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Abstract

Objective: Quantitative ultrasound-derived techniques are core non-invasive tools assessing
liver steatosis in metabolic dysfunction-associated steatotic liver disease (MASLD), providing
direct fat fraction measurements for screening, grading, and monitoring. This study compares the

diagnostic performance of varied quantitative ultrasound-derived approaches relative to magnetic



resonance imaging-derived proton density fat fraction (MRI-PDFF) via a network meta-analysis
(NMA).

Methods: PubMed, Embase, the Cochrane Library, and Web of Science were systematically
searched until December 7, 2025, for English diagnostic accuracy studies comparing quantitative
ultrasound-based techniques with MRI-PDFF for MASLD grading. The primary outcomes
extracted were sensitivity (SEN) and specificity (SPE). Study quality was assessed via the
QUADAS-2 tool. The primary analysis employed a Bayesian arm-based bivariate random-effects
network meta-analysis of diagnostic accuracy implemented in RStan, jointly estimating the
pooled SEN, pooled SPE, diagnostic odds ratio (DOR), and superiority index (SI) of each
technique within the same model. In addition, exploratory univariate network meta-analyses
were performed for SEN and SPE separately using gemic 0 calculate the relative sensitivity,
relative specificity, and corresponding SUCRA vaiues

Results: 17 studies from 10 countries were included, comprising 1,904 MASLD patients and
1,041 controls and covering 17 quantitative ultrasound-derived techniques. The overall risk of
bias (RoB) was moderately iow. Except for the SEN analysis of S1 steatosis, no significant
publication bias was detected across the remaining grading analyses, although evidence of
small-study effects was observed. The bivariate random-effects model demonstrated that SWA
(0.96), UDFF (0.92), and TAI (0.98) achieved the highest SEN for diagnosing S1, S2, and S3

steatosis, respectively (e.g., S1 (mild):=S1 vs SO, S2 (moderate): =S2 vs S0-S1, S3 (severe): =

S3 vs S0-S2). For SPE, RFM + ACE + HI showed superior performance for S1 (0.95) and S2
(0.91), whereas UDFF/Deep-USFF demonstrated the highest SPE for S3 steatosis (0.89). The
superiority index, which comprehensively evaluates overall diagnostic performance, showed that

RFM+ACE+HI performed remarkably well in S1 (S1=14.25) and S2 (S1=15.72), whereas



Deep-USFF showed excellent performance in S3 (SI=14.61). The diagnostic odds ratios

indicated that SWA exhibited the highest DOR in S1 (373,719.55, 95% Crl: 8.08 - 853,672.04)
and S2 (234.01, 95% Crl: 1.86 - 1,077.23), while TAI showed the highest DOR in S3
(2,498,255.36, 95% Crl: 34.43 - 1,309,055.51). Some estimates were accompanied by extremely

wide credible intervals (owing to zero-event studies), indicating uncertainty and warranting
cautious interpretation.

Conclusion: This NMA indicates that quantitative ultrasound-derived techniques exhibit distinct
diagnostic strengths for grading hepatic steatosis in MASLD. SWA, UDFF, and TAI
demonstrated superior SEN for detecting mild (S1), moderate (S2), and severe (S3) steatosis,
respectively, whereas RFM + ACE + HI and UDFF/Deep-USFF showed greater SPE for their
corresponding steatosis grades. This study relied primarily on the composite indicators from the
bivariate model as the core basis for evaluation, with some indicators exhibiting certain
uncertainties due to the presence of zeio-averit studies. The SUCRA values calculated based on
SEN and SPE separately reflect only the relative ranking of a single diagnostic indicator and
cannot independently represent the overall diagnostic performance. Future high-quality,
multicenter studies are still needed to validate the clinical utility of different quantitative
ultrasound techniques in the screening and staging of MASLD.

Clinical Trial Number: Not applicable.

Keywords: MASLD; MRI-PDFF; Quantitative ultrasound-derived techniques; Diagnostic

performance; NMA.
1. Introduction

Metabolic dysfunction-associated steatotic liver disease (MASLD), previously termed

non-alcoholic fatty liver disease (NAFLD), is a chronic hepatic condition primarily caused by



metabolic dysfunction. This disease can progress from simple hepatic steatosis to non-alcoholic
steatohepatitis (NASH), liver fibrosis, and cirrhosis, ultimately hepatocellular carcinoma (HCC)
in some cases. As the chronic liver disease with the highest global prevalence, MASLD affects
over 30% of adults worldwide(1), with particularly high prevalence among metabolic high-risk
populations like the obese and type 2 diabetes mellitus (T2DM) populations (2). Given the
ongoing global increase in obesity, T2DM, and metabolic syndrome, MASLD prevalence
continues to rise, and it is forecast to be the foremost driver of end-stage liver pathology and the
requirement for hepatic transplantation in the immediate future(3, 4). MASLD not only causes
localized hepatic pathological damage but also notably elevates the HCC risk in comparison to
the healthy population. Patients with MASLD are also more likely to develop multiple
complications, including cardiovascular disease, sarcopenia, and extrahepatic tumors (1, 5).
Cardiovascular disease represents the primary cause of MASLD-related death(5), while the
development of liver fibrosis sharply worseris long-term prognosis, exponentially increasing the
risks of cirrhosis and HCC(3). From a health economics peRSpective, the diagnosis, treatment,
management of complications, and long-term follow-up of MASLD consume substantial medical
resources, imposing a heavy economic burden on patients, families, and healthcare systems
globally(3, 4). Since early-stage MASLD (simple hepatic steatosis) can be reversed through
lifestyle index tests, whereas treatment becomes markedly more difficult after progression to
NASH or fibrosis, and there are no specific pharmacologic therapies(6), early and precise graded
diagnosis is critical for improving patient outcomes and reducing the overall disease burden,
representing significant clinical and public health value.

Currently, clinical grading of MASLD primarily relies on invasive pathological examinations

and non-invasive imaging modalities, as recommended by authoritative guidelines such as those



from the World Federation for Ultrasound in Medicine and Biology (WFUMB) and the
European Association for the Study of the Liver (EASL). Both organizations prioritize
non-invasive imaging methods (e.g., magnetic resonance imaging-derived proton density fat
fraction (MRI-PDFF), quantitative ultrasound, and conventional B-mode ultrasound) over
invasive liver biopsy (LB), though they differ in the preferred order: WFUMB prioritizes
MRI-PDFF over quantitative ultrasound, whereas EASL favors quantitative ultrasound over
MRI-PDFF(7, 8). LB continues to be the gold standard for MASLD lesion grading, enabling
precise hepatic steatosis, inflammation, and fibrosis evaluation, with its diagnostic validity well
established in many clinical studies(9). MRI-PDFF, recommended by WFUMB as the gold
standard for non-invasive liver fat quantification, demonstrates strong correlation with
histological grading and excellent reproducibility and accuracy(8, 10). Conventional B-mode
ultrasound is a recommended first-line screening approach due to its convenience, lack of
ionizing radiation, and low cost (7, 8). However, all current diagnostic approaches have notable
limitations. LB is invasive, carries risks such as pain and bleeding, and is susceptible to sampling
errors and interobserver variabiiity, limiting its suitability for routine screening or longitudinal
monitoring(9, 11). MRI-PDFF, while highly precise, is costly and has limited accessibility,
hindering widespread use in primary care and population screening, and it is not ideal for
long-term follow-up(7, 9, 12). Conventional B-mode ultrasound is highly operator-dependent
and subjective, with poor sensitivity (SEN) for mild or moderate steatosis (liver fat content <
20%), limiting its ability to provide accurate lesion grading(13, 14). In this context, quantitative
ultrasound-derived techniques have rapidly advanced due to their non-invasiveness, accessibility
in primary care, objectivity, and reproducibility, offering promising tools for assessing liver fat

content and grading MASLD. These techniques include ultrasound-derived fat fraction (UDFF),



attenuation coefficient (AC), controlled attenuation parameter (CAP), tissue structure index
(TSI), tissue attenuation imaging (TAI), speed of sound (SS), and hepatorenal ratio (HRR).

While Gu et al. (10) and Yokoo et al. (15) established MRI-PDFF as the gold standard in their
meta-analyses, and Cao et al. (16), Sarah et al. (17), and Jong et al. (18) demonstrated the
efficacy of ultrasound techniques like UDFF, CAP, and AC, no head-to-head comparisons and
existing study heterogeneity(17-19) remain significant issues. Therefore, this study
systematically evaluates and compares the diagnostic performance of UDFF, CAP, AC, TSI, TAl,
SS, and HRR for MASLD grading via a network meta-analysis (NMA). Direct and indirect
evidence were integrated to identify optimal application scenarios for each technique and provide
high-level, evidence-based guidance for clinical practice. This research ultimately seeks to
standardize non-invasive diagnosis, improve early detection rates, and enhance MASLD patient

prognosis through precise, stage-tailored managerment
2. Materials and Methods

2.1 Research registration

This study followed the PRISMA guidelines(20) and its extension for NMA. The protocol has

been registered in PROSPERO (Registration No.: CRD420251250779).
2.2 Search strategy

PubMed, Embase, the Cochrane Library, and Web of Science were searched until December 7,
2025, utilizing Medical Subject Headings (MeSH) and free-text terms: ‘“Non-alcoholic Fatty
Liver Disease”, “Sensitivity and Specificity,” and “ROC”. The strategy is provided in
Supplementary Table S1. The references of systematic reviews were also checked to ensure a

thorough literature search.



2.3 Eligibility criteria

Inclusion criteria were: (1) Population: Adult patients (>18) diagnosed with or suspected of
having MASLD (or NAFLD); (2) index tests: Ultrasound-derived non-invasive diagnostic
techniques, including UDFF, AC, HRR, CAP, ultrasound attenuation parameter (UAP), novel
TAI, TSI, and similar techniques; (3) Reference standard: MRI-PDFF as the reference standard
(MRI-PDFF is widely recognized as one of the golden standards for the diagnosis and
quantification of hepatic steatosis in patients with MASLD/NAFLD because of its strong
correlation with histopathological findings. Furthermore, all studies included in our analysis used
MRI-PDFF as the reference standard, ensuring methodological consistency across the network.
Compared with LB, MRI-PDFF is non-invasive, enables whole-liver assessment, and provides
objective quantification of hepatic fat content, making it particularly well aligned to evaluate
non-invasive ultrasound-derived diagnostic techniques.); (4) Study type: Diagnostic accuracy
studies; and (5) Outcome measures: The primary outcomes were diagnostic accuracy indicators
for various ultrasound technigues i differentiating grades of hepatic steatosis (e.g., S1
(mild):>S1 vs S0, S2 (moderate):>S2 vs S0-S1, S3 (severe):>S3 vs S0-S2), including SEN and
specificity (SPE).

Exclusion criteria were: (1) Animal studies, case reports, reviews, meta-analyses, comments,
letters, editorials, communications, guidelines, commentaries, and conference papers; (2) missing
research data or serious errors (For instance, the textual descriptions were substantially
inconsistent with the corresponding figures, making accurate data extraction unreliable. In
addition, the study did not report the diagnostic accuracy data required for quantitative synthesis,
including SEN and SPE for detecting specific grades of hepatic steatosis, the numbers of patients

with and without steatosis, or the diagnostic thresholds (grading criteria) used to define each



steatosis stage.); (3) Duplicates; and (4) unavailable full texts.
2.4 Data extraction

The retrieved literature was uploaded to EndNote. Title and abstract checking was independently
carried out by two researchers per the eligibility criteria and followed by full-text reading.
Disagreements were addressed by discussing or consulting a third researcher. Using Excel 2016,
the same two researchers independently collected first author, publication year, country, design,
grouping, grading standards, index test and control measures, baseline characteristics of the

study population, and outcome measures.
2.5 Quality assessment

Study quality was rated employing the Quality Assessment of Diagnostic Accuracy Studies
(QUADAS-2) (21) across four domains: patient selection, index test, reference standard, and
flow and timing. Each domain was classified as having a “low risk”, “high risk”, or “some
concerns”. Dissents were addressed through discussing or consulting a third researcher.

Evaluation results are shown as a risk of bias (RoB) graph.
2.6 Statistical analysis

Diagnostic accuracy networks were constructed for S1, S2, and S3 hepatic steatosis, respectively.
The relationships between different diagnostic protocols are presented in the form of network
plots. Based on the number of diseased individuals, non-diseased individuals, SEN, and SPE
reported in each study, true-positive, false-negative, true-negative, and false-positive data were

extracted or reconstructed to form 2 X2 contingency tables. The primary analysis employed a

Bayesian arm-based bivariate random-effects network meta-analysis model for diagnostic

accuracy, implemented using the RStan package in R 4.5(20). The model used the number of true



positives in the diseased population and the number of true negatives in the non-diseased
population as binomial outcomes, jointly modeling SEN and SPE on the logit scale, and
accounted for the inherent correlation between SEN and SPE within the same study through
correlated study-level random effects. The model incorporated various quantitative ultrasound
techniques as fixed effects, while also incorporating between-study heterogeneity and random
variation between different diagnostic techniques within the same study. The model was
estimated using three Markov chain Monte Carlo chains, each comprising 2,000 burn-in
iterations and 10,000 sampling iterations with a thinning interval of 5. Convergence and
sampling stability of the model were assessed via trace plots, R-hat, effective sample size,
divergent transitions, maximum tree depth, and Bayesian fraction of missing information. An
R-hat < 1.10 along with well-mixed chains in the trace plots was considered indicative of basic
model convergence. All prior distributions and the complete RStan code are are presented as the
original data in the relevant files. Upon compietion of model fitting, the pooled SEN, pooled SPE,
and their 95% credible intervals for each diagnostic technique were estimated based on the
posterior distribution. The DOR was calculated from the jointly estimated SEN and SPE, and the
superiority index (SI) was used to comprehensively evaluate the overall diagnostic performance
of different techniques. Because the Sl simultaneously considers both SEN and SPE, it was
adopted as the ranking metric for overall diagnostic performance. As a supplementary and
exploratory analysis, univariate Bayesian network meta-analyses were performed for SEN and
SPE separately using gemtc. Consistency between the consistency and inconsistency models was
evaluated by comparing their Deviance Information Criterion (DIC) values. An absolute
difference in DIC of <5 was considered indicative of good global consistency, in which case the

more parsimonious consistency model was preferred(21,22). Conversely, a DIC difference of >5



suggested the presence of substantial inconsistency. Therefore, node-splitting analysis was
performed to identify locally inconsistent comparisons. For the diseased population, true
positives were treated as events to calculate the relative sensitivity (RSe) between different
diagnostic techniques; for the non-diseased population, true negatives were treated as events to
calculate the relative specificity (RSp) between different diagnostic techniques. Relative
sensitivity and relative specificity were reported as RSe and RSp along with their 95% credible
intervals (Crls), respectively. SUCRA was calculated based on the posterior ranking probabilities
of SEN and SPE (23-25), respectively. The relationships between different diagnostic protocols
are presented in the form of network plots. Possible publication bias was examined through
comparison-adjusted funnel plots (26, 27). Integrating findings from the node-splitting approach,
cumulative probability ranking plots were generated tc visually illustrate the comparative
efficacy and ranking distributions of the various diagnostic strategies. SEN-SUCRA reflects only
the probability of a given technique ranking high in terms of SEN, whereas SPE-SUCRA reflects
only its probability of ranking high in terms of SPE (28, 29). Neither represents the overall
diagnostic performance that simultaneously considers both SEN and SPE, which is primarily
determined based on the SI, DOR, pooled SEN, and pooled SPE obtained from the RStan
bivariate model. These metric-specific rankings cannot simultaneously reflect the trade-off
between sensitivity and specificity, and the superiority index derived from the bivariate model is
used to summarize overall diagnostic performance.

The RStan bivariate model and the gemtc univariate model have different statistical estimation
objectives. The former is used to jointly estimate SEN, SPE, and their correlation, yielding
pooled diagnostic accuracy metrics; the latter is used to explore the relative comparisons and

rankings of different techniques regarding SEN or SPE individually. Therefore, the results of the



two sets of models are not required to be completely consistent, and the gemtc results serve
solely as supplementary exploratory findings rather than the primary basis for judging overall

diagnostic superiority.
3. Results

3.1 Literature search and screening

543 articles were identified. 244 duplicates were removed. Following a preliminary title and
abstract checking, 267 articles were excluded. The rest underwent full-text review per the

eligibility criteria. 17 articles were ultimately encompassed. The process is provided in Figure 1.
3.2 Basic characteristics

The basic characteristics of eligible studies are provided In Table 1. 17 encompassed studies
(30-46)originated from 10 countries (China, Italy, USA, South Korea, Japan, Germany, Greece,
Hungary, Turkey, and Canada), consisting of 10 cohort studies and seven cross-sectional studies.
All studies applied PDFF values &s the grading standard, dividing participants into patient and
non-patient cohorts (S0). The former was further split: S1 (mild), S2 (moderate), and S3 (severe).
There were 1,904 MASLD patients (913 with S1, 649 with S2, and 342 with S3) and 1,041
non-patients. For the total study population, the male-to-female ratio was 1,804/1,141. Their
mean age was 49.11 + 14.69, and the mean BMI was 27.72 + 6.04 kg/m2. All cohorts included in
this study exhibited a broad range of body mass index (BMI), reflecting genuine clinical
heterogeneity. The mean BMI across the included studies ranged from 26.3 to 32.9 kg/mz?, with a
Substantial proportion of participants classified as overweight (BMI >25 kg/m?) or obese (BMI
>30 kg/m?). Outcome information is provided in Supplementary Table S2. Detailed information
on the index tests, including the manufacturer and model of the ultrasound system, probe type

and frequency, and image-processing algorithms, is provided in Supplementary Table S3.



3.3 Inclusion of methodological quality assessment results

In patient selection, all studies displayed a low RoB because the inclusion and exclusion criteria
for study participants were clearly defined, indicating no evident selection bias. Regarding the
index test, since the results of quantitative ultrasound-derived techniques are objective indicators,
the interpretation of the index test results was conducted with knowledge of the gold standard
results; therefore, all studies were assessed as having an unclear RoB. Regarding the reference
standard, all studies adopted MRI-PDFF as the gold standard, which demonstrates high
diagnostic accuracy. The reference standard results were interpreted without knowing the index
test results; thus, all studies exhibited low RoB. In flow and timing, all studies showed a
generally low RoB. 16 studies exhibited unclear RoB because not ali data from the recruited
participants were encompassed, while one study displayed a low RoB because all recruited
participant data were encompassed. Overall, eligibie studies demonstrated a moderate-low RoB
(Figure 2).

3.4 NMA results

3.4.1 Network diagram

The 17 included studies involved 17 different index tests: AC, AC+TAIl, CAP, HRR, NLV,
radiofrequency signal-based fat measurement (RFM)+attenuation coefficient estimation
(ACE)+fat index (FI), RFM+ACE+harmonic imaging (HI), SC+TSI, SMI+VI, SS, SWA, TAI,
TSI, UAP, UDFF, USFF and Deep-USFF. The network of competing index tests is depicted in
Figure 3. Here, the width of each edge is weighted by the number of available studies for that
pairwise comparison, and the size of each node is scaled according to the total number of
participants receiving that index test. To evaluate local inconsistencies, node-splitting analysis

was performed on all outcomes with closed loops. Most p-values were greater than 0.05,



suggesting good overall consistency. Results are detailed in Supplementary Table S4. The
number of studies evaluating each ultrasound-derived technique, the corresponding sample sizes,
study phases, and detailed characteristics of the index tests, including the manufacturer and
model of the ultrasound system, image-processing algorithm, probe type, and probe frequency,

are summarized in Supplementary Table S3.
3.4.2 Consistency Level

Network consistency was assessed by comparing the DIC between the consistency and
inconsistency models. The differences in DIC (ADIC) for S1 SEN, S2 SEN, and S2 SPE were all
below the predefined threshold of 5, indicating acceptable global consistency (S1 SEN:
ADIC=0.406; S2 SEN: ADIC=1.913; S2 SPE: ADIC=0.540). In contrast, the ADIC values for S1
SPE, S3 SEN, and S3 SPE exceeded the threshold (S1 SPE: ADIC=5.207; S3 SEN: ADIC=6.547,;
S3 SPE: ADIC=10.553), suggesting substantial inconsistency within these networks
(Supplementary Appendix 3). Accordingly, the consistency model was adopted for the analyses
of S1 SEN, S2 SEN, and S2 SPE, whereas node-splitting analyses were subsequently performed

for S1 SPE, S3 SEN, and S3 SPE to identify potential sources of local inconsistency.
3.4.3 Results of the RStan Bivariate Diagnostic Accuracy NMA

The arm-based bivariate random-effects network meta-analysis of diagnostic accuracy
constructed using RStan jointly estimated the sensitivity (SEN) and specificity (SPE) of different
diagnostic tools within the same model, with the results presented in Supplementary Table S5.
The superiority index (Sl), diagnostic odds ratio (DOR), pooled SEN, and pooled SPE for each
ultrasound-derived diagnostic technique are presented in Supplementary Table S5.

Bayesian NMA of diagnostic accuracy demonstrated excellent model convergence, with all

potential scale reduction factors (R-hat) equal to 1.00. Diagnostic performance varied across the



evaluated techniques. For S1 steatosis, SWA achieved the highest pooled SEN (0.96, 95% Crl:
0.73-1.00) and the highest DOR (373,719.55, 95% Crl: 8.08-853,672.04), whereas
RFM-ACE-HI demonstrated the highest pooled SPE (0.95, 95% Crl: 0.79-1.00) together with a
high superiority index (S1=14.25). Notably, the DOR estimate for SWA was associated with a
very wide Crl, likely attributable to zero-event studies included in the analysis, indicating
considerable uncertainty in the estimated diagnostic performance. Therefore, this finding should
be interpreted cautiously.

For S2 steatosis, UDFF vyielded the highest pooled SEN (0.92, 95% Crl: 0.85-0.96), whereas
SWA showed the highest DOR (234.01, 95% Crl: 1.86-1,077.23). RFM-ACE-HI achieved the
highest pooled SPE (0.91, 95% Crl: 0.71-0.99) and the highest superiority index (S1=15.72).
Similar to the findings for S1 steatosis, the wide Crl of the DOR for SWA suggests substantial
uncertainty, probably resulting from zero-event studies, and therefore warrants cautious
interpretation.

For S3 steatosis, TAl demonstrated the highest pooled SEN (0.98, 95% Crl: 0.88-1.00) and the
highest DOR (2,498,255.26, 95% Crl: 34.43-1,309,055.51), whereas both UDFF (0.89, 95% Crl:
0.83-0.93) and Deep-USFF (0.89, 95% Crl: 0.68-0.97) achieved the highest pooled SPE. In
addition, Deep-USFF ranked highly in overall diagnostic performance (SI=14.61). As with SWA,
the DOR estimate for TAI was accompanied by a wide Crl, probably due to zero-event studies,
indicating considerable uncertainty in the estimated effect size. Accordingly, these findings

should be interpreted with caution.



3.4.4 Exploratory Univariate Network Comparisons of RSe and RSp

To supplementally evaluate the relative performance of different diagnostic tools in single
diagnostic metrics, a univariate Bayesian network meta-analysis was further performed for SEN
and SPE separately using the gemtc package. Because this analysis did not jointly model SEN
and SPE, its results include only RSe, RSp, and SUCRA calculated based on SEN and SPE
individually. Consequently, the results in this section serve solely as exploratory single-metric

comparisons.
3.4.4.1 Diagnostic efficacy for S1 grading

In terms of diagnostic SEN for S1, 17 studies reported findings showing several significant
advantages (Table 2). Compared with CAP, UAP (RSe=1.15, 95% Crls: 1.00-1.33), NLV
(RSe=1.13, 95% Crls: 1.00-1.28) and UDFF (RSe=1.12, 95% Crls: 1.04-1.22) showed notably
better performance. Relative to AC, SWA (RSe=1.30, 95% Crls: 1.01-1.66), UAP (RSe=1.24, 95%
Crls: 1.04-1.48), NLV (RSe=1.22, 95% Crls: 1.06-1.40), UDFF (RSe=1.21, 95% Crls: 1.05-1.39)
and SMI-VI (RSe=1.21, 95% Crls: 1.04-1.39) showed notably better performance. Relative to
HRSe, SWA (RSe=1.33, 95% Crls: 1.02-1.72), UAP (RSe=1.27, 95% Crls: 1.04-1.54), NLV
(RSe=1.24, 95% Crls: 1.04-1.49), UDFF (RSe=1.24, 95% Crls: 1.06-1.45) and SMI-VI
(RSe=1.23, 95% Crls: 1.03-1.48) showed notably better performance. Other pairwise
comparisons were statistically insignificant (P>0.05). According to cumulative probability
ranking, SWA (SUCRA: 99.80%), UAP (SUCRA: 78.69%), and RFM-ACE-HI (SUCRA:
72.21%) are likely the top three techniques for improving diagnostic SEN for S1 (Figure 4 and
Supplementary Table S6).

Regarding diagnostic SPE for S1, several significant differences were identified (Table 3).

Compared with NLV, RFM-ACE-HI (RSp=1.36, 95% Crls: 1.09-1.69), SC-TSI (RSp=1.35, 95%



Crls: 1.07-1.69), AC (RSp=1.30, 95% Crls: 1.08-1.55), Deep-USFF (RSp=1.26, 95% Cirls:
1.00-1.59) and UDFF (RSp=1.21, 95% Crls: 1.01-1.45) showed notably better performance.
Relative to AC, RFM-ACE-HI (RSp=1.42, 95% Crls: 1.12-1.79), SC-TSI (RSp=1.41, 95% Crls:
1.08-1.85), AC (RSp=1.36, 95% Crls: 1.05-1.75), Deep-USFF (RSp=1.32, 95% Crls: 1.01-1.74)
and UDFF (RSp=1.27, 95% Crls: 1.00-1.60), showed notably better performance. Other pairwise
comparisons were statistically insignificant (P>0.05). According to the cumulative probability
ranking, RFM-ACE-HI (SUCRA: 88.15%), USFF (SUCRA: 75.42%), and Deep-USFF (SUCRA:
71.60%) are likely the top three techniques for improving diagnostic SPE for S1 (Figure 4 and

Supplementary Table S6).
3.4.4.2 Diagnostic efficacy for S2 grading

15 studies reported diagnostic SEN for S2 (Table 4). Compared with CAP, USFF (RSe=1.09, 95%
Crls: 1.01-1.17) showed notably better performarce. Relative to TAI, USFF (RSe=1.17, 95%
Crls: 1.04-1.31), TSI (RSe=1.14, 95% Crl!s: 1.01-1.29) and UDFF (RSe=1.14, 95% Crls:
1.02-1.28) showed notably beiter performance. Relative to AC-TAI, 13 techniques, including
USFF (RSe=1.46, 95% Cr!s: 1.20-1.78), TSI (RSe=1.43, 95% Crls: 1.17-1.75), and UDFF
(RSe=1.43, 95% Crls: 1.17-1.73), showed notably better performance. Other pairwise
comparisons were statistically insignificant (P>0.05). According to cumulative probability
ranking, USFF (SUCRA: 84.25%), UDFF (SUCRA: 81.45%), and RFM-ACE-HI (SUCRA:
79.29%) are likely the top three techniques for improving diagnostic SEN for S2 (Figure 4 and
Supplementary Table S6).

Several significant differences were observed in diagnostic SPE for S2 (Table 5). Compared with
TSI, TAI (RSp=1.19, 95% Crls: 1.00-1.42) showed notably better performance. Relative to CAP,

3 techniques, including Deep-USFF (RSp=1.34, 95% Crls: 1.01-1.80), TAIl (RSp=1.29, 95% Crls:



1.04-1.20), and AC (RSp=1.28, 95% Crls: 1.02-1.59), showed notably better performance.
Relative to NLV, TAI (RSp=1.31, 95% Crls: 1.00-1.71) and AC (RSp=1.30, 95% Crls: 1.04-1.61)
showed notably better performance. Other pairwise comparisons were statistically insignificant
(P>0.05). By cumulative probability ranking, RFM-ACE-HI (SUCRA: 81.43%), RFM-ACE-FI
(SUCRA: 80.37%), and USFF (SUCRA: 77.40%) are likely the top three techniques for

improving diagnostic SPE for S2 (Figure 4 and Supplementary Table S6).
3.4.4.3 Diagnostic efficacy for S3 grading

13 studies reported results on diagnostic SEN for S3 (Table 6). Compared with UDFF, TAI
(RSe=1.19, 95% Crls: 1.02-1.38), SS (RSe=1.16, 95% Crls: 1.00-1.35), SMI-VI (RSe=1.14, 95%
Crls: 1.00-1.31) and AC (RSe=1.13, 95% Crls: 1.00-1.28) showed notably better performance.
Relative to CAP, TAI (RSe=1.23, 95% Crls: 1.03-1.47), SS (RSe=1.20, 95% Crls: 1.00-1.44),
SMI-VI (RSe=1.18, 95% Crls: 1.00-1.40) and AC (RSe=1.17, 95% Crls: 1.00-1.37) showed
notably better performance. Other pairwise comparisons were statistically insignificant (P>0.05).
By cumulative probability ranking, TAl (SUCRA: 96.77%), SS (SUCRA: 81.49%), and USFF
(SUCRA: 68.82%) are likely the top three techniques for improving diagnostic SEN for S3
(Figure 4 and Supplementary Table S6).

Several significant differences were observed in diagnostic SPE for S3 (Table 7). Compared with
AC, UDFF (RSp=1.45, 95% Crls: 1.02-2.06) showed notably better performance. Compared
with NLV, 6 techniques, including Deep-USFF (RSp=2.03, 95% Crls: 1.13-3.66), UDFF
(RSp=1.90, 95% Crls: 1.27-2.85), and SWA (RSp=1.97, 95% Crls: 1.05-3.68), showed notably
better performance. Relative to SS, 5 techniques, including Deep-USFF (RSp=2.34, 95% Crls:
1.16-4.72), UDFF (RSp=2.19, 95% Crls: 1.26-3.83), and SWA (RSp=2.26, 95% Crls: 1.08-4.73),

showed notably better performance. Other pairwise comparisons were statistically insignificant



(P>0.05). By cumulative probability ranking, SWA (SUCRA: 80.64%), Deep-UDFF (SUCRA.:
76.91%), and UDFF (SUCRA: 73.68%) are likely the top three techniques for improving

diagnostic SPE for S3 (Figure 4 and Supplementary Table S6).
3.4.5 Publication bias

Publication bias was assessed using funnel plots in conjunction with Egger's regression test
(Figure 5). For the diagnostic performance of S2 and S3 steatosis grading, the funnel plots
appeared largely symmetrical, and Egger's tests were not statistically significant (all P>0.05;
specifically, S2 SEN: P=0.2324; S2 SPE: P=0.0600; S3 SEN: P=0.2186; and S3 SPE:
P=0.4009), suggesting no evidensce of significant publication bias. For S1 steatosis, although the
funnel plot also appeared approximately symmetrical, Eggei’s test indicated significant
publication bias for SEN (P=0.0067), whereas no significant publication bias was detected for
SPE (P=0.1226). Therefore, publication bias cannot be excluded for the SEN analysis of S1
steatosis. The number of studies availabia for each outcome was relatively limited. Consequently,
the statistical power of the {unnel plots and Egger’s tests is inherently limited in reliably

detecting asymmetry or true publication bias.
4. Discussion

This NMA evaluated the comparative diagnostic performance of quantitative ultrasound-derived
techniques for grading hepatic steatosis using MRI-PDFF as the reference standard. The
bivariate random-effects model demonstrated that SWA, UDFF, and TAI achieved the highest
pooled SEN for detecting S1, S2, and S3 steatosis, respectively, whereas RFM+ACE+HI showed
superior SPE for S1 and S2 steatosis, and UDFF/Deep-USFF demonstrated the highest SPE for
S3 steatosis. Furthermore, SUCRA rankings derived from gemtc consistently suggested that

SWA, UDFF, and TAI ranked highly for SEN, while SWA and RFM+ACE+HI were among the



top-performing techniques for SPE. Nevertheless, because the bivariate random-effects model
and the SUCRA-based network ranking evaluate diagnostic performance from different
methodological peRSpectives, discrepancies between pooled diagnostic estimates and ranking
probabilities are expected. Therefore, SUCRA rankings should be interpreted as exploratory
evidence of relative comparative performance rather than definitive evidence of clinical
superiority. The core necessity of this study arises from the clinical challenge of technology
selection. While conventional meta-analyses have confirmed the effectiveness of individual
techniques, the absence of direct head-to-head comparisons makes it difficult for clinicians to
identify the most appropriate diagnostic tool for specific steatosis grades. The contribution of this
study lies in synthesizing available direct and indirect evidence from 17 international studies to
systematically rank 15 quantitative ultrasound techniques withiii a unified Bayesian framework.
This approach helps bridge small-sample gaps in individual studies, though the findings should
be viewed as exploratory guidance rather than definitive clinical rules. From a clinical
peRSpective, our findings provide comparative evidence to support the selection of quantitative
ultrasound techniques accordirig to specific diagnostic objectives while acknowledging their
respective technical limitations.

In the bivariate random effects model, SWA is recommended as the preferred technique for
improving the diagnostic SEN of S1 grading. This may be because SWA not only measures
acoustic attenuation but also reflects the viscoelastic properties of liver tissue. Hepatic steatosis
alters the viscous characteristics of liver tissue, and SWA can capture these microstructural
changes by detecting shear wave attenuation. In this study, SWA was calculated across a wide
frequency range (0-1000 Hz) using an improved frequency-shift method. Compared with

single-frequency measurements, this full-band analysis may more sensitively detect subtle



acoustic changes caused by early fat accumulation ¥, REM+ACE+HI is recommended as the
preferred technique for improving the diagnostic SPE of S1 and S2 grading and for
comprehensively enhancing diagnostic efficacy for these stages. This advantage may be
attributed to the use of harmonic imaging. Compared with fundamental imaging, harmonic
imaging can significantly suppress reverberation artifacts originating from the body wall,
particularly from subcutaneous fat. In obese patients, conventional ultrasound measurements are
often affected by such artifacts, leading to measurement errors or false-positive results. By
filtering out these interferences, RFM+ACE+HI can provide a purer attenuation signal and thus
improve diagnostic SPE !, UDFF demonstrated the best overall performance for improving
SEN in detecting moderate steatosis (S2) and SPE in identifying severe steatosis (S3). This
advantage is likely attributable to its unique technical framework and multiparametric
quantitative design. By integrating quantitative ulirasound biomarkers, particularly AC and
backscatter coefficient (BSC), UDFF empioys an optimized mathematical model to directly
quantify hepatic fat content, thereby reducing the subjectivity inherent in conventional B-mode
ultrasonography. In addition, orevious multicenter and prospective validation studies have shown
that UDFF maintains high SEN for detecting moderate steatosis while preserving excellent SPE
in severe steatosis. This performance is probably related to its advanced radiofrequency signal
processing and algorithmic calibration, which mitigate signal saturation and distortion at high
hepatic fat fractions, thereby enabling more accurate grading across a broad spectrum of disease
severity. Consequently, UDFF represents a promising non-invasive imaging biomarker for
accurate staging and longitudinal monitoring of hepatic steatosis in patients with MASLD. B!
Deep-USFF demonstrated the highest SPE for S3 steatosis. This superior performance is likely

attributable to the complementary advantages of multiparametric imaging combined with deep



learning-based feature extraction. Specifically, the model integrates conventional B-mode
ultrasound with TAI and TSI, enabling comprehensive characterization of hepatic tissue
microstructure while overcoming the qualitative and operator-dependent limitations of
conventional ultrasound. Furthermore, the 2D-CNN automatically extracts high-dimensional
spatial and textural features that cannot be captured by conventional single-parameter analyses.
This deep feature representation improves robustness against image noise and enhances
discrimination of severe hepatic steatosis, thereby contributing to the high SPE observed for S3
disease. 1!

TAI shows the best performance in improving the diagnostic SPE of S3 grading, likely because it
measures the energy loss of ultrasonic waves during propagation through tissue. Studies have
demonstrated that as hepatic fat content increases, particuiarly when progressing to S3, acoustic
attenuation shows a significant linear increase. Compared with TSI, which is based on scattering
distribution, scattering signals may change or saturate in severe steatosis. In contrast, TAI can
maintain stable differentiation even with increasing imaging depth and extremely high fat
content, resulting in more robust diagnostic performance for severe steatosis grading [*°’.
Regarding patient BMI distribution, body composition and BMI represent important
confounding factors affecting the accuracy of quantitative ultrasound. Multiple included studies,
including the multivariate regression analysis by Hayashi et al. B have demonstrated
independent associations between ultrasound parameters, such as SS and AC, and patient BMI.
As BMI increases, or as subcutaneous fat thickness and the skin-to-liver capsule distance (SCD)
become greater, ultrasound waves undergo increased energy attenuation and scattering while

penetrating the thicker abdominal wall. This interferes with parameters derived from echo signal

attenuation (e.g., CAP or AC), thereby reducing the concordance (ICC) between quantitative



ultrasound and the reference standard, MRI-PDFF. To address this issue, some advanced
quantitative ultrasound systems have introduced deep abdominal (DAX) or XL probes, or
adopted harmonic imaging modes (e.g., RFM-ACE-HI), which more effectively suppress
abdominal wall reverberation artifacts than fundamental imaging, thereby maintaining good
diagnostic accuracy in individuals with high BMI. These findings suggest that BMI
heterogeneity should be carefully considered in clinical practice and during result interpretation.
When appropriate, dedicated probes or complementary non-invasive indices (e.g., HSI) may be
used to facilitate stratified calibration in overweight or obese individuals.

In terms of operator experience, the acquisition of quantitative ultrasound parameters is highly
dependent on standardized image-plane optimization, appropriate region-of-interest (ROI)
selection (e.g., avoiding large blood vessels and rib shadowing while maintaining a sampling
depth of approximately 1.5 cm below the liver cansule), and patient respiratory cooperation.
Operator proficiency directly influences the quality of the acquired RF data. The prospective and
multicenter cohorts included in this study all adopted rigorous quality-control protocols, and
most examinations were performed by experienced physicians specializing in abdominal and
quantitative ultrasound. Although some studies did not report the operators' exact years of
experience, all stated that examinations were conducted by certified medical personnel.
Furthermore, several included studies, including those by Wang et al. % and De Robertis et al.
B34 demonstrated that standardized multi-site sampling combined with blinded image assessment
achieved excellent intra- and interobserver reproducibility (intraclass correlation coefficient [ICC]
> 0.86-0.96), indicating that standardized training and operator experience are fundamental to
ensuring the diagnostic performance of quantitative ultrasound.

The limitations of this study primarily relate to the study methodology, the quality of the



included literature, and the inherent structural constraints of the NMA evidence base. Specifically,
only 17 studies evaluating 17 distinct index tests were included, resulting in a limited evidence
base for each ultrasound technique. Accordingly, the interpretation of the SUCRA rankings
should be tempered by the methodological limitations of the evidence network. Many of the
evaluated quantitative ultrasound techniques were represented by only a single study or a very
small number of studies, resulting in a sparse network in which most comparative estimates
relied heavily on indirect evidence derived from relatively small sample sizes. This structural
sparsity, together with the asymmetry and small-study effects observed in the funnel plots
(particularly for S1 SEN, P=0.0067), increases the susceptibility of the results to publication bias.
In sparse networks characterized by small-study effects, the preferential publication of small
studies reporting exaggerated positive findings may dispropertionately influence pooled relative
effect estimates. Consequently, techniques ranked highest by SUCRA (such as SWA for S1 SEN
and TAI for S3 SEN) may have had their overall diagnostic performance overestimated.
Therefore, although SUCRA rankings provide a useful comparative framework, the combined
effects of network sparsity, limited sample sizes, and potential publication bias indicate that these
rankings should be regarded as exploratory rather than definitive and interpreted with appropriate
caution. Future studies should expand both the number of searched databases and the scope of
the literature search to identify additional eligible studies, thereby improving the
comprehensiveness of diagnostic performance evaluations and strengthening the network of
direct comparisons. Another important limitation relates to the reference standard used across the
included studies. Although MRI-PDFF is widely accepted as an advanced non-invasive imaging
modality, it is not the definitive gold standard; histopathological assessment by LB remains the

clinical reference standard. Because MRI-PDFF quantifies hepatic fat content based on proton



density rather than direct histopathological evaluation, it is subject to inherent measurement
limitations and the potential for misclassification. Consequently, evaluating quantitative
ultrasound techniques against this non-invasive surrogate rather than histopathology may have
influenced the estimated diagnostic performance and the interpretation of our findings. Future
diagnostic studies should incorporate histopathological validation whenever feasible to provide
more robust evidence. Furthermore, methodological gaps within the primary literature also
affected the analysis. Not all encompassing studies incorporated the complete data from recruited
participants. In some cases, patients were unable to undergo diagnosis with the relevant
techniques, the interval between the index test and the gold standard examination was
excessively long, or consent was withdrawn. In other cases, patients were excluded during
subsequent screening for failing to meet eligibility criteria. These factors may have influenced
the overall conclusions of the analysis. Future research, including a larger number of eligible
studies, may help address this limitation. Additionally, due to the limitations of the available data
and the small overall evidence poc!, detailed subgroup analyses based on variables such as age,
BMI, sex, and different technical parameters could not be performed. This may also have
influenced the interpretation of the results to some extent. Future studies shall expand research
on related technologies and provide more detailed datasets to improve the evaluation of

diagnostic efficacy.
5. Conclusion

This study demonstrates that quantitative ultrasound-related techniques hold significant
application potential for the non-invasive diagnosis of varying degrees of hepatic steatosis, yet
notable trade-offs exist between sensitivity (SEN) and specificity (SPE) across different

techniques. The RStan bivariate diagnostic accuracy network meta-analysis revealed that SWA,



UDFF, and TAI achieved higher pooled SEN in diagnosing S1, S2, and S3 steatosis, respectively;
RFM+ACE+HI achieved higher pooled SPE in diagnosing S1 and S2 steatosis, whereas UDFF
and Deep-USFF exhibited higher pooled SPE in diagnosing S3 steatosis. The SUCRA rankings
performed separately for SEN and SPE provide supplementary comparisons of individual
diagnostic metrics but do not represent overall diagnostic performance. Given that some
techniques are supported by only a limited number of studies and that the credible intervals for
several DOR and Sl values are wide, the current findings should be regarded as exploratory
evidence. Future large-sample, multicenter, head-to-head studies utilizing unified diagnostic
thresholds are still warranted to validate the clinical diagnostic value of different quantitative
ultrasound techniques.
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Table 2. Relative effects and 95% Crls (95% credible intervals) of all pairwise panels for SEN
based on the Bayesian NMA method (Mild steatosis/ S1).




315 | 516 | 515 ] 514 | 614 | 414 | 1,14 | 014 | 314 | 813 | 6,13 | 513 | 51.3 | 213
9y | 9 | 2 | 8 | 4 nle | 2|6 | 8 |6 |6 | 0|7
130 | 1.30 | 1.24 | 1.22 | 121 | 121 | 118 | 116 | 1.13 | 143 | 111 | 111 | 1.08 | 1.02
@1 | @o | @o | a0 | @0 | @0 | ©9 | ©9 | 08 | (09 | (0.9 | 09 | 09 | (07
414 | 116 | 414 | 614 | 513 | 413 | 814 | 514 | 914 | 513 | 313 | 213 | 312 | 7,13

133 | 133 | 1.27 | 124 | 124 | 1.23 | 121 | 119 | 1.16 | 115 | 1.13 | 1.13 | 1.10 | 1.04
@1 | @o | @o | @o | @0 | @0 | ©9 | (09 | 08 | 09 | (09 | (09 | (09 | (0.7
315 | 217 | 415 | 414 | 614 | 314 | 914 | 514 | 915 | 514 | 313 | 313 | 313 | 814
5) 2) | @ 9) 5) 8) | 8 | 8 | 0| 0 | 8 | 8 | 0 |0
176 | 1.76 | 1.68 | 165 | 164 | 1.64 | 160 | 158 | 154 | 153 | 150 | 1.50 | 1.46 | 1.39
@0 | 09 | ©9 | ©9 | 09 | ©9 | ©9 | (09 | 08 | 08 | (08 | (08 | 08 | (0.7
230 | 831 | 629 | 528|528 | 428 | 228 | 027 | 627 | 826 | 626 | 626 | 525 | 625

Note: UDFF: Ultrasound-Derived Fat Fraction; CAP: Controlled Attenuation Parameter; HRR: Hepatorenal Ratio;
AC: Attenuation Coefficient; NLV: Normalized Local Variance; SMI-VI: Superb Microvascular Imaging Vascular
Index; RFM-ACE-FI: Reference Frequency Method-based Attenuation Coefficient Estimation in Fundamental
Imaging; RFM-ACE-HI : Reference Frequency Method-based Attenuation Coefficient Estimation in Harmonic
Imaging; AC-TAI: Attenuation Coefficient - Tissue Attenuation Imaging; SC-TSI: Scatterer Coefficient - Tissue
Scatterer Imaging; SS : Sound Speed; Deep-USFF: Deep-learning based Ultrasound Fat Fraction Estimation; TAI:
Tissue Attenuation Imaging; TSI: Tissue Scatterer Imaging; UAP: Ultrasound Attenuation Parameter; USFF:
Ultrasound Fat Fraction Estimation; SWA: Shear Wave Attenuation; MRI-PDFF : Magnetic Resonance Imaging -
Proton Density Fat Fraction.

Table 3. Relative effects and 95% Crls of all pairwise panels for SPE based on the Bayesian
NMA method (Mild steatosis/ S1).




116 | 107 | 113 | 1.09 | 089 | 098 | 085 | 121 | 1.21
0.99 | (0.90 | (0.92 | (0.89 | (0.73 | (0.76 | (0.65 | (0.99 | (0.98
136 | 126 | 140 | 133 | 110 | 127 | 112 | 148 | 148

103 | 094 | 1.00 | 097 | 0.79 | 087 | 0.76 | 1.07 | 1.07
081 | (0.74 | (0.77 | (0.75 | (0.60 | (0.64 | (0.55 | (0.83 | (0.82
130 | 120 | 131 | ;125 | .05 | ,1.18 | ,1.04 | ,1.40 | ,1.39

110 | 101 | 107 | 1.03 | 085 | 093 | 081 | 115 | 1.14
081 | (0.75 | (0.77 | (0.75 | (0.60 | (0.65 | (0.56 | (0.83 | (0.83
150 | ,1.37 | 149 | 142 | 119 | 133 | ,1.18 | ,1.59 | ,1.58

107 | 098 | 104 | 100 | 082 | 090 | 079 | 112 | 1.11
0.92 | (086 | (0.89 | (0.85 | (0.67 | (0.71 | (0.61 | (0.94 | (0.93
123 | 141 | 122 | 118 | 01 | 114 | 101 | 133 | ,1.33

111 | 102 | 108 | 1.04 | 086 | 094 | 082 | 1.16 | 1.16
0.96 | (0.89 | (0.92 | (0.88 | (0.70 | (0.74 | (0.64 | (0.98 | (0.96
129 | 117 | 128 | 124 | ,1.05 | ,1.19 | ,1.06 | ,1.38 | ,1.38

112 | 1.03 | 109 | 105 | 0.86 | 094 | 082 | 117 | 1.16
(0.93 | (087 | (0.88 | (0.86 | (0.68 | (0.73 | (0.63 | (0.95 | (0.94
134 | 122 | 135 | 128 | 109 | 122 | 108 | 143 | ,1.43

107 | 098 | 1.04 | 101 | 0.83 | 091 | 079 | 112 | 1.41
(0.96 | (0.91 | (0.89 | (0.88 | (0.69 | (0.73 | (0.62 | (0.97 | (0.96
120 | 107 | 122 | 115 | 099 | 112 | ,1.00 | ,1.30 | ,1.30

107 | 098 | 1.04 | 1.00 | 0.82 | 090 | 0.79 | 112 | 1.41
(0.90 | (0.83 | (0.85 | (0.83 | (0.66 | (0.70 | (0.60 | (0.92 | (0.91
128 | 116 | ,128 | ,1.22 | ,1.03 | 117 | ,1.03 | ,1.36 | ,1.36

) ) ) )
Note: UDFF: Ultrasound-Derived Fat Fraction; CAP: Controlled Attenuation Parameter; HRR: Hepatorenal Ratio;
AC: Attenuation Coefficient; NLV: Normalized Local Variance; SMI-VI: Superb Microvascular Imaging Vascular
Index; RFM-ACE-FI: Reference Frequency Method-based Attenuation Coefficient Estimation in Fundamental
Imaging; RFM-ACE-HI: Reference Frequency Method-based Attenuation Coefficient Estimation in Harmonic
Imaging; AC-TAI: Attenuation Coefficient - Tissue Atienuation Imaging; SC-TSI: Scatterer Coefficient - Tissue
Scatterer Imaging; SS: Sound Speed; Deep-USFF: Deep-learning based Ultrasound Fat Fraction Estimation; TAI :
Tissue Attenuation Imaging; TSI: Tissua Scatterer Imaging; UAP: Ultrasound Attenuation Parameter; USFF:
Ultrasound Fat Fraction Estimation; SWA: Shear Wave Attenuation; MRI-PDFF : Magnetic Resonance Imaging -
Proton Density Fat Fraction.

Table 4. Relative effects and 95% Credible Intervals of all pairwise panels for SEN based on the
Bayesian NMA method (Moderate steatosis/ S2).




110 | 104 | 102 | 1.01 | 1.02
(LOL | (095 | (0.92 | (0.93 | (081 | 1o

119 | 114 | 113 | 141 | 127

) ) ) ) )

112 | 1.06 | 1.04 | 1.03 | 1.04 | 1.02

0.98 | (0.93 | (0.90 | (0.90 | (0.81 | (0.87 | SMI-

128 | 121 | 120 | ,1.18 | ,133 | ,1.19 | Wi

) ) ) ) ) )

L12 [7106 | 104 [ 104 ['104 [102 | 100 [FE)

(0.99 | (093 | (0.91 | (0.91 | (082 | (0.88 | (084 | it

127 | 121 | 119 | 118 | 132 | 118 | 120 [0

) ) ) ) ) ) )

113 | 1.07 | 1.05 | 1.05 | 1.05 | 1.03 | 1.01 | 1.01

081 | (077 | (0.75 | (0.75 | (0.71 | (0.73 | (0.71 | (0.71 | SW.

158 | 150 | 147 | 146 | 155 | 145 | 144 | 144 | A

) ) ) ) ) ) ) )

113 | 1.07 | 1.05 | 1.05 | 1.05 | 1.03 | 1.01 | 1.01 | 1.00

(1.03 | (0.97 | (0.93 | (0.94 | (0.83 | (0.91 | (0.86 | (0.86 | (0.71 | SC-T

125 | 119 | 118 | 116 | 132 | 147 | ,119 | ,148 | 141 | SI

) ) ) ) ) ) ) ) )

115 | 1.09 | 1.07 | 1.06 | 1.07 | 1.05 | 1.03 | 1.03 | 1.02 | 1.02

(LOL | (095 | (0.92 | (0.93 | (083 | (0.90 | (0.87 | (086 | (0.71 | (0.86 [

131 | 124 | 123 | 121 | 136 | 122 | 121 | 122 | 145 | 119

) ) ) ) ) ) ) ) ) ) ~

116 | 1.10 | 1.07 | 1.07 | 1.07 | 1.06 | 1.03 | 1.03 | 1.02 | 1.02 | 101 |

(LOO | (0.94 | (091 | (0.92 | (0.83 | (0.89 | (0.86 | (0.86 | (0.71 | (0.86 | (084 ‘o)

134 | 128 | 126 | 124 | 138 | 125 | 124 | 125 | 147 | 122 | 101 WO

) ) ) ) ) ) ) ) ) ) )

115 | 1.09 | 1.07 | 1.06 | 1.07 | 1.05 | 1.03 | 1.03 | 1.02 | .02 | 1.00 | 0.99

(LO8 | (101 | (0.97 | (0.99 | (086 | (0.94 | (0.89 | (089 | (072 | (090 | (087 | (085 | oro

123 | 117 | 117 | 114 | 132 | 146 | 119 | 148 | 142 | 124 | 115 | 116

) 1o 1o 1o o o 0o o o 1o 1o 1)

118 | 112 | 1.10 | 1.09 | 1.10 | 1.08 | 1.06 | 1.06 | 1.04 | 1.04 | 1.03 | 1.02 | 1.03

(LOL | (0.96 | (0.93 | (0.94 | (0.85 | (090 | (0.6 | (0.87 | (072 | (087 | (084 | (083 | (088 | op

138 | 131 | 130 | 127 | 142 | 125 | 229 | 129 | 151 | 126 | 126 | 126 | ,1.20

) 1o o o o Iyt o o o 1o 1o 1

124 7107 (7104 [T144 [ 174 "L | 110 [ 110 [7109 [ 109 ['107 | 107 | 107 | 104

(L11 | (104 | (LOL | (102 | (091 | (0.98 | (093 | (0.94 | (0.77 | (094 | (091 | (0.89 | (095 | (086 | .

138 | 131 | 129 | 128 | 145 | 129 | 131 | 129 | 155 | 126 | 127 | 128 | 122 | 126

) ) ) ) ) ) ) ) ) ) ) ) ) )

159 | 150 | 147 | 147 | 147 | 144 | 142 | 142 | 140 | 140 | 138 | 137 | 138 | 134 | 129 [ony
(LO3 | (097 | (0.95 | (0.95 | (093 | (0.93 | (0.9 | (090 | (0.81 | (0.90 | (088 | (0.87 | (0.89 | (085 | (0.82 [ =
245 | 232 | 228 | 226 | 233 | 225 | 223 | 222 | 242 | 219 | 217 | 216 | 214 | 212 | 201 | I

) ) ) ) ) ) ) ) ) ) ) ) ) ) )

174 | 164 | 161 | 160 | 1.61 | 1.58 | 1.55 | 1.55 | 153 | 153 | 151 | 150 | 151 | 1.47 | 1.40 | 1.09
(LO2 | (096 | (0.94 | (094 | (091 | (0.92 | (090 | (090 | (0.82 | (0.89 | (087 | (0.86 | (0.88 | (084 | (0.82 | (0.5 | oo
2.96 | 280 | 275 | 273 | 285 | 271 | ,2.68 | ,2.67 | 2.87 | 2.63 | 2.60 | 2.60 | 258 | 255 | 2.42 | 2.17

) ) ) ) ) ) ) ) ) ) ) ) ) ) ) )

155 | 146 | 143 | 143 | 143 | 141 | 138 | 1.38 | 1.36 | 1.36 | 1.34 | 1.33 | 1.34 | 1.31 | 1.25 | 097 | 0.89
(128 | (1.20 | (1.17 | (1.17 | (1.08 | (1.14 | (110 | (110 | (0.93 | (1.10 | (1.07 | (1.05 | (1.10 | (1.02 | (1.01 | (0.61 | (0.51
187 | 178 | 175 | 173 | 190 | 173 | 174 | 173 | 200 | 169 | 169 | 169 | 164 | 167 | 156 | 156 | ,1.57
) ) ) ) ) ) ) ) ) ) ) ) ) ) ) ) )

Note: UDFF: Ultrasound-Derived Fat Fraction; CAP: Controlled Attenuation Parameter; HRR: Hepatorenal Ratio;
AC: Attenuation Coefficient; NLV: Normalized Local Variance; SMI-VI: Superb Microvascular Imaging Vascular

Index; RFM-ACE-FI: Reference Frequency Method-based Attenuation Coefficient Estimation in Fundamental
Imaging; RFM-ACE-HI: Reference Frequency Method-based Attenuation Coefficient Estimation in Harmonic
Imaging; AC-TAI: Attenuation Coefficient - Tissue Attenuation Imaging; SC-TSI: Scatterer Coefficient - Tissue

Scatterer Imaging; SS: Sound Speed; Deep-USFF: Deep-learning based Ultrasound Fat Fraction Estimation; TAI:
Tissue Attenuation Imaging; TSI: Tissue Scatterer Imaging; UAP: Ultrasound Attenuation Parameter; USFF :




Ultrasound Fat Fraction Estimation; SWA: Shear Wave Attenuation; MRI-PDFF: Magnetic Resonance Imaging -
| Proton Density Fat Fraction.

Table 5. Relative effects and 95% Crls of all pairwise panels for SPE based on the Bayesian
NMA method (Moderate steatosis/ S2).




4) 2) 0) 0) 8) 2) 1) 2) 7) 2) 8) 7) 3)

138 | 132 | 1.30 | 1.30 | 129 | 1.27 | 1.26 | 1.24 | 1.20 | 1.16 | 1.5 | 1.08 | 1.07 | 1.06
o0 | ©9 | ©8 | 08 | 08 | 09 | 09 | 08 | ©8 | 08 | (07 | ©7 | 08 | (0.7 | HR
817 | 318|919 | 918|818 | 417|317 |518| 217|516 |517| 116|313 |914| R

7) 9 0) 9 7) 1) 0) 0) 5) 0) 5) 3) 9) 4)

143 | 137 | 134 | 134 | 1.33 | 1.31 | 1.30 | 128 | 1.23 | 1.20 | 118 | 1.1 | 141 | 1.10 | 1.03
@o | 09 | (09 | ©8 | 08 | 09 | 09 | ©8 | 08 | 08 | ©7 | (0.7 | ©8 | ©7 | (0.7

719 | 320|020 | 920 | 819 | 418 | 318 | 519 | 218 | 417 | 618 | 217 | 1,15 | 815 | 0,15
1) 1 | 2 n 9|3 | 2| 2| s 1 | 5 | 3 n | 4 | 2

UAP

140 | 1.34 | 132 | 1.32 | 131 | 1.29 | 1.28 | 1.26 | 121 | 1.18 | 1.16 | 1.09 | 1.09 | 1.08 | 1.01 | 0.98

@2 | @o | ©9 | 09 | ©9 | @o | @0 | (09 | ©8 | 09 | (08 | 07 | (09 | (08 | (0.7 | (0.7

216 | 1,18 | 618 | 6,18 | 517 | 416 | 215 | 2,17 | 816 | 215 | 016 | 6,15 | 21.2 | 6,13 | 813 | 1,1.3
2) 0) 1) 0) 9) 0) 9) 2) 7) 1) 8) 7) 9) 5) 2) 6)

CAP

142 | 137 | 134 | 134 | 1.33 | 1.31 | 1.30 | 128 | 1.23 | 120 | 118 | 1.1 | 141 | 1.10 | 1.03 | 1.00 | 1.02
@1 | ©9 | 09 | ©9 | 09 | a0 | @0 | ©9 | 08 | ©9 | ©7 | 07 | 08 | ©8 | (0.7 | (06 | (07

517 | 819 | 419 | 419 | 318 | 017 | 416 | 018 | 617 | 515 | 91.7 | 616 | 7,14 | 314 | 414 | 914 | 913
7| o | 1 | 9 1) n | 2|0 n || 2 | 5 | 3 | 9 1)

Note: UDFF: Ultrasound-Derived Fat Fraction; CAP: Controlled Attenuation Parameter; HRR: Hepatorenal Ratio;
AC: Attenuation Coefficient; NLV: Normalized Local Variance; SMI-VI: Superb Microvascular Imaging Vascular
Index; RFM-ACE-FI: Reference Frequency Method-based Attenuation Coefficient Estimation in Fundamental
Imaging; RFM-ACE-HI: Reference Frequency Method-based Attenuation Coefficient Estimation in Harmonic
Imaging; AC-TAI: Attenuation Coefficient - Tissue Attenuation Imaging; SC-TSI: Scatterer Coefficient - Tissue
Scatterer Imaging; SS: Sound Speed; Deep-USFF: Deep-learning based Ultrasound Fat Fraction Estimation; TAI:
Tissue Attenuation Imaging; TSI: Tissue Scatterer Imaging; UAP: Ultrasound Attenuation Parameter; USFF:
Ultrasound Fat Fraction Estimation; SWA: Shear Wave Attenuation; MRI-PDFF : Magnetic Resonance Imaging -
Proton Density Fat Fraction.

Table 6. Relative effects and 95% Crls of all pairwise panels for SEN based on the Bayesian
NMA method (Severe steatosis/ S3).
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Note: UDFF: Ultrasound-Derived Fat Fraction; CAP: Controlled Attenuation Parameter; HRR: Hepatorenal Ratio;
AC: Attenuation Coefficient; NLV: Normalized Local Variance; SMI-VI: Superb Microvascular Imaging Vascular

Index; SS: Sound Speed; Deep-USFF: Deep-learning based Ultrasound Fat Fraction Estimation; TAI: Tissue

Attenuation Imaging; TSI: Tissue Scatterer Imaging; UAP: Ultrasound Attenuation Parameter; USFF: Ultrasound

Fat Fraction Estimation; SWA: Shear Wave Attenuation; MRI-PDFF : Magnetic Resonance Imaging - Proton
Density Fat Fraction.

Table 7. Relative effects and 95% Crls of all pairwise panels for SPE based on the Bayesian

NMA method (Severe steatosis/ S3).
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Note: UDFF: Ultrasound-Derived Fat Fraction; CAP: Controlled Attenuation Parameter; HRR: Hepatorenal Ratio;
AC: Attenuation Coefficient; NLV: Normalized Local Variance; SMI-VI: Superb Microvascular Imaging Vascular
Index; SS: Sound Speed; Deep-USFF: Deep-learning based Ultrasound Fat Fraction Estimation; TAI: Tissue
Attenuation Imaging; TSI : Tissue Scatterer Imaging; UAP: Ultrasound Attenuation Parameter; USFF: Ultrasound
Fat Fraction Estimation; SWA: Shear Wave Attenuation; MRI-PDFF: Magnetic Resonance Imaging - Proton Density
Fat Fraction.

Figure legends

Figure 1. Study selection flowchart.

Figure 2. The quality assessment of the included studies via the QUADAS-2 tool. (A) RoB and
applicability concerns graph. (B) Summary of quality assessment.

Figure 3. Network diagram. (A) A head-to-head comparison of the diagnostic SEN of different
ultrasound tools for mild steatosis, using MRi-PUFF as the gold standard (S1_sen). (B) A
head-to-head comparison of the diagnostic SPE of different ultrasound tools for mild steatosis,
using MRI-PDFF as the gold standard (S1 spe). (C) A head-to-head comparison of the
diagnostic SEN of differerit ultrasound tools for moderate steatosis, using MRI-PDFF as the gold
standard (S2_sen). (D) A head-to-head comparison of the diagnostic SPE of different ultrasound
tools for moderate steatosis, using MRI-PDFF as the gold standard (S2_spe). (E) A head-to-head
comparison of the diagnostic SEN of different ultrasound tools for severe steatosis, using
MRI-PDFF as the gold standard (S3_sen). (F) A head-to-head comparison of the diagnostic SPE
of different ultrasound tools for severe steatosis, using MRI-PDFF as the gold standard (S3_spe).
Figure 4. Cumulative probability plot. (A) The SEN of each tool in diagnosing mild steatosis
(S1_sen). (B) The SPE of each tool in diagnosing mild steatosis (S1_spe). (C) The SEN of each

tool in diagnosing moderate steatosis (S2_sen). (D) The SPE of each tool in diagnosing moderate




steatosis (S2_spe). (E) The SEN of each tool in diagnosing severe steatosis (S3_sen). (F) The
SPE of each tool in diagnosing severe steatosis (S3_spe).

Figure 5. Comparative adjusted funnel plot for publication bias (Each point in the picture is the
result of a pairwise comparison between the tools). (A) Publication bias across the 16 studies
evaluating the diagnostic SEN of ultrasound tools for mild steatosis (S1_sen). (B) Publication
bias across the 16 studies evaluating the diagnostic SPE of ultrasound tools for mild steatosis
(S1_spe). (C) Publication bias across the 15 studies evaluating the diagnostic SEN of ultrasound
tools for moderate steatosis (S2_sen). (D) Publication bias across the 15 studies evaluating the
diagnostic SPE of ultrasound tools for moderate steatosis (S2_spe). (E) Publication bias across
the 12 studies evaluating the diagnostic SEN of ultrasound tools for severe steatosis (S3_sen). (F)
Publication bias across the 12 studies evaluating the diagnostic SPE of ultrasound tools for

severe steatosis (S3_spe).
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