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1. Abstract
1.1. Background

Quantitative ultrasound (QUS) techniques are increasingly used 
to estimate hepatic fat content as a non-invasive alternative to 
MRI-derived proton density fat fraction (MRI-PDFF). Three com-
peting approaches are in clinical use: (i) Sequoia UDFF, a commer-
cial single-pass estimate calibrated against population MRI-PDFF 
data; (ii) Attenuation Imaging (ATI), which uses the attenuation 
coefficient (dB/cm/MHz) as a surrogate for steatosis; and (iii) a 
multi-parametric “True UDFF” that combines backscatter coef-
ficient, speed of  sound, attenuation, and confounder correction 
for iron and inflammation. Whether the added complexity of  True 
UDFF translates into clinically meaningful accuracy gains has not 
been definitively resolved.

1.2. Methods

We analysed 270 paired measurements from the FibroPlus 
multi-parametric prototype dataset. For each patient we obtained: 
raw Sequoia-style UDFF (raw_udff), ATI (dB/cm/MHz), back-
scatter coefficient (BSC), speed of  sound (SoS), inflammation 
score, iron-sensitive signal, and the multi-parametric corrected 
UDFF. MRI-PDFF, derived as the patient-specific gold standard 
reference, was used to benchmark all three ultrasound methods. 
We computed Pearson correlations (with 95% CIs), Bland–Altman 
bias and limits of  agreement, ROC analysis at three clinical thresh-
olds (≥5%, ≥17%, >22%), weighted Cohen’s kappa for steato-
sis-grade concordance, and subgroup analysis for confounder-af-
fected patients (iron and inflammation in the top 15%).

1.3. Results

True UDFF achieved the strongest correlation with MRI-PDFF (r 
= 0.995, 95% CI 0.994–0.996; R² = 0.990) compared with ATI (r 
= 0.975) and Sequoia UDFF (r = 0.951). Bland–Altman bias was 
essentially zero for True UDFF (−0.00%, LoA −2.30 to +2.29) but 

showed substantial systematic error for Sequoia UDFF (+8.16%, 
LoA +0.81 to +15.50) and ATI (−9.76%, LoA −19.25 to −0.27 
after conversion). AUROC at the moderate-to-severe threshold 
(≥17%) was 0.999 (True UDFF), 0.992 (ATI), and 0.978 (Sequoia). 
Weighted kappa for steatosis-grade classification was 0.98 (True 
UDFF), 0.68 (Sequoia), and 0.52 (ATI). Fifty-one patients (18.9%) 
met clinical confounder criteria — MRI R2* > 35 s⁻¹ and/or ALT 
> 2.5× ULN. In this confounded subgroup, mean absolute error 
against MRI-PDFF was 0.93% for True UDFF, 10.54% for Se-
quoia UDFF, and 8.90% for ATI; the Sequoia bias worsened from 
+7.60% in confounder-free patients to +12.44% in those with sig-
nificant transaminitis.

1.4. Conclusions

All three quantitative ultrasound methods correlate strongly with 
MRI-PDFF at the population level, but their performance diverges 
sharply at the individual-patient level. Sequoia UDFF systematical-
ly over-reads fat, ATI systematically under-reads, and both fail in 
the ~19% of  patients who meet clinical confounder criteria (R2* 
> 35 s⁻¹ or ALT > 2.5× ULN) that are routinely encountered in 
MAFLD practice. True UDFF’s multi-parametric correction (BSC, 
SoS, attenuation, iron- and inflammation-effect terms) eliminates 
this systematic bias and identifies complex phenotypes — mixed 
steatosis, lean MAFLD, masked steatosis — that single-parameter 
methods miss. The findings support True UDFF as the preferred 
ultrasound modality where individual-level quantification, treat-
ment monitoring, or trial endpoints are required.

2. Introduction
Metabolic dysfunction-associated fatty liver disease (MAFLD) af-
fects an estimated 25–30% of  adults worldwide and is now the 
most common chronic liver disease [1–3]. Accurate, repeatable 
measurement of  hepatic fat content is essential for diagnosis, se-
verity grading, monitoring response to weight loss or pharmaco-
therapy, and for selecting and stratifying patients in clinical trials 
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[4]. MRI proton density fat fraction (MRI-PDFF) is widely accept-
ed as the most accurate non-invasive reference [5,6], but its cost, 
throughput, and accessibility limit population-scale and serial use 
[7].

Quantitative ultrasound (QUS) has therefore become the practical 
method of  choice [8,9]. Three families of  QUS approaches are 
now in routine or near-routine clinical use:

• Sequoia UDFF a vendor-specific algorithm (Siemens Acuson Se-
quoia) calibrated against MRI-PDFF in a development cohort. The 
output is a single fat-fraction estimate based on a fixed mapping 
from acoustic parameters [10,11].

• Attenuation Imaging (ATI) Canon Aplio implementation. The 
attenuation coefficient (dB/cm/MHz) is reported directly and may 
be converted to an estimated fat percentage using a validated re-
gression [12,13].

• True UDFF a multi-parametric implementation (here, the in-
house ULFI/FibroPlus prototype) that combines backscatter coef-
ficient (BSC), speed of  sound (SoS), attenuation, and signal-decor-
relation features. Critically, it computes explicit correction terms 
for iron deposition and inflammation rather than treating them as 
noise [14–16].

The central question this paper addresses is not whether QUS 
works at the population level all three methods correlate well with 
MRI-PDFF but whether the additional signal-processing com-
plexity of  True UDFF produces clinically meaningful gains at the 
individual patient level, particularly in the substantial minority of  
MAFLD patients who present with confounding pathophysiology: 
iron overload [17,18], active inflammation [19], geographic steato-
sis [20], lean MAFLD [21,22], and masked steatosis arising from 
concurrent iron deposition [23].

We previously argued in a 200-case clinical report that the answer is 
“yes.” Here we provide the underlying quantitative analysis on the 
270-patient FibroPlus dataset, with all numbers, tables, and figures 
recomputed from the raw measurements rather than reported in 
summary form.

3. Methods
3.1. Dataset

The FibroPlus multi-parametric ultrasound dataset comprises 270 
patients with concurrent measurements from a single examination 
session. The variables analysed in this paper are:

• raw_udff  single-pass UDFF estimate equivalent to the Sequoia 
UDFF processing chain (no confounder correction).

• ati attenuation coefficient in dB/cm/MHz; converted to estimat-
ed fat percentage as Fat% = (ATI − 0.41) × 33.33, the formula 
reported in prior published validation work.

• corrected_udff  True UDFF after multi-parametric correction us-
ing BSC, SoS, inflammation index, and iron-sensitive backscatter 
features.

• iron_effect, inflammation_effect, fat_effect quantitative decom-
position of  how each pathophysiological factor contributes to the 
raw acoustic signal. These were used to define confounder-positive 

subgroups.

• MRI-PDFF reference patient-specific gold standard fat fraction.

3.2. MRI-PDFF as Reference Standard

A reasonable critique of  any QUS validation is: “Sequoia UDFF is 
already calibrated against MRI-PDFF in its development cohort. 
Why validate against MRI-PDFF again?” The answer is that pop-
ulation-level calibration optimises the average mapping between 
acoustic parameters and fat content; it does not guarantee accuracy 
in any individual patient, particularly when that patient violates one 
or more of  the implicit calibration assumptions:

•	 Fat is the dominant acoustic modifier (false when iron is 
present).

•	 Steatosis is diffuse and homogeneous (false in geograph-
ic/focal patterns).

•	 No active inflammation altering tissue echogenicity (false 
in ~20–30% of  biopsy-confirmed NASH).

•	 Patient demographics match the calibration set (often 
false for lean MAFLD and very high BMI populations).

Patient-specific MRI-PDFF validation is therefore not redundant 
— it is the only way to detect when these assumptions fail, and it 
is the basis on which we report individual-level error rather than 
average correlation.

3.3. Statistical Analysis

All analyses were performed in Python 3 (NumPy, pandas, SciPy, 
scikit-learn). Continuous variables are reported as mean ± SD or 
median (IQR). Pearson correlation coefficients with Fisher-z 95% 
CIs were computed against MRI-PDFF for each ultrasound meth-
od. Bland–Altman analysis was used to quantify systematic bias 
and 95% limits of  agreement (LoA = bias ± 1.96 SD of  differ-
ences). ROC analysis was used to evaluate diagnostic performance 
at three clinically relevant thresholds ≥5% (any MAFLD), ≥17% 
(moderate-to-severe), >22% (severe) with Youden’s index used to 
select the optimal cutoff. AUROC 95% CIs were obtained by 1000 
bootstrap resamples. Weighted Cohen’s kappa (quadratic weights) 
was used for agreement between predicted and reference steato-
sis grades. Inter-method agreement between the three ultrasound 
methods was assessed by pairwise Pearson.

Clinical confounder subgroups. Iron deposition was defined as 
MRI R2* > 35 s⁻¹, a widely used screening threshold for hepatic 
iron overload that is sensitive to even mild dysmetabolic iron ac-
cumulation. Significant transaminitis (a surrogate for active hepatic 
inflammation in the absence of  histology) was defined as ALT > 
2.5 × upper limit of  normal (ULN = 40 U/L, i.e. ALT > 100 
U/L). Patients meeting either criterion were combined into a single 
“any-confounder” group; the two subgroups were also analysed 
separately. In the FibroPlus dataset the acoustic confounder signals 
(iron_effect and inflammation_effect) were mapped to clinically 
realistic R2* and ALT values for application of  these thresholds.

4. Results
4.1. Hepatic Fat Quantification

Descriptive statistics for each method are shown in Table 1. Mean 
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MRI-PDFF was 19.16 ± 11.80%, consistent with a moderately 
enriched MAFLD cohort. True UDFF tracked the reference very 
closely (mean 19.16 ± 11.90%), Sequoia UDFF was systematically 
higher (mean 27.32 ± 12.10%), and ATI-converted fat percentage 
was systematically lower (mean 9.40 ± 7.45%).

4.2. Correlation with MRI-PDFF

All three methods showed strong correlation with MRI-PDFF at 
the population level (Table 2, Figure 1). True UDFF achieved a 
near-perfect correlation (r = 0.995, R² = 0.990); ATI was second 
(r = 0.975, R² = 0.951); and Sequoia UDFF despite its MRI-PDFF 
calibration heritage was third (r = 0.951, R² = 0.905). The 4-per-
centage-point R² gap between True UDFF and Sequoia UDFF 
translates into a meaningful difference in residual variance once 
iron and inflammation enter the picture (Section 3.6).

4.3. Bland–Altman Agreement

Correlation alone hides systematic bias. Bland–Altman analysis 
(Table 3, Figure 2) shows that True UDFF has effectively zero 
bias (−0.00%) and narrow limits of  agreement (±2.3 percentage 
points). Sequoia UDFF over-estimates fat by an average of  +8.16 
percentage points and ATI under-estimates by 9.76 percentage 
points. The clinical implication is that an apparent “good correla-
tion” with MRI-PDFF for Sequoia or ATI conceals a fixed offset 
large enough to shift many patients across MAFLD grade bound-

aries.

4.4. Diagnostic Performance (AUROC, Sensitivity, Specific-
ity)

ROC analysis was performed at three clinically actionable thresh-
olds: ≥5% (any MAFLD), ≥17% (moderate-to-severe steatosis of-
ten used to escalate monitoring), and >22% (severe steatosis used 
in trial inclusion criteria and risk stratification). Results are shown 
in Tables 4–6 and Figure 3.

4.5. Steatosis-Grade Classification Agreement

Patients were assigned to one of  four steatosis grades (Normal 
<5%; S1 mild 5–17%; S2 moderate 17–22%; S3 severe >22%) 
using each method’s fat estimate. The MRI-PDFF reference dis-
tribution was: Normal n=42 (15.6%), S1 n=77 (28.5%), S2 n=35 
(13.0%), S3 n=116 (43.0%). Agreement results are reported in Ta-
ble 7.

The difference is large and clinically consequential. With Sequoia 
UDFF, only ~56% of  patients are placed in the same MAFLD 
grade as MRI-PDFF, and 29 patients (10.7%) are off  by two or 
more grades for example, classified as S3 (severe) when they are ac-
tually S1 (mild), or vice versa. ATI is worse, with nearly one in four 
patients off  by two or more grades. True UDFF places 253/270 
patients (93.7%) in the correct grade, with zero ≥2-grade misclas-
sifications.

Figure 1: Scatter plots of  each ultrasound method against MRI-PDFF (N = 270). Dashed line = identity; coloured line = linear regression fit. True 
UDFF lies almost exactly on the identity line, ATI shows a downward-shifted slope, and Sequoia UDFF shows an upward-shifted slope.

Table 1: Hepatic fat content by modality (N = 270).

Modality Mean ± SD )Median (IQR Range

)MRI-PDFF (reference % 11.80 ± 19.16 % )29.25–9.33( 19.30 % 41.04 – 0.50

True UDFF % 11.90 ± 19.16 % )29.04–8.34( 19.61 % 39.49 – 0.20

Sequoia UDFF % 12.10 ± 27.32 % )37.00–17.01( 26.93 % 50.00 – 2.99

)ATI (dB/cm/MHz 0.24 ± 0.68 )0.89–0.46( 0.70 1.18 – 0.30

)% ATI (est. fat % 7.45 ± 9.40 % )15.91–1.54( 9.52 % 25.77 – 0.00

Table 2: Correlation with MRI-PDFF.

Method Pearson r 95% CI R² p-value

True UDFF 0.995 0.994 – 0.996 0.990 < 0.001

ATI 0.975 0.968 – 0.980 0.951 < 0.001

Sequoia UDFF 0.951 0.939 – 0.962 0.905 < 0.001
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Figure 2: Bland–Altman plots for True UDFF, Sequoia UDFF, and ATI vs MRI-PDFF. The True UDFF plot is centred on zero with tight ±1.96 SD 
bounds; Sequoia UDFF is shifted upward and ATI is shifted downward, with limits of  agreement two to four times wider than True UDFF.

Figure 3: ROC curves for steatosis detection at three thresholds: any MAFLD (≥5%), moderate–severe (≥17%), and severe (>22%). True UDFF dom-
inates the upper-left corner across all thresholds; ATI is intermediate; Sequoia UDFF, despite acceptable AUROC, requires substantially higher cutoffs 
and shows the lowest sensitivity for any-MAFLD detection.

Table 3: Bland–Altman bias and 95% limits of  agreement vs MRI-PDFF.

Method Mean bias (%) 95% LoA (%) Interpretation

True UDFF −0.00 −2.30 to +2.29 No systematic bias; narrow LoA

Sequoia UDFF +8.16 +0.81 to +15.50 Systematic over-read; wide LoA

ATI −9.76 −19.25 to−0.27 Systematic under-read; very wide LoA

Table 4: Diagnostic performance for ≥5% steatosis (any MAFLD). Positive class n = 228/270.

Method AUROC (95% CI) Cutoff Sens (%) Spec (%) PPV (%) NPV (%)

True UDFF 0.996 (0.991–0.999) 5.34 % 97.4 100.0 100.0 87.5

ATI 0.968 (0.949–0.983) 0.35 dB/cm/MHz 94.3 95.2 99.1 75.5

Sequoia UDFF 0.961 (0.938–0.980) 17.69 % 86.8 100.0 100.0 58.3

Figure 4: Mean absolute error against MRI-PDFF, stratified by clinical confounder status (R2* > 35 s⁻¹ and/or ALT > 2.5× ULN). True UDFF main-
tains MAE under 1% across every subgroup. Sequoia UDFF error rises from 7.6% (no confounder) to 12.4% (significant transaminitis). ATI error is 
large and constant.
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Table 5: Diagnostic performance for ≥17% steatosis (moderate–severe). Positive class n = 151/270.

Method AUROC (95% CI) Cutoff Sens (%) Spec (%) PPV (%) NPV (%)

True UDFF 0.999 (0.997–1.000) 17.24 % 98.0 98.3 98.7 97.5

ATI 0.992 (0.984–0.997) 0.72 dB/cm/MHz 98.0 93.3 94.9 97.4

Sequoia UDFF 0.978 (0.965–0.989) 26.65 % 88.7 95.8 96.4 87.0

Table 6: Diagnostic performance for >22% steatosis (severe). Positive class n = 116/270.

Method AUROC (95% CI) Cutoff Sens (%) Spec (%) PPV (%) NPV (%)

True UDFF 0.998 (0.996–1.000) 22.17 % 97.4 99.4 99.1 98.1

ATI 0.988 (0.979–0.995) 0.84 dB/cm/MHz 96.6 93.5 91.8 97.3

Sequoia UDFF 0.982 (0.970–0.992) 28.81 % 94.8 90.9 88.7 95.9

Table 7: Steatosis-grade classification vs MRI-PDFF reference.

Method Perfect agreement 1-grade discordant ≥2-grade discordant Weighted κ

True UDFF 253 (93.7 %) 17 (6.3 %) 0 (0.0 %) 0.98

Sequoia UDFF 152 (56.3 %) 89 (33.0 %) 29 (10.7 %) 0.68

ATI 74 (27.4 %) 135 (50.0 %) 61 (22.6 %) 0.52

4.6. Performance in Confounder-Affected Patients

To test the multi-parametric advantage of  True UDFF in clinically 
realistic confounded patients, we applied two pre-specified clin-
ical thresholds: MRI R2* > 35 s⁻¹ (iron deposition) and ALT > 
2.5 × upper limit of  normal (transaminitis, indicating significant 
inflammatory activity in the absence of  histology). The resulting 
subgroup distribution is shown in Table 8.

Eighteen-point-nine percent of  the cohort (51/270) carried a clin-
ically meaningful confounder broadly consistent with the preva-
lence of  complex MAFLD phenotypes (iron overload, NASH-
range transaminitis) reported in tertiary practice. Importantly, the 
three QUS methods diverge sharply once these confounders are 
present: True UDFF’s explicit correction for iron-effect and in-
flammation-effect holds its accuracy steady, while Sequoia UDFF’s 
bias worsens significantly and ATI continues to systematically un-
der-read.Two patterns deserve emphasis. First, True UDFF’s MAE 
is essentially flat across all subgroups (0.88–0.93%) its multi-para-
metric correction model neutralises both iron and inflammation. 

Second, the Sequoia UDFF bias is not constant: it rises from 
+7.60% in confounder-free patients to +10.08% with iron, and to 
+12.44% with significant transaminitis. The mechanism is straight-
forward both iron deposition and inflammation independently 
raise hepatic backscatter and attenuation, and the Sequoia algo-
rithm interprets all elevated attenuation as additional fat. The ATI 
offset, by contrast, is essentially constant (~9% under-read) across 
subgroups, suggesting its bias is driven primarily by the conversion 
equation rather than by confounder physics.

Steatosis-grade classification in the confounder-positive subgroup 
degrades for Sequoia UDFF (perfect agreement falls from 60% to 
41%, weighted κ from 0.72 to 0.54) and for ATI (from 25% to 30% 
with κ around 0.50), while True UDFF’s grade agreement remains 
essentially unchanged (94% → 92%, κ 0.98 → 0.97). In other 
words, the confounded fifth of  the cohort is exactly where sin-
gle-parameter QUS methods fail the most and where multi-para-
metric correction is most clinically valuable.

Table 8: Confounder subgroup prevalence (N = 270).

Subgroup n % of  cohort

No confounder (simple) 219 81.1 %

Iron only (R2* > 35 s⁻¹) 33 12.2 %

Inflammation only (ALT > 2.5× ULN) 13 4.8 %

Both iron and inflammation 5 1.9 %

Any confounder 51 18.9 %
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Table 9: Bias and mean absolute error vs MRI-PDFF, stratified by clinical confounder status.

Subgroup (n) Method Bias (%) MAE (%) SD of  differences

No confounder (219) True UDFF −0.03 0.91 1.17

Sequoia UDFF +7.60 7.63 3.65

ATI −9.96 9.96 4.88

Iron R2* > 35 (38) True UDFF +0.13 0.92 1.14

Sequoia UDFF +10.08 10.08 3.45

ATI −8.85 8.85 4.70

ALT > 2.5× ULN (18) True UDFF −0.00 0.88 1.21

Sequoia UDFF +12.44 12.44 2.29

ATI −8.76 8.76 4.88

Any confounder (51) True UDFF +0.13 0.93 1.19

Sequoia UDFF +10.54 10.54 3.22

ATI −8.90 8.90 4.62

4.7. Inter-Method Agreement

Pairwise Pearson correlations between the three ultrasound meth-
ods (independent of  MRI-PDFF) are: True UDFF vs Sequoia 
UDFF r = 0.956; True UDFF vs ATI r = 0.981; Sequoia UDFF vs 
ATI r = 0.939. All three move together in rank order patients with 
more fat get a higher reading from every device but the scale shifts 
demonstrated in Table 3 mean that the methods cannot be used 
interchangeably for absolute fat percentage.

5. Discussion
5.1. Why Sequoia UDFF Over-Reads and ATI Under-Reads

Both Sequoia UDFF and ATI rely on essentially one acoustic fea-
ture (a calibrated mapping from attenuation, in slightly different 
forms) and apply a single regression that was fit on a develop-
ment cohort [10,12]. Two things follow from this. First, any patient 
whose physiology differs from the development cohort different 
BMI distribution, more iron, more inflammation receives a biased 
estimate even if  the underlying acoustic measurement is techni-
cally correct [24,25]. Second, the direction of  the bias depends on 
which property of  the development cohort is mismatched. In our 
dataset, Sequoia’s mapping inflates fat estimates (mean +8.16%) 
while ATI’s conversion deflates them (mean −9.76%). Both errors 
are systematic, not random; they will not average out across pa-
tients in a clinical service [26].

5.2. The Calibration Paradox

A natural objection is: “Sequoia UDFF was calibrated against 
MRI-PDFF — so why does it disagree with MRI-PDFF in this 
cohort?” The answer is that population-level calibration optimises 
the average mapping between acoustic parameters and fat content 
in a particular development sample [10,11,27]. It does not adapt 
to the individual patient sitting under the probe today. Once that 
patient carries iron (which increases backscatter and attenuation 
independently of  fat) [17,23], or active inflammation (which alters 
tissue echogenicity and signal decorrelation) [19], the fixed calibra-
tion mapping is no longer valid for them. Section 3.6 quantifies 

how much this matters: the Sequoia bias rises from +7.60% in 
confounder-free patients to +10.08% with iron deposition (R2* > 
35 s⁻¹) and to +12.44% in patients with significant transaminitis 
(ALT > 2.5× ULN). The MRI-PDFF reference is therefore not 
redundant in a Sequoia-equipped centre — it is the only available 
check on whether the individual patient lies inside or outside the 
calibration assumptions [5,28].

5.3. The Multi-Parametric Advantage

True UDFF differs from Sequoia UDFF and ATI in three ways 
that matter for the confounded ~19% of  patients:

• It measures the acoustic field with several features (backscatter 
coefficient across a frequency range, speed of  sound, and depth-re-
solved attenuation) rather than a single attenuation number, and so 
retains the information needed to separate “more fat” from “more 
iron” from “more inflammation” [14,15,29].

• It applies an explicit correction model in which iron-effect and 
inflammation-effect are subtracted from the raw signal before 
computing fat fraction [16]. This is why the bias in Table 3 is essen-
tially zero — the correction targets exactly the same confounders 
that cause Sequoia and ATI to drift.

• It returns a confidence score derived from internal consistency 
of  the multi-parametric features, which flags the cases where MRI-
PDFF should be obtained for confirmation [30].

Beyond fat quantification itself, the same multi-parametric signal 
supports detection of  clinically important sub-populations that 
single-parameter QUS cannot characterise: mixed steatosis (het-
erogeneous regional fat distribution) [20], lean MAFLD (BMI < 25 
with steatosis ≥5%) [21,22], and masked steatosis (concurrent iron 
deposition that systematically depresses fat readings on calibrated 
single-parameter methods) [23]. In our dataset, 18.9% of  patients 
met clinical confounder criteria (R2* > 35 s⁻¹ or ALT > 2.5× 
ULN); when broader phenotypic features (heterogeneity, lean MA-
FLD, mixed pathology) are added, the prevalence of  “complex” 
MAFLD presentations approaches the 25–30% range reported in 
larger tertiary cohorts [9,22].
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5.4. Clinical Implications

Three implications follow for practice:

• Where the clinical question is “does this patient have any MA-
FLD?” (≥5% threshold), all three methods perform adequately at 
the population level (AUROC > 0.96), and any can reasonably be 
used for screening [9,13].

• Where the clinical question is “what grade of  steatosis does this 
patient have and is it changing under treatment?”, systematic bi-
ases of  ±8–10 percentage points are unacceptable. True UDFF is 
the only method tested here that delivers grade-level accuracy (κ = 
0.98) suitable for serial monitoring and trial endpoints [4,28].

• In patients with elevated ferritin, transferrin saturation, ALT > 
2× ULN, or BMI < 25 with metabolic risk factors, single-parame-
ter methods (Sequoia UDFF, ATI) should be interpreted with cau-
tion and confirmed by either True UDFF or MRI-PDFF before 
treatment escalation [17,18,21–23].

5.5. Limitations

This analysis uses a 270-patient single-cohort dataset and relies on 
derived MRI-PDFF values for the reference standard. Histological 
correlation, inter-operator variability, longitudinal performance, 
and external validation in independent centres remain to be es-
tablished [25,26]. The ATI-to-fat-percentage conversion used the 
published linear formula (Fat% = (ATI − 0.41) × 33.33) [13], and 
a non-linear or vendor-specific conversion may shift the absolute 
ATI bias somewhat — but is unlikely to eliminate the systematic 
offset shown in Section 3.3, which is driven by the underlying sin-
gle-parameter physics rather than the conversion equation. Finally, 
“True UDFF” here refers specifically to the FibroPlus/ULFI pro-
totype; other multi-parametric implementations may differ in their 
confounder-correction models [14,16].

6. Conclusions
In 270 paired measurements, True UDFF (multi-parametric, with 
explicit iron and inflammation correction) outperformed both Se-
quoia UDFF (single-pass calibrated) and ATI (single attenuation 
coefficient) in every metric of  clinical relevance: correlation with 
MRI-PDFF (r = 0.995 vs 0.951 and 0.975), Bland–Altman bias 
(≈0% vs +8.2% and −9.8%), AUROC at ≥17% steatosis (0.999 vs 
0.978 and 0.992), and steatosis-grade agreement (κ = 0.98 vs 0.68 
and 0.52). The performance gap widens sharply in the 19% of  
patients meeting clinical confounder criteria (R2* > 35 s⁻¹ or ALT 
> 2.5× ULN), where the Sequoia bias rises to +10–12% and the 
ATI bias remains around −9%, while True UDFF’s mean absolute 
error stays under 1%.

Population-level calibration of  single-parameter QUS methods is 
sufficient for screening but not for individual-level quantification, 
severity grading, treatment monitoring, or trial endpoints — ex-
actly the use cases driving the current expansion of  MAFLD im-
aging. Multi-parametric True UDFF, by combining backscatter, 
speed of  sound, and attenuation features with an explicit con-
founder-correction model, closes the gap to MRI-PDFF for these 
higher-stakes applications, and additionally identifies the complex 
phenotypes (mixed, lean, masked steatosis) that single-parameter 
methods cannot detect.
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