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Abstract

Objective: This study presents a method to determine the volumetric density of pelvic bone and cortical bone thickness
along critical regions of the S2 alar-iliac (S2Al) screw trajectory using bi-planar multi-energy X-ray (BMEX). Methods:
Simulated BMEXs were generated from CT data from eight patients, with coordinate matching linking pixels to voxel density
values. This dataset included pixel attenuation values, coordinates as independent variables, and voxel attenuation values
(Hounsfield Units, HU) as the dependent variable for training a random forest regressor model. Results: The trained model
revealed adequate trabecular bone density prediction (root mean square error: 32.8 mg/cm?) and cortical thickness
accuracy (error < 1.2 mm). Trabecular bone showed a minor tendency for density overestimation with a maximum difference
of 83 HU, while cortical bone exhibited an underestimation of up to 118 HU. Conclusions: The improved prediction of bone
density and the capability to estimate cortical bone thickness signify a significant advancement towards a comprehensive
modality for predicting bone quality in implant placement planning.
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Introduction

A significant proportion of the population with previously
normal spinal curvature is affected pathologically with
age', and this proportion increases with the aging of the
population. In severe cases, adult spinal deformities (ASD)
require surgery, which involves inserting pedicle screws into
thevertebrae connectedtorodstocorrect spinal deformities
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and maintain postoperative balance and stability. In cases
of significant imbalance long instrumentation extending
to the pelvis is necessary, with sacral and/or S2-alar-iliac
(S2Al) screws. Surgical planning in the treatment of ASD
is important because of the occurrence of post-surgery
complications®3. Among the major complications that
are frequently encountered, pelvic screw loosening is
particularly noteworthy, as it is closely associated with
osteoporosis?>.

The planar nature of X-ray imaging limits its ability
to interpret 3D bone density associated with spino-
pelvic pathology. This also limits its potential use for
biomechanical analysis, such as finite element analysis
(FEA). Bi-planar multi-energy X-ray (BMEX) is a recent
technique that provides separate planar images of bone and
soft tissues in posterior-anterior and lateral views for the
comprehensive evaluation of spinal and pelvic pathology®,
providing information on bone deformities, spinal-pelvic
alignment and curvature, as well as information on bone
density. While calibrated CT-scans remain a valid and well-
established approach for assessing bone density, BMEX is
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Figure 1. Calibration process between CT-scans and BMEXs; a) Match the CT scans (top row, in green) with the BMEX images (middle
and bottom rows, in red); b) Conduct a histogram analysis of CT-scans; c) Create the dataset. The table presents examples for 5
distinct voxels (volumetric density in HU) and their respective values of independent variables; d) Apply the machine learning model
(random forest).
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of particular interest to clinicians and orthopaedists as it
provides rapid acquisitions with low-dose radiation as well
as bone density estimation, which are key to image large
bone areas of interest such as the instrumented spine. BMEX
was used in a few studies to estimate trabecular volumetric
bone mineral density (vBMD) for FEAS®, and personalized
FEA was subsequently used to optimize the S2Al trajectory
and minimize the potential for loosening®. Limitations of
these studies include a high root mean square error (RMSE)
in vBMD estimation and a lack of provided information on
cortical bone thickness. The objective of this study was to
accurately predict trabecular and cortical bone density
and cortical bone thickness from BMEX, with a view to
incorporating this data into a patient-specific finite element
model for biomechanical studies of ASD.

Materials and Methods

To control all study parameters and possible acquisition
uncertainties found during practice, simulated analytical
BMEXs were generated using a vendor-specific image
simulator. This simulator consists of a dedicated software
tool that uses patient CT-scans as input, along with
configurable imaging acquisition parameters specific
to the BMEX system. Synthetic images were generated
by mapping voxel values to pixel intensities in a planar
projection. Finally, the resulting BMEX images were
automatically calibrated with hydroxyapatite density to
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synthetically simulate bone mineral density®.

This project utilizes CT-scan data from four male and
four female cases with a mean BMD of 0.17 + 0.02 ¢/
cm? from the Cancer Imaging Archive'®, which provides
publicly available de-identified images for research;
it was therefore not necessary to obtain institutional
and ethics board approval for this project. The selected
cases served to illustrate the feasibility of the proposed
workflow in a proof-of-concept setting. Additional patient
characteristics were not available in the archive. However,
the model was designed to rely solely on imaging data,
with voxel characteristics sufficient to define intensity
thresholds and anatomical features for prediction. Manual
definition of pelvic extent was performed on both CT scans
and the corresponding simulated BMEXs (postero-anterior
and lateral views). Subsequently, the coordinates from the
simulated BMEXs were adjusted to align with those of the
CT scans. Histogram analysis was conducted to determine
the appropriate adjustments for downsizing and upsizing,
ensuring that the feature of interest, particularly cortical
bone, was not overwhelmed by features of non-interest,
such as voxels of soft tissues. Multiple iterations were
performed to empirically determine the optimal up-
sampling and down-sampling factors required to balance
voxel classes and refine model predictions. As there were
very few voxels corresponding to the cortical bone, which
is the feature of interest for extraction, they were up-
sampled by a factor of 2. On the other hand, there was
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a large number of voxels around O Hounsfield Unit (HU),
representing soft tissues less relevant in the context of
this study; therefore, they were down-sampled by a factor
of 5 (Figure 1).

Using BMEX in posteroanterior (PA) and lateral (LAT)
views with distinct bone and soft tissue density intensities,
coordinate matching linked each HU value to four pixel
intensities derived from the corresponding BMEX images:
PA bone density (PA-BMD), LAT bone density (LAT-BMD),
PA soft tissue density (PA-ST), and LAT soft tissue density
(LAT-ST). Each HU value was additionally assigned a
normalized X, y, z position, resulting in seven associated
variables (4-pixel intensities and 3 coordinates) for each
dependent HU value (Figure 1). The set of voxels associated
with their corresponding dependent variables forms the
dataset.

The resulting dataset was processed by a random
forest regressor for HU value prediction. The random
forest regressor is a machine learning model (MLM) that
combines the predictions of multiple decision trees''. In
each tree, the data were recursively partitioned at each
node based on the selected features (Figure 1). The final
prediction was obtained by averaging the predictions of all
the trees for improved accuracy. In this study, 20 decision
trees were used to balance computational resources and
performance within the context of the in-house facilities
available in our lab. A random state of 10 was defined to
ensure the model’s reproducibility and a default minimal
sampling split of 2 for internal nodes was defined as well.
Tree depth was reached until all leaves were pure. 60%
of the data was used for training, with the remainder for
validation. Model performance was assessed using RMSE
and mean absolute error (MAE). Feature importance
was determined by calculating the total decrease in
node impurity across all trees. This impurity decrease
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Figure 3. Critical anatomical sites used to evaluate bone
density prediction for the use case of the S2-alar-iliac screw
trajectory: 1. Body of ilium 2. S2 central ala 3. Cortical ilium at
S2 4. Great sciatic notch thickness. The dashed lines enclose a

S2-alar-iliac (S2Al) screw trajectory.
S J

represents the reductionin the variability of the dependent
variable, typically measured by the mean squared error,
as a result of the split. This decrease is weighted by the
probability of reaching each node, which is approximated
by the proportion of samples that reach that node. Finally,
the importance of each feature was expressed as a
percentage representing its relative contribution.

Once the model was properly trained, BMEXs (unique
data) from four different patients (two males and two
females) were used to generate the 3D reconstructed
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areas and cortical bone thickness of interest for comparison.

Figure 4. Example of original (left) and reconstructed (right) CT-scan. The area enclosed by red circles and the red line represent the

)

Table 1. Difference between the predicted and actual CT scans of average HU values and cortical bone thickness at critical anatomical
sites. Positive values indicate higher predicted values than actual values.

Body of ilium (HU)

S2 central ala (HU)

Cortical ilium at S2 (HU) Great sciatic notch thickness

(mm)
Patient _ - g _ ° g _ - g _ ° g
€25 | gender [ & 5 E £ 5 E 2 5 E g 5
K 2 g g 2 g g 2 g g 2 2
o 5 o 5 o 5 o 5
1 F 60 88 28 -40 37 77 265 178 -87 5.59 478 -0.81
2 F 112 137 25 39 14 -25 349 318 -31 5.35 4.32 -1.03
3 M 228 261 33 [0} 29 20 322 303 -19 5.41 5.01 -0.4
4 M 124 207 83 -16 53 69 548 430 -118 4.52 3.31 -1.21
volume of the pelvis and compute the associated volumetric Results

density of each voxel and cortical bone thickness, which
were subsequently compared with that of the original CT-
scans for validation purposes (Figure 2). Pixel spacing
(Imm) and slice thickness (3mm) were set identical to
the spacing on original CT-scans to ensure consistency.
Finally, a verification of the practical utility was carried out
for a possible context of surgical use of this new approach
by visually comparing the average HU values of critical
anatomical sites that lie on a typical S2-alar-iliac screw
trajectory. To evaluate trabecular bone density prediction,
the HU values from both simulated and original CT scans
of these cases were averaged and compared for three
anatomical locations of the same size and location (Figure
3). Cortical thickness prediction was manually annotated
on the same imaging sets by measuring the perpendicular
distance between cortical boundaries defined by abrupt
changes in intensity.
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The MLM was trained using a dataset consisting of a total
of 90,964,542 voxels and their corresponding independent
variables. The MLM showed a good match between
predictions and actual data, with a tested R? of 0.986, a
RMSE of 41.5 HU, and a MAE of 20.9 HU.

From the feature importance calculation, the five most
important variables were ranked in the following order:
LAT-BMD (22.2%), x (17.8%), y (16%), LAT-ST (12.2%), z
(11.8%). Additionally, PA-BMD (10.4%) and PA-ST (9.6%)
were also identified as significant factors.

An example of verification is shown in Figure 4, where the
areas indicated by the red circles for averaging HU values
are the same as those selected in Figure 3. These average
values were used to compare the original and simulated CT
scans, and the red line in the image represents the length
considered for the comparison.

The verification of the practical utility at 4 critical
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anatomical sites is summarized in Table 1, showcasing
the difference between the predicted and actual mean HU
values for the ilium body, the S2 central ala, the ilium cortex
at S2, and the thickness of the great sciatic notch. Positive
values indicate that the predicted values surpass the actual
bone values. The results indicate a slight overestimation of
up to 83 HU for trabecular bone and an underestimation of
up to 118 HU for cortical bone. For the great sciatic notch
thickness, the model exhibited a slight underestimation with
differences ranging from -1.21 to -0.4 mm.

Discussion

The novel model developed enables to determine pelvic
bone volumetric density and cortical bone thickness using
multi-energy bi-planar X-rays. This study statistically
demonstrated excellent performance, which proves
superior to that reported in published studies®” with
significantly improved R? and RMSE values. Indeed, based
on Ruess, Tal's'? calibration equation p=0.79HUx1073,
RMSE and MAE values could be estimated at 32.8 mg/cm?
and 16.5 mg/cm?® respectively. In comparison, Choisne,
Travert® obtained an RMSE of 76 mg/cm? in volumetric
BMD distribution, using an iterative approach to adjust 18
BMEX-based finite element models (FEMs), and comparing
the BMD distribution of BMEX-based FEMs with quantitative
computed tomography (gCT)-based FEMs. Also, Qiao,
Villemure” obtained an R? value of 0.418 and an RMSE of
74.7 mg/cm? for the regression equation established by a
direct correlation between BMEX pixel intensities and CT-
scan HU values, sampled from 2,101,584 voxels from CT-
scans of 10 patients. Therefore, the enhanced prediction
of bone density and the ability to estimate cortical bone
thickness represents an important advance towards a
comprehensive 3D bone quality prediction modality.

Voxels from 4 male and 4 female patient cases with
pelvic morphological differences were utilized to avoid
patient-specific biases and to enhance the robustness and
applicability of the proposed model. The feature importance
analysis revealed that the pixel intensities on LAT-BMD play
a crucial role in predicting the corresponding voxel values.
This finding aligns with the results of Choisne, Travert®, who
also observed a higher correlation using lateral images
compared to PA images. Notably, this study is the first to
incorporate spatial coordinates. The analysis of feature
importance highlighted a significant spatial dependence in
the prediction, suggesting that anatomical sites are critical
factors influencing the outcomes. To further improve
predictions, future studies could increase the number of
cases and consider sampling voxels by anatomical regions,
enabling a more precise and targeted prediction approach.
This approach would allow for a deeper understanding of
the specific anatomical factors influencing the results and
potentially enhance the accuracy of the model.

From a visual standpoint, the simulated CT scan faithfully
replicates the morphology and density of the pelvic region
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of interest (Figure 4). Despite the presence of certain
limitations in resolution, this study enables targeted and
accurate prediction of HU values and cortical bone thickness
along the S2Al trajectory from PA and LAT BMEX. As shown
in Table 1, clinically accepted differences were observed
between the predicted and actual HU values at critical
anatomical sites for pelvic screw trajectory. Generally, the
discrepancy between the prediction and actual values was
below 100 HU, corresponding to an estimated difference of
approximately 79 mg/cm3. Variations up to 280 trabecular
HU have been observed within practical inter-scanner
estimations'®, meaning our values are within acceptable
range when considering the variation of CT-scans used for
this study’s cases, as well as the generated BMEX images.
The identification of the cortical region and its thickness was
facilitated by analysing drastic changes in HU values, which
proved to be relevant for thickness determination. The
model was accurate to within 1.2 mm, with slight deviations
in predictions from reference data, but consistent with what
is observedin overall pelvic cortical thickness measure, thus
highlighting clinical meaningful values'*. Low HU values,
such as those found in the body of the ilium and central ala,
tended to be slightly overestimated. Conversely, high HU
values, such as in the cortical ilium at S2 and the thickness
of the great sciatic notch, were slightly underestimated,
indicating that model predictions tended to have a narrower
range than the actual range. This discrepancy in the data
could be explained by different factors, one being the
limitation of using simulated BMEX images. Simulated
images are CT-scan dependent and thus the pixel resolution
could inherently affect the definition of certain anatomical
features and thus report a slight discrepancy in the model
predictions.

The present study is subject to certain limitations that
must be acknowledged. While feasibility was demonstrated
across eight morphometrically distinct cases, these do not
reflect the full heterogeneity of the ASD population. Future
studies integrating patient-specific factors—such as age,
musculoskeletal condition, and imaging parameters—could
further enhance prediction accuracy. As the prediction
model was based solely on imaging data, certain patient
characteristics may have had a minor influence on prediction
accuracy. A more comprehensive dataset including
musculoskeletal health information could further refine
trabecular and cortical HU predictions. While the number
of cases was sufficient to establish proof-of-concept and
demonstrate the feasibility of the approach, future studies
using larger cohorts could help strengthen the training
process and enhance model validation. Secondly, the use
of traditional MLM such as the random forest regressor
is limited to handle large datasets, which restricts the
number of images included in the analysis to 32 at present.
Other characteristics specific to random forests, such as
computational costs or datainterpretability, might limit their
scalability in complex medical imaging contexts. Further
work could explore more advanced models, such as mixed-
effect random forests (MERF), to address these aspects.
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Lastly, the synthetic radiographs obtained by the BMEX
simulator could present a limitation when representing real
bone density values and corresponding HU predictions. For
this study, the simulated data was served to demonstrate
feasibility and validate the methodology for bone density
estimation. Future in vivo acquisitions could enhance image
resolution, enable 3D volume reconstruction and improve
the prediction of trabecular HU values.

Conclusion

This study presented a random forest regressor model
as a proof-of-concept to predict pelvic volumetric bone
density and cortical bone thickness from BMEX images,
based on key imaging features. These findings open new
avenues for improved pelvic screw fixation strategies and
the development of patient-specific finite element models
for biomechanical analysis in ASD. While promising, this
approach requires further clinical validation using larger,
more diverse datasets, including in vivo BMEX acquisitions,
and the establishment of robust imaging protocols for real-
world application.
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