Global Health & Medicine. 2023; 5(5):278-284. ORIGINAL ARTICLE I

DOI: 10.35772/ghm.2023.01050

Assessment of skeletal muscle using deep learning on low-dose CT
images

Yumi Matsushita'*, Tetsuji Yokoyama®, Tomoyuki Noguchi®, Toru Nakagawa®

' Department of Clinical Research, National Center for Global Health and Medicine, Tokyo, Japan;

* Department of Health Promotion, National Institute of Public Health, Saitama, Japan;

* Department of Radiology, National Hospital Organization Kyushu Medical Center, Fukuoka, Japan;
*Hitachi, Ltd. Hitachi Health Care Center, Ibaraki, Japan.

Abstract: The visceral fat area obtained by computed tomography (CT) at the navel level is clinically used as an
indicator of visceral fat obesity in Japan. Analysis of skeletal muscle mass using CT images at the navel level may
potentially support concurrent assessment of sarcopenia and sarcopenic obesity. The purpose of this study was to assess
the performance of deep learning models (DLMs) for skeletal muscle mass measurement using low-dose abdominal
CT. The primary dataset used in this study included 11,494 low-dose abdominal CT images at navel level acquired
in 7,370 subjects for metabolic syndrome screening. The publicly available Cancer Imaging Archive (TCIA) dataset,
including 5,801 abdominal CT images, was used as a complementary dataset. For abdominal CT image segmentation,
we used the SegU-net DLM with different filter size and hierarchical depth. The segmentation accuracy was assessed
by measuring the dice similarity coefficient (DSC), cross-sectional area (CSA) error, and Bland-Altman plots. The
proposed DLM achieved a DSC of 0.992 + 0.012, a CSA error of 0.41 £+ 1.89%, and a Bland-Altman percent difference
of -0.1 = 3.8%. The proposed DLM was able to automatically segment skeletal muscle mass measurements from low-

dose abdominal CT with high accuracy.
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Introduction

Sarcopenia is a condition introduced by Rosenberg in
1989, and it refers to a decline in mass of skeletal muscle
and reduced strength of muscles in the whole body,
resulting in reduced physical performance. Frequently,
sarcopenia occurs naturally due to aging. The term
sarcopenia is derived from the Greek words "sarx"
(muscle) and "penia" (loss) (7).

It has become clear that sarcopenia not only threatens
the healthy life expectancy of the elderly, but it is also
associated with various diseases and it may affect their
prognosis. For example, the survival of individuals
with solid tumors is worse if the skeletal muscle mass
is lower (2). Moreover, patients with low muscle mass
have been reported to be more likely to accumulate
treatment-related events (3,4). In addition, sarcopenic
obesity, which refers to a combination of skeletal muscle
mass weakening and body fat accumulation, has become
a topic issue in recent years. Patients with sarcopenic
obesity have a higher prevalence of dyslipidemia than
those with sarcopenia alone or obesity alone (5). The
odds ratio of hypertension is equal to 1.5 in patients with
sarcopenia compared to healthy subjects, and it becomes

2.08 times higher in patients with obesity and 3.0 times
higher in patients with sarcopenic obesity (6). The
odds ratio of metabolic syndrome is 1.98 times higher
in patients with sarcopenia, and it becomes 7.53 times
higher in patients with obesity, and 11.59 times higher
in patients with sarcopenic obesity compared to healthy
subjects (7).

One of the diagnostic indicators for sarcopenia is
skeletal muscle mass. Skeletal muscle mass is assessed
based on appendicular skeletal muscle mass measured
by bioelectrical impedance analysis (BIA) or by dual-
energy X-ray absorptiometry (DXA) (8,9). However,
a high amount of adipose tissue limits the accuracy of
BIA and DXA methods, as such the estimates of body
composition in patients with obesity may not be accurate
(10). Recently, single slices at various reference body
levels measured by computed tomography (CT) have
been adopted as a proxy for total muscle tissue volume
(11,12). In Japan, the visceral fat area (VFA) measured by
CT at the navel level is used as an indicator for visceral
fat obesity, a type of obesity associated with a high risk
of developing lifestyle-related diseases (/3). Therefore,
combined measurement of skeletal muscle mass in
the trunk and VFA can be used to assess, concurrently,
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sarcopenia, visceral fat obesity, and sarcopenic obesity.

An automated rule-based approach to VFA
measurement on abdominal CT has been introduced
in 2006. The use of CT images is promising in this
field as CT can easily distinguish body components
other than fat (e.g., gas, water, blood, muscles, internal
organs) by defining the fat range from -30 HU to -190
HU (/4). Moreover, the rapid progress of deep learning
algorithms, for example since Alexnet in 2012 (/5) to
U-net (/6) in 2015, has greatly contributed to substantial
developments in biomedical image segmentation and,
to date, automated segmentation of skeletal muscle and
other body tissues can be easily performed by using deep
learning algorithms (/7-26).

However, radiation exposure is a major barrier
to widespread use of CT images and it limits the
applications of CT to individual transversal images or
secondary analysis of routine clinical measurements (/7).
In this context, the use of low-dose CT can help reduce
issues related to human exposure and thus support a
wider use of CT in diagnostics. However, the use of
low-dose CT for muscle mass estimation has not been
fully investigated so far (22). The purpose of this study
was to assess the performance of deep learning for
automatic skeletal muscle mass estimation using low-
dose abdominal CT.

Materials and Methods

This study was conducted in accordance with the
Declaration of Helsinki. Informed consent was obtained
from each examinee regarding the use of his or her data
for research purposes. This study was approved by the
institutional review boards of Hitachi, Ltd. Hospital
Management Headquarters (approval number: 2010-
6). This study was based on retrospective analysis of
a primary and a complementary dataset. The primary
dataset included 11,494 subjects (10,241 men and 1,253
women; mean age, 57.0 + 10.1 years), who underwent a
low-dose abdominal CT at the navel level for metabolic
syndrome screening at the Hitachi Health Care Center,
Hitachi, Ltd. One or more images were taken around
the navel level for each participant (1/2/3/4/5/6/7/8/9/10
slices = 3,349/3,925/95/0/0/0/0/0/0/1 participants).
CT scans were performed at a CT dose index volume

Table 1. CT imaging settings of the datasets used in this study

(CTDlvol) lower or equal to 2.5 mGy and an imaging
range lower or equal to 5 cm, thus the exposure dose was
lower or equal to 0.19 mSv. The complementary dataset
was publicly available and was provided by the Cancer
Imaging Archive (TCIA), funded by the Cancer Imaging
Program (CIP), a part of the United States National
Cancer Institute (NCI), and managed by the Frederick
National Laboratory for Cancer Research (FNLCR) (27).
This TCIA dataset included 5,801 low-dose abdominal
CT images, including 2,691 slices from 22 men, 2,800
slices from 29 women, and 310 slices from 2 subjects
with unspecified gender. Details of CT imaging settings
of the two datasets are summarized in Table 1. The main
dataset used one 5 mm-thick slice per participant, while
the TCIA dataset used multiple images per examination
reconstructed in finer slices of 1 to 1.25 mm.

The primary dataset was divided into Training,
Tuning, and Internal validation sets and the TCIA dataset
was divided into Training and Tuning sets. Training and
Tuning used data taken from January 2017 to September
2018, while Internal validation used data taken from
October 2018 to December 2018.

The slices for measuring skeletal muscle mass in
the trunk are often measured at the 3rd lumbar spine
level (1/1). However, the diagnostic index for metabolic
syndrome in Japan is based on the cross-sectional area of
visceral fat on abdominal CT slices at the navel level (/3).
Therefore, we built separate internal validation datasets
using the upper and lower levels of the iliac crest. Details
of the training, tuning, and internal validation sets are
shown in Table 2.

For the sake of labeling the datasets using ground
truth information, the psoas major and erector spinae
muscles in each navel-level CT image were identified
and manually annotated by a board-certified diagnostic
radiologist (TN) with over 30 years of experience.

Our Deep learning model (DLM) was based on
SegU-net (28-30). SegU-Net is a network structure
which consists of encoders and decoders, like SegNet
(31), linking encoder and decoder feature maps like U-Net
(16), and using arbitrary specific hierarchies and filter
sizes without cropping encoder feature maps.

We used the Exponential Linear Unit (ELU) as an
activation function in the encoder and decoder processing
and the max unpooling in the decoder processing. The

Items Primary dataset TCIA dataset

CT scanner FUJIFILM Healthcare Supria Grande Siemens Sensation (16 rows), Sensation (64 rows), GE LightSpeed
(64 rows) Pro (16 rows), LightSpeed (16 rows), Philips Brilliance (40 rows)

Slice thickness 5 mm 1 to 1.25 mm

Body part Abdomen (navel level) Abdomen (around navel level)

Tube voltage 120 kVp 120 to 140 kVp

Tube current range 20 to 225 mA 115 to 280 mA

Low-dose CT Yes Yes

Pixel size (mm x mm) (0.489 x 0.489) — (0.978 x 0.978) (0.607 x 0.607) — (0.920 x 0.920)

Use of contrast agent No Yes
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ELU is one of the activation functions and solves the
dying Rectified Linear Unit (ReLU) problem, which
showed that ReLU neurons become inactive and output
only 0 for any input. The ELU contains the exponential
function with the Euler number as the base, and returns
a value of 0 or less if the input value is 0 or less while
avoiding the ReLU-like vanishing gradient problem.
The max unpooling means that the pixel value generated

Table 2. Details of the training, tuning, and internal
validation sets

Internal validation

Items Training Tuning
Upper level  Lower level
of iliac crest  of iliac crest
Primary dataset
Men 7,001 1,762 1,156 322
Women 860 204 151 38
total 7,861 1,966 1,307 360
TCIA dataset
Men 2,094 597 - -
‘Women 2,180 620 - -
Unknown 249 61 - -
total 4,523 1,278 - -

in the decoding process is applied to the pixel position
showing the maximum value in the Max-Pooling layer in
the encoding process, and all others are filled with zero.
The architecture of the DLM used in this study is shown
in Figure 1.

Original CT images were converted to normalized
data of 512 x 512 size. No upper limit on the number
of epochs was set. The best accuracy generation was
identified at 863 epochs before overfitting was detected.
Finally, 5 class regions (0: other, 1: right psoas, 2: left
psoas, 3: left erector spinae, 4: right erector spinae) were
defined as am image of 512 x 512 binary format.

The Dice similarity coefficient (DSC), the cross-
sectional area (CSA) error and the Bland-Altman
plot were performed to evaluate the segmentation
performance of the proposed DLM using total and
individual internal validation datasets from the upper and
lower levels of the iliac crest.

The DSC was used to measure the similarity in the
abdominal skeletal muscle area between the ground
truth and the DLM outputs. The DSC is an index of
spatial overlap ranging from 0 to 1. The DSC for the
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Figure 1. SegU-net architecture.
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to a multi-channel feature map. The
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left edge of the box. Red frame boxes
represent the pooling indices for max
unpooling operation. The arrows
denote the different operations.
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combination of the right and left psoas major muscles
(RPM and LPM) and for the right and left erector
spinae muscles (REM and LEM) was calculated as
follows.

DSC = (2 x (ground truth RPMNcalculated RPM)/
(ground truth RPM + calculated RPM) + 2 x (ground truth
LPMNcalculated LPM)/ (ground truth LPM + calculated LPM)
+ 2 x (ground truth REMNcalculated REM)/ (ground truth
REM + calculated REM)+ 2 x (ground truth LEMNcalculated
LEM)/ (ground truth LEM + calculated LEM)) /4

The CSA error was also used to evaluate the
segmentation accuracy of the proposed DLM. The
lower the CSA error, the higher the segmentation
accuracy. The CSA error for the combined muscle
area (CMA) of the bilateral psoas major and erector
spinae muscles calculated by the proposed DLM was
computed as follows:

CSA error (%) = |ground truth CMA - calculated CMAJ/
ground truth CMA x100 (%)

The Bland-Altman plot was used to evaluate
agreement between the estimated CMA and the ground
truth. The mean and standard deviation (SD) of the
difference between the estimated CMA and the ground
truth were compared between men and women by #-test
and F-test, respectively.

Results

The DSC was 0.992 + 0.012, 0.993 £ 0.009, and 0.991 +
0.019 for the total and the individual internal validation
datasets from the upper and lower levels of the iliac crest,
respectively. The CSA errors (%) were 0.41 + 1.89, 0.35
+ 0.96, and 0.62 + 3.62, respectively. The Bland-Altman
plots for the CSA agreement between ground truth and
DLM showed percent differences (mean + 1.96 x SD) of
-0.1 £ 3.8%, -0.05 + 2.0%, and -0.2 £ 7.2%, respectively
(Figure 2). Although there were statistically significant
differences in means and SDs of the percent differences
between men and women for the total (p = 0.006 and
0.008, respectively) and the upper levels of iliac crest
(» = 0.0001 and < 0.0001, respectively) because of the
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Figure 2. Bland-Altman plots for the CSA agreement between ground truth and DLM. (A) Total internal validation datasets,
(B) Internal validation datasets from the upper levels of the iliac crest, (C) Internal validation datasets from the lower levels of
the iliac crest. The solid line shows mean difference; the dotted line shows 95% limits of agreement (LOA: mean difference + 1.96

x SD of the difference).
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Figure 3. Example of good agreement between ground truth and DLM as DSC. (A) An original low-dose abdominal CT at
navel level, (B) Ground truth segmentation, (C) DLM-derived segmentation of the right psoas major (RPM), the left psoas major
(LPM), the right erector spinac (REM), and the left erector spinae (LEM) muscles in a woman’s case (60 years old). Green =

RPM, Yellow = LPM, Pink = REM, Blue = LEM.

(A)

DLM-derived segmentation

(B)

Original CT Image

DLM-derived segmentation

Figure 4. Cases with segmentation errors derived by the
proposed DLM using internal validation dataset for the
upper level of the iliac crest. (A) Case in which part of the
muscle was missing, (B) Case in which part of the small
intestine was segmented as muscle. Green = RPM, Yellow =
LPM, Pink = REM, Blue = LEM.

large sample size, the differences in the actual values
were very small. Figure 3 shows an exemplary case of
successful segmentation of RPM, LPM, REM, and LEM.

Figure 4 shows cases with segmentation errors
derived by the proposed DLM using internal validation
dataset for the upper level of the iliac crest, where part of
the muscle was missing or part of the small intestine was
segmented as muscle.

Discussion

According to the 2019 Consensus of the Asian Working
Group for Sarcopenia, the skeletal muscle mass index
of the extremities using BIA and DXA is used for the
diagnosis of sarcopenia in Asia (32). However, these
measurements are not able to accurately estimate skeletal
muscle mass in the trunk due to inherent limitations
related to the measurement principles (8,9). Abdominal
CT, as proposed in this study, enables measurement of
the skeletal muscles of the trunk, and they can potentially
become an essential technique for improving the

accuracy of sarcopenia diagnosis.

However, risks related to radiation exposure represent
a barrier to widespread use of CT and this imaging
modality is not included in clinical recommendations for
sarcopenia diagnosis. In this study, we introduced a DLM
to assess skeletal muscles from low-dose CT images. The
International Commission on Radiological Protection
(ICRP) estimates that in a group of individuals including
both adults and children, the probability of death due to
cancer increases by an amount of about 0.5% per 100
mSv exposure (33), i.e. about 526 times the exposure of
0.19mSv associated with the abdominal CT scan used in
this study. Future validation is needed to clarify whether
the benefits of the use of low-dose CT for screening for
sarcopenia and sarcopenic obesity outweigh the risks
associated with radiation exposure.

Literature studies show that skeletal muscle
assessment using CT scans at the level of the third
lumbar (L3) spine is highly correlated with whole body
skeletal muscle (34,35). However, this method requires
adjustments on a case-by-case basis according to the
target population. For example, Vangelov et al. (36)
suggested to use the level of the 3rd cervical spine as an
alternative because a malignant tumor confined to the
head and neck usually does not require an abdominal CT.
In this study, we found that the use of CT at the navel
level, typically used for visceral fat area estimation in
Japan, can provide accurate measurements.

The SegU-Net algorithm used here is a combination
of SegNet (37) andU-Net (/6). In SegNet, since encoder
and decoder are connected in series, image details are
lost in the process of propagating features, and the quality
of segmentation of the original image is relatively low. In
U-Net, the central portion of the feature map generated
in each layer of the encoder is cropped to fit the feature
map of the corresponding layer of the decoder. In the
proposed SegU-net, the decoder uses unpooling to
compensate for data deficiencies in the U-Net in place of
upconvolution and cropping operations of the U-Net, to
match coupling between encoder and decoder functions.
In addition, in this study we also adopted the ELU as the
activation function from the commonly used ReLu to
solve the dying ReLU problem.
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This study has several limitations. As a result of
DLM-derived segmentation and validation on internal
dataset by Ha et al. (19), the DSC was equal to 0.98,
the CSA error (%) was equal to 1.22 = 1.08%, and the
percent difference of the Bland-Altman plots was equal
to 0.2 = 3.2%. For our DLM-derived segmentation,
although DSC and CSA errors were comparable, the
standard deviation observed using the total validation
datasets and the validation datasets for the lower levels of
the iliac crest was equal to 3.8% and 7.2%, respectively.
Further research is needed to assess the variability of
the observed results and to assess the distribution of the
model performance, also including specific investigation
of the outliers.

Moreover, the proposed DLM was not validated
on external validation datasets. It will be important to
identify further sources of data from different institutions
to support external validation on varying datasets and
assess generalization properties.

Also, in this study we did not measure the quadratus
lumborum, latissimus dorsi, external oblique, internal
oblique, transversus abdominis, and rectus abdominis
muscles. Further studies will be necessary to assess
accuracy for these muscles.

Last, but not least, the accuracy of visceral fat and
subcutaneous fat measurements was not assessed. Moving
towards future methods able to accurately measure
sarcopenia, obesity, and sarcopenic obesity, further
research is required, including specific investigation
of the accuracy of visceral fat and subcutaneous fat
measurements.

Conclusions

The proposed DLM was able to automatically segment
skeletal muscles and assess muscle mass with high
accuracy using low-dose abdominal CT images. Future
research will be needed to assess the performance of the
proposed method in a range of measurement settings and
patient populations. The proposed DLM, may help build
future automated methods to simultaneously evaluate
sarcopenia, obesity, and sarcopenic obesity by measuring
the navel-level visceral fat area and skeletal muscle mass
using a single-slice low-dose CT.
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