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A Genetic and Metabolic Staging 
System for Predicting the Outcome of 
Nonalcoholic Fatty Liver Disease
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Nonalcoholic fatty liver disease (NAFLD) is an emerging cause of liver- related events (LREs). Here, we have as-
sessed the ability of a composite score based on clinical features, metabolic comorbidities, and genetic variants to pre-
dict LREs. A total of 546 consecutive patients with NAFLD were recruited and stratified according to the fibrosis- 4  
(FIB- 4) index. LREs were defined as occurrence of hepatocellular carcinoma or hepatic decompensation. Cox regres-
sion multivariate analysis was used to identify baseline variables associated with LREs. The UK Biobank was used 
as the validation cohort, and severe liver disease (incidence of cirrhosis, decompensated liver disease, hepatocellular 
carcinoma, and/or liver transplantation) was used as the outcome. LREs were experienced by 58 patients, only one of 
whom was in the cohort of patients with a FIB- 4 score  <  1.3. Multivariate Cox regression analysis of 229 patients 
with a FIB- 4 score  ≥  1.3 highlighted clinical variables independently associated with the development of LREs, includ-
ing older age, low platelet count, low albumin, low high- density lipoprotein cholesterol, certain genetic factors, and 
interactions between genetic factors and sex or diabetes. The area under the curve (AUC) for the model was 0.87 at 
1, 3, and 5  years. Our novel Genetic and Metabolic Staging (GEMS) scoring system was derived from the Cox model 
linear predictor, ranked from 0 to 10, and categorized into five classes (0- 5, 5- 6, 6- 7, 7- 8, and 8- 10). The risk of LREs 
increased from 4% in patients in the best class (GEMS score 0- 5) to 91% in the worst (GEMS score 8- 10). GEMS 
score was associated with incident severe liver disease in the study population (hazard ratio, 1.56; 95% confidence in-
terval, 1.48- 1.65; P  <  0.001) as well as in the UK Biobank cohort where AUCs for prediction of severe liver disease at 
1, 3, and 5  years were 0.70, 0.69, and 0.67, respectively. Conclusion: The novel GEMS scoring system has an adequate 
ability to predict the outcome of patients with NAFLD. (Hepatology Communications 2022;6:1032-1044).

Nonalcoholic fatty liver disease (NAFLD) 
is currently the most relevant liver disease 
worldwide, affecting about 25% of the gen-

eral population(1) and leading to an increased risk of 

liver- related events (LREs), such as liver decompensa-
tion (LD) and hepatocellular carcinoma (HCC). Liver 
fibrosis is the main driver of these complications.(2- 5) 
The identification of risk factors and/or noninvasive 
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scores predicting liver- related outcomes is helpful for 
stratifying the risk of LRE development.

Common noninvasive scores, like the NAFLD 
fibrosis score and the fibrosis- 4 (FIB- 4) index, are 
based on demographic, clinical, and biochemical 
parameters and were originally developed to stage 
liver fibrosis. These scores have also been validated as 
useful tools to stratify the risk of LRE occurrence in 
patients with NAFLD.(6- 8) However, hepatic compli-
cations occur only in some patients defined by these 
scores as at higher risk of developing LRE, and pre-
dictors able to accurately stratify the risk are lacking. 
Therefore it may be useful to consider individual com-
ponents of metabolic syndrome (e.g., type 2 diabetes, 
low high- density lipoprotein [HDL] levels, high tri-
glyceride levels, obesity, and arterial hypertension), 
many of which have been associated with poor clinical 
outcomes in patients with NAFLD.(9- 11) Furthermore, 
genome- wide association studies and candidate gene 
studies have identified common gene variants, such 
as patatin- like phospholipase domain- containing 
protein 3 (PNPLA3) rs738409 C>G, transmembrane 
6 superfamily member 2 (TM6SF2) rs58542926 
C>T, and hydroxysteroid 17- beta dehydrogenase 13 
(HSD17B13) rs72613567 T>TA, that have been asso-
ciated with presence and severity of NAFLD, pres-
ence of HCC, and occurrence of LREs.(12- 14) A recent 
study proposed a polygenic score based on a combina-
tion of these gene variants to predict the risk of cir-
rhosis and HCC in the general population.(15)

In the context of this complex scenario, clinical, 
metabolic, and genetic features are involved in the 
development of NAFLD and in the increased risks of 
disease progression and liver complications. However, 
to date no studies have assessed the combined effects 

of these factors on predicting outcomes of patients 
with NAFLD, and especially on stratifying the risk 
in patients with NAFLD with advanced liver fibro-
sis. The present study aimed to elaborate a composite 
score, including clinical features, metabolic comorbid-
ities, and genetic background, to predict the occur-
rence of LREs in patients with NAFLD.

Patients and Methods
paleRmo CoHoRt

We analyzed data from 546 patients prospectively 
enrolled at the Gastrointestinal and Liver Unit of 
Palermo University Hospital. These patients had a 
histologic diagnosis of NAFLD or clinical diagno-
sis of advanced fibrosis/cirrhosis due to NAFLD. 
Specifically, in patients without histology, advanced 
fibrosis/cirrhosis was diagnosed by liver stiffness mea-
surement (>11.5 kPa for M probe or >11 kPa for XL 
probe), and a diagnosis of NAFLD required the pres-
ence of ultrasonography- assessed steatosis plus at least 
one criterion of metabolic syndrome (obesity, diabetes, 
arterial hypertension, or dyslipidemia). Patients were 
included if they had blood samples available for genetic 
analysis and a follow- up of at least 6 months. Other 
causes of liver disease were ruled out, including alco-
hol intake (>20 g/day) as evaluated by a questionnaire, 
viral and autoimmune hepatitis, hereditary hemochro-
matosis, and alpha- 1 antitrypsin deficiency. Patients 
with decompensated cirrhosis, HCC, and current use 
of steatosis- inducing drugs were excluded. The study 
was carried out in accordance with the principles of 
the Helsinki Declaration and with local and national 
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law. Approval was obtained from the Comitato Etico 
Palermo 1 (ID 2014).

Clinical and metabolic data were collected at the 
time of enrollment. Body mass index (BMI) was calcu-
lated in kilograms for weight and in meters for height. 
Obesity was defined as BMI ≥ 30 kg/m2. A diagnosis 
of type 2 diabetes was made according to standards 
set by the American Diabetes Association,(16) using a 
value of fasting blood glucose ≥126 mg/dL and/or use 
of medications. High triglyceride levels were defined 
as serum tryglicerides >150  mg/dL, and low HDL 
levels were defined as <40  mg/dL in male patients 
and <50 mg/dL in female patients.(17) Statin use was 
also recorded. Arterial hypertension was defined as 
systolic blood pressure ≥140 mm Hg and/or diastolic 
blood pressure ≥90 mm Hg or use of blood pressure- 
lowering agents.(18)

At baseline, a 12- hour overnight fasting blood 
sample was drawn to determine serum levels of aspar-
tate aminotransferase (AST), alanine aminotransfer-
ase (ALT), platelets (PLTs), albumin, total cholesterol, 
HDL cholesterol, triglycerides, and plasma glucose 
concentration. Serum tests were obtained at liver 
biopsy or at the day of clinical diagnosis of advanced 
fibrosis/cirrhosis. The FIB- 4 scoring system combines 
age, AST, ALT, and PLTs(19) and was used to strat-
ify patients as having low, intermediate, or high risk 
for advanced fibrosis (<1.30, 1.30- 2.67, and >2.67, 
respectively).

The Kleiner scoring system(20) was used for his-
tologic assessment of NAFLD and specifically to 
grade steatosis, lobular inflammation, and hepato-
cellular ballooning and to stage fibrosis from 0 to 4. 
Nonalcoholic steatohepatitis was defined by the pres-
ence of steatosis, ballooning, and lobular inflammation 
at once.

LREs were recorded during the entire follow- up 
period and were defined as development of LD 
(occurrence of ascites and/or bleeding varices and/or 
encephalopathy and/or jaundice) or HCC. Patients 
who developed LREs during follow- up were evalu-
ated for available therapies and/or for liver transplan-
tation, if appropriate.(21,22) Ultrasound examination 
was employed every 6 months as stricter surveillance 
for HCC in patients with F3 fibrosis or cirrhosis, as 
per international guidelines.(21) Patients with F0- F2  
fibrosis underwent annual ultrasound follow- up. 
In the presence of cirrhosis, upper gastrointestinal 
endoscopy was performed at baseline and repeated 

as recommended by clinical guidelines. Patients with 
progression to medium or large (F2 or F3) esopha-
geal varices were treated with beta- blockers or elastic 
banding, whereas no prophylaxis was scheduled for 
patients with small (F1) varices.

Genotyping for PNPLA3 rs738409 C>G, TM6SF2 
rs58542926 C>T, and HSD17B13 rs72613567 T>TA 
were performed using the TaqMan single- nucleotide 
polymorphism genotyping allelic discrimination 
method (Applied Biosystems, Foster City, CA). 
Genotype calls were made by Sequence Detection 
System software v.2.3 (StepOne Plus; Applied 
Biosystems). Genotyping was conducted in a blinded 
fashion with regard to patient characteristics.

uK BioBanK CoHoRt
Detailed study design and methods of the UK 

Biobank (UKBB) have been described.(23) Briefly, the 
UKBB is a large, prospective, cohort study including 
approximately 500,000 participants (aged 40- 69 years) 
recruited from 2006 to 2010 in 22 assessment centers 
throughout the United Kingdom. The UKBB study 
was approved by the North West Multicenter Research 
Ethics Committee (reference number 11/NW/0382). 
Participants were identified from National Health 
Service patient registers and provided informed con-
sent to the study. Health- related information and lab-
oratory and genetic data were collected using highly 
standardized procedures.

For use in the present study, we excluded individu-
als with 1) self- reported history or hospital diagnosis 
of viral hepatitis, severe liver disease (SLD, see defini-
tion later in this article), or other causes of liver dis-
ease (International Classification of Diseases, Tenth 
Revision [ICD- 10] codes B18, B19, C22.0, E83.0, 
E83.1, I85.0, I85.9, K70.3, K70.4, K70.9, K71, K72.1, 
K72.9, K74.1, K74.2, K74.3, K74.4, K74.5, K74.6, 
K75.2, K75.3, K75.4, K75.8, K75.9, K76.6, K76.7, 
K76.8, K76.9, R18, Z94.4; Supporting Table S1); 2) 
self- reported history or diagnosis from the cancer reg-
ister of liver cancer (ICD- 10 C22); 3) excessive alcohol  
consumption (self- reported; ≥30 g/day and ≥20 g/day  
for men and women, respectively). We also excluded 
individuals who reported non- European ancestry, with-
drew consent for any reason, or were missing data for 
any Genetic and Metabolic Staging (GEMS) variable 
(described below). Our final analyses included 303,075 
individuals, of whom 134,177 were at intermediate or 
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high risk for advanced liver fibrosis as assessed by FIB- 
4. A diagnosis of steatosis was made for individuals 
scoring ≥60 on the fatty liver index (FLI), a validated 
system for the nonivasive diagnosis of fatty liver.(24)

Genotyping and arrays used in the UKBB study 
have been described in detail.(25) Genotype data 
were available for approximately 490,000 partici-
pants. PNPLA3 rs738409 C>G (p.I148M), TM6SF2 
rs58542926 C>T (p.E167K), and HSD17B13 
rs72613567:TA were assayed using two similar geno-
typing arrays (Affymetrix UK BiLEVE and UKBB 
Axiom arrays) and coded as 0, 1, or 2 for noncarriers, 
heterozygous carriers, and homozygous carriers of the 
minor allele, respectively.

Follow- up data on health- related events and mor-
tality were obtained through linkage of the National 
Health Service records, including in- hospital admis-
sions as well as death and cancer registers (UKBB 
data fields 41270, 40001, 40002, and 40006). We 
defined SLD as a composite diagnosis of cirrhosis, 
decompensated liver disease (esophageal varices with 
or without bleeding, portal hypertension, hepatorenal 
syndrome, liver failure), HCC, and/or liver transplan-
tation (ICD- 10 C22.0, I85.0, I85.9, K70.3, K70.4, 
K72.1, K72.9, K74.1, K74.2, K74.6, K76.6, K76.7, 
Z94.4; Supporting Table S1) in any of the above- 
mentioned records.

Individuals were excluded if they had received a 
hospital diagnosis of viral hepatitis or other causes of 
liver disease (ICD- 10 B18, B19, E83.0, E83.1, K71, 
K74.3, K74.4, K74.5, K75.2, K75.3, K75.4, K75.8, 
K75.9; Supporting Table S1) before the diagnosis of 
SLD.

The length of follow- up for each participant was 
determined from the date of baseline assessment until 
either the date of SLD diagnosis, date of death, or 
date of end of follow- up for the assessment center 
attended ( January 31, 2018), whichever occurred first.

statistiCal analyses
Data are reported as mean  ±  SD for continuous 

variables and as percentages for categorical variables. 
The statistical tests applied were t test, analysis of 
variance, and chi- squared test, as appropriate. All 
analyses were performed using R statistical software 
version 3.6.1. A Cox proportional hazards model was 
used to evaluate the effect of metabolic, clinical, and 
genetic factors on the risk of LRE occurrence.(26)

We considered P  < 0.05 as statistically significant. 
Confidence intervals (CIs) of hazard ratios (HRs) 
were provided at a 95% significance level. The propor-
tionality of risk factors was evaluated by Schoenfeld 
residuals.(27)

The best model was chosen after a backward selec-
tion on the basis of both the likelihood ratio test and 
the Akaike information criterion,(28) including factors 
such as sex, diabetes status, age; levels of HDL, albu-
min, and PLTs; and presence of PNPLA3, HSD17B13, 
and TM6SF2. The most complete models we consid-
ered included an interaction term between each of 
the individual genetic variables and all the clinical 
and metabolic variables, but those interaction terms 
involving three- level factors (i.e., the categorized ver-
sion of age and PLTs) that presented convergence 
problems. On the basis of the best model, we created 
a genetic– metabolic– clinical risk score of LRE occur-
rence. The first step in score construction was to con-
sider the linear predictor model, a weighted sum of 
the risk factors with weights given by the estimated 
coefficients. The theoretical range of this score varies 
from zero (lowest risk; each variable is set to zero) to 
10 (highest risk; each variable is set to one). The sec-
ond and final step was to discretize the model linear 
predictor to create five different risk profiles as fol-
lows: 0, 0- 5; 1, 5- 6; 2, 6- 7; 3, 7- 8; 4, 8- 10. The accu-
racy of the scoring predictions was evaluated in terms 
of homogeneity, discrimination, monotonicity of the 
gradient, and calibration. The diagnostic accuracy of 
GEMS was validated on the UKBB cohort, and all 
analyses were conducted in the overall cohort as well 
as in high- risk subgroups for SLD, namely those with 
FIB- 4 ≥ 1.3, FLI ≥ 60,(24) and diabetes. The estimated 
probability of LREs was derived from the Kaplan- 
Meier estimator.

Results
patient FeatuRes

Baseline characteristics of the 546 patients with 
NAFLD are shown in Supporting Table S2. The 
diagnosis of NAFLD was supported by histology 
in 456 cases (83.5%), while advanced fibrosis/cir-
rhosis was clinically diagnosed in 90 cases (16.5%). 
Specifically, 78 patients with advanced fibrosis/cirrho-
sis had a liver stiffness measurement >15 kPa(29) and 
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12 were between 11 kPa and 15 kPa (10 of these cases 
also had esophageal varices and the other 2 had signs 
of portal hypertension [splenomegaly and portal vein 
ectasia]). A total of 112 patients (20.5%) took statin 
and 159 (29.1%) took metformin.

We found that 317 patients had FIB- 4 < 1.3, indi-
cating low risk of advanced liver fibrosis, while 229 
patients had FIB- 4  ≥  1.3, indicating intermediate to 
high risk. Baseline features of patients stratified for 
FIB- 4 are summarized in Table 1.

oCCuRRenCe oF lRes
During a median follow- up of 73.8  months, 58 

patients of the entire cohort experienced LREs, with 
a likelihood of 1.9%, 6.2%, and 9.7% at 1, 3, and 
5 years, respectively. We recorded 53 events of LD and 
15 of HCC. When patients were stratified according 
to FIB- 4 score, 57 of the patients experiencing LREs 
were in the cohort with FIB- 4 ≥ 1.3 and only 1 was in 
the cohort with FIB- 4 < 1.3 (Fig. 1). Consistent with 
the low risk of LREs, patients with FIB- 4 < 1.3 were 
excluded from further analyses.

RisK FaCtoRs assoCiateD  
WitH lRes in patients WitH 
FiB- 4 ≥ 1.3

During a median follow- up of 66.1  months, 57 
patients experienced LREs, with a likelihood of 4.5%, 
14.8%, and 23.6% at 1, 3, and 5 years, respectively. We 
recorded 52 events of LD and 15 of HCC.

In the multivariate Cox regression analysis, the fol-
lowing clinical variables were independently associated 
with LRE occurrence: age between 55 and 65  years 
(HR, 13.96; 95% CI, 2.9- 67.23; P  =  0.001); age 
older than 65 years (HR, 17.96; 95% CI, 3.66- 88.12; 
P  <  0.001); PLTs between 110,000 and 150,000/
mm3 (HR, 6.89; 95% CI, 2.74- 17.35; P  <  0.001); 
PLTs < 110,000/mm3 (HR, 13.54; 95% CI, 5.53- 33.13;  
P < 0.001); albumin <4 g/L (HR, 1.5; 95% CI, 1.00- 3.78;  
P = 0.04); metabolic variables, such as low HDL cho-
lesterol (HR, 1.88; 95% CI, 1.02- 3.44; P = 0.04); and 
genetic variables, such as TM6SF2 rs58542926 CT/
TT (HR, 1.94; 95% CI, 1.00- 3.77; P  =  0.04) and 
HSD17B13 rs72613567 T/TA (HR, 1.83; 95% CI, 
1.07- 3.43; P  =  0.04) (Table 2). Interactions between 
PNPLA3 rs738409 and male sex (HR, 0.32; 95% CI, 
0.10- 0.98; P = 0.04) and between PNPLA3 rs738409 

and diabetes (HR, 5.16; 95% CI, 1.30- 20.41; 
P = 0.01) were also independently associated with the 
development of LREs (Table 2). The generated Cox 
regression model showed good diagnostic accuracy for 
predicting LREs at 1, 3, and 5  years (area under the 
curve [AUC], 0.87; Fig. 2). When genetic variables 
and their interaction products were excluded from the 
model, the diagnostic accuracy was significantly lower 
(0.83 at 1 year and 0.84 at 3 and 5 years; chi- squared, 
17.27 [degrees of freedom, 8]; P = 0.02). The AUCs of 
the model were significantly higher than those for the 
FIB- 4 score (AUC, 0.68, 0.68, and 0.70 at 1, 3, and 
5 years, respectively; P < 0.001 for all). Moreover, we 
compared the calibration of both GEMS and FIB- 4 
using the Hosmer- Lemeshow test. A good calibration 
resulted for GEMS (P = 0.5), while we found FIB- 4 
was not well calibrated (P < 0.001).

Considering the potential impact of both met-
formin and statin use on LRE risk, we did additional 
analyses, including both variables, but neither statin 
(HR, 1.11; P  =  0.73 in univariate analysis and HR, 
1.29; P = 0.45 in multivariate analysis) nor metformin 
(HR, 0.58; P  =  0.09 in univariate analysis and HR, 
0.73; P = 0.39 in multivariate analysis) showed signif-
icant effects.

When considering LD and HCC separately, the 
Cox regression multivariate model maintained high- 
predictive accuracy (LD AUC of 0.84, 0.85, and 0.86 
at 1, 3, and 5 years, respectively; HCC AUC of 0.83 
at 1 year and 0.84 at 3 and 5 years) (Supporting Figs. 
S1 and S2).

tHe gems system
Consistent with the clinical, metabolic, and 

genetic variables significantly associated with LREs 
in the Cox multivariate regression model, we cre-
ated GEMS, a simple score for predicting LREs in 
patients with NAFLD and at risk for liver fibrosis by 
FIB- 4. GEMS was calculated from the weighted sum 
of the risk factors according to the following formula: 
1.163 –  0.438(PNPLA3 CG/GG) + 0.421(male sex) –  
0.413(diabetes) + 2.635(55 ≤ age < 65) + 2.888(age > 
65) + 0.632(low HDL) + 0.668(albumin < 4 g/dL) +  
1.935(110,000/mm3 < PLTs < 150,000/mm3) + 
2.605(PLTs < 110,000/mm3) + 0.602(HSD17B13 TTA/
TATA) + 0.661(TM6SF2 CT/TT) –  1.146(interaction  
PNPLA3 CG/GG and male sex) + 1.641(interaction 
PNPLA3 CG/GG and diabetes).
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In this formula, the value 1.163 is a normalization 
constant allowing the theoretical range of the score 
to vary from 0 to 10. Parentheses indicate an iden-
tity function as follows: if a variable within the brack-
ets is true, then the corresponding term will score 1, 
otherwise it will be 0. Note that PNPLA3 CG/GG, 
male sex, diabetes, low HDL, HSD17B13 TTA/
TATA, and TM6SF2 CT/TT are all binary variables 
coded as 1 or 0, indicating the presence or absence of 
that characteristic (e.g., male sex = 0 means a female 
patient), while the numerical variables age, albumin, 
and PLTs are made binary by the comparison with 
the corresponding cutoffs. The interaction terms will 
be 1 when both variables involved are 1, otherwise the 
term will score 0. For example, for a patient profile 
having PNPLA3 CG/GG, female sex, age 60, diabe-
tes, low HDL, albumin 3.5 g/dL, PLTs 100,000 mm3, 
no HSD17B13 TTA/TATA, and no TM6SF2 CT/

TT, the score will be calculated as follows: 1.163 –  0.
438 × 1 + 0.421 × 0 –  0.413 × 1 + 2.635 × 1 + 2.888 
× 0 + 0.632 × 1 + 0.668 × 1 + 1.935 × 0 + 2.605 × 1 
+ 0.602 × 0 + 0.661 × 0 –  1.146 × 0 + 1.641 × 1 = 8.493.

The theoretical range of this score varied from 0 to 
10, where 0 represented total absence of risk of LREs 
while 10 represented the highest risk of LREs. The 
GEMS score was categorized into the following five 
classes of risk: 0- 5, 5- 6, 6- 7, 7- 8, 8- 10, as shown in 
Supporting Table S3.

GEMS scores categorized in five classes of risk 
provided a good prediction of LREs. The crude rate 
of LREs at the end of follow- up among GEMS risk 
classes is shown in Fig. 3. Notably, the risk increased 
from 4% in patients in the best class (GEMS 0- 5) 
to 91% in patients in the worst class (GEMS 8- 10). 
Consistent with this result, Kaplan- Meier analy-
sis (Fig. 4) also showed that the overall cumulative 

taBle 1. Baseline DemogRapHiC, metaBoliC, laBoRatoRy, HistologiC, anD genetiC 
FeatuRes oF entiRe CoHoRt stRatiFieD FoR loW RisK oF FiBRosis (FiB- 4 < 1.3) anD 

inteRmeDiate/HigH RisK oF FiBRosis (FiB- 4 ≥ 1.3)

FIB- 4 < 1.3 (n = 3 17) FIB- 4 ≥ 1.3 (n = 229) P Value

Mean age, years 43 ± 12.3 61.6 ± 9.1 <0.001

Age ≥ 50 years 34.1% 90.8% <0.001

Male sex 70% 56.8% 0.001

Mean BMI 29.74 ± 5 31.8 ± 5.7 0.34

Obesity (BMI ≥ 30 kg/m2) 40.1% 61.6% <0.001

Blood glucose, mg/dL 98.9 ± 33.3 113.8 ± 35.4 0.01

Total cholesterol, mg/dL 200 ± 43.4 180.2 ± 48 0.32

HDL, mg/dL 49.2 ± 13.9 48.8 ± 16.9 0.03

HDL <40 mg/dL in males 33.1% 38.4% 0.20

<50 mg/dL in females

Triglycerides, mg/dL 146 ± 97.5 131 ± 63.1 0.004

Triglycerides ≥ 150 mg/dL 36.9% 28.4% 0.03

AST, IU/L 39.5 ± 20.2 49.1 ± 31.6 0.001

ALT, IU/L 78.1 ± 53.1 57.9 ± 41 0.02

Albumin, g/L 4.6 ± 0.3 4.2 ± 0.4 <0.001

Albumin ≥ 4 g/L 3.1% 25.3% <0.001

PLTs, 103/mm3 262.6 ± 77.7 160.3 ± 67.2 <0.001

PLTs ≥ 110 × 103/mm3 0 21.4% <0.001

Type 2 diabetes 22.7% 57.6% <0.001

Arterial hypertension 29.3% 58.5% <0.001

Statin users 17.9% 24.0% 0.11

Metformin users 30.0% 27.9% 0.68

PNPLA3 rs738409 CC/CG/GG 35/45.7/19.2% 25.8/46.3/27.9% 0.01

TM6SF2 rs58542926 CC/CT/TT 72.5/24.3/2.2% 72.9/24.4/2.6% 0.95

HSD17B13 rs72613567 T/TA/TATA 65.6/30.6/3.8% 74.2/22.7/3.1% 0.09

Time of follow- up, months 79.4 ± 42.9 66.1 ± 37.3 0.03

Data are given as mean ± SD or as percentage (%) of cases.
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rate of LREs progressively increased according to 
GEMS risk classes. In particular, the rate of LREs 
was lowest in patients with a GEMS score from 0 
to 5 (1.1% at 1 and 3 years and 3.5% at 5 years) and 
highest in patients with a score from 8 to 10 (38.6%, 
79.5%, and 89.8% at 1, 3, and 5 years, respectively) 
(Fig. 4).

inteRnal ValiDation
Internal validation, calibration, and discrimination 

tests were performed to validate the diagnostic accu-
racy of GEMS scoring. An appropriate calibration of 
the model (Brier score, 13; Hosmer- Lemeshow test, 
P = 0.5) is displayed in Supporting Fig. S3 and reflects 
good predictive accuracy (AUC, 85.1).

eXteRnal ValiDation in tHe 
uKBB CoHoRt

Baseline characteristcs of the UKBB individuals 
stratified by incident SLD are reported in Supporting 
Table S4.

The GEMS score was significantly associated 
with incident SLD in the entire population (HR, 
1.56; 95% CI, 1.48- 1.65; P < 0.001) and in patients 
with FIB- 4  >  1.3 (HR, 1.55; 95% CI, 1.43- 1.67; 
P  <  0.001) (Supporting Table S5). Similar results 
were observed in other subgroups of patients at 
risk for SLD, including those with FLI  ≥  60, with 
FLI  ≥  60 and FIB- 4  >  1.3, with diabetes, or with 
diabetes and FIB.4  >  1.3 (Supporting Table S5). 
AUCs for GEMS prediction of SLD at 1, 3, and 
5 years in the entire population were 0.70, 0.69, and 
0.67, respectively (Supporting Table S6); AUCs for 
subgroups of patients at risk for liver disease are 
reported in Supporting Table S6.

Across all groups, the rate of SLD was lowest in 
patients in the best class (GEMS 0- 5) and highest 
in those in the worst class (GEMS 8- 10) (Fig. 5). 
Similarly, Kaplan- Meier analysis showed that the 
overall cumulative rate of SLD progressively and sig-
nificantly increased according to GEMS classes of 
risk across all groups (Fig. 6).

Discussion
In a cohort of patients with a histologic diagnosis of 

NAFLD or with clinical diagnosis of advanced fibrosis/
cirrhosis related to NAFLD, we found that a composite 

Fig. 1. LREs recorded during follow- up in entire cohort and in patients stratified according to FIB- 4.

taBle 2. multiVaRiate CoX RegRession 
analysis oF CliniCal, metaBoliC, anD 

genetiC VaRiaBles assoCiateD WitH lRes in 
patients WitH naFlD WitH FiB- 4 ≥ 1.3

HR (95% CI) P Value

Male sex 1.52 (0.76- 3.06) 0.23

Age 55- 65 years 13.96 (2.90- 67.23) 0.001

Age > 65 years 17.96 (3.66- 88.12) <0.001

PLTs 110,000- 150,000/mm3 6.89 (2.74- 17.35) <0.001

PLTs < 110,000/mm3 13.54 (5.53- 33.13) <0.001

Albumin <4 g/L 1.95 (1.00- 3.78) 0.04

Low HDL 1.88 (1.02- 3.44) 0.04

Diabetes 0.66 (0.32- 1.38) 0.27

PNPLA3 rs738409 0.64 (0.18- 2.28) 0.49

HSD17B13 rs72613567 1.83 (1.07- 3.43) 0.04

TM6SF2 rs58542926 1.94 (1.00- 3.77) 0.04

PNPLA3 × sex 0.32 (0.10- 0.98) 0.04

PNPLA3 × diabetes 5.16 (1.30- 20.41) 0.01
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score that included clinical, metabolic, and genetic vari-
ables had good accuracy for predicting LRE occurrence. 
This score also accurately stratified the risk of incident 
SLD in individuals from the UKBB population.

NAFLD is a growing cause of liver diseases leading 
to hepatic complications, such as LD and HCC. In 
our cohort, the overall rate of LRE occurrence was 
1.9%, 6.2%, and 9.7% at 1, 3, and 5 years, respectively. 

By stratifying patients by FIB- 4 score, 57 patients 
with FIB- 4  ≥  1.3 experienced LREs whereas only 1 
patient with FIB- 4 < 1.3 developed LREs. The higher 
risk of LREs in patients with FIB- 4  ≥  1.3 confirms 
FIB- 4 as an accurate tool not only to noninvasively 
stratify the risk of liver fibrosis but also to help pre-
dict LREs.(6- 8) In accordance with the available litera-
ture,(2- 5) our data emphasize the role of hepatic fibrosis 

Fig. 2. ROC curves of the model, including clinical, metabolic, and genetic features, for prediction of LREs at 1, 3, and 5 years in patients 
with NAFLD and FIB- 4 ≥ 1.3.

Fig. 3. Crude rate of LREs at the end of follow- up among GEMS risk classes.
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as a main driver of the progression of liver disease and 
the development of liver- related complications.

In the present study, we found that a score based on a 
combination of clinical, metabolic, and genetic risk fac-
tors has good diagnostic accuracy for predicting the risk 
of LREs in patients with NAFLD and at intermediate 
to high risk of hepatic fibrosis as indicated by FIB- 4 
scoring. In a large US cohort of patients with NAFLD 
with low risk of advanced fibrosis (according to FIB- 4), 
Kanwal et al.(30) showed that metabolic traits (obesity, 
hypertension, diabetes, and dyslipidemia) were signifi-
cantly associated with development of cirrhosis and 
HCC and that the level of risk was proportional to the 
number of metabolic dysfunctions. Gellert- Kristensen 
et al.(15) recently developed a polygenic risk score that 
included common variants of PNPLA3, TM6SF2, 
and HSD17B13 genes. They reported that in a gen-
eral population setting the risk of developing cirrhosis 
and HCC increased with the number of at- risk alleles. 
Another polygenic risk score, based on the combination 
of PNPLA3, TM6SF2, glucokinase regulator (GCKR), 
and membrane bound O- acyltransferase domain con-
taining 7 (MBOAT7) risk variants and adjusted for 
HSD17B13 status, predicted the presence of HCC in 
patients with NAFLD as well as in the UKBB general 
population, although with suboptimal accuracy.(31)

Together these studies reported that in differ-
ent settings metabolic or genetic scores can help 
stratify the risk for liver cirrhosis and HCC. To the 
best of our knowledge, the present study is the first 
to demonstrate that the addition of genetic to other 
clinical and metabolic features could improve the 
prediction of liver outcomes in a cohort of patients 
with NAFLD and at moderate to high risk of fibro-
sis. The clinical– metabolic model without genetic 
variables had a significantly lower accuracy than the 
model including clinical, metabolic, and genetic vari-
ables (AUC of 0.87 at 1, 3, and 5 years when genetic 
variables were included as compared to AUC of 0.83 
at 1  year and 0.84 at 3 and 5  years without genetic 
variables). Consistent with our results, a recent study 
on patients with a histologic diagnosis of alcohol- 
related liver disease showed that adding genetic data 
(TM6SF2 rs58542926 and PNPLA3 rs738409 vari-
ants) to clinical and metabolic traits improved accu-
racy for the prediction of liver fibrosis.(32)

Calzadilla- Bertot et al.(33) recently developed a 
prognostic score that includes clinical (AST/ALT 
ratio, bilirubin, international normalized ratio) and 
metabolic (type 2 diabetes) parameters as well as 
esophageal varices (ABIDE). Although ABIDE 
showed good accuracy, it was designed to evaluate 

Fig. 4. Kaplan- Meier curves of overall cumulative rate of LREs according to GEMS risk classes.
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Fig. 5. Risk of incident SLD across GEMS classes in the overall UKBB cohort and in at- risk groups.
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only a single outcome (LD) in patients with compen-
sated cirrhosis due to NAFLD. Notably, the GEMS 
score was able to predict LREs in a wider spectrum of 
patients with NAFLD without the need for invasive 
and expensive tests while also being able to predict 
separately the occurrence of both LD and HCC.

The present study also showed that interactions 
between the PNPLA3 rs738409 C>G variant and both 
diabetes and sex significantly affect the risk of LRE 
occurrence. There was a positive interaction between 
the PNPLA3 variant and diabetes in increasing the 
risk of LRE development. This finding is in line with 
previous evidence that the effect of the PNPLA3 vari-
ant on liver damage is more pronounced in patients 
at higher metabolic risk(34) and with evidence suggest-
ing that patients with diabetes carrying the PNPLA3 
G- allele had higher circulating free fatty acid concen-
trations and greater adipose tissue insulin resistance 
compared with noncarriers.(35) The present study also 
found a negative interaction between the PNPLA3 

variant and male sex on the risk of developing LREs. 
This finding agrees with evidence from a meta- analysis 
of patients with biopsy- proven NAFLD that showed a 
negative correlation between male sex and the effect of 
the PNPLA3 rs738409 variant on liver fat content.(36) 
The PNPLA3 gene is under the control of several fac-
tors, including components of the sterol regulatory ele-
ment binding protein (SREBP) pathway.(37) It should 
be noted that sex hormones regulate the expression of 
lipogenic genes, including SREBP- 1c, and share the 
control of fat homeostasis.(38)

From a clinical point of view, GEMS is a simple 
score with good accuracy for stratifying the risk of 
LREs in patients with NAFLD at intermediate to 
high risk of advanced liver fibrosis as measured by 
FIB- 4. Patients with the lowest GEMS scores had the 
lowest likelihood of developing LREs, whereas those 
with the highest GEMS scores had the highest likeli-
hood. Because we only observed a single patient with 
FIB- 4  <  1.3 who experienced LREs, that particular 

Fig. 6. Cumulative incidence of SLD during follow- up across GEMS classes in the overall UKBB cohort and in at- risk groups. Log- rank 
P value for trend <2 × 10−16 for all plots.
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population would not appear to benefit much from 
scoring predictions. To minimize the risk of missing 
patients that will develop liver- related complications 
later, we suggest that GEMS be repeated in these 
patient populations every 1- 3 years. This strategy is in 
line with European Association for the Study of the 
Liver guidelines(39) that recommend repeating fibrosis 
markers during follow- up in patients with NAFLD at 
low risk of fibrosis. It is a feasible strategy that could 
help physicians during clinical practice to stratify at 
baseline and during follow- up those patients who are 
at high risk of complications and to customize their 
follow- up accordingly.

Patients evaluated in the Palermo cohort were 
recruited from a single tertiary center, and their clin-
ical features, metabolic comorbidities, and genetic 
backgrounds may differ from the general population. 
Therefore, we validated GEMS in the general popu-
lation as well as in high- risk subgroups (FIB- 4 > 1.3, 
FLI ≥ 60, diabetes) from the UKBB, and we confirmed 
its association and its ability to stratify the risk of inci-
dent SLD. The somewhat suboptimal AUC derived 
from the UKBB general population is in line with 
evidence for lower accuracy of noninvasive tests(40) in 
predicting cirrhosis and its complications in the gen-
eral population as a consequence of the relatively low 
incidence of LREs. However a relevant concern of our 
study is related to the fact that the outcome evalu-
ated in the validation cohort (SLD) is different from 
LREs used to develop the score in the training cohort. 
This is a key point that could at least partially explain 
the drop in the accuracy of the score in the validation 
cohort and one that strongly demands external vali-
dation by using a more comparable outcome before 
suggesting the wide use of the score. Furthermore, 
future studies will also validate GEMS in cohorts of 
patients with NAFLD at risk for liver disease from 
other referral centers and of different ancestry.

There are a number of limitations to the present 
study. First, some metrics could be optimized as fol-
lows: the metabolic impact of diabetes on NAFLD 
could have been better reflected by hemoglobin A1c 
levels than by serum glucose and the use of liver stiff-
ness for diagnosing severe fibrosis/cirrhosis may have 
overestimated the severity of baseline liver disease. 
Second, there may have been a slight overparameter-
ization of the underlying regression model due to the 
moderate number (4.5) of events per variable. This 
may have resulted in an overfitted model. However, 

we argue that the usual rule of thumb of 10 events 
per variable might be too conservative, especially for 
the Cox model. According to the simulation study 
reported by Vittinghoff and McCulloch,(41) bias in a 
Cox model is relatively uncommon even with as few 
as five events per variable.

The lower AUC in the validation cohort seems to 
indicate a lower reliability of GEMS when applied to 
new data. Unfortunately, we were not able to assess 
how much of the drop in AUC was due to lower reli-
ability and how much was due, as discussed above, to a 
different outcome considered in the validation cohort.

In conclusion, GEMS is the first composite score 
combining clinical features, metabolic comorbidities, 
and genetic common variants to 1) accurately predict 
LREs in patients with NAFLD who are at interme-
diate to high risk of advanced fibrosis as scored by 
FIB- 4 and 2) stratify the risk of incident SLD in the 
general population.
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