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ESM Methods 

Bayesian approach for determining true AF prevalence from LSM-based estimates 

To illustrate the impact of imperfect NIT performance on LSM-based AF prevalence 

estimates, we applied the Bayesian framework described by Speybroeck et al. [1] to 

previously published data from prevalence studies in T2D populations. Specifically, we 

re-analyzed the studies summarized in Table 1 of [2], in which AF was defined by either 

VCTE (cut-off 9.6–9.7 kPa) or MRE (cut-off 3.60–3.63 kPa), extracting for each study the 

number of tested individuals (𝑛) and the number of positive NIT results (𝑥). 

For each study, we modeled the observed number of positive NIT results as 

𝑥	~	Binomial(𝑛, 𝑝)    (1) 

𝑝 = 𝜋 × 𝑆𝑒 + (1 − 𝜋) × (1 − 𝑆𝑝)  (2) 

where 𝑝 is the observed AF prevalence, 𝜋 is the true AF prevalence, and 𝑆𝑒 and 𝑆𝑝 are 

the sensitivity and specificity of the NIT at the relevant cut-off. This formulation directly 

relates the observed proportion of positive NIT results to the underlying true prevalence 

through the Rogan–Gladen estimator [3], with the unknowns 𝜋, 𝑆𝑒, and 𝑆𝑝 jointly 

estimated within a single probabilistic model. 

A non-informative uniform prior over the interval [0, 1] was placed on 𝜋, expressing the 

absence of prior assumptions regarding the true AF prevalence. Informative Beta priors 

were placed on 𝑆𝑒 and 𝑆𝑝, parameterized to reflect plausible ranges for each NIT at the 

relevant cut-off. To inform these priors, we extracted 𝑆𝑒 and 𝑆𝑝 estimates from individual 

participant data meta-analyses of VCTE and MRE diagnostic accuracy at the specified 

cut-offs (ESM Table 1) [4-7]. As multiple estimates were available, we selected those most 

favorable to each NIT, so that the priors, if anything, would overestimate rather than 

underestimate NIT performance. Hyperparameters of the Beta priors were derived using 

the epi.betabuster function in the R package epiR, which returns the Beta distribution 

corresponding to a specified mode and a defined probability of exceeding a lower bound. 

For MRE at 3.60–3.63 kPa, 𝑆𝑒 was assigned a mode of 0.83 with 95% probability of 
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exceeding 0.75 (Beta(69.42, 15.01)), and 𝑆𝑝 a mode of 0.88 with 95% probability of 

exceeding 0.80 (Beta(63.66, 9.54)). For VCTE at 9.6–9.7 kPa, 𝑆𝑒 was assigned a mode 

of 0.77 with 95% probability of exceeding 0.70 (Beta(92.62, 28.37)), and 𝑆𝑝 a mode of 

0.81 with 95% probability of exceeding 0.75 (Beta(118.45, 28.55)). The resulting prior 

densities are shown in ESM Fig 1. The same priors were applied to all studies using a 

given NIT and threshold. 

Posterior distributions were sampled using Hamiltonian Monte Carlo as implemented in 

Stan (version 2.32.2) via the R interface rstan (version 2.32.7). For each study, four 

independent chains were run for 100,000 iterations each, with the first half of each chain 

discarded as warm-up. Convergence was assessed by the Gelman–Rubin statistic (𝑅9 <

1.01 for all parameters), the effective sample size, and visual inspection of trace plots. 

For each study, we show the posterior mean and 95% credible interval (2.5th–97.5th 

posterior percentiles) of 𝜋. 

All analyses were performed in R version 4.5.3. 
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ESM Tables 

 

ESM Table 1. Diagnostic performance parameters for VCTE and MRE to detect AF, as reported by individual participant 
data meta-analyses. 

Test Author, year n Cut-off 
for AF 

Sensitivity 
(95% CI) 

Specificity 
(95% CI) 

Population 
(T2D/Mixed) Ref. 

VCTE 
Mózes et al., 2022 5489 9.6 kPa 73 (71–76) 81 (79–81) Mixed [5] 

Pennisi et al., 2023 1692 9.7 kPa 77 (74–80) 71 (68–74) T2D [6] 

MRE 
Hsu et al., 2019 230 3.62 kPa 83 (73–92) 83 (78–89) Mixed [4] 

Liang et al., 2023 266* 3.62 kPa 78 (66–88) 88 (82–92) Mixed [7] 

All of the diagnostic accuracy studies cited here used liver biopsy as the reference standard. 
 
*In the study by Liang et al., the 3.62 kPa cut-off was investigated only in a subgroup of the entire cohort. 
 
Abbreviations: AF, advanced fibrosis; CI, confidence interval; VCTE, vibration-controlled transient elastography; MRE, magnetic 
resonance elastography; T2D, type 2 diabetes. 
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ESM Figures 

 

ESM Fig 1. Informed Beta prior distributions for the sensitivities and specificities of MRE 

and VCTE used in the Bayesian analysis. (A) For MRE: Se ~ Beta(69.42, 15.01); Sp ~ 

Beta(63.66, 9.54). (B) For VCTE: Se ~ Beta(92.62, 28.37); Sp ~ Beta(118.45, 28.55). 
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