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Chapter 1

General introduction

“Zij zag, zij zag, wat niemand zag.

Maar ach, voor haar kwam toch een dag

Dat zij het niet precies kon zien

Heeft u dat ook misschien”

— Heinz Hermann Polzer
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4 CHAPTER 1. GENERAL INTRODUCTION

Research in context

This thesis focuses on survival prediction models in liver transplanta-

tion (LT). Predicting survival is important because it is used to priori-

tize patients in need of transplantation. Many patients are not trans-

planted in time, due to the shortage of donor liver grafts.1,2 Optimiz-

ing survival prediction models is therefore a matter of life and death.

A short history of liver transplantation

The shortage of donor liver grafts and the subsequent need for

survival prediction exist because of the success of LT as treatment.

Thomas Starzl was the first to perform a LT in 1963, trying to save

a severely ill child.3 In this first and later attempts, patients often

died shortly after transplantation. Only a laboratory pig managed

to survive many years without immunosuppression and therefore

became his favorite transplant mascot.4 Performing LT remained an

experimental treatment until further improvements in immunosup-

pression, operation and preservation techniques, diagnosis of liver

diseases, and postoperative management had been made.5,6 In the

late 70s the early LT programs started, in 1983 LT was declared not

experimental anymore, and only in the 90s many other LT centers

started. Five-year post-transplant survival probabilities increased

from 21% to 71% in 25 years.7

Through these improvements, an increasing diversity and number of

patients were eligible and could be treated.5 This created shortages

of donor livers, as the number of patients in need of LT (‘LT candi-

dates’) outnumbered the available donor livers. Even now, despite the

development of donation after circulatory death, living donor liver

transplantation, and machine perfusion for marginal organs, the im-

balance between available donor organs and number of candidates

persists, with an average waiting time for LT of five months in the Eu-
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rotransplant region and eight months in the United Network for Or-

gan Sharing (UNOS) regions.1,2 As a result, nowadays many patients

are still not transplanted in time and die on the waiting list. For the

Eurotransplant region in 2020, 25.3% (374/1481) of the LT candidates

died on the waiting list.1 In the US in 2019, LT came too late for 18.3%

(2405/13,093) of the waiting patients.2 Indeed, the mortality of pa-

tients on the liver waiting list is highest compared to all other trans-

plantable organs. Therefore, the development and improvement of

survival prediction for the LT waiting list is most important.

The start of liver allocation

Because of the plethora of indications and increasing number of pa-

tients listed for LT, donated liver grafts needed to be distributed in

a systematic and just way. Thus, the field of liver allocation came

into existence, where allocation can be defined as “the process of giv-

ing someone their part of a total amount of something to use in a

particular way.”8 Initially, liver grafts were assigned to patients with-

out applying uniform rules, because there were only a small num-

ber of patients and grafts involved. Then, following the field of kid-

ney allocation, LT was offered based on waiting time, i.e., first come

first served.5 With an increasing number of patients involved, waiting

times increased and therefore governmental regulation was initiated,

which gave rise to organ procurement organizations (OPO). Impor-

tantly, it was shown that waiting time did not correlate well with wait-

ing list mortality.9 Thus, consensus was reached that the most rele-

vant consideration was not how long a patient had waited, but what

the risk of death was while waiting. In other words, the principle of

transplanting the sickest first was employed.10 As a result, the OPO’s

effectuated policies that sought to incorporate measures of disease

severity into allocation. The rationale was that prioritizing patients

with the highest expected mortality without LT would reduce deaths
among waiting patients.
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Survival prediction

Because liver allocation aims to prioritize patients who will die soon-

est without transplantation, it is important to understand survival

prediction models.

Clinical information of a patient can relate to the true patient state 
that is either currently present (diagnosis) or will be present in the fu-

ture (prognosis).11 In the setting of survival prediction, future survival 
(prognosis) of a patient is estimated. Typically, only some patients 
will experience the event of interest (death) within the studied time. 
Therefore, survival times will be unknown for many patients, which is 
known as censoring of outcome.12 Right censoring can occur because 
(1) the patient did not die yet, (2) because the patient was lost dur-

ing study follow-up, or (3) another event took place which disabled 
further follow-up (e.g., transplantation prevented further follow-up 
for death on the waiting list). The fact that patients can be censored 
makes survival analysis difficult, as the aim is to use all the available 
information and to not discard follow-up times of patients without 
the event. In the setting of LT and this thesis, survival analysis will 
mostly be done for LT candidates on the waiting list. The survival 
probability on the waiting list is the chance that a patient survives 
from a specified t ime of origin ( e.g., first registration) until a future 
time point (e.g., 90 days). Post-transplant survival will also be used 
in chapter 6 of this thesis and is defined as the probability of survival 
from the moment of transplantation to the earliest of post-transplant 
death, loss to follow-up, or end of study.

When predicting survival, it is important to consider that patient

characteristics can affect survival and that these characteristics can

be differently distributed within the studied population. For exam-

ple, older patients might more frequently have more severe disease.
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The Cox proportional hazards model is used to study the impact

of one variable, adjusted for the impact of other variables, and to

estimate the effect size of each variable.13 For the above mentioned

example, a Cox model could show that for two patients with the

disease severity, a higher age would increase the risk of death. The

probability that a patient on the waiting list dies at a given moment

is called the hazard h(t):

h(t) = h0(t)× eb1x1+b2x2+...

This formula shows that the hazard depends on the chosen time t,

which seems likely for the waiting list. It also depends on chosen

predictors (x1, x2, ..) that have a certain impact, which is expressed

through the size of the coefficients (b1, b2, ..). The baseline hazard h0

is the hazard if all predictors (x1, x2, ..) were set to zero. For example,

if age were used to predict survival, h0 would be the instantaneous

risk of death at age 0.

Measuring model prediction performance

The outcome of analysis is often binary (death or alive) and therefore

predictions of this outcome can be expressed as absolute risks (e.g.,

60% chance of dying in the next five years). Because the aim is to best

estimate the true future patient state, it is important to assess perfor-

mance of a prediction model. The first essential measure is discrimi-

nation, which assesses whether the model can discriminate between

patients based on their risks of the outcome (e.g., death). Patients

with the event should have higher risk estimates than patients with-

out the event. For allocation purposes, this means that patients with

a higher risk of death will be ranked above patients with lower risks.

Therefore, good model discrimination is essential for allocation. Dis-

crimination is often expressed through the concordance statistic (or

c-index). Imagine that the prediction model is offered information
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on two patients from the population and that it must decide which

patient has a higher risk of death than the other. The percentage of

correct decisions by the model corresponds to the c-index. A c-index

of 0.5 means that the model is as good as flipping a coin. A c-index

of 1 means that a model perfectly ranks patients, which in practice

is not possible. In real cohort data, a c-index above 0.8 is considered

excellent.

The next essential measure of model performance is calibration,

which measures model accuracy. In other words, calibration tells

how well the predicted risks match the observed risks in the studied

population. Discrimination indicates which patient has a higher

risk, but it tells nothing about the value of that risk (e.g., 10% or 90%

chance of death). Calibration assesses the absolute risks and there-

fore is essential for research and communication with patients.14

For example, clinicians and patients may make decisions based on

the expected risk for an event (e.g., decide to transplant a patient

based on an expected high risk of death without treatment). Strong

over- or underestimation of these risks are unacceptable for clinical

practice.15 Thus, survival prediction models aim to estimate future

survival, which is essential for allocation of scarce liver grafts.

The MELD score

Several survival prediction models have previously been applied in

liver allocation. Perhaps the most noteworthy is the Child-Turcotte-

Pugh (CTP) score, which was the first widespread model used to re-

flect patient disease severity for the LT waiting list.16 Although this

score was a well-established predictor of mortality in cirrhotic pa-

tients, it failed in effective sickest-first allocation for several reasons.

One important limitation was that patients were categorized in only

three groups. These groups still encompassed many patients with

varying disease severity and therefore risk stratification was not pre-
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cise. Also, within each group, waiting time was still used as main pri-

oritizing principle. Another important limitation of the CTP score was

the subjective grading of ascites and encephalopathy, which could

lead to inter-observer variability when scoring disease severity.17 To

reach a more reproducible and objective representation of disease,

the Model for End-stage Liver Disease (MELD) was considered.

The MELD score was developed in the Mayo Clinic to predict early

survival after transjugular intrahepatic portosystemic shunt (TIPS)

placement in 231 cirrhotic patients.18 These patients received TIPS to

prevent variceal rebleeding and to treat refractory ascites. The sem-

inal study by Malinchoc et al. found that three blood measurements

best predicted survival, i.e., serum bilirubin, creatinine, and the in-

ternational normalized ratio for prothrombin time (INR). After val-

idation in 71 Dutch patients, the original MELD equation was pro-

posed:

MELD = 9.57× ln(creatinine) + 3.78× ln(bilirubin)+

11.2× ln(INR) + 6.43× (causeofcirrhosis)

Because survival after TIPS mainly depended on the severity of liver

disease, it was hypothesized that MELD was also suitable for survival

prediction in patients without TIPS. Thus, retrospective validation

was done to investigate whether MELD could also be applied to dif-

ferent etiologies and severities of liver disease.19 It was found that the

cause of cirrhosis could be excluded from the equation without low-

ering predictive performance. Thus, the final form became:

MELD = 9.57× ln(creatinine) + 3.78× ln(bilirubin)+

11.2× ln(INR) + 6.43

Then, because it was considered as potential allocation model,

MELD was prospectively evaluated by ranking patients on the wait-

ing list.20 In 2002, MELD was applied as the basis of liver allocation in

the United States (US). In 2006, the Eurotransplant region followed.
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In 2016, the US progressed to a newer form of MELD: the MELD

sodium (MELD-Na) score.21 However, MELD has remained un-

changed as the main driver for liver allocation in the Eurotransplant

region.

Justifying why research is needed: central argu-

ment

In the Eurotransplant region, the fundamental model that predicts

survival for liver allocation has remained unchanged since 2006. It is

therefore easy to see the gap this thesis aims to fill. The current LT

allocation system prioritizes the sickest patients, based on estimated

survival on the waiting list. Thus, the primary goal of this thesis is

to improve models that predict survival in LT candidates. These im-

proved models could help to distribute liver grafts in the best way

possible. To understand the possible improvements, some current

problems are outlined below.

Thesis layout: research questions and addressed

problems

Considering sodium

The MELD score uses three blood measurements, i.e., serum biliru-

bin, creatinine, and the INR. In cirrhotic patients, hyponatremia

indicates worse survival.22,23 This is because the kidneys fail to

compensate lowered splanchnic blood pressure caused by cirrhosis-

induced vasodilatation. As such, hyponatremia does not represent

kidney failure per se, but it indicates a decompensation of regulating

systems in a setting of portal hypertension. It was shown that sodium
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(Na) affected death risk corrected for MELD.24–26 Therefore, the

addition of sodium (Na) to MELD (MELD-Na) was investigated in the

US. Important advantages of serum sodium were that it was readily

available and could be measured reliably and objectively. Results

showed that MELD-Na better predicted survival on the waiting list

and therefore possibly enabled better sickest-first LT allocation.21 In

2016, the US implemented MELD-Na as the basis of LT allocation.

Subsequent evaluation indeed showed a reduction in waiting list

mortality.27 Thus, as a starting point for this thesis, it was suggested

to validate MELD-Na for the Eurotransplant region. Therefore, in

Chapter 2, we hypothesized that MELD-Na would also improve LT

candidate survival prediction in the Eurotransplant region.

Updating coefficients

After validating MELD-Na, the author questioned whether the

current forms of MELD and MELD-Na were suitable for the Eu-

rotransplant region. This question arose because a model best

represents the population it is fit in. As the MELD score was fit-

ted 20 years ago in 231 US patients,18 it was assumed to be a bad

representation of the current Eurotransplant population. There-

fore, in Chapter 3, the second question posed in this thesis was

whether refitting MELD for the Eurotransplant region would improve

survival prediction. To understand what refitting means and how

improvements could be made, consider the above-mentioned MELD

equation. It shows three parameters (bilirubin, creatinine, and

INR) and their coefficient (relative weight). The values of these

coefficients represent the relations of the variables to survival in

the studied population. However, MELD’s coefficients were set in a

small (n=231) and likely unrepresentative population.18 Population

changes (most notably disease incidence) have decreased MELD’s

predictive power over the years.28 Even in the US, updating MELD
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showed an improvement in survival prediction.29,30 We hypothesized

that in a different population, like the Eurotransplant region, MELD

variables relation to survival would be different. It is remarkable that

the Eurotransplant region has been using a MELD equation that is 20

years old. Thousands of patients have been prioritized based on an

unadjusted and possibly suboptimal model.

Past and current disease

When refitting MELD, the question arose why only one baseline mea-

surement was used to fit the model. The third problem addressed in

this thesis therefore was that current survival prediction for LT pri-

oritization is based on one moment in time, i.e., the last available

measurement of MELD. This is not the moment the model was fit for.

Previous measurements are also ignored. In the Eurotransplant re-

gion at the end of 2020, patients on the LT waiting list spent a median

time of 10 months waiting ( Eurotransplant public statistics library:

3085P_All ET ). During this time, disease develops and expected sur-

vival changes. This past course of disease encompasses valuable in-

formation for the future survival probability and thus patient priority

for LT. Although it is currently ignored by MELD, in clinical practice it

would be considered undesirable to ignore previous disease informa-

tion.

In Chapter 4 we hypothesized that using both previous and current

disease severity to predict survival would be an improvement. The

idea was to better mimic clinical survival prediction, as an experi-

enced clinician would consider both previous and current disease de-

velopment to estimate patient prognosis. To achieve this, joint mod-

els (JMs) were applied.31 The JM combines longitudinal and survival

analysis. This way, complex questions can be answered, such as: what

is the effect of a change in MELD over time on future patient survival?

Importantly, JMs yield predictions that are dynamic (updated based
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on accumulating evidence) and personalized (for the population av-

erage and individual). However, JMs were never applied on a large

scale in medicine, also not in the field of LT.

Acute-on-chronic liver disease

Most patients on the LT waiting list have chronic liver disease,

which gradually worsens in severity. However, some patients can

develop acute-on-chronic liver failure (ACLF). ACLF is a syndrome

characterized by three major features: systemic inflammation,

relationship with precipitating events (e.g., infections or alcoholic

hepatitis), and an association with single- or multi-organ failure.32

As a result, in ACLF mortality is high and a proportion of these

patients urgently needs LT for treatment. However, the MELD score

underestimates mortality in ACLF, because it ‘only’ measures liver

and kidney failure.33 In Chapter 5, JMs were applied to model disease

and survival in patients with ACLF. We proposed that the dynamic

JMs would be valuable in ACLF, because ACLF disease severity and

mortality change rapidly over time.34 The JM can consider both the

value of disease severity and its rate of change at each moment in

time. Analogous to speed, one can measure a value (e.g., 15 m/s) and

a rate of change (e.g., an acceleration of 5 m/s2). The rate of change

indicates worsening, stable, or improving disease severity, which is

valuable prognostic information.

Benefit of transplantation: life years gained

The LT waiting list prioritizes the sickest patients to receive trans-

plantation offers first. It is based on the principle of urgency, to

prevent deaths on the waiting list. However, this ignores post-

transplant outcomes, which, in an extreme example, could result

in transplanting patients who die the next day. Also, patients could



14 CHAPTER 1. GENERAL INTRODUCTION

be transplanted even though it does more harm than good.35 An

alternative principle of allocation could be based on survival benefit,

or the life years gained from transplantation.36 Survival benefit is

calculated by comparing the estimated survival with and without LT.

For the clinician, it is intuitive to weigh the possible consequences

of (not) treating a patient. This is especially true for LT, because it is

a treatment with inherent increased risk of death due to surgery and

e.g. infections due to post-transplant immunosuppression.37 Also,

there are far more patients in need of transplantation than there are

available liver grafts,1,2 which further necessitates the prevention of

futile LT.38,39

Thus, it is relevant to investigate whether and to what extend patients

gain life years from LT. In Chapter 6, survival benefit of US LT candi-

dates is estimated. A survival benefit comparison is made between

patients with and without hepatocellular carcinoma (HCC). This

is done because survival with and without LT is different between

(non-)HCC patients.40,41 Allocation also differs between HCC and

non-HCC-patients, because MELD(-Na) fails to adequately predict

survival in patients with HCC. To compensate this inadequacy,

an alternative system of artificial exception points was devised.42

Although the aim of the exception point system was to equalize LT

access, in practice HCC patients have gained too much LT access.43–45

In the Eurotransplant exception system, eligible HCC patients receive

an initial MELD score that equals 10% (MELD 20) or 15% (MELD 22)

90-day mortality, depending on the country of listing. The initial

MELD score is then increased with 10% mortality every 90 days,

which intends to mimic tumor progression. It is however evident

that exception points fail to represent patient characteristics and

are arbitrary. Although the aim of the exception point system was

to equalize LT access, in practice HCC patients gained too much LT

access.43–45 Survival benefit, based on actual patient characteristics,

could therefore serve as equalizing principle for survival prediction
and allocation.
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In Part IV, this thesis will be summarized, discussed, and provided

with future perspectives. The appendix provides two supplementary

chapters. Lastly, a summary in Dutch will be given.
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