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Abstract

Anthropometric parameters like muscle body mass (MBM), fat body mass (FBM), lean body mass (LBM), visceral adipose
tissue (VAT), and subcutaneous adipose tissue (SAT) are used in oncology. Our aim was to develop and evaluate the software
Anthropometer3D measuring these anthropometric parameters on the CT of PET/CT. This software performs a multi-atlas
segmentation of CT of PET/CT with extrapolation coefficients for the body parts beyond the usual acquisition range (from the
ischia to the eyes). The multi-atlas database is composed of 30 truncated CTs manually segmented to isolate three types of voxels
(muscle, fat, and visceral fat). To evaluate Anthropomer3D, a leave-one-out cross-validation was performed to measure MBM,
FBM, LBM, VAT, and SAT. The reference standard was based on the manual segmentation of the corresponding whole-body CT.
A manual segmentation of one CT slice at level L3 was also used. Correlations were analyzed using Dice coefficient, intra-class
coefficient correlation (ICC), and Bland—Altman plot. The population was heterogeneous (sex ratio 1:1; mean age 57 years old
[min 23; max 74]; mean BMI 27 kg/m? [min 18; max 40]). Dice coefficients between reference standard and Anthropometer3D
were excellent (mean+/-SD): muscle 0.95+0.02, fat 1.00+£0.01, and visceral fat 0.97+0.02. The ICC was almost perfect
(minimal value of 95% CI of 0.97). All Bland—Altman plot values (mean difference, 95% CI and slopes) were better for
Anthropometer3D compared to L3 level segmentation. Anthropometer3D allows multiple anthropometric measurements based
on an automatic multi-slice segmentation. It is more precise than estimates using L3 level segmentation.
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Background

Body composition extracted from medical images is increasing-
ly important in oncology. The total skeletal muscle body mass
(MBM) measurement is used to determine muscle depletion,
which is a significant prognostic factor in cancer [1]. It has been
associated with a higher incidence of chemotherapy toxicity, a
shorter time to tumor progression, poorer surgical outcomes,
impaired functional status, and shorter survival, especially in
the case of muscle loss during the treatment [2—4]. Obesity,
which can be assessed by measuring fat body mass (FBM) [5],
is a well-known risk factor for many cancers [6] that can modify
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tolerance to chemotherapy [7]. Conversely, adipopenia is a neg-
ative prognostic factor, notably for hematologic cancer [8]. Low
lean body mass (LBM) is a significant predictor of toxicity and
neuropathy in patients treated with folinic acid, fluorouracil, and
oxaliplatin (FOLFOX)-based regimens. Visceral adipose tissue
(VAT) and the ratio of VAT to subcutaneous adipose tissue
(SAT) are prognostic and/or predictive factors for many solid
tumors [9, 10]. For example, because patients with a large
VAT mass may not benefit from bevacizumab-based chemother-
apy, measurement of VAT before starting this treatment could be
useful [11]. To summarize, these parameters could reflect the
patient’s health status (notably MBM), but also the distribution
volume of the chemotherapy (notably FBM and LBM), both of
which are important to determine on how to adapt the treatment
and follow-up of the patient.

All these parameters can be accurately measured in three-
dimensional (3D) imaging on computed tomography (CT) or
magnetic resonance imaging (MRI) [12]. Although CT offers
well-defined Hounsfield unit (HU) values and contrast for
muscle and fat voxels easily extracted [13], it exposes subjects
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to ionizing radiation, and it is unethical to perform a CT for
only measuring anthropometric parameters [14]. This limita-
tion is overcome for patients who routinely undergo CT ex-
aminations, alone or combined with positron emission tomog-
raphy (PET), to evaluate and follow the disease [15].
Anthropometric measurement can, therefore, be performed
on these images, in particular, by taking advantage of the large
acquisition range, at least from the ischium to the eyes for
PET/CT, using multi-slice segmentation [16, 17].

It was proposed to estimate MBM, LBM, FBM, VAT, and
SAT from a two-dimensional (2D) segmentation of one slice at
level L3 [15, 18]. Two-dimensional estimates are based on math-
ematical expressions assuming a strong correlation between
these estimates (2D) and volume quantities (3D). However, 2D
estimates could be less accurate than 3D multi-slice measure-
ments [17]. For example, it has been shown that during weight
loss, changes in visceral and subcutaneous adipose tissue are
poorly evaluated on 2D imaging [19], while 3D imaging gives
good results for intra-abdominal fat [20]. Therefore, multi-slice
segmentation is preferable [21], but needs automatic processing
to avoid a time-consuming manual segmentation [19].

To perform a 3D segmentation of these tissues, few auto-
matic segmentation methods have been proposed [e.g., region
growing, graph cutting, fuzzy C means clustering, and multi-
atlas segmentation (MAS) algorithms] [22]. Most of them are
based on the determination of the muscle boundary between
VAT and SAT [22]. Among them, MAS methods are very
flexible and can capture anatomical variations, notably be-
tween different levels of the body, such as the abdomen or
the pelvis [23], whereas other algorithms must be adapted
according to the anatomical level [24] and are composed of
several methods to cover the whole body. MAS methods have
shown accurate measurement capabilities, particularly in MRI
[25]. However, to our knowledge, there is no software avail-
able to automatically measure all parameters from CT of PET/
CT using multi-slice segmentation, although this is an exam-
ination commonly done for patients with cancer.

The aim of our study was to develop an in-house software,
called Anthropometer3D, allowing the automatic measure-
ments of all these anthropometric parameters from CT of
PET/CT with a limited range of acquisition from the ischium
to the eyes, and to compare these measurements to those ob-
tained by manual segmentation on a whole-body CT, as a
reference, and on a single slice at level L3.

Methods
Population
This is a retrospective, non-interventional study approved by

the institutional review board. All patients were informed that
their anonymized images could be used for research purposes
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and that they could object to such use. Thirty random patients
(15 women and 15 men) who underwent whole-body PET/CT
(GE Discovery 710 with Optima 660 CT component) between
June 2016 and July 2017 during follow-up of their disease and
with complete tumor response (no tumor visualized) were
included.

After a 6-h fast and 30 min of rest, patients were injected
with 3.5 MBg/kg of '®F-fluorodeoxyglucose (‘*F-FDG).
Sixty minutes later, a CT scan in the craniocaudal direction
was performed with the patient’s arms positioned above the
head and the patient breathing freely. CT acquisition parame-
ters depended on the patient’s body mass index (BMI). For
patients with a BMI less than 30 kg/m?, the CT voltage was
100 kV; otherwise, the CT voltage was 120 kV. The CT mAs
was automatically regulated by the manufacturer’s dose re-
duction software based on a noise index. The result was a
mean effective mAs of 89.1 +6.7. Each CT scan was acquired
with primary collimation of 16 X 1.25 mm and reconstructed
in 3.75-mm thick slices every 3.27 mm. All images were
resized to obtain a unique voxel size of 1.36 x 1.36 x 5 mm”.

Anthropometer3D

The aim of the Anthropometer3D software is to allow an
automatic measurement of multiple anthropometric parame-
ters. This tool could notably be applied on large clinical data-
bases to explore new prognostic factors, in particular within
the framework of academic collaborations via the website
https://www.anthropometer3d.org [26], where the software
will be released online upon acceptance of this paper.
Figure 1 provides a graphical representation of the
Anthropometer3D software process. Anthropometer3D is a
command line software written in Java language which uses
Image] software functions for parts of image processing and
the software Plastimatch for the elastic registration parts. It is
based on a MAS method involving the recording of several
CT atlases corresponding to training images that have already
been labeled into three different masks by an expert. Then,
personalized masks are created on the patient’s CT scan to be
analyzed in order to segment the tissues of interest. The three
masks used by Anthropometer3D are as follows: one for the
body shape used to calculate FBMaphopo3p and
LBManthoposp (Maskl), one for the abdominal cavity used
to calculate VAT Annopo3p and SATanmoposp (Mask2), and
one for the muscles used to calculate MBM  ¢hoposp (Mask3).

Considering that the body part from the ischium to the eyes
is usually included in the acquisition range of a PET/CT, the
CT atlases were truncated to keep only this part. During the
segmentation, each truncated CT atlas is rigidly registered to
the analyzed CT. The mutual information between the rigidly
registered CT and the analyzed CT is calculated [27] and the
top ten registered CT atlases are selected. They correspond to a
morphotype quite similar to that of the patient analyzed. These
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Fig. 1 Graphical representation Analyzed CT
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ten selected CT atlas are then elastically registered to the an-
alyzed CT and the resulting deformation fields are applied to
the masks. Finally, the three personalized masks are obtained
by a majority voting process. To isolate muscle voxels, a
threshold is applied to Mask3 (HU values between —29 and
150 [13]). To isolate fat voxels, a threshold applied on Mask1
and Mask2 (HU values between — 190 and — 30 [13]). As fat
and muscle voxels have no HU in common in these windows,
no overlap between these tissues was observed. Moreover,
subcutaneous fat voxels were obtained by subtracting the vis-
ceral fat voxels to the whole-body fat voxels so no overlap
was also observed for these segmentations.

Anthropometer3D automatically extrapolates body parts
beyond the ischium and eyes to obtain an estimate of whole-
body measurements. To account for the underestimation of
segmented volumes on the truncated CT relative to the
whole-body CT, extrapolation factors, kpuscle and kg, were
calculated. They correspond to the average extrapolation fac-
tors calculated on the data of the CT atlases as being the ratio
between the number of muscle (or fat) voxels determined on
the whole-body CT divided by the number of voxels belong-
ing to the muscle (or fat) determined on the truncated CT. The
extrapolation factors were calculated by using the CT atlases
(whole body and truncated from the eyes to the ischia) man-
ually segmented,

N musctle0f whole—body CT atlas

With kpyscle =
i uscle NmuseleOf truncated CT atlas

And

Ngof whole—body CT atlas
Npof truncated CT atlas

kfat =

Segmented
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Then, MBMAnthop03D9 FBl\/[Anthopo_’)Da LBMAnthopoSD;
VAT Anthopo3p» a0d SATapmoposp are calculated as follows:

MBMAmhropost =N muscle X kmuscle X Vvoxel X Pruscle
FBMAnthropo3D =N fat X kfat X Vvoxel X Prat
LBMAnthropo3D = W_FBMAnthropOSD

VATAnthropo3D =N visceral fat X Vvoxel X Prtat
SATAnthropo3D = FBMAnthrop03D7VATAnthropo3D

With Npuscie and Ny being the number of voxels of muscle
and fat, respectively, obtained on the truncated CT, W is the
patient’s weight in g, Vo s the volume of one voxel (in mil-
liliters), pmuscle 18 the density of muscle (equal to 1.06 g/mL) [28],
and Py, is the density of fat (equal to 0.923 g/mL) [13].

Validation of Anthropometer3D

The segmentation results of Anthropometer3D were com-
pared with two other segmentation methods. The first one is
the reference standard corresponding to the measurement of
MBMREE FBMREFv LBMREFv VATREF, and SATREF per-
formed on the whole-body CT. Manual segmentation of the
muscles, used to determine MBMpggr, and of the abdominal
cavity, used to determine VATggr and SATggr, was performed
by two physicians (one junior physician, D.T., with 3 years of
experience and one senior physician, P.D., with 7 years of
experience) using the software Seg3D 2.4 [29]. A whole-
body-shape mask was obtained by an automatic algorithm
previously described [17] and was used to calculate FBMggr
and LBMggr. To isolate tissue voxels, thresholding was ap-
plied with HU values between — 29 and + 150 for muscles and
between — 190 and — 30 for fat voxels. All the segmentations
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and masks were checked by the senior physician. The refer-
ence standard was defined as follows:

MBMggr = N muscle X Vvoxel X Pmuscle
FBMREr = Ntat X Vvoxel X Prat
LBMggr = W—FBMggr

VATREF =N visceral fat X Vvoxel X Prat
SATrrr = FBMRrer—VATREF

The second segmentation method is based on measure-
ments obtained from manual segmentation of one CT slice at
level L3 and the use of mathematical extrapolation formulas
given in the literature [15, 18], as follows:

MBM_ 3
for women = (0.141 x Area Muscley (cmz) +3.79) X Prusele
for men = (0.136 x Area VAT|3 (cmz) + 5,944) X Pruscle

FBMy; = 0.042 x Area Fat;3(cm?) + 11.2

LBM;; = 0.30 x Area Muscles (cm?) + 6.06

VATL;
for women = (0.026 x Area VAT (cm?) +0.121) x py,
for men = (0.025 x Area VAT (cm®) + 0.164) x py

SATy;
for women = (0.087 x Area SATi3(cm®) + 5.92) X py
for men = (0.078 x Area SATy3(cm?) + 4.487) X pgy

To evaluate Anthropometer3D, a leave-one-out cross-
validation method was used. MBManmopo3n, FBMantopo3ps
LBMAnthopoSD, VATAnthopo3Da and SATAnthopoSD of each trun-
cated CT of the 30 patients were obtained by using data (CT
atlas, masks, and extrapolation factors) of the 29 other CTs in
the database.

Statistical Analyses

Descriptive statistics of the population and results were per-
formed with continuous variables reported as mean =+ standard
deviation (SD), and categorical variables were reported as
frequencies (percentages).

The agreement between the five outcomes obtained by
Anthropometer3D and the reference standard corresponding
to the whole-body manual segmentation was estimated by
computing the mean of the intra-class coefficient correlation
(ICC) and the corresponding 95% confidence interval
(95%CI) [30]. The agreement between two segmentation
methods was also studied using Bland—Altman plots [31].
Same statistical analyses were performed for the outcomes
obtained by the manual segmentation at level L3. Dice’s co-
efficients between the manually segmented voxels and the
automatically segmented voxels in the common range (from
ischium to eyes) were also calculated [32].

Statistical analyses were performed using the software R,
version 3.4.3 [33].
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Results

The characteristics of the 30 patients are provided in Table 1.
The 15 women and 15 men had diverse morphotypes, as
shown by the mean BMI of 27 kg/m?, with a minimum value
of 18 kg/m? and a maximal value of 40 kg/m?. The descriptive
statistics for all measured parameters are provided in Table 2.
According to the SD, minimal and maximal values, the distri-
bution was very variable for each parameter, in favor of a
heterogeneity of the population.

The result of a patient’s segmentation using
Antropometer3D is provided in Fig. 2 and the segmentation
of six patients (three women and three men) with different
body shapes (from a BMI of 20.5 kg/m” to a BMI of
39.9 kg/m?) is presented in Fig. 3.

The whole population’s mean extrapolation factor (calcu-
lated on the 30 patients with whole-body manually segment-
ed) knuscle Was equal to 1.92 (SD +0.08, minimal 1.78, max-
imal 2.06), whereas kg, was equal to 1.44 (SD £ 0.10, minimal
1.30, maximal 1.67).

The Bland-Altman plots between the results of the seg-
mentations obtained with Anthopometer3D and the reference
method on the one hand, and with the L3 method and the
reference method, on the other hand, are provided in Fig. 4.
The results of the Bland—Altman analysis and of ICC and the
corresponding 95%CI are presented in Table 3. The ICC be-
tween the reference standard and Anthropometer3D were all
excellent (minimal value of 95%CI of 0.97), whereas the ICC
between the reference standard and the estimation at level L3
were globally lower, notably with FBMpanua 13 (0.84),
VAT \anual 13 (0.65), and SATyganuar 13 (0.77). However, the
ICC between MBMggr and MBMyjanuat 13 Was good (0.98
with 95% CI of 0.95-0.99). Concerning the Bland—Altman
plots, all mean differences between the reference standard
and Anthropometer3D were small (< 3.5% points or differ-
ence) with narrow 95% CI (maximal range of —11.8 to +

Table 1  Patient characteristics
Mean (SD) [range],
unless otherwise stated
Age (year) 56.9 (12.8) [23-74]
Weight (kg) 75.7 (15.7) [45-116]
Size (m) 1.67 (0.07) [1.51-1.83]

Body mass index (kg/mz) 27.1 (4.6) [18.4-39.9]

Sex Men, 15 (50%)
Women, 15 (50%)
Diseases Melanoma (14)

Inflammatory disease (9)
Lymphoma (4)
Myeloma (2)

Other (1)
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Table 2 Mean, standard

Reference standard: whole-body

Anthropometer3D

Manual segmentation
at level L3

deviation, and minimal and Me-an in kg (SD) :
maximal values for LBM, FBM, [min-max] manual segmentation
MBM, VAT, and SAT measured
manually on a whole-body CT, LBM 47.3 (10.6) [31.6-71.9]
estimated by Anthropometer3D FBM 28.1 (10.2) [14.1-58.4]
and estimated by using a slice MBM 37.8 (10.1) [22.5-63.9]
segmented manually at L3
VAT 4.2 (2.1)[1.2-9.1]
SAT 23.9 (9.1) [12.5-54.8]

47.5 (10.1) [33.8-72.1]
27.9 (10.5) [12.2-55.2]
37.0 (9.8) [21.2-61.9]
43 (2.0)[1.4-8.8]
23.5 (9.6) [10.7-53.8]

50.6 (11.7) [34.3-82.9]
29.2 (6.9) [17.0-42.4]
43.2 (10.1) [29.0-69.4]
4.4 (2.2)[1.1-10.0]
24.4 (9.5)[10.8-53.3]

FBM fat body mass, MBM muscle body mass, LBM lean body mass, SAT subcutaneous adipose tissue, VAT

visceral adipose tissue

14.7% for FBManthroposn). Compared with
Anthropometer3D, the mean difference between the reference
standard and the manual segmentation at .3 was larger except
for SATmanuat 13 (—1.5% for SATvianual 13 V8 +2.5% for
SAT Anthropometer3n)» and the 95%Cls were globally larger for
all the parameters (up to —78 to 69% for VAT \anuat 13)-

Dice’s coefficients between the reference method and
Anthropometer3D for the three types of segmented voxels
were excellent with mean = SD (min-max) of 0.95+0.02
(0.90-0.97) for muscles, 1.00+£0.01 (0.97-1.00) for fat, and
0.97 +£0.02 (0.90-0.99) for visceral adipose tissue.

Discussion

We have developed and validated a new software allowing the
automatic measurement in multi-slices of several anthropomet-
ric parameters: fat, lean, and muscle body mass, but also sub-
cutaneous and visceral adipose tissue. Anthropometer3D is
based on a multi-atlas segmentation method from CT of PET/
CT with a large range of acquisition, from the ischium to the
eyes. The measurements performed by Anthropometer3D gave
very consistent results compared with the reference method,
which was a manual segmentation of the CT over the whole

Fig. 2 Visual representation of the multi-slice and automatic segmentation of voxels of fat (green and red), muscle (purple), and visceral adipose tissue
(red) from the ischium to the eyes on a frontal, b sagittal, and ¢ axial views of a whole-body CT
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Fig. 3 Visual representation of
the multi-slice and automatic
segmentation of voxels of
subcutaneous fat (yellow), muscle
(purple), and visceral fat (red) of
six patients (three women and
three men) with different body
mass index (BMI)

20.5

BMI
(kg/m?)

body. The ICC values between the two methods were close to
1, and the Bland—Altman plots showed a small mean difference
and a narrow 95%CI for the five parameters measured com-
pared with manual whole-body segmentation. These good re-
sults can be explained by the accuracy of the MAS, but also by
the use of extrapolation factors (kyuscle and kgy), which were
relatively stable between the patients.

For patients with cancer, the measurement of anthropomet-
ric parameters is becoming increasingly important, particular-
ly to explore prognosis or to adapt treatment [34]. However,
body composition generally requires segmentation of medical
images. Multi-slice measurement is more accurate than mea-
surement of one slice, but it also takes longer when the seg-
mentation is performed manually [19]. A compromise must,
therefore, be found between the duration of the segmentation
and the accuracy of the measurement, justifying the develop-
ment of Anthropometer3D.

Many algorithms already exist to segment anthropometric
parameters on CT or MRI. Most of them are based on a 2D
segmentation method, notably at level L3 [22, 35], and their
accuracy is, therefore, limited due to the use of one slice.
Moreover, they cannot theoretically be better than a manual
mono-slice segmentation, which was used in this study to
evaluate the accuracy of a mono-slice measurement. To per-
form a 3D segmentation of these parameters, few automatic
segmentation methods have been proposed (e.g., region grow-
ing, graph cutting, fuzzy C means clustering, and MAS algo-
rithms) [22]. Most of them are based on the determination of
the muscle boundary between VAT and SAT [22]. MAS
methods have been shown to be very flexible, allowing them
to capture anatomical variations, notably between different
levels of the body, such as the abdomen and the pelvis [23],
whereas other algorithms must be adapted according to the
anatomical level [22, 24, 36].

@ Springer

Therefore, MAS algorithms have been used successfully to
segment multiple anthropometric parameters on MRI images
[37]. Those measurements, however, require a dedicated ex-
amination with, for example, a specific dual-echo Dixon Vibe
protocol covering the neck to the knees. Rather than using a
dedicated examination (MRI or CT), our method was devel-
oped and validated on an already existing CT of a PET/CT
acquisition, which is frequently available for patients with
cancer, avoiding an additional cost in time, personnel, money,
and potentially, radiation exposure [16]. Furthermore, the use
of'a CT allows the creation of a more simplified, and therefore
robust, algorithm as the Hounsfield units of the fat and muscle
tissue are well standardized and easily isolated by
thresholding [13]. In contrast, the isolation of tissues on
MRI requires a more complex pre-processing, notably linked
to the inhomogeneities of the signal [22].

MAS can also be associated with other segmentation
methods to improve segmentation. Xu et al. have, therefore,
proposed an augmented active shape model by integrating
MAS and level set techniques into the traditional active shape
model framework [38]. On 20 CT scans, their segmentation
method on the whole abdominal wall allowed subcutaneous
and visceral fat measurement. High correlations were ob-
served between their method and the measurement derived
from manual segmentation (Pearson’s correlation coefficient
of 0.94 for the subcutaneous tissue and 0.96 for the visceral
tissue) [38] with a good Dice coefficient (0.86 +0.09).

With MAS algorithms, the segmentation accuracy depends
on the initial database, the registration process, the labeled
parts of the atlases, and the selection of the label. The good
performances of Anthropometer3D show that our methodo-
logical choices were relevant. The use of a rigid registration
followed by an elastic registration is a classical registration
method [23]. However, we improved this model significantly
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Figure 4 Bland-Altman plots of Anthropometer3D Manual Segmentation L3
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by using the rigid registration part to calculate the extrapola-
tion factors of the body parts beyond the eyes and the ischium
and to select the ten more similar CTs having subsequent
elastic registration, therefore saving processing time. For the
elastic registration, we used the registration software
Plastimatch, which is freely available and has an implementa-
tion of the demons algorithm [39]. The results were good with
this tool, but other software and algorithms, such as Elastix
with the B-splines algorithm, could be used [17]. As the

(VATrer + VAT prironosn)/2 (kg) °

3
(VATger + VATyanuai 13)/2 (kg)

labeled part of the atlas, we used three different types of mask
(body shape, abdominal cavity, and muscles) corresponding
more to regions than organs. The combination of multi-atlas
segmentation of regions followed by windowing based on HU
values of fat and muscle allows a better segmentation, as these
parts are anatomically more stable than organs between all
patients [17]. As shown by Morsbach et al. [40], it has to be
noted that changing the CT’s kV can have an impact on HU
values. In their study, they found that the mean attenuation
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Table 3 ICC and Bland—Altman plot results (mean difference and
95%CI) for FBM, LBM, MBM, VAT, and SAT estimated by
Anthropometer3D and a slice segmented manually at L3 with respect to
the whole-body CT segmented manually as the reference standard

Anthropometer3D Manual segmentation at L3

ICC between the reference standard and the tested method

LBM 0.99 (0.97-0.99) 0.93 (0.86-0.97)
FBM 0.99 (0.97-0.99) 0.84 (0.68-0.92)
MBM 0.99 (0.97-0.99) 0.98 (0.95-0.99)
VAT 0.99 (0.98-1.00) 0.65 (0.39-0.82)
SAT 0.99 (0.98-1.00) 0.77 (0.57-0.88)
Bland—Altman plot: mean difference (in %) [95%CI]

LBM -0.7[—8.5;7.2] -6.7[-214;8.1]
FBM 1.5 [-11.8; 14.7] —6.9[—38.9;25.2]
MBM 1.8 [-7.1;10.8] 143 [-274;—-1.3]
VAT -33[-13.9;7.2] —4.41[-78.2;69.3]
SAT 2.5[-10.2; 15.2] —1.5[—55.9;52.9]

FBM fat body mass, MBM muscle body mass, LBM lean body mass, SAT
subcutaneous adipose tissue, VAT visceral adipose tissue

coefficient for muscle was 48+ 11 HU at 80 kV vs 41 +9 HU
at 140 kV (p <0.01). Fat mean attenuation coefficient was —
84+ 10 HU at 80 kV vs —69+6 HU at 140 kV (p<0.01).
However, the impact of these differences on the surfaces mea-
sured at level L3 were quite limited, notably for the adipose
tissue: the mean total muscle area was 117 +35 cm? at 80 kV
vs 123+35 cm? at 140 kV (p<0.01) and the adipose tissue
index was 54.5 +31.3 cm*/m” at 80 kV vs 54.2 + 32.6 cm*/m’
at 140 kV (p =0.39). Yamada et al. [41] found also that vis-
ceral adipose surface was not statistically different between
standard-dose and low-dose CT. In a study evaluating the
muscles at the L3 level, Fuchs et al. found that low tube cur-
rent significantly decreased the mean total muscle by 4.79%
(6.44 cmz; minimum 3.78, maximum 9.10) [42]. However,
the impact of the tissue thresholds according to the change
of kV has yet to be evaluated for multi-slice segmentations,
an adaptation of the threshold according to kV being possibly
useful. For the selection of voxel label, we used majority vot-
ing, which is common. Other methods, such as the SIMPLE
algorithm, could be used, but the potential improvement could
be minor at the detriment of computation time [17]. We chose
a pixel size of 1.36 x 1.36 x 5 mm? as a compromise to get a
good anatomical resolution with fast processing time. Other
pixel sizes are possible, smaller pixels being, however, prone
to increase the calculation time and larger pixels may be sub-
ject to a decrease in anatomical resolution.

Our population was morphologically very heterogeneous
with different BMIs, ages, and gender. This heterogeneity is
an advantage for the MAS method as it helps to capture mor-
phological variability. We have chosen to take normal exam-
inations to create the Anthopometer3D atlas, as this offers
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better adaptability for the segmentation of new CT data (nor-
mal or with tumors).

Moreover, the Dice coefficient was maximal for fat voxels
with a mean value of 1.0. This value can be explained by the
rather similar fat voxel isolation method between the reference
standard [16] and Anthropometer3D which are notably based
on a Hounsfield threshold between — 190 and — 30 HU to
isolate fat tissues. Compared to the reference standard,
Anthropomer3D is however fully automatic and associated
with the segmentation of other tissues like muscle and visceral
adipose tissue.

Finally, if the MAS method can be quite time consuming
(approximately 25 min for each patient in our study with a
CPU of 2.5 GHz), this difference has to be tempered, as the
speed of calculation improves year after year, notably when
using graphics processing unit (GPU) implementation.
Moreover, this automatic processing time remains is not com-
parable with the manual segmentation of a whole-body CT
which, in this study, it took more than 6 h for each patient.
To improve the processing time, we are considering the use of
a 3D neural network segmentation method based on a GPU
implementation. However, this type of segmentation needs,
for the training, a far higher number of whole-body CT man-
ually segmented than MAS method which gave good results
in our study with only 30 patients manually segmented. To
compare, Lee et al. [35] used a neural network for the auto-
matic segmentation of a 2D unique abdominal slice with 250
manually segmented image slices needed for the training and a
comparable number of time consuming manually segmented
whole-body CT can be expected for a 3D whole-body
segmentation.

Conclusion

Anthropometer3D allows automatic measurement of multiple
anthropometric parameters based on a multi-slice segmenta-
tion. It is more precise than estimates generally made using
segmentation at the L3 level. This tool could be applied auto-
matically on large clinical databases, notably to explore new
prognostic factors.

Publisher’s Note Springer Nature remains neutral with regard to jurisdic-
tional claims in published maps and institutional affiliations.
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