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Abstract

Objective—To investigate whether quantitative ultrasound (QUS) imaging, based on the
envelope statistics of the backscattered ultrasound signal, can describe muscle properties in
typically developing children and those with cerebral palsy (CP).

Methods—Radiofrequency ultrasound data were acquired from the rectus femoris muscle of
children with CP (N=22) and an age-matched cohort without CP (N=14) at rest and during

maximal voluntary isometric contraction. A mixture of gamma distributions was used to model the

histogram of the echo intensities within a region of interest in the muscle.
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Results—Muscle in CP exhibited a heterogeneous echotexture significantly different from
healthy controls (p<0.001) with larger deviations from Rayleigh scattering. A mixture of two
gamma distributions showed an excellent fit to the ultrasound intensity, and the shape and rate
parameters were significantly different between CP and control groups (p<0.05). The rate
parameters for both the single gamma distribution and mixture of gamma distributions were
significantly higher for contracted muscles compared to resting muscles, but there was no
significant interaction between these two factors (CP and muscle contraction) for a mixed-model
ANOVA analysis.

Conclusions—Ultrasound tissue characterization indicates a more disorganized architecture and
increased echogenicity in muscles in CP consistent with previously documented increases in
fibrous infiltration and connective tissue changes in this population. Our results indicate that
quantitative ultrasound can be used to objectively differentiate muscle architecture and tissue
properties.

Keywords

Quantitative ultrasound; Ultrasonic tissue characterization; Envelope statistics; Muscle
echotexture; Statistical modeling; Mixture of gamma distributions

Introduction

It is well established that size, tissue composition, and architecture of skeletal muscle is a
major determinant of its functionl-3. The connective tissue architecture and infiltration of
fibrous tissue and fat alter the mechanical properties of muscle, and these in turn affect the
ability of the muscle to generate force?6. The quantitative characterization of muscle
composition and architecture can be an important clinical diagnostic and outcome measure
in disorders with primary muscle pathology, such as muscular dystrophy, and neuromuscular
disorders with associated muscle spasticity and paresis, such as cerebral palsy, stroke and
spinal cord injuries’. Quantitative muscle tissue characterization is also important for more
fundamental studies investigating the linkages between tissue properties and dynamic
function8.

The current gold standard for characterization of muscle tissue composition and distribution
of fiber type is through muscle biopsy?®, which is invasive and carries the risks of infection,
bleeding, and patient discomfort. Biopsies are often impractical when longitudinal
measurements are desirable, and for dynamic studies. In recent years, a number of imaging
methods have been developed that provide quantitative estimates of muscle tissue properties.
Magnetic resonance Imaging (MRI) and computed tomography (CT) imaging can be used to
quantify fatty infiltration10. Ultrasound is attractive for musculoskeletal imaging because it
is portable and readily available for clinical or research use, can be used for real time
imaging during dynamic tasks, and is well suited for longitudinal monitoring because it is
inexpensive and safell. Ultrasound imaging is routinely used to measure anatomical muscle
dimensions such as thickness, cross sectional area, fascicle length, and pennation angle12-15,
and more recently to quantify mechanical properties of muscle using elastography2.
However, there continues to be a need to develop objective ultrasound-based methods for
quantifying muscle microarchitecture and composition. Such a method for ultrasonic tissue
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characterization of muscle would have clinical utility by providing a noninvasive assessment
of muscle characteristics (such as fatty and fibrous tissue infiltration, and fiber architecture)
without the need for muscle biopsy.

The objective of this paper is to investigate the use of statistical models to quantitatively
analyze ultrasound echotexture in muscle. As a feasibility study, we investigated the
differences between muscle characteristics in children with cerebral palsy and a cohort of
healthy children. Cerebral palsy (CP) is the most common physical disability originating in
childhood!”. Muscles in CP are known to have structural differences in muscle fibers and
connective tissues within the muscle!®19, In particular, weaknesses in the knee extensor
muscles, such as the rectus femoris, which are important for maintaining an upright posture
during gait, has been implicated in poor mobility and crouch gait, which is a common gait
problem in CPZ0,

Quantitative ultrasound (QUS) methods for characterizing tissue composition and tissue
properties have a long history?1. However, the application of quantitative ultrasound
methods for characterizing muscle tissue has been limited primarily to analysis of gray scale
levels?2. Previous work has shown that fibrosis and fatty infiltration in skeletal muscle in a
number of neuromuscular disorders can be assessed using ultrasound, with abnormal muscle
showing increased echogenicity compared to normal control?324, Furthermore, quantitative
ultrasound methods have been used to quantify intramuscular fat content in animals25:28, In
addition to echogenicity, the echotexture, or speckle pattern, is a unique signature of the
underlying tissue microstructure, and a quantitative analysis can reveal useful acoustic
properties of the underlying medium that can be related to biological properties and tissue
characteristics?’-29,

In previous work, typically two approaches have been pursued to quantitatively extract
information about tissue composition and microarchitecture from backscattered ultrasound
echoes?L. The first approach utilized a spectral analysis of the raw radiofrequency (RF) data,
and derived QUS parameters such as attenuation coefficient and mean scatterer spacing from
fitting a theoretical model to the normalized spectrum of the backscattered ultrasound
signal39:31, A second approach modeled the envelope of the backscattered ultrasound signal
using different statistical models, where the model parameters could be related to underlying
tissue properties32-35, The spectral approach traditionally has been used in conjunction with
careful calibration with a reference phantom to eliminate the transfer function of the
ultrasound imaging system, while the envelope statistics are calculated after normalization
of image intensities with image-based reference intensity without using a reference
phantom, and does not require access to raw radiofrequency data. However, it can be shown
from theoretical considerations that both approaches are fundamentally related3®. In this
paper, our focus is on quantitative ultrasound based on envelope statistics, since it can be
performed more readily in a clinical setting with conventional imaging instruments.

In this study, we investigated two questions: (1) what are the statistical properties of
ultrasound scattering from muscle tissue; and (2) what quantitative technique for analysis of
echo statistics better differentiates between the abnormal muscle of children with CP
compared to normal muscle in healthy controls. The backscattered ultrasound signal from
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muscle tissue contains mixture of diffuse and coherent scattering and strongly specular
reflections from fascia and fascicular boundaries. Ultrasound scattering occurs primarily at
interfaces, such as connective tissues of the endomysium, perimysium and fascia and other
components, including muscle cells, fat and fibrous tissue, with a mismatch of acoustic
impedance3’. In practice, this heterogeneous scattering cannot be easily modeled using a
single distribution, even accounting for a combination of coherent and diffuse scattering3°.
In previous work, mixtures of distributions have been used as an effective method of
overcoming this problem38. Therefore, we investigated a mixture of distributions to model
scattering from muscle tissue. A mixture model introduces additional model parameters, and
therefore can better fit situations with heterogeneous scattering. A mixture of various
different probability distributions can be considered for modeling the backscattered envelope
statistics. Previous work has shown that the homodyne-K distribution3® is the most
generalized model for ultrasound envelope statistics. However, the homodyne-K distribution
does not have a closed-form expression for the probability distribution function, and is
therefore not convenient for parameter estimation in a mixture model. The Nakagami
distribution is an approximation of the homodyne K-distribution, has been used in a number
of applications, since the distribution parameters can be more readily estimated3®. We
utilized the gamma distribution to model echo intensities, which is identical to the use of a
Nakagami distribution to model echo amplitudes. Parameter estimation of a mixture of
gamma distributions can be performed robustly using well-established approaches*C.

Experimental Methods

Study subjects

Children with CP were recruited at the National Institutes of Health Clinical Center,
following procedures approved by the IRB. Informed consent for the study was obtained
from all human subjects. The inclusion criteria were a diagnosis of spastic bilateral CP,
premature birth (<34 weeks), periventricular white matter injury on a previous MRI, ability
to walk with or without external assistance for 20 feet without stopping, and, mild to
moderate gross motor dysfunction (Gross Motor Functional Classification System (GMFCS)
levels I, 11, or 111). Participants were excluded if they were receiving oral or intrathecal
baclofen, had undergone surgery to the lower extremities in the past year or any major
surgery within the past 6 months, had any major medical illness, or were currently using an
exercise device regularly. In this study, we analyzed data from 22 children with CP (mean
age = 10.6 yrs.; range 5.1-17.6 yrs.; body mass index = 19.26; range 13.45-31.13) for whom
raw radiofrequency ultrasound data were available. Of the 22 children, 2 were at GMFCS
level 1, 12 were at level 11, and 8 were at level 111. We also analyzed data from 14 healthy
volunteers who were matched to the CP cohort in terms of age (mean age = 12.2 yrs.; range
6.9-17.1 yrs.; body mass index: 19.99; range 15.78-26.78) and for whom raw radiofrequency
ultrasound data were available.

Data acquisition

Ultrasound imaging was performed using a SonixTouch ultrasound system (BK Ultrasound,
Richmond, BC, Canada) with an L14-5W transducer, with a frequency range of 5-14MHz,
and 60 mm width. The subject was seated comfortably on an isokinetic dynamometer
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(Biodex Medical Systems, Shirley, NY, USA) with the knee was flexed at a 60° angle
(Figure 1). A tape measure was used to measure the length of the rectus femoris muscle
between the origin and insertion points on the leg ipsilateral to non-dominant upper
extremity, and the midpoint of the muscle (50% of the muscle length) was marked on the
skin surface with the muscle relaxed. All images were acquired with the same ultrasound
system settings. The musculoskeletal imaging preset (MSK) was used, with a 10MHz center
frequency, 3 cm depth, and 76 dB dynamic range. The rectus femoris muscle was visualized
in cross section at the location of the skin mark. Images were acquired at baseline with the
subject’s muscle relaxed, and during a maximal voluntary isometric contraction (MVIC) for
5 seconds. The ultrasound transducer was held steadily at the same anatomical location
based on the skin mark for both relaxed and MVIC conditions, in a direction perpendicular
to the skin surface. Raw RF ultrasound data were saved with a sampling frequency of 40
Msamples/sec.

Data analysis

The intensity of the raw RF ultrasound data was calculated using the Hilbert transform. For
each subject, a single B-mode image frame, at rest and during MVIC, respectively was
selected. The MVIC frame was selected at the peak of sustained contraction.

We performed two different types of analysis. First, we created spatial parameter maps by
estimating the statistical model parameters from the histogram of echo intensities within a
moving rectangular window. The window size was varied from 3 times the acoustic
wavelength to 7 times the wavelength. Second, we selected the entire muscle as the region of
interest for estimating the model parameters. For this analysis, the rectus femoris muscle
was identified manually in the corresponding B-mode images. The muscle boundary was
manually marked by identifying the hyperechoeic fascia boundaries. The entire muscle was
considered the region of interest (ROI) for analysis. The fascia outside the muscle was not
included in the ROI, but all fascia interfaces inside the muscle boundaries were included in
the analysis. The backscattered intensities within this muscle ROI were normalized by the
maximum value within the ROI. The statistical properties of the normalized backscattered
intensities were analyzed using statistical models described in the next section.

Theoretical Methods

Theoretical model of the envelope statistics of the backscattered signal

Different theoretical models of the envelope statistics of backscattered ultrasound echoes
from a heterogeneous medium have been critically reviewed elsewhere35. A common
formulation considers ultrasound scattering from a volume of tissue to be analogous to a
random walk with N steps, where each step has a step size of a; and a direction 74142, The

step size corresponds to the scattering amplitude, and the direction depends upon the
positions of the scatterers, and affects the phase of the returned echo. For an unbiased
random walk, a;, and 7iare assumed to be uniformly distributed, corresponding to the case

of incoherent (diffuse) scatterers in a homogeneous medium. Assuming N to be infinitely
large, the backscattered amplitude of the echo follows a Rayleigh distribution for a 2-
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. R . . 2 0. .
dimensional random walk with variance ¢> = a /. where @ is the variance of the scatterer

amplitudes®. The Rayleigh distribution is applicable in the case of well-developed speckle
without coherent scattering. In this case, the signal to noise ratio (SNR), defined as the ratio
of the mean to the standard deviation, is 1.9143.

To account for coherent scattering, a number of extensions of the Rayleigh distribution has
been proposed, including the Rice distribution3® and the homodyne-K distribution®. The
homodyne-K distribution is the most generalized model for envelope statistics3®, since it can
account for the effects of a small number of scatterers in a resolution cell, and a coherent
scattering component and the parameters can be associated with physical tissue
characteristics. However, since the homodyne-K distribution does not have a closed-form
expression for the probability distribution function, other distributions are often used in
practice. For a random variable x representing the amplitude of the backscattered ultrasound
echo, the Nakagami distribution is an approximation of the homodyne K-distribution, and
accounts for both coherent as well as diffuse scattering3®.

mx

Q

i _
P (xm, Q) = L(ﬂ) =l Eq. 1

Nakagami I'm\Q

The parameters Q and 777 can be interpreted as the mean intensity and the square of the SNR,
respectively. If the envelope statistics follow a Nakagami distribution, then the square of the
envelope, or the intensity, /=xZ, of the backscattered ultrasound signal, follows a gamma
distribution,

a
PGamma(Ila’ ﬂ) = %Iﬂ - le_ﬂl, Eq. 2

where a is the shape parameter and S is the rate parameter. The shape parameter can be
interpreted as the square of the SNR (a = m), and the rate parameter is the ratio of the
square of SNR and mean intensity ( 8 = /).

Based on the above theoretical formulation, we can see that the use of a gamma distribution
to model the intensity (square of amplitude) of the backscattered ultrasound signals can
account for both coherent and diffuse scattering. The above formulation holds for envelope
statistics within small regions of interest corresponding to the size of the speckle. As the
region of interest is increased and different tissue types contribute to the envelope statistics,
a single distribution may no longer be a suitable model. In such situations, a mixture of two
distributions can provide more flexibility in modeling the observed statistics. In this paper,
we investigated the suitability of three distributions: Rayleigh, gamma and mixture of
gamma, to model the envelope statistics from muscle.
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Estimation of model parameters for mixture of gamma distributions

In the most general case, we assume that the squared envelope of the backscattered
ultrasound echoes from heterogeneous muscle tissue follows a mixture of two gamma
distributions with probability density function:

fdip,ays Bys ag. By) = PPGamma Tl B1) + (1 = DIPgpolag, Br), - EQ. 4

where p € (0, 1), a;>0,a,>0, 8, >0, ,>0.

To ensure model identifiability and obtain a unique solution to the parameter estimation
problem, we impose the constraint such that a, > «;.

Suppose there are 77 independent and identically distributed (i.i.d.) observations 7, ---,1,. The

likelihood function for the unknown parameters 6 = (p, a,, a,, . f3,) is given by

L) = [[rdip.ay.p.a.8,). Eq.5

i=1

We maximize the above likelihood function to obtain the maximum likelihood estimators of
6, denoted by 6 = (5.4, &,. j3,. ,) . The optimization can be accomplished using the quasi-

Newton algorithm#0, Specifically, we used an implementation of the Broyden-Fletcher-
Goldfarb-Shanno (BFGS) algorithm, which is an efficient algorithm for solving nonlinear
optimization problems.

Statistical Analysis

The model parameters (SNR, shape and rate of the single gamma distribution and shape, rate
and mixture probability of the two gamma distributions) were estimated from the muscle
images at rest and during MVIC in both healthy volunteers and children with CP. We
utilized the SNR parameter to investigate the deviation from purely diffuse scattering. We
then investigated whether the gamma distributions were a good fit to the underlying data
using descriptive statistics and the 7 goodness of fit statistic. The estimated parameters
were then compared between the two groups (healthy volunteers and children with cerebral
palsy) using descriptive statistics. Log-transformations were applied to the rate parameters to
approximate normality. A mixed model ANOVA (with a subject-specific random intercept)
analysis was performed to investigate sources of variation due to CP and due to muscle
contraction, and any interaction between these effects. Residual analysis was performed to
evaluate the suitability of the mixed effects model. Bonferroni correction (for two
parameters for the single Gamma distribution and five parameters for the mixture of Gamma
distributions) was applied for multiple comparisons when evaluating significant differences.
The statistical software SAS (version 9.4; SAS Institute, Cary, NC) was used for all
analyses.

J Ultrasound Med. Author manuscript; available in PMC 2019 September 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Sikdar et al.

Results

Page 8

Exemplary images from the rectus femoris muscle of a healthy volunteer and a child with
CP, at rest and during MVIC, show that the muscle in the child with CP is more echogenic
and has a qualitatively different echotexture (Figures 2 and 3).

The depths of the centroid of the manually marked region of interest for the rectus femoris
muscle were not significantly different between the CP and healthy volunteer groups (15.98
+2.81 mm vs. 16.56 + 2.62 mm, respectively; p=0.6). As expected, the size of the rectus
femoris muscle was significantly larger in the healthy volunteers vs. those in CP (547.44
+127.28 mm? vs. 273.43 + 91.15 mm?, respectively; p<0.0001).

We created parametric maps of the SNR parameter calculated within moving windows of
different sizes (Figures 2 and 3). These parametric maps highlighted the large variability of
the parameter within the muscle. The SNR parameter was low in regions where fascia tissue
interfaces were present. The SNR parameter also varied with the size of the window used for
estimation. Similar variability was observed for the Gamma parameters as well. It can be
seen that as expected the shape parameter of the single Gamma distribution closely tracks
the SNR as expected.

The large variability of the parameters within the muscle is a barrier in using spatial
parameter maps in adequately and compactly describing the characteristics of the muscle.
While the mean and standard deviation of the parameters showed differences between the
groups, the values were dependent upon the choice of window used for parameter
estimation. For the analysis in this paper, we therefore chose the entire muscle as the region
of interest and used a mixture of gamma parameters to describe the statistics.

A scatterplot of the mean and standard deviation of the amplitudes (normalized by the
maximum value) within the entire muscle region of interest shows that the estimated SNR
(corresponding to the slope) in the case of healthy volunteers is significantly lower than that
of children with CP, both during rest and MVIC (p<0.001 using a two-sample t-test on the
SNR estimates) (Figure 4). The SNR for the case of controls during MVIC is closest to that
of the expected value of 1.91 for a Rayleigh distribution, whereas in the other cases the SNR
is larger than that for a Rayleigh distribution, indicating heterogeneous scattering. The R?
statistics for the linear regression for healthy volunteers are 0.74 and 0.92, respectively for
rest and MVIC, while for CP are 0.76 and 0.83, respectively for rest and MVIC.

The histogram of the normalized intensity in the same muscles, overlaid with the maximum
likelihood models for a single gamma distribution and a mixture of two gamma distributions
show that the mixture of gamma distributions provide an excellent fit with the underlying
data (Figure 5). By looking at the two separate components of the mixture, we notice that
the component with the smaller value of the shape parameter models the distribution of low
and intermediate intensities (green dashed curve), whereas the component with the larger
value of the shape parameter models the distribution of higher intensities that contribute to
the heavy tail of the distribution (blue dashed curve). It can further be seen that the heavy tail
of the underlying distribution is a factor that explains why the single gamma distribution
underestimates the contribution of low and intermediate intensities. The goodness of fit
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evaluated using the x’statistic confirms that the mixture of gamma distributions is
consistently a better fit to the data for all subjects, both healthy volunteers and children with
CP (Figure 6).

The estimated QUS model parameters of the single gamma distribution are significantly
different between healthy volunteers and subjects with CP at baseline, as are the estimated
parameters of the mixture of gamma distributions (Tables 1-3; Figures 7-8). A mixed model
ANOVA (Tables 2-3) analysis shows that all the parameters (shape and rate parameters for
both the single gamma distribution and mixture of gamma distributions) are significantly
different between healthy volunteers and CP. There was no significant difference in the
mixture probability of the two gamma distributions between the groups. The rate parameters
for both the single gamma distribution and mixture of gamma distributions are significantly
higher for contracted muscles compared to resting muscles (Tables 1-3), but there is no
significant interaction between these two factors (CP and muscle contraction). This implies
that the difference in tissue characteristics between relaxed and contracted states in CP is
similar to the difference between relaxed and contracted states in healthy volunteers, even
though the tissue characteristics in relaxed and contracted states in CP are both significantly
different from those in healthy volunteers.

Discussion

The objective of our study was to investigate two questions: (1) what are the statistical
properties of heterogeneous ultrasound scattering from muscle tissue and whether a mixture
of Gamma distributions can adequately describe the statistics of ultrasound scattering from
muscle; and (2) what quantitative technique for analysis of echo statistics better
differentiates between the abnormal muscle of children with CP compared to normal muscle
in healthy controls.

Our results show that, as expected, scattering from muscle is heterogeneous. Within the
rectus femoris muscle, there is significant regional variability in the envelope statistics
(Figures 2 and 3). The parameter estimates are also sensitive to the size of the window used
to calculate the envelope statistics (Figures 2 and 3). The parameter maps might provide a
visualization of the heterogeneity of the muscle, and provide complementary information to
that obtained using the B-mode alone. However, in many applications it would be useful to
obtain a single representative measure of the muscle quality and tissue characteristics®.

To address this issue, we selected the entire cross-sectional view of the muscle in a 2D
image plane as the region of interest. Our results indicate that a mixture of gamma
distributions can be used to adequately describe the envelope statistics of backscattered
ultrasound from the entire muscle (Figure 5). In healthy muscle, ultrasound waves are
scattered by highly organized tissue. It can be seen from Figures 5 and 6, that the single
gamma distribution cannot adequately describe the mixture of normal muscle tissue and
fascia boundaries, but a mixture of two gamma distributions can model the scattering with
an excellent goodness of fit in all subjects studied (Figure 6).
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Our results indicate that the values of the shape parameters of the gamma distribution (both
single as well as the mixture of two gamma distributions) are significantly lower in healthy
volunteers compared to children with CP, (Tables 2 and 3). As described in the Methods, the
shape parameter of a gamma distribution is related to the square of the SNR. From Figure 4,
it can be seen that the SNR for the case of controls is closest to that of the expected value of
1.91 for a Rayleigh distribution, whereas in CP the SNR is larger than that for a Rayleigh
distribution, indicating heterogeneous scattering from muscle in children with CP with a
larger proportion of coherent scatterers. Conversely, our results indicate that the rate
parameters of the gamma distribution (both single as well as the mixture of two gamma
distributions) are significantly higher in healthy volunteers compared to children with CP,
(Tables 2 and 3). This implies that the distributions in children with CP have higher mean
intensities and a heavier-tailed distribution compared to that in healthy volunteers, as shown
in Figure 5 (i.e., the cumulative probability of brighter echo intensities is higher in children
with CP than in healthy children). These findings can be interpreted based on histological
evidence of muscle changes in CP. Muscles in CP have been shown to be weaker and
smaller, with structural differences in muscle fibers and connective tissues within the
muscle!®19, In the case of CP, muscle spasticity has been related to changes in distribution
of muscle fiber type??, increased total collagen content®, and poor organization of
extracellular matrix material*®, and an increase in the amount of fibrous tissue in muscle23.
These changes in muscle structure may cause the ultrasound image to appear more
echogenic (bright) in children with CP, as shown in Figure 3. For example, a high correlation
exists between ultrasound echo intensity and fibrous tissue infiltration23. In controls, the
coherent scatterers are primarily the fascia and connective tissue interfaces that are well
separated from the normal muscle tissue. As a result, a single gamma distribution is not a
good fit to the data (Figure 5). Indeed, the parametric maps clearly show that the parameter
estimates for normal muscle and fascia tissue interfaces visible on B-mode images are
markedly different. On the other hand in CP, the coherent scattering could be due to fibrous
tissue infiltration into the muscle microarchitecture, and therefore a single gamma
distribution shows a qualitative better fit for these muscles compared to controls (Figure 5).
Quantitatively, the goodness of fit evaluated using the ystatistic confirms that the mixture of
gamma distributions is consistently a better fit to the data for all subjects (Figure 6). Our
results indicate that a single gamma model is sufficient if the goal is to differentiate between
the two groups, but a mixture model better describes the underlying scattering statistics and
may be more suitable for quantitative ultrasound analysis of muscle.

Our results also show that the rate parameter is significantly higher in contracted muscle
compared to relaxed muscle in both controls and CP, whereas the shape parameter is not
different (the significant effect of MVIC on gin Tables 2 and 3). The rate parameter is
inversely proportional to the mean intensity (Eq. 3); therefore an increase in the rate
parameter of the gamma distribution would correspond to a decrease in the mean echo
intensities. It is well known that when muscles contract, their echogenicity decreases*6. The
decrease in echogenicity during contraction can be caused by both an increase in the
thickness of muscle fascicles that increases the separation between the echogenic fascicular
boundaries, as well as a change in the pennation angle of the muscle fibers that changes the
angle of reflection of the ultrasound echoes. Our results show that this change is more
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pronounced in healthy volunteers compared to CP, consistent with the fact that children with
CP are not able to contract their muscles effectively.

There are a number of limitations of this study that must be acknowledged. Our sample size
was small, and these results need to be confirmed in a larger study. The study was not
designed to investigate whether the ultrasound measures are predictive of functional
improvement. We did not systematically evaluate the trial-to-trial reproducibility of the
echotexture measurements. While we attempted to control for the position of the probe
relative to anatomical landmarks, we did not systematically evaluate what effect variations in
probe placement of the ultrasound probe may have on the results. We also did not evaluate
whether the results depend upon the choice of ultrasound scanner and transducer. During
isometric muscle contraction, the region of interest in the muscle could be at a slightly
different location compared to the rest state. Although repeatability was not evaluated in this
study, several previous studies have shown that ultrasound echogenicity and echotexture
analysis is a repeatable and valid method for quantifying skeletal muscle characteristics and
for differentiating between normal and pathological muscle tissue 23:2447.48_ A previous
study in children® showed that muscle heterogeneity evaluated using texture analysis is a
sensitive method to differentiate between healthy and pathological muscle tissue. In this
study, we did not evaluate the effect of age on echotexture. While muscle size increases with
age, previous studies have shown no significant effect of age on echotexture®. In our study,
we compared children with CP to a healthy age-matched cohort. Therefore, we do not think
that age dependence is a significant limitation in interpretation of our study results. A
limitation of using a mixture of gamma distributions is that the QUS model parameters
cannot directly be linked to some tissue characteristics such as effective scatterer size, or
coherent scatterer power, which may be possible using more sophisticated model fits such as
the homodyne-K distribution. However the parameters of the gamma distribution do relate to
tissue characteristics that affect coherent and diffuse scattering, and changes in the
parameters are directly related to changes in tissue composition and microarchitecture. One
advantage of using the mixture of gamma distributions is that the parameter estimation can
be performed robustly using well-established approaches.

Conclusion

Quantitative ultrasound imaging of muscle is feasible, and a mixture of gamma distributions
can describe the envelope statistics with an excellent goodness of fit. To the best of our
knowledge, this is the first study that describes the use of a mixture of gamma distributions
to perform quantitative ultrasound imaging of muscle for tissue characterization.

Acknowledgments

Supported by the Intramural Research Program at the NIH Clinical Center, Protocol# 10-CC-0073, and the National
Science Foundation Grant # 0953652.

References

1. Lieber RL, Friden J. Functional and clinical significance of skeletal muscle architecture. Muscle
Nerve. 2000; 23(11):1647-1666. [PubMed: 11054744]

J Ultrasound Med. Author manuscript; available in PMC 2019 September 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Sikdar et al.

11.

12.

13.

15.

Page 12

. Visser M, Kritchevsky SB, Goodpaster BH, et al. Leg muscle mass and composition in relation to

lower extremity performance in men and women aged 70 to 79: the health, aging and body
composition study. J Am Geriatr Soc. 2002; 50(5):897-904. [PubMed: 12028178]

. Frontera WR, Reid KF, Phillips EM, et al. Muscle fiber size and function in elderly humans: a

longitudinal study. J Appl Physiol (1985). 2008; 105(2):637—642. [PubMed: 18556434]

. Borg TK, Caulfield JB. Morphology of connective tissue in skeletal muscle. Tissue Cell. 1980;

12(1):197-207. [PubMed: 7361300]

. Delmonico MJ, Harris TB, Visser M, et al. Longitudinal study of muscle strength, quality, and

adipose tissue infiltration. Am J Clin Nutr. 2009; 90(6):1579-1585. [PubMed: 19864405]

. Parry DA, Barnes GR, Craig AS. A comparison of the size distribution of collagen fibrils in

connective tissues as a function of age and a possible relation between fibril size distribution and
mechanical properties. Proc R Soc Lond B Biol Sci. 1978; 203(1152):305-321. [PubMed: 33395]

. Wattjes MP, Kley RA, Fischer D. Neuromuscular imaging in inherited muscle diseases. Eur Radiol.

2010; 20(10):2447—2460. [PubMed: 20422195]

. Smith LR, Lee KS, Ward SR, Chambers HG, Lieber RL. Hamstring contractures in children with

spastic cerebral palsy result from a stiffer extracellular matrix and increased in vivo sarcomere
length. J Physiol. 2011; 589(Pt 10):2625-2639. [PubMed: 21486759]

. Booth CM, Cortina-Borja MJ, Theologis TN. Collagen accumulation in muscles of children with

cerebral palsy and correlation with severity of spasticity. Dev Med Child Neurol. 2001; 43(5):314-
320. [PubMed: 11368484]

10. Mercuri E, Pichiecchio A, Allsop J, Messina S, Pane M, Muntoni F. Muscle MRI in inherited

neuromuscular disorders: past, present, and future. J Magn Reson Imaging. 2007; 25(2):433-440.
[PubMed: 17260395]

Klauser AS, Tagliafico A, Allen GM, et al. Clinical indications for musculoskeletal ultrasound: a
Delphi-based consensus paper of the European Society of Musculoskeletal Radiology. Eur Radiol.
2012; 22(5):1140-1148. [PubMed: 22453857]

Hodges PW, Pengel LH, Herbert RD, Gandevia SC. Measurement of muscle contraction with
ultrasound imaging. Muscle Nerve. 2003; 27(6):682-692. [PubMed: 12766979]

Seymour JM, Ward K, Sidhu PS, et al. Ultrasound measurement of rectus femoris cross-sectional
area and the relationship with quadriceps strength in COPD. Thorax. 2009; 64(5):418-423.
[PubMed: 19158125]

14. Maganaris CN. In vivo measurement-based estimations of the moment arm in the human tibialis

anterior muscle-tendon unit. J Biomech. 2000; 33(3):375-379. [PubMed: 10673122]
Maganaris CN, Baltzopoulos V, Sargeant AJ. In vivo measurements of the triceps surae complex

architecture in man: implications for muscle function. J Physiol. 1998; 512(Pt 2):603-614.
[PubMed: 9763648]

16. Gennisson JL, Deffieux T, Mace E, Montaldo G, Fink M, Tanter M. Viscoelastic and anisotropic

mechanical properties of in vivo muscle tissue assessed by supersonic shear imaging. Ultrasound
Med Biol. 2010; 36(5):789-801. [PubMed: 20420970]

17. Bottos M, Feliciangeli A, Sciuto L, Gericke C, Vianello A. Functional status of adults with cerebral

palsy and implications for treatment of children. Dev Med Child Neurol. 2001; 43(8):516-528.
[PubMed: 11508917]

18. Wiley ME, Damiano DL. Lower-extremity strength profiles in spastic cerebral palsy. Dev Med

Child Neurol. 1998; 40(2):100-107. [PubMed: 9489498]

19. Moreau NG, Teefey SA, Damiano DL. In vivo muscle architecture and size of the rectus femoris

and vastus lateralis in children and adolescents with cerebral palsy. Dev Med Child Neurol. 2009;
51(10):800-806. [PubMed: 19459913]

20. Ohata K, Tsuboyama T, Haruta T, Ichihashi N, Kato T, Nakamura T. Relation between muscle

thickness, spasticity, and activity limitations in children and adolescents with cerebral palsy. Dev
Med Child Neurol. 2008; 50(2):152-156. [PubMed: 18201305]

21. Oelze ML, Mamou J. Review of Quantitative Ultrasound: Envelope Statistics and Backscatter

Coefficient Imaging and Contributions to Diagnostic Ultrasound. IEEE Trans Ultrason Ferroelectr
Freq Control. 2016; 63(2):336—351. [PubMed: 26761606]

J Ultrasound Med. Author manuscript; available in PMC 2019 September 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Sikdar et al.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

Page 13

Zaidman CM, Wu JS, Wilder S, Darras BT, Rutkove SB. Minimal training is required to reliably
perform quantitative ultrasound of muscle. Muscle Nerve. 2014; 50(1):124-128. [PubMed:
24218288]

Pillen S, Tak RO, Zwarts MJ, et al. Skeletal muscle ultrasound: correlation between fibrous tissue
and echo intensity. Ultrasound Med Biol. 2009; 35(3):443-446. [PubMed: 19081667]

Pillen S, Arts IM, Zwarts MJ. Muscle ultrasound in neuromuscular disorders. Muscle Nerve. 2008;
37(6):679-693. [PubMed: 18506712]

Morlein D, Rosner F, Brand S, Jenderka K-V, Wicke M. Non-destructive estimation of the
intramuscular fat content of the longissimus muscle of pigs by means of spectral analysis of
ultrasound echo signals. Meat Science. 2005; 69(2):187-199. [PubMed: 22062808]

Kim N, Amin V, Wilson D, Rouse G, Udpa S. Ultrasound image texture analysis for characterizing
intramuscular fat content of live beef cattle. Ultrason Imaging. 1998; 20(3):191-205. [PubMed:
9921619]

Cartwright MS, Kwayisi G, Griffin LP, et al. Quantitative neuromuscular ultrasound in the
intensive care unit. Muscle Nerve. 2013; 47(2):255-259. [PubMed: 23041986]

Jimenez-Diaz F, Jimena I, Luque E, et al. Experimental muscle injury: correlation between
ultrasound and histological findings. Muscle Nerve. 2012; 45(5):705-712. [PubMed: 22499098]
Turo D, Otto P, Shah JP, et al. Ultrasonic characterization of the upper trapezius muscle in patients
with chronic neck pain. Ultrason Imaging. 2013; 35(2):173-187. [PubMed: 23493615]

Lizzi FL, Greenebaum M, Feleppa EJ, Elbaum M, Coleman DJ. Theoretical framework for
spectrum analysis in ultrasonic tissue characterization. J Acoust Soc Am. 1983; 73(4):1366-1373.
[PubMed: 6853848]

Kuc R, Schwartz M. Estimating the acoustic attenuation coefficient slope for liver from reflected
ultrasound signals. IEEE Transactions on Sonics and Ultrasonics. 1979; 26(5):353-361.

Wagner RF, Smith SW, Sandrik JM, Lopez H. Statistics of speckle in ultrasound B-scans. IEEE
Transactions on sonics and ultrasonics. 1983; 30(3):156-163.

Tsui PH, Chang CC. Imaging local scatterer concentrations by the Nakagami statistical model.
Ultrasound Med Biol. 2007; 33(4):608-619. [PubMed: 17343979]

Dutt V, Greenleaf JF. Ultrasound echo envelope analysis using a homodyned K distribution signal
model. Ultrason Imaging. 1994; 16(4):265-287. [PubMed: 7785128]

Destrempes F, Cloutier G. A critical review and uniformized representation of statistical
distributions modeling the ultrasound echo envelope. Ultrasound Med Biol. 2010; 36(7):1037—
1051. [PubMed: 20620691]

Destrempes F, Franceschini E, Yu FT, Cloutier G. Unifying Concepts of Statistical and Spectral
Quantitative Ultrasound Techniques. IEEE Trans Med Imaging. 2016; 35(2):488-500. [PubMed:
26415165]

Lin J, Fessell DP, Jacobson JA, Weadock WJ, Hayes CW. An illustrated tutorial of musculoskeletal
sonography: part I, introduction and general principles. AJR Am J Roentgenol. 2000; 175(3):637—
645. [PubMed: 10954443]

Destrempes F, Meunier J, Giroux MF, Soulez G, Cloutier G. Segmentation in ultrasonic B-mode
images of healthy carotid arteries using mixtures of Nakagami distributions and stochastic
optimization. IEEE Trans Med Imaging. 2009; 28(2):215-229. [PubMed: 19068423]

Shankar PM. A general statistical model for ultrasonic backscattering from tissues. IEEE
transactions on ultrasonics, ferroelectrics, and frequency control. 2000; 47(3):727-736.

Press W, Teukolsky S, Vetterling W, Flannery B. Numerical Recipes in C. 2d. Cambridge:
Cambridge Univ. Press; 1992.

Jakeman E, Tough R. Generalized K distribution: a statistical model for weak scattering. JOSA A.
1987; 4(9):1764-1772.

Narayanan VM, Shankar PM, Reid JM. Non-Rayleigh statistics of ultrasonic backscattered signals.
IEEE Trans Ultrason Ferroelectr Freq Control. 1994; 41(6):845-852. [PubMed: 18263274]
Tuthill TA, Sperry RH, Parker KJ. Deviations from Rayleigh statistics in ultrasonic speckle.
Ultrason Imaging. 1988; 10(2):81-89. [PubMed: 3057714]

J Ultrasound Med. Author manuscript; available in PMC 2019 September 01.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Sikdar et al.

44,

45.

46.

47.

48.

49.

Page 14

Ito J, Araki A, Tanaka H, Tasaki T, Cho K, Yamazaki R. Muscle histopathology in spastic cerebral
palsy. Brain Dev. 1996; 18(4):299-303. [PubMed: 8879649]

Pitcher CA, Elliott CM, Panizzolo FA, Valentine JP, Stannage K, Reid SL. Ultrasound
characterization of medial gastrocnemius tissue composition in children with spastic cerebral
palsy. Muscle Nerve. 2015; 52(3):397-403. [PubMed: 25556656]

Whittaker JL, Stokes M. Ultrasound imaging and muscle function. J Orthop Sports Phys Ther.
2011; 41(8):572-580. [PubMed: 21654098]

Cady EB, Gardener JE, Edwards RH. Ultrasonic tissue characterisation of skeletal muscle. Eur J
Clin Invest. 1983; 13(6):469-473. [PubMed: 6416865]

Maurits NM, Bollen AE, Windhausen A, De Jager AE, Van Der Hoeven JH. Muscle ultrasound
analysis: normal values and differentiation between myopathies and neuropathies. Ultrasound Med
Biol. 2003; 29(2):215-225. [PubMed: 12659909]

Maurits NM, Beenakker EA, van Schaik DE, Fock JM, van der Hoeven JH. Muscle ultrasound in
children: normal values and application to neuromuscular disorders. Ultrasound Med Biol. 2004;
30(8):1017-1027. [PubMed: 15474744]

J Ultrasound Med. Author manuscript; available in PMC 2019 September 01.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuely Joyiny

Sikdar et al.

Page 15

Figure 1.
(A) Experimental setup for data acquisition. (B) Ultrasound image of the rectus femoris,

with the muscle boundary outlined in red, and the thickness indicated in yellow.
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Figure2.
B-mode and spatial parameter maps of the rectus femoris muscle in a healthy volunteer at

rest (columns 1, 2 and 3) and during maximum voluntary isometric contraction (MVIC)
(columns 4, 5 and 6). The top row shows the envelope of the raw radiofrequency signal in
gray scale without any further processing, with values normalized by the maximum value in
the image. The second and fifth columns of the top row shows the B-mode image masked by
the region of interest for the muscle at rest and during MVIC, respectively. The second row
shows the estimated parameter maps for SNR and the shape and rate parameters of a single
gamma distribution estimated using a moving window of size 3 times the wavelength (i.e.,
0.46 mm). The third and fourth rows show the same parameters estimated using moving
windows of increasing size: 5 times the wavelength (0.77 mm) and 7 times the wavelength
(1.08 mm). The SNR and shape parameters are shown on the same scale for all window
sizes. The rate parameter is log compressed for display to better visualize the dynamic range
of values.
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Figure 3.
B-mode and spatial parameter maps of the rectus femoris muscle in a child with CP at rest

(columns 1, 2 and 3) and during maximum voluntary isometric contraction (MVIC)
(columns 4, 5 and 6). The top row shows the envelope of the raw radiofrequency signal in
gray scale without any further processing, with values normalized by the maximum value in
the image. The second and fifth columns of the top row shows the B-mode image masked by
the region of interest for the muscle at rest and during MVIC, respectively. The second row
shows the estimated parameter maps for SNR and the shape and rate parameters of a single
gamma distribution estimated using a moving window of size 3 times the wavelength (i.e.,
0.46 mm). The third and fourth rows show the same parameters estimated using moving
windows of increasing size: 5 times the wavelength (0.77 mm) and 7 times the wavelength
(1.08 mm). The SNR and shape parameters are shown on the same scale for all window
sizes. The rate parameter is log compressed for display to better visualize the dynamic range
of values.
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Figure 4.
Scatterplot of normalized mean vs. standard deviation of the distribution of scatterer

amplitudes within the rectus femoris muscle in healthy volunteers (HV) and subjects with
cerebral palsy (CP), in the relaxed state (RLXD) and during maximum voluntary isometric
contraction (MVIC). The slopes of the regression lines, which corresponds to the signal to
noise ratio (SNR), are significantly higher for the subjects with CP compared to the healthy
volunteers (p<0.001). The SNR for the case of healthy volunteers during isometric
contraction is closest to that expected for a Rayleigh distribution (1.91), whereas in the other
cases they are larger, indicating the presence of significant amounts of coherent scattering.
The R2 statistics for the linear regression for HV are 0.74 and 0.92, respectively for RLXD
and MVIC, while for CP are 0.76 and 0.83, respectively for RLXD and MVIC.
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Figure5.
(A) Histogram of backscattered ultrasound intensities in Figure 3(A) normalized by the

maximum value, overlaid with the model fits for a single gamma (red, solid line) and
mixture of two gamma distributions (black solid line). (B) Histogram of backscattered
ultrasound intensities in Figure 3(C) normalized by the maximum value, overlaid with the
model fits for a single gamma (red, solid line) and mixture of two gamma distributions
(black, solid line). Blue and green dashed lines show the partial contribution of the two
gamma distributions weighted by p and (1-p), respectively. g(/a,p) is the probability density
function of the gamma distribution.
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(A) Goodness of fit evaluation using the Xz statistic. (A) Healthy volunteers at rest and (B)

Subjects with cerebral palsy (CP) at baseline at rest. The central line in the boxplot

corresponds to the median, the edges correspond to 25™ and 75t percentiles, and whiskers
correspond to extremal values not considered outliers.
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Figure 7.
Boxplots of the shape parameter for a single gamma distribution fitted to the speckle

envelope in the rectus femoris muscle of healthy volunteers (HV) and subjects with cerebral
palsy (CP) when the muscle is relaxed (RLXD) and during maximal voluntary isometric
contraction (MVIC). The central line in the boxplot corresponds to the median, the edges
correspond to 251 and 75t percentiles, and whiskers correspond to extremal values not
considered outliers.

J Ultrasound Med. Author manuscript; available in PMC 2019 September 01.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Sikdar et al.

Page 22

Mixture of Two Gamma Distributions
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Figure 8.
Boxplots of the shape parameters for dual gamma distributions fitted to the speckle envelope

in the rectus femoris muscle of healthy volunteers (HV) and subjects with cerebral palsy
(CP) when the muscle is relaxed (RLXD) and during maximal voluntary isometric
contraction (MVIC). The central line in the boxplot corresponds to the median, the edges
correspond to 251 and 75t percentiles, and whiskers correspond to extremal values not
considered outliers.

J Ultrasound Med. Author manuscript; available in PMC 2019 September 01.



Page 23

Sikdar et al.

Author Manuscript

ZT0Fr20 | TT'0¥eZ’0 | 80°0¥220 | v00%6T0 | d
T'€2F0'69 | ¥'81¥S'€S | TvEF8'80T | 6'9TFLL | &
§TFoeT | 9TFETT L'SFT'LT 9eF9eT | g | ewuweb joainxin
€20FTEC | TC0¥Sze | LT0¥€0Z | GT'0F00C | e»
LT0F2ET | 220¥6€'T | OT'OFLTT | 60°0FICT | ™
v11¥76'62 | T8F1'Sc | 8€IFTTy | 98¥0ce | &
ewuwreb sjbuis
6T0FYY'T | ¢20F67'T | OT'OF6TT | €TOFVCT | @
JIAN pexepy JIAN poxepy
(cz=N) (¥T=N)
dO yumsieired sJeen|oA AyieaH

"DIAW Bulinp pue paxe|al ajasnw ayl Yim ‘4D YIM Uaip|iyd pue s1aaaunjon Ayljesay wody ajasnwl SLIOowWay
snoaJ 8y Jo AJISusiul 0Yda Palslleasyoeq syl 01 panily SUONGLISIP ewied omy Jo ainxiw e pue uonnguisip ewwed sjbuis 1oy sislsweled ajey pue sdeys

T alqeL

Author Manuscript

Author Manuscript

Author Manuscript

J Ultrasound Med. Author manuscript; available in PMC 2019 September 01.



1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuen Joyiny

Sikdar et al. Page 24

Table 2

Mixed model ANOVA (with a subject-specific random intercept) for the shape parameter, (a) and the rate
parameter, (log(f)), for a gamma distribution fitted to the backscattered echo intensity of the rectus femoris
muscle. The two factors considered are abnormalities due to CP compared to healthy volunteers, and muscle
contraction (MVIC) compared to relaxed muscle. Significant differences are seen in both parameters for CP
compared to healthy volunteers at the 5% level after Bonferroni correction for multiple comparisons.
Significant differences are seen in the rate parameter for muscle contraction at the 5% level after Bonferroni
correction for multiple comparisons. No significant interaction is observed. Log-transformation was applied to
the rate parameter to approximate normality. Residual analysis shows that the mixed effects model fits the data
well.

Source of variation a B
CcpP <1E-4* | 0.0061*
MVIC 0.0617 | 0.0015*
Interaction
CP*MVIC 0.9539 | 0.5854
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Table 3

Mixed model ANOVA (with a subject-specific random intercept) for the shape parameters, (a1,a,) and the
rate parameters, (B1,8), for a mixture of two gamma distributions fitted to the backscattered echo intensity of
the rectus femoris muscle. The two factors considered are abnormalities due to CP compared to healthy
volunteers, and muscle contraction (MVIC) compared to relaxed muscle. Significant differences are seen in all
parameters for CP compared to healthy volunteers at the 5% level after Bonferroni correction for multiple
comparisons. Significant differences are seen in the rate parameters for muscle contraction at the 5% level
after Bonferroni correction for multiple comparisons. No significant interaction is observed. Log-
transformations were applied to the rate parameters to approximate normality. Residual analysis shows that the
mixed effects model fits the data well.

Source of variation a; i a B
CP 0.0016* | 0.0038* | <1E-4* | 0.0001*
MVIC 0.0775 | 0.0002* | 0.2294 | <1E-4*
Interaction
CP*MVIC 0.6696 0.2326 | 0.6925 | 0.5932
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