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Abstract

Fragility fractures are a major health concern and accurate estimation of bone strength is
important for fracture risk assessment. Finite element (FE) models can provide reliable
estimates of femoral bone strength, but traditional approaches typically require three-
dimensional imaging and computationally intensive model generation. Previous research
has enabled reconstruction of subject-specific FE models by only using dual-energy X-
ray absorptiometry (DXA) images, but the optimization procedure used to estimate the
model parameters can require several hours per patient, which is not feasible in a clinical
scenario.

The aim of this thesis was to investigate whether machine learning can be used to accel-
erate these reconstruction pipelines. Two neural network architectures were developed: a
baseline convolutional neural network (CNN) and a transfer learning network based on
EfficientNetV2B2. The networks were trained using DXA images from the MrOS Sweden
cohort to either predict the statistical shape and appearance model (SSAM) parameters
used for reconstruction or predict bone strength directly from the images. Artificially
generated digitally reconstructed radiographs were also evaluated as synthetic training
data.

The results show that neural networks can predict SSAM parameters and approximate
bone strength estimates with a substantially lower computational cost; potentially saving
several hours in computation time. The baseline CNN achieved slightly lower prediction
errors than the transfer learning model in most metrics, both predicting reconstruction
parameters and bone strength. The most accurate bone strength results were obtained
when predicting bone strength directly from DXA images. Although the predicted SSAM
parameters likely cannot yet replace the optimization procedure used in existing methods,
they could be used to initialize the optimization algorithm. Future work will investigate
whether such initialization can reduce convergence time and thereby accelerate the re-
construction process, as well as whether direct bone strength predictions are sufficiently
accurate for clinical use.
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1 Introduction and Aim

1.1 Introduction

Fractures related to skeletal fragility represent a major public health concern. Reduced
bone strength substantially increases the risk of low impact trauma fractures, which can
occur when subjected to minor falls, bumps, or even normal movement. Over a lifetime,
approximately one in three women and at least one in six men will experience such a
fracture. Fragility fractures place a significant burden on healthcare systems, with the
total cost in EU countries estimated to exceed €56 billion annually [1]. Beyond the
economic impact, fractures often lead to pain, reduced mobility, loss of independence, and
a diminished quality of life. Fractures of the spine and femur are particularly severe,
carrying a high risk of long-term disability and mortality. Each year, approximately
250,000 deaths in Europe are attributed directly to these fractures [1]. Because of this it
is of value to accurately estimate fracture-risk in order to identify people that have a high
risk of fracture and take precautionary measures.

Currently in clinical practice, fracture risk is predicted by combining clinical data with
approximate measures of bone strength and risk of falling. In the case of bone strength the
standard method used today is an approximation based on the areal bone mineral density
(aBMD) calculated from a dual-energy x-ray absorptiometry (DXA). Using aBMD as a
surrogate for bone strength is cheap and fast which makes it suitable for clinical practice.
However, many fractures occur in individuals who are not classified as high risk according
to the standard aBMD assessment [2]. It is therefore of importance to find alternative
methods to predict bone strength in order to provide a more accurate fracture risk and
prevention strategy [3].

Using finite element models has been shown to be a method that can accurately predict
bone strength in the femur and give a better assessment of fracture risk if used instead of
aBMD [4]. The issue with this method is that it requires a 3D computed tomography (CT)
image of the patient to retrieve a 3D-model of the bone. A CT scan is more expensive
and exposes the patient to more radiation than a DXA-scan. A trained engineer is also
required to build the FE model which further increases the cost [5].

Methods to obtain 3D models of the femur from a single DXA image have been developed
in order to achieve the same accuracy of FE-models but without having to do a CT-scan.
One of these methods is DXA2FEM which uses a statistical shape and appearance model
(SSAM) that represents the variation of shape and structure of a bone in a population. The
reconstruction of the 3D-model is done with an optimization algorithm trying to minimize
the difference between the DXA-image and a 2D projection of the 3D reconstruction [6].

1



Although DXA-based FE approaches have demonstrated improved fracture prediction
compared to aBMD, the clinical adoption remains limited due to their computationally
intensive pipelines. Model generation, FE simulation, and strength estimation can require
several hours per patient, posing a significant barrier to routine clinical application [7].

One possible solution to reduce the reconstruction time is to use convolutional neural net-
works to replace some of the more computationally heavy parts of the pipeline. Specific-
ally, the optimization of the SSAM parameters, but also directly predicting bone strength,
skipping the SSAM and FE modeling completely.

1.2 Aim

The aim of this thesis is to investigate whether machine learning can be used to accelerate
the DXA2FEM pipeline while maintaining comparable predictive performance. Specific-
ally, convolutional neural networks are trained to estimate biomechanical properties of the
femur directly from DXA images.

The primary objective is to predict the SSAM parameters used in DXA2FEM to re-
construct subject-specific three-dimensional femur models. If successful, these predic-
tions could replace the computationally intensive optimization procedure currently used
in DXA2FEM, potentially reducing reconstruction time from several hours to seconds.

A secondary objective is to investigate whether bone strength can be predicted directly
from DXA images without reconstructing the intermediate FE model. This approach
would bypass both the SSAM reconstruction and the finite element simulations, enabling
near-instant estimates of bone strength.



2 Theory

2.1 DXA2FEM

DXA2FEM is a method for estimating subject-specific bone strength from dual-energy X-
ray absorptiometry (DXA) images. It has been shown to improve hip fracture prediction
compared to standard areal bone mineral density (aBMD) measurements [7]. The method
reconstructs a three-dimensional (3D) model of the patient’s femur and pelvis using a
Statistical Shape and Appearance Model (SSAM) [6]. From the reconstructed geometry,
a finite element (FE) mesh is generated and used to simulate bone strength, which serves
as a biomechanical predictor of fracture risk [7].

2.1.1 SSAM

SSAM stands for Statistical Shape and Appearance Model and is used to represent ana-
tomical variability in both geometry and density distribution. The model is typically
constructed using principal component analysis (PCA) applied to a training set of seg-
mented CT images [6]. PCA provides a compact representation of anatomy by reducing
high-dimensional geometry and density information to a small number of statistically inde-
pendent modes, enabling efficient description, reconstruction, and optimization of realistic
anatomies during model fitting [8].

In DXA2FEM, the 3D reconstruction of the femur is described by 17 SSAM parameters,
while the pelvis is described by 10 parameters [7]. The model is based on training data
from 59 CT scans of femurs and 14 CT scans of pelvises [7].

2.1.2 Optimization

To estimate the subject-specific SSAM parameters from a 2D DXA image, an optimization
procedure is performed. Initially, instances of the femoral and pelvic SSAMs are generated
and roughly aligned to the DXA image. Digitally reconstructed radiographs (DRRs) are
then created by projecting the 3D reconstructions onto the image plane.

The similarity between the DRR and the measured DXA image is quantified using a cost
function. This cost function includes the sum of absolute differences between projected
and measured areal bone mineral density, constraints on anatomical positioning, and mesh
quality measures [6]. A genetic algorithm is used to iteratively update the SSAM para-
meters, rigid transformations, and scaling in order to minimize the cost function. The
optimization continues until convergence.



This optimization process is computationally demanding and may require several hours
per patient. For the dataset used in this study the average optimization time is over seven
hours.

2.1.3 Bone Strength

Bone strength estimation follows the DXA2FEM framework proposed in Grassi et al. [7].
After reconstruction of the subject-specific 3D proximal femur geometry, a correspond-
ing finite element (FE) model is automatically generated. The reconstructed femur FE
mesh consists of linear tetrahedral elements with element-specific volumetric bone mineral
density (vBMD) values, which are converted to quadratic elements to improve numerical
accuracy [7]. The vBMD values are transformed into elastic moduli using previously val-
idated empirical density—elasticity relationships, and elements at the periosteal surface are
assigned a minimum Young’s modulus of 5 GPa to compensate for possible reconstruction
artifacts [7].

An anatomical reference system is defined by warping a template femur to the reconstruc-
ted geometry and automatically identifying anatomical landmarks, enabling consistent
application of boundary conditions [7]. Linear elastic, quasi-static simulations are then
performed in Abaqus to mimic a sideways fall, the most common mechanism for hip frac-
ture [7]. Ten different loading configurations are considered, spanning 0°-30° in both
adduction and internal rotation, including a commonly used reference configuration of 10°
adduction and 15° internal rotation [7].

Fracture load is estimated using a principal strain limit criterion, where failure is assumed
to occur when predefined tensile or compressive strain thresholds are exceeded [7]. The
predicted fracture load is typically normalized by body weight. FE-predicted strength
obtained from this 2D-to-3D reconstruction framework has been shown to correlate more
strongly with incident hip fractures than areal bone mineral density (aBMD) alone [7].

We emphasize that the FE modeling and strength estimation procedure described above
was not implemented in this thesis but is adopted directly from [7].

2.2 Machine Learning

2.2.1 Artificial Neural Networks

Artificial neural networks (ANNs) are parametric models that approximate nonlinear func-
tions by composing multiple layers of linear transformations and nonlinear activation func-
tions. In supervised learning, the network is trained to approximate a mapping

f@ :R" — Rm, (21)
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where 6 denotes the set of trainable parameters. The presentation in this section follows
the general framework described by Goodfellow et al. in Deep Learning [9)].

Network Structure

A feedforward neural network consists of a sequence of layers that transform an input
vector x into an output prediction y. Each layer performs an affine transformation followed
by a nonlinear activation function:

hO® = gO (WORED 4 p0) (2.2)

where W® and b® are the weight matrix and bias vector of layer I, and g(l)(-) denotes
the activation function. The input is defined as h(® = x.

By stacking multiple layers, the network represents a composition of functions, enabling the
modeling of complex nonlinear relationships. The number of layers defines the network
depth, while the dimensionality of intermediate representations defines the width. In
general, deeper and wider networks have greater representational capacity and can achieve
higher accuracy, but they also increase the risk of overfitting if the amount of training data
or regularization is insufficient.

Activation Functions

Nonlinear activation functions are necessary to allow the network to represent nonlinear
mappings. Without nonlinearities, multiple linear layers would reduce to a single linear
transformation.

Common activation functions include the sigmoid function, hyperbolic tangent, and the
rectified linear unit (ReLU). In modern deep networks, ReLU is frequently used due to its
computational efficiency and stable gradient behavior:

ReLU(z) = max(0, 2) (2.3)

Loss Functions

Training is formulated as the minimization of a loss function that quantifies the discrep-
ancy between predictions y and ground truth targets y. Given a dataset of N samples
{(x:,y:)},, the network parameters § are obtained by minimizing the average loss over
the training data:



L) = Sl 3. (2.4)

=1

where (-, -) denotes a per-sample loss function. The function £(6) defines the optimization
objective and depends on the model parameters through the network output fy(x;).

For regression tasks, commonly used loss functions include the mean squared error (MSE),

buse = ||y — ylI3, (2.5)

the mean absolute error (MAE),

baae = [y =y, (2.6)

and the Huber loss, which combines quadratic and linear behavior to reduce sensitivity
to outliers. The choice of loss function influences robustness to noise and the geometry of
the optimization problem.

Optimization and Training

The network parameters are optimized using gradient-based methods. Gradients of the
loss function with respect to the parameters are computed using backpropagation, which
applies the chain rule to efficiently propagate derivatives through the network.

In practice, stochastic gradient descent (SGD) or adaptive variants such as Adam [10] are
used. Parameter updates are performed iteratively using mini-batches of data:

o) = 9 — VW Lp(00), (2.7)

where 7 is the learning rate and Lz denotes the loss computed over a mini-batch. The
learning rate determines how large the parameter updates are during each iteration of
training. A higher learning rate can accelerate training but may lead to unstable optim-
ization or prevent convergence if it is too large.

The mini-batch size determines the number of training samples used to estimate the gradi-
ent at each update step. Smaller batch sizes introduce stochasticity in the gradient estim-
ate, which can improve generalization but may lead to noisier optimization. Larger batch
sizes provide more stable gradient estimates at the cost of increased memory usage and
potentially slower convergence in terms of generalization performance. The batch size is
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therefore an important hyperparameter that influences both computational efficiency and
training dynamics.

Training proceeds for multiple epochs until convergence or until a predefined stopping
criterion is satisfied.

Regularization

Due to their high capacity, neural networks are prone to overfitting, particularly when
training data is limited. Regularization techniques are therefore applied to improve gen-
eralization.

One common method is L2 regularization (weight decay), which adds a penalty term to
the objective function:

Lieg(0) = L(0) + All0]]5. (2.8)

where A\ controls the regularization strength.

Additional strategies include dropout, early stopping based on validation performance,
and data augmentation. These methods reduce overfitting and improve robustness to
unseen data.

2.2.2 Convolutional Neural Networks

Convolutional neural networks (CNNs) are the most commonly used deep learning models
for image-based learning tasks, because they are designed to extract features from grid-
based structures such as images. A CNN typically contains three types of layers, the
convolutional layers, pooling layers and fully connected layers. The main operation of the
convolutional layers is the discrete convolution, where a set of learnable filters (or kernels)
is applied to the image [11]. For a two-dimensional input image I and a filter kernel K,
the convolution operation (%) producing a feature map S is given by

S(i,7) = K(m,n) % I[(m,n) :ZZK(m,n)](i—m,j—n). (2.9)

Each filter learns to respond to specific local patterns in the image, such as edges or
texture variations. By stacking multiple convolutional layers, the network can represent
increasingly abstract features with larger receptive fields.

A key structural property of convolutional neural networks is weight sharing, where the
same set of filter parameters is applied across all spatial locations of the image. This
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reduces the number of trainable parameters significantly compared to fully connected
architectures and introduces the assumption of translational invariance in images. If a
pattern is relevant in one region of the image, it is likely to be relevant elsewhere. This
assumption is appropriate for medical images such as DXA scans, where structural features
of interest may appear at varying spatial locations [12, 13].

Each convolutional layer typically produces multiple feature maps, corresponding to dif-
ferent learned filters. If a layer has C}, input channels and C, filters, then Cy,; feature
maps are produced. These feature maps are commonly followed by a nonlinear activation
function [11].

Pooling layer

Pooling layers are frequently used between convolutional layers to downsample feature
maps. Pooling layers are used to reduce the spatial dimensions of the feature maps, but
still keep the most important information. This is done by sliding a filter over the feature
map and depending on what type of pooling is used it will summarize it in different ways.
The primary types of pooling are max-pooling which reduces each region to its largest
value, and average-pooling which takes the average value of the region [14].

The purpose of pooling layers is to reduce the number of feature components to process
which makes the model faster and more efficient.

By stacking multiple convolutional and pooling layers, CNNs construct hierarchical fea-
ture representations. Early layers typically learn local features such as edges and intensity
gradients, while deeper layers capture increasingly abstract structures formed by combin-
ations of local patterns. This means that the size of the receptive field i.e. what parts of
the image are used as information for different features, grows with depth, allowing later
layers to encode global structural information [14].

Fully connected (dense) layer

Fully connected (FC) layer also known as dense are layers where each of the neurons are
connected to each of the neurons in the previous layer as well as to each of the neurons
in the next layer. In CNNs FC layers are usually put after the convolutional and pooling
layers to convert the feature maps into a final prediction.

2.2.3 Transfer Learning

Transfer learning refers to the practice of initializing a model with parameters learned
on a different, often more general, source problem. The formal definition is that, given
a target domain D and learning task 77, knowledge acquired on a source domain Dg
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and learning task 7g is used to improve the predictive function fr(-) in Dy [15]. Cases
where the target task is different from the source task are referred to as inductive transfer
learning [15]. Inductive transfer learning can be used to learn feature representations that
are subsequently adapted to the target task.

When the target domain is significantly smaller than the source domain, transfer learning
can be a powerful tool to enable the training of large networks without severe overfitting
[16]. For image classification and feature extraction, a common source domain is the
ImageNet dataset [16, 17]. It consists of over one million labeled images across 1000 object
categories [17]. In deep learning for images, it has been observed that the initial layers of
convolutional networks learn similar low-level features such as edges and color blobs [16].
This makes the initial layers particularly useful for transfer learning. The middle and final
layers are more task-specific and often require fine-tuning, especially when the target task
differs from the source task [16]. When transfer learning leads to degraded performance
compared to training from scratch, it is referred to as negative transfer [15].

A recent image learning architecture is EfficientNetV2. It is pretrained on ImageNet and
achieves shorter training times and improved accuracy compared to earlier convolutional
architectures [18]. The model has also demonstrated strong transfer learning performance
on multiple downstream datasets, indicating that the learned representations generalize
beyond the ImageNet domain [18].

2.2.4 Machine Learning on Medical Imaging

Convolutional neural networks have become the dominant methodology in medical image
analysis, demonstrating superior performance compared to traditional approaches based
on handcrafted features across tasks including classification, detection, and segmentation
in MRI, CT, X-ray, and ultrasound images [19, 20]. A key challenge in this domain is
the limited availability of large, annotated datasets due to the cost of expert annotation
and data privacy constraints. Transfer learning has therefore emerged as a widely adopted
strategy, where models pretrained on large-scale natural image datasets such as ImageNet
are adapted to medical imaging tasks [19, 20]. A comprehensive review of 121 studies
found that architectures such as ResNet and Inception are most frequently used as back-
bone models, and that no single architecture consistently outperforms others across all
imaging modalities and clinical tasks. Instead, performance depends heavily on dataset
size, anatomical region, and number of output classes [20].

Transfer learning with EfficientNet architectures has demonstrated strong performance
across a range of medical imaging applications. Marques et al. applied an EfficientNet-
B4 model to chest X-ray classification for automated COVID-19 diagnosis, achieving an
average accuracy of 99.62% for binary classification, outperforming prior architectures
including VGG, ResNet, and MobileNet [21]. Shah et al. similarly demonstrated that
a fine-tuned EfficientNet-BO model for MRI-based brain tumor classification achieved a
validation accuracy of 98.87%, outperforming several well-known CNN architectures while
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maintaining a smaller model size and fewer parameters [22]. These results illustrate that
EfficientNet-based transfer learning can provide accurate and computationally efficient
solutions, even in settings with limited data.

Beyond classification, deep learning has been applied to the regression of statistical shape
model parameters from medical images; a task closely related to the one addressed in this
thesis. Ha et al. proposed a framework for 2D-3D reconstruction of the femur from a
single X-ray image using a deep transfer learning network integrated with a statistical
shape model [23]. By directly predicting SSM deformation parameters from X-ray im-
ages, the method eliminates the need for conventional calibration, 2D-3D registration,
and iterative optimization. The approach achieved reconstruction errors of approxim-
ately 1.1-1.2 mm RMS point-to-surface distance, demonstrating accuracy comparable to
methods relying on multiple images or iterative optimization. Ha et al. also evaluated
several pretrained architectures for this task, including Xception, EfficientNet, VGG16,
ResNet152V2, NASNetLarge, and InceptionResNet; finding that their performance was
broadly comparable, with a slight advantage for Xception [23]. This suggests that multiple
modern architectures are suitable for medical image-based parameter regression and that
the choice of backbone may be guided by considerations such as training stability and
computational efficiency.

Deep learning has also been applied to the reconstruction of 3D volumetric structures from
2D radiographic inputs more broadly. Chen et al. proposed a framework for reconstructing
3D vertebral structures from bi-planar X-ray images, achieving a Dice score of 89.92%
and significantly outperforming prior volumetric reconstruction methods [24]. Bottini et
al. investigated generating synthetic CT volumes of the spine from biplanar radiographs
using both generative adversarial networks and CNN-based implicit neural representations,
demonstrating that deep learning can approximate 3D CT reconstruction from limited 2D
imaging, with GAN-based approaches currently offering the most perceptually realistic
results [25]. These works demonstrate the broader feasibility of the goal pursued in this
thesis: using 2D projection images as input to predict or reconstruct clinically useful 3D
representations of bone anatomy.
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3 Material and Methods

The aim of this thesis is to investigate whether machine learning can be used to accelerate
the DXA2FEM pipeline while maintaining comparable predictive performance. To achieve
this, two different neural network architectures were developed: a baseline convolutional
neural network (CNN) and a transfer learning-based network. The models were trained
using femur DXA images from elderly male patients as input.

Two different prediction strategies were evaluated. In the first approach, the networks
predicted SSAM parameters, which were subsequently used in the DXA2FEM pipeline
to estimate bone strength from the reconstructed FE mesh. In the second approach, the
networks predicted bone strength directly from the images.

The use of artificially generated digitally reconstructed radiographs (DRRs) images as
synthetic training data was also investigated by generating synthetic images and training
the networks on this data.

The results were evaluated at multiple levels in order to compare the performance of the
proposed models with each other and with the original DXA2FEM results.

3.1 Material

Two datasets are used in this thesis project: the MrOS and the MrPeak cohorts. These
datasets are chosen because they have been used in previous DXA2FEM studies, which
means there already exists reconstructions and bone strengths which can be used as output
for our models [7].

The primary dataset is the Swedish MrOS cohort, which consists of 3014 men aged 69-80
years [26]. The cohort includes clinical data, physical performance measurements, and
DXA images.

Complete data entries, with DXA images and corresponding SSAM reconstruction para-
meters, only exist for 1583 of the subjects in the cohort. Thus, 1583 subjects are included
for machine learning model development for this thesis.

The MrPeak cohort is used as a complementary dataset. It consists of 1052 men aged
18-28 years [27]. As this group includes young individuals, no fall-related fractures are
present; however, the dataset provides additional DXA images and corresponding SSAM
parameters suitable for evaluation of 3D reconstruction performance. From this cohort,
1097 DXA-SSAM pairs are available. This dataset was only used for validation during
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the initial phase of model development and thus no results for MrPeak will be presented.

3.1.1 DXA Images

Figure 3.1 shows three example DXA images before preprocessing. The images represent
proximal femur scans acquired in a standardized clinical setting. The femoral neck (Fig-
ure 3.2a), greater trochanter (Figure 3.2b), and parts of the femoral shaft (Figure 3.2c)
are clearly visible. The cortical bone appears with higher intensity values, whereas the
trabecular regions exhibit a more heterogeneous texture.

(a) Femoral neck. (b) Greater trochanter. (c) Femoral shaft.

Figure 3.2: Anatomy of the femur.

3.1.2 Reconstructions

The reconstruction files with the SSAM parameters used come from DXA2FEM optim-
izations. In total 40 parameters are estimated for each subject. The parameters include
SSAM parameters for the femur and pelvis as well as scale factors and positions of the
bones for aligning the projected DRR to the original images during DXA2FEM optimiz-
ation, see Table 3.1.
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For our dataset parameters 27, 28 and 29 have the value —10 (the bottom end of the
allowed range) for all samples. Thus, we treat these as constants for our predictions.
These parameters are translations of the pelvis for the 2D projection used for optimization
and their final values are not included when calculating the FE mesh for bone strength
prediction.

Parameter Group ‘ # Type Range

Femur rotations (6,,6,,6,) 1-3 Rotation parameters [-10, 10]

Femur translations (¢,,t,) 4-5 Translation [-5, 5]
parameters

Femur scale 6 Scale factor (0.8, 1.2 ]

Femur SSAM modes 7-23 Shape and appearance [-3, 3]
coefficients

Pelvis rotations (6,,6,,6.) 24-26 Rotation parameters [-10, 10]

Pelvis translations (t,,t,,t) 27-29 Translation -10, 10]
parameters

Pelvis scale 30 Scale factor (0.8, 1.2 ]

Pelvis SSAM modes 31-40 Shape and appearance [-3, 3]
coefficients

Table 3.1: Summary of parameters contained in the reconstruction vector y.

3.2 Methods

Two main models were developed and evaluated in this study: a baseline convolutional
neural network (CNN) model and a transfer learning model. The network architecture for
both models can be found in Appendix A. The models were developed independently, and
results are presented for the final versions of each approach.

Model development followed an iterative experimental workflow including data prepro-
cessing, architecture design, training, and evaluation. Multiple architectural configura-
tions and training strategies were explored during development.

Hyperparameters were selected through structured experimentation, guided by domain
knowledge and standard machine learning practice, with final configurations chosen based
on validation performance.

Due to the substantial computational demands of training deep neural networks on large
image datasets, exhaustive grid search or automated hyperparameter optimization meth-
ods were not feasible within the available resources.
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3.2.1 Preprocessing

Before the DX A images can be used as input for the neural networks, they are preprocessed
to obtain a consistent input format across datasets.

The DXA images from the MrOS dataset have widths in the range [250, 285] pixels and
heights in the range [119,202] pixels. Since the neural networks require square images
of fixed size, an image resolution of 250 x 250 pixels was defined. All MrOS images
with excessive width were cropped on the right-hand side. To obtain the correct height,
zero-padding was applied at the bottom of the images.

The MrPeak dataset exhibits larger variation in image dimensions, with widths in the
range [250, 567] pixels and heights in the range [103, 866] pixels. A subset of 35 images
had a width of 567 pixels and was isotropically rescaled to a width of 250 pixels. The
remaining images already had the correct width. Some of the larger images had heights ex-
ceeding their width; these images were cropped at the bottom to obtain square dimensions
without removing clinically relevant anatomical structures. After rescaling and cropping,
all MrPeak images were padded with zeros to reach the final size of 250 x 250 pixels.

The MrOS dataset has pixel intensities in the range [0,9.12], while the MrPeak dataset
spans [0, 15.58]. Visual inspection of the images and the corresponding intensity distribu-
tions showed that pixel intensities above 5 are primarily artifacts (bright white shapes in
otherwise dark regions of the images). Consequently, all pixel values greater than or equal
to 5 were clipped and set to zero.

Since the pretrained network is trained on RGB images, the grayscale DXA images were
converted to three-channel images by stacking the grayscale channel three times. The
pixel intensities were then linearly rescaled to the range [0,255] to match the expected
input format of the pretrained model.

Finally, the parameter arrays extracted from the reconstruction files were matched with
the corresponding DXA images using patient identifiers to ensure correct pairing between
input images and target parameters.

Before model development, both datasets were divided into training (70%), validation
(10%), and test (20%) sets using a patient-wise split, ensuring that no images from the
same patient appeared in more than one subset.

Given the total MrOS cohort of 1583 patients, this resulted in 1108 patients for training,
158 for validation, and 317 for testing. This distribution was selected to provide sufficient
data for model optimization while preserving a statistically meaningful and fully independ-
ent test cohort for reliable evaluation of generalization performance. While no universally
optimal split exists, the chosen ratio represents a commonly adopted and well-balanced
compromise in deep learning studies.
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3.2.2 Baseline Network

The baseline model consists of a compact convolutional neural network used as a shared
feature extractor, followed by multiple regression heads. The convolutional backbone
comprises four convolutional blocks, each consisting of a two-dimensional convolution,
batch normalization, and a ReLU activation function. All convolutional layers use a
kernel size of 7x7 with stride 1. Each block is followed by a max-pooling layer with kernel
size 3x3 and stride 2, progressively reducing the spatial resolution while increasing the
number of feature channels (32, 64, 128, and 256).

After the final convolutional block, global average pooling is applied, reducing each of the
256 feature maps to a single scalar value. This produces a 256-dimensional feature vector
representing the input image.

The resulting feature vector is then processed by a set of independent regression heads.
Each head is implemented as a two-layer multilayer perceptron (MLP) consisting of a fully
connected layer with 128 hidden units followed by a ReLU activation and a final linear
layer producing a single scalar output. One regression head is used per target parameter,
resulting in 40 independent prediction branches.

The use of independent regression heads allows each output parameter to learn parameter
specific combinations from the shared feature vector. This reduces interference between
parameters and enables the model to specialize for each target.

For training all target parameters were standardized with mean and standard deviation
for each of the parameters from the training set. Standardization stops the network
from prioritizing large-scale parameters as these would otherwise have larger errors and
gradients.

Huber-loss was used as the loss function with no custom weights. The Adam optimizer is
used. The model is trained with batch size 16 and a base learning rate of 0.05 - % = 0.031
and scheduling which warms up from 0 to 0.003125 in 5 epochs and then decaying by a
factor of 0.5 when validation loss has not decreased in seven epochs. The training stops

when the learning rates reaches its minimum which is set to 1075.

3.2.3 Transfer Network

The transfer learning network is based on the EfficientNet architecture, specifically Effi-
cientNetV2B2 [18]. Several other pretrained architectures were also evaluated, including
EfficientNetB2 [28], MobileNetV2 [29], and Xception [30].

Although these architectures differ in their internal design, they are all well-established
convolutional neural networks pretrained on large-scale natural image datasets and com-
monly used for transfer learning. In practical applications, they follow the same overall
principle of learning general visual features that can be adapted to domain-specific tasks
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such as medical imaging.

Based on both our experimental results and findings reported in previous studies [19,
23], there is no consistent evidence that any of these architectures is inherently superior
for medical imaging tasks in general. Performance differences are typically task- and
dataset-dependent rather than architecture-dependent. In our experiments, the models
achieved comparable results in terms of test loss and mean absolute error (MAE), with
EfficientNetV2B2 showing a slight but consistent advantage. It was therefore selected as
the primary pretrained backbone for this study.

The full transfer network consists of the pretrained EfficientNetV2B2 network, without
the fully connected classification layer, connected to a regression head comprising three
dense layers. The output layer contains 40 nodes, one for each SSAM parameter, and uses
a linear activation function. To reduce overfitting, input images are augmented during
training using small random rotations, translations, and additive noise.

The target parameters were normalized prior to training using a hybrid strategy. The scale
factors were standardized using Z-score normalization. All remaining SSAM parameters
were normalized to the range [0,1] using min-max scaling. Normalization parameters were
computed from the training set and applied consistently to validation and test data.

The loss function used for training is a custom weighted Huber loss. The femoral SSAM
parameters have the greatest influence on the reconstructed 3D geometry and were there-
fore assigned higher weights. The first SSAM parameter corresponds to the first principal
component and thus represents the largest mode of variation. Consequently, it was as-
signed the highest weight (17), with weights decreasing exponentially to 1 for the final
femoral SSAM parameter. All remaining parameters were assigned a weight of 1. The
Huber loss was chosen due to its robustness to outliers while maintaining sensitivity to
small errors.

Training was performed in two phases. In the first phase, all pretrained backbone weights
were frozen and only the regression head was trained. In the second phase, the final
block of the pretrained network was unfrozen to fine-tune the model. The batch size used
for this network is 16. The Adam optimizer was used, with an initial learning rate of
5-107* during the first phase and 5- 107> during fine-tuning. During training, the learning
rate was reduced when the validation loss plateaued, and training was terminated early if
performance ceased to improve or the learning rate reached a predefined minimum.

3.2.4 Bone Strength Estimation

From the predicted SSAM parameters, subject-specific 3D proximal femur geometries
were reconstructed and converted into finite element (FE) meshes using the DXA2FEM
pipeline implemented in MATLAB. The resulting meshes consisted of tetrahedral elements
with element-specific volumetric bone mineral density (vBMD) values derived from the
reconstruction. In accordance with the procedure described in Section 2.1.3, the elements

16



were converted to quadratic tetrahedra and the vBMD values were transformed into elastic
moduli using established density—elasticity relationships. A minimum Young’s modulus
was enforced at the periosteal surface to reduce the impact of potential reconstruction
artifacts. An anatomical reference system was defined automatically to ensure consistent
alignment and application of boundary conditions across subjects.

Linear elastic, quasi-static FE simulations were then performed in Abaqus to mimic side-
ways fall loading conditions. Ten loading configurations were considered, spanning 0°-30°
in both adduction and internal rotation, including the commonly adopted 10° adduction
and 15° internal rotation configuration. Fracture load was determined using a principal
strain limit criterion, where failure was assumed when predefined strain thresholds were
exceeded. For each subject, the resulting fracture load from the simulations was used as
the predicted bone strength.

Since the DXA2FEM finite element simulations are computationally demanding, an al-
ternative approach was also investigated. Instead of predicting SSAM parameters followed
by mesh generation and FE simulation, the neural networks were trained to predict bone
strength directly from the DXA images.

To enable direct bone strength prediction, minor architectural modifications were applied
to both networks. For the baseline network, the 40 parallel regression heads used for SSAM
parameter prediction were replaced with ten regression heads producing ten scalar outputs
corresponding to each configuration of the FEM simulation. For the transfer network, the
original 40-dimensional output layer was replaced by a fully connected layer connected to
ten linear output nodes.

This direct regression approach bypasses SSAM parameter estimation, mesh reconstruc-
tion, and FE simulation, resulting in a substantially reduced computational cost.

3.2.5 Evaluation Methods

The performance of the neural networks was evaluated at multiple levels. First, model
performance was assessed using standard regression metrics computed on the predicted
SSAM parameters. Second, the geometric accuracy of the reconstructed femur was eval-
uated by comparing the predicted FE mesh to the reference DXA2FEM mesh. Third,
the biomechanical validity of the predictions was assessed by comparing predicted bone
strength to the corresponding DXA2FEM results.

For all evaluations, the DXA2FEM pipeline was used as the reference method and DXA2FEM
results are treated as ground truth.
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Loss-Based Evaluation

During model development, training and validation loss were used to compare different
network architectures and hyperparameter configurations. Performance was quantified
using mean square error (MSE), mean absolute error (MAE), and Huber loss. In addition,
prediction errors for individual SSAM parameters were analyzed.

FE Mesh Evaluation

To assess geometric reconstruction accuracy, the predicted SSAM parameters were used
to generate subject-specific FE meshes. Since the predicted and reference meshes share
identical topology (same number of nodes and elements), direct node-to-node comparison
was possible. The mean node-to-node distance and the mean element-wise volumetric
bone density (p) error were used as quantitative performance metrics.

Bone Strength Evaluation

To evaluate biomechanical consistency, FE simulations identical to those used in the
DXA2FEM (7] pipeline (Section 2.1.3) were performed using the predicted meshes. The
resulting bone strength values were compared to the corresponding DXA2FEM derived
strengths.

3.2.6 Synthetic DRRs

During each iteration of the DXA2FEM optimization procedure, digitally reconstructed
radiographs (DRRs) are generated by projecting candidate 3D reconstructions onto a 2D
plane. The initial 3D reconstructions are constructed from randomly initialized SSAM
parameter configurations.

In principle, this mechanism can be exploited to generate synthetic training data. By
sampling anatomically plausible SSAM parameter vectors and projecting the correspond-
ing 3D reconstructions, synthetic DRRs can be created together with their known ground-
truth parameters. If the parameters are sampled carefully within realistic bounds, both
the reconstructed geometries and the resulting DRRs remain anatomically consistent.
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Figure 3.3: Examples of artificially generated DRRs.

To investigate this approach, 10 000 SSAM parameter vectors were generated. FEach para-
meter was sampled independently from a normal distribution estimated from the empirical
distribution of the real dataset. For each sampled parameter vector, a corresponding DRR
was generated using the same forward projection function employed in the DXA2FEM op-
timization procedure (Figure 3.3).

Two experimental setups were evaluated. In the first experiment, the synthetic DRRs
were split into training, validation, and test sets. The network was trained and evaluated
exclusively on synthetic data. Performance was assessed using the same loss functions and
3D reconstruction error metrics as for the real DXA images. In the second experiment,
all 10 000 synthetic DRRs were used as training data, while the original MrOS DXA
images were used for validation and testing. This setup evaluates whether pretraining on
synthetic DRRs improves generalization to real DXA images.

It should be clarified that this was not intended as a new research objective, but rather
as an exploratory analysis within the existing framework. The motivation was to assess
whether synthetic DRRs could be used directly as training data to mitigate the limited
availability of labeled DXA images. The experiments showed that additional adjustments,
such as improved realism and domain adaptation, would likely be necessary for effective
transfer to real DXA data. Developing and validating such modifications is outside the
scope of this thesis. Nevertheless, the approach is of methodological interest, and selected
results are therefore presented.
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4 Results

4.1 SSAM Parameters

The first stage of the evaluation concerns the prediction of SSAM parameters. During
model development, architectures and hyperparameters were selected based on training,
validation, and test loss, in addition to regression metrics such as MSE and MAE. Across
all reported metrics, the transfer network produced larger errors compared to the baseline
network (increase of 15.6% — 19.9%), see Table 4.1.

Analysis of individual SSAM parameters showed that certain parameters were predicted
more accurately than others. In particular, the global scale factors and the parameters
corresponding to the first femoral principal components exhibited lower prediction error
across both models, see Appendix B. Conversely, parameters associated with higher-order
modes of variation tended to show larger deviations.

For both networks, the predicted SSAM parameter distributions were generally more con-
centrated around the population mean compared to the reference values, indicating a
tendency toward conservative predictions. No clear signs of overfitting were observed, the
loss was similar for the training, validation and test datasets.

Model MAE MSE Huber
b=1

Baseline Network 0.705 1.778 0.433
Transfer Network 0.823 2.056 0.519

Table 4.1: Comparison of parameter prediction metrics on the test set.

4.2 FE Mesh

The baseline network achieved lower mean node-to-node distance and lower mean element-
wise density error compared to the transfer network. Although the overall performance
difference is modest, the transfer model consistently produced slightly larger (+13%) re-
construction errors.

Table 4.2 summarizes the geometric reconstruction performance of the FE meshes gener-
ated from the predicted SSAM parameters. The minimum and maximum values corres-
pond to the best and worst-performing test samples, respectively.
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Metric Baseline Network Transfer Network

Mean distance [mm] 1.132 1.283
Min distance [mm] 0.355 0.453
Max distance [mm] 3.548 3.399
Mean p MAE (elem-wise) [g/cm?] 0.0438 0.0490
Min p MAE [g/cm?] 0.0142 0.0237
Max p MAE [g/cm?] 0.0937 0.1172

Table 4.2: FE mesh reconstruction performance metrics for the baseline network and transfer
network evaluated on the test set.

For both models, the reconstructions were most accurate in the femoral neck region, where
the lowest mean node-to-node errors were observed. Larger errors were primarily located
in the surrounding trochanteric regions. The first column of Figure 4.1 shows the spatial
distribution of the mean node-to-node error across all test samples. The second and
third columns present examples of the best and worst reconstructions for each model,
respectively, based on mean node-to-node error (note the varying scale).
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Figure 4.1: Node-to-node reconstruction error on the FE mesh.
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The distribution of the mean node-to-node distance across all test samples for the two
networks is shown in Figure 4.2.

Baseline Network Transfer Network
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Count
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Mean node-to-node distance (mm) Mean node-to-node distance (mm)

Figure 4.2: Mean node-to-node error of each patient.

4.3 Bone Strength

The bone strength predictions in this section come from FE simulations using the stand-
ard loading configuration of 10° adduction and 15° internal rotation, the rest of the con-
figurations are shown in Appendix C. The average error metrics and the coefficient of
determination (R?) for the standard configuration are shown in Table 4.3 and the mean
for all the configurations are shown in Table 4.4.

With FE simulations, the two models performed similarly with a mean absolute error of
0.666 kN for the baseline network and 0.664 kN for the transfer network. When directly
predicting bone strength, the models achieved a mean absolute error of 0.397 kN for the
baseline network and 0.495 kN for the transfer network.
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Model MAE RMSE MAPE R?
[kN] [kN] [%]

Baseline Network (FEM) 0.666 0.801 13.12 0.725

Transfer Network (FEM) 0.664 0.843 12.55 0.428

Baseline Network (Direct) 0.397 0.503 7.31 0.761

Transfer Network (Direct) 0.495 0.633 9.03 0.731

Table 4.3: Comparison of predicted and reference bone strength for all evaluated models.
(10° add., 15° int. rot.)

In terms of average error metrics across all configurations, the baseline model performs
better than the transfer model and both models perform better when directly predicting
bone strength, see Table 4.4.

Model MAE RMSE MAPE R?
[kN] [kIN] [%]

Baseline Network (FEM) 0.587 0.712 11.97 0.707

Transfer Network (FEM) 0.605 0.775 12.11 0.420

Baseline Network (Direct) 0.381 0.486 7.53 0.739

Transfer Network (Direct) 0.469 0.603 9.14 0.607

Table 4.4: Comparison of mean prediction performance across all loading configurations for
the evaluated models.
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4.3.1 FEM Predictions

As can be seen in Table 4.3 the models perform similarly in terms of average error. Figure
4.4 and Figure 4.3 shows trend of predictions versus label as well as distribution of the
errors. The baseline network has a R? of 0.725 and has a clear bias towards overestimating
which can be seen in Figure 4.4 where the majority of prediction errors are positive (see
also Appendix C.1). The transfer network has an R? of 0.428 without a clear bias. Meaning
the baseline network has better correlation than the transfer network but because of the
bias they still have approximately the same average errors.
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Figure 4.3: Scatter plot of the true and predicted bone strengths using the DXA2FEM
pipeline for both models. (10° add., 15° int. rot.)
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Figure 4.4: Errors of the FEM bone strength predictions. (10° add., 15° int. rot.)

4.3.2 Direct Predictions

Figure 4.5 shows the relationship between predicted bone strength and the DXA2FEM
reference values for the baseline and transfer networks. The figure shows the results for the
simulations with the initial configuration of the femur of 10° adduction and 15° internal
rotation. The results for the other configurations are similar, see Appendix C.2. A linear
regression fit is included for each model.

For both networks, predicted strength values follow the overall trend of the reference values
without any clear bias, see Appendix C. The regression slope, intercept, and coefficient of
determination (R?) indicate stronger agreement for the baseline network compared to the
transfer network.

The distribution of the errors is centered around 0 for both networks, see Figure 4.6.
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Figure 4.5: Scatter plot of the true and predicted bone strengths, with predictions directly

from DXA images. (10° add., 15° int. rot.)
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Figure 4.6: Errors of the bone strength predictions directly from the DXA images. (10° add.,
15° int. rot.)

4.4 Synthetic DRRs

To evaluate the effect of training on synthetic data, parameter prediction performance
was compared across models trained and tested on synthetic DRRs and real DXA images.
Table 4.5 summarizes the results, with the corresponding DXA — DXA performance
included for reference.

When both training and testing were performed on synthetic DRRs (DRR — DRR), both
the baseline and transfer networks achieved substantially lower prediction errors compared
to the DXA — DXA setting. The MAE is reduced by 78.9% for the baseline network and
31.7% for the transfer network.

When training was performed on synthetic DRRs and testing on real DXA images (DRR
— DXA), prediction errors increased relative to the DXA — DXA configuration. However,
the performance degradation was smaller for the transfer network than for the baseline
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network. The MAE increased with 43.5% for the baseline network and only 10.7% for the
transfer network. In this setting, the transfer model achieved lower prediction error than
the baseline model, with a MAE of 0.911 compared to 1.012 for the baseline network.

Model MAE MSE Huber
0=1
Baseline Network (DRR — DRR) 0.149 0.086 0.036
Transfer Network (DRR — DRR) 0.562 0.902 0.299
Baseline Network (DRR — DXA) 1.012 3.368 0.694
Transfer Network (DRR — DXA) 0.911 2.617 0.600
Baseline Network (DXA — DXA) 0.705 1.778 0.433
Transfer Network (DXA — DXA) 0.823 2.056 0.519

Table 4.5: Comparison of parameter prediction metrics on the test set with models trained on
synthetic DRR images.

30



5 Discussion

5.1 Prediction of SSAM Parameters

The results show that the models can detect features that predict SSAM parameters. This
is particularly evident for the first femoral principal components (see Appendix B) which is
both expected and promising since these are the parameters that affect the reconstruction
the most. The spatial distribution of the reconstruction errors shows that the smallest
errors occur in the femoral neck region. This could be due to a lower variation in the
shape of this part of the bone within a population. Another explanation is that the target
function of the optimization algorithm in DXA2FEM prioritizes this specific region. As
a result, features in the femoral neck may have a stronger correlation with the optimized
parameter values, leading to improved reconstruction accuracy.

As for the scale of the errors, it is difficult to evaluate how "good” it is. The recon-
struction depends on the combination of 40 parameters and subsequently the predicted
bone strength depends on the mesh consisting of hundreds of thousands of nodes. This
makes the connection between parameter prediction error and the final result difficult to
interpret quantitatively. What can be seen is that between the two models, the baseline
network is approximately 15% better than the transfer network in terms of parameter
prediction errors and about 13% better in the reconstruction both in terms of node-to-
node distance and element-wise volumetric bone density error. However, improvements
in parameter prediction are not expected to translate into proportional improvements in
reconstruction, as some parameters have a greater influence on reconstruction than others.
The parameter prediction error is definitely an indication of how good the model is, but
the reconstruction metrics are needed to truly evaluate it.

In relation to the work of Ha et al. [23], a direct quantitative comparison of prediction
accuracy is not feasible. First, their model regresses only five SSM deformation para-
meters, whereas the present work predicts 40 SSAM parameters. The dimensionality and
complexity of the regression task are therefore substantially different. Second, the re-
ported reconstruction error in Ha et al. is expressed as RMS point-to-surface distance,
while this study evaluates reconstruction using node-to-node distance and element-wise
volumetric bone density error. These metrics are not directly interchangeable and reflect
different aspects of geometric fidelity. Finally, Ha et al. validated their framework on
femoral phantoms, whereas the present study is based on clinical patient data, which in-
troduces additional variability due to anatomical diversity, imaging conditions, and optim-
ization noise in the target parameters. Consequently, although both approaches address
regression of statistical model parameters from radiographic images, methodological and
experimental differences preclude a direct numerical comparison of accuracy.
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A fundamental problem for these models is that the target parameters are obtained
through an optimization algorithm and are therefore not guaranteed to correspond to the
global minima. Because of this, the same or very similar input features may sometimes be
associated with different parameter values depending on the outcome of the optimization
process. This creates noise in the training labels which will disturb the network’s ability to
predict accurately. It is difficult to quantify how much of a factor this is, as the reliability
of the optimization algorithm in reaching the global minima is unknown.

5.2 Bone Strength Prediction

The FEM-based predictions from the baseline model exhibit strong correlation across all
configurations (R? > 0.683, see Appendix C). However, the mean absolute error remains
relatively high compared to the baseline model that directly predicts bone strength (MAE
= 0.587 vs. 0.381, see Table 4.4).

The average R? values for the two methods are considerably closer (0.707 vs. 0.739),
indicating that both models explain a similar proportion of the variance in the data. This
suggests that the elevated error in the FEM-based approach is primarily due to systematic
bias rather than an inability to capture underlying relationships. Consequently, if the
source of this bias can be identified and mitigated, the FEM-based approach has the
potential to achieve comparable performance in terms of average error.

Even though a model that directly predicts bone strength would be the most effective in
time and complexity, we believe that the most accurate results can be achieved through
parameter prediction. It is more probable that the CNN for the direct prediction method
learn features that correlate with image-derived bone density measures, such as DXA-based
aBMD, rather than capturing the complexity of 3D-reconstruction and FE simulations.
The parameter prediction operates on the same input as the optimization algorithm in
the DXA2FEM pipeline and should therefore be able to capture the features connected to
the parameters much easier.

5.3 Baseline and Transfer Network Performance

The two evaluated networks showed similar performance, although the baseline CNN
achieved slightly better results for almost all metrics (see Tables 4.1, 4.2, 4.4). The po-
tential benefits of transfer learning include improved generalization when training data
is limited, shorter training times, and a reduced risk of overfitting. In our case, these
advantages did not have a substantial impact compared to the baseline CNN.

The DXA images are highly standardized, with the femur located close to the center of
the image in almost all cases. This allows a relatively shallow CNN trained from scratch
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to learn where relevant features are located without needing strong spatial invariance.
Networks pretrained on ImageNet are designed to recognize objects under varying orient-
ations and positions, for example identifying an object even if it is mirrored or appears
in a different part of the image. Such general functionality is not necessary for this task.
Instead, pretrained feature representations optimized for natural RGB images may be less
suited for grayscale radiographic textures.

Shorter training times were also not an important factor in this study. Training on personal
computers required approximately one to two hours for both networks, while training
on the LUNARC computing cluster took less than fifteen minutes in both cases. The
difference in training time therefore had little practical impact.

The reduced risk of overfitting associated with transfer learning was also limited. For
both models, the predicted parameters tended to be closer to the population mean than
the reference values. These conservative predictions suggest that the main challenge for
the networks is extracting sufficient information from the images rather than preventing
overfitting.

When training on artificial DRR images and evaluating on DXA images, the transfer
network performed better than the baseline network, see Table 4.5. In this case, the
improved generalization of the pretrained model becomes beneficial since the test images
differ substantially from the training data.

5.4 Dataset Limitations

Although further optimization of both models would likely have been possible, larger
performance improvements could probably be achieved by increasing the amount and
quality of available training data. A dataset consisting of 1583 images is relatively small for
image-based learning tasks. For comparison, large-scale image datasets such as ImageNet
are trained on more than one million images. The limited dataset size therefore restricts
the ability of the networks to learn more robust feature representations.

Since the models are trained using results generated by the DXA2FEM pipeline, the goal
was not to improve the predictive accuracy of DXA2FEM itself. Instead, the objective
was to investigate whether similar results could be reproduced using machine learning
while significantly reducing the computational cost. If the training data had instead
consisted of FE meshes derived from CT scans, it might have been possible to improve the
accuracy beyond that of DXA2FEM. However, CT-based reconstructions are considerably
more difficult and expensive to obtain, involve higher radiation exposure for patients, and
require manual work from a trained engineer to fit the FE mesh to the 3D geometry. In
addition, if the number of available samples is limited, the potential benefits of higher-
quality CT data may not outweigh the advantages of using the more accessible DXA
images.
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Another limitation is that only images from male patients were used for training. Although
the DXA2FEM pipeline is applicable to both men and women, there is no guarantee
that the trained networks would generalize equally well to female patients. Anatomical
differences and differences in bone density distributions may require additional training
data to achieve comparable performance.

Furthermore, the available datasets primarily consist of specific age groups, which may
also limit generalization to broader clinical populations. Additional data covering a wider
demographic range would likely improve model robustness.

5.5 Synthetic DRRs

The results from the networks trained on synthetic DRRs show promising performance,
although further work is required before the approach can fully replace training on real
DXA data.

The DRR — DRR results are significantly better than the DXA — DXA results for both
models, see Table 4.5. The lack of noise, acquisition artifacts, and other imperfections
in the synthetic DRRs is likely a major reason for this performance improvement. In
addition, the larger training dataset probably contributed to the lower prediction errors
(Table 4.5). The very low prediction error achieved by the baseline network suggests that
this architecture benefits strongly from increased data availability. This observation is
consistent with the expected advantages of transfer learning primarily appearing when
training data is limited.

The DRR — DXA results are worse than the DXA — DXA results, but the performance
gap is relatively small for the transfer network (10.7% — 27.3% worse compared to 43.5% —
89.4% for the baseline network, see Table 4.5). This indicates improved robustness to
domain shift when using pretrained features. Several factors could likely improve the
DRR — DXA performance. Independent sampling of SSAM parameters may produce
anatomically unrealistic combinations, and sampling that preserves parameter covariance
could improve the realism of the generated femur models. In addition, the synthetic DRRs
are considerably cleaner than real DXA images, which include scanner noise, soft tissue
variation, and acquisition artifacts. Incorporating more realistic noise modeling or image
augmentation during DRR generation would likely reduce this domain gap.

Overall, the results indicate that training with synthetic DRRs is a promising approach.
This is particularly relevant in medical imaging applications where access to large annot-
ated datasets is often limited.
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5.6 Practical Considerations and Future Applications

Before the methods presented in this thesis can be used in a practical setting, improvements
are required in several areas. A recent study showed that although DXA2FEM achieves a
higher AUC for hip fracture prediction than aBMD (0.74 compared to 0.69), the difference
is not statistically significant [31]. Since the mean absolute percentage error (MAPE) of
our bone strength predictions ranges from 6.19% to 15.79%, it is unlikely that any of our
proposed methods would achieve fracture risk predictions that are more accurate than
those obtained using aBMD alone. In such a case, the trade-off of reduced accuracy in
exchange for faster computation would not be justified. To confirm this, and find out
what accuracy is required, fracture risks would need to be calculated and compared to
predictions from other methods and the actual outcomes.

This hypothesis could be further evaluated by calculating the absolute fracture risk (ARF0)
[31] using bone strength values predicted by our models. However, this analysis was not
performed due to the limited number of hip fracture cases available in our test set.

Another potential application of the predicted SSAM parameters is to use them as initial
estimates for the DXA2FEM optimization procedure. Providing improved initial paramet-
ers could accelerate the convergence of the optimization algorithm while preserving the
accuracy of the final reconstruction. We did not test this because some minor adjustments

to the DXA2FEM code would be required.

5.7 Ethics

Applying machine learning to medical prognosis raises several ethical considerations re-
lated to data use, model reliability and potential practical applications.

The data used in this study were anonymized prior to access. No personally identifiable
information was available to models, and subjects were only represented by an index along
with the date when the DXA-scan was taken.

A significant limitation of this study is the composition of the training data, which consists
exclusively of male subjects within relatively narrow age ranges. This introduces a risk
of model bias, as this may not generalize to female populations or individuals outside
the studied age groups. From an ethical perspective, deploying such models without
addressing these limitations could lead to unequal performance across patient groups and
potentially contribute to disparities in clinical decision-making. Expanding the dataset to
include more diverse populations is therefore not only a technical improvement but also
an ethical necessity.

When using any predictive model, it is important to consider the accuracy of the predic-
tions before drawing conclusions or applying them in practice. Even when major errors

35



are rare, it can have significant consequences in a medical context. Incorrect predictions
may lead to inappropriate clinical decisions, such as unnecessary treatment or failure to
provide needed care. For this reason, clinical decisions with substantial consequences
should always rely on the most accurate and validated methods available.

This consideration is particularly important for machine learning models such as those
developed in this study. These models are inherently difficult to interpret. As a result,
there is an increased reliance on empirical validation rather than understanding how the
model came to its prediction. Without sufficient validation, there is a risk that the model
may contribute to incorrect conclusions that can negatively affect patient outcomes. If a
model such as these are used in practice the results must be so clear that the only reason
wrongful treatment is given is if a clinician has misinterpreted the data.

When using any model that predicts an outcome it is important to be aware of the accuracy
of the prediction when drawing conclusions. Incorrect predictions even if they are rare can
have large consequences if acted upon. For example in a medical setting this could result
in giving unnecessary care or even no care at all to a subject. Therefore the care given
should always be based on the most accurate method if a decision with large consequences
is made. More specifically for machine learning models such as the one developed in
this study where it is difficult if not even impossible to derive why it made a certain
prediction It is extremely important that the model has went through rigorous testing of
its robustness in order to ensure that it doesn’t contribute to a conclusion that will effect
the patient negatively.
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6 Conclusions and Future Work

6.1 Conclusions

This thesis investigated whether machine learning can be used to accelerate the DXA2FEM
pipeline while maintaining comparable predictions of bone strength from DXA images.

The results show that neural networks are capable of extracting relevant structural inform-
ation from DXA images and predicting parameters related to femur geometry and bone
strength. Although the predicted SSAM parameters were not sufficiently accurate to fully
replace the DXA2FEM optimization procedure, they may already be useful as initial es-
timates for the optimization algorithm, potentially reducing the overall reconstruction
time.

The most accurate bone strength predictions were obtained when predicting bone strength
directly from DXA images. This approach bypasses both SSAM reconstruction and finite
element simulations, allowing bone strength to be estimated almost instantly. However,
the DXA2FEM pipeline remains important for generating reliable reference values used
during model training.

Finally, the results indicate that artificially generated DRRs can be used as training data
for neural networks. While further work is required to improve the realism of the synthetic
images and reduce the domain gap to real DXA images, this approach shows promise as
a way to address the limited availability of labeled medical imaging data.

Overall, the results suggest that machine learning has the potential to significantly reduce
the computational cost of DXA2FEM while preserving much of its predictive capability.

6.2 Future Work

One natural continuation of this work is to evaluate fracture risk predictions based on
the bone strength values predicted by our models. This requires a dataset containing
a sufficient number of hip fracture cases. In Grassi et al. [7], the predictive ability of
DXA2FEM was evaluated using a test set consisting of 120 hip fracture cases and 240
control cases from the MrOS cohort. A similar evaluation could be performed using bone
strength predictions from our models. This could either be done using a 10-fold cross-
validation setup or by training the models on the remaining data and computing the
absolute fracture risk (ARFO0) from the predicted bone strengths.
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Another direction for future work is to further explore the use of synthetic DRRs for
training the neural networks. One potential improvement is to introduce realistic noise
models to the generated DRRs in order to better match the characteristics of real DXA
images. Additionally, generating SSAM parameters using covariance-based sampling in-
stead of independent sampling could produce more anatomically realistic reconstructions,
which may improve model performance.

The synthetic DRR approach could also be extended by performing FEM simulations
on the generated reconstructions in order to obtain corresponding bone strength values.
Neural networks could then be trained on artificial DRRs to predict bone strength directly.
Although generating such a dataset would require substantial computational resources, it
may be worthwhile since the best bone strength prediction performance in this study was
obtained when predicting bone strength directly from the images.

Finally, the predicted SSAM parameters from the baseline network could be used to ini-
tialize the DXA2FEM genetic algorithm optimization. Instead of starting from randomly
sampled parameters, the initial population could be generated around the predicted para-
meter values. This may reduce the number of optimization iterations required and thereby
shorten the overall reconstruction time.
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Appendix A

Network Architectures

Baseline Network

Layer Output Notes
Shape
Input Layer ‘ 250 x 250 x 1 Grayscale DXA input
Conv-BN-ReLU 250 x250%x32 7 x 7 conv, stride 1,
padding 3
MaxPool 124 x124x 32 3 x 3 max pool, stride 2
Conv—BN-ReLU 124 x124x64 7 x 7 conv, stride 1,
padding 3
MaxPool 61 x 61 x 64 3 x 3 max pool, stride 2
Conv-BN-ReLLU 61 x 61 x 128 7 X 7 conv, stride 1,
padding 3
MaxPool 30 x 30 x 128 3 x 3 max pool, stride 2
Conv—BN-ReLLU 30 x 30 x 256 7 x 7 conv, stride 1,
padding 3
MaxPool 14 x 14 x 256 3 x 3 max pool, stride 2
Global Average Pooling ‘ 256 Feature vector
Shared Feature Vector ‘ 256 Output of CNN backbone
Regression Heads (x40) | 1 x 40 MLP: 256 — 128 — 1
Concatenation of Heads ‘ 40 Final output vector

Total Parameters 3,464,425 (all trainable)

Table A.1: Architecture of the baseline multi-head CNN used for SSAM parameter regression.
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Transfer Network

Layer ‘ Output Shape Notes
Input Layer 250 x 250 x 3 RGB input
image
Data Augmentation 250 x 250 x 3 Rotation,
translation,
brightness,
contrast,
Gaussian noise
EfficientNetV2B2 (ImageNet) 8 x 8 x 1408 Pretrained
backbone
Global Average Pooling 1408 Feature vector
Dense (ReLU) 250 Fully connected
layer
Batch Normalization 250 Feature
normalization
Dropout 250 p=04
Dense (ReLU) 128 Fully connected
layer
Batch Normalization 128 Feature
normalization
Dropout 128 p=20.3
Output (Linear) 40 Final output
vector

Total Parameters

9,160,166 (6,630,054 trainable)

Table A.2: Architecture of the transfer learning network based on EfficientNetV2B2.
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Appendix B

SSAM Parameter Predictions

Baseline Network

Parameter Slope Intercept R?
1 0.2215 3.3096 0.1070
2 0.1178 2.4023 0.0499
3 0.1536 -1.3240 0.1494
4 0.5078 1.5293 0.4945
) 0.2111 -2.6834 0.0310
6 0.0193 0.9463 -0.1563
7 0.6733 0.4589 0.4760
8 0.5557 -0.1697 0.5684
9 0.6514 0.4789 0.6843
10 0.2984 0.2411 0.2509
11 0.3654 -0.8064 0.1696
12 0.2742 -0.2715 0.0542
13 0.2883 -0.0774 0.1333
14 0.3457 -0.2178 0.2428
15 0.5113 -0.3595 0.3287
16 0.3655 -0.2929 0.1581
17 0.4814 -0.1457 0.3420
18 0.2789 0.1552 0.2358
19 0.3292 -0.5584 0.1729
20 0.3455 0.4263 0.2776
21 0.3819 0.1789 0.2988
22 0.1936 0.1814 0.1486
23 0.4032 -0.1930 0.2378
24 0.1250 0.0087 0.0412
25 0.1701 0.9374 0.1442
26 0.0906 1.0239 0.0199
30 0.0797 1.0921 -0.0898
31 0.3385 1.6246 0.0908
32 0.3702 -1.3131 0.2531
33 0.0091 2.9331 -0.1225
34 0.0081 2.9398 -0.1526
35 0.1413 -1.5539 0.0228
36 0.2718 0.4455 0.1851
37 0.0033 2.9871 -0.1308
38 0.1927 0.6516 0.0876
39 0.1962 1.4330 0.1296
40 0.0601 46 2.3511 20.0945

Table B.1: Linear regression coefficients (prediction vs. ground truth) and R? for each SSAM
parameter using the baseline network on the test set.



Transfer Network

Parameter Slope Intercept R?
1 0.0411 3.6021 0.0440
2 0.0205 2.3174 -0.0317
3 0.0101 -1.1383 0.0055
4 0.2689 1.9593 0.2909
5 0.0255 -2.4946 0.0197
6 0.0062 0.9613 -0.0663
7 0.3696 0.2202 0.3658
8 0.2029 -0.1537 0.2268
9 0.4018 0.6227 0.4443
10 0.0339 0.2275 -0.0067
11 0.1363 -0.8242 0.1542
12 0.0639 0.0457 0.0706
13 0.1549 0.2123 0.1394
14 0.0182 -0.0379 0.0094
15 0.0959 -0.3711 0.1238
16 0.0493 -0.2463 0.0164
17 0.0599 -0.6756 0.0765
18 0.0271 0.3569 0.0120
19 0.0781 -0.5379 0.0728
20 0.0870 0.5807 0.0809
21 0.0341 0.4239 0.0411
22 0.0185 0.2716 0.0090
23 0.0311 -0.2651 0.0427
24 0.0164 0.0239 0.0142
25 0.0504 0.9086 0.0450
26 0.0043 -0.2168 -0.0278
30 0.0200 1.1577 -0.0113
31 0.1930 0.9823 0.1201
32 0.0711 -1.8201 0.0945
33 0.0010 2.4182 -0.0418
34 0.0268 2.4831 -0.0582
35 0.0016 -1.8509 -0.0099
36 0.0303 0.2599 0.0276
37 0.0244 2.8447 -0.2532
38 0.0153 0.9160 0.0040
39 0.0326 1.7721 0.0244
40 0.0330 1.9007 0.0170

Table B.2: Linear regression coefficients (predict vs. true) and R? for each SSAM parameter
using the transfer network on the test set.
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Appendix C

Bone Strength Results

C.1 FEM Predictions

Configuration Bias MAE RMSE MAPE Slope Intercept R?
(Adduction, Internal [kN] [kN] [kN] [%] [kN]

Rotation)

Baseline (0°, 0°) 0.976 1.097 1.316 15.79 0.802 2.469 0.714
Transfer (0°, 0°) 0.193 0.999 1.282 13.75 0.552 3.563 0.426
Baseline (0°, 15°) 0.685 0.840 1.013 13.74 0.730 2.491 0.710
Transfer (0°, 15°) 0.178 0.862 1.099 13.45 0.515 3.426 0.412
Baseline (0°, 30°) 0.440 0.566 0.688 11.16 0.714 1.998 0.696
Transfer (0°, 30°) 0.088 0.601 0.759 11.30 0.467 2.990 0.396
Baseline (15°, 0°) 0.630 0.721 0.870 13.98 0.790 1.803 0.735
Transfer (15°, 0°) 0.111 0.699 0.897 12.89 0.561 2.559 0.439
Baseline (30°, 0°) 0.232 0.418 0.513 11.54 0.673 1.510 0.689
Transfer (30°, 0°) 0.022 0.491 0.622 13.02 0.457 2.147 0.426
Baseline (10°, 15°) 0.571 0.666 0.801 13.12 0.752 1.939 0.725
Transfer (10°, 15°) 0.153 0.664 0.843 12.55 0.542 2.685 0.428
Baseline (15°, 15°) 0.529 0.607 0.730 12.89 0.743 1.841 0.716
Transfer (15°, 15°) 0.165 0.591 0.750 12.09 0.552 2.457 0.432
Baseline (15°, 30°) 0.269 0.370 0.458 9.41 0.676 1.630 0.678
Transfer (15°, 30°) -0.016 0.402 0.509 9.65 0.480 2.165 0.408
Baseline (30°, 15°) 0.171 0.341 0.427 10.14 0.647 1.459 0.683
Transfer (30°, 15°) 0.032 0.412 0.512 11.74 0.518 1.792 0.464
Baseline (30°, 30°) 0.074 0.242 0.307 7.97 0.663 1.160 0.721
Transfer (30°, 30°) 0.034 0.331 0.472 10.63 0.541 1.515 0.370
Baseline (Mean) 0.458 0.587 0.712 11.97 0.719 1.830 0.707
Transfer (Mean) 0.096 0.605 0.775 12.11 0.519 2.530 0.420

Table C.1: Prediction performance for the ten FE strength loading configurations evaluated
on the test set.
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Baseline Network

® (" add., 15° int. rot. 0% add., 30°int. rot. ® 15°add., 0°int. rot. @ 30° add., 0 int. rot.
® ]5°add., 15" int.rot. ® 15°add., 30" int. rot. ® 30° add., 15° int. rot. 30° add., 30° int. rot.

Predicted strength [kN]

2 4 6 8 10 12
True strength [KN]

Figure C.1: Baseline errors of the bone strength predictions.
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Transfer Network

® (" add., 15° int. rot. 0% add., 30°int. rot. ® 15°add., 0°int. rot.  ® 30° add., 0° int. rot.
® ]5°add., 15" int.rot. ® 15°add., 30" int. rot. ® 30° add., 15° int. rot. 30° add., 30° int. rot.

Predicted strength [kN]

2 4 6 8 10 12
True strength [KN]

Figure C.2: Transfer errors of the bone strength predictions.
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C.2 Direct Predictions

Configuration Bias MAE RMSE MAPE Slope Intercept R?
(Adduction, Internal [kN] [kN] [kN] [%] [kN]

Rotation)

Baseline (0°, 0°) -0.124  0.640 0.854 8.39 0.597 2.932 0.761
Transfer (()O, 0°) -0.254 0.812 1.076 10.54 0.467 3.793 0.617
Baseline (0°, 15°) -0.018  0.525 0.663 8.01 0.662 2.257 0.750
Transfer (0°, 15°) -0.130 0.646 0.824 9.78 0.524 3.077 0.623
Baseline (0°, 30°) -0.019 0.387 0.491 7.12 0.753 1.336 0.707
Transfer (0°, 30°) -0.097 0.453 0.589 8.24 0.596 2.116 0.586
Baseline (15°, 0°) -0.057 0.422 0.547 7.55 0.650 1.907 0.791
Transfer (15°, 0°) -0.133 0.552 0.711 9.76 0.509 2.620 0.640
Baseline (30°, 0°) 0.029 0.351 0.437 9.47 0.635 1.450 0.652
Transfer (30°, 0°) -0.049  0.416 0.515 10.98 0.490 1.937 0.518
Baseline (10°, 15°) -0.016 0.397 0.503 7.31 0.703 1.637 0.761
Transfer (10°, 15°) -0.099  0.495 0.633 9.03 0.556 2.369 0.632
Baseline (15°, 15°) -0.004 0.340 0.432 6.79 0.744 1.310 0.766
Transfer (15°, 15°) -0.077 0.431 0.549 8.50 0.588 2.036 0.632
Baseline (15°, 30°) -0.011 0.288 0.361 6.90 0.827 0.716 0.693
Transfer (15°, 30°) -0.062 0.322 0.418 7.62 0.656 1.386 0.573
Baseline (30°, 15°) 0.026 0.260 0.329 7.54 0.732 1.003 0.733
Transfer (30°, 15°) -0.030 0.327 0.407 9.31 0.571 1.531 0.593
Baseline (30°, 30°) -0.007  0.196 0.244 6.19 0.815 0.589 0.777
Transfer (30°, 30°) -0.029 0.240 0.305 7.63 0.654 1.087 0.651
Baseline (Mean) -0.020 0.381 0.486 7.53 0.712 1.514 0.739
Transfer (Mean) -0.096 0.469 0.603 9.14 0.561 2.195 0.607

Table C.2: Direct-to-strength prediction performance for the ten FE strength loading

configurations evaluated on the test set.
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Baseline Network

® (" add., 15° int. rot. 0% add., 30°int. rot. ® 15°add., 0°int. rot.  ® 30° add., 0° int. rot.
® ]5°add., 15" int.rot. ® 15°add., 30" int. rot. ® 30° add., 15° int. rot. 30° add., 30° int. rot.
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Figure C.3: Baseline errors of the bone strength predictions.
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Transfer Network

® (" add., 15° int. rot.
® 15°add., 15° int. rot.

0° add., 30° int. rot.
® 15°add., 30° int. rot.

® 15° add., 0 int. rot.
® 3(0° add., 15° int. rot.

® 30° add., 0° int. rot.
30° add., 30° int. rot.
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Figure C.4: Transfer errors of the bone strength predictions.
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