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Abstract

The study of ultrasound tissue interactions in fatty livers has a long history with strong clinical
potential for assessing steatosis. Recently we proposed alternative measures of first and second
order statistics of echoes from soft tissues, namely the H-scan that is based on a matched filter
approach to quantify scattering transfer functions and the Burr distribution for modeling speckle
patterns. Taken together, these approaches produce a multi-parameter set that is directly related

to the fundamentals of ultrasound propagation in tissue. To apply this approach to the problem of
assessing steatotic livers, these analyses were applied to /n vivorat livers (M = 21) under normal
feeding conditions or after receiving a methionine and choline deficient (MCD) diet that produces
steatosis within a few weeks. Ultrasound data was acquired at baseline and again at weeks 2 and

6 before applying the H-scan and Burr analysis. Furthermore, a classification technique known as
the support vector machine (SVM) was then utilized to find clusters of the five parameters that

are characteristic of the different steatotic liver conditions as confirmed by histologic processing of
excised liver tissue samples. With the /n vivo multiparametric ultrasound measurement approach
and determination of clusters, steatotic vs. normal livers can be discriminated with 100% accuracy
in a rat animal model.

Keywords

H-scan ultrasound; principal component analysis; speckle; steatosis; support vector machine;
tissue characterization; ultrasound scatter

Corresponding author: Kevin J. Parker, University of Rochester, Computer Studies Building 724, Box 270231, Rochester, NY
14627-0231, Phone: (585)275-3294, Fax: (585)275-2073, kevin.parker@rochester.edu.

Publisher's Disclaimer: This is a PDF file of an unedited manuscript that has been accepted for publication. As a service to our
customers we are providing this early version of the manuscript. The manuscript will undergo copyediting, typesetting, and review
of the resulting proof before it is published in its final form. Please note that during the production process errors may be discovered
which could affect the content, and all legal disclaimers that apply to the journal pertain.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Baek et al. Page 2

INTRODUCTION

The non-invasive quantification of liver fat is an emerging imperative as fatty liver diseases
continue to increase around the world (Jennings et al. 2018). Measures of steatosis that can
be incorporated into imaging platforms are desirable and have received extensive attention
(Goceri et al. 2016; Ozturk et al. 2018). Ultrasound techniques are attractive because they
could provide a relatively inexpensive, rapid, and widely available means for assessing liver
steatosis. There is not yet a consensus agreement on the change in ultrasound propagation
and scattering from normal to steatotic livers, even as more parameters can now be measured
in clinical settings. In parallel, there remains some uncertainty as to the most appropriate
physical and mathematical models of scattering from the normal and diseased tissues.
Nonetheless, earlier pioneering work on the use of multiparametric clusters of ultrasound-
related measurements have shown promise (Momenan et al. 1987; Momenan et al. 1994).

Recent published results are reasonably aligned with a longstanding hypothesis that the
accumulation of fat in liver will increase the viscous (lossy) attenuation, and decrease the
speed of both ultrasound (longitudinal) and shear waves (Freese and Lyons 1977; Narayana
and Ophir 1983; Maklad et al. 1984; Lin et al. 1987; Parker et al. 1988; Lu et al. 1999;
Ghoshal et al. 2012; Barry et al. 2014; Barry et al. 2015; Parker et al. 2018; Sharma et al.
2019; Wernberg et al. 2020; Jeon et al. 2021). Related to this, the accumulation of fat-filled
vesicles increases the scattering. Thus, as fat increases within an otherwise normal liver, we
would expect to see attenuation increase, along with some measures of ultrasound scattering
(Maklad et al. 1984; Taylor et al. 1986; Parker et al. 1988). An overview of different
strategies for characterizing steatosis with ultrasound systems is found in Pirmoazen et al.
(2020).

Traditional measures of scattering include the frequency dependence of scattering and the
first order statistics of speckle formed by the returning ultrasound echoes. There are a variety
of approaches to these, but recently a re-examination of the physics of pulse-echo ultrasound
scattering from tissues has resulted in the emergence of H-scan (Parker 2016; Parker and
Baek 2020) and the Burr speckle analysis (Parker 2019a; Parker 2019b; Parker and Poul
2020a; Parker and Poul 2020b). These approaches extract key metrics from the returning
ultrasound echoes and are tied directly to models of scattering dominated by the fractal
branching vasculature in normal tissues. In a recent study of H-scan and Burr analyses
applied to animal models of primarily fibrosis and inflammation, the multiparametric
clusters representing normal and pathological states were found to be well separated with

a resulting 94% classification accuracy (Baek et al. 2020b). The potential usefulness of the
multiparametric clusters for steatosis as a distinct clinical problem motivates this study.

In parallel with the growth of ultrasound metrics, there have been recent machine learning
results classifying liver states. These focus more on utilizing learning tools with log-
compressed B-scan ultrasound images and employ image processing measures as the input
to the classifiers, which are not specific to ultrasound signals. A support vector machine
(SVM) classifier for liver (Virmani et al. 2013) used a two-dimensional (2D) wavelet
packet transform for the log-compressed data to generate the inputs that were standard
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deviation, mean, and energy. A liver classifier using texture analysis (Singh et al. 2014) used
the gray scale images to extract features based on contrast, roughness, and homogeneity,
etc. A steatosis classifier (Byra et al. 2018) used SVM for classification, but to extract
features for the classifier’s input, a deep convolutional neural network was employed with
log-compressed B-scan ultrasound images. A steatosis classification study (Andrade et al.
2012) compared the performance of three different classifiers: artificial neural network
(ANN), SVM, and k-nearest neighbors (kNN). The study concluded that SVM had the

best performance in terms of accuracy. However, the study also used B-scan ultrasound
images to extract input features, which can characterize the echogenicity, including a

gray level run length matrix, co-occurrence, texture energy, and other measures of image
statistics. Therefore, liver classification research often relies on B-scan ultrasound images to
extract different features and then employs the more recently developed machine learning
techniques for decision making. However, B-scan ultrasound images are easily changed

by users due to their preference of scan settings; the textures of these images also vary
depending on post-processing methods and the envelope contains much less information
than the raw radiofrequency (RF) ultrasound signals.

Our study employs principal component analysis (PCA) and SVM as a state-of-art

machine learning approach. PCA provides a well-established framework for linear
combinations of multiple parameters (Pearson 1901) and is useful for clustering and
reducing the dimensionality of the data set. The SVM is a robust supervised learning
classification technique that has the ability to define nonlinear classification boundaries on
multidimensional measurements (Vapnik 1999). In our case, measurements are based on
features from RF signals derived from recent models that are intimately related to physics of
ultrasound.

To apply these to the detection of liver steatosis, we first examine relevant theoretical
models of scattering that are likely to be dominant in cases of normal and steatotic liver
tissues. Secondly, the effect of these scattering models on the returning ultrasound echoes
are examined in terms of their first order statistics (i.e., histogram of echo amplitudes)

and second order statistics (i.e., backscatter vs. frequency). Using animals fed a normal or
special diet that results in a progressive accumulation of liver fat, we thirdly examine echoes
from rat livers using a high-frequency ultrasound scanner. Finally, a SVM is implemented
on principal components of the ultrasound scattering measurements to classify clusters in
multiparametric space.

Together, these elements work towards a mathematical framework for determining
multiparametric signatures of ultrasound echoes from the normal liver as compared with
those from increasingly steatotic liver conditions.

Scattering models for normal and steatotic livers

Early studies on ultrasound scattering from normal livers established some consistent results
(Chivers and Hill 1975; Gramiak et al. 1976; Bamber 1979; Zagzebski et al. 1993).
Backscatter was found to increase with frequency, an A4 power law behavior (Campbell
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and Waag 1984) over the low MHz imaging band. The first-order statistics of liver echo
amplitudes were found to resemble optical speckle patterns (Burckhardt 1978). Some
established theories postulated scattering from spheres or spherical correlation functions,
usually correlated to cell size and shapes (Lizzi et al. 1983; Insana et al. 1990). As a

recent alternative we postulated that normal tissue scattering is influenced by the impedance
mismatch between the fractal branching vascular tree, and the parenchyma comprised of
mostly close-packed hepatocytes in the case of the liver. Within this model the mathematics
of speckle and scattering are not attributed to random points or spheres, but rather the
scattering from cylinders and fractal branching structures (Parker 2019a; Parker 2019b;
Parker et al. 2019) as depicted in Figure 1. Importantly the frequency dependence of
ultrasound backscatter and the probability distribution function for speckle amplitudes from
the fractal branching vasculature are dominated by a power law relationship related to the
fractal dimension D.

In early stages of fat accumulation in the liver, microvesicles and macrovesicles appear

as small randomly positioned spheres (many are below 40 microns), and since these have

a different acoustic impedance compared to the surrounding hepatocytes, are a source

of scattering. Traditional long-wavelength (Rayleigh scattering) models would predict
ultrasound backscatter intensity increasing as #* power from random small spheres, which
in the simplest model would be additive to the baseline scattering found in the normal liver.
However, this simplified model shown in Figure 1 may not apply to advanced stages where
the distribution of fat can become zonal, concentrating in periportal patterns (Schwen et

al. 2016). Also, the chemical composition of fat in later stages can be altered (Peng et al.
2015; Chiappini et al. 2017), so both the size distribution and the scattering strength may
vary with advanced stages beyond simple steatosis. In these cases pronounced clustering
across different length scales from the smallest microvesicles to the larger portal structures
could then resemble a fractal clustering structure (Javanaud 1989; Shapiro 1992), which then
would approach a lower power law compared to a Rayleigh scattering model.

Assessment with H-scan and Burr parameters

In this study, we explore ultrasound scattering metrics derived from the H-scan (a matched
filter approach) images along with histograms of speckle amplitude. Further details of these
approaches are described in the Methods section, and the combined analyses produce five
measured parameters related to ultrasound scattering structures. Under our hypothesis of
additive scattering (Figure 1), most parameters are expected to increase as a consequence
of the addition of Rayleigh scattering sites, producing multiparametric clusters that are
separated from normal values. The degree of separation can be visualized and quantified
using PCA and the SVM. These steps are detailed in later sections.

METHODS

Study design and animals

This protocol was approved by the Institutional Animal Care and Use Committee (IACUC)
at the University of Texas at Dallas. As shown in Figure 2, an /n vivo study with 21 Sprague-
Dawley rats (Charles River Laboratories, Wilmington, MA) was designed to investigate fat
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accumulation in the liver. The methionine and choline deficient (MCD) diet, which is a
common dietary model for nonalcoholic fatty liver disease (NAFLD), induced steatosis. The
enrolled animals were randomly divided into two groups, namely, control (A= 9) or diet
(NV=12). The diet group was fed the MCD diet (MP Biomedicals, Solon, OH); it is high

in sucrose and fat (40% sucrose and 10% fat), but deficient in methionine and choline. All
animals had free access to water and food under a 12-hour day-night cycle and were tracked
for 6 weeks.

Although the MCD diet is known to cause steatosis within weeks, three different types of
histological stains were performed at the end of this study to detect the presence of steatosis
and fibrosis, which can be induced during the various stages of NAFLD. The staining
methods were Picro-Sirius red and hematoxylin and eosin (H&E).

All rats were scanned by using a high-frequency ultrasound scanner, (Vevo 3100, FUJIFILM
VisualSonics, Toronto, Canada), equipped with a 15 MHz center frequency linear array
transducer (MX 201). Liver scans were performed at weeks 0, 2, and 6, and RF data

was acquired at a 240 MHz sampling rate from conventional line-by-line single focus
scanning at 53 frames per second. All ultrasound scanning parameters and conditions were
kept consistent, including the gain, focal depth, and transmit power throughout the study.
Furthermore, all ultrasound RF data used for the H-scan and Burr analysis were acquired
after time gain compensation (TGC) which was also held consistent throughout the study.

A square region-of-interest (ROI) was consistently set over time within the depth between

6 to 12 mm (size of ROI). We tried to include a lateral width with more scanlines,

however areas with artifacts, vessels, or cysts were excluded. Within the ROIs, ultrasound
measurements for B-scan, H-scan, attenuation estimation, and histogram Burr analysis were
performed. The signal processing resulted in 5 parameters that were used to characterize
liver states. After data normalization (feature scaling), parameters were assigned as inputs of
a SVM classifier and were also used to visualize clusters representing 3 liver classes. Liver
states were divided into the 3 classes of normal (baseline), low fatty, or high fatty livers. The
normal group includes all control cases at all 3 study time points, and the diet group at week
0. This normal groups is hereafter referred to as “baseline”. The low and high classes are
defined as MCD diet rats at 2 and 6 weeks, respectively.

H-scan ultrasound analysis

H-scan ultrasound has been designed to classify scattering transfer functions of tissues.
(Parker and Baek 2020) and is based on the different power law transfer functions that
influence frequency components in ultrasound echoes. In this H-scan implementation the
received signals, 7(J), are processed through a bank of matched filters by using a 256
Gaussian bandpass filter set for convolution with (9:

max(S™H{S¢ (1) - Gu()}), &)

n

where G,(/) is each Gaussian bandpass filter in the frequency domain, equally spaced over
the bandwidth of the imaging system. By choosing the matched filter indexed by 2 that
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maximizes equation (1), the peak frequency of G,{# becomes the estimated frequency at
time tof A% and is mapped into specific colors, meaning that H-scan is displayed as a
pseudo-color mapping. However, ultrasound propagation accumulates frequency-dependent
attenuation over depth, biasing the H-scan colors from more blue at near depth to more

red at far depth. To avoid this bias, the attenuation-dependent color shift needs to be
compensated.

Attenuation estimation and correction within the H-scan analysis

An ultrasound transmission pulse can be modeled by a bandpass Gaussian function of

2 . .
o= (f = 10)120% \yith a center frequency of f; and bandwidth . A frequency- and depth-
dependent attenuation term &% is then included to account for losses, whereby the
frequency spectrum S(7#) of the pulse can be written as:

2
(f = f0)
Sh=e gz e, @

where fis the frequency in MHz, a is the attenuation coefficient in Np/cm/MHz, and zis
depth in cm. The attenuation of an ultrasound signal causes a decrease in the peak frequency,
which can be estimated by taking the first partial derivative with respect to fand finding its
zero at peak frequency 7, resulting in:

_fp(Z)—fo

a(z) = 5 3

Z-0
where 7(2) is the peak frequency measured using H-scan ultrasound and is averaged over all
scan lines within the ROI, as shown in Figure 3.

The TGC applies a broadband gain (pre-set by an experienced operator for the animal
livers) that increases with depth, but this is not sufficient to compensate for the frequency
dependence of attenuation, which is most pronounced at the higher frequencies within the
transmit pulse’s spectrum. The estimated a from equation (3) was input to a digital inverse
filter which is applied for frequency-dependent attenuation correction at increasing depths.
The inverse filter simply boosts the higher frequencies relative to the lower (less attenuated)
frequencies over varying depths, and more details for the correction can be found in (Baek
et al. 2020a; Baek et al. 2020b; Parker and Baek 2020). Consequently, corrected RF signals
compensated for attenuation effects were used to produce the H-scan ultrasound images.

The final parameters that were evaluated within each liver ROl included echogenicity or
brightness (dB) for B-scan, a reported herein with a conversion to the more commonly
used units of dB/cm/MHz for attenuation, and percent of blue for H-scan. B-scan ultrasound
echogenicity was calculated from log-compressed data where 0 dB is set to the same
brightness level for all scans. The attenuation was measured by averaging eqgn (3) over
depth. 256 color levels were used for the H-scan image format, which changes from red to
black to blue in sequence, represented by a color bar in Figure 5. Red and blue pixels are
equally divided into the pixels with color levels C;of [1, 128] and [129, 256], respectively,
which can be converted into normalized color intensity /;
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i= 375 @

where 7is the index of each pixel. The number of red and blue pixels are written as 775 and
npg, respectively, and then the percent of blue (% of blue) is defined by:

n
% of blue = - f

g x 100% (5)

First-order statistics of speckle and the Burr distribution

The histogram of ultrasound echo amplitude A for the normal liver speckle pattern is
governed by a two parameter probability density function (PDF), NV,(A) according to a
novel framework proposed by Parker (2019a; 2019b) and employed in (Baek et al. 2020b;
Parker and Poul 2020a; Parker and Poul 2020b). Based on this new framework, speckle
patterns of the normal liver stems from the fractal network of fluid-filled vessels with a size
distribution following a power law function as Ma) = My/a?, where A is the number density
of vessels within the organ, ais vessel radius, and b is the key fractal power law parameter.
Within reasonable approximations concerning pulse echo imaging of the vascular beds, the
probability density function for echo amplitudes A is given by:

ViA1= A= D
(4 +1] ©

where A is related to system factors like amplifier gain and a minimum vessel size of the
fractal network, and b to the fractal vessel network. Equation (6) is derived by using a 3D
convolution model and happens to be a Burr type XII distribution proposed for general
applications unrelated to medical imaging in the 1940s (Burr 1942). More detail on the
derivation is found in (Parker 2019a).

Variation in scattering structures and spacing within soft tissues produce changes in the
value of Burr parameters and A, which are estimated by fitting a Burr distribution to

the normalized histogram of tissue speckle amplitude. Thus, the two Burr parameters are
estimated for liver tissues of control and diet groups of rats in the present study at three
different weeks. The ROI for obtaining the speckle amplitude distribution in each rat liver is
selected in a uniform region devoid of large anechoic vessel areas.

Histogram fitting is done in MATLAB (MathWorks, Inc., Natick, MA) using a nonlinear
least squares minimization of error. By using additional estimates of the two parameters
from the mode and median equations, some bounds are placed on the Burr fitting
parameters. The results give the smallest set of band A as estimated parameters, consistent
with eqn (6) and with an A2 value of higher than 99.8% for each frame of each liver scan.
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The SVM classifier

The SVM is one of the supervised learning approaches to construct hyperplanes that classify
multidimensional data into several classes (Cortes and Vapnik 1995; Vapnik 1999; Bishop
2006), which is a convex optimization problem given by:

N
... |1 2
mlnlmlze(inﬁ)” +C Z é‘,,) (7

n=1

where w is the vector describing the hyperplane of data points x,, represented as w - x, + b,

and & is the penalty for misclassified points. To construct a SVM, the box constraint

Cand o of a Gaussian kernel were optimized. The first term of eqn (7) denotes

maximizing the margins between the classes during training, subsets of data near the

class boundaries are used as support vectors whose index are n7in egn (7). The training
allows misclassified points with the penalty of &, and therefore more robust classification
with smooth hyperplanes can be performed preventing overfitting. As this formulation is a
convex optimization problem with an optimal solution, the SVM can avoid local minima.
Moreover, Gaussian kernels enable SVM to set non-linear hyperplanes, with the shape of
the hyperplane dependent on the setting parameter of o. Due to the advantages, a SVM
with Gaussian kernels was used to classify liver states based on the ultrasound scattering
signatures characterized by H-scan, B-scan, attenuation and the Burr analysis. The study
design shown in Figure 2 illustrates the proposed SVM training and prediction procedures
which were implemented in MATLAB. The SVM classifier was trained first with parameters
from a total of 1,877 data sets, including 1,175 normal, 342 low fat, and 360 high fatty liver
cases. These parameters were estimated from the raw ultrasound RF echoes acquired from
the 21 rats and with approximately 30 frames for each liver scan.

Every case has the five parameters of % of blue from H-scan, a from attenuation, dB scale
intensity from B-scan, 6, and dB scale A from the Burr analysis. However, these parameters
have different data ranges and scales, which could have a different impact on processing;
the larger the scale of a feature, the more weight it can carry compared to other smaller
scale features. Thus, data normalization was performed before the features were put into the
SVM training. Z-score normalization (Jayalakshmi and Santhakumaran 2011) was used as
the most commonly used data normalization technique, of which normalized data zis given

by:

. X = /’lbaseline’ ®
Obaseline
where xis raw data from the measurements, and fhaseline aNd opaseline are the average and
standard deviation of base line data for each input feature, respectively. In other words,
this study used only baseline cases to set zero mean and unit variance, whereby the data
distribution can show how the data of disease cases differ from those of normal.

The 5 normalized features were set to the inputs for the SVM training and each dataset
has its tag among the three classes: normal, low fatty, and high fatty liver. Then, SVM
training can construct hyperplanes, which can be used as decision planes for any other
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input with the 5 features. Thus, the trained SVM can classify liver states for unknown new
inputs. Further details for implementation of the SVM classifier can be found in Baek et al.
(2020b). In addition to SVM, PCA was performed to investigate the relative importance of
the contribution from each parameter for classification. Furthermore, PCA is a useful tool

to reduce the dimensionality of parameter space (from 5D in our case) in order to visualize
the clusters and hyperplanes in 2D or three-dimensional (3D) space. In order to examine

the hyperplanes in 2D and 3D space, the first 2 and 3 PCs were used as inputs to construct
SVM classifiers exclusively for visualization, respectively. Note that the liver classification
of this study in Figure 2 used the 5 features without first applying PCA since we only have
5 parameters and those are treated as essentially independent parameters. Generally, PCA as
a pre-processing of machine learning is useful when the number of inputs is large and there
is dependency between the input data; more than 20 parameters is reported as a large set that
benefits from PCA (Howley et al. 2006). Otherwise, PCA can cause information loss with a
drop in classification performance.

Histological sections confirmed that high grade steatosis was induced only in the MCD

diet group. These livers displayed significant amounts of accumulated fats, with minimal
inflammation and no evidence of other diseases. Examples of histology are shown in Figure
4. We scored the percentage of fat area to the entire tissue area in selected histology images;
3 control and 6 diet cases were enrolled. The histology images were binarized, and then

the bright areas were counted as fat. The detected fat areas are illustrated in green color in
Figure 4(g) and (f). The percentages of fat area were measured as 0.06 £ 0.07% (mean £
standard deviation) and 29.93 + 8.82% for the control and diet groups (p-value of 0.008). A
steatosis quantifying study (Munsterman et al. 2019) demonstrated the positive correlation
between steatosis grade and the percentage, reporting that grade 3 steatosis corresponds to
16% fat in human liver, which is lower than this study. Therefore, we confirmed that week 6
rats have severe steatosis.

The enrolled 21 rats were scanned by ultrasound at 0, 2, and 6 weeks. Figure 5 shows
examples of B-scan, H-scan % of blue profile, and Burr-fitting results from one rat in

the diet group, highlighting the progression of fat accumulation. ROIs for processing are
indicated by the red boxes on top of the B-scan ultrasound images, of which depth ranges
from 6 to 12 mm. Additionally, Figure 6 shows the progression of the measurements
over time and statistical plots between the three groups: normal, low (week 2 diet), and
high (week 6 diet) fatty liver. The following statistical notations were employed: ns (no
significance) p > 0.05; * p < 0.05; ** p < 0.01; *** p < 0.001; and **** p < 0.0001.

B-scan, H-scan, and Burr parameters

As fat accumulated in the animal livers over time, B-scan and H-scan ultrasound images in
Figure 5 show the changes in brightness and color, respectively. The B-scans at 6 weeks are
brighter than those at 0 and 2 weeks; otherwise, the early stage fatty case at 2 weeks has
comparable brightness with normal. However, H-scan ultrasound imaging results indicate
that the blue colors increase more steadily over time compared with color changes for early
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stage liver steatosis at 2 weeks. These trends are consistently shown for the quantitative
measurements in Figures 6 (a) and (c). The third row in Figure 5 represents the % of blue
profiles, which were acquired after attenuation correction. The attenuation estimates used
were 0.55, 0.61, and 0.70 dB/MHz/cm for the representative cases at weeks 0, 2, and 6,
respectively.

The measurements obtained from the control group remained essentially unchanged, but
those from the diet group increased over time, indicating fat accumulation in the liver.
Moreover, the estimates of the attenuation coefficient in Figure 6(e) have similar progression
to the H-scan; the estimated attenuation coefficient of the control group remains constant
(approximately 0.5 dB/MH/cm), while that of the diet group continues increasing over time
without any delay within the early stage growth of fat. Accordingly, H-scan ultrasound

and attenuation estimation as frequency-dependent analyses monitor the progression of fat
accumulation in liver over time and appear to be more sensitive than the echo intensity-
dependent analyses, including B-scan ultrasound and the Burr analysis.

Figures 6 (b), (d), and (f) show the statistical results for B-scan intensity, H-scan, and
attenuation estimation, respectively. The three groups were included: normal, low fatty
liver, and high fatty livers. There is statistical difference between the three groups (o <
0.0001), meaning that three different liver states’ distributions can be discriminated by these
measurements. Considering the data distribution based on the half-violin and box plots,

the H-scan ultrasound has the least overlap area between the liver states among the 5
measurements. Quantitatively, the H-scan percentage of blue for the diet group at 6 weeks
is 79.2% within the range of 100%, and the control group has a value of 50.6%, whereby
this measurement can also explain the fat accumulation clearly. Similarly, the attenuation
coefficient for the diet group at 6 weeks is 0.74 dB/MHz/cm, and the average for the control
group is 0.50 dB/MHz/cm. Moreover, to evaluate the data distribution, the coefficient of
variation (of|f where oand y are standard deviation and mean, respectively) was calculated:
0.024 and 0.050 for H-scan and attenuation for the diet group at 6 weeks, respectively.
Larger values of 0.894, 0.725, and 0.138 were obtained for the other 3 measurements of
B-scan, Burr A, and b, respectively.

Finally, the Burr parameters are shown in Figures 6 (g—j), demonstrating a trending increase
in both the fand A parameters with time in the MCD diet group, whereas the control group
remains relatively unchanged.

Multidimensional clusters and the SVM-based classifier

The SVM-based liver state classifier was implemented, and consequently the decision planes
for predicting liver states were produced with 100% of classification accuracy as shown

in Figure 7. The two optimized parameters of the classifier are 1 and 10 for the box
constraint Cand o, respectively. The parameters were decided according to their accuracy
and the shape of hyperplanes. Although any SVMs can allow misclassified data points

near the boundaries of classes to set more robust hyperplanes, the proposed SVM of

this study does not need to include wrong-placed data since this study’s features provide
well-separated clusters in Figures 7(c) and (d). Therefore, Cwas minimized within the C
range in MATLAB options, meaning that the training almost only maximizes the margin
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between the classes while SVMs are designed to maximize the margin and minimize the
penalty of wrong-placed data. With a Cof 1, o of the Gaussian kernel was optimized

within the range of 1 to 50 by investigating hyperplanes and accuracy. The smaller values

of onear 1 caused overfitting with 100% accuracy, but the larger values near 50 resulted

in inaccurate hyperplanes that were close to linear shaped surfaces with 95% accuracy,
indicating underfitting. Thus, 10 of o was selected to provide smooth hyperplanes and 100%
accuracy as shown in Figure 7(e). Additional details of the SVM optimization procedure are
found in Baek et al. (2020b).

To visually examine the hyperplane shapes or clusters of data set, reduced dimensions were
considered since the employed features have five dimensions that cannot be visualized in
3D space. The five dimensions were reduced into two or three dimensions using PCA, as
depicted in Figures 7(c) and (d). Data normalization steps for PCA from the raw data are
given in Figure 8. Figure 8(a) presents raw data of the 5 features in this study with different
scales, and the feature scaling step of Z-score resulted in the normalized data in Figure

8(b). The consistent distributions for normal data over the 5 features were obtained, and
relative data positions of fatty cases can be compared between the features, demonstrating an
increase in the measurements. H-scan ultrasound provided the highest measurement values
for the 6-week diet group and the lowest overlaps between the three classes. The estimated
attenuation coefficients demonstrate a steady increase along with fat accumulation, although
there are more overlaps than H-scan, but less than the other three features. Regarding the
other three features from echo intensity, the measurements cannot sensitively track the fat
accumulation, showing severely overlapped distributions. Finally, as shown in Figure 8(c),
PCA was performed to access the combination of the 5 features, whereby the first PC
results in the best separation of the classes compared with any other measured features. The
individual contributions for each PC are shown in Figure 8(d), and the total contributions
for all PCs are provided in Figure 8(e). H-scan ultrasound contributed the most with 28.2%,
which is approximately 10% higher than any other features.

DISCUSSION

This study implemented the two different approaches to characterize and quantify the
liver conditions, which were the Burr and H-scan analyses corresponding to ultrasound
echo- and frequency-dependent investigations, respectively. The analyses derived the 5
parameters, whereby the proposed SVM liver classifier reached 100% of accuracy without
any misclassified cases and overfitting, meaning that the clusters from the three groups are
well separated. As shown in Figures 7(c) and (d), the view of clusters in 2D and 3D space
already provided three clearly distinguished clusters.

To visualize the clusters and hyperplanes, only 2 and 3 PCs were used, of which PCA caused
some loss of information when comparing the reduced parameters to five-dimensional input
parameters; the 2D and 3D clusters solely contain 93.8% and 97.0% of variance retained,
respectively, as described in Figure 8(c). Despite the loss of information, the classification
accuracies of SVM are still 100% since the combined measurements are sensitive to the
accumulation of fat. However, the extension of these techniques to human clinical liver
studies will encounter additional challenges including varying abdominal wall thicknesses,
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deeper tissue ROls, and lower frequencies. The attenuation correction at greater depths
may suffer from poor signal-to-noise conditions. Furthermore, diseases can simultaneously
exhibit more complicated conditions, including inflammation, fibrosis, and lesions, likely
resulting in less perfect classification results. In these cases, the higher dimensional
parameter spaces should be useful for identifying combinations of these pathologies. We
expect that this study’s clear description for simple steatosis will help in discriminating the
presence or absence of fat within complex liver pathology.

Figures 7(a) and (b) show clusters produced by scattering models from analysis of echo
amplitudes and frequency, respectively: (a) Burr analysis; (b) H-scan and attenuation. Figure
7(a) from the Burr analysis shows that the clusters gradually moved from bottom left to

top right due to fat accumulation. Therefore, normal and high fat cases are separable,

and normal and low fat has mild overlaps, but almost all regions for low and high

fat are overlapped. However, the analysis from H-scan and attenuation in Figure 7(b)
obviously differentiates all clusters with adequate separation, using only two parameters

to differentiate the three groups of livers. Extending the analysis further, Figures 7(c) and

(d) provide clearly separable clusters, although the Burr analysis by itself contains overlap
between the three groups. Including more information from independent approaches helps to
track the changes in ultrasound signal.

When considering all of the assessment metrics in this study, including statistics, time
progression, PCA, and machine learning, the H-scan parameters resulted in the best
performance compared to the other features. However, the fusion of the 5 particular methods
enhances the performance, whereby the margins between classes increased and clusters in
multidimensional space shows better separation than those of only H-scan. In this sense, all
the parameters contribute globally to the staging of steatosis, as presented in Figure 8(d).
Furthermore, this approach using PCA and SVM can be extended to additional diagnostic
measures as these become available.

The contributions for all PCs in Figure 8(e) from attenuation and Burr analysis are
comparable near approximately 19% of contributions, but according to data distribution

in Figures 8(a) and (b), attenuation has better discrimination with less overlap. Hence, the
contribution percentages did not fully explain the results since the Z-score normalization
only considers data distribution from all the given inputs without including class
information. For instance, when a given data set has two input features with the same data
distribution, but different overlaps between their classes, PCA considers them as the same
input. Accordingly, as a future study, employing weights for better classified input features
before PCA would help to discriminate the given classes with higher accuracies.

In summary, this study applies a unique combination of parameters related to scattering,
attenuation, and first order statistics with the framework of the H-scan analysis, applied to
steatosis using multiparametric clustering analyses. This extends the assessment of steatosis
beyond emerging clinical ultrasound measures recently reviewed by Pirmoazen et al. (2020).
We find that combinations of parameters enable better characterization and separation of
normal livers from those with two progressive levels of fat accumulation, although any one
measurement by itself is not sufficient. This multiparametric framework including H-scan,
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PCA, and SVM analyses creates an effective means to combine the different metrics for
assessment of liver steatosis.

CONCLUSION

We applied the multiparametric H-scan and the Burr distribution analyses to study the
steatosis in an animal model of NAFLD. These analyses derived five measured parameters
that are directly linked to recent models of ultrasound-tissue interaction in normal and
steatotic livers. We found that the H-scan ultrasound images and Burr parameters are
individually sensitive to the accumulation of fat within the liver, with some degree of overlap
found between different groups. However, when taken jointly the measured parameters
formed well-separated clusters in five dimensional spaces and make possible a robust
discrimination between controls, steatotic livers at 2 weeks, and those at 6 weeks. A PC
and SVM classification approach was capable of discriminating between groups with a
100% accuracy. These strong results indicate potential use of this multiparametric approach
in clinical studies of steatosis and its progression in humans.
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Figure 1.

Schematic of a first order approximation for superposition of scattering sites in simple
steatosis. At the right side are shown the dominant scattering structures from the normal
liver rendered from a micro-CT contrast-enhanced 3D rendering of the vasculature within a
mouse liver. In normal liver, the weak ultrasound scattering from the fluid-filled vasculature
is a major source of returning echoes. Accumulating fat vesicles add to the scattering and
produce a change in received echoes as compared with the normal liver.
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—

Study design: a liver steatosis diagnosing tool with SVM and H-scan imaging. The
SVM was trained by using the 5 measured parameters from B-scan, H-scan, attenuation
estimation, and Burr analysis, resulting in the SVM classifier for liver diagnosis. PCA
using the parameters provided a reduced dimensionality view of clusters of normal, low fat,
and high fat livers. H-scan imaging provides colors representing liver states, and the SVM
provides the category of the input liver data. We note that SVM could also be performed on
the reduced parameter space defined by PCA, with lower dimensionality.
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Figure 3.
Schematic for H-scan. For each frame, the attenuation coefficient is estimated, and using this

coefficient attenuation correction was performed. The corrected RF data without frequency
shift caused by attenuation was assigned as an input of H-scan.
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@

Figure 4.
Histology images of liver sections stained with Picro-Sirius red for steatosis. Object scale

(a—c) and 10x object virtual magnification (d-f) are shown. (a) and (d) represent a control
case, (b) and (e) represent a 6 week diet case; (c) and (f) show another 6 week diet liver. Fat
accumulation can be seen in MCD diet cases. An analysis of fat is shown in the bottom row.
For the case in (e), a box ROI was selected as shown in (g), showing the detected fat vesicles
with green color. The ROI of (g) is magnified into (h) and (i); (h) only shows the histology
image before fat detection, and (i) shows detected fat with green color.
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Figure 5.
Scans of one rat in the MCD diet group. Top row: B-scan; second row: H-scan images; third

row: % of blue or red profile. The bottom row shows Burr-fitting to histogram at weeks
() 0, (b) 2, and (c) 6, with vertical axis representing the probability 2 of amplitude A
(horizontal axis A in arbitrary units). The images and histograms are all from the same rat
in the diet group. With the accumulation of fat, the H-scan blue channel (high frequency,
corresponding to small scatterers) output increases, as does the Burr hand A parameters.
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(c) 2D view of clusters
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View of clusters and classification. (a) and (b) show clusters in 2D space from selected
parameters from Burr and H-scan analyses. (c) 2D view of clusters by using the first and
second principal components obtained from the 5 measurements: Burr A and Burr 6, H-scan,
attenuation, and B-scan. (d) 3D view of clusters from the first three principal components.
(e) and (f) SVM classification results in 2D and 3D space, respectively. (e) and (f) add

the decision hyperplanes generated by SVM. The SVM results with 2D and 3D input have
100% of classification accuracy, which demonstrates this study’s measurements can provide
clear discrimination between normal, low fatty, and high fatty liver.
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Feature scaling and PCA results. (a) Raw data from the 5 measurement. (b) Normalized data
after Z-score feature scaling. (c) Principal components (PC) after PCA. (d) Contribution for
each PC from the 5 measurements. (e) Contribution for all PCs: H-scan contributes the most

as 28.2% compared to the other 4 methods.
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