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RESEARCH ARTICLE Translational Control of Muscle Mass
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van der Heyden B, van de Worp WR, van Helvoort A, Theys J,
Schols AM, Langen RC, Verhaegen F. Automated CT-derived
skeletal muscle mass determination in lower hind limbs of mice
using a 3D U-Net deep learning network. J Appl Physiol 128:
42– 49, 2020. First published November 7, 2019; doi:10.1152/
japplphysiol.00465.2019.—The loss of skeletal muscle mass is rec-
ognized as a complication of several chronic diseases and is associ-
ated with increased mortality and a decreased quality of life. Relevant
and reliable animal models in which muscle wasting can be monitored
noninvasively over time are instrumental to investigate and develop
new therapies. In this work, we developed a fully automatic deep
learning algorithm for segmentation of micro cone beam computed
tomography images of the lower limb muscle complex in mice and
subsequent muscle mass calculation. A deep learning algorithm was
trained on manually segmented data from 32 mice. Muscle wet mass
measurements were obtained from 47 mice and served as a data set for
model validation and reverse model validation. The automatic algo-
rithm performance was ~150 times faster than manual segmentation.
Reverse validation of the algorithm showed high quantitative metrics
(i.e., a Dice similarity coefficient of 0.93, a Hausdorff distance of 0.4
mm, and a center of mass displacement of 0.1 mm), substantiating the
robustness and accuracy of the model. A high correlation (R2 � 0.92)
was obtained between the computed tomography-derived muscle
mass measurements and the muscle wet masses. Longitudinal fol-
low-up revealed time-dependent changes in muscle mass that sepa-
rated control from lung tumor-bearing mice, which was confirmed as
cachexia. In conclusion, this deep learning model for automated
assessment of the lower limb muscle complex provides highly accu-
rate noninvasive longitudinal evaluation of skeletal muscle mass.
Furthermore, it facilitates the workflow and increases the amount of
data derived from mouse studies while reducing the animal numbers.

NEW & NOTEWORTHY This deep learning application enables
highly accurate noninvasive longitudinal evaluation of skeletal muscle
mass changes in mice with minimal requirement for operator involve-
ment in the data analysis. It provides a unique opportunity to increase
and analyze the amount of data derived from animal studies automat-
ically while reducing animal numbers and analytical workload.

artificial intelligence; muscle segmentation; �CBCT

INTRODUCTION

Skeletal muscle is the largest tissue in the body and com-
prises ~40% of the total body mass in normal weight humans
(13). It allows voluntary movement, including mobility and
breathing, but also contributes to numerous metabolic pro-
cesses, including substrate disposal and thermogenesis (9, 25).
Skeletal muscle is one of the most dynamic and plastic tissues
of the body, responding to changes in functional or metabolic
demand, most obviously in response to increased or reduced
physical activity, resulting in either hypertrophy or atrophy
(27). However, these characteristics also enable skeletal mus-
cle to be used as an energy and protein reserve that can be
deployed during periods of starvation or during acute and
chronic catabolism, as seen during trauma or infections and
cancer cachexia, leading to accelerated muscle loss (30).

Loss of skeletal muscle mass, especially in the locomotor
muscles, is a recognized complication of several chronic dis-
eases, including chronic obstructive pulmonary disease,
chronic heart failure, and chronic kidney disease, and of most
malignant cancers (35). Muscle wasting is well known to be
associated with increased patient mortality and decreased qual-
ity of life (1, 21, 28). As muscle wasting is an unmet medical
need, the development of effective therapeutic strategies in-
volves preclinical research, which requires reliable assessment
of muscle mass in animal models.

In the clinical setting, several imaging modalities, such as
computed tomography (CT), cone beam CT (CBCT), dual-
energy X-ray absorptiometry (DEXA), or MRI, have been
applied for years as practical and precise methods to assess
body composition and skeletal muscle volumes (3, 4, 12, 14,
15, 17, 20, 26, 29). In contrast, skeletal muscle mass evaluation
in preclinical studies is mostly based on assessment of muscle
wet masses or muscle fiber cross-sectional area by postmortem
histological examination. Both methods require muscle dissec-
tion and, consequently, are terminal experiments. This pre-
cludes longitudinal follow-up of muscle mass changes, and
assessment of time-dependent changes in muscle mass there-
fore requires inclusion of multiple animal groups in the exper-
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imental design. Recently, novel approaches to noninvasively
determine muscle volume, including changes over time of
individual experimental animals, using MRI and micro-CT
were described (5, 6, 19, 23, 24).

Micro-CT is a dedicated X-ray-based imaging technology
for small animals that allows for tissue density quantifications,
which makes micro-CT a good image technique for longitudi-
nal muscle mass assessment. To investigate muscle mass
changes quantitatively, manual segmentation of the muscle
volume on the CT reconstruction of the experimental animal is
required, which in itself is a delicate and very time-consuming
task for the researcher.

Many efforts have been made to develop automated CT
segmentation techniques for patients, but, surprisingly, there
have only been sparse reports on fully automatic soft tissue CT
segmentation techniques in experimental animals. Baiker et al.
(2) investigated an automatic reference atlas-based whole body
segmentation method in micro-CT images using a digital
mouse phantom. More recently, our group investigated organ-
at-risk segmentation in mice before irradiation with a multi-
atlas image deformation-based approach (31). Clearly, avail-
ability of automated muscle segmentation applications for mice
would tremendously facilitate CT-based assessment of skeletal
muscle mass in preclinical research. Moreover, it will strongly
contribute to a reduction in the number of animals used for
longitudinal studies that evaluate muscle mass changes, which
is in line with the 3R principle embedded in national and
international legislation and regulations on the protection of
animals used for scientific purposes. To our knowledge, no
literature exists on the fully automatic segmentation of skeletal
muscle in mice. In this work, we developed and validated a
new method to automatically segment skeletal muscle in mice
using artificial intelligence techniques that could be widely
applied in animal models used to study muscle atrophy or
hypertrophy.

MATERIALS AND METHODS

A summarizing flowchart of the study setup is shown in Fig. 1.
Further details are described in the subsequent paper sections.

Mouse Experimental and Imaging Procedures

Animal preparation. This work was conducted in accordance with
institutional guidelines for the care and use of laboratory animals
established by the Ethics Committee for Animal Experimentation of
Maastricht University, in full compliance with national legislation on
animal research following the European Directive 2010/63/EU for the
use of animals for scientific purposes, and is part of a set of experi-
ments to establish an orthotopic model of lung cancer cachexia
(AV01070020174168). Male and female mice, at 9–10 wk old
(129S2/SvPasCrl, Charles River Laboratories), were socially housed
in a climate-controlled room (12:12 dark-light cycle with a constant
room temperature of 21 � 1°C). Mice were given ad libitum access to
food (AIN-93M) and water. After 1 wk of acclimatization, mice were
randomly allocated to either sham control (n � 15) or tumor-bearing
(TB) group (n � 68). All animals underwent surgery at the age of 12
wk at a standardized time window during their inactive period of the
day. While anesthetized using a mixture of air and isoflurane (4%
induction, 2% maintenance) and appropriate analgesia, sham control
mice received an intrapulmonary injection with 15 �L of matrix
(Matrigel, Corning), and the TB mice (orthotopic lung tumor model)
received an intrapulmonary injection with 15 �L of Matrigel contain-
ing lung epithelium-derived adenocarcinoma cells (10). Mice were
monitored daily. Based on an animal welfare scoring list or upon a
loss of body mass �20%, humane end points were applied. Further-
more, tumors were scored for characteristics, size, and progression.
When a total tumor volume of 500 mm3 was reached or in the case of
signs of dyspnea because of tumor growth, pulmonary constriction, or
metastasis, humane end points were applied.

Animal imaging. At baseline and weekly after surgery, �CBCT
imaging was performed for all mice to assess lung tumor development
(data not shown) and detect muscle volume changes over time. For
this, mice were anesthetized as outlined above, placed in prone
position with toes facing the flanks (foot and tibia angle � 90°), and
scanned using a �CBCT scanner (X-RAD 225Cx, Precision X-Ray
Inc., North Branford, CT) at an X-ray tube potential of 50 kVp, X-ray
tube current of 5.6 mA, and imaging time of 2 min (34). The imaging
dose of 30 cGy was verified using a PTW TN300012 Farmer-type
ionization chamber (PTW, Freiburg, Germany) according to the
American Association of Physicists in Medicine TG-61 protocol (18).
The �CBCT projection data was reconstructed using the pilot Feld-
kamp back projection algorithm with a voxel dimension of 100 �
100 � 100 �m3 (33).

1. Model development

Training dataset
(N=32)

Manual segmentation

Algorithm training

Automatic segmentation

Muscle mass calculation

Algorithm application

Validation dataset
(N=51)

2. Model validation

Automatic
segmentation

Muscle mass
calculation

Muscle mass correlation

Muscle wet mass
determination

3. Reverse validation

Reverse training dataset
(N=32 out of 51)

Automatic vs. manual segmentation

Algorithm application

DSC HD (mm) �COM (mm)

Fig. 1. Study setup flowchart. 1: in model development, the model was trained on a manually segmented data set of 32 mice. After training, the model segmented
the lower limb muscle complex on micro cone beam computed tomography (�CBCT) scans and subsequently calculated the muscle mass using a predetermined
conversion curve. 2: model validation was finally performed on a validation data set of 47 mice (4 out of 51 mice were excluded). As validation, the muscle mass
determined by the model was correlated to muscle wet mass measurements. 3: a reverse validation approach was adopted to calculate three quantitative metrics
between the automatic and the manual muscle segmentations. �COM, center of mass displacement; DSC, Dice similarity coefficient; HD, 95th percentile
Hausdorff distance.
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At the end of the experiment, mice were scanned and subsequently
euthanized using pentobarbital overdose to evaluate skeletal muscle
mass. The soleus, plantaris, gastrocnemius, tibialis anterior, and ex-
tensor digitorum longus muscles including tendons were collected
from both hind limbs using standardized dissection methods with a
precision coefficient of 0.93 � 0.05. Subsequently, muscles were
immediately weighed in pairs on an analytical balance with precision
of �0.1 mg and a linearity of 0.2 mg (CP64, Sartorius, Goettingen,
Germany). Baseline �CBCT scans (n � 32) of TB mice were used to
train the newly developed algorithm and 47 mice (n � 14 sham, n �
33 TB) were used to validate the performance of the automatic muscle
segmentation algorithm. The 47 mice were included from a group of
51 mice, of which 4 mice met the exclusion criteria (based on
deviation of the expected mass-ratio of individual muscles, indicative
of imperfections in the dissection procedure). Because of logistic
reasons, the time interval between imaging and the muscle collection
(day of euthanasia) of the validation group was either 2 days (n � 24)
or 0 days (n � 23).

Automatic Image Segmentation

Deep learning algorithm. As a training data set for our algorithm,
the lower limb muscle complex (including the musculus gastrocne-
mius, soleus, plantaris, tibialis anterior, and extensor digitorum lon-
gus) was manually segmented on the reconstructed cross-sectional
�CBCT images that were acquired at the study baseline of 32 mice.
The segmentation was performed by an experienced scientist with
appropriate anatomical knowledge using the SmART-ATP software
(Precision X-Ray Inc.) (32). During the manual segmentation of
the training data set, the segmentation time was recorded to calculate
the average manual segmentation time for one mouse. Images of five
mice were randomly selected from the training data set and were
segmented twice with a time interval of 9 mo between the segmen-
tations to investigate the interobserver variability or reproducibility of
the manual segmentations.

The deep learning algorithm [two-step three-dimensional (3D)
U-Net model] was trained to segment the lower limb muscle complex
volume on �CBCT images [Hounsfield units (HU)] of mice (8, 36).
This 3D convolutional neural network architecture consisted of three
encoding layers and three decoding layers, used weighted cross entry
as loss function, and used a dropout ratio of 0.5. The neural network
was applied in two successive steps and made use of Tensorflow
(Python 2.7) in combination with the NVIDIA CUDA Deep Neural
Network library (cuDNN) computational kernels. The algorithm was
executed on a NVIDIA Quadro P6000 (24 GB) graphics processing
unit (GPU).

An automatic preprocessing step was performed on the �CBCT
mice data set before the images were used by the deep learning
algorithm. The �CBCT volume was first cropped in the transversal
plane to a [256, 256, z] full resolution, where z is the number of
reconstructed �CBCT slices. Next, the full resolution �CBCT volume
was resized with a cubic interpolation method to x, y, and z dimen-
sions of [128, 128, z/2]. A similar method, with nearest-neighbor
interpolation, was applied on the manually segmented muscle vol-
umes. In the final preprocessing step, both the down-sampled and full
resolution �CBCT volumes were normalized between 	400 HU and
1,000 HU.

In the first step, a 3D U-Net model was trained (350 epochs) to
segment the muscle volume on the down-sampled and preprocessed
�CBCT images. The relative position of the automatically segmented
muscle volume with respect to the down-sampled �CBCT image was
then used to extract a volume-of-interest with preset dimensions
(64 � 64 � 192 pixels) in the full resolution �CBCT data set. In the
second step (350 epochs), the extracted full resolution volume-of-
interest was used to train the second 3D U-Net.

Reverse validation. To evaluate the robustness and the consistency
of the automatic segmentation algorithm, a reverse validation ap-

proach was applied. First, the “forward” automatic segmentation
algorithm that was trained on the manually segmented data set (32
mice) was applied on a validation data set (51 mice). Here, the
exclusion criterion was not adopted because the segmentations are not
subject to experimental errors such as in the muscle wet mass
experiments. In the reverse validation approach, a new model was
trained based on the already automatically segmented muscle vol-
umes. Here, the automatically segmented muscle volumes of 32 mice
were randomly selected from the complete validation data set (51
mice) to have a similarly sized trained data set compared with the
original forward segmentation algorithm. After training the “reverse”
model, this model was applied to segment the training data set
consisting of manual ground truth segmentations.

Finally, the automatic segmentation from the reverse algorithm was
compared with the manual segmentation using three quantitative
parameters, including the Dice similarity coefficient (DSC), 95th
percentile Hausdorff distance (HD; in mm) and the center of mass
displacement (�COM; in mm). The DSC indicates the volumetric
overlap between the manual and the automatic muscle segmentation,
the HD calculates the maximum distance of a point in the manual
segmentation to the nearest point in the automatic segmentation
considering the voxel dimensions, and the �COM calculates the 3D
displacement of the mass centers of the manual and automatic seg-
mentation in a Cartesian coordinate system.

�CBCT to mass density conversion. A �CBCT to mass density
(CT2MD) conversion curve was required to calculate mass densities
in every reconstructed �CBCT voxel. This CT2MD curve was ob-
tained by scanning a cylindrical mini-phantom (diameter � 3 cm,
length � 1 cm) (SmART Scientific Solutions BV, Maastricht, the
Netherlands), which is composed of a solid water bulk, 2 air inserts,
and 10 tissue-mimicking inserts of 3.5-mm diameter with known mass
densities (e.g., adipose 0.95 g/cm3, soft tissue 1.06 g/cm3, and bone
inserts 1.33–1.83 g/cm3). The mean CT numbers in HUs were calcu-
lated in circular regions-of-interest in the middle of the inserts and
were then related to the certified mass densities of the cylindrical
inserts in the form of a CT2MD conversion curve.

To determine muscle mass using �CBCT imaging, the CT2MD
conversion curve is applied on the reconstructed �CBCT mice data
set (HUs) to obtain a three-dimensional density matrix (g/cm3). After
applying the CT2MD curve on the reconstructed �CBCT mice data
sets, the binary masks resulting from our automatic muscle segmen-
tation algorithm was applied on the converted mass density volume,
and the knowledge of the reconstructed voxel dimensions was used to
calculate the muscle mass noninvasively. An image intensity-based
thresholding technique was applied on the �CBCT image data set to
remove bone from the analysis.

RESULTS

Reverse Validation and Segmentation Reproducibility

Three quantitative metrics (DSC, HD, and �COM) � 1 SD
were calculated to evaluate the accuracy of the reverse auto-
matic segmentation algorithm. On average (� 1 SD), 158 � 8
axial �CBCT slices were automatically segmented by the
segmentation algorithm.

The DSC (�1 SD) was equal to 0.93 � 0.03, the HD (�1
SD) was equal to 0.4 � 0.2 mm and the �COM (�1 SD) was
equal to 0.1 � 0.1 mm, indicating a good agreement compared
with the manual ground truth muscle segmentations. To inves-
tigate the manual segmentation reproducibility of the human
observer, these metrics were also calculated between two
manual segmentations of five mice. Here, the DSC was equal
to 0.95 � 0.01, the HD was equal to 0.4 � 0.1 mm, and the
�COM was equal to 0.18 � 0.03 mm.
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CT-Derived Muscle Mass Highly Correlates with Muscle
Wet Masses

The combined muscle wet masses of the lower limb were
determined in a validation set consisting of 47 mice and
compared with the muscle masses calculated by the automatic
segmentation algorithm (Fig. 2, left). A trendline (blue) was
fitted through all data points by linear regression (R2 � 0.92).
When separated for the time span between �CBCT scan and
muscle wet mass assessment, the correlation further increased
for the 23 mice for which muscle tissue was collected directly
after imaging (R2 � 0.96), compared with 24 mice of which
muscle tissue was excised 2 days after imaging (R2 � 0.80).

The ratio between the muscle wet mass and the algorithm-
based muscle mass was a constant factor of 0.72 � 0.03 and
can be attributed to the excision of a select set muscles from the
hind limb musculature that can excised with high accuracy.
After factor correction of the algorithm-defined muscle mass, a
Bland–Altman plot was constructed to analyze the agreement
between the two methods (Fig. 2, right). No proportional bias
was found, meaning that the two methods agree equally
through the range of measurements.

Longitudinal Assessment of Muscle Mass

To study muscle mass changes over time and detect the
onset of muscle wasting, longitudinal evaluation of muscle
mass is essential. To evaluate the automatic follow-up capa-
bilities of our algorithm for individual mice, muscle masses
were assessed for repetitive analyses of 6 randomly selected
mice (3 sham control mice and 3 TB mice) in the validation
data set. The muscle masses shown in Fig. 3 were calculated
relatively to the automatic measurement at baseline (day 0).
These results show that the algorithm is capable of distinguish-
ing muscle mass responses between sham control mice and TB
mice developing muscle wasting.

One TB mouse and one sham control mouse were randomly
chosen to evaluate the automatic contouring with manual
contouring. In Supplemental material, animations in GIF for-
mat are provided to visualize the automatic muscle segmenta-

tion and the manual muscle segmentation of these two mice in
the axial, coronal, and sagittal �CBCT viewing planes (all
Supplemental material is available at https://doi.org/10.6084/
m9.figshare.8832392.v2).

Figure 4 shows the automatic muscle segmentation (orange
contour) and the manual muscle segmentation (yellow contour)
on the �CBCT scan of these mice at the baseline measurement
and at the last timepoint of the study. Because the mice were
scanned at different days under different positioning condi-
tions, a rigid deformation was applied with the Elastix software
for visualization purposes (16). For these two mice, the DSCs,
HDs, and �COMs were calculated between the automatic and
the manual segmentation at the first and last scan, respectively.
For the control mouse, the DSCs were equal to 0.94 and 0.95,
the HDs were equal to 0.4 mm and 0.3 mm, and the �COMs
were equal to 0.3 mm and 0.2 mm, respectively. For the TB

Fig. 2. Left: linear relationships between the muscle wet mass measurements and the muscle masses determined by the automatic segmentation algorithm
(R2 � 0.96, y � 1.50x 	 14.85: subset weighted after 0 days; R2 � 0.92, y � 1.42x 	 2.76: subset weighted after 2 days; R2 � 0.80, y � 1.27x � 16.04). Right:
Bland-Altman plot between the algorithm muscle mass and the experimental muscle wet mass.

Fig. 3. Follow-up curves determined by our automatic muscle segmentation
algorithm for three tumor-bearing (TB) mice (orange) and three sham control
mice (black). The orange and black markers indicate the time of scanning, and
the lines that connect the markers are linearly interpolated. The blue markers
present the experimental muscle wet mass (MWM) at the last timepoint after
applying the fitted linear relationship between the MWM and the algorithm
muscle mass. The absolute (calculated) muscle mass at the baseline measure-
ment varied slightly (time � 0 days, 220.3 � 18.1 mg).
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mouse, the DSCs were equal to 0.95 and 0.94, the HDs were
equal to 0.3 mm and 0.4 mm, and the �COMs were equal to
0.2 mm and 0.4 mm, respectively.

Muscle Segmentation Algorithm

The segmentations generated by the forward two-step, 3D
U-Net-based muscle segmentation algorithm were used to
compare against muscle wet mass measurements. The first step
of the 3D U-Net was trained in 5 h and 31 min, and the second
step was trained in 6 h and 44 min, resulting in a total duration
of 12 h and 15 min. Performing the two-step, 3D U-Net-based
automatic segmentation algorithm required an average calcu-
lation time of 6 s for one mouse, whereas the average manual
segmentation time for one mouse was 17 min. Consequently,
compared with manual segmentation, the machine-based auto-
matic method reduces the time needed to segment hind limb
skeletal muscle by more than a factor of 150.

DISCUSSION

In this paper, we present a new method to noninvasively
assess hind limb muscle mass in mice for cross-sectional and
longitudinal purposes. It employs a deep learning algorithm
trained to segment the lower muscle complex volume on
�CBCT images. This algorithm or model showed a high
correlation with the actual muscle wet mass measurements.
Furthermore, this deep learning application enables longitudi-
nal evaluation of skeletal muscle mass changes in experimental
mouse models, significantly reducing animal numbers and
analytical workload.

Biomedical image segmentation methods are commonly
trained on manually segmented data sets and validated against
manual segmentations on a validation data set. After automatic
segmentation, statements about the algorithm’s performance
are then based on specific parameters (e.g., DSC, HD, or
�COM) compared with the manual segmentation. Although
we calculated these three quantitative parameters solely for a
random sham control mouse and a random TB mouse at two
timepoints, we found a good agreement with the manual
segmentations. The interobserver variability and reproducibil-
ity of the manual segmentations evaluated in the image data
sets of five mice showed similar results (DSC � 0.95,
HD � 0.4 mm, �COM � 0.2 mm) compared with the quan-
titative metrics calculated between the manual and the
automatic segmentation (DSC � 0.95, HD � 0.4 mm, and
�COM � 0.4 mm).

In a more comprehensive quantitative analysis, we adopted
a different approach to investigate whether a model can be
trained on a data set that was originally segmented by the
algorithm. This means that the result of the forward automatic
segmentation algorithm was good enough to train a new deep
learning model that in turn can segment �CBCT images with
high accuracy. Using this reverse approach, we achieved mean
high DSC scores of 0.93 and the HD and �COM both had a
submillimeter difference below 0.4 mm.

As experimental model validation, a good linear correlation
(R2 � 0.92) was found between the experimental wet muscle
masses and the mass determined by our algorithm. The linear
relationship was not equal to the unity curve, which can be
explained. First, not all soft tissues were extracted for the

Fig. 4. Automatic (orange) and manual (yellow) hind limb muscle segmentation on a micro cone beam computed tomography (�CBCT) slice for a sham control
mouse and a tumor-bearing (TB) mouse for the scan at the baseline measurement (A and C) and the last timepoint (B and D). Axial �CBCT slices are shown
as insets in A–D. A three-dimensional model (E) of an example muscle segmentation is shown as illustration. In Supplemental material, animations of all
cross-sectional �CBCT slices are provided for both mice.
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muscle wet mass measurements. Excision of the hind limb
musculature was restricted to the gastrocnemius, soleus, plan-
taris, tibialis anterior, and extensor digitorum longus muscles
of both legs, as these can be collected intact and in a highly
standardized manner. Consequently, remaining muscles, such
as the flexor digitorum longus and the ankle plantar flexors and
dorsiflexors, which contribute significantly to the lower
hindlimb muscle mass (7), contributed to muscle mass calcu-
lated by the algorithm but not the muscle wet weight measure-
ments. However, in the training data set and therefore also the
automatic muscle segmentation, the whole muscle volume was
segmented (in one leg), because the distinction between dif-
ferent muscle types requires enhanced image contrast, which is
not feasible with current �CBCT image quality. The muscle
mass determined by our CT segmentation approach is therefore
higher, as it represents all muscle mass and not only the set of
collected wet muscle masses. The high correlation between
these two methods suggests that the relative differences be-
tween mice are maintained regardless of whether total lower
hindlimb muscle mass or the cumulative wet mass of the
standardized collected muscles are used.

Another source of uncertainty was the time between the last
scan and the actual wet muscle mass measurements (day of
euthanasia), which was ideally as short as possible (0 days),
although this was not always possible for logistical reasons.
The data extracted from the mice that were scanned at the day
of euthanasia showed a clearly higher linear correlation
(R2 � 0.96) compared with the mice that were analyzed within
2 days after imaging (R2 � 0.80). The latter may be attributed
to continuous changes in muscle mass, including muscle wast-
ing in the TB mice.

Previous studies, such as Ceelen et al. (6), already reported
a good linear correlation between the CT-derived mass and the
wet muscle mass for mice (R2 � 0.85), but here the CT-based
muscle segmentation protocol was performed manually. The
correlation in that study was comparable but slightly lower
than our linear fit based on the automatically determined
CT-derived muscle masses (R2 � 0.92). More recently, Pasetto
et al. (24) evaluated muscle atrophy in mouse models using
�CT imaging. However, no CT segmentation was applied in
their work; instead, muscle mass was evaluated differently
according to two-dimensional derived parameters, including
the perpendicular distance from the tibia half-length to the
external hind limb muscle margin and the distance from the
upper extremity of the tibia to the medial malleolus.

The precision, accuracy, and reproducibility of DEXA in
mice has already been investigated for in vivo body parame-
ters, such as total bone mineral density, total body bone
mineral, fat mass, and bone-free lean tissue mass (11, 22). In
Bunckinx et al. (4a), DEXA was even proposed as the refer-
ence standard for measuring muscle mass in patients. Although
DEXA provides longitudinal follow-up data of bone-free lean
tissue mass with low radiation exposure, this technique cannot
distinguish separate muscle groups, such as the lower limb
muscle complex, which is possible with the �CBCT-based
algorithm. The use of �CBCT as imaging modality in TB mice
models, in contrast to DEXA, can provide additional longitu-
dinal follow-up information, such as the tumor volume, from
the same scan. MRI is an alternative high-resolution imaging
technique, providing functional imaging with high soft tissue
contrast. MRI does not require an imaging dose, in contrast to

micro-CT, which is an important consideration when radiation
dose is a critical factor in the study setup. Although MRI
provides a better soft tissue contrast than micro-CT, the latter
permits more rapid acquisitions at significantly lower cost.
Additionally, it allows for tissue density quantifications, which
makes micro-CT a suitable imaging technique for longitudinal
muscle mass assessment.

In the muscle wet mass procedure, only muscles that are
excisable in a highly standardized way were included, whereas
the manual and automatic segmentation methods determined
the entire lower hind limb muscle complex volume. The
muscle complex was segmented as a whole because the
�CBCT image reconstruction lacks image contrast to distin-
guish between individual muscle groups. In future studies,
multimodality image information, such as �CBCT and MRI,
could be combined with deformable image registration to
investigate the segmentation feasibility of individual muscle
groups, although the �CBCT is required to convert image
intensities to mass densities.

Lower limb muscle complex segmentation for multiple mice
at different time points risks amounting into a time-consuming
task in a preclinical study. To illustrate this point, in our
experiments, the manual segmentation by an experienced bi-
ologist of the lower limb complex on the �CBCT images
required on average 20 min for one mouse. The animals were
scanned at 7 different timepoints on average, resulting in 581
�CBCT scans, which would have taken more than 190 h to
segment using manual contouring. In contrast, the method
described here required ~11 h to segment the training data set
manually, around 12 h to train the algorithm on GPU, and only
6 s per automatic muscle segmentation. The latter would even
enable real-time follow-up of muscle wasting during the in
vivo experiment.

Prior to implementation of the algorithm in other settings,
additional validation steps may be required. In this study, the
deep learning model was trained on a �CBCT image data set
that was acquired with one specific imaging protocol at an
X-ray tube potential of 50 kVp. However, further research is
required to investigate whether the trained model is valid in
imaging data sets that were acquired at different X-ray tube
potential settings (e.g., with an additional scan at 90 kVp in
dual-energy �CBCT) or in imaging data sets that were ac-
quired with different spectral filtrations (33). Our training data
set consisted entirely of 129S2/SvPasCrl mice. As such, further
investigations are required to evaluate how the trained model
will segment the lower limb muscle in mice that have age-,
strain-, or pathological model-related differences in muscle
size compared with the mice that formed the training data set
used in this study.

Nevertheless, we anticipate that the proposed algorithm is
capable of segmenting muscle volumes in a variety of animals
as long as the study setup (i.e., X-ray acquisition protocols and
reconstruction settings) and animal characteristics are consis-
tent over time, i.e., the period in which the training data set is
generated and applied to the nonsegmented data set. Therefore,
we expect that for every study that uses a different imaging
protocol or experimental animal species, the creation of a
manually segmented training data set and the retraining of the
algorithm is required to achieve the best automatic segmenta-
tion outcome.
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However, this algorithm, which can be retrained depending
on the study setup, will facilitate the workflow tremendously
because only the training data set has to be segmented manu-
ally.

Involving experimental models using �CBCT or �CT im-
aging in future work will be of interest to create a larger and
more diverse training data set of different animal species and
settings scanned with different scan protocols and even differ-
ent scanners to train a model that can be widely applied without
the need for (extensive) retraining.

In conclusion, a noninvasive automatic algorithm was de-
veloped using artificial intelligence (two-step 3D U-Net) to
segment skeletal muscle tissue in the lower limb complex of
mice. The performance of the algorithm was in good agree-
ment with the actual muscle wet mass measurements. This
experimentally validated algorithm enables highly accurate
noninvasive and automated longitudinal evaluation of skeletal
muscle mass changes in mice with minimal operator involve-
ment in the data analysis. It provides a unique possibility to
collect large amounts of data from the mice and to understand
when and how muscle wasting starts and when it becomes life
threatening. Furthermore, this method will allow a more accu-
rate planning of experiments and reduce the number of mice
needed for longitudinal experiments.
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