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Abstract—When studying metabolic disease, it is essential to
investigate the disease’s effect on multiple tissues and identify
any communication, or cross-talk, between organs, tissues, and
cells. In bone marrow cancer, adipose tissue triggers inflam-
mation and growth of malignant plasma cells within the bone
marrow and results in localized bone loss. Synchrotron radiation
microtomography imaging enables 3D quantitative analysis of
bone and adipose tissues and provides high resolution to observe
local changes in tissue microstructure. However, optimal imaging
techniques differ for hard bone tissues (absorption imaging) and
soft adipose tissues (phase-contrast imaging). Here we introduce
a new technique that leverages image reconstruction and deep
learning in combination with the high-resolution imaging capa-
bilities of synchrotron radiation microtomography to gain insight
into the marrow microenvironment of human bone samples. This
approach allowed for successful tissue segmentation and analysis
of human core samples. Using high-resolution images such as
these could allow for a better understanding of early bone-related
changes that may predict disease progression or bone fractures.

Index Terms—bone, bone marrow, bone matrix, x-ray imaging,
synchrotron radiation microtomography, image reconstruction,
phase contrast, phase retrieval, semantic segmentation, deep
learning, machine learning

I. INTRODUCTION

In biomedical research, it is becoming clear that metabolic
disorders (e.g., diabetes, cancer, heart diseases) and chronic
inflammation trigger dysfunction in multiple organs and tissues
of the body. Recent studies have shown that this inflammatory
response is primarily due to the pro-inflammatory actions of
adipose (fat) tissues [1]. In particular, adipocytes (i.e., fat cells
composing adipose tissues) secrete inflammatory mediators
[1], [2]], which tend to boost the inflammation throughout
the body. It is well established that in patients with obesity
and type 2 diabetes, the increase in adipose tissue and high
glucose levels promote inflammation in various organ systems,
such as the cardiovascular system [3]], the digestive system
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(gastrointestinal tract, pancreas, liver) [4]—[6], and the skeletal
system [7]]. This multi-tissue inflammation impairs the immune
system and enhances the risk of disease and infection [§].
The 2016 IARC report shows that overweight and obese
patients are at a high risk of developing cancer in the breast,
colon, esophagus, stomach, bone marrow, and other sites [9].
In multiple myeloma specifically, studies have indicated that
change in the bone marrow adipose tissue is a critical driver
in the growth of malignant plasma cells and the formation
of osteolytic bone lesions [[10]. Recent research shows that in
lesion regions, osteocyte cells interact with malignant plasma
cells causing osteocyte death, which contributes to bone loss
and osteolytic bone lesions [11]], [[12]]. However, it is not yet
known how adipose tissues contribute to the development and
progression of multiple myeloma and whether they interact
with other cells in this process. Finding an effective technique
to investigate the multilevel interaction, or cross-talk, of tissues
and cells would bring light to the complex pathogenesis of
metabolic diseases [13[|-[15].

A well-suited technique for multi-tissue analysis is syn-
chrotron radiation micro-tomography (SRuUCT) because it
provides high-resolution visualization of tissues’ 3D inter-
nal structure. SRUCT images can be used to measure tis-
sue volumes and tissue densities. These measurements are
valuable because they can correspond to tissue properties
and remodeling. In the case of bone marrow cores, SRuCT
can be used to image soft (adipose) tissue and hard (bone)
tissue simultaneously, even with their different levels of x-
ray absorption. However, simultaneously imaging these two
tissues presents the critical challenge of selecting the most
appropriate imaging technique. Absorption imaging is well
suited for materials with high x-ray absorption, such as dense
bone matrix, while phase imaging is more appropriate for
materials with low absorption levels, such as soft adipose
tissue. When imaging soft and hard tissues together within



a single sample, the differences in material properties make
it difficult to select optimal imaging parameters, such as x-
ray energy and propagation distance, as each material requires
unique settings.

In this study, we combine image reconstruction and deep
learning techniques to segment both adipose and bone tissue
in high resolution SRUCT images of human bone marrow cores
of patients than underwent a cancer diagnosis procedure. Using
bone marrow samples from standard biopsies taken from the
iliac crest, we aim to:

1) Validate SRUCT as an imaging modality to quantify
properties of human bone marrow core biopsies, specif-
ically, the bone microstructure and the adipose marrow
tissue.

2) Characterize properties of bone and adipose tissue to
observe evidence of inter-tissue interactions between
these tissues (Fig. [I).

We hypothesize that malignant plasma cell development
is correlated to increases in bone marrow adipocyte content
and changes in osteocyte lacunar density and volume. This
analysis can provide insight into the potential cross-talk be-
tween adipose tissue and osteocyte cells. This technique can
be used in the future to explore the mechanisms of early bone-
related cancer progression in the bone marrow of living cancer
patients and prevent bone fractures.

II. BACKGROUND
A. Structure of bone marrow

Bone marrow [16] is the soft, spongy tissue located in
the core of most bones that produces the body’s blood cells.
Marrow fills the interstitial space within bones and consists of
both adipose and bone tissue. In humans, there are two types
of bone marrow: red marrow, which mainly consists of blood
cells, and yellow marrow, which mainly consists of adipocytes.
The bone marrow is the primary site where new blood cells
are produced, explaining why bone marrow cancer is classified
as a blood cancer [17].

Bone tissue is populated with osteocyte cells embedded
within the bone matrix. These cells reside in the lacunar
spaces, or voids within the bone. Osteocytes sense microman-
age in the bone matrix and direct osteoblast and osteoclast
cells to affected areas, which form and resorb the bone matrix
to prevent fracture [18]-[20]. Defects in osteocyte-mediated
remodeling can alter the mineral distribution within cortical
bone and change microstructural features, which causes bone
fragility [21].

B. Phase and absorption imaging using SRuCT

Computed tomography is a 3D imaging process where many
2D x-ray images of a rotating sample are captured over a
range of angles (typically 180 degrees). These images are then
used to reconstruct a 3D image of the sample computationally.
Synchrotron microtomography SRuCT is x-ray tomography
performed at a synchrotron facility, which allows imaging with
high x-ray flux at micrometer-scale resolution. The SRuCT
beamline used in this study, beamline 8.3.2 at the Advance

Light Source, offers an energy range of 8 to 45 keV, a one-
micron spatial resolution, and scan times of 10-100 seconds.
SRuCT is well suited to provide 3D structural information
at the micrometer length scale inside skeletal tissues. Prior
studies at beamline 8.3.2 have revealed how changes in bone
microstructure (osteocyte lacunae, canals, and mineral density)
associated with bone fragility diseases and treatments can
specifically affect the bone’s resistance to fracture [21].

Depending on the properties of the material being imaged
with SRUCT, either phase imaging or absorption imaging can
be used. A material’s complex index of refraction determines
the signal from absorption or phase imaging. Samples that
absorb x-rays well, such as bone, are frequently imaged by
measuring absorption contrast. In this case, x-ray energy is
chosen for a given sample composition and size that considers
both image contrast (which is improved at lower energies
because samples are generally more absorbing at lower x-ray
energies) and the transmission through the sample (a sufficient
amount of x-rays must transmit through the sample to give
enough signal for imaging).

Soft tissues absorb less x-rays, but the phase component
of their index of refraction is much higher. While even
at relatively low x-ray energies, these softer materials have
low absorption contrast, the structures can be clearly seen
with phase contrast. Phase contrast can be achieved with
various experimental approaches. The most common approach
at SRuCT beamlines is propagation-based phase contrast. In
this approach, the detector is moved further away from the
sample. This increased propagation distance affects the phase
contrast signal in the image. For propagation-based phase
contrast, a propagation distance is often set based on the
sample’s features of interest. The increased distance can often
reveal additional features, but it can also degrade resolution
and lead to streaking or other artifacts in the reconstructed
data. Another aspect of phase contrast imaging is that it is
common to perform phase retrieval on the collected projection
images before performing tomographic reconstruction, which
is meant to convert the collected data (which generally has
contributions from both phase and absorption) into a map of
the phase component of the index of refraction. Phase retrieval
has been used to collect SRUCT images of other soft tissues,
such as tendon and spinal cord [22], [23].

When simultaneously imaging soft and hard tissues, choos-
ing an optimal x-ray energy and propagation distance be-
comes challenging because each material requires a different
technique. Additionally, many of the phase retrieval methods
for propagation-based phase imaging assume that the sample
has a single material type, which does not hold for these
multi-component biological samples. Having multiple mate-
rials present in a single sample makes it difficult to determine
optimal imaging parameters.

The parameters used for both imaging (including energy and
propagation distance) and reconstruction (phase retrieval and
other tomographic reconstruction settings) can significantly
impact the subsequent image analysis, especially when that
analysis includes image segmentation followed by quantitative



Fig. 1. Example 3D image of a bone core showing A) the bone and the fat (adipose) combined, B) the bone isolated, and C) the osteocyte lacunae.

analysis of the segmented structures. We compared different
data collection and reconstruction parameters to identify a
methodology that can segment structures from both soft and
hard tissues at a high resolution in a single sample.

C. Segmentation of soft from hard tissues with different den-
sities

Image segmentation is a necessary step in many image
analysis workflows. The most straightforward approach to
image segmentation is to set thresholds in the pixel intensity
histogram where any pixels that fall within a given range in
the histogram are assigned to a specific class. This approach
is often applied after image filtering to reduce noise. This
approach works well in SRuCT images of bone because it
separates more absorbing tissue (bone) from the background.
However, for soft tissue, the noise in the image causes many
pixels in the background to be misclassified as soft tissue
and vice versa. In recent years, segmentation using deep
learning has become a common approach to overcome these
types of challenges. Deep learning approaches use an initial
ground truth segmentation to train a neural network, which can
learn numerous characteristics beyond the pixel value intensity,
such as texture and spacial relationships. These additional
characteristics allow for more accurate segmentation. Once
the network has been trained, it can be used to segment other
similar images. A network architecture widely used for image
segmentation in biomedical and material science applications
is the U-net [24]], [25]].

The U-net is a fully convolutional neural network that
encodes an image through a series of contracting layers and
then decodes the encoding through a series of expanding
layers to achieve the segmentation [24]. The U-net has suc-
cessfully segmented biomedical images from many modalities,
including magnetic resonance, computed tomography, and mi-
croscopy [25]]. In addition to the U-net’s success in biomedical
imaging applications, the U-net has been used in material
science applications [26], [27]. Recently, the U-net has been
applied to segment SRUCT images of different tissues and
materials [28]-[31]. Because of the U-net’s well established

success in image segmentation, it was selected as the network
architecture for segmentation in this work.

III. METHODS
A. Core samples

Patient samples were collected with the approval of the Uni-
versity of Utah Institutional Review Board (Protocols 45880,
89989), in accordance with the Declaration of Helsinki, during
routine clinical care. Ten samples were obtained from ten
different patients. Bone marrow core biopsies were collected
from the posterior iliac crest and stored in 70% EtOH at 4°C.
This technique is commonly used to diagnose bone marrow
cancer [32]. This procedure involves using a hollow needle
to acquire a red bone marrow sample from the ilium’s crest
under general or local anesthesia. Each cylindrical core has a
diameter of 2 mm and a length near 5 mm.

This experiment was blinded. We did not have access to
patient information or their potential disease stage. However,
since these patients underwent this diagnostic procedure, they
might be affected with bone marrow cancer with varying
severity.

B. SRuCT imaging

The core samples were imaged at the tomography beamline
(8.3.2) at the Advanced Light Source at Lawrence Berkeley
National Lab. The samples were scanned with an energy of
20 keV. The images had a field of view of approximately
4mm with a 1.6 um pixel size. Scans were collected with
1313 angles over 180 degrees, using a 50 micron LuAG:Ce
scintillator from Crytur, a 4x lens in an optical system from
Optique Peter, and a PCO.edge sCMOS camera.

C. Image reconstruction

The SRuCT scans were reconstructed using the gridrec
algorithm implemented in the Python package Tomopy [33]].
Phase retrieval was used in image reconstruction to assist in
the segmentation of the two tissues in the scan. The single-
step phase retrieval function in Tomopy was used during
reconstruction [33[], [34]. The level of phase retrieval was
empirically adjusted to find a setting that yielded the best



overall segmentation of the two tissues present in the scan.
As a proxy for varying all phase retrieval parameters, we
scaled the level of phase retrieval by adjusting the parameter
alphaReg (o) between values that would be optimal for
bone and adipose tissue (0.1 to 0.0001). These reconstructed
images were evaluated by analyzing the image histograms and
observing the segmentation results of a double-Otsu threshold
where the first Otsu was used to separate the dense bone tissue
from the fat and the background. Then a second Otsu threshold
was applied to the less dense region to segment the fat from
the background [35].

D. Image segmentation

Image segmentation was performed using the Deep Learn-
ing Tools from the Dragonfly software, Version 2020.2 for
Windows (Object Research Systems (ORS) Inc, Montreal,
Canada, 2020). First, training data were produced using the
Segmentation Wizard tool in Dragonfly. This tool allows the
user to segment small regions of the image, which are then
used to train machine learning models that aid in further
segmentation. In this work, the models used to assist in
segmenting training data included Random Forest, an Autoen-
coder, and a three-level U-Net [24]. The Segmentation Wizard
allows for an iterative approach where the user segments a
region of the scan, trains the machine learning models on
the segmentation, uses the trained models to make predictions
on a new region of the scan, and then corrects the models’
segmentation predictions. This approach allows the user to
quickly generate training data for segmentation. In this work,
a total of 200 slices of training data were generated from 8
different scans (25 slices per scan). This training data was then
used to train a model using Dragonfly’s Deep Learning Tool.

A U-Net was trained to perform semantic segmentation
using Dragonfly’s Deep Learning Tool. The U-Net in this
work had four encoding layers, a bottleneck layer, and four
decoding layers. Each layer included two convolution steps
and either a max-pool step during encoding or an up-sampling
step during decoding. The first layer of convolutions had
32 filters, and each subsequent layer doubled the number of
filters (32, 64, 128, 256, 512). During training, the training
images were divided into square patches. A patch size of 256
pixels was chosen because it was large enough to provide
the network with the necessary context to segment the image.
The network was trained using Adadelta as the optimizer [36]]
with a learning rate of 1.0 and a decay rate (p) of 0.95.
During training, a batch size of 32 patches was used. The
loss function used to train the model was a custom function
in Dragonfly called OrsDiceLoss. To monitor the network’s
performance during training, 20% of the training data was
subset into a validation dataset. During training, the model
was saved after each epoch when a reduction in the validation
loss was observed. The network was set to train for 100 epochs
with the condition that training would stop if ten epochs passed
without an improvement in validation loss. The training was
performed on the GPU using an Nvidia GeForce RTX 2080
TL

A hold-out test dataset was used to evaluate the final model’s
performance. The performance was compared using the Dice
Similarity Coefficient (DSC),

2|AN B|
Al + 1B,
where A represents the ground truth labels and B represents
the segmentation. The values for the dice coefficient range
from 0.0 to 1.0, where 1.0 indicates a perfect segmentation.

The dice coefficient was computed for both the U-Net’s
segmentation and for the threshold-based segmentation.

DSC =

E. Tissue analysis

Tissue analysis was performed for both the bone and
adipose tissue using a combination of Dragonfly and Python
(Anaconda Distribution). This software was used to determine
tissue density and volume for the bone and adipose tissue
present in the SRuCT scan. Density measurements from
SRUCT scans can be used to describe material properties.
For example, density measurements in bone can be used to
estimate mineralization and stiffness of the tissue [37]].

Tissue density was determined by creating a histogram of
the segmented voxel intensities in the 32-bit scan with a bin
width of 0.02. The peak position of the histogram was used as
the value to represent the density of the tissue. Tissue grayscale
intensities were converted to density measurements using the
mass attenuation coefficient for either bone or adipose tissue.
Tissue volume was calculated by counting the number of
voxels assigned to a particular tissue and then converting the
voxel count to a volume using pixel spacing.

In addition to tissue density and tissue volume, the bones’
lacunae were analyzed. The lacunae were isolated using a
grayscale intensity threshold and connected components (26-
connected) on the SRUCT scans. Components with a volume
either under 60 um? or over 1000 um® were excluded. The
segmented lacunae were used to determine the mean lacunar
volume and the lacunar density (the number of lacunae per
bone volume) for each bone sample.

IV. RESULTS & DISCUSSION

A. Phase retrieval aids in separating the soft tissue from the
background

The segmentation of adipose tissue from the background
through thresholding was improved by applying a level of
phase retrieval during reconstruction. These scans include
three materials, air (background), adipose tissue, and bone.
The histogram of the grayscale intensities would ideally have
three peaks, one for each material. However, the pilot recon-
struction without phase retrieval had a histogram with two
peaks, one for dense bone tissue and one that included both
adipose tissue and the background (Fig. [2| A). This overlap of
grayscale intensities between background and adipose tissue
limits the capability of threshold-based segmentation (Fig. [2]
A). The image histogram changed with the different levels of
phase retrieval. In the reconstruction with an « value of 0.01,
most of the soft tissue and background fall into two distinct
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Fig. 2. Reconstruction results using different levels of phase retrieval. The
left column contains examples of reconstructed images with with their double-
Otsu segmentation. The right column contains the histograms that correspond
to each image and to the image segmentation.
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Fig. 3. Line profiles and box plots highlighting how phase retrieval affects
the reconstructed images. The line profiles show how image intensities vary
through different tissues. The box plots graph the distribution of intensity
values in each tissue while ignoring the transition regions, which are shown
on the line profile in gray. The top row shows results for no phase retrieval,
and the bottom row shows results for phase retrieval with an « value of 0.001.

peaks in the histogram (Fig. [2| C). This distinction of soft
tissue and background improved with smaller o values until
a value of 0.0001, where image quality seemed to deteriorate
due to the level of phase retrieval. Based on these results,
all reconstructions for this study were performed using phase
retrieval with an « value of 0.001.

In addition to using image histograms to observe the effects
of phase retrieval, line profiles were created to highlight the
effect of phase retrieval on the reconstructed images. Using
the line profiles, we observed that phase retrieval increased the
variance of grayscale intensities between tissues and decreased
the variance of intensities within each tissue (Fig. [3). In-
creasing the relative variance of grayscale intensities between
tissues helps illustrate the effectiveness of using phase retrieval
to distinguish the soft adipose tissue from the background.

B. Deep learning segmentation successfully segments tissues

Deep learning segmentation was used to improve the seg-
mentation results beyond the threshold technique. On a hold-
out test set of data, the deep learning model achieved a
dice coefficient of 0.994; on the same dataset, the threshold-
based segmentation achieved 0.916 (Fig.[). A dice coefficient
for a perfect segmentation is 1.0, so a dice coefficient of
0.994 denotes a very successful segmentation. The bone and
adipose tissue were successfully segmented using the U-net
implemented in Dragonfly’s Deep Learning Tool. The network
trained for 44 epochs, at which point the validation loss had not
improved in 10 epochs. The weights for the final model used in
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on the threshold-based segmentation approach.

this study were saved at epoch 34 when the lowest validation
loss was recorded. The dice coefficients for the training and
validation datasets using the final model were 0.993 and 0.995,
respectively. The U-net’s segmentation results were used to
analyze the core samples further.

C. Tissue analysis metrics obtained from SRuCT images

We used the reconstruction and segmentation techniques
presented in this work to measure properties of both bone
and adipose tissue. Using the segmented images, we extracted
tissue density and tissue volume measurements for each sam-
ple’s bone and adipose tissue. The tissue density results for
both tissues were represented as heat maps to visualize the
variation in density distribution between samples (Fig. [5).
Reviewing the density distribution for bone, we observed that
two samples, sample 1 and sample 8, had particularly low
densities. Due to these low densities, we inspected the images
for those samples and observed that they had very little bone
present in the scan, and it appears the bone was less dense
than the other samples. The other samples all had densities

around similar values. The high bone marrow adipose tissue
and the low bone tissue density might be signs of an advanced
stage of the disease [38]-[40]. The median bone density peak
position was observed at 1.63 g/cm®, and the median soft-
tissue density was 1.32 g/cm3. The peak positions representing
our samples’ bone mineral density were within the expected
range for bone density, 0.7-2.2 g/cm? . The peak positions
representing our samples’ adipose tissue density were slightly
elevated compared to a recent study that found adipose tissue
density to be approximately 0.9 g/cm3 , , which is
comparable to that of fat tissue (0.92 g/cm®). The elevated
adipose tissue density values in our samples could be explained
by the regions in the sample where bone transitions into
fat. In these transition regions, it appeared that some dense
material was not dense enough to be classified as bone, so it
would end up being included in the adipose category. However,
since the same U-Net model segmented all of the scans, the
classification of tissues is consistent between all samples. The
peak positions of the tissue density distributions were recorded
and used as a feature in further analysis.
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D. Metrics suggest possibility of inter-tissue relationships

Our results suggest a tentative relationship between adipose
tissue and bone remodeling. Current literature discusses an
inter-tissue relationship, or cross-talk, between adipose and
bone tissue [11]], [12]}, [44], [43]. To investigate this relation-
ship, we used the Pearson correlation to compare the attributes
of bone and adipose tissue that we recorded (Fig. [7). Two
noteworthy correlations in this study were between adipose
volume and lacunae volume (-0.63) and between adipose tissue
density and lacunae volume (0.49). These correlations both
relate measurements of adipose tissue to measurements of
lacunar volume. Observing these correlations through SRuCT
image analysis shows the potential to pair this technique
with other tools to understand how these tissues influence
each other. For example, changes in lacunar volume can be



associated with bone remodeling [46]. Recent publications
have confirmed that bone marrow adipocytes impact bone
remodeling through gene expression; however, there is still
much to be learned about this relationship [47]-[49]. While the
correlative relationships in this work are slight, they provide
a pilot investigation into the relationship between bone and
adipose tissue through SRuUCT imaging. These correlations
are limited by the number of samples in this study. A more
in-depth study with larger sample sizes would need to be
performed to make any strong claims about the relationships
between these variables.

E. Method generalization

In this work, we develop a method for simultaneous SRUCT
imaging of fat and hard tissues. This technique can be applied
to explore the impact adipose tissue has on other tissues. Since
elevated adipose tissue and glucose levels seem to promote
inflammation in the body [1], [3[], there could be interesting ef-
fects to explore. This technique could also be generalized and
applied to study additional soft tissues that share an interface
with bone, such as tendon, ligament, and cartilage [22], [50],
[51]. For instance, the inflammatory response of the bone-
cartilage interface causing osteoarthritis can be investigated
with this SRuCT technique. Cross-talks and action-reaction
between muscles and bones in musculoskeletal systems can
also be a potential target for this technique.

F. Limitations

While the approach outlined here enables segmentation
and analysis of the multiple tissues, there are limitations ac-
companying conclusions about the samples. One fundamental
limitation is the lack of a healthy control group. A healthy
control group and additional information about the samples
affected by the disease would be required to understand how
it impacts these tissues and their relationship. When analyzing
correlations between the tissue measurements, a much larger
sample size would be required to add confidence to the
findings. Despite the lack of solid conclusions about the sam-
ples, the technique developed here effectively collected tissue
measurements. This technique could be used in a study with
improved sample groups to conclude relationships between the
tissues.

V. CONCLUSION

This work achieved multi-tissue analysis of SRUCT images
through our approach of phase retrieval during image recon-
struction and the use of deep learning semantic segmentation.
Once the images were processed using these techniques, we
obtained volume and density metrics for both bone and soft
tissue in the same scan. This study analyzed variables and
relationships related to bone and soft tissue using samples
from a single group. We confirmed that our measurements
were feasible and identified suggested relationships between
attributes of the two tissues: the adipose tissue volume and
density seem to be inversely correlated to the osteocyte lacunar
volume. This work helps establish an approach to multi-tissue

analysis that can be used in future studies to identify changes
in bone and soft tissue related to conditions or diseases, such
as cancer.
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