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BACKGROUND

Can existing risk scores predict ten
year risk ?
Can data on genetic polymorphisms
improve prediction?

QUESTIONS
In community settings,knowing a
patient’s ten year risk of a cirrhosis
complication event  could improve
clinical management

Action
required

STUDY POPULATION

Risk score performance

ove prediction?

•

N = 197,509

10-years  duration of follow-up

1,110 cirrhosis complication
events observed 

participants with
risk factor for liver disease

•

•

•

Highlights could be repurposed to estimate an
� Individualised 10-year risk of cirrhosis-related morbidity can be
predicted in the community.

� The APRI score exhibited the best discriminative ability (C-in-
dex >0.80).

� 10-year cumulative incidence was 14.8% for individuals with APRI
in the 99th percentile.

� Genetic risk scores were outperformed by more acces-
sible alternatives.

� Genetic risk scores add little new prognostic information beyond
what is already captured by APRI and FIB-4.
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Background & Aims: Models predicting an individual’s 10-year Lay summary: New approaches are needed in community set-

risk of cirrhosis complications have not been developed for a
community setting. Our objectives were to assess the perfor-
mance of existing risk scores – both with and without genetic
data – for predicting cirrhosis complications in the community.
Methods: We used a 2-stage study design. In stage 1, a sys-
tematic review was conducted to identify risk scores derived
from routine liver blood tests that have demonstrated prior
ability to predict cirrhosis-related complication events. Risk
scores identified from stage 1 were tested in a UK Biobank
subgroup, comprising participants with a risk factor for chronic
liver disease (stage 2). Cirrhosis complications were defined as
hospitalisation for liver cirrhosis or presentation with hepato-
cellular carcinoma. Discrimination of risk scores with and
without genetic data was assessed using the Wolbers C-index,
Harrell’s adequacy index, and cumulative incidence curves.
Results: Twenty risk scores were identified from the stage-1
systematic review. For stage-2, 197,509 UK biobank participants
were selected. The cumulative incidence of cirrhosis complica-
tions at 10 years was 0.58%; 95% CI 0.54-0.61 (1,110 events). The
top performing risk scores were aspartate aminotransferase-to-
platelet ratio index (APRI: C-index 0.804; 95% CI 0.788-0.820)
and fibrosis-4 index (FIB-4: C-index 0.780; 95% CI 0.764-0.795).
The 10-year cumulative incidences of cirrhosis complications for
participants with an APRI score exceeding the 90th, 95th and 99th

percentile were 3.30%, 5.42% and 14.83%, respectively. Inclusion
of established genetic risk loci associated with cirrhosis added
<5% of new prognostic information to the APRI score and
improved the C-index only minimally (i.e. from 0.804 to 0.809).
Conclusions: Accessible risk scores derived from routine blood
tests (particularly APRI and FIB-4) can be repurposed to estimate
10-year risk of cirrhosis morbidity in the community. Genetic
data improves performance only minimally.
ol liver disease;

22; accepted 14

wcaddens Road;

of Hepatology 2
tings to reduce the late diagnosis of chronic liver disease. Thus, in
a community cohort, we assessed the ability of 20 routine risk
scores to predict 10-year risk of cirrhosis-related complications.
We show that 2 routine risk scores in particular – “APRI” and
“FIB-4” – could be repurposed to estimate an individual’s 10-year
risk of cirrhosis-related morbidity. Adding genetic risk factor
information to these scores only modestly
improved performance.
© 2022 The Authors. Published by Elsevier B.V. on behalf of European
Association for the Study of the Liver. This is an open access article
under the CC BY license (http://creativecommons.org/licenses/by/4.
0/).

Introduction
Chronic liver disease (CLD) is a global public health problem,
causing more than a million deaths every year.1 Most deaths are
secondary to complications of cirrhosis, such as decompensated
cirrhosis and primary liver cancer. One of the most notable
hallmarks of CLD is that it is usually not diagnosed until patients
present with complications from cirrhosis; at which point,
treatment options are limited and prognosis is irreversibly poor.2

In this scenario, earlier diagnosis of CLD could allow clinicians to
act sooner to prevent liver related mortality.3,4 However, this
must be weighed against the potential for unnecessary inter-
vention (e.g. referral to specialist care and further diagnostic
follow-up) in the vast majority of patients with CLD who never
go on to develop complications of cirrhosis. Thus, improving
outcomes hinges on being able to manage patients in a way that
is proportionate to their risk of severe disease. This requires
effective risk stratification tools.

Models that predict individual risk of disease complications
are becoming more common in primary care. Exemplars include
QRISK3, which estimates a patient’s risk of having a heart attack
or stroke within the next 10 years.5 Predicting complication risk
is particularly useful where the number of individuals who go on
to develop complication events is a small fraction of the total
number of individuals with disease (as with CLD). Although
there is no CLD equivalent to QRISK3 at present, we hypothesised
that existing risk scores based on routine liver blood tests may be
useful for predicting cirrhosis complication events in a
022 vol. 77 j 365–376
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community setting. Examples include the fibrosis-4 index (FIB-
4), and the non-alcoholic fatty liver disease (NAFLD) fibrosis
score, which show prognostic utility among patients attending
specialist liver clinics.6,7 However, the prognostic performance of
such risk scores in a community setting – i.e. where the burden
of CLD is at its greatest, but the incidence rate of severe disease is
far lower – is not well characterised.

Another key area of uncertainty relates to the added value of
genetic data for CLD risk stratification. Knowledge of the germ-
line genetic risk factors influencing onset of cirrhosis has
advanced appreciably in recent years.8 Several genetic risk scores
have now been developed, which show strong association with
cirrhosis-related outcomes.9,10 However, the incremental utility
of genetic data, over and above cheaper and more readily
accessible risk scores, remains unclear. In other words, we do not
know whether genetic data provides any additional prognostic
information beyond what is already captured by routine scores.

The primary objectives of this study were therefore to: i)
quantify performance of existing fibrosis scores for identifying
individuals at risk of cirrhosis complications; and ii) assess the
degree to which the performance of these scores can be
enhanced by adding data on genetic risk.

Materials and methods
Stage 1 (identifying candidate risk scores)
A systematic review was performed to identify risk scores with
evidence of prognostic ability for cirrhosis complications. The
search was designed to be sensitive rather than specific (i.e. to
capture all potentially relevant risk scores accepting that some
will be false positives). For eligible studies, we extracted infor-
mation on: study participants (i.e. location, number of centres,
setting); outcome definition; sample size; and model perfor-
mance. Further details can be found in Appendix A.

Stage 2 (evaluating risk score performance)
Risk scores identified in stage 1 were then evaluated in the
United Kingdom Biobank (UKB) cohort. UKB is a community
cohort study of more than half a million individuals in the UK
(N = 502,492). Participants were interviewed in May 2006 to July
2010 from 22 UKB assessment centres located throughout the
UK. All individuals aged 40-69 years and living within 25 miles of
an assessment centre (approximately 9 million persons in total)
were sent an invitation letter for the study. During the interview,
participants completed a comprehensive health questionnaire, a
physical examination and donated biological specimens. Follow-
up data on subsequent health outcome events are supplied
through record linkage to UK mortality, hospital admission and
cancer registries.11 UKB has approval from the UK North West
Multicentre Research Ethics committee. Informed consent was
obtained from each participant.

Study population
Previous studies suggest focusing on patients with established
risk factors for CLD optimises risk stratification in the commu-
nity.12–15 Thus, our study population was restricted to UKB par-
ticipants with one or more of the following CLD risk factors at
UKB interview (n = 238,585).
1) Alcohol consumption exceeding 14 units/week (the recom-

mended threshold for safe drinking in UK16).
2) Abdominal obesity (waist-hip ratio >1.0 if male, and >0.9

if female).
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3) General obesity (BMI >30).
4) Diagnosis of type 2 diabetes mellitus (T2DM).

A detailed description of the covariates used to define these
risk factors is provided in Appendix B. We then excluded par-
ticipants for any of the following:
a. Developed the primary outcome event prior to UKB interview

(see following paragraph for definition);
b. Missing data for >−1 risk score identified in our system-

atic review;
c. Missing genetic data for one or more of the 20 single nucle-

otide polymorphisms (see later paragraph for
further information).
Primary outcome event
The primary outcome event was presentation with an incident
(i.e. first time) cirrhosis complication event. We defined this as
either a hospital admission for cirrhosis, death from cirrhosis, or
presentation with hepatocellular carcinoma (HCC). Only events
occurring during the first 10 years of follow-up were considered.
Hospital admissions due to cirrhosis were identified using a
validated set of ICD & Operations/Procedure (OPCS4) codes.17

HCC was defined as the presence of an ICD10:C22.0 code
within either a cancer registration or hospital admission record.
See Table S1 for further details.

Calculating risk score values
Risk score values were largely derived from blood specimens
collected at the participant’s baseline interview. The specific UKB
field IDs used to calculate risk score values are provided in
Table 1. Laboratory methods adopted by UKB to generate
biomarker data from blood specimens have been
described previously.18,19

Statistical analyses
Definition of the ‘at risk’ period
All statistical analyses were underpinned by survival analysis
methods. Participants were followed up from the date of their
UKB interview through to the earliest of either: a) the date of
cirrhosis complications (if at all); b) the date of death (if at all); c)
the study completion date, or d) the 10-year follow-up date.

The study completion date relates to the date of hospital
registry completion; 30-Jun-2020, 31-Oct-2016, and 1-Mar-2016,
for participants in England, Scotland and Wales, respectively. The
10-year follow-up date was defined as 10 years after the date of
UKB interview.

Competing risk perspective
The cumulative incidence of cirrhosis complications depends not
only on the risk of cirrhosis complications itself, but also on the
risk of competing events. Previous studies show that ignoring
competing risk events leads to biased estimates of cumulative
incidence.20 Thus, in this study, non-cirrhosis-related mortality
occurring before cirrhosis complications was treated as a
competing risk event where this was possible. The definition of
non-cirrhosis mortality is provided in Table S1.

Risk score discrimination
Discrimination is arguably the most fundamental aspect of risk
score performance. In general, it is defined as the degree to
022 vol. 77 j 365–376



Table 1. Risk scores identified in stage 1 systematic review and the prognostic factors underpinning each score.

Prognostic factor (UKB field ID)

Risk score

TotalAAR ALBI ALBI-FIB-4 APRI BARD CBR CRPA CirCom Cirrus DOHA FIB-4 FLI ML NAR NFS NL PALBI PWC vdMM WHR

Platelet count (30080) X X X X X X X X X 9
Aspartate aminotransferase (30650) X X X X X X X X 8
Albumin (30600) X X X X X X X X 8
Alanine aminotransferase (30620) X X X X X X 6
Bilirubin (30840) X X X X X 5
Age (21022) X X X X 4
BMI (21001) X X X 3
Waist circumference (48) X X 2
Type 2 diabetes mellitus (various fields*) X X 2
Lymphocyte count (30120) X X 2
Neutrophil count (30140) X X 2
Gamma glutamyl transferase (30730) X 1
Creatinine (30700) X 1
Mean corpuscular volume (30040) X 1
Sodium (30530) X 1
Total protein (30860) X 1
Triglycerides (23407) X 1
C-reactive protein (30710) X 1
Prior hospital admission data (various fields*) X 1
Cystatin (30720) X 1
Monocyte count (30130) X 1
Leukocyte count (30000) X 1
Hip circumference (49) X 1
Sex (31) X 1

Prognostic factors are listed in descending order of frequency. Fields used to infer type 2 diabetes mellitus are described in appendix B. Hospital admission data refers to in-patient hospital admission spells occurring prior to
UKB enrolment.
AAR, aspartate aminotransferase-to-alanine aminotransferase ratio; ALBI, albumin-bilirubin score; ALBI-FIB-4, albumin-bilirubin fibrosis-4 index; APRI, aspartate aminotransferase to platelet ratio; BARD, BMI-AST ratio-diabetes
model; CirCom, cirrhosis-specific comordbitiy score; Cirrus, cirrhosis using standard tests; CRPA, C-reactive protein-to-albumin ratio; CBR, cystatin-to-bilirubin ratio; DOHA, Doha score; FIB-4, fibrosis-4 index; FLI, fatty liver index;
ML, monocyte-to-lymphocyte ratio; NAR, neutrophil-to-albumin ratio; NFS, non-alcohol fatty liver disease fibrosis score; NL, neutrophil-to-lymphocyte ratio; PALBI, platelet-albumin-bilirubin score; PWC, platelet-to-white cell count
ratio; UKB, UK biobank; vdMM, van der Meer mortality; WHR, waist-hip ratio.
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Table 2. Baseline characteristics and 10-year follow-up data for study population.

Characteristics (baseline) Participants, n (%)

Cirrhosis complication event (primary outcome) Non-cirrhosis mortality (competing risk event)

Events, n (%)
10-year cumulative

incidence, % (95% CI) Events, n (%)
10-year cumulative

incidence, % (95% CI)

Age group, years
<50 41,943 (21.2) 131 (11.8) 0.32 (0.27-0.38) 637 (6.3) 1.56 (1.44-1.68)
50-59 67,011 (33.9) 351 (31.6) 0.54 (0.49-0.60) 2,300 (22.7) 3.53 (3.39-3.68)
>−60 88,555 (44.8) 628 (56.6) 0.73 (0.67-0.78) 7,218 (71.1) 8.37 (8.19-8.56)

Sex
Female 88,677 (44.9) 316 (28.5) 0.37 (0.33-0.41) 3,360 (33.1) 3.90 (3.78-4.03)
Male 108,832 (55.1) 794 (71.5) 0.75 (0.70-0.80) 6,795 (66.9) 6.41 (6.27-6.56)

Ethnicity
White 170,242 (86.2) 942 (84.9) 0.63 (0.54-0.73) 1,277 (12.6) 4.80 (4.54-5.06)
Non-white 27,267 (13.8) 168 (15.1) 0.57 (0.53-0.61) 8,878 (87.4) 5.37 (5.26-5.48)

Townsend deprivation quintile
Q1 (least deprived) 40,204 (20.4) 150 (13.5) 0.39 (0.33-0.45) 1,727 (17.0) 4.44 (4.24-4.65)
Q2 40,022 (20.3) 159 (14.3) 0.41 (0.35-0.48) 1,842 (18.1) 4.73 (4.52-4.94)
Q3 39,885 (20.2) 202 (18.2) 0.52 (0.45-0.59) 1,879 (18.5) 4.83 (4.62-5.05)
Q4 39,228 (19.9) 252 (22.7) 0.66 (0.58-0.74) 2,031 (20.0) 5.32 (5.10-5.55)
Q5 (most deprived) 37,923 (19.2) 347 (31.3) 0.94 (0.85-1.04) 2,663 (26.2) 7.21 (6.95-7.48)
Missing 247 (0.1) 0 (0.0) \ 13 (0.1) \

Alcohol intake, units/week
<15 76,400 (38.7) 450 (40.5) 0.60 (0.55-0.66) 4,433 (43.7) 5.97 (5.80-6.15)
15-49 108,887 (55.1) 423 (38.1) 0.40 (0.36-0.44) 4,844 (47.7) 4.57 (4.45-4.70)
50+ 10,486 (5.3) 205 (18.5) 2.00 (1.74-2.29) 742 (7.3) 7.26 (6.77-7.77)
Missing 1,736 (0.9) 32 (2.9) 1.89 (1.32-2.62) 136 (1.3) 8.02 (6.79-9.37)

Type 2 diabetes
No 182,445 (92.4) 863 (77.8) 0.49 (0.46-0.52) 8,692 (85.6) 4.90 (4.80-5.00)
Yes 15,064 (7.6) 247 (22.3) 1.68 (1.48-1.89) 1,463 (14.4) 9.99 (9.51-10.48)

BMI category, kg/m2

<30 109,049 (55.2) 474 (42.7) 0.45 (0.41-0.49) 5,336 (52.6) 5.02 (4.89-5.15)
>−30 88,460 (44.8) 636 (57.3) 0.74 (0.69-0.80) 4,819 (47.5) 5.62 (5.47-5.78)

All participants 197,509 (100.0) 1,110 (100.0) 0.58 (0.54-0.61) 10,155 (100.0) 5.29 (5.19-5.39)
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which individuals who develop the outcome of interest have a
higher risk score value vs. those who do not. In this study, we
assessed discrimination of each risk score through a number
of approaches.

First, we quantified the overall discriminative ability of each
risk score using the C-index. In general, the C-index measures
the proportion of all possible “participant-pairs” that are
“concordant”. A “participant pair” refers to a random selection of
2 individuals from the dataset, and this pair is said to be
“concordant” if the individual with the higher risk score de-
velops the outcome event of interest sooner than the individual
with the lower risk score. C-index values usually range from 0.5
to 1.0, where a value of 0.5 indicates zero discrimination (i.e. no
better than chance) and a value of 1.0 indicates perfect
discrimination.21 In this study, all risk scores were handled as
continuous variables. We used the Wolbers-modified version of
the C-index, which takes competing risk events into account.22 In
addition to the 10-year prediction horizon, we also calculated C-
index values over a shorter time horizon of 5 years.

Second, we assessed if the C-index of each prediction model
varied according to selected patient characteristics. The
following characteristics were considered: sex, age group (40-
49; 50-59 and 60+ years), deprivation, alcohol intake, obesity
and type 2 diabetes. For deprivation, participants were grouped
into quintiles based on the Townsend deprivation index. The
Cochran’s Q and the I2 statistics were calculated to assess het-
erogeneity across strata.23

Third, we created “high” and “low” risk groups by dichoto-
mising each risk score at a range of illustrative cut-off points.
Five cut-off points were considered: a) 50th percentile; b) 80th

percentile c) 90th percentile; d) 95th percentile; and e) 99th
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Fig. 1. Summary C-index estimate for risk scores over a 5- and 10-year predi
horizon. All estimates are based on the Wolbers modification of the Harrell’s C-
blue box denotes C-index values exceeding 0.80, which EASL guidelines on non-in
to be clinically useful (albeit the empirical rationale for this threshold is not cle
aminotransferase-to-alanine aminotransferase ratio; ALBI, albumin-bilirubin sco
ferase to platelet ratio; BARD, BMI-AST ratio-diabetes model; CirCom, cirrhosis-sp
protein-to-albumin ratio; CBR, cystatin-to-bilirubin ratio; DOHA, Doha score; FIB
NAR, neutrophil-to-albumin ratio; NFS, non-alcohol fatty liver disease fibrosis sco
PWC, platelet-to-white cell count ratio; vdMM, van der Meer mortality; WHR, w
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percentile. The 10-year cumulative incidence of cirrhosis com-
plications was calculated in each high/low-risk group created. In
general, the more discriminating a risk score, the more separa-
tion one would expect to see between the cumulative incidence
in “high” and “low” risk categories. All cumulative incidence
estimates were generated non-parametrically using the
“stcompet” package in Stata version 17.

Improving discrimination by integrating genetic data
Next, we quantified the degree to which the discrimination of
existing risk scores is improved by adding data on genetic risk for
cirrhosis-related complications. Relevant genetic loci were
identified by reviewing previous genetic association studies for
alcohol-related liver disease, NAFLD or mixed aetiology cohorts
(see Appendix C). Individualised data for selected loci were ob-
tained from Version 3 of the UKB genetic dataset.24 Genetic data
were combined with each existing risk score using Cox regres-
sion modelling. Forty Cox models were fitted in total: 2 for each
of the 20 existing risk scores (i.e. 1 model that included all ge-
netic loci as independent variables, and 1 model that omitted
them). All predictor variables were included as continuous var-
iables to avoid information loss. Crucially, one cannot necessarily
assume that the relationship between a given risk score and risk
of cirrhosis complications is linear. Thus, we used Royston’s
multivariate fractional polynomial procedure25 to identify the
optimal functional relationship between each existing risk score
and the outcome. Through this procedure, we were able to ac-
count for non-linear relationships – thus further reducing the
potential for information loss when combining with genetic data.
However, we constrained all such non-linear relationships to be
monotonic (i.e. a first-order fractional polynomial25) to ensure
0.8 0.9 1
x

APRI C-index for 5-year 
horizon = 0.852

FIB-4 C-index for 5-year horizon = 0.832

5-year

10-year

Prediction time horizon

ction horizon. Ordered from top to bottom in descending C-index for 10-year
index. Acronym expansions for risk scores can be found in the main text. The
vasive tests suggest is the minimum level of discrimination needed for a model
ar). 95% CIs for all C-index estimates are available in Table S8. AAR, aspartate
re; ALBI-FIB-4, albumin-bilirubin fibrosis-4 index; APRI, aspartate aminotrans-
ecific comordbitiy score; Cirrus, cirrhosis using standard tests; CRPA, C-reactive
-4, fibrosis-4 index; FLI, fatty liver index; ML, monocyte-to-lymphocyte ratio;
re; NL, neutrophil-to-lymphocyte ratio; PALBI, platelet-albumin-bilirubin score;
aist-hip ratio.
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clinical plausibility. All new risk scores integrating genetic
data were derived from the linear predictor of the corre-
sponding regression model. N.B. because of insufficient
computational resources, it was not possible to perform
Royston’s multivariate fractional polynomial procedure
within a Fine-Gray regression modelling context accounting
for competing risks.

When assessing the added value of the genetic data, our
general approach was to compare the performance of the risk
model including genetic data to that of the equivalent model
omitting genetic data. To build a composite picture, we did
this in 3 ways. First, we calculated the Wolbers C-index for
each risk score with genetic data and compared this to the
Wolblers C-index for the original score omitting genetic data.

Second, we used Harrell’s Adequacy Index to assess the
percentage of new prognostic information provided by the
genetic data.26 The adequacy index is defined as: (LRRS/
LRRS+genetic); where LRRS+genetic is the likelihood ratio statistic
for the Risk score + genetic model (in Cox model), and LRRS is
the likelihood ratio statistic for the original risk score (in Cox
model). One minus the adequacy index indicates the fraction
of new prognostic information provided by the genetic data.26

Third, we created “high” and “low” risk groups by
dichotomising each genetic risk score at the 50th; 80th; 90th;
95th and 99th percentiles. We calculated the cumulative inci-
dence in each group and compared this informally to the
equivalent estimate for the score omitting genetic data. As
discussed earlier, a more discriminating score should translate
into greater separation of the cumulative incidence between
high- and low-risk groups.

Two sensitivity analyses were performed to assess if the
added value of genetic data was altered when: a) restricting
the study population to participants of White British ancestry;
and b) genetic data was represented using a specific genetic
risk score previously developed by Bianco et al.10 White
British ancestry was defined by the UKB core team using ge-
netic and self-reported data (see UKB field ID:22006).
Relationship between risk score value and 10-year complica-
tion risk
The relationship between risk score value and 10-year cu-
mulative incidence was assessed by calculating the 10-year
cumulative incidence within 12 granular risk score groups.
These groups were risk score deciles 1-9; 90-94th percentile;
95-98th percentile, and >−99

th percentile (i.e. the top 1%).
Decile 1 refers to people whose risk score value is in the 0-9th

percentile; decile 2 relates to a risk score value in the 10-19th

percentile, and so on. The cumulative incidence was calcu-
lated for both cirrhosis-related complication events and the
competing risk event (non-cirrhosis mortality). This analysis
was only performed for the 3 risk scores with the greatest
discriminative ability.

Results
Stage 1 (identification of candidate risk scores):
One thousand and eighty-three studies were retrieved from
our systematic search, of which 32 met our inclusion/exclu-
sion criteria. Most eligible studies included patients attending
secondary care centres (27/32) (see Table S2). Twenty risk
scores were identified in total, as enumerated in Table 1. The
vol. 77 j 365–376



formulae used to calculate all risk score values are outlined in
Appendix D.

Stage 2 (derivation and characteristics of study population):
Our study population was comprised of 197,509 individuals
(Fig. S1). The mean age was 57.4 years with slightly more females
(55%) than males (45%). In total, 88,460 participants (45%) had a
BMI exceeding 30 kg/m2 and 10,486 (5.3%) reported current
alcohol intake exceeding 50 units/week (Table 1). Detailed
descriptive statistics for each risk score, including values at
specific percentile cut-off points, are shown in Table S3. Minor
allele frequencies for the genetic loci of interest ranged from 1.8%
to 29.3% (Table S4).

Primary outcome event
One thousand, one hundred and ten (0.56%) individuals pre-
sented with a cirrhosis complication event within 10 years of
UKB interview. The most common type of event was a hospital
admission for cirrhosis (982/1,110; 88.5%), followed by presen-
tation with HCC (101/1,110) (Table S5-S6).

The median duration of follow-up was 10.00 years per
participant (mean: 9.59 years). The 10-year cumulative incidence
of cirrhosis complications was 0.58% (95% CI 0.54-0.61). 10,115
participants experienced the competing risk event, equating to a
10-year cumulative incidence of 5.29% (95% CI 5.19-
5.39) (Table 2).
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Risk score discrimination
All risk scores were associated with the outcome event, but
discriminative ability varied widely. The best performing risk
scores over a 10-year time horizon were: aspartate
aminotransferase-to-platelet ratio index (APRI: C-index: 0.804;
95% CI 0.788-0.819); FIB-4 (C-index: 0.780; 95% CI 0.765-0.795);
and cirrhosis using standard tests (Cirrus: 0.745; 95% CI 0.728-
0.762). Discrimination was even greater over a 5-year time ho-
rizon (Fig. 1; Table S7). The 10-year cumulative incidence of
cirrhosis complications for participants with an APRI score
exceeding the 50th, 80th, 90th, 95th and 99th percentile was 0.96%,
1.98%, 3.30%, 5.42% and 14.83%, respectively (Table S8).

Discrimination did not vary significantly by age, sex, ethnicity,
obesity, alcohol intake or deprivation quintile (Table S9). How-
ever, discrimination was higher for individuals with T2DM. For
example, the C-index for FIB-4 was 0.820 (95% CI 0.794-0.847)
for participants with T2DM, vs. 0.764 (95% CI 0.747-0.782) for
those without (Cochran Q p <0.001; I2 = 83.13%). A similar pattern
was apparent for APRI and Cirrus (Table S9).

Improving discrimination with genetic data
Our genetic augmentation analysis incorporated 20 independent
genetic loci, enumerated in Table 3. The C-index of the genetic risk
factor model alone was 0.618 (0.601-0.635) and the regression
parameters for this model are shown in Table S10. The fraction of
new prognostic information provided by genetic data was greatest
CirCom

NL
AAR
NAR

ML
BARD
CRPA

ALBI
vdMM
PALBI

CBR
WHR

ALBI-FIB-4
PWC
Doha
NFS
FLI

Cirrus
FIB-4
APRI

0 .2 .4 .6 .8 1

Fraction of new prognostic information (%)

ement is assessed in 2 ways. (A) Indicates the Wolbers C-index without genetic
ew prognostic information provided by genetic data, calculated from Harrell’s
cending C-index. AAR, aspartate aminotransferase-to-alanine aminotransferase
ex; APRI, aspartate aminotransferase to platelet ratio; BARD, BMI-AST ratio-
ing standard tests; CRPA, C-reactive protein-to-albumin ratio; CBR, cystatin-to-
L, monocyte-to-lymphocyte ratio; NAR, neutrophil-to-albumin ratio; NFS, non-
LBI, platelet-albumin-bilirubin score; PWC, platelet-to-white cell count ratio;

022 vol. 77 j 365–376 371



Research Article Cirrhosis and Liver Failure
for scores with lower discriminative ability (i.e. cirrhosis-specific
comordbitiy score [CirCom], neutrophil-to-lymphocyte ratio, and
aspartate aminotransferase-to-alanine aminotransferase ratio)
and weakest for scores with higher discriminative ability (i.e.
APRI; FIB-4; Cirrus). For the CirCom score for example, the addi-
tion of genetic data added >70% of new prognostic information
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and the C-index was improved from 0.526 to 0.630. In contrast,
genetic data added <5% of new prognostic information to the APRI
score, and the C-index improvement was marginal (i.e. from 0.804
to 0.809) (Fig. 2; Table S11).

Equally, the separation in cumulative incidence between
high/low-risk groups was only marginally improved when
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genetic data was added to APRI and FIB-4. For example, based on
the 99th percentile definition of high/low-risk, 10-year cumula-
tive incidence was 14.83% (high risk) vs. 0.43% (low risk) for APRI
alone. The equivalent separation for the APRI-genetic model was
15.21% (high risk) vs. 0.43% (low risk) (Fig. 3). Similarly, at the
99th percentile definition, the 10-year cumulative incidence was
12.36% (high risk) vs. 0.46% (low risk) for FIB-4 alone. The
equivalent separation for the FIB-4-genetic model was 12.82%
(high risk) and 0.45% (low risk) (Fig. S2).

The added value of genetic data was unchanged in all sensi-
tivity analyses (Table S11).

The relationship between risk score value and 10-year
complication risk
The cumulative incidence of cirrhosis complications did not in-
crease linearly with risk score value. Rather an exponential
relationship was observed (see Fig. 4; Table S12). Also, as risk
score value increased, the cumulative incidence of a cirrhosis
complication event either converged with or surpassed the cu-
mulative incidence of the competing risk event.

Discussion
New precision medicine strategies are needed in community
settings to reduce late diagnosis of CLD.2–4 Hitherto studies have
mainly focused on developing diagnostic algorithms for signifi-
cant/severe liver fibrosis. Here, we explore the potential for
bringing a “QRISK3” paradigm to CLD, where a patient’s indi-
vidualised risk of a complication event is directly estimated.
Overall, our findings indicate that pre-existing risk scores
derived from routine liver blood tests can be repurposed for
estimating 10-year risk in the community. The APRI and FIB-4
scores showed the greatest potential for this repurposing. For
example, the 10-year risk of a complication event for individuals
whose APRI score surpassed the 99th percentile (14.83%) was
�25 times higher than the 10-year risk in the total study pop-
ulation (0.58%). C-index values for APRI and FIB-4 were either
close to or exceeded 0.80, which EASL guidelines indicate is the
minimum level of discrimination needed for a model to be
clinically useful27 (albeit, the empirical basis for this 0.80
threshold is not clear). The Cirrus score28 also performed well
and may hold a practical advantage over APRI and FIB-4 because
it does not rely on aspartate aminotransferase measurement
Cirrhosis complication event 
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(which is not available in all settings). We also show that the
discriminative ability was consistent across age group, sex,
deprivation, BMI, and ethnicity categories. However, discrimi-
nation did vary according to T2DM status, which has also been
observed elsewhere.7

The EASL-Lancet liver commission highlights the impor-
tance of shifting the diagnostic emphasis for CLD towards those
at greatest risk of developing severe disease.4 However, the
current paradigm – i.e. focusing exclusively on a diagnostic
rather than a prognostic perspective29,30 – is ill-equipped to
achieve this goal. First, fibrosis is a surrogate measure that may
not fully capture the risk of developing severe morbidity
(which is often what patients, clinicians and health systems are
most interested in). Second, recommended thresholds for
identifying fibrosis/cirrhosis in the community (e.g. FIB-4 >3.25
or enhanced liver fibrosis test >10.529,30) are questionable in-
sofar as they are extrapolated from secondary care where the
spectrum of disease differs considerably from that in the
community. Adapting these thresholds to a community context
is an intractable challenge because liver biopsy (the gold
standard for measuring fibrosis) is not ethically justifiable in a
community cohort. Third, the inclination to avoid “missing”
disease often requires the choice of low thresholds, thus
necessitating specialist fibrosis tests on a large proportion of
the population (many of whom will not ultimately develop
cirrhosis morbidity). This places major constraints on resources
and service capacity. For all these reasons, we believe that
directly estimating individualised risk of a complication event
will prove a useful adjunct to existing clinical management
protocols/guidelines.29,30 Crucially, we show it is feasible to
predict 10-year risk using routinely collected data variables, i.e.
without the need to adopt costly, proprietary or invasive bio-
markers. Indeed, we suspect that APRI, FIB-4 and Cirrus scores
could be automatically calculated for most individuals in pri-
mary care using prior test results stored digitally. A more
nuanced/granular risk management system where “clinical
outcomes” are front and centre would allow those at highest
risk to be directed to specialist services in a timely manner. In
contrast, low- and medium-risk patients could be managed
with a proportionate use of specialist fibrosis tests (i.e. imaging
or serum tests). Importantly, this would allow thresholds for
clinical action (i.e. referral to specialist care) to be set by local
Competing risk event (non-cirrhosis death)
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healthcare systems themselves, taking resourcing levels into
account. Overall, therefore, our results may have important
implications for existing clinical practice.

Our findings also lend an important perspective regarding the
utility of genetic risk scores for predicting liver-related prog-
nosis. Despite considerable interest of late in developing genetic
scores for risk stratification,9,10 the added value of genetic data
relative to cheaper and more accessible biomarkers has not been
adequately explored. Our results show that for the best per-
forming risk scores (e.g. APRI, FIB-4 and Cirrus), the incremental
benefit of genetic data was marginal. In the case of APRI for
example, adding genetic data provided <5% new prognostic in-
formation and would only increase the C-index from 0.804 to
0.809. These modest gains are corroborated by our cumulative
incidence curves for FIB-4 and APRI, which show comparable
levels of prognostic separation with and without genetic data.
Nevertheless, this conclusion is at odds with a recent study by De
Vincentis et al., who reported that genetic data does provides
additional prognostic insight relative to existing scores.31

Because this study was also underpinned by UKB data, our
opposing interpretations must reflect methodological differences
(i.e. “analytical flexibility”32). Two differences in our view are
particularly salient. First, in the present analysis, all risk scores
were handled as continuous variables and were combined using
Royston’s multivariate fractional polynomial procedure.25 This
was done to minimise information loss and is consistent with
best practice guidelines.21 Conversely, risk scores appear to have
been categorised in De Vincentis et al.’s study, which, whilst
analytically simpler, invariably leads to appreciable information
loss and underestimation of a risk score’s discriminative ability.21

Second, although both studies were based on UKB data, there are
sizeable differences in the exact participants included. In our
study, we included all participants with a risk factor for CLD in
order to mirror the target population in which these risk scores
are likely to be applied in real world clinical practice. In contrast,
De Vincentis included a substantial number of individuals (�60%
of the cohort) with no risk factors for CLD. In combination, these
methodological differences could account for our opposing
conclusions. More generally, this highlights the non-trivial
impact that analytical flexibility can have on scientific conclu-
sions, as demonstrated recently by Botvinik-Nezer et al.32

This study has a number of limitations and caveats that
warrant discussion. First, we were unable to validate risk scores
in terms of their calibration performance. This was because the
risk scores we assessed were not developed to predict future risk
of cirrhosis complications. Thus, there is no equation we can
validate relating specific risk score values to a 10-year predicted
risk. Future studies are needed therefore to calibrate FIB-4 and
APRI with respect to these prognostic outcomes. Ideally, this
should be taken forward with large primary care datasets such as
the QResearch cohort5 and the UK clinical practice research data
link. Nevertheless, we hope our own descriptive analysis, out-
lining the exponential relationship between APRI/FIB-4 score
and 10-year cumulative incidence, will inform future efforts to
calibrate these scores. Another limitation is that our study pop-
ulation was defined only in terms of risk factors for alcohol-
related liver disease and NAFLD, and did not explicitly capture
other forms of CLD such as viral hepatitis. However, NAFLD and
alcohol account for the vast majority of cirrhosis cases in the UK
and are more likely to be diagnosed late compared to other ae-
tiologies.2 These reasons justify our focus on these risk groups.
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Third, 26% of participants were excluded from our study popu-
lation due to missing genotype or biomarker data. We did not
use multiple imputation to impute missing values because this
procedure is challenging to combine both with the multivariate
fractional polynomial procedure and a competing risk perspec-
tive – both of which are critical aspects of this study. The main
reasons for missing biomarker data (e.g. albumin or bilirubin)
included the absence of a biological sample, an aliquot problem,
or the reported value being outside the normal range at the time
of measurement.33 For the genetic data, some single nucleotide
polymorphisms were set to missing if quality control checks
were not passed. In addition, poor quality samples were
excluded altogether using metrics such as extreme heterozy-
gosity.24 On the whole, data are likely to be missing completely
at random and thus should not cause significant bias. Fourth, the
UKB population is not representative of either a primary care
population or the general UK population. UKB participants are
more likely to be female, older in age and live in less socio-
economically deprived areas than non-participants.34 Mortality
rates and cancer incidence rates are lower in UKB than the
general population. Fifth, the goal of our systematic review was
intentionally limited in scope. We did not attempt to assess
model performance through meta-analysis of the studies iden-
tified in our review. Instead, the systematic review was designed
only to identify potentially relevant risk scores, which were then
compared head-to-head in the powerful UKB dataset. Another
caveat to note is that genetic data may hold practical advantages
over routine liver risk scores, which may outweigh performance
differences. One example is that genetic risk scores reflect life-
time risk (by virtue of being derived from immutable germline
DNA); this may be an advantageous property in certain contexts.
It should also be pointed out that the incremental benefit of
genetic data is likely to increase with time, as new genetic risk
factors for cirrhosis morbidity are uncovered and genetic risk
scores refined. For example, existing genetic risk scores may be
improved by incorporating rare pathogenic variants in candidate
genes. A recent study by Pelusi et al. provides some support for
this approach.35 Finally, our findings regarding the added value
of genetic data may not be generalisable to other clinical con-
texts – e.g. monitoring patients with compensated cirrhosis in
secondary care. This question warrants further research.

In summary, we have performed a comprehensive compara-
tive analysis of readily available risk scores for predicting
cirrhosis complications in a community setting. Our results
highlight the latent potential to estimate 10-year complication
risk using inexpensive routine liver blood tests that are available
in most non-specialist clinical settings. Moreover, for the top
performing scores (i.e. APRI and FIB-4), we show that data on
genetic risk factors for cirrhosis provide little additional prog-
nostic information.
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