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Summary: 

More than 50,000 people are diagnosed with hepatocellular carcinoma (HCC) every year in 

Europe. Many cases are known to specialist liver centres years before they present with 

HCC. Despite this, HCC is usually detected at a late stage, when prognosis is very poor. For 

more than two decades, clinical guidelines have recommended uniform surveillance for all 

cirrhosis patients. However, studies continue to show that this broad-based approach is 

inefficient and poorly implemented in practice. A “personalised” approach, where the 

surveillance regimen is customised to the needs of the patient, is gaining growing support in 

the clinical community. The cornerstone of personalised surveillance is the HCC risk model – 

a mathematical equation predicting a patient’s individualised probability of developing HCC 

within a specific time window. However, although numerous risk models have now been 

published, few are being used in routine care to inform HCC surveillance decisions. In this 

article, we discuss methodological issues stymieing the use of HCC risk models in routine 

practice - highlighting biases, evidence gaps and misconceptions that future research must 

address.  

 

Personalised surveillance: 

For more than two decades, we have used crude decision rules to distribute HCC 

surveillance [1,2] (Figure 1). It is widely assumed that surveillance programmes will become 

more personalised in the years ahead, improving efficiency and patient outcomes. [3-5]  

The basic idea behind personalised surveillance is to: a) consider the benefits, harms and 

costs of surveillance at the level of the individual patient; and then b) assign each patient to 

their optimal screening regimen on the basis of these considerations. In this way, one treats 

each patient as an individual, not as a group average.   
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In our opinion, opportunities to personalise surveillance are about to rapidly expand, as new 

technologies for early HCC detection emerge and as chronic liver diseases (CLDs) 

epidemiology evolves. [6] However, to truly leverage these opportunities, we must develop a 

framework for matching individuals to their optimal surveillance regimen. This is the topic of 

this article, and central to this is the concept of individualised HCC risk.  

 

Individualised risk: 

We are used to thinking about average HCC risks derived from a cohort of heterogeneous 

patients. However, the HCC risk for any specific patient can deviate starkly from the group 

average [7]; hence why average risks are not a good basis for making decisions about 

individuals.    

An individualised risk is a risk estimate tailored to a specific individual. For example, an 

individualised 3-year HCC risk of 5% means a 5% chance a patient will develop HCC within 

the next 3 years (or conversely, a 95% chance they will not). Individualised HCC risk is 

estimated from a HCC risk model, which can be thought of as a simple input-process-output 

device (Figure 1). It takes information about a patient such as their age and platelet count 

(input) and through an explicit mathematical formula (process), converts this into an estimate 

of individualised risk (output).  

As a community, we expect that individualised HCC risk will be the cornerstone of 

personalised surveillance, directly influencing what surveillance regimen the patient 

receives. [3-5] As such, the development and validation of HCC risk models has become an 

active area of research with numerous models now available to clinicians. [8-11] In our view 

however, there are several barriers to using these models in an individualised screening 

context which are not widely recognised.   
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1. Low model quality and applicability 

HCC risk models aim to improve patient care, yet they could equally cause harm if their 

predictions are biased. A key concern is overfitting, where the model is fitted to the noise in a 

dataset rather than the true signal. Overfitted models generate predictions that are too 

extreme – i.e. too low for lower risk patients and too high for higher risk patients [12]. 

The best defence against overfitting is to develop models from large longitudinal datasets 

with many incident HCC cases occurring over a sufficient long follow-up. Despite some 

exceptions however, most HCC risk models have been produced from small datasets, 

including several with <5 events per prognostic parameter (Figure 2). For these models, we 

should not expect their predictions to be reliable, even for a set of patients who closely 

resemble the dataset used to train the model. 

Second, virtually all models to-date have been developed using Cox regression [8-11], which 

does not account for competing risk events which are particularly numerous in patients 

affected by CLDs and include non-HCC liver-related and extra-hepatic mortality. [13] A 

recent analysis suggests the impact of competing risk bias would be greatest if the model 

was being used to identify high risk patients – e.g. with a view to offering more costly 

surveillance modalities such as abbreviated MRI, as a more pronounced CLD impacts both 

HCC occurrence and liver failure/portal hypertension. [14]  

Moreover, few models cater to patients with NAFLD or alcohol-related liver disease (Figure 

2) – even though these aetiologies account for most HCC cases in the West, reflecting the 

lower investment in the past decades in the constitution of prospective observational cohorts 

as compared with viral hepatitis.   

A comprehensive review is needed, but in our view, the methodological standard of HCC risk 

models must be improved if we want them to be used in the clinic.   
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2. Convenience external validation: 

HCC risk models are normally developed from a just tiny fraction of the “at-risk” population. 

External validation (EV) means assessing model performance on “new” patients who are 

eligible to use the model but were not part of the development dataset. It can be a critical 

step towards clinical implementation providing EV cohorts are selected thoughtfully and 

strategically. However, in our experience, EV cohorts tend to be chosen more for reasons of 

convenience than with a clear implementation strategy in mind.   

A crucial distinction is the difference between a model’s reproducibility and its 

transportability. [15] A model is reproducible if its performance can be replicated in cohorts 

which closely resemble the development cohort. Conversely, a model is transportable if the 

performance can be replicated in patients that deviate in some way from the patients on 

which the model was developed (e.g. patients with a different underlying chronic liver 

disease aetiology). In practice, if a HCC risk model were to be used successfully over a 

reasonably broad geographical area, it would need to exhibit good transportability as well as 

reproducibility. This is because a wide geographical area will typically include multiple health 

providers with diverse patient case-mixes – i.e. some that will closely resemble the 

development cohort (hence requiring reproducibility), but also others that may differ 

appreciably in terms of ethnicity, deprivation or aetiology for example (hence requiring 

transportability). Even if a model was intended for local use only (e.g. from a single 

provider/liver centre), transportability would still be required because patient case-mixes 

normally evolve over time (N.B. the Meld score is a case-in-point vis-à-vis how time trends in 

case-mix can gradually diminish model performance [16]).  

Thus, when planning an EV study, we believe the following points are paramount: 

a) be explicit about the target population of intended use. 

b) consider the epidemiology of HCC in that target population, including regional 

heterogeneity and secular trends in “at risk” patients. 
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c) approach EV strategically, choosing EV cohorts that test those aspects of 

transportability relevant to the target population of interest.  

Stratifying model performance by fundamental variables (e.g. age, sex, ethnicity) can also 

give insight into transportability if sample size permits. A good example relates to cured HCV 

cirrhosis, where HCC risk models discriminate much better in younger patients than older 

patients [17] This is valuable information from an implementation perspective – e.g.  it 

suggests the performance of these models would gradually decline over time as the HCV 

cirrhosis population ages. 

 

3. Model discrimination: letting the perfect be the enemy of the good  

A HCC risk model must be able to discriminate between individuals who go onto develop 

HCC from those who do not. A model with good discrimination will assign higher predicted 

risks to patients who develop HCC versus patients who do not, whereas in a poorly 

discriminating model, the predicted risks will be similar between these two groups.  

One of the most widely used metrics to quantify discriminative ability is Harrel’s concordance 

index (C-index), which has a minimum possible value of 0.5 (zero discrimination) and a 

maximum possible value of 1.0 (perfect discrimination). To many, the C-index is a "black 

box” metric that is therefore difficult to interpret. But its clinical relevance can be easily 

illustrated through simulation analyses (Figure 4).  

Suppose we have a cohort of cirrhosis patients with cured hepatitis C. Let us assume the 

average five-year risk of HCC in this cohort is 10.5%, based loosely on a recent meta-

analysis. [18] Imagine our goal was to use a HCC risk model to differentiate patients in this 

cohort with a 5-year risk HCC risk <15% versus ≥15%. Possibly, this could relate to offering 

abbreviated MRI surveillance to the latter group but not to the former – a decision rule 

suggested by a recent health economics analysis [19]. Figure 1 shows that if a model has 

zero discrimination (i.e. C-index =0.50), all patients are assigned the risk of the group 
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average (i.e. 10.5%), and as a result, everyone falls into the <15% group. However, as the 

C-index increases, the model gets better at separating these two risk profiles, and stark 

differences in HCC incidence emerge. Thus, a greater C-index means greater prognostic 

separation between risk strata, and from a personalised surveillance perspective, prognostic 

separation is key because it is the premise one has for treating the two groups differently. 

After all, if the incidence of HCC was comparable between the <15% and >15% risk groups, 

then there would be no justification for providing abbreviated MRI to the latter whilst 

withholding it from the former. 

Another point implied by Figure 4 is that discrimination is a question of degree, rather than 

an attribute a model either does or doesn’t have. This begs the question: what degree of 

discrimination does a HCC risk model need to have to be clinically useful and improve the 

status quo? EASL guidelines suggest a C-index of ≥0.80 is required [20], implying that 

existing models -which generally exhibit C-indexes of 0.70 to 0.80 [8-11] - are inadequate for 

clinical use. However, Figure 4 suggest ≥0.80 is essentially an arbitrary threshold. In our 

view, there is no good reason why a model must have a minimum C-index of 0.80 to support 

personalised surveillance. We must remember that a model does not need to be perfect to 

be useful, and that clinical utility should be judged from impact studies (discussed later), not 

from the C-index alone.  

 

4. Conflating predictions and decisions: 

Even if we are satisfied with our ability to estimate individualised HCC risk reliably, we forget 

that individualised risk is only a means to an end, not an end in itself. The next step is to 

develop a decision rule, mapping a patient’s individualised risk to their optimal surveillance 

regimen (Figure 1).  

Most HCC risk models group patients into “low”; “moderate” and “high” risk categories using 

statistical criteria (e.g. optimising sensitivity and specificity via the Youden index). Usually 
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there is an implication that patients assigned to the “low” risk group do not need screening, 

which raises controversy from both clinical and ethical standpoints. In reality, optimal cut-offs 

are simply not an appropriate basis for making surveillance decisions. [21] For starters, they 

assume sensitivity and specificity are equally important (even though we know sensitivity 

trumps specificity when surveying cirrhosis patients for HCC). Moreover, they tend to have 

very wide uncertainty intervals which are rarely acknowledged.   

Health economics can provide valuable information about decision rules for personalised 

surveillance. For example, a previous cost-effectiveness analysis (CEA) suggests biannual 

ultrasound becomes cost-effective once the HCC incidence rate exceeds 1.3% per year. 

[21], implying ultrasound should only be offered to patients exceeding this threshold. [3] 

However, we should remember that CEAs were developed to inform population-level 

decision-making; caution is required if extrapolating their results to an individualised context. 

For example, CEAs generally factor low adherence into their estimates, which will augment 

the minimum HCC incidence required for cost effectiveness. [22, 23] Although accounting for 

low adherence is appropriate for population-level analyses, it is more contentious if 

extrapolated to the individual level – i.e. it could lead to motivated patients being denied 

surveillance on the tacit assumption their adherence will be poor. Another issue is that the 

data on quality-of-life used in CEAs are sparse or are out-of-date and not generalisable to 

contemporary patients. [22, 23] Without better input data, CEA-based thresholds may not 

have the face-validity to win clinician and patient support. 

In our view, we should be thinking about developing decision rules via stakeholder 

consensus (i.e. between patients, clinicians and commissioners). One approach is to use the 

delphi technique – weighing up the trade-offs, cost effectiveness, affordability, opportunity 

costs, resource implications etc of various candidate decision rules.  Transparency is crucial; 

the process taken to develop the decision rule will be as important as the decision rule itself. 
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5. Unchallenged assumptions about the centrality of individualised risk: 

Individualised HCC risk is expected to be the cornerstone of personalised surveillance 

algorithms, directly pinpointing a patients’ optimal surveillance regimen. In general, lower risk 

patients are expected to be assigned cheaper and less effective surveillance, whereas 

higher risk patients will be assigned more costly and more effective regimens.[3] The 

rationale is that screening higher risk patients will yield a greater absolute number of early 

stage HCCs, and therefore more patients treated with curative intent. In this way, the higher 

costs associated with more effective screening modalities can be offset by the greater 

benefit accrued. However, note that we are tacitly assuming the benefit of early HCC 

detection will be the same for high and low risk patients. This may not be correct. A recent 

study suggests that patient characteristics associated with higher individualised HCC risk 

(i.e. older age and advanced cirrhosis) are also associated with reduced odds of curative-

intent HCC treatment due to higher rates of comorbidities or impaired liver function 

precluding allocation to liver resection or ablation. [24] Thus, detecting more HCCs early, 

may not necessarily translate into treating more patients with curative-intent. 

This leads to broader questions about the adequacy of using individualised HCC risk alone 

to match patients to their optimal surveillance regimen. For example, it has been suggested 

that HCC risk could be used to assign patients to their optimal surveillance interval (i.e. more 

frequent surveillance for higher risk patients). [4]. However, the optimal screening interval 

depends on the tumour doubling time, and to our knowledge, there is no reason to assume a 

HCC arising in a low risk patient will grow at a different speed to one arising in a high risk 

patient. Thus, the validity of using individualised HCC risk to infer a patient’s optimal 

screening interval requires further justification. We also know that specific surveillance 

modalities are substandard in some patient groups (e.g. lower performance of ultrasound 

due to impaired liver visualization in obese patients), and these subgroups are not entirely 

distinguishable by their individualised risk. This again suggests that in some cases, factors 
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beyond individualised risk may need to be considered to identify a patient’s optimal 

surveillance regimen. 

 

6. Lack of impact data: 

In general, we assume personalised surveillance will be non-inferior (at minimum) to current 

practice in terms of patient outcomes. Supporting evidence from impact studies may be 

required to substantiate this expectation. The purpose of an impact study is to determine the 

effect of a decision rule on clinician behaviour, patient behaviour, and subsequent patient 

outcomes. [25]  

Evaluating the impact of a HCC surveillance decision rule in a prospective study in terms of 

surrogate measures of HCC mortality – e.g. early HCC detection rates, allocation to curative-

intent treatment– would be challenging, but arguably achievable. Decision modelling 

analyses may also be useful as a first port of call to estimate the impact of a surveillance 

decision rule and what assumptions impact is sensitive to.[26]  

We can also learn from prominent impact studies being conducted outside of liver disease, 

such as the WISDOM study, evaluating risk stratified breast cancer surveillance to usual 

care in the United States. [27] 

 

7. Scalability challenges:  

To date, most HCC risk models are available simply as web-based calculators, requiring 

clinicians to gather data for each prognostic factor manually. To be used at scale however, 

risk calculation would need to be automated, drawing on routine data collected in electronic 

health records. Yet, routine data is often incomplete and unstructured (e.g. free text data). 

For some scores, complete automation may not even be possible or may require advanced 

data extraction techniques. [28] Moreover, data may be missing for one or more prognostic 
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factor(s), thereby precluding an estimate of individualised risk from being made. How should 

these cases be managed in practice? Ideally, imputation of missing predictor values should 

be part of the automation process, but there is still uncertainty about how this can be done in 

real time.   

It is right that we have prioritised understanding the validity, performance and clinical impact 

of HCC risk models – however, given the large number of at-risk patients, we must begin 

now to also think about the operational challenges of using HCC risk models at scale.  

 

Conclusions: 

The rise of the HCC risk model represents a major step towards personalising HCC 

surveillance. At the same time, our article draws attention to factors that will hinder their 

implementation in routine practice. Many of these challenges are statistical issues as much 

as clinical ones and they tend to be under-recognised or misunderstood by the research 

community. Box 1 lists some key recommendations for future research; by channelling our 

efforts strategically into these areas today, we will be better placed to harness the 

opportunities of personalised surveillance tomorrow. 
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Currently, surveillance decisions recommended in guidelines are centred on fibrosis stage (panel A), even though this is difficult to measure and 
is just one of many risk factors influencing HCC risk. As new surveillance modalities emerge beyond ultrasound, an alternative approach will be 
to base screening decisions directly on individualised HCC risk (panel B). However, despite growing support, there are several methodological 
challenges with this approach which are not widely recognised and are not being addressed.   
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We undertook a brief search for HCC risk models published in the four top liver disease journals (J Hepatol; Gastroenterol; Hepatology, Gut) in 
the last ten years. 19 models were identified in total– each represented by a data point in this figure. The number adjacent to each data point is 
the model’s Events Per Predictor parameter (EPP) ratio, calculated by dividing the number of HCC events in the model development dataset (y 
axis) by the number of prognostic parameters considered (x axis).  Based on a recent sample size framework [12], we would estimate the 
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minimum EPP for a HCC risk model in cirrhosis patients to be at least 11 (red line). Several models are well below this threshold and can be 
considered at high risk of overfitting - i.e. fitting to idiosyncrasies rather than generalisable patterns.  
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Figures are generated from a simulated cohort, designed to resemble cirrhosis patients with cured hepatitis C. The HCC incidence rate is 2.1% 
per year, based on data from a recent meta analysis.[18] The rate of non-HCC mortality is 4% per year, which serves as a competing risk 
event. We assumed the rate of non-HCC mortality was higher in patients with HCC risk >15%. The 15% risk threshold for abbreviated MRI is 
derived from a recent cost effectiveness study. [19] Analyses were performed in stata version 16, using survsim and stcrreg commands.  
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BOX 1: Research recommendations. 

1. Perform living systematic reviews to summarise the performance, applicability 

and biases of available HCC risk models. 

2. Adopt a competing risk perspective when developing HCC risk models and 

ensure sample size is sufficient. 

3. Address the shortage of HCC risk models catering to patients with alcohol-

related liver disease and non-alcohol fatty liver disease. 

4. Conduct external validation with the population of intended use in mind.  

5. Collect health-related quality-of-life data from contemporary cirrhosis and HCC 

patients to inform CEA-based decision thresholds. 

6. Think carefully about how individualised HCC risk should be converted into a 

surveillance decision. Consider developing a decision-rule via stakeholder 

consensus. 

7. Avoid deriving decision rules using optimal cut-point methods. 

8. Justify the validity of inferring surveillance regimen from a patient’s individualised 

HCC risk. Under what circumstances may additional factors need to be 

considered?  

9. Do not judge the clinical utility of a HCC risk model via the C-index alone (e.g. 

avoid the >0.80 heuristic). Instead, quantify clinical utility via impact studies.  

10. Consider potential barriers to scalability (e.g. automated risk calculation and 

missing prognostic factor data).   
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