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Prospective validation of imaging and serum 
diagnostic biomarkers of steatohepatitis and 
fibrosis in MASLD: the LITMUS Imaging Study
 

There is a need for robust evaluations of noninvasive biomarkers for metabolic 
dysfunction-associated steatotic liver disease. This prospective multicenter 
study assessed the diagnostic accuracy of imaging (including liver stiffness 
measurement (LSM) using magnetic resonance elastography (MRE) and 
FibroScan (vibration-controlled transient elastography (VCTE)), serum 
biomarkers (including NIS2+) and composite scores (including Agile 3+ and 
Agile 4) for centrally read steatohepatitis and fibrosis. For cirrhosis, several 
biomarkers exceeded the minimum acceptable performance criterion (MAC), 
including MRE (area under the receiver operating curve (AUC) 0.91; P < 0.01), 
VCTE-LSM (AUC 0.87; P < 0.01), Agile 3+ (AUC 0.89; P < 0.01) and Agile 4 (AUC 
0.88; P < 0.01). Among 357 participants, fibrosis stages F0–F4 were present 
in 12%, 16%, 25%, 32% and 15%, respectively. NIS2+ had the highest diagnostic 
accuracy among serum biomarkers for metabolic dysfunction-associated 
steatohepatitis (MASH; AUC 0.83) and at-risk MASH (MASH with at least stage 2  
fibrosis; AUC 0.82), although neither significantly exceeded the MAC (P = 0.15  
and P = 0.19). Among imaging biomarkers, MRE showed the highest performance 
for MASH (AUC 0.71) and at-risk MASH (AUC 0.75), but these remained below 
the MAC. For fibrosis staging, performance was stronger: MRE met the MAC  
for advanced fibrosis (AUC 0.91; P < 0.01), as did Agile 3+ (AUC 0.84; P = 0.03). 
For cirrhosis, several biomarkers exceeded the MAC, including MRE (AUC 0.91;  
P < 0.01), VCTE-LSM (AUC 0.87; P < 0.01), Agile 3+ (AUC 0.89; P < 0.01) and Agile 4  
(AUC 0.88; P < 0.01). Serum biomarkers tended to outperform imaging for 
identifying at-risk MASH, whereas elastography and composite scores showed 
excellent accuracy for staging advanced fibrosis and cirrhosis.

Metabolic dysfunction-associated steatotic liver disease (MASLD), 
formerly known as nonalcoholic fatty liver disease, is the most common 
cause of chronic liver disease worldwide1,2. MASLD affects 25%–30%  
of people in the general population, and in those with obesity and  
type 2 diabetes mellitus (T2DM), the prevalence of MASLD can be up 
to 70% (ref. 2). MASLD includes a wide range of pathological condi-
tions ranging from the accumulation of fat only (isolated steatosis, 
MASL) to the accumulation of fat with inflammation and liver cell 
damage (hepatocyte ballooning), collectively termed metabolic 

dysfunction-associated steatohepatitis (MASH) with increasing  
stages of fibrosis up to cirrhosis (F0–4)3. Progressive disease, with 
greater fibrosis or cirrhosis, is associated with increasing risk of adverse 
clinical outcomes, including hepatic decompensation and develop-
ment of hepatocellular carcinoma4–6.

The first pharmacotherapy for pre-cirrhotic MASH with signifi-
cant or advanced fibrosis (F2–3) recently received US Food and Drug 
Administration (FDA) approval, and numerous other agents are being 
evaluated in clinical trials7,8. Beyond the well-documented challenges 
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Diagnostic performance for detecting MASH and at-risk MASH
Box plots of biomarker results plotted against the histological  
MASLD activity score (MAS) and fibrosis stage are shown in Extended 
Data Figs. 2–7.

Table 2 includes data for the performance of all the biomarkers 
for all four target conditions. The area under the receiver operating 
curve (AUC) for MASH or at-risk MASH ranged from 0.59 to 0.83. No 
biomarker significantly exceeded the minimum acceptable perfor-
mance criterion (MAC) of an AUC of ≥0.80 for these two target condi-
tions (Fig. 1).

The highest AUCs for imaging, blood based and composite scores 
for the diagnosis of at-risk MASH were, respectively, 0.75 (0.69–0.81) 
for MRE, 0.82 (0.77–0.88) for NIS2+ and 0.78 (0.71–0.84) for MRI-AST 
score (MAST). Of the top 3 performing markers, 2 were blood based 
(NIS2+ as above and cytokeratin 18 measured using the M65 assay 
(CK18-M65) (AUC 0.78 (0.72–0.84)) and one was a composite score 
(MAST, AUC 0.78 (0.71–0.84)). Other magnetic resonance imaging 
(MRI) markers had AUCs below 0.7 (proton density fat fraction (PDFF) 
measured using Liver MultiScan (Perspectum; LMS-PDFF) and LMS 
(Perspectum) for iron-corrected T1 (LMS-cT1), both AUC 0.66 (0.59–
0.72); vendor-PDFF, 0.59 (0.51–0.68); and MRI-NASH index measured 
using ‘detection of metabolic liver injury’ MRI (deMILI MRI-NASH), 0.62 
(0.53–0.71)). The AUC for MR-based MAST (AUC 0.78 (0.71–0.84)) was 
numerically higher than that for the VCTE-LSM-based Fibroscan-AST 
(FAST; 0.73, 0.66–0.80).

For MASH, the highest AUCs for imaging, blood based and compos-
ite scores were, respectively, 0.71 (0.65–0.77) for MRE, 0.83 (0.77–0.88) 
for NIS2+ and 0.78 (0.71–0.84) for MAST. Of the top 3 performing  
markers, 2 were blood based (NIS2+ as above and CK18-M65, AUC 
0.78 (0.72–0.84)) and one was a composite score (MAST, AUC 0.78  
(0.71–0.84)). Composite scores performed better than imaging alone, 
with MAST, 0.78 (0.71–0.84), and FAST, 0.73 (0.66–0.80). LMS-PDFF 
(AUC 0.70, 95% confidence interval (CI) 0.64–0.76) had a numerically 
higher AUC than the controlled attenuation parameter (CAP; 0.66; 
95% CI 0.59–0.73), LMS-cT1 (0.68; 95% CI 0.61–0.74) and vendor-PDFF 
(0.67; 95% CI 0.58–0.75) for the diagnosis of MASH. LMS-PDFF and 
vendor-PDFF were highly correlated (Extended Data Fig. 8). In 
head-to-head analysis of cases in which measurements of both 
LMS-PDFF and vendor-PDFF were available, LMS-PDFF had a numeri-
cally higher AUC than vendor-PDFF for at-risk MASH and MASH, and 
vendor-PDFF had a numerically higher AUC for fibrosis indications 
(Supplementary Table 2).

Diagnostic performance for advanced fibrosis and cirrhosis
The diagnostic performance of the biomarkers for advanced fibrosis 
(F≥3) or cirrhosis (F4) ranged from an AUC of 0.49 to 0.91. For fibrosis 
endpoints, elastography (imaging) biomarkers tended to outperform 
serum biomarkers (Fig. 2).

For advanced fibrosis, the highest AUCs for imaging, blood based 
and composite scores were, respectively, 0.91 (0.88–0.95) for MRE, 0.76 
(0.71–0.82) for ADAPT (a multi-marker score that includes the param-
eters of age, presence of diabetes, platelet count and serum level of Pro 
C3) and 0.84 (0.80–0.89) for Agile 3+ (a composite score that includes 
the parameters of LSM, AST, ALT, age, platelet count, presence of type 
2 diabetes and sex). The three highest-performing biomarkers were 
imaging markers (MRE as above) or composite scores that included an 
elastography measurement (Agile 3+ as above and Agile 4 (AUC 0.82 
(0.77–0.87)). MRE and Agile 3+ exceeded the MAC for advanced fibro-
sis. Non-elastography MR markers performed less well (LMS-cT1: 0.59 
(0.52–0.66); MRI-fibrosis index measured using deMILI MRI (deMILI 
fibrosis-MRI): 0.55 (0.46–0.64); diffusion-weighted imaging-derived 
apparent diffusion coefficient (DWI-ADC): 0.62 (0.53–0.71)). Other 
blood-based biomarkers reached only modest performance similar 
to ADAPT (fibrosis-4 index (FIB-4): AUC 0.74 (0.69–0.80); enhanced 
liver fibrosis test (ELF): AUC 0.74 (0.68–0.80)).

of using histology for patient selection and evaluation of treatment 
response in clinical trials9–11, the advent of licensed drug therapies 
emphasizes the need for scalable diagnostics that can safely and  
accurately guide patient selection for treatment in routine care12.  
Liver biopsy is resource intensive. It necessitates procedural exper-
tise, facilities for patient monitoring post-biopsy, laboratory facilities  
for biopsy sample processing and expert histopathologists to read  
the biopsy results13. It is also an invasive procedure that carries the  
risk of procedure-related complications, ranging from common  
and mild (for example, pain following 30%–50% of procedures)14 to 
uncommon but potentially life threatening (serious hemorrhage 
occurs in 0.6% of procedures; estimated procedure-related mortality 
of 0.1% (ref. 13)). For these reasons, many patients are unwilling to 
undergo the procedure. There is an expectation that noninvasive tests 
will be used in routine care to select individuals for treatment and to 
assess whether treatment is effective and should be continued. The 
need for noninvasive biomarkers for MASH and fibrosis is, therefore, 
well established12.

A wide range of biomarkers based on serum or imaging tests, includ-
ing elastography or combinations of the two, have been described. 
Vibration-controlled transient elastography (VCTE) is one of the most 
extensively studied, while magnetic resonance elastography (MRE) and 
other quantitative magnetic resonance (MR) techniques that do not 
require additional hardware have also been proposed. While a number 
of studies have evaluated individual biomarkers or a limited number 
of biomarkers in small cohorts, evaluation and validation of multiple 
imaging and blood-based biomarkers in a large, prospective multi-
center study is lacking. Our study specifically addresses this important 
evidence gap: presenting prospectively acquired, robust and impartial 
data defining the diagnostic performance of multiple imaging and  
circulating biomarkers—encompassing tests that are well established 
and also cutting-edge technologies that are less widely available. The 
main aim of the Liver Investigation: Testing Marker Utility for Steato-
hepatitis (LITMUS) Imaging Study was to robustly assess and indepen-
dently evaluate the performance of MR, ultrasound-based imaging 
and elastography biomarkers for the accurate grading and staging of 
MASLD. A secondary aim was to compare the performance of imaging 
biomarkers with that of serum biomarkers. This study was specifically 
designed to assess the diagnostic accuracy of noninvasive biomarkers 
in people with MASLD, who have already been referred to secondary 
or tertiary care, and the results should not be extrapolated to primary 
care population screening, in which disease prevalence will be lower.

Results
Characteristics of the LITMUS Imaging Study analysis set
Within the LITMUS study cohort, 553 participants were enrolled in the 
LITMUS Imaging Study. Among these participants, 357 had both central 
biopsy reading and imaging data available with an interval of less than 
6 months between their first scan and biopsy (Extended Data Fig. 1). 
Their characteristics were consistent with the spectrum of MASLD 
encountered in secondary and tertiary care settings: mean age, 
55.4 years; male sex, 196 (55%); with white ethnicity, 335 (94%); mean 
body mass index (BMI), 33.8 kg m−2; with type 2 diabetes, 177 (50%); 
and with hypertension, 200 (56%) (Table 1 and Supplementary Table 1, 
showing the countries of recruitment).

Even though a maximum 6-month interval was allowable between 
liver biopsy and biomarker evaluation, the majority of participants had 
assessments within a shorter interval (82% and 75% of participants had 
imaging and blood-based biomarker acquisition, respectively, within 
12 weeks of liver biopsy). The mean interval between biopsy and blood 
sampling and imaging assessment was 3.6 weeks (s.d. 4.8) and 7.0 weeks 
(s.d. 5.1), respectively. MASH was detected in 182 (51%) participants, 
with all fibrosis stages represented: F0: 43 (12%); F1: 58 (16%); F2: 90 
(25%); F3: 115 (32%); and F4: 51 (15%). At-risk MASH (MASH with at least 
stage 2 fibrosis) was detected in 164 (46%) participants.
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Table 1 | LITMUS Imaging Study analysis—participant characteristics

Total (n = 357) At-risk MASH (n = 164) MASH (n = 182) Advanced fibrosis (n = 166) Cirrhosis (n = 51)

Age (years) 55.4 (13.2) 57.7 (12.2) 57.1 (12.3) 60.3 (10.5) 61.40 (7.4)

Sex (male; n (%)) 196 (54.9) 87 (53.1) 96 (52.8) 91 (54.8) 29 (56.9)

Ethnicity (white; n (%)) 335 (93.8) 156 (95.1) 170 (93.4) 155 (93.4) 46 (90.2)

BMI (mean (s.d.)) 33.84 (5.6) 34.30 (5.5) 34.32 (5.5) 33.89 (5.32 33.92 (4.9)

Type 2 diabetes (n (%)) 177 (49.6) 99 (60.3) 107 (58.8) 115 (69.3) 38 (74.5)

Hypertension (n (%)) 200 (56.0) 99 (60.4) 108 (59.3) 111 (66.9) 32 (62.7)

ALT (U l−1; mean (s.d.)) 57.2 (45.3) 65.3 (42.7) 66.8 (46.2) 53.5 (36.9) 53.5 (37.9)

AST (U l−1; mean (s.d.)) 45.1 (27.6) 54.0 (30.3) 54.2 (30.6) 48.3 (28.0) 51.4 (29.6)

GGT (U l−1; mean (s.d.)) 96.6 (133.4) 103.7 (101.5) 101.0 (98.5) 113.7 (143.6) 146.2 (133.4)

Albumin (g dl−1; mean (s.d.)) 4.3 (0.4) 4.3 (0.4) 4.3 (0.4) 4.2 (0.5) 4.2 (0.6)

Glucose (mmol l−1; mean (s.d.)) 6.8 (2.9) 7.7 (3.45) 7.6 (3.43) 7.7 (3.41) 8.2 (4.08)

Total cholesterol (mmol l−1; mean (s.d.)) 4.7 (1.23) 4.8 (1.20) 4.7 (1.20) 4.5 (1.19) 4.9 (1.18)

Triglyceride (mmol l−1; mean (s.d.)) 2.0 (1.15) 2.1 (1.17) 2.1 (1.14) 2.1 (1.30) 2.0 (1.28)

Platelet (109 l−1; mean (s.d.)) 224.1 (64.9) 221.1 (65.6) 221.8 (63.5) 208.2 (65.13) 182.6 (66.0)

Histology

Steatosis (%)

0 36 (10.1%) – – 9 (5.4%) 5 (9.8%)

1 114 (31.9%) 27 (16.5%) 28 (15.4%) 54 (32.5%) 19 (37.3%)

2 116 (32.5%) 71 (43.3%) 80 (44.0%) 62 (37.3%) 19 (37.3%)

3 91 (25.5%) 66 (40.2%) 74 (40.7%) 41 (24.7%) 8 (15.7%)

Inflammation (%)

0 46 (12.9%) – – 4 (2.4%) 1 (2.0%)

1 236 (66.1%) 106 (64.6%) 123 (67.6%) 112 (67.5%) 41 (80.4%)

2 67 (18.8%) 50 (30.5%) 51 (28.0%) 43 (25.9%) 8 (15.7%)

3 8 (2.2%) 8 (4.9%) 8 (4.4%) 7 (4.2%) 1 (2.0%)

Ballooning (%)

0 140 (39.2%) – – 27 (16.3%) 8 (15.7%)

1 124 (34.7%) 77 (47.0%) 89 (48.9%) 67 (40.4%) 20 (39.2%)

2 93 (26.1%) 87 (53.0%) 93 (51.1%) 72 (43.4%) 23 (45.1%)

Fibrosis stage (%)

0 43 (12.0%) – 0 (0%) – –

1 58 (16.2%) – 18 (9.9%) – –

2 90 (25.2%) 47 (28.7%) 47 (25.8%) – –

3 115 (32.2%) 82 (50.0%) 82 (45.1%) 115 (69.3%) –

4 51 (14.3%) 35 (21.3%) 35 (19.2%) 51 (30.7%) 51 (100%)

MAS (%)

0 23 (6.4%) – – 2 (1.2%) 1 (2.0%)

1 27 (7.6%) – – 5 (3.0%) 2 (3.9%)

2 36 (10.1%) – – 9 (5.4%) 5 (9.8%)

3 69 (19.3%) – – 29 (17.5%) 7 (13.7%)

4 70 (19.6%) 48 (29.3%) 53 (29.1%) 39 (23.5%) 14 (27.5%)

5 73 (20.4%) 58 (35.4%) 70 (38.5%) 40 (24.1%) 14 (27.5%)

6 43 (12.0%) 42 (25.6%) 43 (23.6%) 31 (18.7%) 8 (15.7%)

7 14 (3.9%) 14 (8.5%) 14 (7.7%) 9 (5.4%) 0 (0%)

8 2 (0.6%) 2 (1.2%) 2 (1.1%) 2 (1.2%) 0 (0%)

MASH 182 (52.0%) 164 (100%) 182 (100%) 117 (70.5%) 35 (68.6%)

Continuous variables are shown as mean (s.d.); categorical variables are shown as number (%). ALT, alanine aminotransferase; AST, aspartate aminotransferase; GGT, gamma glutamyl 
transferase.
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For cirrhosis, the highest AUC for imaging, blood based and 
composite scores were, respectively, 0.91 (0.86–0.95) for MRE, 0.82 
(0.75–0.89) for ELF and 0.89 (0.84–0.94) for Agile 3+. The top three per-
forming markers were imaging markers (MRE as above) and composite 
scores (Agile 3+ as above and Agile 4, AUC 0.88 (0.83–0.94)). MRE, 
Agile 3+, Agile 4 and VCTE-LSM (AUC 0.87 (0.83–0.92)) all exceeded 
the MAC for cirrhosis. Non-elastography MR markers performed less 
well (LMS-cT1: 0.64 (0.55–0.73); deMILI fibrosis-MRI: 0.49 (0.37–0.61); 
DWI-ADC: 0.62 (0.50–0.73)).

The results of the sensitivity analysis using standardization, making  
the subgroups of available results more similar with respect to common 
confounders, were not fundamentally different from those of the main 
analysis (Supplementary Tables 3 and 4).

Head-to-head comparisons
Direct head-to-head comparisons were carried out for preselected bio-
markers with sufficient data. The performance of LMS-cT1, LMS-PDFF, 
FAST and MAST were tested in 102 of 357 participants (29% of the analy-
sis set) in which all four biomarkers were available. There was con-
siderable overlap in the confidence interval of the AUC both for the 
evaluation of at-risk MASH (Fig. 3a) and MASH (Fig. 3b). In the 157 of 357 
(44% of the analysis set) participants with available fibrosis biomarkers, 
MRE was superior to ELF and ADAPT for the assessment of advanced 
fibrosis, but the confidence intervals of the AUC for MRE and VCTE-LSM 
overlapped (Fig. 3c). For cirrhosis, MRE was superior to ADAPT but 
confidence intervals overlapped between all other biomarkers 

(Fig. 3d). The characteristics of the participants that were included in 
the head-to-head comparisons are shown in Supplementary Table 5.

Performance of biomarkers at prespecified thresholds
The diagnostic performance of a number of biomarkers at previously 
specified thresholds was tested for at-risk MASH and advanced fibrosis. 
For at-risk MASH, high sensitivity was achieved at the expense of low 
specificity and vice versa (Table 3). For advanced fibrosis, MRE at a 
threshold of 3.5 kPa had sensitivity of 0.71 and specificity of 0.92, and 
VCTE-LSM at a threshold of 10 kPa had sensitivity of 0.73 and specificity 
of 0.74 (Table 3). A comparison of the diagnostic performance achieved 
in this study with the performance reported in the literature is included 
in Supplementary Tables 6 and 7.

Discussion
In this diagnostic accuracy study of multiple imaging and serum 
biomarkers, performance was assessed for the diagnosis of four 
histologically defined target conditions addressing disease activity 
(MASH; at-risk MASH: MAS ≥ 4 with F ≥ 2) and staging of hepatic fibrosis 
(advanced fibrosis and cirrhosis). The population under evaluation 
were people with MASLD who were already assessed in secondary and 
tertiary care centers and were referred for biopsy for disease evalua-
tion; our findings should not be extrapolated to other settings such as 
screening in primary care and in type 2 diabetes. We would, however, 
highlight that, while the pretest probability may differ between pri-
mary care and secondary–tertiary care populations, the sensitivity,  

Table 2 | Diagnostic performance of all markers in detecting at-risk MASH, MASH, advanced fibrosis and cirrhosis

Biomarker n Target condition

At-risk MASH MASH Advanced fibrosis Cirrhosis

% AUC (95% CI) P value % AUC (95% CI) P value % AUC (95% CI) P value % AUC (95% CI) P value

MRE 275 47 0.75 (0.69–0.81) 0.96 51 0.71 (0.65–0.77) 1.00 46 0.91 (0.88–0.95) 0.00 15 0.91 (0.86–0.95) 0.00

LMS-cT1 265 46 0.66 (0.59–0.72) 1.00 52 0.68 (0.61–0.74) 1.00 50 0.59 (0.52–0.66) 1.00 14 0.64 (0.55–0.73) 1.00

LMS-PDFF 304 48 0.66 (0.59–0.72) 1.00 54 0.70 (0.64–0.76) 1.00 49 0.58 (0.52–0.65) 1.00 14 0.67 (0.59–0.75) 1.00

Vendor-PDFF 163 44 0.59 (0.51–0.68) 1.00 52 0.67 (0.58–0.75) 1.00 50 0.56 (0.47–0.65) 1.00 17 0.62 (0.51-0.72) 1.00

deMILI Fibrosis-MRI 158 41 0.49 (0.40–0.58) 1.00 50 0.55 (0.46–0.64) 1.00 47 0.55 (0.46–0.64) 1.00 15 0.49 (0.37–0.61) 1.00

deMILI NASH-MRI 158 41 0.62 (0.53–0.71) 1.00 50 0.63 (0.55–0.72) 1.00 47 0.55 (0.46–0.64) 1.00 15 0.62 (0.49–0.74) 1.00

DWI-ADC 160 47 0.60 (0.51–0.69) 1.00 49 0.59 (0.50–0.68) 1.00 49 0.62 (0.53–0.71) 1.00 16 0.62 (0.50–0.73) 1.00

VCTE-LSM 298 48 0.71 (0.65–0.77) 1.00 52 0.68 (0.62–0.75) 1.00 47 0.81 (0.76–0.86) 0.38 14 0.87 (0.83–0.92) 0.00

CAP 267 49 0.64 (0.58–0.71) 1.00 53 0.66 (0.59–0.73) 1.00 49 0.54 (0.47–0.61) 1.00 16 0.50 (0.41–0.59) 1.00

PRO-C3 250 44 0.63 (0.56–0.70) 1.00 48 0.64 (0.57–0.70) 1.00 45 0.60 (0.53–0.67) 1.00 13 0.69 (0.58–0.80) 0.97

ALT 335 47 0.64 (0.58–0.70) 1.00 50 0.65 (0.59–0.71) 1.00 47 0.52 (0.45–0.58) 1.00 15 0.51 (0.43–0.60) 1.00

AST 335 47 0.69 (0.63–0.75) 1.00 50 0.71 (0.65–0.76) 1.00 47 0.58 (0.52–0.65) 1.00 15 0.60 (0.52–0.68) 1.00

CK18-M30 239 42 0.74 (0.68–0.80) 0.97 47 0.75 (0.69–0.81) 0.94 42 0.63 (0.56–0.70) 1.00 13 0.64 (0.54–0.74) 1.00

CK18-M65 236 42 0.78 (0.72–0.84) 0.76 46 0.78 (0.72–0.84) 0.77 43 0.66 (0.59–0.73) 1.00 13 0.65 (0.55–0.74) 1.00

FIB-4 331 46 0.64 (0.58–0.70) 1.00 50 0.63 (0.57–0.69) 1.00 47 0.74 (0.69–0.80) 0.98 15 0.78 (0.72–0.84) 0.77

ADAPT 246 43 0.65 (0.58–0.72) 1.00 48 0.64 (0.57–0.71) 1.00 45 0.76 (0.71–0.82) 0.88 13 0.80 (0.72–0.89) 0.46

ELF 276 46 0.67 (0.60–0.73) 1.00 50 0.65 (0.59–0.72) 1.00 46 0.74 (0.68–0.80) 0.98 14 0.82 (0.75–0.89) 0.26

NIS2+ 221 43 0.82 (0.77–0.88) 0.19 47 0.83 (0.77–0.88) 0.15 40 0.70 (0.63–0.77) 1.00 14 0.63 (0.53–0.73) 1.00

FAST 190 50 0.73 (0.66–0.80) 0.97 53 0.73 (0.66–0.80) 0.97 48 0.69 (0.61–0.76) 1.00 16 0.76 (0.67–0.85) 0.80

Agile 3+ 288 48 0.68 (0.62–0.74) 1.00 52 0.65 (0.58–0.71) 1.00 47 0.84 (0.80–0.89) 0.03 14 0.89 (0.84–0.94) 0.00

Agile 4 288 48 0.66 (0.60–0.72) 1.00 52 0.63 (0.57–0.70) 1.00 47 0.82 (0.77–0.87) 0.18 14 0.88 (0.83––0.94) 0.00

cTAG 187 49 0.70 (0.63––0.78) 0.99 53 0.71 (0.64–0.79) 0.99 53 0.69 (0.61–0.77) 1.00 14 0.71 (0.59–0.82) 0.95

MEFIB 252 47 0.64 (0.59–0.70) 1.00 50 0.62 (0.57–0.68) 1.00 48 0.72 (0.67–0.77) 1.00 15 0.76 (0.69–0.84) 0.81

MAST 203 52 0.78 (0.71–0.84) 0.75 55 0.78 (0.71–0.84) 0.77 52 0.78 (0.72–0.85) 0.71 15 0.80 (0.72–0.87) 0.53

Diagnostic performance was assessed using AUCs that were estimated using receiver operating characteristic (ROC) analysis. The 95% CIs were calculated using the DeLong method. P values 
correspond to one-sided hypothesis tests of AUCs exceeding 0.80 (the predefined minimum acceptable criterion). Values were rounded to two decimal places. No adjustment for multiple 
comparisons was applied.
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specificity and area under the receiver operating characteristic  
curve (AUROC) data presented in this paper remain relevant.

The scale of the study in its geographical distribution, number 
of recruiting centers, size of the recruited cohort, central histology 
evaluation and scope of biomarkers assessed (both the range of MR and 
ultrasound modalities alongside numerous blood-based biomarkers) 
is unique. These key strengths led to the minimization of potential bias, 
in contrast to previous studies, and therefore, our results represent a 
truly robust external validation for biomarker performance.

For detection of MASH or at-risk MASH, none of the evaluated 
biomarkers significantly exceeded the prespecified MAC. However, 
blood-based biomarkers tended to perform better than imaging for 
activity-related targets. Considering advanced fibrosis and cirrhosis, 
elastography techniques (MRE and VCTE-LSM) and composite scores 
that include liver stiffness measurements (Agile 3+, Agile 4) showed 
the best performance, with MRE and Agile 3+ significantly exceeding 
the MAC for both advanced fibrosis and cirrhosis, and VCTE-LSM and 
Agile 4 significantly exceeding the MAC for cirrhosis.

Patients with at-risk MASH are the key target group for prescrip-
tion of pharmacotherapy for pre-cirrhotic MASH15, as well as for  
entry into clinical trials. Overall, similar performance characteristics  
were found for the at-risk MASH and the MASH target conditions 
(Table 2). The highest AUC for at-risk MASH was achieved by NIS2+ 
(0.82, 0.77–0.88), a result comparable to that reported in previous 
studies assessing this biomarker (0.81, 0.79–0.83)16. Among single 
imaging markers, elastography techniques had the highest AUC for 
at-risk MASH (MRE: 0.75; VCTE-LSM: 0.71). This suggests that the fibro-
sis component of at-risk MASH classification has a strong influence, 
and provides the rationale for including stiffness in composite scores 
such as FAST and MAST.

For at-risk MASH, other MR imaging biomarkers achieved numeri-
cally lower AUCs: LMS-cT1 and LMS-PDFF, both with an AUC of 0.66 

(0.59–0.72). Previous studies that examined these two markers 
reported similar performances. A study from Japan reported an AUC 
of 0.74 for LMS-cT1 and 0.71 for LMS-PDFF17, while a pooled multi-
center study from the UK reported an AUC of 0.78 for LMS-cT1 and 
0.69 for LMS-PDFF18.

In this study, cTAG (a composite score that includes the para
meters of cT1, AST and fasting serum glucose level) had an AUC of 0.70 
(0.63–0.78), compared with an AUC of 0.90 when first described19, 
while deMILI NASH-MRI had an AUC of 0.62 (0.53–0.71) compared with 
a previously reported AUC of 0.86 (ref. 20). The study that described 
cTAG was a retrospective analysis of a prospectively recruited pooled 
cohort, while the study that described the deMILI NASH-MRI score was a  
small single-center study. These factors, and the lack of central histo-
logical evaluation in the published studies, are likely to have introduced 
bias that led to overestimation of the diagnostic performance.

The performance of routine clinical biochemistry markers such 
as AST (AUC 0.69, 0.63–0.75) can provide a useful barometer for the 
incremental value of other tests. deMILI NASH-MRI (AUC 0.62) and 
MEFIB (an index that uses data from MRE and FIB4) (0.64) achieved a 
lower AUC than AST while a numerically higher AUC was observed in 
cTAG (0.70), VCTE-LSM (0.71), FAST (0.73), MRE (0.75), MAST (0.78), 
CK18-M65 (0.78) and NIS2+ (0.82). These are indicative observations 
with overlapping 95% CIs for the AUC in the overall and head-to-head 
analyses so superiority could not be firmly established.

The performance of biomarkers for the diagnosis of ‘at-risk MASH’ 
in the country-adjusted analysis (Supplementary Table 4) presents 
a very similar picture to the unadjusted analysis. MRE liver stiffness 
remains numerically the highest-performing imaging biomarker albeit 
with a lower AUC of 0.69 (0.61–0.75). Performance of NIS2+ remains sta-
ble, and this biomarker remains best performing albeit below the MAC.

The performance of composite scores in our study was, in general, 
lower than previously described. A previous metanalysis reported a 

a    At-risk MASH

0.5

0.55

0.6

0.65

0.7

0.75

AU
C

AU
C

0.8

0.85

0.9

0.95

1

0.5

0.55

0.6

0.65

0.7

0.75

0.8

0.85

0.9

0.95

1

de
M

IL
I f

ib
ro

si
s-

M
RI

D
W

I-A
D

C
de

M
IL

I N
AS

H
-M

RI
PR

O
C

3
C

AP AL
T

FI
B4

M
EF

IB
AD

AP
T

LM
S-

cT
1

LM
S-

PD
FF

Ag
ile

 4
EL

F
Ag

ile
 3

+
AS

T
cT

AG
VC

TE
-L

SM
FA

ST
C

K1
8-

M
30

M
RE

M
AS

T
C

K1
8-

M
65

N
IS

2+

b    MASH

de
M

IL
I f

ib
ro

si
s-

M
RI

D
W

I-A
D

C
M

EF
IB

de
M

IL
I N

AS
H

-M
RI

FI
B4

Ag
ile

 4
PR

O
C

3
AD

AP
T

AL
T

EL
F

Ag
ile

 3
+

C
AP

LM
S-

cT
1

VC
TE

-L
SM

LM
S-

PD
FF

AS
T

cT
AG M
RE

FA
ST

C
K1

8-
M

30
C

K1
8-

M
65

M
AS

T
N

IS
2+

Combinations of blood-based and imaging modalities

Imaging modalities

Blood-based modalities

Fig. 1 | Diagnostic performance of biomarkers for MASH and at-risk MASH. 
Each point in this figure represents the AUC estimate for a marker, and error bars 
indicate 95% CIs for the AUC. Biomarkers are grouped by modality (blood-based, 
imaging and combination markers). The unit of analysis was the individual 
participant. AUC estimates and corresponding 95% CIs were derived from 
patient-level data. A dashed line to indicate the a priori-defined MAC of the 
AUC of 0.80 is included in each graph. Sample sizes varied across biomarkers 
as follows: MRE (n = 275), LMS-cT1 (n = 265), LMS-PDFF (n = 304), vendor-PDFF 
(n = 163), deMILI fibrosis-MRI (n = 158), deMILI NASH-MRI (n = 158), DWI-ADC 
(n = 160), VCTE-liver stiffness measurement by vibration controlled transient 
elastography (LSM) (n = 298), CAP (n = 267), N-terminal pro-peptide of type III 

collagen (PRO-C3) (n = 250), ALT (n = 335), AST (n = 335), CK18-M30 (n = 239), 
cytokeratin 18 measured using the M65 assay (CK18-M65) (n = 236), FIB-4 
(n = 331), ADAPT (n = 246), ELF (n = 276), NIS2+ (n = 221), FAST (n = 190), Agile 3+ 
(n = 288), Agile 4 (n = 288), cTAG (n = 187) and MAST (n = 203). a, At-risk MASH: 
the highest AUCs for blood-based, imaging and combination markers were, 
respectively, 0.82 (0.77–0.88) for NIS2+, 0.75 (0.69–0.81) for MRE and 0.78 
(0.71–0.84) for MAST. No marker exceeded the MAC. b, MASH: the highest AUCs 
for blood-based, imaging and combination markers were, respectively, 0.83 
(0.77–0.88) for NIS2+, 0.71 (0.65–0.77) for MRE and 0.78 (0.71–0.84) for MAST. 
No marker exceeded the MAC.
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summary area under the receiver operating characterostic curve of 
0.79 (0.77–0.81) for FAST21 (compared with AUC of 0.73 in this study). 
The index studies in that meta-analysis were in many cases retrospec-
tive and included a variety of populations (for example, screening 
population in the AURORA clinical trial22, bariatric surgery cohorts23). 
These factors are likely to have introduced bias that inflated the previ-
ously reported performance of FAST. MAST was previously evaluated 
in small studies from one or two centers that reported AUCs of 0.80 
(0.72–0.89)24 and 0.93 (0.88–0.97)25, respectively (compared with 
AUC of 0.78 in this study). In a cohort with type 2 diabetes, FAST (AUC 
0.81) and MAST (AUC 0.79) were also reported to have higher perfor-
mance for at-risk MASH26, but it is difficult to compare these results 
with those of our study owing to differences in the population being 
evaluated. Compared with previous studies that are subject to possible 
bias from study design, heterogeneity of the included population and 
lack of multicenter prospective validation, our study provides robust 
external validation for biomarker performance that is closer to the true 
biomarker performance.

Our data suggest that measures of disease activity that comprise 
biologically plausible circulating markers of inflammation are promis-
ing for use in detecting MASH. It was therefore surprising that despite 
our methodological rigor none of the biomarkers met the MAC for 
MASH and at-risk MASH. We believe that this reflects inherent bias in 
the current histological definition of MASH. It is well established that 
the histological features of ballooning and lobular inflammation are 
subject to substantial observer-dependent variability9. Furthermore, 
disease activity is known to be heterogenous across the liver, leading to 
biopsy sampling error, and can also fluctuate with time. These factors 
may contribute to variation in the approximation of histology to the true 
status of the liver as a whole, but as histology is the reference standard, 
the performance of the blood-based or imaging biomarker would still 
be penalized, even if it were a more faithful approximation in reality.

Turning to the evaluation of fibrosis, elastography techniques 
(MRE and VCTE-LSM) and composite scores that include liver stiffness 
measurements (Agile 3+, Agile 4) had the best performance. MRE per-
formed best overall for advanced fibrosis (0.91, 0.88–0.95) and cirrhosis 
(0.91, 0.86–0.95). These results were similar to the findings of two previ-
ous meta-analyses, which reported summary AUCs 0.92 (0.88–0.95)27 
and 0.92 (0.90–0.94)28 for advanced fibrosis and 0.90 (0.81–0.95)27 
and 0.94 (0.92–0.96)28 for cirrhosis. The next best performing markers 
were Agile 3+ and Agile 4, while VCTE-LSM as a stand-alone measure 
showed AUCs of 0.81 (0.76–0.86) and 0.87 (0.83–0.92) for advanced 
fibrosis and cirrhosis, respectively, which again aligned with the find-
ings of previous meta-analyses27,29. Among the blood-based markers 
and multi-marker scores, ELF and the PRO-C3-based ADAPT score had 
AUCs ranging from 0.74 to 0.76 and 0.80 to 0.82 for advanced fibrosis 
and cirrhosis, respectively. These results are similar to those observed 
in the separate LITMUS Metacohort study and the NIMBLE study30,31.

The diagnostic performance of biomarkers at prespecified thresh-
olds was generally lower in our analysis compared with previous reports 
(Supplementary Tables 6 and 7). This finding is most probably due to 
the prospective nature of our study, which would be less prone to bias. 
By contrast, some of the studies in the literature were small19,25 or used 
multiple-participant groups in meta-analyses18,29,32, something that may 
have introduced bias and overestimation of performance.

Our analysis relating to biomarker performance at predefined 
thresholds produced some results worth further commentary. For 
at-risk MASH, some biomarkers have complementary performance and 
could potentially be combined in two-step approaches. For example, 
tests with high sensitivity (such as PDFF at a threshold of 8% (sensitiv-
ity 0.89) or CAP at a threshold of 280 dB m−1 (sensitivity 0.92)) can 
be applied first, followed by tests with high specificity such as MRE 
at 3.3 kPa (sensitivity 0.76) or FAST at a threshold of 0.67 (specificity 
0.86) or MAST at a threshold 0.242 (specificity 0.91). Such approaches 
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Fig. 2 | Diagnostic performance of biomarkers for advanced fibrosis and 
cirrhosis. Each point in this figure represents the AUC estimate for a marker, 
and error bars indicate 95% CIs for AUC. Biomarkers are grouped by modality 
(blood-based, imaging and combination markers). The unit of analysis was the 
individual participant. AUC estimates and corresponding 95% CIs were derived 
from patient-level data. A dashed line to indicate the a priori-defined MAC of the 
AUC of 0.80 is included in each graph. Sample sizes varied across biomarkers 
as follows: MRE (n = 275), LMS-cT1 (n = 265), LMS-PDFF (n = 304), vendor-PDFF 
(n = 163), deMILI fibrosis-MRI (n = 158), deMILI NASH-MRI (n = 158), DWI-ADC 
(n = 160), VCTE-LSM (n = 298), CAP (n = 267), PRO-C3 (n = 250), ALT (n = 335), 

AST (n = 335), CK18-M30 (n = 239), CK18-M65 (n = 236), FIB-4 (n = 331), ADAPT 
(n = 246), ELF (n = 276), NIS2+ (n = 221), FAST (n = 190), Agile 3+ (n = 288), Agile 
4 (n = 288), cTAG (n = 187) and MAST (n = 203). a, Advanced fibrosis: the highest 
AUCs for blood-based, imaging and combination markers were, respectively, 
0.76 (0.71–0.82) for ADAPT, 0.91 (0.88–0.95) for MRE and 0.91 (0.88–0.95) for 
Agile 3+. Both MRE and Agile 3+ met the MAC. b, Cirrhosis: the highest AUCs  
for blood-based, imaging and combination markers were, respectively, 0.82 
(0.75–0.89) for ELF, 0.91 (0.86–0.95) for MRE and 0.89 (0.84–0.94) for Agile 3+.  
MRE, Agile 3+, Agile 4 (AUC 0.88 (0.83–0.94)) and VCTE-LSM (AUC 0.87 
(0.83–0.92)) met the MAC.
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could be used in screening for clinical trial recruitment to help reduce 
screen failure rates. With increasing numbers of approved pharma-
cotherapies, such approaches can also help with selecting patients 
suitable for treatment.

The results for the performance of biomarkers at prespecified 
thresholds for advanced fibrosis reflect the results of the AUC analysis 
and confirm that elastography techniques and composites scores that 
include elastography achieve high sensitivity and specificity.

Major strengths of this study include truly international, multi
center, prospective recruitment and the study being specifically 
designed to robustly assess biomarker performance. Unlike previous 
imaging studies, which tend to be single-center cohorts recruited 
based on convenience and focusing on single modalities, the LITMUS 
Imaging Study is the product of a major international collaboration 
across 13 countries in Europe and North America33,34.

This study was underpinned by rigorous quality control proce-
dures that ensured a tightly defined chain of custody for all data and 
biological samples (Extended Data Fig. 9)33. Liver biopsy slides were 
centrally processed and read by internationally recognized expert 
hepatopathologists from the LITMUS Histopathology Group. MR 
biomarker data were processed centrally and analyzed in imaging 
core laboratories specialized in the relevant technologies. Similarly, all 
biological sample handling followed strict standard operating proce-
dures to minimize pre-analytical variation with circulating biomarker 
analysis conducted in a centralized Clinical Laboratory Improvement 
Amendments (CLIA)-accredited laboratory. The technical personnel 
conducting all analyses were blinded to associated clinical data includ-
ing the results of other biomarkers and liver histology. Ultimately, the 
diverse datasets generated across the study were assembled for statisti-
cal analysis led by an independent statistician with specific methodo-
logical expertise in the assessment of biomarker performance and no 
imperative to show superior performance of any test over the others.

Limitations also need to be acknowledged, in particular the limited 
sample size due to the study costs, especially when head-to-head com-
parisons were considered. However, it should be noted that outside of 

clinical trials, in which cases are heavily prescreened, this is a relatively 
large prospectively recruited study designed with the specific aim 
of assessing biomarker diagnostic accuracy and with centrally read 
histology as the reference standard. Recruitment was conducted in 
specialist secondary and tertiary care centers, and so, factors such as 
differences in prevalence, epidemiology, referral patterns and clinical 
workup before biopsy may affect the generalizability of our findings 
to other settings. As described above, histology is an imperfect refer-
ence standard being subject to sampling variation as well as both 
inter- and intraobserver variation in reading9. With a theorized 90% 
sensitivity and 90% specificity for biopsy itself, it has been reported 
that the highest performance a comparative marker could reasonably 
achieve in a 40% prevalence setting is an AUC of 0.90 (ref. 35). Despite 
the limitations of a histological reference standard, this study identified 
biomarkers that achieved and approached that theoretical threshold 
with statistical significance for fibrosis indications. Lastly, our cohort is 
predominantly made up of people of white ethnicity (94%). Our results 
may therefore not be representative of biomarker performance in other 
ethnic groups or diverse populations.

It should also be noted that the definition of the target condition 
of at-risk MASH in this study included those with MASH and F2–4 
fibrosis. This definition was used when the term was first described 
and is included in the majority of the literature16,18,32. In clinical practice,  
there is an overriding need to differentiate between those with a degree 
of MASL associated with cardio-metabolic risk factors and those  
with progressive liver disease that are at greatest risk of liver-related 
adverse outcomes (true at-risk MASH), so this definition is most rele
vant. However, there is also value in distinguishing cases with cirrhosis  
from those with pre-cirrhotic MASH. While not addressed in our study, 
other studies have examined the performance of biomarkers for 
MASH + F2–3 either using single cutoffs36 or upper and lower cutoffs37.

Our study has important implications for clinical practice indicat-
ing that MRE and Agile 3+ can be used to positively rule-in advanced 
fibrosis and cirrhosis, while VCTE-LSM and Agile 4 can be used to rule-in 
cirrhosis. Therefore, these biomarkers can be used as confirmatory 
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Fig. 3 | Head-to-head comparison of selected biomarkers. Area under the 
receiver operating characteristic curves for selected imaging and composite 
biomarkers for each of the four target conditions in our study including cases in  
which all biomarkers were available for analysis. a, At-risk MASH: (FAST, LMS-PDFF,  

LMS-cT1, MAST), n = 102. b, MASH: (FAST, LMS-PDFF, LMS-cT1, MAST), n = 102.  
c, Advanced fibrosis (F3+): (VCTE-LSM, MRE, ELF, ADAPT), n = 157. d, Cirrhosis (F4): 
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tests for disease severity once patients are referred to secondary or 
tertiary care. Biomarkers that did not meet the MAC for fibrosis assess-
ment should remain investigational and should be examined in dif-
ferent contexts (for example, screening in primary care or in diabetes 
clinics). The fact that none of the biomarkers met the MAC for MASH 
indications raises serious concerns about the validity of MASH as a 
target condition. The use of MASH as part of endpoint definitions 
in clinical trials and as a potential feature to be used when selecting 
patients for treatment with approved pharmacotherapies should 
therefore be re-examined in view of our results.

While our study provides useful data on biomarker performance, 
we are limited by the use of histological target conditions. Establish-
ing the performance of biomarkers for the prognosis of adverse 
outcomes would be more clinically relevant. The longitudinal data 
being generated within the European Steatotic Liver Disease (MASLD) 
Registry will be an important asset for assessing the prognostic value 
of biomarkers and addressing this evidence gap. Furthermore, future 
studies are also needed to address the performance of biomark-
ers in other contexts such as monitoring or assessing therapeutic 
response. Lastly, future health economics studies should evaluate 
whether the superior performance of the more expensive tests such 
as MR biomarkers and proprietary serum-based tests translates 
into cost-effectiveness.

The results of our study rigorously show the accuracy of both 
staple imaging tests and blood-based biomarkers proposed for use 
in MASLD. While highly performant biomarkers to assess MASH and 
at-risk MASH remain elusive, with none achieving the MAC, we have 
robustly characterized the performance of multiple potentially 
tractable biomarkers. Noninvasive assessment of fibrosis was more 
accurate, with elastography technologies performing best. It should, 
however, be noted that circulating direct collagen biomarkers such 
as ELF and PRO-C3 may offer additional insights into disease biology, 
such as the balance of fibrogenesis and fibrolysis, which provides 
complementary information beyond the measurement of stable 
hepatic fibrosis.

To date, no biomarkers have been approved by the FDA or Euro-
pean Medicines Agency as reasonably likely surrogate endpoints 

for MASLD drug development. Our findings serve as an important 
addition to the literature in support of advancing biomarkers toward 
regulatory qualification. These data will also inform clinical guideline 
development, supporting clinicians as they select the most trac-
table tests to improve the clinical care and outcomes of patients 
with MASLD.
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Table 3 | Performance of markers at predefined thresholds
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Biomarker performance for at-risk MASH

  MRE (kPa) 275 3.3 0.69 (0.56–0.73) 0.76 (0.68–0.82)

  LMS-cT1 (ms) 265 875 0.58 (0.49–0.66) 0.61 (0.53–0.69)
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  deMILI MRI-NASH (0–1) 158 0.5 0.58 (0.47–0.70) 0.60 (0.49–0.70)

  CAP (dB m−1) 267 280 0.92 (0.87–0.97) 0.32 (0.25–0.41)

  NIS2+ 221 0.68 0.72 (0.62–0.81) 0.81 (0.74–0.88)

  FAST 190 0.67 0.41 (0.31–0.51) 0.86 (0.79–0.93)

  cTAG (%) 187 0.34 0.55 (0.45–0.66) 0.76 (0.67–0.84)

  MAST 203 0.242 0.41 (0.32–0.51) 0.91 (0.84–0.96)
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Methods
Study design and recruitment
This LITMUS Imaging Study (NCT05479721, clinicaltrials.gov) was a 
prospective study of diagnostic accuracy, conducted as part of the 
EU IMI-2 LITMUS research program, to evaluate the performance of 
multiple noninvasive biomarkers for the diagnostic context of use34. 
Participants with suspected MASLD referred for investigation at liver 
centers across 13 countries in Europe and the USA between January 2018 
and June 2022 were prospectively recruited into the European Steatotic 
Liver Disease Registry ‘LITMUS Study Cohort’33. Those participants 
recruited at centers where the requisite MR imaging capabilities were 
available were invited to participate in the nested LITMUS Imaging 
Study34. Clinical data, imaging acquisition and biological samples were 
collected within 6 months of diagnostic liver biopsy.

Participants were reimbursed for travel and food expenses relat-
ing to their appointments for MR assessments. These appointments 
were not part of the routine clinical care, and participants were asked 
to attend after at least a 4-h fast.

Ethical oversight
The study was conducted in line with the ethical principles for medi-
cal research involving human study participants, as specified in the 
Declaration of Helsinki. The project was approved by the relevant 
ethical committees in the participating countries, and all participants 
provided written informed consent before inclusion. In the UK, the 
LITMUS Imaging Study was approved by the London Queen Square 
Research Ethics Committee (18/LO/1953); in France by Comite de pro-
tection des personnes, Sud Mediterranee IV (reference CPP: 19 06 04; 
ID-RCB:2019-A01308-49) for Paris, and Comite de Protection des Per-
sonnes (CPP) Ouest II, Angers (CPP number CB-2010-01, dossier num-
ber DC-2011-1467, dossier number AC 2014-2329) for Angers; in Spain by 
CEI de los Hospitales Universitarios Virgen Macarena y Virgen del Rocío 
(Informe Dictamen Favorable, Proyecto Investigación Biomédica, C.P. 
LITMUS_GA_777377 - C.I, 20 de Septiembre de 2018) for Seville, Drug 
Research Ethics (Vall d’Hebron) for Barcelona (PR(AG)507/2020) and 
CEIm Area de Salud Valladolid Este, University Hospital Valladolid 
(18-1173) for Valladolid; in the USA, initial approval was given by Integ 
Review IRB (protocol number LI-001-2019) and continued approval 
by ADVARRA IRB (continuing review approval CR00408748); in Italy 
by A.O.U. City of Health and Science of Turin—A.O. Mauritian Order—
ASL TO 1 (Prot N. N 0125391 18 Dec 2018) for Torino, and Comitato  
Etico Palermo 1, Azienda Ospedaiera Universitaria Policliniclo Paolo 
Giaccone di Palermo (Verbale N. 11/2019, 16.12.2019) for Palermo; in  
Germany by Ethikkommission der Landesärztekammer Rheinland-Pfalz 
(2018-13269_1, 19.08/2018); in Sweden by Regionala etikpövningsnämn-
den I Linköping (Dnr 2018/393-31); in Switzerland by Kantonale Ethik-
kommission (KEK), Bern (KEK Nr 2019-00609); and in Finland by HUS 
eettinen toimikunta IV (HUS/1784/2019).

Patient selection
Adults (aged ≥18 years) of male and female sex undergoing a liver 
biopsy performed as part of their standard diagnostic assessment 
for presumed MASLD with paired imaging markers were consecu-
tively included. Patients with excessive alcohol intake (>20–30 g d−1) 
or evidence of other chronic liver conditions, such as viral hepatitis B 
or C, were excluded from the study. The sex of each participant was 
determined based on self-reported information.

Histological assessment
Biopsy samples were evaluated centrally by liver pathologists from the 
LITMUS Histopathology Group (LHG), a team of ten expert hepato-
pathologists who were blinded to clinical data and had previously 
harmonized in scoring MASLD features with high interobserver agree-
ment38. Each sample was consensus scored by two pathologists, with 
any discrepancies being adjudicated by the LHG chair.

MASLD activity was assessed using the MASH Clinical Research 
Network scoring system. Steatosis and lobular inflammation were rated 
on four-point scales (0–3) and hepatocyte ballooning on a three-point 
scale (0–2). The MAS, calculated as the sum of steatosis, inflammation 
and ballooning scores, ranges from 0 to 8. The staging of liver fibrosis 
was performed on a five-point scale (F0–F4)3.

A liver biopsy with no more than 3 fragments, at least 1.5 cm in 
length and containing at least 6 portal tracts was considered adequate 
for the diagnosis of MASLD and MASH by the LHG. In very few cases that 
did not meet the quality recommendations above, if all histological 
features for diagnosing MASH, according to the accepted minimum 
histological criteria, were clearly seen in a biopsy specimen despite 
suboptimal quality, the specimen was considered adequate. The above 
is in keeping with the consensus for the standardized application of 
histological grading and staging systems in MASH by the Interna-
tional MASLD Pathology Group39, whose members include the majority 
of the LHG. Biopsies that did not meet the set adequacy criteria and 
did not show the minimal histological features for diagnosing MASH 
were rejected.

Clinical assessment
In each center, a trained investigator collected detailed clinical data 
on all participants (including sex assigned at birth) and entered them 
directly into the web-based registry portal. BMI was calculated by 
dividing weight (kg) by height (m) squared. Clinical laboratory tests, 
including platelet count, LDL, HDL, cholesterol, triglycerides and GGT, 
were performed in laboratories of the respective recruitment centers 
and recorded in the registry.

Common comorbidities were also documented in each center, 
including dyslipidemia (fasting triglyceride level ≥ 150 mg dl−1 
(1.7 mmol l−1) or fasting HDL < 40 mg dl−1 (1.03 mmol l−1) in males and 
<50 mg dl−1 (1.29 mmol l−1) in females; or on treatment), hyperten-
sion (systolic blood pressure ≥ 130 mm Hg or diastolic blood pres-
sure ≥ 85 mm Hg) and diabetes (raised fasting glucose ≥ 100 mg dl−1 
(5.6 mmol l−1), HbA1c ≥ 48 mmol mol−1 (6.5%) or previously diagnosed 
insulin resistance or type 2 diabetes mellitus).

Biomarkers
To ensure robustness of the analysis, all imaging data processing 
and biological sample analyses were conducted by trained opera-
tors at central laboratories blinded to all associated clinical data 
including the results of the liver biopsies and all other biomarker data 
(Supplementary Table 8 and Extended Data Fig. 9).

Imaging
Liver stiffness measurement by VCTE-LSM and ultrasound attenuation 
(CAP) were measured using FibroScan (Echosens) devices at the sites  
as per the manufacturer’s recommendations40. Six quantitative MRI 
markers were measured on MRI systems manufactured by Siemens, 
GE and Philips, at either 3 T or 1.5 T field strength, depending on avail-
ability at each site. These included LMS-cT1 (based on the combination 
of T1 and T2*)41 and MRE, which measures liver stiffness (Resoundant; 
technology licensed to major MRI vendors)42. DWI-ADC43 and two 
radiomics-based metrics: Fibro MRI and NASH-MRI measured using 
deMILI were also evaluated20. Proton density fat fraction was meas-
ured using both Liver Multiscan (LMS-PDFF)44 and in some cases PDFF 
sequences specific to each MR scanner vendor (vendor-PDFF). Tech-
nical details for all the imaging procedures are available in full in the 
study protocol34, and for ease of reference, some key aspects of the MR 
procedures are also summarized in Supplementary Methods.

Blood-based markers
Serum samples were collected using standardized kits and stored at 
−80 °C according to the LITMUS prespecified biobanking procedures33. 
Samples were shipped in batches on dry ice from recruitment sites to 

http://www.nature.com/naturemedicine
https://clinicaltrials.gov/ct2/show/NCT05479721


Nature Medicine

Article https://doi.org/10.1038/s41591-026-04496-2

the Integrated Biobank of Luxembourg (IBBL) that was used as the LIT-
MUS Central Biobank, cataloged and then sent to the LITMUS Central 
Laboratory at Nordic Biosciences, a laboratory accredited by the Col-
lege of American Pathologists. Due to differences in available sample 
volumes, not all biomarkers were measured for every participant.

The following biomarkers were measured at the LITMUS Cen-
tral Laboratory (see Supplementary Table 8 for details): ALT, AST, 
CK18-M30 (M30 Apoptosense ELISA 10011, VLVbio)45, CK18-M65 (M65 
EpiDeath ELISA 10040, VLVbio)45, Nordic-PRO-C3 (ELISA based)46, 
hyaluronic acid, TIMP-1 and PIIINP for ELF (Siemens)47.

Multi-marker scores were defined as scores that include data from 
multiple blood-based markers. The following multi-marker scores 
were calculated using their originally published formulae: Fibrosis-4 
(FIB-4)48, ADAPT49,50, NIS2+ (refs. 16,36) and ELF. The NIS2+ scores were 
calculated at the Genfit Laboratory.

Composite scores
Composite scores were defined as scores that are derived using data 
from blood-based and imaging markers. The following composite 
scores were calculated: FAST32, Agile 3+ (ref. 51), Agile 4 (ref. 51), MEFIB52, 
cTAG19 and MAST25 (see Supplementary Table 8 for details). FAST was 
computed solely when the time interval between the FibroScan pro-
cedure and the AST blood collection was 28 days or less.

Target conditions
The diagnostic performance of the biomarkers was assessed for the 
detection of four clinically relevant target conditions.

Target condition 1: at-risk MASH. This target condition is character-
ized by clinically significant hepatic fibrosis (≥F2) with active steato-
hepatitis, defined as the presence of steatosis, lobular inflammation 
and hepatocellular ballooning with a MAS ≥4, with at least one point 
in each component. This target condition is stipulated by regulatory 
agencies including the FDA and the European Medicines Agency to 
define the key inclusion criterion for phase 2 and phase 3 clinical trials 
for treatment of pre-cirrhotic MASH.

Target condition 2: MASH. This target condition is characterized by 
active steatohepatitis, defined as the presence of steatosis, lobular 
inflammation and hepatocellular ballooning with a MAS score ≥4, 
with at least one point in each component, irrespective of the stage 
of fibrosis present.

Target condition 3: advanced fibrosis. This target condition is char-
acterized by histological fibrosis stage ≥F3, irrespective of the grade 
of steatohepatitis activity.

Target condition 4: cirrhosis. This target condition is character-
ized by histological fibrosis stage F4, irrespective of the grade of 
steatohepatitis activity.

Statistical analysis
Study group. The analysis was restricted to participants with data from 
at least one imaging modality (LITMUS Imaging Study group). Only 
results from imaging and blood samples collected within 6 months of 
a liver biopsy were included.

Diagnostic accuracy. We visualized the distribution of biomarker 
results across fibrosis stages and MAS as boxplots. Nonparametric, 
empirical ROC curves were constructed for each biomarker and 
multi-marker score for the respective target conditions. We then evalu-
ated the ability of the biomarkers to replace liver biopsy by calculating 
the AUC and its 95% CI (DeLong)53. The AUC summarizes test perfor-
mance across all possible thresholds, rather than at arbitrary cut‑offs, 
enabling fairer evaluation and comparison of multiple biomarkers. An 

AUC of 0.80 was established a priori as the MAC. One-sided hypothesis 
tests were used to evaluate whether the AUC exceeded this threshold, 
with P values below 0.05 indicating that the biomarker met the prede-
fined performance criteria.

Standardization. Not all biomarker results were available for every 
participant. To make results comparable across biomarker subgroups, 
the probability of each participant being included in a specific sub-
group was estimated using logistic regression, accounting for age, 
sex, BMI, type 2 diabetes and fibrosis stage. Propensity distributions 
were checked to avoid extreme values. A weighted ROC analysis with 
inverse propensity weighting was applied to standardize the subgroups 
and ensure representativeness. These analyses, identical to those of 
the main analysis described earlier, were performed for each target 
condition, using 999 bootstrap samples to calculate 95% CIs.

As the proportion of patients with at-risk MASH may differ between 
countries and subtle variations in marker values might occur owing to 
unaccounted ethnic or other extraneous differences between territories, 
both in those with and those without the target condition, unadjusted 
AUC estimates could hypothetically be slightly affected. To check for 
this potential source of bias, we also estimated country-adjusted AUCs 
for the diagnostic performance of markers in detecting at-risk MASH.

Head-to-head comparisons. In an additional head-to-head com-
parison, we compared the performance of the most frequently used 
blood-based and imaging biomarkers and scores for detecting MASH 
and at-risk MASH and fibrosis stages (≥F3 and F4) in a subgroup in which 
results for all these biomarkers and scores were available, ensuring a 
sample size of at least 100 to maintain the precision of the analyses. The 
comparison included FAST, LMS-PDFF, LMS-cT1 and MAST for detect-
ing at-risk MASH and MASH, and VCTE-LSM, MRE, ELF and ADAPT for 
detecting advanced fibrosis and cirrhosis.

Performance of imaging markers at predefined thresholds. We 
also evaluated the performance of imaging markers using predefined 
thresholds, reported in the literature, for ruling in at-risk MASH or 
advanced fibrosis (Supplementary Table 9). Sensitivity and specificity 
were calculated for each marker at these thresholds within the respec-
tive subgroups with available data. Confidence intervals for sensitivity 
and specificity were calculated using bootstrapping. For each bio-
marker and threshold, data were resampled with replacement, and sen-
sitivity and specificity were recalculated for each bootstrap iteration.

All statistical analyses were performed using R statistical comput-
ing software version 4.3.1.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
Due to the need to maintain participant confidentiality for this ongo-
ing longitudinal cohort study, and to ensure compliance with varying 
restrictions across the multiple territories in which participants were 
recruited, individual participant-level data cannot be placed in the 
public domain. Qualified researchers may submit requests for deiden-
tified participant data to the corresponding authors, together with 
a description of the specific data requested, the proposed analyses 
and the dissemination plan. Requests will be reviewed by the corre-
sponding authors and supported where possible within the necessary 
legal framework.

Code availability
All statistical analyses were performed using the R statistical comput-
ing software version 4.3.1. The code used for the analyses in this study 
is available from the corresponding authors upon reasonable request.
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Extended Data Fig. 1 | Study Consort Diagram. 553 patients took part in the 
LITMUS Imaging Study and had at least one imaging assessment. Histology was 
centrally read and serum biomarker results from the LITMUS central lab were 

both available for 384 of the participants in the LITMUS Imaging Study. Imaging 
and biopsy were not performed within 6 months of each other in 27 cases and 
these were excluded from analysis, leaving 357 cases as the study analysis set.
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Extended Data Fig. 2 | Distribution of imaging marker results by MAS score (0-8).  
Boxplots represent the distribution of individual imaging biomarker values 
stratified by MAS score (0–8). Boxes show the interquartile range with medians 
marked by horizontal lines; whiskers extend to 1.5× the IQR. Dots indicate 

observation from individual participants. Sample sizes vary across biomarkers: 
MRE (n = 275), LMS-cT1 (n = 265), LMS-PDFF (n = 304), Vendor-PDFF (n = 163), 
deMILI Fibrosis-MRI (n = 158), deMILI NASH-MRI (n = 158), DWI-ADC (n = 160), 
VCTE-LSM (n = 298), CAP (n = 267).
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Extended Data Fig. 3 | Distribution of serum marker results by MAS score (0-8). 
Boxplots represent the distribution of individual biomarker values stratified by 
MAS score (0–8). Boxes show the interquartile range with medians marked by 
horizontal lines; whiskers extend to 1.5× the IQR. Dots indicate observation from 

individual participants. Sample sizes vary across biomarkers: PRO-C3 (n = 250), 
ALT (n = 335), AST (n = 335), CK18-M30 (n = 239), CK18-M65 (n = 236), FIB-4 
(n = 331), ADAPT (n = 246), ELF (n = 276), NIS2+ (n = 221).
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Extended Data Fig. 4 | Distribution of combination marker results by MAS 
score (0-8). Boxplots represent the distribution of individual biomarker values 
stratified by MAS score (0–8). Boxes show the interquartile range with medians 
marked by horizontal lines; whiskers extend to 1.5× the IQR. Dots indicate 

observation from individual participants. Sample sizes vary across biomarkers: 
FAST (n = 190), Agile 3+ (n = 288), Agile 4 (n = 288), CTAG (n = 187), and MAST 
(n = 203).
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Extended Data Fig. 5 | Distribution of imaging marker results by fibrosis  
stage (0-4). Boxplots represent the distribution of individual biomarker values 
stratified by Fibrosis stage (F0–4). Boxes show the interquartile range with 
medians marked by horizontal lines; whiskers extend to 1.5× the IQR. Dots 

indicate observation from individual participants. Sample sizes vary across 
biomarkers: MRE (n = 275), LMS-cT1 (n = 265), LMS-PDFF (n = 304), Vendor-PDFF 
(n = 163), deMILI Fibrosis-MRI (n = 158), deMILI NASH-MRI (n = 158), DWI-ADC 
(n = 160), VCTE-LSM (n = 298), CAP (n = 267).
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Extended Data Fig. 6 | Distribution of serum marker results by fibrosis  
stage (0-4). Boxplots represent the distribution of individual biomarker values 
stratified by Fibrosis stage (F0–4). Boxes show the interquartile range with 
medians marked by horizontal lines; whiskers extend to 1.5× the IQR. Dots 

indicate observation from individual participants. Sample sizes vary across 
biomarkers: PRO-C3 (n = 250), ALT (n = 335), AST (n = 335), CK18-M30 (n = 239), 
CK18-M65 (n = 236), FIB-4 (n = 331), ADAPT (n = 246), ELF (n = 276), NIS2+ 
(n = 221).
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Extended Data Fig. 7 | Distribution of combination marker results by fibrosis 
stage (0-4). Boxplots represent the distribution of individual biomarker values 
stratified by Fibrosis stage (F0–4). Boxes show the interquartile range with medians  
marked by horizontal lines; whiskers extend to 1.5× the IQR. Dots indicate 

observation from individual participants. Sample sizes vary across biomarkers: 
FAST (n = 190), Agile 3+ (n = 288), Agile 4 (n = 288), CTAG (n = 187), and MAST 
(n = 203).
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Extended Data Fig. 8 | Association between proton density fat fraction (PDFF) measured using. Liver Multiscan (LMS-PDFF) and PDFF measured using the MR 
vendor specific sequences (vendor-PDFF). There was a very high correlation (r = 0.98) between LMS-PDFF and vendor-PDFF.
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Extended Data Fig. 9 | The LITMUS firewall ensured blinded data flows between  
recruitment sites, central analysis labs and statistical analysis. The current 
study was underpinned by rigorous quality control procedures that ensured a 
tightly defined chain-of-custody for all data and biological samples. Liver biopsy 
slides were centrally processed and read by internationally recognised expert 
hepato-pathologists from the LITMUS Histopathology Group. MR biomarker 

data were processed centrally and analysed in imaging core labs specialised in 
the relevant technologies. Similarly, all biological sample handling followed 
strict standard operating procedures to minimise pre-analytical variation 
with circulating biomarker analysis conducted in a centralized CLIA-certified 
laboratory. The technicians conducting all analyses were blinded to associated 
clinical data including the results of other biomarkers and liver histology.
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