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Abstract
Background: Measurement of cross-sectional muscle area (CSMA) at the
mid third lumbar vertebra (L3) level from computed tomography (CT) images
is becoming one of the reference methods for sarcopenia diagnosis. How-
ever, manual skeletal muscle segmentation is tedious and is thus restricted to
research. Automated solutions are required for use in clinical practice.
Purpose: The aim of this study was to compare the reliability of two automated
solutions for the measurement of CSMA.
Methods: We conducted a retrospective analysis of CT images in our hospital
database.We included consecutive individuals hospitalized at the Grenoble Uni-
versity Hospital in France between January and May 2018 with abdominal CT
images and sagittal reconstruction. We used two types of software to automat-
ically segment skeletal muscle: ABACS, a module of the SliceOmatic software
solution “ABACS-SliceOmatic,”and a deep learning-based solution called “Auto-
MATiCA.”Manual segmentation was performed by a medical expert to generate
reference data using “SliceOmatic.” The Dice similarity coefficient (DSC) was
used to measure overlap between the results of the manual and the auto-
mated segmentations. The DSC value for each method was compared with the
Mann–Whitney U test.
Results: A total of 676 hospitalized individuals was retrospectively included
(365 males [53.8%] and 312 females [46.2%]).The median DSC for SliceOmatic
vs AutoMATiCA (0.969 [5th percentile: 0.909]) was greater than the median
DSC for SliceOmatic vs. ABACS-SliceOmatic (0.949 [5th percentile: 0.836])
(p < 0.001).
Conclusions: AutoMATiCA,which used artificial intelligence,was more reliable
than ABACS-SliceOmatic for skeletal muscle segmentation at the L3 level in
a cohort of hospitalized individuals. The next step is to develop and validate a
neural network that can identify L3 slices,which is currently a fastidious process.
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1 INTRODUCTION

Sarcopenia is defined as a combination of reduced
muscle mass and function according to the European
Working Group on Sarcopenia in Older People.1 It is a
frequent comorbidity: at least 2 out of 10 hospitalized
adults of all ages have sarcopenia.2 A recent meta-
analysis found that sarcopenia increases the risk of
mortality, independently from sarcopenia definition and
population.3 It is also associated with poor clinical out-
comes in several clinical situations, for example, sepsis,
cancer, vascular surgery.4–7

An important issue relating to sarcopenia diagno-
sis is the lack of a gold standard for use in clinical
practice.8 For over a decade, a growing number of stud-
ies have examined the measurement of cross sectional
muscle area (CSMA) at the mid third lumbar vertebra
(L3) level using computed tomography (CT).9 Manual
skeletal muscle segmentation from CT images remains
tedious and is thus restricted to research. Automated
segmentation could extend the use of CT for sarcopenia
diagnosis to the clinical setting.

ABACS (Automatic Body composition Analyzer using
Computed tomography image Segmentation software)
is a module of SliceOmatic (ABACS-SliceOmatic).9

It contains an automated muscle segmentation solu-
tion, which is based on the a priori shape of skele-
tal muscle.10,11 Interest in the use of deep-learning
based methods for muscle segmentation is also
growing.12–14 Paris et al. developed an artificial intel-
ligence (AI) solution termed Automated Muscle and
Adipose Tissue Composition Analysis (AutoMATiCA),
which they made freely available.14 The reliability of
ABACS-SliceOmatic is controversial15,16 and AutoMAT-
iCA has not been externally validated. Few researchers
have addressed the question of the validity of auto-
mated segmentation tools. The present study aimed
to independently compare the reliability of ABACS-
SliceOMatic and AutoMATiCA in a retrospective cohort
of individuals hospitalized in a French University
Hospital.

2 MATERIAL AND METHODS

This study is a part of a larger study: the Optimization
of the DIAgnosis of SarcoPenia through the automated
determination of SMI (ODIASP) study

2.1 Ethics statement

The ODIASP study was performed in accordance with
the recommendations of the Helsinki Declaration. Ethi-
cal approval was obtained on 18 August 2021 (CECIC
Rhône-Alpes-Auvergne, Clermont-Ferrand, IRB 5891).

According to current French law for retrospective studies
of clinical data, participants were individually informed
that their data could be used for research (MR-004 CNIL
reference methodology).People who objected and those
with missing updated contact details were excluded. All
the data was retrospectively collected in the electronic
health records and de-identified.

2.2 Study cohort

All consecutive individuals (1) admitted to Grenoble
University Hospital (CHU Grenoble Alpes) between Jan-
uary and May 2018, (2) with abdominal CT images
that included a complete image of the third lumbar
vertebra and sagittal reconstruction, and (3) with their
height recorded in the electronical health records, were
retrospectively included.

Exclusion criteria were (1) people under 19 years,
(2) creatinine level above the upper limit, and (3)
images of insufficient quality for manual skeletal mus-
cle segmentation, for example, incomplete slices with
muscle area missing, metal artefacts, psoas hematoma,
or motion. Data was initially collected for another
research project assessing the relationship between
low level of serum creatinine and sarcopenia. For this
previous project, to limit inclusion of subjects with
advanced kidney disease, those with serum creatinine
level beyond the upper limit (84 and 104 µmol/L for
female and male respectively) were excluded. Similarly,
subjects under 19 years were excluded, since the nor-
mal range of serum creatinine level is different for these
subjects.

Since contrast enhancement does not influ-
ence cross-sectional skeletal muscle area, both
CT images with and without contrast administration
were included.17,18 CT images from four different CT
machines (Optima CT660 GE Healthcare, Revolution
CT GE Healthcare, Revolution HD GE Healthcare,
and Siemens Somatom Definition Edge) with different
phases of contrast administration, tube current inten-
sities, and tube voltages were included in this study.
The convolution kernel was standard (n = 645), stan-
dard2 (n = 11), detail2 (n = 1), or bone (n = 1) for GE
Healthcare and I30f for Siemens (n = 18).

2.3 Data collection

Descriptive data including size, weight, sex, and age
were retrospectively collected through a clinical data
warehouse called PREDIMED (acronym in French for:
Plateforme de Recueil et d’Exploitation des Données
bIoMEDicales), deployed at the Grenoble Alpes Uni-
versity Hospital.19 Some missing data was completed
manually from electronic health records.
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2.4 Skeletal muscle segmentation

Single CT slices of the third lumbar vertebrae were iden-
tified from the Picture Archiving and Communication
System (PACS) in Digital Imaging and Communica-
tion in Medicine (DICOM) format. We identified the
third lumbar vertebrae from the sagittal reconstruc-
tion. CT images were collected and de-identified with
PREDIMED. They were de-identified by removing all
identifying DICOM tags and dose reports. All pro-
cessing was performed on a single GPU (NVIDIA
TITAN RTX) machine with an Intel(R) Xeon(R) W-2135
processor.

2.4.1 Manual segmentation with
sliceOmatic

Skeletal muscle was manually segmented by a trained
observer with medical experience (Quentin Boulouard
- Q.B.) using SliceOmatic Version 5.0 (Tomovision,
Canada) as previously described.5 The abdominal mus-
cles (transversus abdominus, external and internal
obliques, and rectus abdominus), the paraspinal mus-
cles (erector spinae and quadratus lumborum) and the
psoas muscle were segmented using the Hounsfield
unit (HU) threshold from −29 to 150.5 To determine
the ground truth, each of the 676 segmentations was
double-checked by a medical supervising observer
(Cécile Bétry - C.B.). This second observer looked at
each of the segmented images. She improved the seg-
mentation whenever it was needed. Furthermore, to
determine inter-observer reliability, a random sample of
50 CT-scan slices was independently segmented by
both observers (Q.B. and C.B.).

2.4.2 Automated methods:
ABACS-SliceOmatic and AutoMATiCA

Skeletal muscle was automatically segmented with (1)
ABACS (Voronoi Health Analytics Inc.), a module of the
SliceOmatic software solution (Tomovision, version 5.0)
and (2) the AutoMATiCA software solution.

ABACS-SliceOmatic is based on a priori informa-
tion about muscle shape at the third lumbar vertebra
level. More precisely, it is based on a finite element
method deformable model that incorporates an a priori
shaped model within the template-based segmenta-
tion framework. It was developed to avoid mislabel-
ing parts of the neighboring organs that have an
HU density within the range of muscle tissue HU
density.10,11

AutoMATiCA is based on a deep learning algorithm
and, more precisely, on convolutional Neural Networks
that have proven their effectiveness in the field of medi-
cal imaging.20 Paris et al. developed AutoMATiCA as an

open source software solution: it is available at GitLab
(https://gitlab.com/Michael_Paris/AutoMATiCA).14

2.5 Statistical analysis

Descriptive data is presented as median and interquar-
tile range (IQR). The Dice similarity coefficient (DSC)
was used to measure the overlap between segmenta-
tion with the manual reference method and segmenta-
tion with each of the automated solutions. A value of
1 indicates perfect agreement, whereas 0 indicates no
overlap.21 Median values and the 5th percentile are pre-
sented for the DSC. The median DSC values for each
solution were compared with the Mann–Whitney U test.
The DSC value for the manual segmentation of 50 slices
by both observers was also calculated. Inter-observer
agreement was determined with the intra-class corre-
lation coefficients two-way random effect model (ICCs)
and 95% confidence intervals. A value < 0.5 indicates
poor reliability, a value between 0.5 and 0.75 indicates
moderate reliability, a value between 0.75 and 0.9 indi-
cates substantial reliability, and a value > 0.90 indicates
excellent reliability.22 To determine the impact of body
mass index (BMI), current intensity, voltage and intra-
venous (IV) contrast administration on the reliability of
AutoMATiCA and ABACS-SliceOmatic,mixed-model lin-
ear regressions were performed on each variable. The
potentially impacting variable was used as a continu-
ous factor or a categorical variable, the two solutions as
fixed factors, and the individual as a random factor. The
DSC was transformed to allow modeling. The impact of
voltage was assessed after classification into 3 classes
(100/120/140 mV). Statistical analyses were performed
with Stata (version 15).p-values< 0.05 were considered
significant.

3 RESULTS

3.1 Participant inclusion and
characteristics

All participants (n = 1071) with abdominal CT images,
including sagittal reconstruction, performed between
January and May 2018 and with creatinine mea-
surement were screened. Ninety-nine individuals who
objected or with missing updated contact details
were excluded. After exclusion of those with miss-
ing height information (n = 128) and poor-quality
images (n = 168), a total of 676 individuals were
included. The study cohort consisted of 365 males
(53.8%) and 312 females (46.2%), their characteristics
are shown in Table 1. Participants were hospital-
ized in different units of the hospital, that is, medical
units, surgical units, intensive care units, or emergency
units.
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TABLE 1 Characteristics of the cohort and CT acquisition
parameters.

Median (IQR) or n (%)

Age (years) 61 (44–73)

BMI (kg/m2) 24.7 (21.6–27.8)

Underweight (%) 50 (7.5%)

Normal (%) 312 (46.6%)

Overweight 204 (30.5%)

Obese 206 (15.4%)

CSMA (cm2) with SliceOmatic 123 (102–151)

Muscle density (HU) 40.1 (31.9–46.7)

SMI (cm2/m2) with SliceOmatic 43.9 (37.8–51.4)

Voltage (kV)

100 16 (2.4%)

120 657 (97.2%)

140 3 (0.4%)

Current (mA) 155 (150–247)

IV contrast, % 539 (79.7%)

Abbreviations: BMI, body mass index; CSMA, cross sectional muscle area; SMI,
skeletal muscle index.
BMI was available for 669 participants.

TABLE 2 Dice similarity coefficient (DSC) values for the paired
comparisons of automated and manual segmentation.

SliceOmatic vs.
ABACS-SliceOmatic

SliceOmatic vs.
AutoMATiCA

5th percentile 0.836 0.909

Median 0.949 0.969

IQR (0.924–0.967) (0.954–0.980)

Number of
DSC <0.90

100 (14.8 %) 23 (3.4 %)

3.2 Inter-observer agreement

Median CSMA was 119 (106–146) and 116 (104–142)
cm2 for the trained observer (QB) and the supervis-
ing observer (CB) respectively. The agreement between
both observers was excellent with an ICC of 0.982
(0.967–0.990). Median DSC value was 0.960 (5th
percentile:0.901) for the random sample of 50 CT slices.

3.3 Comparison of ABACS-SliceOmatic
and AutoMATiCA

Median CSMA were 123 (102-149) and 128 (108-158)
for ABACS-SliceOmatic and AutoMATiCA respectively.
The descriptive values of the DSC for the paired com-
parisons between manual segmentation and automated
segmentation are shown in Table 2 and Figure 1. Auto-
MATiCA was more reliable than ABACS-SliceOmatic
(p < 0.001). Nevertheless, in 50 cases (7.4 %), the

DSC value for SliceOmatic versus AutoMATiCA was
lower than the value for SliceOmatic versus ABACS-
SliceOmatic. Figure 2 reports some erroneous seg-
mentations with ABACS-SliceOmatic, for example, in
individuals with sarcopenia (A, C) or obesity (B, C),
and in the case of artifacts such as photon star-
vation (B). The manual segmentation of 50 slices
took 29 min for the experimented observer whereas
segmentation of the same images took 19 min with
ABACS-SliceOmatic and 33 s with AutoMATiCA.

3.4 Factors affecting the accuracy of
the muscle segmentation by
ABACS-SliceOmatic and AutoMATiCA

Among the 23 cases with a DSC (SliceOmatic vs Auto-
MATiCA) value < 0.9,only two had a value (SliceOmatic
vs ABACS-SliceOmatic) > 0.9 (Figure S1). Seven of the
twenty-three cases (30%) occurred in individuals with a
BMI <18.5 kg/m2. The results of the mixed-model linear
regression analysis for the impact of BMI on the DSC
are displayed in Table 3. The BMI and the solution used
had a significant effect on the DSC. The interaction in
the multivariate analyses was significant, suggesting a
different effect of BMI depending on the solution used,
with a greater effect of BMI with AutoMATiCA.As shown
in Figure S2, the lower the BMI, the lower the DSC. Sim-
ilarly, the lower the current intensity, the lower the DSC,
with no interaction with the solution used. Conversely,
voltage and IV contrast did not have a significant effect
on the accuracy of muscle segmentation (Table 3).

4 DISCUSSION

The results of this study showed that AutoMATiCA pro-
vided a more reliable automatic segmentation of the
muscles at the level the L3 vertebra from CT images
than ABACS-SliceOmatic.

4.1 Reliability of the AutoMATiCA
AI-automated software

As far as we know, our study is the first to compare an
AI-automated software solution to ABACS-SliceOmatic
in an unselected cohort. The DSC values for the
inter-observer comparison and between manual and
automated segmentation with AutoMATiCA were in the
same order of magnitude. Moreover, the DSC value
for the external validation (0.969) was also close to
the value for the internal validation (0.983) suggesting
good generalizability of AutoMATiCA.17,23 AutoMATiCA
is faster than both manual segmentation and ABACS-
SliceOmatic (33 s vs. 29 and 19 min respectively for
50 slices), which is an important feature for clinical
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RELIABILITY OF AUTOMATED MUSCLE ANALYSIS 4977

F IGURE 1 Boxplots for dice similarity coefficient (DSC) values as a measure of the overlap between the manual segmentations with
SliceOmatic (the ground truth) and the automated segmentations (ABACS-SliceOmatic and AutoMATiCA). A DSC of 1 indicates perfect
agreement, whereas 0 indicates no overlap.

practice. These findings support the use of machine
learning for automated skeletal muscle segmentation in
clinical practice.

4.2 Limits of ABACS-SliceOmatic in
clinical practice

The reliability of ABACS-SliceOmatic has already been
assessed.15,16 ABACS-SliceOmatic is based on the
a priori shape of skeletal muscle.10 As illustrated in
Figure 2, anatomic differences, poor-quality images
caused by excessive adipose tissue, severe sarcope-
nia or artifacts such as photon starvation may lead to
erroneous segmentation, with some very low DSC val-
ues. Only 3.4% of the DSC were <0.90 for AutoMATiCA
(however they remained >0.8): a much higher propor-
tion (14.8%) were <0.90 with ABACS-SliceOmatic, with
some are very low DSC values.Thus,segmentation with
ABACS-SliceOmatic was erroneous in an unacceptable
proportion of cases. Our team previously demonstrated
a 13% rate of false negative sarcopenia diagnosis with
ABACS-SliceOmatic.15 In contrast, Cespedes Feliciano
et al. concluded that the reliability of automated seg-
mentation with ABACS-SliceOmatic was similar to that
of manual segmentation.16 One explanation for this dis-
crepancy is the difference in quality of the two CT-scan
databases. We did not exclude individuals with photon

starvation artefacts relating to the body pressing against
the sides of the scanner, whereas Cespedes Feliciano
et al. did. Moreover, cases with anatomic abnormalities
were estimated at <2% in the study by Cespedes Feli-
ciano et al. We believe that the proportion was much
higher in our study. Finally, some of the CT-scans in our
study were carried out in emergency situations, which
often result in lower image quality.

4.3 Study limitations

Several potential limitations need to be considered.First,
there is no gold standard available in clinical practice for
the assessment of muscle mass, even if CT is consid-
ered a reference standard.8 In this study, we compared
automated segmentation to manual segmentation. We
demonstrated that the DSC for two observers was high,
which suggests that the manual method was of good
quality and reliable. Furthermore, we double-checked
the segmentation of the 676 CT slices to improve the
quality of “the ground truth.”23 Alternatively, a phantom
study could have been performed. Second, we collected
data and CT images retrospectively. Nevertheless, we
included all consecutive individuals with abdominal CT
images and sagittal reconstruction during a 5-month
period. Thus, we limited selection bias and ensured
that the database was representative of hospitalized
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F IGURE 2 Three examples of erroneous automated segmentation with ABACS-SliceOmatic as compared with manual segmentation with
SliceOmatic and automated segmentation with AutoMATiCA. The Dice similarity coefficient (DSC) value for the comparison of manual
segmentation and each automated segmentation are provided.

individuals. Given the retrospective design, the quality
of some CT images was insufficient for manual seg-
mentation, leading to the exclusion of some individuals.
In this context, AI-segmentation of a large dataset
without human prescreening should be interpreted with
caution.

4.4 Future directions

Future work should focus on two main areas. First,
although the reliability of AutoMATiCA was higher
than that of ABACS-SliceOmatic, it partially failed
in 23 cases, with a DSC value <0.9, in comparison
to the manual method. The DSC value for ABACS-
SliceOmatic was also <0.9 in the vast majority of these
cases. We demonstrated that both ABACS-SliceOmatic

and AutoMATiCA are less reliable for very low BMI
values. We suggest that the number of underweight
subjects should be increased in the training cohort
for AutoMATiCA to improve the performance of this
solution. The proportion of underweight individuals in
the study by Paris et al.was 1.3% in the training and val-
idation cohort versus 7.5% in our cohort and 30% in the
subgroup of cases with a DSC for AutoMATiCA <0.9.
When using AutoMATiCA in underweight subjects, we
suggest that clinicians or researchers should manually
check the segmented images. We also demonstrated
that reliability is better with higher current intensities,
in agreement with a previous study.24 Further work
needs to be performed to improve the applicability of
deep learning model for varying currents of CT. Second,
the automation of segmentation is an important step
for sarcopenia diagnosis in clinical practice, but other
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TABLE 3 Impact of the BMI, the current intensity, the IV contrast and the voltage on the reliability of AutoMATiCA and ABACS-SliceOmatic
using a mixed-model linear regression analysis.

Univariate analysis Bivariate with interaction analysis
Estimate (CI 95%) p-value Estimate (CI 95%) p-value

BMI (kg/m2) 0.04 (0.03–0.05) <0.001 0.03 (0.02–0.04) <0.001

Solution

ABACS-SliceOmatic Ref Ref

AutoMATiCA 0.57 (0.53–0.60) <0.001 0.56 (0.52–0.60) <0.001

Interaction for the BMI and
the solution

0.02 (0.01–0.03) <0.001

Univariate analysis Bivariate with interaction analysis

Current (mA) 0.27 (0.18; 0.36) <0.001 0.24 (0.14; 0.34) <0.001

Solution

ABACS-SliceOmatic Ref Ref

AutoMATiCA 0.57 (0.53–0.60) <0.001 0.53 (0.48; 0.59) <0.001

Interaction for the current
and the solution

0.07 (−0.01; 0.15) p = 0.08

Univariate analysis

IV contrast

No Ref

Yes 0.03 (−0.09; 0.14) 0.67

Univariate analysis

Voltage

100 −0.14 (−0.44; 0.16) 0.35

120 Ref

140 −0.09 (−0.78; 0.60) 0.80

For the multivariate regression analyses, the BMI was centered at 25 kg/m2.

steps remain to be automated. In particular, manual
determination of the slice at the L3 level in the CT-scan
is time-consuming. Convolutional networks can be used
for this step.25,26 We are currently validating such algo-
rithms in order to develop a software solution that can
fully automate the three following steps (1) identification
of the L3 slice in an abdominal CT series, (2) segmen-
tation of skeletal muscle, and (3) skeletal muscle index
(SMI) calculation. Such an automatic pipeline has been
already developed for muscle segmentation at the T12
level.27

5 CONCLUSIONS

In conclusion, our work has shown that AutoMATiCA is
more reliable than ABACS-SliceOmatic for skeletal mus-
cle segmentation from CT images at the L3 level in a
cohort of individuals hospitalized in a French Univer-
sity Hospital. Unlike AutoMATiCA, the performance of
ABACS-SliceOmatic is reduced in cases of anatomic
differences or poor-quality images. The next step is to
develop and validate a neural network to identify the L3
slice in a CT series.
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