could lead to major gains in public health benefit 

by accurately prioritizing patients with the greatest expected survival benefit from 

transplantation. A similar approach to allocation of livers for non-HCC patients should be 

considered in order to take a broader perspective of distributive justice in the context of 

allocation for all patients being considered for a liver transplant.
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• HCC patients frequently die of non-HCC cause after liver transplant.

• Inclusion of non-HCC variables improve the discrimination of HCC risk 

score.

• Allocation based on predicted survival could improve population-level 

outcomes.
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Figure 1 (three panels): Observed survival probabilities and mean survival times based on 
LiTES-HCC score in validation cohort*
a. Figure 1a: Observed survival probabilities

b. Figure 1b: Observed mean survival time and 95% CI over 5-year time horizon

c. Figure 1c: Observed mean survival time and 95% CI over 10-year time horizon
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Figure 2 (two panels): Observed survival times for patients within Milan, UCSF, and Metroticket 
criteria relative to LiTES-HCC score categories
a. Figure 2a: Observed mean survival time and 95% CI over 5-year time horizon

b. Figure 2b: Observed mean survival time and 95% CI over 10-year time horizon
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Figure 3 (four panels): Observed survival times within quartiles of Metroticket and HALT-HCC 
scores relative to LiTES-HCC score categories
a. Figure 3a: Observed mean survival time and 95% CI over 5-year time horizon for 

continuous Metroticket

b. Figure 3b: Observed mean survival time and 95% CI over 10-year time horizon for 

continuous Metroticket

c. Figure 3c: Observed mean survival time and 95% CI over 5-year time horizon for 

continuous HALT-HCC

d. Figure 3d: Observed mean survival time and 95% CI over 10-year time horizon for 

continuous HALT-HCC
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Table 1:

Beta coefficients and hazard ratios of variables in LiTES risk score for HCC survival

Variable Beta coefficient Standard error Hazard ratio

(Age in year)3 2.2 x 10−6 5.49 x 10−7 1.00

Ln(bilirubin)
*† 0.037 0.059 1.04

CKD pre-transplant 0.17 0.13 1.18

INR* 0.035 0.067 1.04

eGFR at transplant* −0.0013 0.002 0.999

Diabetes −0.28 0.66 0.76

Etiology of liver disease, No. (%)
‡

 Other Reference Reference Reference

 HCV −0.001 0.11 0.999

 NASH −0.10 0.12 0.90

 Alcohol 0.024 0.11 1.02

 HBV −0.32 0.13 0.73

Difference of TTD at transplant and TTD at listing** −0.014 0.02 0.99

Difference between initial and pre-transplant AFP 2.38 x 10−4 3.39 x 10−5 1.00

Ventilated prior to transplant 0.71 0.37 2.04

Pre-transplant location

 Home Reference Reference Reference

 Hospital −0.15 0.16 0.86

 ICU 0.19 0.20 1.21

Diabetes * age 0.0072 0.01 1.01

Pre-OLT CKD * NASH 0.18 0.20 1.20

Abbreviations: CKD=chronic kidney disease; INR=international normalized ratio; eGFR=estimated glomerular filtration rate; HCV=hepatitis C 
virus; HBV=hepatitis B virus; NASH=non-alcoholic steatohepatitis; TTD=total tumor diameter; AFP=alpha-fetoprotein; ICU=intensive care unit; 
CKD=chronic kidney disease

*
Laboratory data signify last value in the OPTN/UNOS dataset prior to transplant

†
Bilirubin also included as a linear value: beta coefficient=0.00987, standard error=0.11, HR=1.01

‡
Other diagnoses include but not limited to: autoimmune hepatitis, primary biliary cholangitis, primary sclerosing cholangitis, hereditary 

hemochromatosis

**
Tumor diameter based on viable tumor ≥1cm based on data reported to OPTN/UNOS
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Table 2:

Comparison of AUC and Harrell C for LiTES score with that of the HALT-HCC and Metroticket scores for 

predicting post-transplant overall survival

1-year AUC 3-year AUC 5-year AUC 10-year AUC Harrell C

LiTES score 0.60 (0.53–0.66) 0.57 (0.52–0.62) 0.62 (0.57–0.67) 0.65 (0.58–0.72) 0.58

HALTHCC score 0.59 (0.53–0.65) 0.59 (0.54–0.64) 0.60 (0.55–0.65) 0.54 (0.45–0.64) 0.59

Metroticket (continuous) 0.55 (0.49–0.61) 0.57 (0.52–0.62) 0.57 (0.53–0.62) 0.52 (0.43–0.61) 0.56

Metroticket (binary) 0.50 (0.37–0.62) 0.51 (0.39–0.64) 0.52 (0.39–0.64) 0.52 (0.39–0.66) 0.51
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Table 3:

Comparison of predicted post-transplant survival for 5 sample patients transplanted for HCC within Milan 

criteria

Age at transplant 71 70 65 67 54

Pre-transplant CKD Yes No No No No

Total bilirubin 0.6 2.6 3.3 0.5 0.5

INR 1.0 1.8 1.4 1.3 1.1

eGFR, mL/min/1.73m2 55 47.5 115 76 76.0

Diabetes Yes Yes No No No

Location Home Home Home Home Home

Etiology of liver disease NASH NASH HCV HBV HBV

Ventilated No No No No No

AFP at listing 91 19 39 4 11

AFP at transplant 224 20 11 7 14

Total tumor diameter at listing 4.5 4.3 2.9 2.1 2.9

Total tumor diameter at transplant 3.7 4.9 1.5 2.1 2.9

LiTES Score† 14.2 19.7 27.9 38.2 52.7

Predicted post-transplant survival time based on LiTES

 5-year time horizon 4.07 4.17 4.34 4.50 4.66

 10-year time horizon 6.80 7.14 7.63 8.16 8.72

Abbreviations: eGFR=estimate glomerular filtration rate

*
Tumor size based on center to OPTN/UNOS and decreased sizes reflect changes from loco-regional therapy

†
LiTES score calculated based on coefficients from Table 1, with predicted survival time based on based on the survival curves developed in the 

validation cohort.
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