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The management of skeletal-related events (SREs), particularly the prevention of pathological fractures, is crucial
for cancer patients. Current clinical assessment of fracture risk is mostly based on medical images, but incorpo-
rating sequential images in the assessment remains challenging. This study addressed this issue by leveraging a
comprehensive dataset consisting of 260 longitudinal micro-computed tomography (uCT) scans acquired in
normal and breast cancer bearing mice. A machine learning (ML) model based on a spatial-temporal neural
network was built to forecast bone structures from previous pCT scans, which were found to have an overall
similarity coefficient (Dice) of 0.814 with ground truths. Despite the predicted lesion volumes (18.5 % + 15.3 %)
being underestimated by ~21 % than the ground truths’ (22.1 % + 14.8 %), the time course of the lesion growth
was better represented in the predicted images than the preceding scans (10.8 % + 6.5 %). Under virtual
biomechanical testing using finite element analysis (FEA), the predicted bone structures recapitulated the loading
carrying behaviors of the ground truth structures with a positive correlation (y = 0.863x) and a high coefficient of
determination (R? = 0.955). Interestingly, the compliances of the predicted and ground truth structures
demonstrated nearly identical linear relationships with the lesion volumes. In summary, we have demonstrated
that bone deterioration could be proficiently predicted using machine learning in our preclinical dataset, sug-
gesting the importance of large longitudinal clinical imaging datasets in fracture risk assessment for cancer bone
metastasis.

1. Introduction fatality in breast cancer patients.>” However, it is challenging to predict

and diagnose pathological fractures, which are sometime the first indi-

With great strides made in breast cancer screening, diagnosis, and
treatment, the 5-year survival of breast cancer patients in the U.S. has
increased from 60 % in the 1960s to 90 % in 2022." Breast cancer pa-
tients and survivors are living longer, but also suffer many complications
due to their breast cancer and/or cancer treatments.” Improving their
quality of life has become increasingly important in patient care.® Bone is
one common metastatic site in breast cancer, and bone metastasis results
in skeletal-related events (SREs) like hypercalcemia, medullar compres-
sion, and pathological fractures that deprive patients of their autonomy
and quality of life.>® Pathological fractures are associated with elevated

cation of bone metastases.* While prophylactic surgeries such as hemi-
arthroplasty or internal fixation with an intramedullary nail have been
shown to improve survival rates better than osteosynthesis medications
for some patients,”® overtreatment with surgeries not only adds to the
financial burden of patients but also causes complications and even
mortality.” ! Thus, the management of bone fracture in cancer patients
requires early detection, precise staging, and timely assessment of frac-
ture risk to achieve optimal patient outcomes.

Imaging is essential in the management of breast cancer and bone
metastases from diagnosis to treatment response assessment.>!%!3
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Prevailing methods are morphological imaging techniques, including
plain X-ray film, computed tomography (CT), magnetic resonance im-
aging (MRI), as well as nuclear medicine imaging modalities such as
skeletal scintigraphy (also known as bone scan) and positron emission
tomography (PET).? A key step in fracture risk assessment is the detection
of bone metastases globally from skeletal scintigraphy, PET, and
whole-body MRL'%!®> The wide-spread spectrum of bone metastasis,
from osteolytic, mixed, to osteoblastic or osteosclerotic, dampens the
detection accuracy of a single imaging modality.® While bone scans show
a higher sensitivity to detect osteosclerotic lesions, PET works well for
osteolytic bone lesions.!* Revealing local changes in bone structure,
however, requires high spatial resolution CT scanning, which provides
better morphological information of both cortical and trabecular
bone.>!* Although Mirels and spinal instability neoplastic scores (SINS)
are commonly used to assess the fracture risk qualitatively,>!® these
methods are subjective with poor sensitivity and specificity that lead to
overtreatment.'”>'® To understand the biomechanical behaviors of bone
at risk of fracture, finite element (FE) methods have been used to
calculate the strain and stress distribution on patient specific bone
structures'®2? and to quantify the reduction of the bone's load bearing
capacity due to metastatic lesions.”> Combining FE modeling and clinical
imaging provides a quantitative tool in fracture risk assessment.

Resurgence of deep learning in computer vision since 2012 has spread
to medical imaging and contributed to progresses in disease diagnosis,
tumor/lesion segmentation, and anomaly detection.?*?° Prediction of
tumor growth from chronological image data has been performed and
reported on brain tumors.?®2® Conventionally, this problem was studied
by using reaction diffusion-based models.> >! Zhang et al. recently
applied deep learning to predict the growth of pancreatic tumor and brain
tumor using LSTM (Long Short-Term Memory) based network and GANs
(Generative Adversarial Networks).:u’33 Wang et al. trained an
image-generating model based on multimodal imaging of MRI and CT
data.>* By far, only our previous study has attempted to predict volumetric
images of osteolytic lesions.>® Whereas the tumor is the main driving force
of metastatic lesions in bone, structural integrity is crucial in determining
bone strength. Under hormonotherapy, immune checkpoint therapies,
and/or anti-bone resorption treatments, osseous tumor lesion type may
shift over time between osteolytic and osteosclerotic.>® 38 Thus, leveraging
the longitudinal image data is paramount to predict bone lesion develop-
ment and progression for fracture risk assessment.

In this study, we present a proof of concept to assess the mechanical
competence of bone at a future time point. Our objective was to test if
deep learning could predict the progression of bone osteolysis, which
could be further used to assess the mechanical behaviors of the bone. We
retrospectively collected an extensive series of sequential pCT images
from a murine model of bone metastases. A spatial-temporal neural
network was developed and trained to generate future frames reflecting
the disease's progression. These predicted pCT images were then utilized
in Finite Element simulations of axial compression. The simulated me-
chanical behaviors demonstrated by the predicted images were found to
be comparable to those of actual ground truth images. This study high-
lights (1) the importance of collecting sequential human imaging data to
assess bone fracture risks in metastatic diseases, and (2) the potential of
generative approaches in enhancing clinical datasets.

2. Methods and materials
2.1. Animal model of bone metastasis

A murine allograft model of breast cancer bone metastases was used
in this study,>® which was approved by the Institutional Animal Care and
Use Committee (IACUC). Female C57BL/6J mice (Jackson Laboratory,
Bar Harbor, ME, USA) were housed 4-5 mice per cage in an accredited
animal facility at the University of Delaware. Mus musculus
mesenchymal-like Py8119 cell line (ATCC, Manassas, VA, USA,
CRL-3278™), originally derived from spontaneously arising tumors in
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MMTV-PyMY transgenic C57BL/6 female mice, were cultured in F-12K
cell culture medium (ATCC, 30-2004™) supplemented with 5 % FBS at
37 °C degree and 5 % (v/v) CO2 in an incubator. Tumor cells were
inoculated to mice by either intra-tibial injection into the proximal end of
tibia (90 % of animals) or intracardiac injection (10 % of animals). An-
imals were subjected to different loading regimens, namely, sedentary,
aerobic treadmill running, or localized tibial compression while their
bones were scanned weekly.>° Osteolytic lesions, the full thickness per-
forations of load-bearing cortices, occurred predominantly in the prox-
imal metaphysis of tibiae and became visible in pCT images around week
2 to week 4.%° Thus, the tibial proximal ends were the focus of this study.

2.2. uCT image acquisition and processing for machine learning and FE
analysis

Detailed data acquisition and image processing can be referred to 39.
In brief, pCT images of tumor-bearing and tumor-free mouse tibiae were
acquired on a weekly basis using SkyScan® 1276 (Bruker, Kontich,
Belgium). For each acquisition, 260 transmission frames were taken
while the source-detector rotates over 180° with a step of 0.8° with the
following parameters: 900 ms exposure time, 200 mA current, 50 kVp,
and 0.5 mm Al filter. Volumetric CT images were reconstructed using
NRecon® software (Bruker) with a voxel size of 7 x 7 x 7 pm3. Proximal
tibiae were automatically cropped using in-house python program into
volumes of 3.50 x 3.50 x 1.68 mm? (500 x 500 x 240, pixel size). The
first scan of each animal was registered to a common reference using the
SimpleITK® package,’® which was then used as references to register
follow-up scans within the same animal. Cortical bone regions, the focus
of this study, were automatically segmented as in our previous study.>’
Osteolytic lesions, often in cortical bone, were obtained by subtracting
cortical region in registered image from that in the first scan when no
lesion was developed. The percentage of lesion volume was calculated as
lesion volume divided by the initial cortical bone volume.

To accommodate GPU memory limitations in deep learning and
computational costs in FE modeling, the registered pCT images were
further cropped and downsampled to volumes with pixel spacing of 35
pm (96 x 96 x 48, matrix size) using linear interpolation. Downsampled
volumetric pCT data were smoothened and segmented into binary label
maps. Details of the dataset (Table 1) include the number of the total
sequences of uCT images with varying length equal to 2 time points and
the number of those with osteolytic lesions (n = 34/63, osteolytic/total),
3 time points (n = 47/112), 4 time points (n = 30/52), and 5 time points
(n = 16/33). The dataset was randomly split 70 %, 15 %, and 15 % (n =
182, 39, or 39 scans) for training, validation, and testing. The ratios of
osteolytic samples with lesions were 49 % (89/182), 49 % (19/39), and
49 % (19/39) for training, validation, and testing, respectively (Table 1).
For the FEA, 3D surface models of the bone specimens were exported as
STL files using 3D Slicer® 4.0.*' Disconnected bone pieces were
semi-manually removed using the 3D Builder® (version 15.2, Microsoft
Corp, Redmond, WA) and the wizard tool in Materialise® 3-matic
(Materialise, Leuven, Belgium). Refined surface meshes were converted
to 3D volumetric meshes and then exported in the Abaqus input file using
the Materialise® 3-matic software.

Table 1
Summary of the dataset used in the study.
# of Samples Training Validation Testing
# of scans 2 63 (34) 36 (19) 10 (6) 17 (9)
3 112 (47) 84 (34) 11 (5) 17 (8)
4 52 (30) 39 (24) 8(4) 5(2)
5 33 (16) 23(12) 10 (4) 0
Total 260 (127) 182 (89) 39 (19) 39 (19)

Note: The dataset includes a total of 260 samples with 127 of them showing
osteolytic lesions. The number of samples (with osteolytic lesions) is shown for
sequences with 2-5 scans, as well as the corresponding number of samples used
for training, validation, and testing.
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2.3. Prediction of future frame by machine learning

2.3.1. Problem definition

Our task is to predict a volumetric pCT image X(t,+1) taken at time
point t,,1 given the scans X(t; : t,) taken at previous time steps in a self-
supervised manner. Because the input and output belong to the same
sequence, this task is similar to the video prediction process in computer
vision, in which future frames are generated for a given short video
sequence. However, there are several important differences between our
application and the video prediction: a) The time interval is one week in
our preclinical study and can be much longer (months) in clinical ap-
plications, thus the changes between neighboring frames can be more
dramatic than the short video sequences; b) Each frame is a single-
channel gray-scale 3D image in this study (X(t) € R**%6*%) that con-
tains spatial information in three dimensions, in contrast with the 2D
RGB images in videos; ¢) Our sequence lengths are much shorter and only
one future frame is considered in our study rather than multiple frames in
short video predictions; d) The underlying mechanism driving the
chronologic changes is biological processes while video prediction usu-
ally deals with motions governed mainly by physics.

2.3.2. Deep learning model architecture

As the underlying issue of our problem is sequence prediction, LSTM
(Long Short-Term Memory)*? is chosen in this study to handle temporal
changes within the sequences (Fig. 1A). A convolutional autoencoder is
used to extract low dimensional features (z € R3****) from each input 3D
image. The encoder, composed of four residual blocks, downsamples the
original input. Each residual block has two 3D convolutional (Conv3D)
layers with skip connections similar to ResNet** (Fig. 1B). The decoders
also have four residual blocks constructed with 3D transposed convolu-
tional layers (Conv3DTranspose) to reconstruct the original shape of the
input image.** Please note that the inputs and outputs in this model are
greyscale 3D images.

2.3.3. Training and evaluation

The model was implemented in TensorFlow® 2.2 and Python® 3.7.9
on an Ubuntu 18 LTS machine with an AMD threadripper 1900x CPU (16
logic processors), 32 GB memory and NVIDIA 1080 TI GPUs (11 GB
memory). We used 70 % of the data for training while the rest were split
evenly for validation and evaluation. The model performance was eval-
uated in terms of PSNR (Peak signal to noise ratio, defined in Egs. (1) and
(2)),*® Dice score (defined in Eq. (3)),*® SSIM (Structural similarity,
defined in Eq. (4)),47 and LPIPS (Learned Perceptual Image Patch
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Similarity, defined previously*®). PSNR and SSIM are commonly used for
evaluation of image quality, while the Dice score is mostly employed in
the tasks of segmentation to evaluate morphology. LPIPS is a deep
learning-based evaluation method that compares the similarities be-
tween the activations of two images using pre-trained neural networks
like VGG*® or Alexnet,*® which mimics human perceptions more closely
than classic metrics like MSE, PSNR, and SSIM.” A version based on
VGG*® was used in this study.

1 MN . e
MSE =+~ ZJ: (X(0.j) = X (i.j)) @
MAX
PSNR = 10 log,, (MSE) ,where MAX = 255 for Uint8 image 2
My o
5°X(0,j) - X (1))
Dice = M;/J— 3
> X(i.j)* + X (i,))°
ij
, 2, 4 20,y
SSIM(X,X) = (uxpy + Ci) (2040 +G) )

(uy® + pxe* + Ci)(ox* + oy + C2)
2.4. Finite element (FE) analysis

2.4.1. Finite element (FE) models of axial compression
ABAQUS/Standard 2020 (Dassault Systemes SE, Vélizy-Villacoublay,
France) was employed to simulate axial compression of the digitalized
proximal tibiae. Twenty four out of 39 predicted pCT images randomly
selected from the test dataset and their paired ground truth images were
used in the FE analysis. For each FE model, the volumetric mesh was
composed of approximately 1.6 million tetrahedral elements. The bone
specimen was assumed to be homogeneous and isotropic. The elastic—
plastic properties were defined as Young's modulus of 11 GPa, Poisson's
ratio of 0.3, yield stress of 130 MPa, and no loading capacity post yielding
based on literature.>® To assist virtual compression testing of the bone
samples, two nondeformable square plates were positioned parallel to the
superior and inferior surfaces of the cubical volume of the bone sample.
The lower plate was fixed at its original position throughout the test
while the upper plate was assigned to move towards the sample till its
position reached boundary condition equivalent to a total displacement
of 0.5 % of the sample height. A friction coefficient of 0.2 was assigned to

B
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Fig. 1. A) The architecture of the neural network: the encoders extract the lower-dimension feasures from the sequential inputs X (t) (i = 1 to n), which are
reconstructed to forecast the future frame at t,,; by decoders. The hidden variables are parsed to a 3D convolutional LSTM layer to learn the spatial and temporal
information. B) Both encoder and decoder are composed of residual blocks of Conv3D layers.
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both contact surfaces. To accommodate the nonlinearity during initial
contact, a pre-load was used to bring all parts into full contact with about
1 % of the targeted displacement. Automatic stabilization was enabled in
Abaqus to facilitate convergence. The pre-load phase used a larger
dissipated energy fraction of 0.05, which was reduced to 0.0002 in the
subsequent full-load step.

The output ODB files from ABAQUS were postprocessed using ABA-
QUS Python to extract reaction forces on the moving plate, total
displacement, time, total strain energy (ALLSE), and damping energy
(ALLSD). The ratio of ALLSD over ALLSE was used to confirm that the
fraction of dissipated energy was within the range of 5 % in the full-load
step. The contours of von Mises stress (0, Eq. (5)) were directly obtained
from Abaqus.

1
o, = \/5 [(0'11 - 022)2 + (02 —033)2 + (633 — 0'11)2] + 3(0'%2 +U§3 +5§1)
()

2.4.2. Comparisons of predicted and ground truth FE models

To compare the results between models generated from the ground
truth image (GT) and from the predicted image (Pred), reaction force and
displacement were interpolated linearly to extract data at different
apparent strains from 1000, 2000, 3000, or 5000 pe, which mimicked the
range of in vivo strains experienced by bones. Compliances were calcu-
lated by finding the slopes of the strain-stress curves. Fifteen GT models
and their corresponding Pred models were evaluated. Linear regression
and the coefficient of determination (R?) were used to compare the re-
action forces at 4 levels of apparent strain. To further test the concor-
dance between Pred models and GT models, Lin's concordance
correlation coefficient (CCC, Eq. (6)) was employed.51 Mean absolute
percentage error (MAPE, Eq. (7)) was also reported as value + standard
deviation.

2po.0,

ccc=— 2%
(he—) +2 + 2 ©)

where p is Pearson s coefficient

MAPE = e~ Yoredlsq %)

Xgr
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3. Results
3.1. Predicted 3D image scans matched well with ground truths

A visual comparison of GT images and Pred outputs by our neural
network was conducted and 2D slices from the corresponding 3D stacks are
shown (Fig. 2A). Three tibiae with osteolytic lesions were chosen randomly
and their scan sequences are shown in three blocks (Fig. 2A). Each tibia
underwent two or three trials (columns), in which 2, 3 or 4 scans acquired
sequentially (rows) served as inputs (observed) to the neural network and
the model outputs (predicted/future frame) were compared with ground
truth of the next time point (Fig. 2A). As shown in the figure, the predicted
bone shapes were comparable to those of GT images. At time point t3
(Week 3), the trabecular bone was mostly lost due to tumor growth. In the
Pred images, reduction and disappearance of trabecular bone matched
well with the GT images but a detailed comparison of the trabecular to-
pology was not made due to the low trabecular bone volumes. Cortical
bone integrity and the location of osteolytic lesions were successfully
predicted as indicated by the orange arrowheads. However, some lesions
(the second trial for tibia #3) were not successfully predicted with three
time point inputs. Failures were observed on the third trial of the same
tibia, because of the small perforations formed after thinning of the cortical
bone (Fig. 2A). These predicted and ground truth images were meshed to
build FE models (Fig. 2B). It was noted that the boundaries of lesions were
smoother in predicted images than those in GT images, which may alter
local stress and yield patterns.

Quantitative metrics showed a general good agreement between the
predicted and the ground truth images (Table 2). Overall, the Pred images
achieved a Dice score of 0.814 relative to ground truth images. The image
quality was assessed by PSNR, SSIM and LPIPS. The metrics were compa-
rable with our previous study,* confirming the feasibility of the trained
model to quantitatively predict bone structure and mineralization of a
tumor bearing skeleton. The grey values of the predicted voxels in Houns-
field units were calibrated with phantoms of a known mineral density.

3.2. Predicted scans recapitulated the load-bearing behaviors of the ground
truths

FE simulations of axial compression of the meshes built from the Pred
and GT bone structures showed the evolution of the stress fields under

Pred

t1

Input/Observed
13

4

Futurc Framc
GT

Pred

&L 6L

Fig. 2. Representative 2D slices of inputs, ground truth, and predicted images. A) For three randomly chosen tibiae, two to four images captured at prior time points
were inputs to the deep learning model, which generated a future frame (Pred) and compared with their corresponding ground truth. Lesions correctly predicted were
labeled with blue arrowheads, while those not or incorrectly identified labeled with red arrowheads. B) representative 3D renderings of the GT and Pred images.
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Table 2

Evaluation metrics for our deep learning model.
Input PSNR SSIM LPIPS Dice
length
(Seq #)
2(n=17) 34.50 + 0.97 0.850 + 0.081 0.040 + 0.020 0.852 + 0.068
3(n=17) 35.50 + 1.57 0.869 + 0.073 0.039 + 0.028 0.845 + 0.087
4(m=05) 36.40 + 1.97 0.848 + 0.130 0.062 + 0.07 0.755 + 0.235
Overall 35.56 + 1.68 0.857 + 0.093 0.047 + 0.044 0.814 + 0.149

1 T 1 1

Note: An up-arrow indicates that higher values are better while a down-arrow
indicates that lower values are favorable. Model performance is stratified by
the length of input sequence varying from 2, 3, or 4 (Input length of 5 is removed
due to insufficient samples).

increasing apparent strains for two samples (Fig. 3). It was not surprising
that bone lesions and bone structural geometry greatly impacted the
stress distribution over the bone (Fig. 3A). For Sample 1, the larger lesion
on the lateral side (yellow arrow) was accurately predicted by the deep
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learning model, while the two smaller lesions on the posterior side were
not captured in the Pred model. Nevertheless, the reaction force-
—displacement curves were comparable between the GT and Pred models
(Fig. 3B). The distributions of stress were also closely matched, as both
models showed relatively high stress levels on the tibial ridge and
posterior-medial surface than on other locations. However, for Sample 2,
the bone spur on the tibial ridge, indicated with the cyan circle, was
missing in the Pred model, which adversely affected the initial contact
and stability of the FE simulation, leading to deviations in the reaction
force—displacement curve compared with that of the GT model (Fig. 3B).

Decent correlations were found between the reaction forces of the GT
and Pred models under axial compression (Fig. 4). In the case of 1000 pe
compression, the correlation of the reaction forces was poor R? < 0.5),
because of the mismatch of geometries in the contact region as described
above. With increasing compression, the reaction forces in the GT and
Pred models started to converge with increasing R? up to 0.681 (5000 pe
compression). The reaction forces were approximately 14-19 % larger in
Pred models as shown in the slopes of the fitting lines (Fig. 4), possibly
due to underestimated lesions in the Pred models than those in the GT
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Fig. 3. Results of FE modeling of axial compression of proximal tibiae. A) contours of von Mises stress from Abaqus. B) Force-displacement curves of Pred models (red
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ground truth sequences (p = 0.005) and that the
predicted lesion volumes did not differ from the
ground truth (p = 0.537), indicating the diagnostic
potentials of the predictive model.



S. Wang et al.

models.

The compliances of 15 pairs of Pred and GT bone models were
calculated using the linear portion of their force-displacement curves
(Fig. 5A). Tibiae with larger lesions, not surprisingly, had higher com-
pliances, while those with small or no lesions showed lower compliances,
which were comparable to our previously reported values from strain
gauging tests.>° The Pred models’ compliances agreed well with those of
the GT models (y = 0.864 x, R? = 0.956 and CCC = 0.945, Fig. 5A),
although the former was 13.6 % lower, which might be caused by an
underestimation of small lesions in the predicted models.

3.3. Predicted lesion volumes correlated with bone compliances

To connect the lesion volume with bone's mechanical competence, we
investigated the relationship between bone compliances and the per-
centages of osteolytic lesion volume in the cortical bone region (Fig. 5B).
The differences between the FE models derived from the GT and Pred
images were indicated by short black linkers (Fig. 5B). Positive re-
lationships between tibial compliances and cortical lesion volumes were
observed for both the Predicted and GT models, with comparable fitting
slzopes and R? values for GT (y = 14.09x, R% = 0.74) and Pred (y = 13.48x,
R* =0.7).

3.4. ML-based prediction of lesions in sequential scans showed prognostic
potential

To answer the questions (1) if predicting cancer lesion volume is
necessary and (2) if our predictions are reasonably well for prognostic
purpose, we plotted the lesion volumes at t, and t,;; of the ground truth
sequences as well as the t,,; predictions using our ML method (Fig. 5C).
As the disease progresses, the bone lesions in our preclinical dataset
become significantly larger from ¢, (10.8 % =+ 6.5 %) to t,41 (22.1 % +
14.8 %, p = 0.005), demonstrating the need of forecasting of the bone
lesions to track the decline of bone's loading capacity. The predicted le-
sions at ty1 (18.5 % + 15.3 %), despite being 3.6 % lower than the
ground truth values at the t, 1, were superior to the ground truth at t, in
representing the distribution of lesions (Fig. 5C). Thus, the predicted
bone structures at t,.; were expected to provide a more accurate
assessment of bones' loading capacity during the progress of metastasis
(Fig. 5B). There is no significant difference between the predicted lesions
and ground truths (Fig. 5C).

4. Discussion

Assessment of fracture risk in cancer metastatic diseases is chal-
lenging but critical for patient outcome.> Bone metastases can remain
asymptomatic until SREs occur, such as severe pain, spinal cord
compression, and pathological fractures.>'>?? Bone fractures, which
lead to a variety of complications, impact not only the patients’ physical
functions but also survival rates.®®>2->% Prophylactic treatments such as
curative resection, prosthetic reconstruction of impending fracture, and
intramedullary fixation with bone cement injections have been reported
to improve survival rates.®>!>*°% The surgical interventions, unfortu-
nately, increase the risk of complications like lung embolism, aspiration
pneumonia, deep vein thrombosis and infections.”'%>” Medical pro-
fessionals must carefully balance the risks and benefits of prophylactic
surgeries over conservative treatments. Timely assessment of fracture
risk is therefore paramount in the management of bone metastases and
rational design of treatment plans.>™ To this end, many studies have
been conducted towards comprehensive screening and prognosis of
impending pathological fractures®>®°! as well as developing analytical
methods for fracture assessment such as rigidity analysis and FE
modeling, 19236263

This study aimed not to replace the above-mentioned methods but
rather to introduce a data-driven augmentation to the existing methods.
We combined neural network and finite element modeling to test if we

Mechanobiology in Medicine 3 (2025) 100130

could predict cancer lesions and the associated declining of load bearing
capacity at future time points. The knowledge of disease trajectory is
important for clinicians to determine the time window of the surgical
interventions. As mentioned earlier, aggressive surgical interventions
could also have negative effects. The tools of predicting the lesion pro-
gression and mechanical properties could be highly valuable in not only
the planning of breast cancer surgical treatment but also in evaluating the
effects of other interventions. In the animal studies that provided our
datasets, some mice received treadmill running and localized tibial
loading and thus showed nonuniform progression of the osteolytic le-
sions relative to nonloaded controls.>® This variability reflected the
mechanosensitive nature of the skeleton.* The predicted images were
then used in the simulation of axial compression by finite element
method. The mean absolute percentage errors (MAPEs) of elastic com-
pliances of the Pred models were small (14.2 %) and there was a high
correlation of mechanical behaviors between the Pred and GT FE models.
Although in the current work, homogenous Young's modulus were
assigned in the FE analysis, the predicted voxel intensities can be used to
estimate bone mineral density and build heterogenous FE models with
calibrated Hounsfield and Young's modulus conversion as successfully
demonstrated in the literature.®® This study presents a proof-of-concept
to predict bone structure by deep learning method and forecast the
bone's mechanical properties as the disease evolves.

Deep learning has dramatically boosted biomedical image analysis in
many aspects such as classification, segmentation, and diagnosis.>*?° In
orthopedics, progression has been made in the detection and classifica-
tion of bone fractures,®® osteoarthritis,®”*°® osseous metastases,®*”! and
degenerative disc disease.”” Prediction of tumor growth is not new and
interest in predicting spatial and temporal changes of pathological con-
ditions is growing rapidly.?®?”-3%-3234 Qur research group first proposed
prediction of tumor-induced osteolysis using the temporal variational
autoencoders.>® In this study, we further demonstrated the potential of
the ML-based assessment of bone's fragility and fracture risk by per-
forming virtual mechanical testing.

There are several limitations of this study. The present study was
based on a murine dataset and the translation to clinics needs to over-
come several challenges. Mouse models, however, are valuable tools in
elucidating disease mechanisms, identifying diagnostic biomarkers, and
testing treatments.”> The small-sized mouse skeleton allows quick
three-dimensional CT scans at multiple time points over the span of
breast cancer metastasis with control of the age, the type of cancer, and
site of inoculation, as well as interventions. With rigorous experimental
design incorporating various controls, the acquired murine image data-
sets could reflect the complexity of human breast cancer progression with
superior image quality and labeling over available patient data. The
mouse dataset thus provides an idealized testbench for us to test and
optimize Al tools prior to tackling more challenging human datasets.
Currently, due to the concern of overexposure of radiation in repeated
imaging, human datasets of sequential CT images are lacking, a critical
limiting factor in unlocking the power of Al in treating cancer bone
metastasis. It is worth noting that sequential volumetric CT images may
not be desired.”* A baseline CT image with follow-up planar radiographs
can be used to synthesize time series of 3D volumes by utilizing 2D/3D
registration’>’® and statistical shape models’””® of metastatic bones. In
studies of treatment response in metastatic bone disease, the frequency of
imaging ranges from weeks to 2-6 months.'®>’° In the current study,
temporal information is implicitly embedded as the chronological order
of images since the frequency of imaging is fixed (weekly). In contrast,
the interval of clinical CT imaging is highly varied, depending on the
clinical design and possible missed exams. However, this complication
could be addressed by explicitly encoding time-related input parame-
ters.®” The second limitation of this study was the idealized boundary
conditions used in the FE simulations (axial compression), and the im-
pacts of different physical activities were not investigated. Finally, our
datasets were obtained in a murine model of osteolytic bone metastasis,
in which cancer treatments such as radiation therapy, chemotherapy or
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anti-resorptive therapeutics were not applied. The progression of bone
lesion in breast cancer patients would be much more variable, given the
different phenotypes associated with cancer subtypes and the highly
personalized responses to cancer treatments. With the accumulation of
more clinical data and the advance of machine learning, we anticipate
that data-driven biomechanical prediction of bone strengths and fracture
risk assessment will be further improved.

5. Conclusion

This study provides more insights on reducing the disparity between
the uncertainties in existing scoring systems of bone strength and urgent
needs of improving risk management of pathological fractures for bone
metastases patients. Our new approach combining spatial-temporal
neural network and FE modeling exhibits the ability to predict bone
structure and loading capacity in an animal model of bone metastases.
This study demonstrates the importance of collecting sequential human
imaging data and the potential of generative approaches in enhancing
clinical datasets, which will improve diagnosis, prognosis, and treatment
evaluation of cancer bone metastasis.
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