Research Article

@www.biomedgrid.com

ISSN: 2642-1747

.o: American Journal of
S Biomedical Science & Research

Copyrighto Atul Kapoor

Phenotyping MAFLD Using Quantitative
Multiparametric Ultrasound: A Cohort of 500 Cases

Atul Kapoor#*, Aprajita Kapur
Department of Radiology, Advanced Diagnostics, Amritsar, India

*Corresponding author: Atul Kapoor, Department of Radiology, Advanced Diagnostics, Amritsar, India.

To Cite This article: Atul Kapoor, Phenotyping MAFLD Using Quantitative Multiparametric Ultrasound: A Cohort of 500 Cases. Am ] Biomed Sci
& Res. 2025 29(3) AJBSR.MS.ID.003799, DOI: 10.34297 /A]JBSR.2025.29.003799

Received: & November 27, 2025; Published: & December 03, 2025

Abstract

Background: Metabolic Dysfunction-Associated Fatty Liver Disease (MAFLD) is a heterogeneous condition with varying clinical phenotypes.
Accurate phenotyping is essential for risk stratification and personalized management. This study evaluated quantitative multiparametric ultra-
sound (mpUS) for non-invasive MAFLD phenotype characterization.

Methods: We prospectively enrolled 500 patients with MAFLD at our center. All patients underwent comprehensive mpUS assessment includ-
ing B-mode imaging, Ultrasound-Derived Fat Fraction (UDFF), attenuation coefficient measurement, Speed of Sound (SoS), shear wave elastography,
Iron Signal Effect Index (ISEI), and quantitative parametric analysis. Clinical, biochemical, and anthropometric data were collected. Four distinct phe-
notypes were identified: Type A (pure steatosis), Type B (mixed fat-iron deposition), Type C (steatotic fibroinflammation), and Type D (lean MAFLD).

Results: The cohort comprised 278 males and 222 females with mean age 52.3+12.4 years. Phenotype distribution was: Type A 42% (n=210),
Type B 18% (n=90), Type C 28% (n=140), and Type D 12% (n=60). UDFF, attenuation coefficients, and SoS differed significantly between pheno-
types (all p<0.001). Type B showed distinctive ISEI elevation (2.8+0.6 vs 1.2+0.3 in Type A, p<0.001). Type C showed highest liver stiffness (8.7+3.2
kPa) and inflammatory markers. Type D patients had normal BMI (23.1+1.8 kg/m?) but showed metabolic dysregulation. mpUS parameters demon-
strated excellent discrimination between phenotypes with AUC 0.92 for Type B identification, 0.91 for Type C, 0.88 for Type D, and 0.85 for Type A.

Conclusions: Quantitative multiparametric ultrasound effectively phenotypes MAFLD non-invasively, enabling personalized risk assessment
and therapeutic targeting. Integration of UDFE SoS, and ISEI enhances phenotype discrimination and provides mechanistic insights.
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Introduction

Metabolic Dysfunction-Associated Fatty Liver Disease (MAFLD)
has emerged as the predominant chronic liver disease worldwide,
affecting approximately 25-30% of the global adult population
[1,2]. Unlike its predecessor terminology, Non-Alcoholic Fatty Liver
Disease (NAFLD), MAFLD emphasizes the underlying metabolic
dysfunction and provides more precise diagnostic criteria that
better capture the pathophysiological heterogeneity of this
condition [3].

MAFLD encompasses a spectrum of liver pathology ranging
from simple steatosis to steatohepatitis, advanced fibrosis, and

cirrhosis [4,5]. However, this linear progression model fails to
capture the true complexity of MAFLD, which manifests through
distinct phenotypes with varying pathogenic mechanisms, clinical
trajectories, and prognostic implications [6]. Recent histological
and molecular studies have identified substantial heterogeneity in
MAFLD presentations, suggesting that personalized approaches to
diagnosis and management may be more effective than one-size-
fits-all strategies [7,8].

Traditional MAFLD assessment relies heavily on liver biopsy,
which remains the reference standard for characterizing hepatic

@ @ This work is licensed under Creative Commons Attribution 4.0 License|A]BSR.MS.ID.003799. 351


WWW.biomedgrid.com
WWW.biomedgrid.com
http://10.34297/AJBSR.2025.29.003799

Am ] Biomed Sci & Res

steatosis, inflammation, and fibrosis [9,10]. However, biopsy is
invasive, carries risks of complications, suffers from sampling
variability, and is impractical for widespread screening or
longitudinal monitoring [11]. These limitations have driven the
development of non-invasive techniques for MAFLD assessment,
including serum biomarkers and imaging modalities [12,13].

Conventional ultrasound has served as a first-line imaging
tool for hepatic steatosis detection for decades, but its subjective
nature and limited ability to quantify steatosis severity or detect
concurrent pathology have constrained its utility [14].
technological advances in ultrasound imaging have introduced
quantitative capabilities that extend beyond simple B-mode
visualization. Multiparametric ultrasound (mpUS) integrates
multiple quantitative parameters—including Ultrasound-Derived
Fat Fraction (UDFF), Controlled Attenuation Parameter (CAP),
Speed of Sound (SoS), Shear Wave Elastography (SWE), Iron Signal
Effect Index (ISEI), backscatter coefficient analysis, and advanced
tissue characterization—to provide comprehensive hepatic tissue
assessment [15,16,17].

Recent

UDFF represents a novel quantitative biomarker that correlates
strongly with MRI-Derived Proton Density Fat Fraction (MRI-PDFF)
and provides accurate steatosis quantification [18,19]. Speed of
sound measurements reflect tissue composition and structure,
with alterations indicating steatosis and fibrosis [20,21]. The iron
signal effect index quantifies hepatic iron accumulation through
analysis of ultrasound signal attenuation patterns, enabling
detection of dysmetabolic iron overload without requiring MRI or
biopsy [22,23].

We hypothesized that distinct MAFLD phenotypes could be
identified and characterized using quantitative mpUS parameters.
Based on emerging clinical and pathological evidence, we proposed
four major phenotypes: Type A characterized by predominant
steatosis without significant inflammation or fibrosis; Type
B featuring mixed fat and iron deposition [24,25]; Type C
demonstrating steatohepatitis with fibroinflammation [26,27];
and Type D representing lean MAFLD occurring in individuals
without obesity [28,29]. Each phenotype carries distinct metabolic
signatures, progression risks, and therapeutic implications.

The primary objective of this study was to evaluate the
performance of quantitative multiparametric ultrasound in
identifying and characterizing these four MAFLD phenotypes in
a large, well-characterized cohort. Secondary objectives included
assessing the clinical and metabolic features associated with each
phenotype and determining the prognostic value of phenotype-
based stratification.

Methods
Study Design and Population

This prospective, single center cohort study was conducted at a
tertiary radiology center between January 2024 and October 2025.
The study protocol was approved by the local institutional review
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board (AERB/MAFLD/4/24), and written informed consent was
obtained from all participants.

Inclusion criteria were: age 18-75 years; diagnosis of MAFLD
according to international consensus criteria [3] (hepatic steatosis
plus metabolic dysfunction defined by overweight/obesity, type
2 diabetes mellitus, or evidence of metabolic dysregulation);
willingness to undergo comprehensive clinical assessment and
imaging; and ability to provide informed consent. Exclusion
criteria included: significant alcohol consumption (>20g/day
for women, >30g/day for men); viral hepatitis (HBV, HCV);
autoimmune liver disease; hereditary hemochromatosis; Wilson
disease; alpha-1 antitrypsin deficiency; drug-induced liver injury;
pregnancy; presence of malignancy; liver transplant recipients;
contraindications to ultrasound imaging; and poor acoustic
windows precluding adequate ultrasound assessment.

Clinical and Laboratory Assessment

All participants underwent standardized clinical evaluation
including detailed medical history, anthropometric measurements
(height, weight, waist circumference, hip circumference), and vital
signs. Body Mass Index (BMI) was calculated as weight in kilograms
divided by height in meters squared. Metabolic syndrome was
diagnosed according to Adult Treatment Panel III criteria [30].

Fasting blood samples were collected after 12-hour overnight
fast for comprehensive metabolic profiling. Laboratory tests
included: complete blood count; liver biochemistry panel (ALT, AST,
GGT, alkaline phosphatase, total bilirubin, albumin); lipid profile
(total cholesterol, LDL-cholesterol, HDL-cholesterol, triglycerides);
glucose metabolism markers (fasting glucose, HbA1c, fasting insulin
with HOMA-IR calculation); inflammatory markers (high-sensitivity
CRP, ferritin); iron studies (serum iron, total iron binding capacity,
transferrin saturation); and markers of hepatic fibrosis (hyaluronic
acid, PIIINP, TIMP-1). Non-invasive fibrosis scores including FIB-
4 [31], NAFLD fibrosis score [32], and APRI [33] were calculated
using validated formulas.

Multiparametric Ultrasound Protocol

All ultrasound examinations were performed using state-of-
the-art ultrasound systems (Aplio i-series, Canon Medical Systems,
Japan, Sequioa Siemens Healthineers, USA, Resona i-9, Mindray
China) by experienced sonologists with specialized training in
quantitative liver imaging. Each sonologist had performed >500
liver ultrasound examinations. Participants fasted for at least 6
hours before examination and were positioned supine with right
arm elevated. All measurements were performed via intercostal
approach targeting the right liver lobe.

B-Mode Ultrasound: Conventional grayscale imaging was
performed to assess liver echogenicity, hepatorenal contrast, vessel
clarity, and deep beam attenuation. Images were acquired using
standardized settings (frequency 3.5-5 MHz, depth 12-15cm, focus
at ROI depth) and stored for offline analysis.
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Ultrasound-Derived Fat Fraction (UDFF): UDFF was
measured using the attenuation coefficient and back scatter method
using DAX probe calibrated with MRPDFF using Siemens patented
algorithm [18,19]. A large region of interest (ROI) of minimum
3x3 cm was placed in liver parenchyma avoiding major vessels, at
3-7cm depth from the capsule. The system calculated fat fraction
percentage based on frequency-dependent attenuation analysis.
Ten valid measurements were obtained and the median UDFF value
(%) was recorded.

Attenuation  Coefficient = Measurement:  Ultrasound
attenuation was quantified using the Attenuation Imaging (ATI)
module, which provides pixel-by-pixel attenuation coefficient
mapping [34]. A region of interest (ROI) of minimum 2x2cm was
placed in liver parenchyma avoiding major vessels and artifacts,
at 2-6cm depth from the capsule. Ten valid measurements were

obtained and the median value in dB/cm/MHz was recorded.

Speed of Sound (SoS) Measurement: Hepatic SoS was
measured using pulse-echo ultrasound with time-of-flight analysis
[20,21]. The system calculated tissue SoS by analyzing the echo delay
patterns from tissue interfaces. Measurements were performed
in the same hepatic region as other parameters. SoS values were
recorded in meters per second (m/s). Ten measurements were
obtained and median value was recorded.

Shear Wave Elastography (SWE): Liver stiffness measurement
was performed using two-dimensional SWE [15,35]. A standardized
circular ROI (15mm diameter) was positioned in homogeneous
liver parenchyma, 2-5cm beneath the capsule, avoiding vessels
and artifacts. Participants were instructed to hold breath in neutral
position. Ten valid measurements were obtained according to
quality criteria (stability index >95%, interquartile range/median
<30%) and median liver stiffness in kilopascals (kPa) was recorded.

Iron Signal Effect Index (ISEI): ISEI was calculated using a
novel algorithm analyzing the relationship between ultrasound
signal intensity, posterior acoustic shadowing, and frequency-
dependent attenuation patterns characteristic of iron deposition
[22,23]. The index incorporates: (1) normalized backscatter
coefficient reduction in iron-laden tissue, (2) posterior beam
attenuation enhancement beyond that attributable to fat alone,
and (3) tissue heterogeneity analysis. ISEI values range from 1.0
(no iron effect) to 5.0 (severe iron deposition). Measurements were
performed in three separate hepatic regions and averaged.

Quantitative Parametric Advanced tissue
characterization parameters were extracted including Backscatter
Coefficient (BSC), Structure Quantification (ASQ)
parameters (focal disturbance ratio, randomness of echo amplitude
distribution), and dispersion slope [36,37]. These parameters

reflect tissue microstructure and composition.

Analysis:

Acoustic
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MAFLD Phenotype Classification

Participants were classified into four phenotypes based on
integrated clinical, laboratory, and mpUS findings:

Type A - Pure Steatosis Phenotype: Elevated UDFF (26%) or
attenuation coefficient (20.65 dB/cm/MHz) indicating significant
steatosis; normal or mildly elevated liver stiffness (<7.0 kPa);
normal inflammatory markers (ALT <2x upper limit of normal,
hsCRP <5 mg/L); absence of iron overload markers (ISEI <1.8,
ferritin <300pg/L for men, <200pg/L for women; transferrin
saturation <45%); SoS 1540-1560 m/s.

Type B - Mixed Fat-Iron Phenotype: Elevated UDFF or
attenuation coefficient indicating steatosis; elevated ISEI (=1.8)
indicating hepatic iron accumulation; elevated ferritin (>300ug/L
for men, >200ug/L for women) or transferrin saturation >45%;
characteristic mpUS parameters showing heterogeneous
echotexture; SoS typically <1545 m/s due to combined fat-iron
effects; evidence of metabolic iron overload without hereditary
hemochromatosis.

Type C - Steatotic Fibroinflammatory Phenotype: Elevated
UDFF or attenuation coefficient with steatosis; elevated liver
stiffness (27.0 kPa); elevated inflammatory markers (ALT 22 x upper
limit of normal or hsCRP =5 mg/L); elevated fibrosis biomarkers
(FIB-4 >1.3, NAFLD fibrosis score >-1.455); SoS typically > 1560 m/s
reflecting fibrosis; characteristic mpUS features of inflammation
and fibrosis; ISEI <1.8 (unless concurrent iron overload).

Type D - Lean MAFLD Phenotype: Hepatic steatosis confirmed
by elevated UDFF (26%) or attenuation coefficient (20.65 dB/
cm/MHz); BMI <25 kg/m? (or <23 kg/m? for Asian populations);
presence of metabolic dysfunction (prediabetes, diabetes, metabolic
syndrome criteria, or evidence of insulin resistance with HOMA-IR
>2.5); absence of alternative causes of lean fatty liver; variable SoS
and stiffness depending on disease stage; ISEI <1.8.

All phenotype classifications were adjudicated by two
independent expert hepatologists blinded to each other’s
assessments. Discordant cases were resolved by consensus with a
third expert.

Statistical Analysis

Continuous variables were assessed for normality using
Shapiro-Wilk test and visual inspection of Q-Q plots. Normally
distributed variables are presented as mean * standard deviation,
while non-normally distributed variables are presented as median
with interquartile range. Categorical variables are presented as
frequencies and percentages.

Comparisons between phenotype groups were performed
using one-way ANOVA with Tukey post-hoc testing for normally
distributed continuous variables, Kruskal-Wallis test with Dunn’s
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post-hoc testing for non-normally distributed continuous variables,
and chi-square test or Fisher’s exact test for categorical variables.

Receiver Operating Characteristic (ROC) curve analysis
was performed to evaluate the discriminative ability of mpUS
parameters for phenotype identification. Area under the ROC curve
(AUC) with 95% confidence intervals was calculated. Optimal
cutoff values were determined using Youden index maximization.
Sensitivity, specificity, Positive Predictive Value (PPV), and Negative
Predictive Value (NPV) were calculated for optimal cutoffs.

Principal Component Analysis (PCA) was performed to visualize
phenotype clustering using mpUS parameters (UDFF, attenuation
coefficient, SoS, liver stiffness, ISEI, BSC, focal disturbance ratio,
and dispersion slope). Hierarchical clustering analysis using Ward’s
method was conducted to validate phenotype groupings.

Inter-observer and intra-observer reliability for mpUS

measurements were assessed using Intraclass Correlation

Coefficients (ICC) in a subset of 50 randomly selected participants.

All statistical tests were two-tailed, and p-values <0.05 were
considered statistically significant. Statistical analyses were
performed using SPSS version 28.0 (IBM Corp., Armonk, NY) and R
version 4.2.1 (R Foundation for Statistical Computing).

Sample Size Calculation

Sample size was calculated based on the primary objective
of discriminating between phenotypes using mpUS parameters.
Assuming an AUC of 0.85 for phenotype discrimination, with 80%
power and 5% significance level, and accounting for expected
phenotype distribution and 15% potential dropout rate, a total
sample size of 500 participants was determined.

Results

Baseline Characteristics

Between January 2022 and December 2023, 587 patients were
screened for eligibility. Of these, 62 patients did not meet inclusion
criteria and 25 declined participation, resulting in 500 patients
enrolled in the final cohort. All 500 participants completed the
study protocol with complete clinical, laboratory, and imaging data.
The cohort comprised 278 males (55.6%) and 222 females (44.4%)
with mean age of 52.3+12.4 years and mean BMI of 29.6+5.8 kg/m?.

Metabolic comorbidities were highly prevalent: type 2 diabetes
mellitus in 245 patients (49%), hypertension in 312 patients
(62.4%), dyslipidemia in 378 patients (75.6%), and metabolic
syndrome in 356 patients (71.2%). The median duration of known
MAFLD or metabolic dysfunction was 3.2 years (IQR 1.5-6.8 years).

Phenotype Distribution and Characteristics

The distribution of MAFLD phenotypes was: Type A (pure
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steatosis) 210 patients (42%), Type B (mixed fat-iron) 90 patients
(18%), Type C (steatotic fibroinflammation) 140 patients (28%),
and Type D (lean MAFLD) 60 patients (12%).

Type A - Pure Steatosis Phenotype (n=210, 42%): This
phenotype was characterized by predominant hepatic steatosis
without significant inflammation or fibrosis. Mean age was
48.7+11.2 years with BMI 30.8+4.9 kg/m? These patients
showed elevated UDFF (14.8+5.2%) and attenuation coefficient
(0.78+£0.11 dB/cm/MHz) but normal liver stiffness (5.2+1.1 kPa).
SoS was within normal range for steatosis (1548+8 m/s). ISEI
was normal (1.2+0.3), confirming absence of iron deposition.
Liver enzymes were mildly elevated (ALT 48+22 U/L, AST 35+18
U/L). Inflammatory markers remained low (hsCRP 2.8+1.6 mg/L).
Metabolic parameters showed moderate dysregulation with mean
HOMA-IR of 3.84#2.1. Type 2 diabetes prevalence was 38% and
metabolic syndrome 65%.

Type B - Mixed Fat-Iron Phenotype (n=90, 18%): This
phenotype exhibited coexistent steatosis and iron accumulation.
Mean age was 55.2+10.8 years with BMI 31.2+5.3 kg/m? UDFF was
elevated (12.4+4.8%) with attenuation coefficient of 0.74+0.09
dB/cm/MHz and moderate liver stiffness (6.4+1.8 kPa). SoS was
distinctively reduced (1538+11 m/s, p<0.001 vs Type A), reflecting
the combined acoustic effects of fat and iron. ISEI was markedly
elevated (2.8+0.6), the defining feature distinguishing this
phenotype from others. Distinctive features included significantly
elevated ferritin (male: 485*156ug/L, female: 312+98ug/L),
transferrin saturation (42+12%), and serum iron (168+52pg/dL).
Liver enzymes showed moderate elevation (ALT 58+28 U/L, AST
45+24 U/L). These patients demonstrated pronounced insulin
resistance (HOMA-IR 5.2+2.8) and high prevalence of type 2 diabetes
(58%). Genetic testing excluded hereditary hemochromatosis (HFE
C282Y and H63D mutations) in all cases.

Type C - Steatotic Fibroinflammatory Phenotype (n=140,
28%): This phenotype represented the most advanced disease
stage with steatohepatitis and fibrosis. Mean age was 57.8+11.6
years with BMI 32.1+6.2 kg/m?. These patients showed elevated
UDFF (11.2+5.6%) and attenuation coefficient (0.72+0.12 dB/cm/
MHz) combined with significantly increased liver stiffness (8.7+3.2
kPa). SoS was elevated (1568+14 m/s), reflecting increased tissue
stiffness from fibrosis. ISEI was normal in most patients (1.3+0.4),
though 18 patients (12.9%) showed concurrent iron elevation (ISEI
>1.8), representing a mixed Type B-C phenotype. Liver enzymes
were markedly elevated (ALT 89+42 U/L, AST 68+35 U/L) with AST/
ALT ratio of 0.76+0.18. Inflammatory markers were substantially
increased (hsCRP 7.4+3.8 mg/L). Non-invasive fibrosis scores
indicated advanced fibrosis: FIB-4 2.8+1.6, NAFLD fibrosis score
0.42+0.85, APRI 0.94+0.52. Type 2 diabetes prevalence was highest
at 67%, as was metabolic syndrome at 84%. Hyaluronic acid levels
were significantly elevated (124468 ng/mL).
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Type D - Lean MAFLD Phenotype (n=60, 12%): This
phenotype occurred in non-obese individuals with metabolic
dysfunction. Mean age was 51.4+13.2 years with notably normal
BMI of 23.1+1.8 kg/m?* and waist circumference of 84.2+8.6cm.
Despite normal anthropometry, these patients exhibited significant
hepatic steatosis (UDFF 10.6%4.2%, attenuation coefficient
0.69+0.08 dB/cm/MHz) with mild liver stiffness elevation (6.1+1.6
kPa). SoS was mildly reduced (15469 m/s). ISEI was normal
(1.2+£0.4). Liver enzymes were moderately elevated (ALT 52+26
U/L, AST 41+20 U/L). Notably, these patients showed marked
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insulin resistance (HOMA-IR 4.6+2.5) despite normal BMI, with
45% having type 2 diabetes and 52% meeting metabolic syndrome
criteria when BMI criterion was excluded. Visceral adiposity index
was disproportionately elevated (4.8+2.2), suggesting preferential
visceral fat accumulation.

Comparative Analysis of Phenotypes

Table 1 presents detailed comparisons of demographic, clinical,
metabolic, and multiparametric ultrasound parameters across
phenotypes.

Table 1: Baseline Characteristics and Multiparametric Ultrasound Parameters by MAFLD Phenotype.

Parameter Type A (n=210) Type B (n=90) Type C (n=140) Type D (n=60) P-value
Demographics
Age (years) 48.7£11.22 55.2+10.8" 57.8+11.6° 51.4£13.2%° <0.001
Male sex, n (%) 115 (54.8) 52 (57.8) 82 (58.6) 29 (48.3) 0.458
BMI (kg/m?) 30.8+4.9% 31.245.3° 32.1%6.22 23.1+1.8° <0.001
Waist circumference (cm) 102+12° 104+13? 107+15° 84+9° <0.001
Metabolic Parameters
Type 2 diabetes, n (%) 80 (38.1)? 52 (57.8)° 94 (67.1)° 27 (45.0)*° <0.001
Metabolic syndrome, n (%) 137 (65.2)° 68 (75.6)*" 118 (84.3)° 31 (51.7)° <0.001
HOMA-IR 3.8+2.1° 5.2+2.8° 4.5£2.6%° 4.6+2.5° <0.001
Fasting glucose (mg/dL) 112322 128+38° 138+42°¢ 118434 <0.001
HbA1lc (%) 6.21.1 6.8+1.3° 7.221.4° 6.4+1.2%° <0.001
Triglycerides (mg/dL) 168+722 198+85P° 1724782 186+68° <0.001
HDL-cholesterol (mg/dL) 42+11° 39£10*" 37£9° 41%12° 0.002
LDL-cholesterol (mg/dL) 118436 122438 116+42 121434 0.156
Visceral adiposity index 3.2+¢1.87 3.8+£2.1*° 4.122.4° 4.82.2° <0.001
Liver Biochemistry
ALT (U/L) 48+£22° 58+28° 89:42° 52426 <0.001
AST (U/L) 35+18° 45+24" 68+35°¢ 41+20%° <0.001
AST/ALT ratio 0.73+0.15° 0.78+0.16° 0.76+0.18° 0.7920.142 0.072
GGT (U/L) 58+34° 78+48° 104+62°¢ 62+38° <0.001
Albumin (g/dL) 4.2+0.42 4.120.5° 3.9£0.6" 4.240.4° <0.001
Inflammatory and Iron Markers
hsCRP (mg/L) 2.81.6 4.2+2.4° 7.4+3.8° 3.4+2.1%° <0.001
Ferritin (ug/L) 142+682 412+148° 1864942 1484722 <0.001
Transferrin saturation (%) 28487 42+12° 32+11° 30+9° <0.001
Serum iron (pg/dL) 98+32° 168+52° 108+38? 1024342 <0.001
Fibrosis Scores
FIB-4 0.98+0.46° 1.64£0.82° 2.82+1.58¢ 1.42+0.74° <0.001
NAFLD fibrosis score -1.8220.942 -0.64+1.12° 0.42%0.85¢ -0.98+1.04° <0.001
APRI 0.38+0.18° 0.54+0.28° 0.94+0.52°¢ 0.48+0.24*° <0.001
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Multiparametric Ultrasound
UDFF (%) 14.8+5.22 12.4+4.8° 11.245.6° 10.64.2° <0.001
Attenuation coefficient (dB/cm/MHz) 0.78+0.11* 0.74+0.09° 0.72+0.12° 0.69+0.08° <0.001
Speed of sound (m/s) 1548+8? 1538+11° 1568+14° 1546+9°7 <0.001
Liver stiffness (kPa) 5.2+1.1° 6.4+1.8° 8.7+3.2¢ 6.1£1.6° <0.001
ISEI 1.2+0.3° 2.80.6" 1.3+0.4% 1.2+0.4° <0.001
Backscatter coefficient (dB) -48.2+6.4% -46.8+8.2%° -52.4+7.6¢ -49.6+6.87¢ <0.001
Focal disturbance ratio 0.42+0.12? 0.5620.16" 0.64+0.18°¢ 0.48+0.14%" <0.001
Dispersion slope (m/s/kHz) 9.2+2.8% 11.4£3.6° 15.8+4.2¢ 10.8+3.2° <0.001

Data presented as mean * SD or n (%). Different superscript
letters (a, b, ¢) indicate significant differences between groups by
post-hoc testing (p<0.05). P-values from ANOVA or chi-square test.

Abbreviations: BMI: Body Mass Index; HOMA-IR: Homeostatic
Model Assessment of Insulin Resistance; HDL: High-Density
lipoprotein; LDL: Low-Density Lipoprotein; ALT: Alanine
Aminotransferase; AST: Aspartate Aminotransferase; GGT: Gamma-
Glutamyl Transferase; hsCRP: High-Sensitivity C-Reactive Protein;
APRI: AST to Platelet Ratio Index; UDFF: Ultrasound-Derived Fat
Fraction; ISEI: Iron Signal Effect Index.

Significant differences were observed in age distribution
(p<0.001), with Type C patients being oldest. BMI differed markedly
(p<0.001), with Type D showing the lowest values by definition.
Waist circumference showed similar patterns (p<0.001).

Metabolic parameters revealed distinct profiles. HOMA-IR
was significantly different across groups (p<0.001), highest in
Type B (5.2£2.8) and Type D (4.6%2.5) despite the latter’s normal
BMI. Fasting glucose levels were highest in Type C (138+42 mg/
dL, p<0.001). HbA1c followed similar patterns (Type C: 7.2+1.4%,
p<0.001).

Lipid profiles showed phenotype-specific patterns. Triglycerides
were significantly elevated in Types B and D (p<0.001), while
HDL-cholesterol was lowest in Type C (p=0.002). LDL-cholesterol
showed no significant differences between phenotypes (p=0.156).

Inflammatory markers distinguished phenotypes clearly. hsCRP
was significantly highest in Type C (7.4+3.8 mg/L) compared to
other phenotypes (p<0.001). ALT and AST levels were progressively
elevated from Type A through Type C (both p<0.001). GGT showed
similar progression (p<0.001).

Multiparametric Ultrasound Findings

Ultrasound-Derived Fat Fraction (UDFF): All phenotypes
showed elevated UDFF indicative of steatosis, with significant
differences between groups (p<0.001). Type A demonstrated
highest values (14.8+5.2%), followed by Type B (12.4+4.8%), Type
C (11.2+£5.6%), and Type D (10.6%+4.2%). The gradient of UDFF

values inversely correlated with disease severity, suggesting that
advanced disease may show relatively lower fat content due to
progressive inflammation and fibrosis. UDFF correlated strongly
with MRI-PDFF in a validation subset (r=0.91, p<0.001, n=80).

Attenuation Coefficient: All phenotypes showed elevated
attenuation coefficients, with significant differences between
groups (p<0.001). Type A demonstrated highest values (0.78+0.11
dB/cm/MHz), followed by Type B (0.74+0.09), Type C (0.72%0.12),
and Type D (0.69+0.08). Post-hoc analysis revealed that Type A
differed significantly from all other phenotypes (all p<0.01), while
Types B, C, and D showed overlapping ranges.

Speed of Sound (SoS): SoS measurements provided critical
phenotype discrimination (p<0.001). Type B patients showed
distinctively reduced SoS (1538+11 m/s), significantly lower
than Type A (154848 m/s, p<0.001), reflecting the unique
acoustic signature of combined fat-iron deposition [20,21]. Type
C demonstrated elevated SoS (1568+14 m/s), consistent with
increased tissue stiffness from fibrosis [38]. Type D showed
intermediate values (154649 m/s). The SoS pattern (low in Type
B, high in Type C) provided orthogonal information to steatosis
measures, enhancing phenotype discrimination.

Liver Stiffness: Liver stiffness measurements showed the
most pronounced phenotype discrimination (p<0.001). Type A
patients exhibited normal or minimally elevated stiffness (5.2+1.1
kPa), Type B showed moderate elevation (6.4+1.8 kPa), Type D
demonstrated mild-moderate elevation (6.1+1.6 kPa), while Type
C showed significantly elevated values indicating advanced fibrosis
(8.7+3.2 kPa). Pairwise comparisons revealed Type C differed
significantly from all other phenotypes (all p<0.001). Within Type
C, 58 patients (41.4%) had liver stiffness 29.0 kPa suggestive of
advanced fibrosis (F3-F4).

Iron Signal Effect Index (ISEI): ISEI emerged as the most
specific discriminator for Type B phenotype. Type B patients
showed markedly elevated ISEI (2.8+0.6), significantly higher than
Type A (1.2+0.3, p<0.001), Type C (1.3+0.4, p<0.001), and Type D
(1.2+0.4, p<0.001). Within Type B, ISEI correlated strongly with
ferritin (r=0.74, p<0.001), transferrin saturation (r=0.68, p<0.001),
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and serum iron (r=0.71, p<0.001). In 18 Type C patients with
concurrent iron elevation, ISEI was 2.4#0.5, indicating a mixed
phenotype. ISEI showed excellent correlation with hepatic iron
concentration measured by R2* MRI in a validation subset (r=0.86,
p<0.001, n=65).

Advanced Tissue Characterization: Backscatter coefficient
analysis revealed distinct patterns. Type A showed homogeneous
elevation (mean BSC -48.2+6.4 dB) consistent with uniform
steatosis. Type B demonstrated heterogeneous patterns (mean BSC
-46.8+8.2 dB, increased variance p=0.003) reflecting mixed fat-
iron distribution. Type C showed reduced backscatter (mean BSC
-52.4+7.6 dB) with increased tissue heterogeneity. Type D exhibited
intermediate values (mean BSC -49.6+6.8 dB).

Copyright© Atul Kapoor

differentiated phenotypes. Focal disturbance ratio was significantly
elevated in Type C (0.64+0.18) compared to Type A (0.42+0.12,
p<0.001), reflecting inflammatory disturbance of hepatic
architecture. Type B showed intermediate elevation (0.56+0.16).
Dispersion slope measurements, which reflect tissue viscosity and
fibrosis, were significantly higher in Type C (15.8+4.2 m/s/kHz)
compared to other phenotypes (Type A: 9.2+2.8, Type B: 11.4+3.6,
Type D: 10.8+3.2; all p<0.001).

Diagnostic Performance of Multiparametric Ultrasound

ROC curve analysis demonstrated excellent discriminative
ability of mpUS parameters for phenotype identification. Table 2
summarizes the diagnostic performance for each phenotype, and
Figures 1A-D illustrate ROC curves.
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Figure 1 A-D: ROC Curves for MAFLD Phenotype Identification.
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Table 2: Diagnostic Performance of Multiparametric Ultrasound for MAFLD Phenotype Identification.
Phenotype Parameters Cutoff Values AUC (95% CI) Sensitivity (%) Specificity (%) | PPV (%) | NPV (%)

AC=20.70 + LS <7.0 + AC:0.70 dB/cm/

Type A hSCRP <5 MEiz; LS: 7.0 kPa 0.85 (0.82-0.88) 78.6 83.4 84.2 77.6
0,
UDFF210% + LS <7.0+ | yne 1006 1SEI: 1.8 | 0.87 (0.84-0.90) 81.4 85.2 86.1 80.3
ISEI <1.8

ISEI >1.8 + Ferritin ISEI: 1.8; Ferritin:
Type B 2300200 sex.specific 0.92 (0.89-0.95) 87.8 91.2 76.4 95.6
ISEI 21.8 + SoS <1542 ISEI: 1.8; SoS: 1542 0.94 (0.91-0.96) 90 93.7 81.8 96.8

m/s m/s

ISEI 21.8 + TSAT >40% ISEI: 1.8; TSAT: 40% 0.91 (0.88-0.94) 85.6 89.5 73.3 94.8

LS 27.0 + FDR 20.52 + LS: 7.0 kPa; FDR:
Type C hSCRP 55 052 0.89 (0.86-0.92) 84.3 87.2 78.6 90.8

LS 27.0 + SoS 21560 LS: 7.0 kPa; SoS:
m/s + ALT >60 1560 m/s 0.91 (0.88-0.94) 87.1 89.7 82.4 92.5

. LS: 7.0 kPa; DS: 13
LS 27.0 + Disp slope 213 m/s/kHz 0.90 (0.87-0.93) 85.7 88.3 80.2 91.6

AC =0.65 + BMI <25 + AC: 0.65; BMI: 25;
Type D HOMAIR >2.6 HOMAIR. 2.5 0.88 (0.84-0.92) 81.7 89.5 68.1 94.8

0,
UDFF26% + BMI<25+ | hep 606 VAL 3.0 | 0.89 (0.85-0.93) 83.3 90.8 71.4 95.3
VAI >3.0
SoS <1550 + BMI <25 + | SoS: 1550 m/s; BMI:

MetS criteria 25 0.86 (0.82-0.90) 78.3 88.2 65.3 93.6

Abbreviations: AC, attenuation coefficient; LS, liver stiffness;
hsCRP, high-sensitivity C-reactive protein; UDFF, ultrasound-
derived fat fraction; ISEI, iron signal effect index; SoS, speed of
sound; TSAT, transferrin saturation; FDR, focal disturbance ratio;
Disp slope, dispersion slope; BMI, body mass index; HOMA-IR,
homeostatic model assessment of insulin resistance; VAI, visceral
adiposity index; MetS, metabolic syndrome; PPV, positive predictive
value; NPV, negative predictive value; AUC, area under the curve; CI,
confidence interval.

For Type B (mixed fat-iron) identification, the combination of
ISEI 21.8 and SoS <1542 m/s achieved the highest AUC of 0.94 (95%
CI 0.91-0.96) with sensitivity 90.0%, specificity 93.7%, PPV 81.8%,
and NPV 96.8%. The ISEI parameter alone demonstrated AUC of
0.96 (95% CI 0.94-0.98) for Type B identification, establishing it as
the primary discriminator for this phenotype.

For Type C (steatotic fibroinflammatory) identification,
combining liver stiffness 27.0 kPa, SoS 21560 m/s, and ALT =260
U/Lyielded AUC of 0.91 (95% CI 0.88-0.94) with sensitivity 87.1%,
specificity 89.7%, PPV 82.4%, and NPV 92.5%. The integration
of SoS improved discrimination compared to liver stiffness alone
(AUC 0.86).

For Type D (lean MAFLD) identification, UDFF 26% in patients
with BMI <25 kg/m? combined with visceral adiposity index >3.0
yielded AUC of 0.89 (95% CI 0.85-0.93) with sensitivity 83.3%,
specificity 90.8%, PPV 71.4%, and NPV 95.3%.

For Type A identification, UDFF 210% combined with liver
stiffness <7.0 kPa and ISEI <1.8 achieved AUC of 0.87 (95% CI 0.84-
0.90) with sensitivity 81.4%, specificity 85.2%, PPV 86.1%, and
NPV 80.3%.

Principal component analysis using all eight mpUS parameters
(UDFFE attenuation coefficient, SoS, liver stiffness, ISEI, BSC, focal
disturbance ratio, and dispersion slope) demonstrated clear
clustering of phenotypes with minimal overlap. Figure 2 shows PCA
biplot with phenotype groupings.

The first two principal components explained 66.8% of total
variance, with PC1 (38.2%) primarily representing steatosis-
iron axis (high fat vs high iron) and PC2 (28.6%) representing
fibroinflammatory features. Type B clustered distinctly in the
negative PC1 region driven by high ISEI and low SoS values. Type
C clustered in the positive PC2 region driven by high liver stiffness,
elevated SoS, and high dispersion slope. Type A and Type D showed
partial overlap but were distinguishable by BMI and metabolic
parameters not included in the ultrasound-only PCA.

Hierarchical clustering analysis using Ward’s method
confirmed the PCA findings. Figure 3 shows the dendrogram with

clear separation of the four phenotypes.

The dendrogram shows Type B (mixed fat-iron) as the
most distinct cluster, separating early due to its unique ISEI
and SoS signature. Type C (fibroinflammation) forms a distinct
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cluster characterized by high liver stiffness and inflammatory distinguishable, with Type D separating based on lower BMI despite
parameters. Type A and Type D show closer proximity but remain  similar steatosis levels.

Legend
5 Do wicpe |
e & TypeA(Puie Stoaloss
® i
S figh Tvpe B (Minsd
FoR B Typs C (Fibranflammation
L] & Typs D (Laan MAFLD

4

» |
s '
53
5t o | o
> 3 % L0
&3 ——
& o

E
E & e

3 AL
g 3 ,
as b

4

#
* »* So8 Pow]
il
L =
& [ $EI
8
» 4 & [
PC1 (38.2% variance)
Wectod Loadlings.
PG (38.2% ) UDFF (0421 AC {040 0,381 SoS-kew (-0 353 | PC2 206 5 (0 45), S05-high (0 45), Disp siops (0.44), FOR 1341

Table 2: Diagnostic Performance of Multiparametric Ultrasound for MAFLD Phenotype Identification.

Inter-Observer and Intra-Observer Reliability All ICC values indicated excellent reliability (ICC >0.80). UDFF
and SoS showed particularly high reproducibility, supporting their

Reliability analysis in 50 randomly selected participants utility for longitudinal monitoring,

showed excellent reproducibility of mpUS measurements. Table 3
presents ICC values for all parameters.

Table 3: Reliability of Multiparametric Ultrasound Measurements.

Parameter Intra-Observer ICC (95% CI) Inter-Observer ICC (95% CI)
UDFF 0.95 (0.92-0.97) 0.92 (0.88-0.95)
Attenuation coefficient 0.94 (0.91-0.96) 0.91 (0.87-0.94)
Speed of sound 0.96 (0.94-0.98) 0.93 (0.90-0.96)
Liver stiffness 0.93 (0.89-0.95) 0.90 (0.85-0.93)
ISEI 0.91 (0.87-0.94) 0.88(0.83-0.92)
Backscatter coefficient 0.89 (0.84-0.93) 0.86 (0.79-0.90)
Focal disturbance ratio 0.87 (0.81-0.91) 0.84 (0.77-0.89)
Dispersion slope 0.90 (0.86-0.94) 0.87 (0.81-0.91)
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Phenotype-specific Metabolic Associations

Subgroup analyses revealed phenotype-specific associations
with metabolic parameters. In Type A, severity of steatosis (UDFF)
correlated strongly with triglycerides (r=0.62, p<0.001) and HOMA-
IR (r=0.56, p<0.001). Attenuation coefficient showed similar
correlations (triglycerides r=0.58, HOMA-IR r=0.52, both p<0.001).

In Type B, ISEI correlated strongly with ferritin (r=0.74,
p<0.001), transferrin saturation (r=0.68, p<0.001), serum iron
(r=0.71, p<0.001), and HOMA-IR (r=0.61, p<0.001), suggesting
iron-mediated insulin resistance. SoS showed inverse correlation
with ISEI (r=-0.69, p<0.001), confirming the acoustic signature of
iron deposition.

In Type C, liver stiffness correlated with inflammatory markers
including hsCRP (r=0.68, p<0.001), fibrosis scores (FIB-4 r=0.72,
NAFLD fibrosis score r=0.65, both p<0.001), and showed strong

Table 4: Clinical Outcomes During Follow-up by MAFLD Phenotype.
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associations with diabetes duration (r=0.54, p<0.001) and poor
glycemic control (HbAlcr=0.49, p<0.001). SoS correlated with liver
stiffness (r=0.76, p<0.001) and dispersion slope (r=0.71, p<0.001),
supporting its role as a fibrosis marker.

In Type D, visceral adiposity index showed stronger correlation
with metabolic dysfunction than BMI (VAI-HOMA-IR r=0.72 vs
BMI-HOMA-IR r=0.28, both p<0.001). UDFF correlated with VAI
(r=0.58, p<0.001) but not with BMI (r=0.14, p=0.28), suggesting
that visceral rather than total adiposity drives hepatic steatosis in
this phenotype.

Clinical Outcomes During Follow-up

During a median follow-up of 18 months (IQR 12-24 months),
clinical outcomes differed significantly between phenotypes. Table
4 summarizes the outcome data.

Outcome Type A (n=210) Type B (n=90) Type C (n=140) Type D (n=60) P-value
Hepatic Events
Ascites, n (%) 0(0)* 1(1.1)? 3(2.1)° 0 (0)? 0.042
Hepatic encephalopathy, n (%) 0 (0)? 0 (0)* 2 (1.4)° 0 (0)? 0.038
Variceal bleeding, n (%) 0(0) 0(0) 1(0.7) 0(0) 0.28
Clinical cirrhosis, n (%) 0 (0)® 2 (2.2)*° 8 (5.7)° 1(1.7)*® <0.001
HCC, n (%) 0(0) 0(0) 1(0.7) 0(0) 0.28
Cardiovascular Events
Acute coronary syndrome, n (%) 5 (2.4)? 6 (6.7)° 8 (5.7)° 5 (8.3)° 0.016
Stroke/TIA, n (%) 3(1.4)° 3(3.3)*" 4 (2.9)*° 2 (3.3)*" 0.522
Total CV events, n (%) 8(3.8)? 9(10.0)° 12 (8.6)° 7 (11.7)° 0.012
Metabolic Progression
New-onset T2DM, n (%) 12 (7.7)* 8(21.1)° 4(8.7)° 4 (12.1)*° 0.035
Phenotype progression, n (%) 6 (2.9)* 14 (15.6)° NA 8 (13.3)° <0.001
Mortality
All-cause mortality, n (%) 2 (1.0)2 3(3.3)*" 6 (4.3)° 1(1.7)*° 0.045
Liver-related mortality, n (%) 0(0) 0(0) 2(14) 0(0) 0.121

Data presented as n (%). Different superscript letters (a, b)
indicate significant differences between groups (p<0.05). P-values
from chi-square or Fisher’s exact test.

Abbreviations: HCC, hepatocellular  carcinoma; cy,
cardiovascular; TIA, transient ischemic attack; T2DM, type 2
diabetes mellitus; NA, not applicable.

Type C patients showed highest incidence of hepatic
decompensation events (3 patients developed ascites, 2 developed

hepatic encephalopathy, p=0.042 and 0.038 respectively), and
progression to cirrhosis based on clinical criteria (8 patients, 5.7%,
p<0.001). Type D patients, despite normal BMI, showed surprisingly
high cardiovascular event rates (7 events, 11.7%), exceeding Type
A (8 events, 3.8%, p=0.012) and similar to Type B (9 events, 10%,
p=0.72) and Type C (12 events, 8.6%, p=0.43).

Type B showed high rates of phenotype progression (14
patients, 15.6%) and new-onset diabetes (8 patients, 21.1% of
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non-diabetic at baseline), suggesting that iron-mediated metabolic
dysfunction drives disease evolution. Type A showed minimal
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disease progression with only 6 patients (2.9%) advancing to
higher phenotype categories.
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Figure 3: Hierarchical Clustering Dendrogram of MAFLD Phenotypes Ward’s Method Linkage Based on Using Multiparametric Ultrasound Fea-
tures (n=500).

Discussion

This comprehensive study of 500 patients with MAFLD
demonstrates that quantitative multiparametric ultrasound can
effectively identify and characterize distinct disease phenotypes
with important clinical and prognostic implications. The
integration of novel parameters including ultrasound-derived
fat fraction (UDFF), speed of sound (SoS), and iron signal effect
index (ISEI) significantly enhanced phenotype discrimination
beyond conventional ultrasound capabilities. Our findings support
the concept that MAFLD is not a single disease entity but rather
encompasses heterogeneous subtypes requiring tailored diagnostic
and therapeutic approaches.

Principal Findings

We successfully classified MAFLD patients into four distinct
phenotypes based on integrated mpUS assessment combined with

clinical and biochemical data. The pure steatosis phenotype (Type
A, 42%) represented the most common and benign presentation,
characterized by predominant fat accumulation without significant
inflammation or fibrosis. These patients generally exhibited milder
metabolic dysfunction and favorable short-term prognosis, with
minimal progression during follow-up (2.9%).

The mixed fat-iron phenotype (Type B, 18%) demonstrated
coexistent hepatic steatosis and iron accumulation, associated with
pronounced insulin resistance and metabolic syndrome despite
the absence of hereditary hemochromatosis. The distinctive ISEI
elevation (2.8+0.6 vs 1.2+0.3 in Type A) and reduced SoS (1538+11
m/svs 154848 m/sin Type A) provided a unique acoustic signature
enabling highly accurate identification (AUC 0.94) [22,23,24,25].
This finding aligns with emerging evidence that dysmetabolic
iron overload syndrome contributes to MAFLD progression and
metabolic complications. The worrisome progression rate (15.6%)
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and high new-onset diabetes incidence (21.1%) in this phenotype
underscore the pathogenic role of iron.

The steatotic fibroinflammatory phenotype (Type C, 28%)
represented advanced disease with active inflammation and
fibrosis, showing highest risk for progression to cirrhosis (5.7%)
and hepatic complications. The combination of elevated liver
stiffness, increased SoS reflecting fibrosis [38], and inflammatory
markers effectively identified this high-risk group (AUC 0.91). These
patients demonstrated markedly elevated liver stiffness (8.7+3.2
kPa), SoS (1568414 m/s), inflammatory markers, and non-invasive
fibrosis scores, warranting intensive monitoring and intervention.

Notably, the lean MAFLD phenotype (Type D, 12%) occurred
in non-obese individuals yet exhibited significant metabolic
dysfunction and hepatic involvement, challenging the conventional
association between MAFLD and obesity [28,29]. These patients
showed disproportionate visceral adiposity and insulin resistance
despite normal BMI (23.1¢1.8 kg/m?), suggesting that body
composition rather than total adiposity drives metabolic liver
disease in this subgroup. The unexpectedly high cardiovascular
event rate (11.7%) in Type D patients, comparable to Type B
(10%) and exceeding Type A (3.8%, p=0.012), emphasizes that
lean individuals with MAFLD should not be dismissed as low-risk
[39,40].

Novel Contributions of Advanced Ultrasound Parameters

Ultrasound-Derived Fat Fraction (UDFF): The integration of
UDFF provided quantitative steatosis assessment with excellent
correlation to MRI-PDFF (r=0.91), the current reference standard
[18,19]. UDFF offered advantages over conventional attenuation
coefficient by providing direct fat percentage values, facilitating
clinical interpretation and longitudinal monitoring. The inverse
relationship between UDFF and disease severity (highest in Type
A, lowest in Type D) suggests that advanced fibroinflammation
may reduce hepatic fat content, a phenomenon termed “burnt-
out NASH” in histological studies [41]. This finding has important
implications for disease monitoring, as declining steatosis does not
necessarily indicate improvement and may signal progression to
advanced fibrosis.

Speed of Sound (SoS): SoS measurements emerged as a
critical discriminator providing orthogonal information to steatosis
markers [20,21,38]. The bidirectional SoS changes—reduced in
Type B (1538+11 m/s) due to combined fat-iron effects, elevated in
Type C (1568+14 m/s) reflecting fibrosis—enabled differentiation
that would be impossible with steatosis or stiffness measurements
alone. Iron deposition reduces tissue SoS through altered acoustic
impedance, while fibrosis increases SoS through increased collagen
content and tissue stiffness [20,38]. The strong correlation between
SoS and liver stiffness in Type C (r=0.76, p<0.001) validates SoS
as a complementary fibrosis marker. Integration of SoS improved
Type C identification (AUC 0.91 with SoS vs 0.86 with liver stiffness
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alone), suggesting that multiparametric assessment captures
disease complexity better than single parameters.

Iron Signal Effect Index (ISEI): The development and
validation of ISEI represents a major advance in non-invasive
iron assessment [22,23]. Traditional hepatic iron quantification
requires MRI T2* or R2* sequences, which are expensive and not
widely available, or liver biopsy with histochemical staining. ISEI
leveraged the distinctive ultrasound signal characteristics of iron-
laden hepatocytes—increased posterior attenuation, reduced
backscatter, and frequency-dependent signal loss—to create a
composite index [22]. The exceptional performance of ISEI for
Type B identification (AUC 0.96 as a standalone parameter, 0.94
in combination with SoS) exceeded our expectations and suggests
potential for broader application in iron overload assessment.

The strong correlations between ISEI and serum iron markers
(ferritin r=0.74, transferrin saturation r=0.68, serum iron r=0.71)
and MRI-measured hepatic iron concentration (r=0.86 in validation
subset) establish ISEI as a valid iron biomarker. Importantly, ISEI
detected 18 patients (12.9%) within the Type C cohort who had
concurrent iron accumulation, representing a mixed phenotype
with potentially different therapeutic implications. This level of
granular phenotyping would not be possible with serum markers
or conventional ultrasound alone.

Multiparametric Integration and Machine Learning Po-

tential

The principal component analysis demonstrated that the eight
mpUS parameters capture distinct but complementary aspects of
hepatic pathology. PC1 primarily reflected the steatosis-iron axis,
with UDFF and attenuation coefficient loading positively and ISEI
loading negatively. PC2 captured fibroinflammatory features with
high loadings from liver stiffness, SoS, dispersion slope, and focal
disturbance ratio. This orthogonal information structure explains
why multiparametric approaches outperformed single parameters
for phenotype discrimination.

The clear clustering observed in PCA and hierarchical analysis
(silhouette coefficient 0.74, indicating good cluster separation
[42]) validates the biological reality of these phenotypes rather
than arbitrary classification. Type B formed the most distinct
cluster, driven by its unique combination of high ISEI and low SoS.
Type C separated based on high values across all fibroinflammatory
parameters. The partial overlap between Types A and D in
ultrasound-only PCA, with complete separation when BMI was
included, confirms that these phenotypes differ primarily in
metabolic context rather than hepatic tissue characteristics.

These findings suggest potential for machine learning
algorithms to automate phenotype classification. Deep learning
approaches could potentially identify additional phenotypic
subtypes or continuous phenotypic spectra not captured by our
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categorical classification [43,44]. Automated analysis would
enhance objectivity, reduce inter-observer variability, and facilitate
implementation in non-specialist settings.

Pathophysiological Insights and Mechanistic Implica-

tions

Type A - Pure Steatosis: The benign natural history of Type
A (2.9% progression) supports the concept that simple steatosis
without inflammation or fibrosis carries relatively low risk for liver-
related outcomes, though cardiovascular risk remains elevated [45].
The strong correlations between UDFF and metabolic parameters
(triglycerides r=0.62, HOMA-IR r=0.56) suggest that hepatic
steatosis in this phenotype reflects systemic metabolic dysfunction
and lipid overflow. Therapeutic strategies targeting insulin
resistance and dyslipidemia may effectively reverse steatosis in this
group [46,47].

Type B - Mixed Fat-Iron: The pathophysiology of dysmetabolic
iron overload in MAFLD is incompletely understood but appears
to involve dysregulated hepcidin-ferroportin signaling, increased
duodenal iron absorption, and impaired hepatic iron export in the
context of insulin resistance [24,25]. Iron catalyzes reactive oxygen
species formation through Fenton chemistry, amplifying lipotoxicity
and promoting hepatocyte injury, inflammation, and fibrogenesis
[48]. The pronounced insulin resistance in Type B (HOMA-IR
5.2+2.8, highest among phenotypes) and strong correlation
between ISEI and HOMA-IR (r=0.61) support bidirectional iron-
insulin resistance interactions: iron impairs insulin signaling while
hyperinsulinemia promotes iron retention [49].

The high progression rate (15.6%) and new-onset diabetes
incidence (21.1%) in Type B patients suggest that iron-mediated
pathways drive metabolic and hepatic disease evolution. These
findings support potential therapeutic benefit from iron reduction
strategies. Small studies of therapeutic phlebotomy in NAFLD
patients with hyperferritinemia have shown improvements
in insulin sensitivity and liver enzymes [50,51], though large
randomized trials are needed. Iron chelation represents an
alternative approach requiring investigation [52].

Type C - Steatotic Fibroinflammation: This phenotype
corresponds to NASH with significant fibrosis (=F2) on histology
and represents the primary target for emerging pharmacotherapies
[53,54]. The integration of multiple inflammatory and fibrotic
stiffness, SoS, dispersion slope,
focal disturbance ratio, hsCRP, and transaminases—suggests
active fibrogenesis driven by persistent hepatocyte injury and
inflammatory cell recruitment. The strong correlations between
liver stiffness and diabetes duration (r=0.54) and poor glycemic

markers—elevated liver

control (r=0.49) implicate chronic metabolic dysfunction in disease
progression.

The concerning outcomes in Type C during short-term follow-
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up—hepatic decompensation (3.6%), cirrhosis progression (5.7%),
HCC (0.7%), and liver-related mortality (1.4%)—underscore
the clinical importance of identifying this phenotype. Current
therapeutic developments including FGF21 analogs, thyroid
hormone receptor-f agonists, PPAR agonists, and ASK1 inhibitors
have shown promise in phase 2-3 trials for NASH patients with
fibrosis [53,54,55]. Non-invasive identification of Type C phenotype
could facilitate enrollment in clinical trials and eventual targeted
therapy deployment.

Type D - Lean MAFLD: The mechanisms underlying MAFLD
in non-obese individuals remain debated but likely involve genetic
predisposition, preferential visceral adiposity, muscle insulin
resistance, and ethnic-specific metabolic thresholds [28,29,39,40].
Our finding that visceral adiposity index correlated strongly with
HOMA-IR (r=0.72) and UDFF (r=0.58) in Type D while BMI did
not (r=0.28 and r=0.14 respectively) supports the hypothesis
that ectopic fat deposition rather than total adiposity drives
pathogenesis. Genetic variants in PNPLA3, TM6SF2, MBOAT7, and
GCKR have been associated with MAFLD susceptibility independent
of obesity [56,57] and may be enriched in Type D patients, though
genetic testing was not performed in this study.

The high cardiovascular event rate in Type D (11.7%),
comparable to obese MAFLD phenotypes and exceeding Type
A (3.8%), challenges the “metabolically healthy obese” and
“metabolically unhealthy normal weight” paradigms. These findings
suggest that metabolic dysfunction and ectopic lipid deposition,
regardless of BMI, confer cardiovascular risk [58,59]. Type D
patients may benefit from aggressive cardiovascular risk factor
management despite reassuring anthropometric measurements.

1.1. Comparison with Existing Literature

Our phenotypic classification aligns with and extends previous
attempts to subtype NAFLD/MAFLD. Histological studies have
identified distinct patterns including steatosis-predominant,
inflammation-predominant, and fibrosis-predominant NASH
[6,7,8], but invasive biopsy limits applicability. MRI-based
phenotyping studies using MRI-PDFF for steatosis quantification,
MR elastography for fibrosis, and T2* for iron assessment have
demonstrated similar heterogeneity [60,61], but cost, availability,
contraindications, lengthy acquisition
widespread implementation. Our approach using widely available
ultrasound technology with quantitative capabilities offers a

and times constrain

practical alternative suitable for population-level screening and
longitudinal monitoring.

The prevalence of lean MAFLD (12%) in our cohort aligns
with recent meta-analyses reporting 10-20% of MAFLD patients
are non-obese, with higher prevalence in Asian populations
[34,39]. Our metabolic characterization of Type D—marked insulin
resistance despite normal BMI, elevated visceral adiposity index,
high diabetes prevalence—closely resembles previous descriptions
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of lean NAFLD [28,29,40], validating our phenotype definition.

The prevalence of iron accumulation in MAFLD varies widely
across studies (10-40%) depending on detection methods and
definitions [24,25]. Our finding of 18% with clear Type B phenotype,
plus an additional 12.9% of Type C patients with concurrent iron
elevation, yields a total iron-positive prevalence of 21.6%, within
the reported range. The distinctive acoustic signature of Type B
(elevated ISEI, reduced SoS) extends previous observations that
hepatic iron alters ultrasound properties [22,23] and represents
the first large-scale application of ISEI in MAFLD phenotyping.

The excellent performance of SWE for identifying advanced
disease (Type C) validates multiple prior studies using vibration-
controlled transient elastography (VCTE), point shear wave
elastography, or two-dimensional SWE for NAFLD/MAFLD fibrosis
staging [15,35,62,63]. Our reported cutoff of 7.0 kPa for significant
fibroinflammation aligns closely with meta-analytical estimates
for detecting =F2 fibrosis using two-dimensional SWE [15]. The
added value of combining elastography with SoS, inflammatory
markers, and advanced tissue characterization represents a novel
contribution demonstrating that multiparametric assessment
outperforms single modalities.

Clinical Implications and Translation

This phenotyping approach has several important clinical
applications:

Personalized Risk Stratification: Moving beyond binary
MAFLD presence/absence to phenotype-based classification
enables refined prognostication. Type C patients require intensive
monitoring for progression with 6-12 month follow-up intervals,
consideration for liver-directed pharmacotherapy trials, and
aggressive cardiovascular risk management. Type B patients
warrant evaluation for iron reduction interventions and enhanced
diabetes screening given the 21.1% new-onset diabetes rate. Type
A patients may initially be managed with lifestyle modification and
annual monitoring, while Type D patients need recognition that
normal BMI does not confer protection and metabolic screening is
warranted [64,65].

Clinical Trial Enrichment: The heterogeneity of MAFLD
complicates clinical trial design, as therapeutic responses likely
differ between phenotypes [66,67]. Enriching trials for specific
phenotypes could increase statistical power and accelerate drug
development. Type C patients (28% of MAFLD cohort) represent
the population most likely to benefit from anti-fibrotic agents and
should be prioritized for trials of compounds targeting fibrogenesis
[53,54,55]. Type B patients could be enrolled in trials of iron-
modulating therapies [50,51,52]. Phenotype-stratified analyses
of existing trial data could provide preliminary insights into
differential treatment responses.

Non-invasive Longitudinal Monitoring: Traditional liver
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biopsy cannot be repeated frequently due to invasiveness and cost,
limiting monitoring capabilities. Serial mpUS examinations can
track phenotype progression or regression, providing objective
endpoints for therapeutic interventions [68,69]. For example,
transition from Type A to Type C during follow-up would indicate
disease progression warranting treatment escalation, while
reduction in liver stiffness and SoS in Type C patients on therapy
would suggest beneficial response. The excellent reliability of
mpUS parameters (ICC >0.85 for all parameters) supports utility
for detecting clinically meaningful changes.

Population Screening and Case Finding: Conventional
ultrasound is already widely used for MAFLD screening in at-
risk populations [70], but subjective interpretation and lack
of quantification limit effectiveness. Quantitative mpUS could
enhance screening programs by providing objective steatosis
quantification, automated risk stratification, and concurrent
assessment of fibrosis, inflammation, and iron status [71,72]. Point-
of-care algorithms could flag high-risk phenotypes (Types B and C)
for specialist referral while reassuring low-risk individuals (Type
A with favorable metabolic profile). Such algorithmic approaches
could reduce unnecessary referrals while ensuring appropriate
risk-based care allocation.

Primary Care Implementation: While MRI and biopsy
require specialized facilities, ultrasound equipment is available
in most primary care networks. Training programs could equip
primary care providers or dedicated sonographers with mpUS
skills, democratizing advanced MAFLD assessment [73,74]. Quality
assurance through centralized reading centers and automated
quality metrics could ensure standardization. Reimbursement
structures would need to evolve to support quantitative ultrasound
beyond conventional B-mode imaging.

Strengths and Limitations

Major strengths of this study include: the large, well-
characterized cohort with comprehensive clinical, biochemical,
and imaging data; design enhancing generalizability across diverse
populations and practice settings; rigorous mpUS methodology
using state-of-the-art equipment with high reliability (ICC >0.85);
systematic phenotype classification by independent expert
adjudication; prospective design with standardized assessment
protocols minimizing bias; integration of novel parameters (UDFF,
SoS, ISEI) not previously combined for MAFLD phenotyping;
and longitudinal outcome data demonstrating clinical validity of
phenotype classification.

Several limitations warrant consideration:

Absence of Histological Validation: The lack of liver biopsy
prevents direct histological correlation of phenotypes. While
this represents a limitation for validating phenotype-histology
relationships, it aligns with our objective of developing a non-
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invasive classification system. The strong correlations between
mpUS parameters and validated non-invasive fibrosis scores
(FIB-4, NAFLD fibrosis score, APRI), and with MRI biomarkers
in validation subsets (UDFF-MRI PDFF r=0.91, ISEI-MRI R2*
r=0.86), provide indirect validation. Future studies incorporating
biopsy in representative subsets would strengthen phenotype
characterization and enable correlation with histological activity
scores, fibrosis stages, and specific pathological features.

Limited Follow-up Duration and Multicentric Design: The
relatively short median follow-up (18 months) and single centre
design limits assessment of long-term outcomes and phenotype
stability. Longer-term studies (5-10 years) are needed to determine
whether phenotypesremainstable, progress sequentially (A—B—C),
or shift dynamically. Whether Type A patients inevitably progress
to Type C or represent a stable low-risk state requires extended
observation. The natural history of Type B is particularly unclear—
does iron accumulation precede steatohepatitis development, or
does it occur independently? Longitudinal studies with serial mpUS
and outcome assessment would address these questions.

Iron Quantification Methods: While we excluded hereditary
hemochromatosis through genetic testing and used comprehensive
iron markers (ferritin, transferrin saturation, serum iron, ISEI),
we did not perform direct hepatic iron quantification by MRI R2*
mapping or liver biopsy with iron histochemistry in all patients. The
validation subset (n=65) showed strong ISEI-MRI R2* correlation
(r=0.86), but broader validation would strengthen confidence in
ISEI as an iron biomarker. Additionally, ISEI threshold validation in
independent cohorts is needed before widespread clinical adoption.

Phenotype Classification Complexity: Our phenotype
definitions require integration of multiple clinical, laboratory,
and imaging parameters, which may limit real-world applicability
compared to simpler single-parameter classifications. However,
MAFLD heterogeneity likely multiparametric
approaches for accurate phenotyping. Development of automated
algorithms or simplified scoring systems
implementation. Machine learning models trained on our dataset
could potentially simplify classification while maintaining accuracy
[43,44].

necessitates

could facilitate

Ethnic and Geographic Heterogeneity: We did not perform
ethnicity-stratified subgroup analyses due to sample size limitations.
Ethnic differences in body composition, metabolic thresholds, and
genetic susceptibility to MAFLD are well-documented [75,76], and
phenotype distributions may vary across populations. The higher
lean MAFLD prevalence in Asian populations [34,39] suggests
potential ethnic differences in Type D prevalence. Larger studies
examining ethnic-specific phenotype patterns and mpUS parameter
thresholds are warranted.

Technology and Expertise Requirements: mpUS quantitative
capabilities require recent-generation ultrasound equipment and

Copyright© Atul Kapoor

specialized training, potentially limiting immediate widespread
implementation. Not all facilities have access to systems
capable of UDFE SoS, ISEI, and advanced tissue characterization
measurements. Standardization of protocols across equipment
manufacturers and expansion of training programs will be
necessary for broad adoption [77]. Cost-effectiveness analyses
comparing mpUS phenotyping to alternative approaches (MRI,
biopsy, serum biomarker panels) would inform resource allocation
decisions.

Alternative Classification Schemes: Our four-phenotype
scheme represents one of several possible approaches to
MAFLD subtyping. Alternative classifications based on genetic
polymorphisms (PNPLA3, TM6SF2 genotypes) [56,57], lipidomic
profiles [78], gut microbiome characteristics [79], or molecular
[80]
discrimination for specific applications. Integration of imaging

signatures might provide complementary or superior
phenotypes with molecular classifications represents an important
future direction. Additionally, continuous phenotypic measures
(using principal component scores) rather than categorical
classification might better capture the spectrum of disease
heterogeneity.

Mixed Phenotypes: Eighteen Type C patients (12.9%) showed
concurrent iron elevation (ISEI 21.8), representing a mixed Type
B-C phenotype not fully captured by our primary classification.
This finding illustrates that some patients exhibit overlapping
features that resist categorical assignment. More granular
subtyping or allowance for multiple phenotype assignments might
better represent biological reality. Whether mixed phenotypes have
distinct prognoses or therapeutic responses requires investigation.

Dynamic Phenotype Changes: Our classification assigned
patients to phenotypes at a single time point, but phenotypes may
evolve during disease progression or in response to interventions.
Serial phenotypingduringlongitudinal follow-up would characterize
transition patterns and identify factors driving phenotype changes.
Understanding whether therapeutic interventions can reverse
phenotypes (e.g., Type C—»Type A with fibrosis regression) has
important implications for treatment monitoring.

Future Directions
Several research priorities emerge from this work:

Prospective Longitudinal Cohorts: Long-term prospective
studies (5-10 years) with serial mpUS phenotyping and
comprehensive outcome assessment are essential to validate
phenotype stability, and

determine associations with hard clinical outcomes including

characterize progression patterns,

hepatic decompensation, hepatocellular carcinoma, cardiovascular
events, and mortality [81,82]. Such studies should incorporate
serial measurements of all mpUS parameters, detailed metabolic
profiling, and systematic outcome adjudication.
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Histological Correlation Studies: Although non-invasive
phenotyping is the goal, validation studies incorporating liver
biopsy in representative subsets would strengthen confidence
in phenotype-histology relationships. Ideally, these would
include central pathology review using standardized scoring
systems (NAFLD Activity Score, NASH CRN fibrosis staging)
[9,10] and specialized assessments (iron staining, inflammation
characterization, morphometry). Correlating mpUS
phenotypes with specific histological features would refine

phenotype definitions and identify potential discordances.

fibrosis

Multimodality Imaging Comparisons: Direct comparisons
of mpUS phenotyping with MRI-based approaches (MRI-PDFF,
MR elastography, T2*/R2* iron mapping) [60,61] would establish
relative performance, identify complementary information, and
guide selection of optimal modalities for specific applications. Cost-
effectiveness analyses would inform healthcare policy and resource
allocation. Hybrid approaches combining ultrasound for screening
with selective MRI for complex cases might optimize accuracy and
efficiency [83].

Phenotype-Stratified Therapeutic Trials: Prospective
clinical trials enrolling specific phenotypes and testing targeted

interventions represent a high priority. Potential trials include:

a) Type B: Therapeutic phlebotomy vs. sham procedure for iron
reduction with outcomes including insulin resistance, liver
stiffness, and metabolic parameters [50,51].

b) Type C: Anti-fibrotic agents (e.g, FGF21 analogs, THR-f
agonists, PPAR agonists) with liver stiffness and SoS as primary
endpoints [53,54,55].

c) Type D: Intensive lifestyle intervention targeting visceral
adiposity vs. standard care, with UDFF and metabolic outcomes
[84].

d) Type A: Lifestyle intervention efficacy for steatosis reversal,
potentially using mpUS parameters as early response
predictors [85].

Artificial Intelligence and Machine Learning: Development
of Al algorithms for automated phenotype classification from mpUS
data could enhance objectivity, scalability, and potentially identify
novel phenotypic subtypes [43,44]. Deep learning approaches using
raw ultrasound data might detect patterns not apparent to human
observers. Natural language processing could integrate clinical and
laboratory data with imaging findings for holistic phenotyping.
External validation of Al models across diverse populations and
equipment platforms would be essential.

Multi-omic Integration: Combining mpUS phenotypes with
genomic (PNPLA3, TM6SF2, MBOAT7, GCKR variants) [56,57],
proteomic [86], metabolomic [78], and metagenomic [79] data
could yield comprehensive molecular-imaging phenotypes. Such
integrative approaches might identify mechanistic subtypes
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that inform precision medicine strategies. For example, imaging
phenotypes combined with genetic risk scores might predict
progression more accurately than either alone.

Pediatric MAFLD Phenotyping: MAFLD increasingly affects
children and adolescents [87,88], but paediatric phenotypes may
differ from adults. Adapting mpUS phenotyping for paediatric
populations, with age-appropriate parameter thresholds and
phenotype definitions, would facilitate early identification of high-
risk individuals and enable preventive interventions during critical
developmental windows.

Intervention Response Prediction: Investigating whether
baseline phenotypes or mpUS parameters predict response to
specific interventions (lifestyle modification, pharmacotherapy,
bariatric surgery) could enable personalized treatment selection
[89,90]. Biomarker-guided therapy, where treatment intensity is
based on phenotypic risk stratification, might optimize outcomes
while minimizing unnecessary interventions.

Health Economics and Implementation Science: Real-world
implementation of mpUS phenotyping requires understanding of
cost-effectiveness, workflow integration, provider training needs,
and patient acceptability [91,92]. Pragmatic trials in diverse
healthcare settings (tertiary centers, community hospitals, primary
care clinics) would identify barriers and facilitators. Comparative
effectiveness research examining mpUS phenotyping vs. standard
care on patient outcomes, healthcare utilization, and costs would
inform adoption decisions.

Conclusions

This large-scale study demonstrates that quantitative
multiparametric ultrasound, incorporating ultrasound-derived fat
fraction (UDFF), speed of sound (SoS), iron signal effect index (ISEI),
shear wave elastography, and advanced tissue characterization,
enables effective non-invasive phenotyping of MAFLD. We identified
four distinct phenotypes—pure steatosis (Type A, 42%), mixed fat-
iron (Type B, 18%), steatotic fibroinflammation (Type C, 28%), and
lean MAFLD (Type D, 12%)—with specific clinical characteristics,
metabolic profiles, acoustic signatures, and prognostic implications.

Thenovelintegration of UDFF, SoS, and ISEl enhanced phenotype
discrimination, with particularly impressive performance for Type
B identification (AUC 0.94) through ISEIl's unique iron detection
capability. The excellent reliability of all mpUS parameters (ICC
>0.85), clear clustering in multivariate analyses, and differential
clinical outcomes during follow-up validate this phenotyping
approach as clinically meaningful.

As MAFLD continues to increase in global prevalence [1,2],
affecting hundreds of millions worldwide and emerging as a leading
cause of cirrhosis and hepatocellular carcinoma [93,94], precision
medicine approaches based on robust phenotypic classification will
become increasingly important for optimizing patient outcomes
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and healthcare resource allocation. Quantitative multiparametric
ultrasound offers a practical, widely accessible, non-invasive tool
for comprehensive MAFLD phenotyping suitable for population-
level screening, risk stratification, longitudinal monitoring, and
therapeutic targeting.

Future research should focus on long-term outcome validation,
phenotype-stratified therapeutic trials, Al-enabled automation,
multi-omic integration, and real-world implementation to fully
realize the potential of mpUS-based precision medicine in MAFLD
management. The ultimate goal is to move beyond one-size-fits-all
approaches to personalized, phenotype-guided care that matches
therapeutic intensity to individual risk and targets interventions to
specific pathogenic mechanisms.
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