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Abstract
The aim of the study was to introduce our in-house software tomeasure themuscle and adipose area on axial computed tomography
(CT) scans and to compare with various quantification methods.
Our institutional review board approved this retrospective study and informed consent was waived. We developed in-house

software to identify body composition analysis on CT scan, which semiautomatically operates 3 image processing steps. Abdominal
images were obtained using multidetector row CT (MDCT). Two radiologists analyzed the same cross-sectional areas of
subcutaneous fat, muscle, and visceral fat using the following techniques: manual measurements, Aquarius, ImageJ, and our newly
developed software. We calculated an intraclass correlation coefficient (ICC) for comparison of muscle and fat areas quantified by
various measurement methods using a 2-way randommodel. Interobserver agreement between the radiologists was also evaluated.
Agreements in the measurement of subcutaneous fat and muscle areas were excellent among the methods (ICC = 0.962 and

0.897, respectively), and that of the visceral fat area was good (ICC=0.822). In the subgroup analysis, ICC of the visceral fat area in
the female group and in subjects with ascites was slightly lower than the other group (ICC=0.742 and 0.787, respectively). The
correlation coefficients between our software and other methods were relatively high (r=0.854–0.996). Additionally, ICCs between
both observers of our program for quantification of subcutaneous fat, muscle, and visceral fat areas were 0.999, 0.980, and 0.999,
respectively.
In conclusion, our method showed be reliable in quantifying muscle and adipose tissue using cross-sectional areas of MDCT with

high reproducibility.

Abbreviations: CT= computed tomography, HCC= hepatocellular carcinoma, HU=Hounsfield unit, ICC= intraclass correlation
coefficient, LC = liver cirrhosis, MDCT = multidetector row computed tomography, NASH = nonalcoholic steatohepatitis.
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1. Introduction
Sarcopenia is defined as the progressive and generalized loss of
skeletal muscle mass and strength. Recent studies have shown
that change in body composition, such as sarcopenia, is a
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significant factor that correlates to poor outcomes in various
clinical conditions.[1–6] There have been various studies about
sarcopenia or increased visceral fat as a significant prognostic
factor in patients with cirrhosis or gastrointestinal cancer.[5,7,8] In
with the ethical standards of the institutional and/or national research committee
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particular, sarcopenia became to known as an independent
predictor related with mortality for patients with cirrhosis, and is
also associated with postliver transplantation mortality and
recurrent hepatocellular carcinoma (HCC) after treatment.[7–12]

Sarcopenia patients with nonalcoholic steatohepatitis (NASH)
have larger amounts of visceral fat, and visceral fat is also an
independent risk factor for the recurrence of HCC after treatment
in patients with NASH.[13] In addition, sarcopenia is associated
with HCC development in patients with nonalcoholic fatty liver
disease.[14] Therefore, verification of agreement in various muscle
and adipose tissue measurement methods is warranted to robust
standard of sarcopenia and obesity, and this will be instrumental
in the development of imaging biomarker.
Computed tomography (CT) is a useful radiologic technique

for differentiating and quantifying various soft tissues, including
muscle and fat at any site within the body.[15–20] Software
programs for analyzing CT images have been developed over the
past decades, and several reports about quantifying body
composition using various methods of segmentation have been
published.[19,21,22] In general, attenuation-based segmentation is
usually used to differentiate fat from other soft tissue on a CT,
and various software programs have been used to quantify body
composition using this method.[21–23] Moreover, deep learning
methods recently have been used for segmentation of body
composition on cross-sectional image.[24–28]

We developed a new customized program using attenuation-
based segmentation for semiautomatically quantification of
muscle, subcutaneous fat, and visceral fat. The purpose of the
present study was to correlate muscle and adipose tissue
quantified using our software with quantification results obtained
by manual measurements and commercially available programs.
We further sought to evaluate the influence of gender and the
presence of ascites on the measurement.
2. Materials and methods

2.1. Development of semiautomatic software

In this study, we developed software in-house to identify
subcutaneous fat, muscle, and visceral fat in CT images for body
composition analysis complied by MATLAB version R2014a
(Mathworks Inc, Natick, MA). This open-source software
(BMI_CT) is available on following URL (https://sourceforge.
net/projects/muscle-fat-area-measurement/). Our software is com-
posedof3 imageprocessing steps: apreprocessing step, aboundary
detection step, and an identification step. In the preprocessing step,
the background image (including the CT table and noise) was
removed from the original CT image (Fig. 1A) using Hounsfield
unit (HU) thresholds and morphologic operations (Fig. 1B). In the
boundary detection step, the boundary between themuscle and the
inner organs (including the liver, spleen, and soft tissues) was
semiautomatically detected using the active contour method and
morphologic image processing techniques. To highlight the
boundary between the muscle and other tissues, the intensity of
preprocessed CT image was linearly transformed into +10 to +100
HU (Fig. 1C). Using the active contourmethod,[29] the initial curve
(defined in a semiautomaticmanner)wasmanipulated to detect the
boundary between themuscle and the inner tissues byminimizing a
cost function that summedexternal and internal forces (Fig. 1D). In
our study, the external force wasminimizedwhen the curve was at
theobject boundaryposition, and the internal forcewasminimized
when the curve shape was as smooth as possible. In the
2

identification step, subcutaneous fat, muscle, and visceral fat were
detected on the preprocessed CT image using fuzzy c-means
clustering algorithms. The preprocessed CT image was then
segmented into the inner and outer CT images based on the
detected muscle boundary. Pixels in the outer CT image were
segmented into 4 clusters based on theHUof pixels using the fuzzy
c-mean clustering algorithm; these clusters included pixels in the
background, subcutaneous fat, muscle, and bone (Fig. 1E). Pixels
in the visceral fat were identified using HU thresholds of �300 to
�50 in the inner CT image (Fig. 1F). The areas were measured in
the L3 section by multiplying the number of pixels by the pixel
surface area for each type (i.e., subcutaneous fat, muscle, and
visceral fat).
Subsequently, we compared the measured areas of the patients

who had liver cirrhosis (LC) with other established measurement
methods, including manual measurements, measurements using a
widely utilized open-source program (ImageJ, National Institutes
of Health, Bethesda, MD), and a commercial program (Aquarius
iNtuition, Terarecon, Forster City, CA). For convenience, we
refer to these data as originating from the “Manual method,”
“ImageJ method,” and “Aquarius method,” respectively.
2.2. Subjects

Thirty subjects (15 male and 15 female patients) whose
preoperative CT data were available were randomly selected
among the patients who underwent treatment for advanced LC at
our institution. Our institutional review board approved this
retrospective study, and informed consent was waived for all
patients.
The CT examinations were performed using multidetector row

CT (MDCT) scanners including a 128-section CT system
Somatom Definition Flash (Siemens Medical Systems, For-
chheim, Germany) (n=1), an Emotion 6 (Siemens Medical
Systems) (n=1), a Philips Brilliance-40 detector (Philips Medical
Systems, Cleveland, OH) (n=11), a Toshiba Aquilion 64
detector (Toshiba Medical Systems, Tokyo, Japan) (n=3), a
Lightspeed 16 (GE Healthcare, Waukesha, WI) (n=2), a
LightSpeed ultra (GE Healthcare) (n=1), a Lightspeed QX/I
(GE Healthcare) (n=1), or a GE LightSpeed VCT 64 (GE
Healthcare) (n=10). The scanning parameters were as follows:
120kVp, 189–200mAs, 5mm slice thickness with an increment
(overlap) of 2.5mm, a table speed of 26.5 to 39.37mm per
rotation (pitch of 0.828–1.07), and a single-breath hold helical
acquisition time of 4 to 6seconds (depending on liver size).
Images were obtained in the craniocaudal direction. The portal
venous phase CT scans were obtained 70seconds after injection
of 120mL of a nonionic iodinated contrast material (iopamidol,
Iopamiro 300; Bracco, Milan, Italy), which was injected at a rate
of 3 to 4mL/s. The contrast material was injected through the
antecubital vein using a power injector.

2.3. Measurement of muscle and adipose areas

Two radiologists (SSK and WKJ) independently measured
muscle, and subcutaneous and visceral adipose tissue areas at
the upper endplate of the L3 transverse section using the new
software. The average time for each measurement was less than 1
minute per patient.
Then, one of the radiologists (SSK) used the other 3 methods

(manual, ImageJ, and Aquarius) to measure abdominal muscle
and adipose areas. Manual measurements of subcutaneous fat

https://sourceforge.net/projects/muscle-fat-area-measurement/
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Figure 1. The process of semiautomatic quantification of body composition using the software developed in-house: preprocessing step (A and B), boundary
detection step (C and D), and identification step (E and F).
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tissue and muscle were taken as references to correlate with other
methods, and the boundaries of the muscle and subcutaneous fat
were drawn using the Picture Archiving and Communications
System (PACS; Centricity, GE Healthcare). The ImageJ method
was used to measure subcutaneous fat, muscle, and visceral fat
3

areas. The same cut-off levels (�300 to �50 HU for fat tissue;
+10 to +100 HU for muscle) used in the new program were
applied to extract the muscle and 2 adipose areas. To separate
between abdominal muscle and the peritoneal cavity (visceral
fat), a line was drawn manually. The Aquarius method was used
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Table 1

ICC comparison values among the computed tomography areas of
subcutaneous fat, muscle, and visceral fat.

Kim et al. Medicine (2019) 98:22 Medicine
to measure subcutaneous and visceral fat areas. All measured
areas were divided by the square of the patient height (m2) for
standardization.
ICC

Groups Subcutaneous fat area Muscle area
∗

Visceral fat area†

Overall 0.962 (0.935–0.980) 0.897 (0.822–0.946) 0.822 (0.704–0.904)
Gender
Male 0.976 (0.948–0.991) 0.884 (0.752–0.956) 0.872 (0.729–0.951)
Female 0.951 (0.896–0.981) 0.869 (0.723–0.950) 0.742 (0.504–0.894)

Ascites
Presence 0.956 (0.902–0.985) 0.926 (0.825–0.975) 0.787 (0.557–0.922)
Absence 0.946 (0.892–0.979) 0.905 (0.803–0.961) 0.869 (0.734–0.946)

The ICC was a single measure, 2-way random model.
ICC= intraclass correlation coefficient.
∗
Except Aquarius.

† Except manual measurement.
2.4. Statistical analysis

Intraclass correlation coefficients (ICCs) were calculated to
compare muscle and fat areas using a 2-way random model.[30]

We compared them under various conditions (i.e., for all subjects,
male vs female, and whether or not ascites were present). The
agreement scale was classified as follows: an ICC of <0.50
indicated poor agreement, an ICC of 0.5 to 0.71 showed fair
agreement, an ICC of 0.71 to 0.86 was classified as good
agreement, and an ICC of ≥0.87 was excellent agreement.[31] We
performed a Pearson correlation test to compare the correlations
for each modality. The ICC between the 2 radiologists was also
calculated using the new software to assess the interobserver
agreement. A value of P< .05 was considered statistically
significant. All analyses were performed using SPSS Statistics
software (version 23; IBM, Armonk, NY).
Table 2

Correlation between our software and other measurement
methods.

Correlation coefficients

Subcutaneous fat area
Manual 0.996
ImageJ 0.957
Aquarius 0.983

Muscle area
Manual 0.934
ImageJ 0.875

Visceral fat area
ImageJ 0.937
Aquarius 0.854

Analyses were undertaken using Pearson correlation.
3. Results

The mean age of the subjects was 55±8.4 years (range, 41–
66 years). Ascites were identified in 17 of the 30 subjects. Table 1
summarizes the ICCs between muscle and fat areas quantified by
the various methods. Considering all the subjects, the measure-
ment agreement in subcutaneous fat and muscle areas was
excellent among the methods (ICC=0.962 and 0.897, respec-
tively), and the agreement in visceral fat area was good (ICC=
0.822). The agreement between muscle and visceral fat areas in
the female subgroup was slightly lower than in the remaining
group (ICC=0.869 and 0.742, respectively), and that of the
visceral fat area in patients with ascites was also lower than that
in the nonascites group (ICC=0.787). All the correlation
coefficients were relatively high (r=0.854–0.996). The results
obtained using our software correlated relatively well with those
of other methods, especially manual measurements. However,
muscle area measured using the ImageJ method and visceral fat
area measured using the Aquarius method were relatively less
correlated to our software results (Table 2 and Fig. 2).
Interobserver agreement with our program was also relatively
very high. The ICC values for subcutaneous fat, muscle, and
visceral fat areas were 0.999, 0.980, and 0.999, respectively
(Table 3).

4. Discussion

In the present study, we used our in-house software for assessing
abdominal fat and muscle mass using MDCT, and our software
showed acceptable results. There were good or excellent
correlations between subcutaneous fat, muscle, and visceral fat
mass quantified by our new program and those quantified by
Aquarius, ImageJ, or manual measurements. In addition,
interobserver correlation was excellent.
There have been several studies on the radiologic assessment of

muscle mass using cross-sectional images such as CT.[32,33] It has
been shown that CT can provide an exact quantification of
subcutaneous fat andmuscle.[34] It can also provide reproducible,
objective, and accurate measurements. Previous reports revealed
that the total abdominal muscle areas on a CT section at the L3 or
L4 level correlated well with whole body muscle mass; therefore,
4

we quantified themuscle and fat areas at the upper endplate of the
L3 level.[35,36] Our study showed excellent correlation coef-
ficients for measurement of subcutaneous fat and muscle with the
other techniques. The results were especially good for subcuta-
neous fat (ICC=0.962), and no differences were observed based
on gender or the presence of ascites. Actually, the ICC of muscle
areas between the methods (ICC=0.897) was slightly lower than
that of subcutaneous fat areas, but this might be dependent on
excluding intramuscular fatty change in the paravertebral muscle
from the muscle areas and the proportion of intramuscular fat is
not significantly large in the muscle area. Our new program also
showed excellent interobserver correlations for subcutaneous fat,
muscle, and visceral fat (ICC=0.999, 0.980, and 0.999,
respectively). These data suggest that trained persons produce
highly reproducible measurements using our new program
protocol. Additionally, our new software can be used to quantify
subcutaneous fat, muscle, and visceral fat separately in less than
1minute per patient. This method was already used in a
published article and will be applied in daily practice.[37]

Several investigators have tried to quantify body composition
using CT, and a variety of methods have been developed over the
years. Yoshizumi and his colleagues developed a standardized
technique for fat measurement using manual measurements of
CT data,[38] and they showed that manual measurements were
almost identical for quantifying abdominal fat area. But manual
tracing of contours of visceral organs is complicated and may



Figure 2. Scatter plot comparisons of areas measured using the new software and other measurement methods. Subcutaneous fat (A), muscle (B), and visceral fat
(C).
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have a high probability of error. Thus, visceral fat was not
assessed with manual measurements in the present study. NIH
ImageJ is a widely used opened source program, and previous
reports showed excellent correlation between measurements of
adipose tissue and muscle area using cross-sectional areas in the
abdomen.[19,22] In our study, the results of visceral fat area using
Table 3

Interobserver agreement in the area measurements using our
software.

Subcutaneous fat area Muscle area Visceral fat area

ICC (2,1) 0.999 (0.999–1.000) 0.980 (0.959–0.990) 0.999 (0.998–1.000)

The ICC was a single measure, 2-way random model.
ICC= intraclass correlation coefficient.

5

our software were highly correlated with those of ImageJ and
Aquarius (r=0.937 and 0.854, respectively). With regard to
subcutaneous fat and muscle, correlation coefficients between
our software and other methods were higher than those in the
result of visceral fat (Table 2).
Although there was very high interobserver agreement for

measurement of visceral fat between both observers (ICC=
0.999), ICC values among various methods were relatively low,
especially in females and in patients with ascites (ICC=0.742 and
0.787, respectively). Women have relatively little visceral fat
compared with men, and preferentially employ fat stores rather
than skeletal muscle stores.[39,40] Malnutrition is a common
complication of LC.[41] Therefore, women with LC may have a
small amount of visceral fat, and this may be a reason for the
relatively low ICC in the female group. Subjects with ascites also
showed low ICCs for quantification of visceral fat among the

http://www.md-journal.com
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various measurement methods. We suggest that edematous
changes in intraabdominal organs and ascites may increase
attenuation of visceral fat, and this may make it harder to
discriminate fat from other soft tissue. It may be difficult to
differentiate visceral fat in patients with cirrhosis because ascites
are common complications of chronic liver disease. Nemoto and
his colleagues described a newly developed automatic visceral fat
volume calculation software,[23] which showed excellent corre-
lation coefficients between true visceral fat volumes and that
quantified using the software (r=0.999). However, they grouped
subjects based on BMI categories, and there was no mention of
ascites. To our knowledge, there have been no previous published
reports regarding effect of ascites on the quantification of visceral
fat. Further research on quantifying visceral fat in patients with
ascites may be needed.
From our perspective, the new software has the following

advantages: it can be adapted to analyze a single-slice CT image;
it can quantify muscle, subcutaneous fat, and visceral fat at the
same time after simply drawing the peritoneal boundary. It takes
less than a minute per patient; and the ranges of HU for
segmentation are adjustable, so the researcher can easily change
the range of segmentation for target tissue in different situations.
In conclusion, the results of this study reveal that all the

methods including our software provide reliable measurement of
muscle and adipose tissue using cross-sectional areas of MDCT
with high reproducibility. We expect that our open-source
software will be widely used for evaluation of metabolic status of
the patients with malignancies, chronic illness, and critical
diseases.
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