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Abstract—Adiposity accumulation in the liver is an early-stage indicator of non-alcoholic fatty liver disease.
Analysis of ultrasound (US) backscatter echoes from liver parenchyma with deep learning (DL) may offer an
affordable alternative for hepatic steatosis staging. The aim of this work was to compare DL classification scores
for liver steatosis using different data representations constructed from raw US data. Steatosis in N = 31 patients
with confirmed or suspected non-alcoholic fatty liver disease was stratified based on fat-fraction cutoff values
using magnetic resonance imaging as a reference standard. US radiofrequency (RF) frames (raw data) and clini-
cal B-mode images were acquired. Intermediate image formation stages were modeled from RF data. Power
spectrum representations and phase representations were also calculated. Co-registered patches were used to
independently train 1-, 2- and 3-D convolutional neural networks (CNNs), and classifications scores were com-
pared with cross-validation. There were 67,800 patches available for 2-D/3-D classification and 1,830,600 patches
for 1-D classification. The results were also compared with radiologist B-mode annotations and quantitative
ultrasound (QUS) metrics. Patch classification scores (area under the receiver operating characteristic curve
[AUROC]) revealed significant reductions along successive stages of the image formation process (p < 0.001).
Patient AUROCs were 0.994 for RF data and 0.938 for clinical B-mode images. For all image formation stages,
2-D CNNs revealed higher patch and patient AUROCs than 1-D CNNs. CNNs trained with power spectrum rep-
resentations converged faster than those trained with RF data. Phase information, which is usually discarded in
the image formation process, provided a patient AUROC of 0.988. DL models trained with RF and power spec-
trum data (AUROC = 0.998) provided higher scores than conventional QUS metrics and multiparametric combi-
nations thereof (AUROC = 0.986). Radiologist annotations indicated lower hepatic steatosis classification
accuracies (Acc = 0.914) with respect to magnetic resonance imaging proton density fat fraction that DL models
(Acc = 0.989). Access to raw ultrasound data combined with artificial intelligence techniques may offer superior
opportunities for quantitative tissue diagnostics than conventional sonographic images. (E-mail: sergio.
sanabria@deusto.es) © 2022 World Federation for Ultrasound in Medicine & Biology. All rights reserved.
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INTRODUCTION

Non-alcoholic fatty liver disease (NAFLD) is the most

common liver disorder, affecting one in four adults

(Marjot et al. 2020). NAFLD is characterized by the

accumulation of adipose cells in the liver of causes other

than alcohol. Although strongly associated with obesity,

NAFLD also affects around 11% of the lean population

and is generally asymptomatic. Fat accumulation (steato-

sis) can progress to liver inflammation (steatohepatitis),

which can lead to severe complications such as cirrhosis,
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liver carcinoma, liver failure and cardiovascular disease.

The estimated direct health care burden of NAFLD is

estimated at around 100 billion annually in the United

States. Low-cost high-yield methods for lifelong

NAFLD screening are therefore a clinical priority (You-

nossi et al. 2016; Marjot et al. 2020; Young et al. 2020).

The current gold standard for NAFLD diagnosis

and classification is liver biopsy, which is limited by

sampling error and potential patient complications. With

the development of highly accurate quantitative sequen-

ces, magnetic resonance imaging (MRI) has been postu-

lated as a non-invasive alternative to biopsy for

macroscopic assessment of liver adipositas (Tang et al.
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2013; Wong et al. 2018). Yet MRI is impractical for gen-

eral screening because of its high costs and limited avail-

ability. Ultrasound (US) is widely used for liver

examination because of its wide accessibility, non-inva-

sive nature and low cost. Medical probes emit sound

waves at megahertz frequencies—three orders of magni-

tude over the human audible range�and record echoes

reflected from tissue as a series of time-domain signals

(also known as radiofrequency [RF] data). A series of

signal processing steps are used to create a human-inter-

pretable image (B-mode or echography) (Hoskins 2003).

Fatty liver is recognized by experienced sonographers in

B-mode images with distinctive qualitative features, for

example, an increase in echogenicity (“bright liver”) of

liver parenchyma and decreased visualization of vascula-

ture and diaphragm (Hernaez et al. 2011). The broader

use of ultrasound is currently limited by a steep learning

curve and lack of quantification (Strauss et al. 2007; Fer-

raioli and Monteiro 2019).

Significant efforts are ongoing to develop and vali-

date quantitative ultrasound (QUS) metrics, which are

displayed as adjunct modalities to B-mode images for

objective liver tissue characterization (Imbault et al.

2017; Ferraioli et al. 2019; Li et al. 2019; Chen et al.

2020; Basavarajappa et al. 2021; Gao et al. 2022; Pir-

moazen et al. 2022; Wen et al. 2022). Elastography

measures tissue deformation in response to mechanical

excitation as a quantitative surrogate of tissue stiffness,

and is well established for fibrosis staging (Barr et al.

2015). Analysis of shear wave attenuation shows prom-

ise for steatosis quantification (Shi et al. 2014; Ferraioli

et al. 2019; Ormachea and Parker 2020). Viscosity, for

instance, estimated from tissue shear wave dispersion

(Nightingale et al. 2015; Bhatt et al. 2019), may provide

an indication of liver inflammation, with reported more

moderate correlates than stiffness to liver fibrosis (Sugi-

moto et al. 2020; Popa et al. 2021) and inconsistent cor-

relates with liver fat fraction (Pirmoazen et al. 2022) and

steatosis (Deffieux et al. 2015; Pearson et al. 2022).

Alternative QUS parameters have recently been

proposed for liver steatosis quantification based on the

parametrization of tissue echogenicity from raw RF data.

These include normalized brightness metrics such as the

hepatorenal index; attenuation parameters, which model

the damping of ultrasound signal with depth; statistical

models of tissue reflectivity texture such as the Naka-

gami parameter or entropy metrics; and quantitative

spectroscopy metrics, among others (Lee et al. 2020; Pir-

moazen et al. 2020, 2022; Jeon et al. 2021). Multipara-

metric combinations of these metrics have indicated

improved diagnostic outcomes for steatosis and NAFLD

(Han et al. 2019; Sanabria et al. 2020a; Sugimoto et al.

2020; Gao et al. 2022; Wen et al. 2022).
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Deep learning (DL) methods based on multilayered

neural networks efficiently learn features directly from

annotated data, typically images or raw signals, and can

classify data without feature extraction. By use of radiol-

ogist-labeled annotations, DL has achieved human-com-

parable performance in classification of numerous

pathologies in radiological images, with promise for

companion diagnostics (Saba et al. 2019; Zhou et al.

2019). Self-supervised models based on annotations

obtained from quantitative reference standards, such as

MRI and biopsy, exhibit the potential to augment quanti-

tative capacities of ultrasound systems beyond what is

today possible with human annotation. To date, most of

the available DL literature for US is based on B-mode

images, which are widely available in the clinical setting

and easily annotated by radiologists (Liu et al. 2019;

Zhou et al. 2019; Yang et al. 2020; Cha et al. 2021;

Colantonio et al. 2021; Byra et al. 2022). A key aspect in

developing DL techniques in ultrasound tissue character-

ization is to find adequate ultrasound data or adequate

representations to train the neural network. In analogy to

model-based QUS metrics, it is reasonable to believe

that DL based on RF time-series data can provide addi-

tional learning information than the final post-processed

B-mode images. Recent DL work has indicated the

potential of RF data for hepatic steatosis staging (Chen

et al. 2020; Han et al. 2020; Sanabria et al. 2020b).

In this study, we compare different US data repre-

sentations with respect to their ability to classify steatotic

livers. We capture the ultrasound data at different stages

of the B-mode image formation process (RF, in-phase

and quadrature [IQ], envelope, log compression, denois-

ing) and extract co-registered patches for each represen-

tation, which we use to train convolutional neural

network classifiers of different complexities. We com-

pare the classification outcomes with patches extracted

from clinical-grade B-mode images extracted from the

same US system. We also explore classification based on

spectral representations of the data, which are commonly

employed in the estimation of QUS parameters. Finally,

we investigate classification based on phase representa-

tions of ultrasound data, which are less conventional and

usually discarded during the B-mode image formation

process.
METHODS

Clinical data acquisition and annotation

In this prospective, HIPAA-compliant study, ultra-

sound RF data and B-mode images were acquired for 31

patients with confirmed or suspected NAFLD. The study

was approved by the Stanford Institutional Review

Board (IRB), and written informed consent was obtained
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prior to the patient’s participation in the study. The

patient population was screened from a larger 211-

patient population, which underwent clinical liver MRI

at our institution for 11 mo. The same patient population

had been examined in a previous study with serology

and QUS techniques (Pirmoazen et al. 2022), where

patient demographics were detailed. Inclusion criteria

were confirmed or suspected NAFLD, including at least

one independent risk factor. Exclusion criteria were

moderate to heavy alcohol consumption, history of other

chronic liver diseases and suspected drug-related hepato-

toxicity.

Liver MRI was carried out with a 3.0-T scanner

(Discovery MR750, GE Medical Systems, Waukesha,

WI, USA) within a maximum of 2 wk from the US

examination. To provide an extensive evaluation of liver

parenchyma, a body radiologist (10 y of experience)

defined regions of interest in each of the liver segments

5 to 8, excluding potentially artifactual contributions,

major blood vessels, bile ducts, cysts or any other inci-

dental findings. Four MRI proton density fat fraction

(PDFF) measurements for each segment of the right

hepatic lobe were averaged and used as reference for

hepatic fat quantification. Liver steatosis staging

(S0 = none, S1 = mild, S2 = moderate and S3 = severe)

was performed with MRI-PDFF cutoff values at 6.4%,

17.4% and 22.1%, respectively, for stages S1, S2 and S3

(Tang et al. 2015) (Table 1). These cutoff values were

used as a reference to stratify patients.

Clinical B-mode US data acquisition was carried

out with a high-end Philips EPIQ 7 US system (Philips

Healthcare, Bothell, WA, USA) and a C5-1 curvilinear

transducer (bandwidth: 1-5 MHz, aperture: 55.5 mm,

field of view: 111˚, 160 crystal elements). Simulta-

neously recorded, beamformed, ultrasound RF data were

made available by the manufacturer for each acquired

US view. A total of 9�12 US views were acquired per

patient including both intercostal views with liver and

kidney and subcostal sagittal views. RF data were

applied to a simplified image formation process (Fig. 1a)

to generate intermediate “images” from the various US
Table 1. Categorization of study patient population in steatosis
stages according to MRI-PDFF

Number of patients MRI-PDFF (%)

Cutoff Mean Range

S0 (none) 13 <6.4 3.4 1.3�4.9
S1 (mild) 7 [6.4, 17.4] 12.9 8.6�14.5
S2 (moderate) 3 [17.4, 22.1] 18.9 17.6�19.9
S3 (severe) 8 �22.1 29.5 23.1�42.9
All 31 13.8 1.3�42.9

MRI-PDFF = magnetic resonance imaging proton density fat
fraction.
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data representations. The liver region was manually seg-

mented in clinical B-mode views by two readers with at

least 10 y of experience in reading ultrasound images

(Fig. 1b). For average registration to the MRI-PDFF ref-

erence, the liver views in ultrasound also covered seg-

ments 5 to 8 of the right liver lobe. The readers also

performed qualitative liver steatosis grading of the B-

mode images on the S0�S3 scale. The same annotations

were used for the corresponding spatial locations across

all US data representations.

Ultrasound data representations through image

formation process

The investigated ultrasound data representations are

listed in Table 2. The ultrasound RF data were acquired

immediately after the beamformer stage (Fig. 1a.1) of

the ultrasound system. The RF data were digitized with a

high sampling frequency (20.7 MHz, equivalent to a 37-

mm spatial step). A total of 250 RF lines were acquired

for each ultrasound frame (Fig. 1c.1).

After beamforming, a series of signal processing

steps was carried out to emulate the conversion of RF

data into a visually representable grayscale image. The

calculations are detailed in Appendix S1 (online only).

In the first step (Fig. 1a.2), RF data were demodulated

to shift the information bandwidth from the transducer

peak frequency (here 1.8 MHz) to baseband. This pro-

cess removes fast oscillations from the RF data and

allows decimation of the depth axis by a factor of 8

(300-mm spatial step) without information loss. The

resulting demodulated data representation (IQ data) is

complex valued (Fig. 1c.2). Next, phase information is

eliminated, and an amplitude image (also known as

envelope or ENV) is calculated as the absolute value of

the IQ data (Fig. 1c.3). Because of acoustic damping,

the amplitude of the ultrasound signal is reduced expo-

nentially with depth (Hoskins 2003). This is partially

accounted for by time-gain compensation performed by

the ultrasound system before RF data recording,

thereby using nominal attenuation values in soft tissue

(»0.5 dB/cm/MHz). Moreover, the range of echo

amplitudes detected from different targets is wide (Hos-

kins 2003). A logarithmic compression of ENV data

(LOG) is further applied to normalize the dynamic

range of the data (see Appendix S1, online only) so that

lower amplitude signals (the majority of ultrasound

reflections in the liver) are visualized alongside the

high-amplitude signal, and a uniform grayscale repre-

sentation of tissue reflectivity is achieved for all depths

(Fig. 1c.4).

In a final step, a combination of denoising algo-

rithms with edge preservation are applied to improve

visualization of tissue structures (DEN in Fig. 1c.5). The

DEN image is a pseudo-B-mode representation, which is
Oncoustics Ex. 2001 
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Fig. 1. Representations of ultrasound data during stages of the image formation pipeline. (a.1) Image formation steps
from beamformed RF data to denoised brightness image (DEN). (a.2) Spectrum of RF, baseband IQ and ENV signals.
(b) Clinical B-mode image. (c) Output images at intermediate stage together with exemplary co-registered image
patches. Data are shown for imaging pipeline for healthy 66-y-old female patient with MRI-PDFF = 2.45% (S0 stage).
ENV = envelope; IQ = in phase and quadrature; MRI-PDFF = magnetic resonance imaging proton density fat fraction;

RF = radiofrequency.

Using raw US data in deep learning to classify hepatic steatosis � S. J. SANABRIA et al. 2063
visually comparable to the clinical B-mode image of

Figure 1b. In comparison, the clinical B-mode image

incorporates more sophisticated noise reduction techni-

ques to improve the delineation of tissue structures. This

can include, for instance, spatial compounding techni-

ques combining envelope images obtained from different
Precision Cancer Tec
steering angles or signal decompositions to separately

reduce noise at different frequencies (Mohd Sagheer and

George 2020). Generally, noise reduction techniques are

the proprietary information of manufacturers and are not

disclosed. The clinical B-mode images also incorporated

scan conversion into a Cartesian coordinate system with
Oncoustics Ex. 2001 
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Table 2. Ultrasound data representations evaluated in the study

Data representation Description

RF Beamformed radiofrequency US data
IQ Complex-valued base-band representation
ENV Envelope signal, absolute value of IQ
LOG Logarithmic-compressed ENV
DEN Noise-filtered LOG
Clinical B-mode Clinical-grade US images
PS Power spectrogram of RF
PS_LOG Logarithmic-compressed PS
PS_LOG_NORM PS_LOG normalized separately for each

frequency
PS_LOG_NORM_DEN Noise-filtered PS_LOG_NORM
CARRIER Carrier signal obtained by dividing RF by

ENV
ANGLE Angle of IQ complex phasor
PHASE Unwrapped phase of RF spectrogram
NN model Description
_1D One-dimensional Convolutional NN

(Fig. 4a)
_2D Two-dimensional Convolutional NN

(Fig. 4b)
_3D Three-dimensional Convolutional NN

(Fig. 4c)
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respect to the probe, here a curvilinear transducer, which

was not applied to DEN images.
Fig. 2. Power spectrum representation of ultrasound data for
same participant as in Figure 1. (a) Flow diagram for evaluated
PS representations. (b) Sample log-compressed power spectro-
gram LOG_PS at liver parenchyma region. (c) Image represen-
tation normalized in same log amplitude scale for different
frequencies LOG_PS_NORM. (c.2) Exemplary stacked
patches at same coordinates for successive frequencies.

PS = power spectrum; RF = radiofrequency.
Power spectrum representation of ultrasound data for

QUS

Alternative representations of RF data have been

proposed for tissue quantification. QUS metrics are cal-

culated from spectral representations of the RF data,

which allow analysis of tissue properties at different fre-

quencies (Mamou and Oelze 2013; Pirmoazen et al.

2020). Here, the power spectrum (PS) was calculated in

a non-parametric manner with a digital Fourier trans-

form. Using a moving temporal window along the RF

line (short-time Fourier transform [STFT]) allowed us to

capture local spectral properties as a function of tissue

depth. STFT is a popular PS representation in deep learn-

ing models applied to audio signals (Adavanne et al.

2019; Gogate et al. 2020; Arias-Vergara et al. 2021) To

minimize spectral leakage and preserve resolution, a

Hanning window with 50% overlap was used in the

STFT. The length of the temporal window of 2.5 ms (52

px) provided an effective depth resolution of 2 mm, and

is associated with the effective frequency resolution

1/2.5 ms = 400 kHz (Rao and Swamy 2018). Power spec-

tral density frequency components were calculated for

each pixel between 0 and 8.7 MHz with a frequency step

of 320 kHz (Fig. 2b). This led to a 3-D PS representation

(axial, RF line index, frequency).

A selection of post-processed variations of PS were

evaluated for DL classification (Fig. 2a). This included

logarithmic compression of the full spectrogram
Precision Cancer Tec
(PS_LOG), individual normalization and image com-

pression of the US images for each frequency component

(PS_LOG_NORM, Fig. 2c) and additional noise reduc-

tion for each frequency component (PS_LOG_NORM_-

DEN, not shown) with the same approach as in the

earlier subsection Ultrasound Data Representations
Oncoustics Ex. 2001 
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through Image Formation Process (see details in Appen-

dix S1, online only).
Phase representations of ultrasound data

As described under Ultrasound Data Representa-

tions through Image Formation Process and illustrated in

Figure 1c, phase information in the RF data is generally

discarded in ultrasound systems during the I/Q-to-enve-

lope ENV signal processing step. In this work, we tenta-

tively explored the potential of RF phase information for

DL hepatic steatosis classification. Three different phase

representations were tested based on the workflow illus-

trated in Figure 3a. The CARRIER representation

removes the amplitude information and retrieves the

oscillatory component of the RF data by normalizing the

RF signal with the envelope ENV. This results in a sinu-

soidal phase oscillatory pattern with amplitude in a range

[�1, 1] (Fig. 3a). A second ANGLE representation was

obtained by calculating the phase of the complex IQ sig-

nal in the range [�p, p] rad (Fig. 3b). Finally, a PHASE

representation is calculated as the unwrapped complex

phase for each frequency component of the spectrogram

discussed in the subsection Power Spectrum Representa-

tion of Ultrasound Data for QUS (Fig. 3c).
Fig. 3. Proposed phase representations of ultrasound data for
Carrier frequency representation obtained by normalizing RF da
band IQ representation. (c) Unwrapped phase of spectrogram
shown for each data representation in liver parenchyma, toget

ENV = envelope; IQ = in-phase and q
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Convolutional neural network architectures and training

process

The US data representations calculated in the previ-

ous three subsections were independently used as input

data to train convolutional neural network (CNN) archi-

tectures according to Figure 4. Because of the limited

patient sample available in this study, lightweight neural

networks inspired by the AlexNet architecture were used

to avoid data overfitting (Krizhevsky et al. 2017). Our

model consisted of up to three convolutional layers, with

pooling stages in-between to reduce data dimensionality

and encode image features, followed by two fully con-

nected layers and a SoftMax layer for multiclass hepatic

steatosis classification in the S0, S1, S2 or S3 stage.

Both 1-D (Fig. 4a) and 2-D CNNs were tested (Fig. 4b,

Table 2). One-dimensional CNNs trained based on sepa-

rate RF lines, with an architecture similar to that of Han

et al. (2020). Two-dimensional CNNs included multiple

RF lines as input data, similarly to Sanabria et al.

(2020b). For 3-D spectrogram representations, addition-

ally, a lightweight 3-D CNN architecture, which had pre-

viously been successfully applied for ultrasound

classification of prostate cancer (El Kaffas et al. 2021),

was tested (time, RF line index, frequency) (Fig. 4c).

To achieve a sufficiently large data set for training,

a total of 300 patches were extracted from each
same participant as in Figure 1. (a) Flow diagram. (b.1)
ta with envelope ENV signal. (b.2) Phasor angle of base-
plotted for frequency of 5 MHz. Exemplary patches are
her with the patch in the kidney region for comparison.
uadrature; RF = radiofrequency.
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Fig. 4. Convolutional neural network architectures used in this work. (a) One-dimensional architecture (_1D). (b) Two-
dimensional architecture (_2D). (c) Three-dimensional architecture (_3D). CNN = convolutional neural network, FC =

fully connected layer.
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ultrasound view at uniformly distributed random posi-

tions within the segmentation mask and fed indepen-

dently into the CNN for classification. Each patch was

labeled with the reference steatosis stage (S0, S1, S2 or

S3) according to the average MRI-PDFF value of the

patient. Each patch represented a region of interest

(ROI) of 15£ 15 mm2, corresponding to a lateral dimen-

sion of 20 wavelengths. The ROI was chosen as a com-

promise between a sufficiently large size to provide a

representative texture of liver parenchyma and a suffi-

ciently small size to fit within the edges of the segmented

liver masks. The selected patch size of 15£ 15 mm2 is in

the range of typical regions of interest in US elastogra-

phy (Barr et al. 2015) and allowed for a coverage of

88.1% of the liver parenchyma region. It should be noted

that patch extraction was performed in the pre-scan con-

verted images. The scan-converted patch for the curvi-

linear probe was fan-shaped, and its width increased

with depth. The patch dimensions were adjusted to

achieve an average area of 15 £ 15 mm2 in a typical

liver parenchyma depth range (30�80 mm).

The patches were randomly shuffled prior to train-

ing. Eighty percent of the available data were used for

training and 20% for validation. Patches from different

patients were used in the training and validation sets. A

total of 67,800 patches were available for 2-D/3-D clas-

sification and 1,830,600 patches for 1-D classification.

Patient probability scores were calculated by averaging

the probability scores of the corresponding patches.

For direct comparability between US data represen-

tations, patch center positions were co-registered along

different US representations, and the same CNN archi-

tectures were used to compare different US data repre-

sentation stages. The same loss function (categorical

cross-entropy), optimization algorithm (Adadelta with a

decay rate of 0.95), batch size (30) and learning rate
Precision Cancer Tec
(0.01) were used in all cases. All NNs were trained for

100 epochs, with early stopping occurring after five con-

secutive iterations without improvement of the valida-

tion loss. To minimize overfitting on the validation data

set, the last NN architecture before early stopping was

stored. The same patch input size (392, 27 px [axial, lat-

eral]), corresponding to the patch size before scan con-

version, was used for all calculated data representations

(in spectral representations it was reshaped as [14, 27, 28

px]). The following hyperparameter tuning measures

were allowed to maximize the CNN classification perfor-

mance for each data representation: (i) optimizing non-

linearity activation functions (favoring elu for bipolar

data representations and relu for unipolar data represen-

tations); (ii) reducing the complexity of the network for

demodulated data representations by applying average

pooling at the beginning of the network; (iii) introducing

dropout and batch normalization for regularization. For

each case, the best performing network was selected.

Because of the scan conversion process, the input patch

size (51, 51 px) was slightly larger for clinical B-mode

patches for the same equivalent geometrical size as DEN

patches, while an equivalent network architecture was

preserved. The detailed NN architectures are provided in

Figure S1 (online only). More than 150 iterations of net-

works were carried out to arrive at the final architectures

and hyperparameter settings for each model. Neural net-

works were implemented in Python 3.8.5 using deep

learning libraries (TensorFlow 2.0) with the high-level

application programming interface Keras.

Comparison with quantitative ultrasound metrics

The CNN hepatic steatosis staging performance was

retrospectively compared with classification based on a

comprehensive list of QUS metrics available for the

same population from a previous study (Pirmoazen et al.
Oncoustics Ex. 2001 
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2022). Three backscattering metrics were included: hep-

atorenal index (HRI), attenuation coefficient (AC) and

Nakagami parameter (NP). Additionally, three shear

wave elastography parameters were measured: shear

wave elasticity (SWE), viscosity (SWV) and dispersion

(SWV). Finally, three spectroscopy metrics were consid-

ered: mid-band fit (MBF), spectral intercept (SI) and

spectral slope (SS). Multiparametric descriptors based

on the combination of the nine QUS metrics described

above were also evaluated. Four machine learning

regression models—random forests, Gaussian process,

multilayered perceptron and multilinear model—were

implemented according to the approach previously

described by Sanabria et al. (2020a).

Statistics

To accommodate the small sample size in the study,

a stratified fivefold cross-validation approach was used.

The patient data were divided into five folds with bal-

anced representation of hepatic steatosis categories. The

fold division was performed on the patient level, and

data from different patients were included in different

folds. The same fold stratification was used for all US

data representations, as well as for the QUS multipara-

metric models described in the previous subsection. For

five separate training iterations, four folds were used for

training the model and the remaining fold for validation.

To avoid network overfitting and provide generalizable

results, the validation fold contained unseen patients in

the training fold. Then, for each patient belonging to the

training folds, all corresponding image patches were

used as independent training instances. Similarly, for

each patient belonging to the validation fold, all corre-

sponding image patches were used as independent vali-

dation instances. Multivariate analysis of variance

(MANOVA) was performed to identify differences

among US data representations on a patch classification

level across each CNN inference class (S0, S1, S2 and

S3). A paired t-test was then used to compare AUROC

outcomes for different US data representations across

validation folds and output classes on a patch classifica-

tion level. Conformity of AUROCs to a Gaussian distri-

bution was tested with both the Shapiro�Wilk and

Kolmogorov�Smirnov tests. Adjustment of significance

for multiple paired t-tests was performed with the Benja-

mini and Hochberg procedure (Benjamini and Hochberg

1995; Groppe 2022) for controlling the false discovery

rate (FDR). FDR is the expected proportion of

“discoveries” (rejected null hypothesis) that are false

(incorrect rejections).

Patient analysis was performed to stratify patients

with steatosis based on different MRI-PDFF cutoff val-

ues according to Table 1. For this purpose, three binary

classifiers of patients were built based on the multiclass
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patch classification outputs. S0 versus S1, S2 and S3 dif-

ferentiate, with an MRI-PDFF cutoff of 6.4%, patients

with no steatosis (S0) from patients with steatosis

(S1 = mild, S2 = moderate, S3 = severe). S0, S1 versus

S2 differentiates, with an MRI-PDFF cutoff of 17.4%,

patients with either steatosis stage S0 or S1 (none, mild)

from patients with more advanced steatosis

(S2 = moderate or S3 = severe). Similarly, S0�S2 versus

S3 differentiates, with an MRI-PDFF cutoff of 22.1%,

patients with either steatosis stage S0, S1 or S2 (none,

mild or moderate) from patients with severe steatosis

(S3). Patient scores were calculated by averaging the

probability scores of the corresponding patches. To build

binary classifiers, SoftMax probability scores corre-

sponding to the steatosis stages of each binary patient

class were added up. Then the probability scores

obtained in each validation fold were grouped, and a sin-

gle ROC analysis was performed to obtain an AUROC

for the entire patient population. The cutoff was calcu-

lated as that providing the maximum Youden index. Sen-

sitivity, specificity and accuracy were calculated at the

optimum cutoff for each US data representation. As a

comparison reference of the merit of the classifiers,

accuracy values were calculated for the majority classi-

fier (all instances assigned to the same classifier). Accu-

racy values were also calculated from radiologists’

qualitative hepatic steatosis staging from B-mode

images. For comparisons between data representations,

average AUROCs of all MRI-PDFF cutoff values were

reported. Statistics were calculated with SPSS Statistics

version 28.0.1.1 (IBM Corp., Armonk, NY, USA) and

MATLAB version 2018b (The MathWorks, Inc., Natick,

MA, USA).
RESULTS

Visualization of US data representations of liver exams

and textural differences between healthy and steatotic

livers

Figures 1 to 3 provide exemplary images and co-

registered liver patches for each of the ultrasound repre-

sentations considered in this study, all corresponding to

an intercostal view with the liver and kidney of a healthy

patient. In Figure 1, successive image formation steps

from RF data to B-mode from (c.1) to (c.5) improve the

visualization and interpretability of the images. Con-

versely, they reduce the complexity and thus potentially

the information content of the patch representations.

Early stages of image formation, including RF

(Fig. 1c.1) and IQ data (Fig. 1c.2), exhibit oscillatory

patterns, where the identification of tissue boundaries is

challenging. On the other hand, both RF and IQ patches

exhibit rich interference patterns and contain phase

information of the ultrasound signal. RF is a passband
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signal with high-frequency oscillations, while IQ is a

complex-valued baseband signal, where phase-shifted

low-frequency oscillations are observed for both real

(Re[IQ]) and imaginary (Im[IQ] components). The trans-

formation of IQ data into the envelope signal ENV leads

to a reduction of the textural information in the patch 1.

c.3, as phase information is removed. Moreover, the

available signal bandwidth at the �20-dB cutoff is

reduced from 2.5 to 1.2 MHz, as illustrated in

Figure 1a.2. The envelope image (Fig 1c.3) delineates

subcutaneous layers, but the strongly reflecting dia-

phragm below the liver leads to a large signal range and

a saturated grayscale, which constrain the visualization

of the liver. LOG compression (Fig. 1c.4) balances the

grayscale and allows resolution of the liver boundaries,

while denoising DEN (Fig. 1c.5) reduces speckle noise,

thus highlighting the texture of liver parenchyma. On the

other hand, the gray level contrast of the LOG and DEN

is reduced with respect to ENV because of the limitation

of the dynamic range.

Figure 2 is a PS representation of the RF data. For

each frequency of the PS (Fig. 2b), separate images are

obtained (Fig. 2c), which illustrate varying tissue informa-

tion content. A stacked representation of a liver patch as a

function of frequency (Fig. 2c.2) indicates variations in the

texture of liver parenchyma, with grainier texture at higher

frequencies. High-frequency harmonics (f3) of the trans-

ducer carrier frequency (f1) are observed, which encode

non-linear information (Fig. 2b), for instance, highlighting

reflections in the right hemidiaphragm. Figure 3 contains

additional representations that attempt to recover and iso-

late the phase information. Overall, these representations

are challenging to interpret visually. Neither CARRIER,

ANGLE nor PHASE allow visual delineation of tissue

structures. Patches in Figure 3 exhibit complex structured

interference patterns. Side-by-side comparison of patches

in liver and kidney tissues reveal perceptible differences in

frequency-dependent PHASE trends.

Figure 5 compares patches at selected US data rep-

resentations for a healthy participant (female, 51 y,

MRI_PDFF = 3.3%) (Fig. 5a) and a patient with severe

liver steatosis (female, 55 y, MRI_PDFF = 42.9%)

(Fig. 5b), both in the subcostal sagittal view. Observation

of the complete liver structure allows separation of both

cases based on distinctive features, such as decreased

visibility of hepatic vasculature and right hemidiaph-

ragm for the steatotic liver case. The textural differences

between individual extracted patches (Fig. 5a.2, 5b.2)

are subtler. A more homogeneous texture is discerned in

the grayscale maps of ENV, DEN of patients with severe

liver steatosis, while the healthy participant exhibits

regional variations of echogenicity within the same

patch. The same pattern can be visually recognized in

the RF patches, where isolated bright spots are more
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frequent with respect to the more iso-echogenic interfer-

ence pattern observed for the patient with liver steatosis.

The phase patterns (CARRIER) are difficult to visually

interpret, yet it seems that for the healthy case, more dis-

continuous patterns with less connectivity of equal phase

surfaces are generally observed. Overlapped comparison

of normalized power spectra (Fig. 5c) reveals for the

cases with severe liver steatosis a shift of the spectrum

peak toward lower frequencies and a reduction of ampli-

tude at higher frequencies, both effects increasing for

higher patch depths. These effects are indicative of an

increase in acoustic attenuation in steatotic livers, which

comparatively has a larger effect on higher-frequency

components (Amin 1989). Therefore, differences in

attenuation can be observed in the power spectra despite

time-gain compensation of attenuation and the normali-

zation of dynamic range in the log-compression step and

provide potentially useful information for patient classi-

fication.

Comparison of classifications of hepatic steatosis grades

with different US data representations and NN

architectures

In Figure 6 are exemplary loss-accuracy plots for

one fold of 2-D CNN classification trained with different

US data representations to separate healthy (S0) and

steatotic livers (S1, S2, S3). For all US data representa-

tions, the loss function decreases smoothly for both the

training and validation sets until it eventually flattens.

Similarly, for both training and validation sets, accuracy

increases to a point where they flatten out. At this point,

early stopping is applied after five consecutive iterations

without improvement of the validation loss to avoid

overfitting in the validation set. Comparison between US

data representations showed lower values of the mini-

mum of the loss function for early US imaging stages

(RF, IQ) than for latter stages (ENV, LOG, DEN). Spec-

tral representations (PS_LOG_NORM_DEN) achieved

lower loss and converged in fewer epochs than RF data.

Table 3 compares validation scores at patch-level

classification of all hepatic steatosis categories (S0, S1,

S2, S3) for different CNN models and US data represen-

tations. Model scores were globally compared in terms

of the AUROC with respect to the probability score out-

put by the NN. Average AUROCs and standard devia-

tions for five cross-validation folds are plotted. A paired

test was used to compare differences in AUROCs for

each model with respect to both RF_2D and clinical B-

mode classifiers. For all data representations, normality

could not be rejected with both the Kolmogorov�Smir-

nov and Shapiro�Wilk tests at a significance level of p

> 0.05 and with either test at p < 0.01. Therefore, Gaus-

sianity of the ROC AUC data distribution was an accept-

able approximation for the paired tests.
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Fig. 5. Ultrasound views and exemplary patches for healthy participant (a) and patient with severe steatosis (b). (a.2,
b.2) Patches were extracted for both patients at a depth of 40 mm for different ultrasound representations. (c) Log-com-
pressed average power spectrum profiles for both patients. IQ = in-phase and quadrature; MRI-PDFF = magnetic reso-

nance imaging proton density fat fraction; RF = radiofrequency.
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The MANOVA revealed significant differences

among AUROCs obtained with different US data repre-

sentations; the hypothesis of the means being the same

was rejected at p < 0.001. Similarly, considering 2-D

and 1-D representations separately, MANOVA had p <

0.001 and p = 0.02, respectively. With respect to 2-D

patches, the RF_2D data representation exhibited signifi-

cantly higher AUROCs in Table 3 than all other succes-

sive imaging stages (IQ_2D, ENV_2D, LOG_2D, and

DEN_2D, p <0.001) and the clinical B-mode image

representation (p = 0.001). Also, two-dimensional

patches RF_2D showed significantly higher AUROCs

than one-dimensional patches RF_1D. A decreasing

AUROC trend was observed along successive stages of

the image formation process in Figure 1a.1, which flat-

tened out in the later stages LOG and DEN. This trend

was consistently observed for all hepatic steatosis cate-

gories and both 1-D and 2-D CNN models. For the same

image classification stage, all 2-D CNN architectures

achieved significantly larger AUROCs than the corre-

sponding 1-D CNN architecture (p < 0.001 for RF, IQ
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and ENV, p = 0.006 for LOG and p = 0.01 for DEN).

With respect to 2-D patches, clinical B-mode revealed

lower AUROCs than the RF_2D and IQ_2D representa-

tions, non-significant differences with ENV_2D and

LOG_2D data and higher AUROCs than DEN_2D repre-

sentations. Two-dimensional power spectrum data repre-

sentations of RF data (PS_2D) and variants thereof

(PS_LOG_2D, PS_LOG_NORM_2D, PS_LOG_-

NORM_DEN_2D) achieved higher scores than the origi-

nating RF_2D data. Log-compressed PS representations

(PS_LOG, PS_LOG_NORM, PS_LOG_NORM_DEN)

had superior classification outcomes than PS representa-

tion in linear scale (PS_) (p <0.03). The 2-D CNN archi-

tecture outperformed the 3-D CNN architecture for PS

patch classification (p < 0.03). Classifiers trained on

phase information (CARRIER_, ANGLE_, PHASE_)

were able to learn hepatic steatosis classification, achiev-

ing AUROCs comparable to their amplitude-based

ENV_2D counterpart. PHASE_3D achieved superior

AUROCs to the clinical B-mode US data representation

and non-significant differences with RF data.
Oncoustics Ex. 2001 
hnologies Inc. v. Oncoustics Inc. - IPR2025-00242



Fig. 6. Exemplary loss-validation plots for training one fold of binary steatosis classification model S0 versus S1S2S3
with 2-D CNN architecture. Training accuracy and loss are plotted with black dashed lines, while validation accuracy

and loss are plotted with black solid lines. ENV = envelope; IQ = in-phase and quadrature; RF = radiofrequency.
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Differences in AUROCs between the training and

validation sets were small (root mean square error = 0.02),

which revealed a good generalization for models and US

data representations.

Figure 7 illustrates selected ROC plots for classifi-

cation of patients with liver steatosis with different MRI-

PDFF cutoff values. In trend, early steatosis stages with

lower MRI-PDFF cutoff values had ROC curves closer

to the ideal classifier. An improvement in ROC curves

can be visually assessed for RF, IQ and PS_LOG_-

NORM_DEN representations with respect to ENV,

LOG, DEN, clinical B-mode and PHASE. Figure 8 sum-

marizes the corresponding AUROCs. Leveraging multi-

ple patch classifications in one patient’s score increases

the overall observed AUROCs. The comparative classifi-

cation performance trends observed at patch-level classi-

fication are also reproduced at patient-level

classification, with AUROC being reduced at successive

steps of the image formation process. Performance dif-

ferences between 1-D and 2-D CNN models were

reduced for RF US data representation, but were notice-

able for ENV, LOG and DEN stages. In comparison, dif-

ferences between 2-D and 3-D models were less

noticeable. Performance differences between RF

(AUROC = 0.994) and PS data representations become

less marked, the best performing model being

PS_LOG_NORM_DEN_2D (AUROC = 0.998). All

phase representations (CARRIER_, ANGLE, PHASE_)

had a mean AUROC >0.983 across liver steatosis
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categories, outperforming both clinical B-mode

(AUROC = 0.938) and demodulated amplitude represen-

tations (ENV, LOG, DEN).

Table 4 outlines the sensitivity, specificity and accu-

racy metrics at the optimum cutoff of the ROC curve.

The cutoff scores values were determined by the MRI

PDFF threshold and did not exhibit large variations across

different US data representations and NN models. Overall,

the sensitivity at cutoff improved for PS and phase-based

representations. The comparative trends of accuracy

across US data representations and NN models at opti-

mum cutoff were consistent with the AUROC trends.

Comparison of NN classifications with multiparametric

models based on quantitative ultrasound metrics

Figure 9 illustrates the AUROCs for selected quan-

titative ultrasound metrics extracted from the same

patient population, together with multiparametric combi-

nations. Table 5 summarizes the QUS metrics consid-

ered. For individual QUS metrics, monotonically

increasing trends with increasing hepatic fat accumula-

tion have previously been observed that linearly corre-

late with MRI-PDFF. Therefore, cutoff thresholds were

used to classify liver steatosis stages (Pirmoazen et al.

2022). The best-performing metrics in terms of average

AUROCs were quantitative ultrasound spectroscopy

metrics (SI: AUROC = 0.981, SS: AUROC = 0.963), sta-

tistical speckle distributions (NP: AUROC = 0.964),

attenuation coefficient (AUROC = 0.965) and HRI (liver
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Table 3. Patch-based results: Comparison of AUROC curves on validation set for multiclass classification of image patches into stea-
tosis categories*

AUROC Paired test p valuey

S0 S1 S2 S3 Ref: RF_2D Ref: Clinical B-mode

RF_1D 0.876 (0.03) 0.679 (0.05) 0.726 (0.02) 0.800 (0.05) <0.001 (+) 0.467 (?)
IQ_1D 0.842 (0.03) 0.641 (0.04) 0.722 (0.05) 0.769 (0.06) <0.001 (+) 0.346 (?)
ENV_1D 0.743 (0.07) 0.576 (0.05) 0.541 (0.02) 0.628 (0.03) <0.001 (+) <0.001 (+)
LOG_1D 0.746 (0.07) 0.608 (0.07) 0.573 (0.02) 0.636 (0.03) <0.001 (+) <0.001 (+)
DEN_1D 0.761 (0.08) 0.603 (0.09) 0.580 (0.04) 0.705 (0.08) <0.001 (+) 0.006 (+)
RF_2D 0.910 (0.04) 0.724 (0.04) 0.783 (0.05) 0.857 (0.03) — 0.001 (�)
IQ_2D 0.888 (0.03) 0.719 (0.04) 0.759 (0.03) 0.841 (0.04) 0.001 (+) 0.015 (�)
ENV_2D 0.862 (0.03) 0.669 (0.06) 0.741 (0.04) 0.767 (0.06) <0.001 (+) 0.971 (?)
LOG_2D 0.831 (0.03) 0.586 (0.10) 0.712 (0.06) 0.748 (0.07) <0.001 (+) 0.052 (?)
DEN_2D 0.808 (0.05) 0.612 (0.05) 0.609 (0.07) 0.748 (0.07) <0.001 (+) 0.012 (+)
Clinical B-mode
_ 2D 0.880 (0.06) 0.660 (0.08) 0.688 (0.08) 0.792 (0.05) 0.001 (+) —

PS_2D 0.916 (0.06) 0.767 (0.06) 0.802 (0.03) 0.870 (0.04) 0.012 (�) <0.001 (�)
PS_LOG_2D 0.928 (0.07) 0.812 (0.07) 0.832 (0.02) 0.885 (0.06) 0.002 (�) <0.001 (�)
PS_LOG_
NORM_2D 0.949 (0.10) 0.811 (0.10) 0.874 (0.07) 0.887 (0.09) 0.008 (�) <0.001 (�)

PS_LOG_NORM
_DEN_2D 0.922 (0.08) 0.777 (0.08) 0.836 (0.03) 0.920 (0.03) 0.001 (�) <0.001 (�)

PS_3D 0.839 (0.06) 0.664 (0.06) 0.726 (0.07) 0.775 (0.02) <0.001 (+) 0.579 (?)
PS_LOG_3D 0.905 (0.07) 0.807 (0.07) 0.781 (0.04) 0.876 (0.05) 0.062 (?) <0.001 (�)
PS_LOG_
NORM_3D 0.907 (0.06) 0.718 (0.06) 0.774 (0.04) 0.842 (0.08) 0.579 (?) 0.003 (�)

PS_LOG_
NORM_DEN
_3D

0.903 (0.07) 0.728 (0.07) 0.808 (0.03) 0.901 (0.04) 0.178 (?) 0.001 (�)

CARRIER_2D 0.830 (0.05) 0.666 (0.05) 0.682 (0.02) 0.809 (0.05) <0.001 (+) 0.676 (?)
ANGLE_2D 0.770 (0.04) 0.609 (0.06) 0.687 (0.01) 0.756 (0.05) <0.001 (+) 0.015 (+)
PHASE_2D 0.827 (0.05) 0.673 (0.02) 0.748 (0.02) 0.738 (0.05) <0.001 (+) 0.579 (?)
PHASE_3D 0.886 (0.04) 0.753 (0.06) 0.767 (0.02) 0.803 (0.05) 0.346 (?) 0.018 (�)

AUROC = area under the receiver operating characteristic curve; Ref = reference.
* Averages of five cross-validation folds are provided, with the standard deviations in parentheses. A paired t-test was used to compare the

AUROC for each data representation with both RF and clinical B-mode data representations (+ = reference had superior performance, � = reference
had inferior performance, ? = no difference).

y Computed for AUROCs across all classification classes and five validation folds. p Values are adjusted using the Benjamini and Hochberg (1995)
procedure to control the false discovery rate (FDR) in the multiple paired t-tests. A p value <0.05 is set as the cutoff for significant differences.
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parenchyma echogenicity normalized with respect to

kidney, AUROC = 0.903). Elastography metrics (elastic

modulus, Voigt viscosity and shear wave dispersion) had

lower AUROCs (<0.680).

Four QUS metrics in Table 5 had higher average

AUROCs (SI: 0.981, NP: 0.964, AC: 0.965 and SS:

0.963) than B-mode 2-D CNN classifications in Table 4

(AUROC = 0.938). All QUS metrics had lower

AUROCs than 2-D CNN classifications with RF US data

(AUROC = 0.994 in Table 4) . Multiparametric combi-

nations of QUS metrics exhibited AUROC performance

gains with respect to individual metrics, consistent with

the results for MRI-PDFF regression previously dis-

cussed in Sanabria et al. (2020a), where a comprehensive

list of machine learning combinations were tested for

liver steatosis classification. The best multiparametric

results were obtained with a random forest classifier. In

this case, average AUROC (0.986) was lower than those

for CNN classifiers with RF_2D (AUROC = 0.994) and

PS_2D (AUROC = 0.995) representations.
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DISCUSSION

In this work, we have exhaustively compared US

data representations along the image formation process

as inputs to machine learning models, and specifically

NN algorithms in terms of classification performance for

the same steatotic liver populations. Although CNN

architectures for hepatic steatosis classification based on

B-mode images have been explored (Han et al. 2020;

Cha et al. 2021), and the potential use of RF data for

liver steatosis classification has recently been illustrated

(Chen et al. 2020; Han et al. 2020; Sanabria et al. 2020b;

Pirmoazen et al. 2022), to the best of our knowledge this

is the first work to comprehensively explore the effect of

US data representation in DL classification performance.

The study yields several learnings. First, the pro-

posed patch extraction approach, which was already

described in Sanabria et al. (2020b), augments ultra-

sound training instances that can be extracted from small

patient populations and is generalizable to new patient
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Fig. 7. Receiver operating characteristic curve plots for stratification of patients with mild steatosis (S0 vs. S1�S3, 6.4%
MRI cutoff), moderate steatosis (S0, S1 vs. S2, S3, 17.4% MRI-PDFF cutoff), and severe steatosis (S0�S2 vs. S3, 22.1%
MRI-PDFF cutoff) with different ultrasound data representations and _2D CNN architecture. CNN = convolutional neu-
ral network; IQ = in-phase and quadrature; MRI-PDFF = magnetic resonance imaging proton density fat fraction;

RF = radiofrequency.
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populations. To avoid network overfitting and provide

generalizable results, the validation data set contains

patches from unseen patients in the training data set.

Here, of 31 patient examinations, a total of 67,800 2-D

patches were extracted. As each patch is fed into the

CNN as an independent instance, enough training
Fig. 8. Comparison of areas under the receiver operating chara
and severe steatosis with different ultrasound data represent
AUROC = area under the receiver operating characteristic c

MRI = magnetic resonance imaging; PS = p
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samples are available to achieve satisfactory model con-

vergence. This is probably related to the strong degree of

variability of US data within a single examination and

with multiple views from the same patient, which pro-

vides natural data augmentation. To bring instances

together on a patient level, the patch probability scores
cteristic curves for patient stratification in mild, moderate
ations and convolutional neural network architectures.
urve; ENV = envelope; IQ = in-phase and quadrature;
ower spectrum; RF = radiofrequency.
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Table 4. Patient-based results: Comparison of scores for patient stratification for different data represen tions and MRI-PDFF cutoffs*

AUROC Cutoff according to Youden index Sensitivity at cutoff Sp ificity at cutoff Accuracy at cutoffy

S0vs.
S1S2S3

S0S1 vs.
S2S3

S0S1S2
vs.S3

Average S0vs.
S1S2S3

S0S1 vs.
S2S3

S0S1S2
vs.S3

S0vs.
S1S2S3

S0S1 vs.
S2S3

S0S1S2
vs.S3

Average S0vs.
S1S2S3

S 1vs.
S 3

S0S1S2
vs.S3

Average S0vs.
S1S2S3

S0S1vs.
S2S3

S0S1S2
vs.S3

Average

Human
annotation — — — — — — — 1.0 1.0 0.875 0.958 0.923 .800 0.913 0.879 0.968 0.871 0.903 0.914

RF_1D 1 0.986 0.984 0.990 0.703 0.601 0.323 1 0.909 1 0.970 1 1 0.957 0.986 1 0.968 0.968 0.979
IQ_1D 1 0.964 0.929 0.964 0.692 0.543 0.264 1 0.909 1 0.970 1 0 0.739 0.880 1 0.903 0.806 0.903
ENV_1D 0.966 0.855 0.853 0.891 0.751 0.501 0.264 0.889 0.909 0.75 0.849 1 0 5 0.913 0.888 0.935 0.806 0.871 0.871
LOG_1D 0.936 0.827 0.864 0.876 0.751 0.53 0.273 0.8333 0.727 0.75 0.770 0.923 0 5 0.913 0.895 0.871 0.806 0.871 0.849
DEN_1D 0.949 0.845 0.848 0.881 0.754 0.507 0.278 0.8333 0.818 0.625 0.759 1 0 5 0.957 0.902 0.903 0.774 0.871 0.849
RF_2D 1 0.986 0.995 0.994 0.686 0.621 0.332 1 0.909 1 0.970 1 1 0.957 0.986 1 0.968 0.968 0.979
IQ_2D 1 0.995 0.995 0.997 0.67 0.516 0.297 1 1 1 1.000 1 0 5 0.957 0.969 1 0.968 0.968 0.979
ENV_2D 1 0.941 0.951 0.964 0.756 0.6 0.314 1 0.909 0.875 0.928 1 0 0.957 0.952 1 0.903 0.935 0.946
LOG_2D 0.987 0.9 0.908 0.932 0.774 0.611 0.309 0.944 0.818 0.875 0.879 1 0 5 0.826 0.892 0.968 0.839 0.839 0.882
DEN_2D 0.983 0.9 0.897 0.927 0.761 0.515 0.268 0.944 1 1 0.981 1 0 5 0.652 0.801 0.968 0.839 0.742 0.850
Clinical B-mode 0.966 0.95 0.897 0.938 0.783 0.554 0.314 0.944 1 1 0.981 0.923 0 5 0.739 0.837 0.935 0.903 0.806 0.881
PS_2D 1 0.991 0.995 0.995 0.727 0.566 0.363 1 1 1 1.000 1 0 5 0.957 0.969 1 0.968 0.968 0.979
PS_LOG_2D 1 1 0.984 0.994 0.663 0.601 0.352 1 1 1 1.000 1 1 0.57 0.857 1 1 0.968 0.989
PS_LOG_NORM_2D 0.983 1 0.962 0.982 0.672 0.651 0.391 0.944 1 0.875 0.940 0.923 1 0.957 0.960 0.935 1 0.935 0.957
PS_LOG_
NORM_
DEN_2D

1 0.995 1 0.998 0.669 0.619 0.4 1 1 1 1.000 1 .95 1 0.983 1 0.968 1 0.989

PS_3D 1 1 0.967 0.989 0.685 0.533 0.284 1 1 1 1.000 1 1 0.913 0.971 1 1 0.935 0.978
PS_LOG_3D 1 0.982 0.984 0.989 0.697 0.552 0.349 1 1 1 1.000 1 0 0.957 0.952 1 0.935 0.968 0.968
PS_LOG_
NORM_3D 0.996 0.959 0.957 0.971 0.663 0.529 0.221 0.944 1 1 0.981 1 .9 0.783 0.894 0.968 0.935 0.839 0.914

PS_LOG_
NORM_
DEN_3D

0.991 0.991 0.989 0.990 0.722 0.522 0.347 0.944 1 1 0.981 1 .95 0.957 0.969 0.968 0.968 0.968 0.968

CARRIER_2D 0.996 0.995 0.973 0.988 0.726 0.535 0.291 1 1 1 1.000 1 0 5 0.957 0.936 1 0.903 0.968 0.957
ANGLE_2D 0.987 0.995 0.978 0.987 0.728 0.557 0.267 0.944 1 1 0.981 1 0 5 0.913 0.954 0.968 0.968 0.935 0.957
PHASE_2D 1 0.991 0.957 0.983 0.757 0.557 0.262 1 1 1 1.000 1 0 5 0.87 0.940 1 0.968 0.903 0.957
PHASE_3D 1 0.991 0.957 0.983 0.769 0.545 0.298 1 1 1 1.000 1 0 5 0.87 0.940 1 0.968 0.903 0.957

MRI-PDFF = magnetic resonance imaging proton density fat fraction.
* S0 vs. (S1, S2, S3); (S0, S1) vs. (S2, S3); and (S0, S1, S2) vs. S3, respectively, correspond to 6.4%, 17.4% and 22.1% MRI-PDFF cutoff lues.
y Assigning all instances to the majority class (no merit classifier) results in accuracies of 0.581 (S0 vs. S1, S2, S3), 0.645 (S0, S1 vs. S2, ) and 0.742 (S0, S1, S2 vs. S3). Human annotation scores

based on B-mode images are provided as a reference.
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Fig. 9. AUROC comparison for patient stratification based on
quantitative ultrasound metrics. SI, NP, AC, SS, HRI, MBF,
and MP combinations are provided. AC = attenuation coeffi-
cient; AUROC = area under the receiver operating characteris-
tic curve; GP = Gaussian process; HRI = hepatorenal index;
MBF = midband fit; ML = multilinear; MLP = multilayer per-
ceptron; MP = multiparametric model; MRI-PDFF = magnetic
resonance imaging proton density fat fraction; NP = Nakagami
parameter; RF = random forest; SI = spectral intercept;

SS = spectral slope.
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of each patient were averaged before performing

AUROC analysis.

Second, CNN classification performance decreases

as we progress into the image formation process, with a

significant performance drop between RF data represen-

tation and B-mode images. This may appear counterintu-

itive to the fact that B-mode images are visually more

informative in terms of hepatic steatosis classification

performance, while RF data are difficult to graphically

represent and even more challenging to comprehend. On

the other hand, it can be established that there is informa-

tion loss through the image formation process through

demodulation, envelope detection and dynamic range

limitation, with B-mode images being synthesizable

from RF data but not conversely. Another indicator of

information reduction is the reduced frequency band-

width of envelope signals from 2.5 to 1.2 MHz with

respect to corresponding demodulated RF data (IQ repre-

sentation). The CNN experiments suggest that the addi-

tional information contained in RF data may contribute

to improve liver steatosis classification. These results

support recent observations that RF data may contain

more useful data than B-mode for liver tissue characteri-

zation (Li et al. 2019; Chen et al. 2020; Han et al. 2020).

Third, we observe that CNN-based hepatic steatosis

classification is feasible for phase representations of US

data, which are usually discarded during the image for-

mation process. This includes the carrier signal of RF

data, the phase of the IQ signal or the phase component

of the RF data spectrum. Our results indicate that classi-

fication based on phase representations could potentially

outperform B-mode data classification. This further sup-

ports the hypothesis that RF data are more useful than B-
Precision Cancer Tec
mode data for liver steatosis classification. The value of

phase information has been acknowledged in recent

works related to signal coherence in beamforming and

speed of sound estimation. The speed of sound (SoS) has

shown quantitative potential as a biomarker to differenti-

ate liver steatosis stages (Imbault et al. 2017; Popa et al.

2021). Several methods of SoS estimation rely on the

measurement of decoherence in US speckle, which is

encoded in the phase of the RF data (Imbault et al. 2017;

Jakovljevic et al. 2018; Zubajlo et al. 2018). In a more

general framework, we hypothesize that changes in the

relative position between tissue microstructures affect

the interference pattern of tissue backscatter, which con-

sequently affect the phase signal.

We next observe that transforming US data in cer-

tain favorable ways for CNN learning may facilitate neu-

ral network convergence and classification outcomes. PS

representations have been widely used in deep learning

literature for classification of wave-based signals, with

proposed applications for audio classification, seismog-

raphy and non-destructive testing (Ebrahimkhanlou and

Salamone 2018; Huang et al. 2018; Sinha et al. 2020;

Arias-Vergara et al. 2021). The PS is also a fundamental

tool in most QUS tissue characterization methods for

extracting attenuation measurements and estimating

scatterer properties (Mamou and Oelze 2013; Oelze and

Mamou 2016). In this study, we observed that PS repre-

sentations reduced the number of epochs needed for NN

convergence with respect to training directly on RF data,

translating also into AUROC improvements. PS repre-

sentations have also more explainable interpretations

with respect to the linear system models typically

applied in quantitative ultrasound spectroscopy. For

instance, in Figure 5c it is possible to interpret PS varia-

tions for healthy and steatotic livers in terms of increases

in acoustic attenuation. Acoustic attenuation is a known

quantitative biomarker for liver steatosis (Ferraioli and

Monteiro 2019). Additional time�frequency representa-

tion models to STFT need to be explored in future work

for PS calculation, for instance, by introducing wavelet

decompositions or multitapers to allow for more control

of time and frequency smoothing (Arias-Vergara et al.

2021), including parametric or semiparametric represen-

tations of the spectrum to further reduce noise in PS esti-

mates (Rao and Swamy 2018), or by introducing higher-

dimensional frequency representations .

Finally, we compare the performance of CNN clas-

sifiers with quantitative ultrasound metrics. In this study,

potential performance improvements were observed for

CNN-based RF with respect to individual QUS metrics

and multiparametric combinations thereof. Considering

the small patient size, it is a remarkable result, which

should be verified for larger patient populations. QUS

metrics are beneficial because they are explainable and
Oncoustics Ex. 2001 
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Table 5. Patient-based results: Scores for patient stratification with QUS metrics and multiparame ic (MP) combinations*

AUROC Cutoff value according to
Youden index

Sensitivity at cutoff Spec city at cutoff Accuracy at cutoffy

S0 vs.
S1S2S3

S0S1 vs.
S2S3

S0S1S2
vs. S3

Average S0 vs.
S1S2S3

S0S1 vs.
S2S3

S0S1S2
vs. S3

S0 vs.
S1S2S3

S0S1 vs.
S2S3

S0S1S2 vs.
S3

Average S0 vs.
S1S2S3

S0S vs.
S2S

S0S1S2
vs. S3

Average S0 vs.
S1S2S3

S0S1
vs. S2S3

S0S1S2
vs.S3

Average

Human annotation — — — — — — — 1.0 1.0 0.875 0.958 0.923 0.80 0.913 0.879 0.968 0.871 0.903 0.914
Spectral intercept 1.0 0.982 0.962 0.981 25.70 33.98 33.98 1.0 0.909 1.0 0.970 1.0 0.95 0.869 0.940 1.0 0.935 0.903 0.946
Nakagami parameter 1.0 0.968 0.924 0.964 0.874 0.923 0.923 1.0 1.0 1.0 1.0 1.0 0.9 0.783 0.894 1.0 0.935 0.839 0.925
Attenuation
coefficient

0.979 0.964 0.951 0.965 0.644 0.711 0.867 0.944 0.909 0.875 0.909 1.0 0.95 1.0 0.983 0.968 0.935 0.968 0.957

Spectral slope 1.0 0.955 0.935 0.963 -5.11E-6 -6.09E-6 -6.73E-6 1.0 0.909 0.875 0.928 1.0 0.9 0.957 0.952 1.0 0.903 0.935 0.946
Hepatorenal index 0.996 0.859 0.853 0.903 2.47 2.638 2.652 0.944 1.0 1.0 0.981 1.0 0.75 0.696 0.815 0.968 0.839 0.774 0.860
Midband fit 0.940 0.864 0.845 0.884 7.96 8.60 9.35 0.833 0.818 0.875 0.842 0.923 0.8 0.826 0.850 0.871 0.806 0.839 0.839
Elastic modulusx 0.745 0.670 0.625 0.680 4.684 4.780 4.780 0.889 0.909 1.0 0.933 0.615 0.5 0.478 0.531 0.774 0.645 0.613 0.677
Voigt viscosityx 0.722 0.665 0.648 0.678 1.45 1.5 1.5 0.833 0.909 0.875 0.872 0.692 0.6 0.522 0.605 0.774 0.710 0.613 0.699
Dispersionx 0.588 0.512 0.443 0.514 14.3 14.3 14.3 0.389 0.364 0.375 0.376 0.923 0.8 0.783 0.835 0.613 0.645 0.677 0.645
MP: Trees/Random
Forest

1.0 0.991 0.967 0.986 — — — 1.0 0.909 1.0 0.970 1.0 1.0 0.957 0.986 1.0 0.968 0.968 0.979

MP: Gaussian
process

0.996 0.982 0.978 0.985 — — — 0.944 0.909 1.0 0.951 1.0 0.91 1.0 0.971 0.968 0.968 0.935 0.957

MP: Multilayer
perceptron

1.0 0.945 0.935 0.960 — — — 1.0 0.909 1.0 0.970 1.0 0.95 0.870 0.940 1.0 0.935 0.903 0.946

MP: Multilinear 0.991 0.918 0.929 0.946 — — — 0.944 1.0 1.0 0.981 1.0 0.75 0.739 0.830 0.968 0.839 0.806 0.871

AUROC = area under the receiver operating characteristic curve; MRI-PDFF = magnetic resonance imaging proton density fat fraction.
* S0 vs. (S1, S2, S3); (S0, S1) vs. (S2, S3); and (S0, S1, S2) vs. S3, respectively, correspond to 6.4%, 17.4% and 22.1% magnetic resonanc imaging proton density fat fraction cutoffs.
y Assigning all instances to the majority class (no merit classifier) results in accuracies of 0.581 (S0 vs. S1, S2, S3), 0.645 (S0, S1 vs. S2, ) and 0.742 (S0, S1, S2 vs. S3). Human annotation scores

based on B-mode images are provided as a reference.
x Attenuation coefficient is measured in dB/cm/MHz, elastic modulus in kPa, Voigt viscosity in Pa¢s and dispersion in m/s per 100�150 H
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generalizable across ultrasound systems and configura-

tions. On the other hand, they require dedicated efforts

in data acquisition, often requiring phantoms to establish

a baseline for each system and data acquisition protocol,

and are sensitive to ROI selection (Pirmoazen et al.

2020). The use of CNN architectures based on RF data

representations may alleviate these issues, although for

generalizability to different ultrasound systems, varia-

tions of RF data with respect to different equipment still

need to be considered, for instance, because of the use of

different beamforming approaches or different noise sta-

tistics in the data acquisition (Han et al. 2020; El Kaffas

et al. 2021).

The data set analyzed in this work represents a

highly curated case, with high-end ultrasound system

hardware and image acquisitions and system configura-

tions and with QUS metrics carefully reviewed by expe-

rienced radiologists. In real clinical scenarios, the

quality of the data may exhibit greater variability. In this

sense, the use of raw data representations, such as US

RF data, may provide additional benefits for quantitative

US applications based on CNNs, as they are less depen-

dent on the proprietary filters applied by each manufac-

turer for B-mode imaging and less affected by the gain

adjustment settings applied to visualize the final B-mode

image.

Limitations

There are several limitations to this study. First, the

small patient population and class imbalance make it dif-

ficult to establish comparative statements about hepatic

steatosis classification performance for different MRI-

PDFF cutoff thresholds or to compare the performance

of different US data representations for MRI-PDFF

regression. Second, individual US patches were labeled

to the average MRI-PDFF value of the patient, and

patient scores were calculated by adding up individual

patch classification probabilities. This approximation

was supported by considering the same cumulative liver

region in both US and MRI-PDFF measurements and

because the MRI-PDFF variability among liver segments

in NAFLD is not large (Bonekamp et al. 2014). In partic-

ular, the standard deviation of MRI-PDFF among liver

segments 5 to 8 was on average 1.2%, which corresponds

to <3% of the MRI-PDFF range of the patient popula-

tion. To further improve MRI�US agreement, a registra-

tion between MRI and ultrasound slices can be

considered in future work. Third, it is difficult to estab-

lish that the investigated CNN networks will provide the

best possible performances for each given data set stage.

We have alleviated this issue by independently testing

CNN networks of different dimensionality (1-D, 2-D

and 3-D), by using equivalent patch sizes and NN archi-

tectures for compared US data representations, by
Precision Cancer Tec
controlling overfitting between training and validation

sets and by performing a consistent hyperparameter to

optimize each US data representation stage. Finally,

although our observations are highly suggestive of per-

formance differences between US data representations

for hepatic steatosis diagnostics, it is also necessary to

study how they generalize to other typical US CNN-

based classification use cases, such as tumor diagnostics,

or other liver pathology such as fibrosis.

CONCLUSIONS

Our study indicates that US data representations

may have an impact on CNN hepatic steatosis classifica-

tion performance. Raw data representations close to the

beamformer, such as RF data and the usually discarded

phase information, had superior scores compared with

the final clinical B-mode images and conventional quan-

titative ultrasound metrics. Power spectrum representa-

tions improved neural network convergence and further

improved classification outcomes. Our study suggests

that we potentially need to rethink US data representa-

tions for tissue quantification in the deep learning era,

favoring access to raw data in ultrasound systems for

clinical research.
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