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Summary

The assessment of bone mechanical properties is fundamental for improving
diagnostic accuracy and fracture risk prediction. This thesis explores an in-
tegrated approach that combines radiomic analysis, mechanical testing, and

nite element analysis (FEA) to characterize bone structure and sti ness.
The overarching objective is to establish a quantitative framework capa-
ble of linking microstructural imaging features with mechanical behavior,
thereby advancing non-invasive methods for bone quality evaluation. The
study focuses on feline bone specimens, selected as a preclinical model to
investigate the relationship between imaging-derived radiomic features and
mechanical parameters. The research work ow begins with high-resolution
CT image acquisition, followed by a semi-automatic segmentation process
to isolate regions of interest. A dedicated Python-based radiomic feature
extractor is employed to quantify microstructural properties, encompassing
textural, morphological, and intensity-based descriptors. Given the high
dimensionality of radiomic data, Principal Component Analysis (PCA) is
applied to identify the dominant patterns underlying bone structure. The
analysis reveals that the rst three principal components (PC1, PC2, and
PC3) collectively explain over 90% of the variance in the dataset:

« PC1 encapsulates large-scale structural variations, primarily re ecting
bone size and shape.

* PC2 captures mid-scale textural patterns, related to trabecular distri-
bution and anisotropy.

* PC3 highlights ne-scale microstructural heterogeneity, showing the
strongest correlation with mechanical properties, particularly sti ness
and elastic modulus.

These ndings underscore the pivotal role of microstructural details in de-
termining bone mechanical performance. To experimentally validate these
relationships, mechanical testing is conducted, including three-point bend-
ing experiments, which provide force-displacement curves as a benchmark
for computational modeling. From these curves, a recalibrated elastic mod-
ulus, E , is derived, ensuring standardization across di erent FEA models.
This parameter allows for a more accurate mechanical characterization of
the bone while maintaining consistency across numerical simulations. To
further assess the reliability of the computational models, Dynamic Time
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Warping (DTW) is applied to compare the simulated and experimental force-
displacement curves. A randomization test is then employed to establish sta-
tistical signi cance thresholds for the DTW distances, ensuring that observed
deviations between numerical predictions and experimental results remain
within an acceptable range. The results of this study demonstrate a ro-
bust correlation between radiomic features and bone mechanical properties,
paving the way for predictive models capable of estimating bone strength
directly from imaging data. This novel approach enhances the potential of
radiomics in non-invasive bone health assessment, with direct implications
for both preclinical research and clinical applications. Future developments
should focus on expanding the dataset to human bone samples, re ning
the segmentation methodology to improve feature extraction accuracy, and
optimizing the integration of radiomic data into patient-speci ¢ FEA mod-
els. By addressing these aspects, this research lays the groundwork for a
more comprehensive understanding of bone biomechanics, with signi cant
potential for advancing diagnostic and therapeutic strategies in bone-related
pathologies.
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Chapter 1

Introduction

The capacity to evaluate bone quality is fundamental in multiple areas of
biomedical research, especially for comprehending bones' mechanical behav-
ior, enhancing clinical diagnostics, and re ning orthopedic implant designs.
Bones ful Il multiple essential functions; they act not only as rigid frame-
works for mechanical support but also as dynamic, living tissues that are vital
for maintaining the body's overall functionality. In addition to facilitating
movement and safeguarding vital organs, bones play key roles in regulating
minerals, producing blood cells, storing energy, and continuously remodeling
to adapt to shifting mechanical and metabolic demands. This remodeling
process is directed by the coordinated activities of osteoclasts, which re-
sorb bone, and osteoblasts, which form new bone [36,107]. This equilibrium
ensures that bones retain their structural integrity while adapting to the
mechanical stresses they encounter. The continuous cycle of replacing old or
damaged bone with new tissue is regulated by hormonal signals, including
parathyroid hormone (PTH), calcitonin, and sex hormones such as estrogen,
which are crucial for maintaining bone mass. The balance between resorption
and formation is essential in preventing conditions like osteoporosis, where
excessive bone loss weakens the bone's structure and heightens fracture risk.
At the macroscopic level, bones are composed of both compact and spongy
tissues, each ful lling distinct roles. Compact bone provides resilience and
resistance to compressive forces, whereas spongy bone, with its trabecular
arrangement, optimizes mechanical load distribution. This composition en-
ables bones to combine strength and exibility e ectively. On a microscopic
scale, bones consist of a matrix made of type | collagen and hydroxyapatite
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2 Introduction

crystals, a structure that grants them mechanical strength and elasticity.
As key mineral reservoirs, particularly for calcium and phosphate, bones
contribute to vital physiological functions like muscle contraction, nerve sig-
naling, and energy metabolism. Through the regulation of calcium and phos-
phate release into the bloodstream, bones help maintain mineral homeostasis,
essential for processes. Additionally, bones contain bone marrow, which is
vital for hematopoiesis or blood cell formation. Red bone marrow, found
in spongy bone, produces red blood cells for oxygen transport, white blood
cells for immune defense, and platelets for blood clotting. Yellow marrow,
located in long bone cavities, serves as an energy reserve and can revert to
red marrow in response to increased physiological demands, such as in severe
blood loss.

Traditional methods like Dual-Energy X-Ray Absorptiometry (DEXA), a
technique that works by using two X-ray beams of di erent energy levels to
measure the absorption of each beam by bone and soft tissue providing a
precise assessment of bone mineral content and density, are widely used to
measure Bone Mineral Density (BMD) and assess bone structural proper-
ties [37,66,68,135]. BMD quanti es mineral content within a given bone area
and has long been the standard for diagnosing osteoporosis and estimating
fracture risk. Although e ective in specic cases, this technique is limited

in capturing the intricate microarchitecture of bone, such as trabecular ar-
rangements in spongy bone or osteon quality in cortical bone, thus restricting
its capacity to fully elucidate the mechanical properties vital for predicting
bone fragility and fracture susceptibility [37,135]. Bones can exhibit nor-
mal BMD yet remain fragile if their microstructure is compromised. Addi-
tionally, BMD lacks insight into material composition aspects like collagen
quality or mineralization levels, both of which signi cantly impact mechan-
ical strength. Moreover, BMD is a static measurement that does not re ect
the dynamic bone turnover process. Recently, the notion of bone quality has
emerged as a valuable complement to BMD. Bone quality encompasses struc-
tural, compositional, and functional characteristics, providing a more holistic
view of a bone's fracture resistance. The examination of bone quality o ers
a broader understanding by incorporating various factors beyond mineral
density, such as the bone's microstructural, compositional, and mechanical
characteristics. Microarchitecture signi cantly in uences bone strength, as
the structural organization of trabeculae in spongy bone and osteons in cor-
tical bone aids e ective load distribution. Loss of trabecular connectivity



or reduced thickness can severely impair bone strength even when BMD is
adequate. Similarly, the integrity of the bone matrix, including collagen and
mineralization quality, is essential for bones to withstand mechanical stress
and resist fractures.

Mechanical properties such as fracture resistance, energy absorption, and
hardness are also critical facets of bone quality. These attributes can be
evaluated using laboratory methods like compression and bending tests or
computational models such as nite element analysis (FEA), which lever-
ages Computed Tomography (CT) images to estimate bone behavior under
stress. Bone turnover, representing the dynamic balance between resorption
and formation, provides a more nuanced perspective on bone quality. While
BMD o ers a static snapshot, turnover rates reveal changes that BMD may
overlook. A high turnover rate can lead to bone loss and structural decline,
weakening bones even with normal BMD values. Conversely, low turnover
may result in microdamage accumulation, reducing the bone's ability to self-
repair.

The focus on bone quality signals a paradigm shift in skeletal health as-
sessment. While BMD remains valuable for understanding bone mass, bone
quality provides a more comprehensive view of bone strength and fragility by
considering factors beyond what BMD alone captures. This shift is pivotal
in explaining why some individuals with normal BMD experience fractures,
whereas others with low BMD do not.

Radiomics has recently emerged as a transformative approach to analyz-
ing medical images, aligning with the evolving concepts of bone quality by
enabling the extraction of quantitative information from imaging modali-
ties [50,153]. Radiomics entails extracting a multitude of features related to
shape, texture, and intensity from regions of interest within images, allowing
for a more profound understanding of tissue characteristics beyond visual ob-
servation. Initially developed for oncology tumor analysis, radiomics shows
potential but is still in its infancy in studying bone microstructure. In clinical
settings, incorporating bone quality assessments alongside BMD measure-
ments could enhance osteoporosis diagnostics and fracture risk evaluation.
Advanced tools like high-resolution micro-CT, quantitative MRI, and FEA
now permit more detailed bone quality evaluations, providing clinicians with

a deeper understanding of bone resilience and fragility. By integrating both
bone density and quality, healthcare providers can tailor treatment plans
more e ectively, improving patient outcomes and reducing fracture risks in
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individuals with compromised bone health [34,120].

1.1 The Objective

The primary objective of this study is to develop a novel and comprehen-
sive methodology for the early detection of osteoporosis by analyzing ra-
diomic features extracted from Computed Tomography (CT) images. Un-
like traditional diagnostic approaches, which rely heavily on bone mineral
density (BMD) measurements obtained via Dual-Energy X-ray Absorptiom-
etry (DEXA), this research leverages advanced radiomic analysis to capture
subtle variations in bone microarchitecture. DEXA provides a quantitative
assessment of BMD by using two X-ray beams of di erent energy levels to
calculate the absorption by bone and soft tissue. However, its limitation
lies in its inability to assess bone quality beyond density. By contrast, ra-
diomics o ers a pathway to uncover imaging biomarkers that re ect bone
microstructural integrity and heterogeneity, which are critical for predicting
bone strength and fracture risk.

This study aims to address key gaps in osteoporosis diagnostics by in-
tegrating radiomic and biomechanical approaches, combining imaging data
with nite element analysis (FEA) to simulate and validate the mechanical
behavior of bones. The FEA method, a computational modeling technique,
was employed to simulate the response of bone structures to mechanical
loading, enabling the prediction of bone strength and mechanical proper-
ties. These simulations were validated and re ned by comparing their out-
comes with experimental mechanical tests conducted on bone specimens.
By coupling these approaches, the study provides a framework for identify-
ing imaging biomarkers with the potential to anticipate the early onset of
osteoporosis.

1.2 Contributions

Dual-Energy X-ray Absorptiometry (DEXA) provides a two-dimensional
(2D) assessment of bone mineral density (BMD), expressed as the amount
of mineral content per unit area:

grams of mineral

BMD =
area in cnf
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This measurement has been extensively used in clinical practice and is con-
sidered the gold standard for diagnosing osteoporosis. However, DEXA has
notable limitations, as it captures only planar information about the mineral
content of a de ned region, without providing volumetric data. Moreover,
DEXA-derived measurements include posterior spinal elements, which can
compromise accuracy in cases of severe spinal degeneration, scoliosis, or prior
lumbar surgeries [68,135]. These issues may lead to inaccuracies in estimat-
ing BMD, potentially overestimating or underestimating bone density.

In contrast, Computed Tomography (CT) enables a three-dimensional
(3D) assessment of bone mineral content, o ering volumetric data and lo-
calized evaluations of speci ¢ regions of interest (ROIs). This capability is
particularly valuable in studying bone microarchitecture, such as trabecular
structures within the vertebral body, which are highly predictive of fracture
risk [76]. While CT's Houns eld Units (HU) provide a more comprehen-
sive understanding of bone quality, the lack of clinical standardization and
consensus for HU-based bone assessment remains a challenge [116].

Despite these challenges, HU values allow for precise localization of BMD
across an entire structure or within speci ¢ ROIs. Numerous studies have
attempted to correlate HU values with DEXA-derived T-scores, grouping
patients based on DEXA results and calculating the average HU values for
each group to identify potential correlations [81,133]. However, these studies
often focus solely on BMD or HU values, without addressing the underlying
mechanical characteristics of bone.

1.2.1 Study Plan and Methodology

This study follows a structured, multi-phase approach to explore the relation-
ship between CT-derived radiomic features and bone mechanical properties.
The methodology integrates radiomic analysis, experimental mechanical test-
ing, and nite element analysis (FEA) to establish a quantitative framework
for assessing bone quality.

1. Image Acquisition and Preprocessing : High-resolution CT scans
of 11 bone samples (6 humeri and 5 femurs) were acquired to ensure
high-quality data for radiomic analysis. Semi-automatic segmentation,
combining global thresholding and manual re nement, was used to
isolate regions of interest (ROIs) while ensuring reproducibility.

2. Radiomic Feature Extraction . A custom feature extraction tool de-
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veloped in 3D Slicer identi ed critical radiomic features re ecting bone
microarchitecture. Metrics derived from Grey-Level Co-occurrence
Matrix (GLCM) and Grey-Level Size Zone Matrix (GLSZM) were ex-
tracted to capture texture, density variations, and trabecular organi-
zation.

. Experimental Mechanical Testing . Bone specimens underwent
mechanical tests, including three-point bending experiments, to quan-
tify stiness and strength. These measurements provided a direct
benchmark for evaluating the performance of computational models.

. Finite Element Analysis (FEA) : Computational simulations were
performed to predict bone behavior under mechanical loading. The
e ective modulus (E ) was derived from force-displacement curves to
ensure a standardized comparison between models.

. Material Property Assignment via Bonemat . The elastic mod-

ulus distribution was mapped to the nite element mesh using Bone-

mat [147], ensuring accurate biomechanical representation by linking
CT density values to material properties.

. Dimensionality Reduction and Feature Selection . Principal Com-
ponent Analysis (PCA) was applied to reduce the complexity of ra-
diomic data, isolating the most relevant features for correlation with
mechanical properties. The rst three components (PC1, PC2, and
PC3) captured over 90% of the variance, with PC3 showing the strongest
correlation with E .

. Correlation Analysis and Predictive Framework : Pearson corre-
lation analysis was conducted to assess relationships between selected
radiomic features and mechanical properties. The study evaluates the
potential of radiomic biomarkers as early indicators of bone strength
and osteoporosis risk.

. Validation with Dynamic Time Warping (DTW) : To compare
experimental and simulated force-displacement curves, DTW was ap-
plied, followed by a randomization test to establish statistical signi -
cance thresholds. This step ensured that observed deviations remained
within an acceptable range, validating the reliability of the computa-
tional models.
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This multidisciplinary approach integrates advanced imaging, computa-
tional biomechanics, and statistical modeling, o ering a more comprehensive
and clinically relevant assessment of bone quality.

1.2.2 Novel Contributions and Rationale

This study bridges the gap between imaging biomarkers and bone mechanical
properties by integrating radiomic feature extraction with computational
modeling and experimental validation. The key contributions include:

" Beyond HU and BMD : Traditional bone assessments rely on Houns eld
Units (HU) and Bone Mineral Density (BMD), which may overlook mi-
crostructural details. By incorporating radiomic analysis, this study
captures ne-scale bone features that in uence mechanical behavior.

Linking Structure to Mechanics : By combining radiomic analysis,
mechanical testing, and FEA, this study establishes quantitative re-
lationships between bone microarchitecture and mechanical properties
such as sti ness andE , enhancing predictive capabilities.

Accurate Material Property Assignment . The use of Bonemat
for region-specic elastic modulus mapping improves the delity of
FEA simulations, ensuring a closer alignment with experimental re-
sults.

Dimensionality Reduction and Feature Optimization : The PCA-
based feature selection re nes the analysis by isolating the most in u-
ential radiomic descriptors, minimizing redundancy while preserving
key structural information.

Early Detection Framework . The integration of radiomic biomark-
ers, computational modeling, and mechanical validation supports the
development of non-invasive tools for early osteoporosis detection and
fracture risk assessment.

Validation through DTW and Statistical Analysis : By incorpo-
rating DTW for force-displacement alignment and randomization tests
for statistical validation, the study ensures that model predictions are
statistically robust and clinically meaningful.
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This research lays the groundwork for future clinical applications, where
radiomics can be integrated into patient-speci ¢ biomechanical assessments
to improve diagnostic precision and personalized treatment planning. By
extending these methodologies to human bone models, the framework devel-
oped in this study could contribute to early detection strategies, optimized
treatment pathways, and improved patient outcomes in the eld of orthope-
dic and musculoskeletal research.

1.2.3 Conclusion

This study contributes to the eld of bone health assessment by integrating
advanced radiomic techniques with biomechanical modeling. Unlike previ-
ous research focused solely on BMD or HU values, our approach establishes
a direct connection between bone microarchitecture and mechanical perfor-
mance. This innovative framework enhances the accuracy of bone quality
evaluations, providing a foundation for more e ective diagnostic and thera-
peutic strategies in managing osteoporosis and related conditions.



Chapter 2

Literature Review

This chapter provides a detailed analysis of bone assessment
techniques, focusing on the evolution of diagnostic methods from
traditional approaches like DEXA, CT, and MRI to advanced
techniques such as radiomics. By emphasizing the integration of
radiomics with Arti cial Intelligence (Al), the chapter highlights
their potential in delivering personalized, predictive diagnostic so-
lutions for conditions like osteoporosis. Additionally, this chapter
aims to establish the signi cance of focusing on bone health due to
its critical role in structural support, mineral balance, and overall
well-being.

2.1 Imaging Techniques

Bone pathologies remain a signi cant area of clinical and research interest,
with most issues linked to concerns about bone integrity, a critical factor in
bone strength. Bone strength itself is a multifaceted property, resulting from
the interplay between bone quantity (the amount of mineralized tissue) and
bone quality (the structural and material properties of bone). Bone quantity
contributes approximately 70% of overall bone strength, primarily through
bone mineral density (BMD). Bone quality, which accounts for around 20%,
encompasses aspects such as microarchitecture, mineralization, and collagen
integrity, while the remaining 10% stems from other intrinsic factors. Despite
the availability of established methods for measuring bone quantity, a stan-
dardized clinical method for evaluating bone quality remains elusive [118].

9
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Osteoporosis, one of the most prevalent bone diseases, exempli es the need
for improved assessment techniques. This condition, characterized by de-
creased bone mass and deterioration of bone tissue, leads to a disruption in
bone microarchitecture and a consequent reduction in strength, increasing
the risk of fractures. Osteoporosis a ects approximately 30% of women in
the United States and Europe, with studies estimating that 40% of post-
menopausal women and 30% of men will experience an osteoporosis-related
fracture during their lifetime [69, 128, 142]. Moreover, the disease often re-
mains asymptomatic until fractures occur, which can be particularly severe
and life-threatening in men. These factors underline the importance of early
detection and intervention to mitigate healthcare costs and improve patient
outcomes [82,118]. Beyond fracture risk, bone quality plays a pivotal role in
the success of prosthetic surgeries. A reduction in bone quality can lead to
increased implant failure rates and compromised prosthetic stability. In am-
mation and the surrounding bone's capacity to maintain its integrity further
exacerbate these risks [110]. Given the growing recognition of bone health as
a cornerstone of overall well-being, researchers have turned their attention
to a wide array of techniques for assessing bone strength. These methods
range from in vivo imaging techniques to in vitro and indirect approaches.
However, the sheer diversity of available techniques can be overwhelming for
both researchers and clinicians. The scienti c literature often lacks a co-
hesive framework for evaluating these methods in the context of both bone
quality and quantity. Consequently, this chapter aims to provide a compre-
hensive overview of the most e ective and promising techniques, focusing
on their clinical applicability and ability to address the challenges posed by
conditions like osteoporosis.

2.1.1 Considerations on Radiation Exposure

When discussing imaging techniques, particularly those involving ionizing
radiation, it is crucial to consider the radiation dose absorbed by the pa-
tient. The Gray (Gy) measures the absorbed dose, representing the amount
of radiation energy deposited in tissue (1 Gy = 1 Joule per kilogram of tis-
sue). Meanwhile, the Sievert (Sv) accounts for both the type of radiation and
the tissue's sensitivity, providing a measure of e ective dose. For instance,
in diagnostic radiology, 1 Gy of absorbed dose typically corresponds to 1 Sv
of e ective dose, although the actual risk may vary depending on the body
part being scanned [41]. Radiation exposure from common imaging modal-
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ities varies widely. A DEXA scan, for example, delivers a minimal dose of
approximately 1 Sv, equivalent to just a few hours of natural background
radiation. In contrast, a CT scan of the lumbar spine can deliver a dose
of around 0.04 mSv, comparable to 10 hours of air travel at cruising alti-
tude [98]. While these doses are generally considered low, minimizing expo-
sure remains a priority, particularly for patients requiring repeated imaging.
By analyzing these techniques within the broader context of bone patholo-
gies, this chapter seeks to establish a clearer understanding of their role in
addressing bone health challenges. Ultimately, the integration of traditional
and advanced imaging approaches, such as radiomics, o ers the potential
to bridge existing gaps in bone quality assessment and contribute to more
e ective prevention and treatment strategies.

2.2 Classi cation of Imaging Techniques

Bone quality and quantity can be assessed using a variety of techniques. Bone
quantity refers to the amount of mineralized tissue in a given area %),
as determined by DEXA, or in a volume (cm%), as assessed by quantitative
computed tomography (QCT) [118]. Bone quality, on the other hand, de-
scribes the compositional and structural aspects of bone that contribute to
its strength, independent of BMD. These aspects include bone turnover, mi-
croarchitecture, mineralization, micro-damage, and the composition of the
bone matrix and mineral content [29]. Bone quality encompasses a wide
range of properties, spanning from macroarchitecture to microarchitecture,
as well as intrinsic biomechanical characteristics that confer strength and
sti ness to bone tissue [42]. However, only a subset of these properties can
be assessed using techniques routinely applicable in clinical practice. These
methods are generally categorized into direct and indirect approaches:

" Direct techniques: These measure bone properties directly from ac-
quired images, often utilizing ionizing or non-ionizing modalities.

Indirect techniques: These rely on post-processing of images to calcu-
late parameters such as bone strength or quality.

In this literature review, we focus on in vivo techniques applicable to
human patients, excluding ex vivo and in vitro methods, as they fall outside
the scope of this work. To provide clarity, the techniques are categorized
into six main groups, summarized in Table 2.1:
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1. Direct imaging techniques with ionizing radiation: X-ray and Com-
puted Tomography (CT).

2. Direct imaging techniques without ionizing radiation: Ultrasonography
(US) and Magnetic Resonance Imaging (MRI).

3. Direct non-imaging techniques: Quantitative Ultrasound (QUS), Neu-
tron Activation Analysis, Gravimetric, and Chemical Analysis.

4. Indirectimaging techniques: Trabecular Bone Score (TBS), Bone Strength
Index (BSI), and Quantitative Ultrasound Index (QUI).

5. lonizing imaging techniques.

6. Emerging advanced modalities, such as high-resolution peripheral QCT
(HR-pQCT) and Cone Beam CT (CBCT).

2.2.1 RX-Related Techniques

Among ionizing techniques, the commonly referenced DEXA is considered
the gold standard for evaluating bone mineral content and BMD. DEXA is
a cost-e ective and widely available approach that involves low radiation ex-
posure (about 1 Sv) and has high reproducibility. It measures areal BMD
(aBMD), providing T-scores based on comparison with a reference popula-
tion [75,97], as already described in the previous chapter. Other techniques
include Single-energy X-ray Absorptiometry (SXA), a non-invasive and rapid
method. However, SXA can be limited by fractures in the ROI, which may
interfere with BMD measurements.

2.2.2 CT-Related Techniques

Di erent types of CT approaches are commonly used to study bone, each
o ering distinct bene ts depending on the clinical or research objectives.
Conventional Computed Tomography (CT) is extensively applied in clini-
cal diagnostics to produce high-resolution, three-dimensional images of bone
structures. Its primary value lies in the detection of fractures, tumors, and
other bone abnormalities due to its excellent spatial resolution and capa-
bility to display complex anatomical structures across multiple planes [1].
Although conventional CT does not directly measure BMD like Quantita-
tive CT (QCT), as already explained in the previous chapter, it can provide
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Houns eld Unit (HU) values that correlate with bone density. However, be-
cause HU values lack standardization for bone quality assessment, they o er
less accuracy compared to specialized imaging methods [1,75]. Despite these
limitations, conventional CT provides distinct advantages. It is widely avail-
able and commonly used in clinical settings, making it an accessible option
for initial diagnostic assessments, particularly for patients who are unable
to undergo more specialized imaging techniques. Furthermore, conventional
CT's ability to create volumetric reconstructions supports indirect assess-
ments of bone by enabling post-processing analyses, allowing researchers to
approximate mechanical properties of bone structures through morphologi-
cal evaluation. Among advanced techniques, Quantitative CT (QCT) stands
out as one of the most widely adopted methods for analyzing bone param-
eters, both quantitatively and qualitatively. Unlike DEXA, QCT oers a
three-dimensional evaluation of bone structure. This ability to di erenti-
ate between cortical and trabecular bone is crucial for understanding overall
bone strength, as these two types of bone play di erent roles in load-bearing
and resistance to fracture [16]. QCT calculates volumetric bone mineral
density (vBMD), expressed in grams per cubic centimeter %). This mea-
surement accounts for the actual bone volume rather than being dependent
on bone size or surface area, as is the case with areal BMD from DEXA.
One of QCT's main advantages is its size-independent measurement, which
is especially important for evaluating bones with varying geometries, such as
the vertebrae or femur. Additionally, it allows for the acquisition of larger
portions of bone in seconds, reducing scan time. However, QCT's primary
limitation is the relatively high radiation dose required (up to 100 mSv)
compared to DEXA's 1 Sv [17]. This has led to the development of more
advanced techniques, such as peripheral QCT (pQCT) and high-resolution
pQCT (HR-pQCT). High-Resolution pQCT (HR-pQCT) represents the cut-
ting edge of QCT technology, o ering voxel sizes as small as 80m. This
resolution enables detailed studies of bone microstructure at peripheral sites,
such as the distal radius and tibia [62]. HR-pQCT provides a range of struc-
tural parameters, including:

" Bone volume fraction (BV/TV): the relative amount of bone volume
within the total tissue volume.

" Trabecular thickness (Tb.Th): the average thickness of trabeculae.

" Trabecular separation (Th.Sp): the spacing between trabeculae.



14 Literature Review

Trabecular number (Th.N): the number of trabeculae per unit length.

One of HR-pQCT's key advantages is its relatively low radiation dose
(3-5 Sv), making it suitable for longitudinal studies where repeated mea-
surements are necessary [7]. Emerging CT techniques, such as Cone Beam
Computed Tomography (CBCT), are also gaining attention for their ability
to provide highly accurate 3D representations of bone structure with sub-
millimetric resolution. CBCT o ers a signi cantly lower radiation dose than
conventional CT, making it particularly useful for dental and maxillofacial
applications. Additionally, Dual-Energy QCT (DE-QCT) enhances accuracy
by using two di erent X-ray energy levels to better di erentiate bone density
from soft tissue, improving osteoporosis assessments.

2.2.3 Ultrasound-Related Techniques

Ultrasound (US)-based techniques are gaining popularity in bone health as-
sessments due to their non-ionizing nature, portability, and relatively low
cost. Unlike X-rays or CT, US techniques use sound waves to evaluate
bone and surrounding tissues. The most promising of these methods is Ra-
diofrequency US Multi-Spectrometry (REMS), a recent advancement in bone
imaging. REMS assesses BMD and fracture risk by analyzing un ltered raw
US signals backscattered by bone structures. These raw signals are processed
using proprietary algorithms, which compare their spectral representation
with a reference database of healthy bone [117]. REMS is particularly ef-
fective at critical sites such as the lumbar vertebrae and femoral neck. The
primary output is BMD(US), a diagnostic index for clinical use. Studies
show that REMS results correlate well with DXA-derived BMD values, of-
fering good agreement with DXA diagnoses, considered the gold standard in
osteoporosis detection [30]. REMS's lack of radiation exposure makes it ideal
for repeated measurements and long-term monitoring of bone health. Other
US techniques, such as Quantitative Ultrasound (QUS), evaluate bone prop-
erties indirectly by analyzing how sound waves propagate through bone and
surrounding tissues. Metrics such as Speed of Sound (SOS) and Broadband
Ultrasound Attenuation (BUA) infer bone sti ness and density. Although
less precise than CT or DEXA, QUS provides valuable insights into bone
elasticity and strength at peripheral sites like the heel or wrist [1].
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2.2.4 MRI-Related Techniques

One of MRI's primary advantages over other imaging techniques is its lack
of radiation exposure, making it a safe option for evaluating both the central
and peripheral skeleton. However, the high costs associated with MRI limit
its widespread use for assessing bone structure, despite its availability in
developed countries and frequent use in clinical practice. In MRI, cortical
bone appears as a low-intensity signal, contrasting with the high-intensity
signal from bone marrow. Post-processing techniques enable analyses such
as soft tissue visualization, pore content characterization, and quanti cation

of bone and marrow properties at a biochemical level [77,109]. Structural
indices derived from MRI include:

" Apparent trabecular number (app. Th.N),
" Apparent trabecular thickness (app. Tb.Th),
" Apparent trabecular separation (app. Th.Sp).

While conventional MRI (1.5T and 3T) lacks the resolution to capture
trabecular dimensions (typically 100 m), High-Resolution MRI (HR-MRI)
achieves signi cantly enhanced resolution (50 x 50 x 200 m ex vivo, and 156
x 156 x 300 m in vivo), allowing detailed imaging of trabecular networks,
particularly at peripheral sites [1,22,141].

2.2.5 RX-Related Techniques

Among ionizing technigues, the commonly referenced DEXA is considered
the gold standard for evaluating bone mineral content and BMD. DEXA is
a cost-e ective and widely available approach that involves low radiation ex-
posure (about 1 Sv) and has high reproducibility. It measures areal BMD
(aBMD), providing T-scores based on comparison with a reference popula-
tion [75,97], as already described in the previous chapter. Other techniques
include Single-energy X-ray Absorptiometry (SXA), a non-invasive and rapid
method. However, SXA can be limited by fractures in the ROI, which may
interfere with BMD measurements.

2.2.6 CT-Related Techniques

Di erent types of CT approaches are commonly used to study bone, each
o ering distinct bene ts depending on the clinical or research objectives.
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Conventional Computed Tomography (CT) is extensively applied in clini-
cal diagnostics to produce high-resolution, three-dimensional images of bone
structures. Its primary value lies in the detection of fractures, tumors, and
other bone abnormalities due to its excellent spatial resolution and capa-
bility to display complex anatomical structures across multiple planes [1].
Although conventional CT does not directly measure BMD like Quantita-
tive CT (QCT), as already explained in the previous chapter, it can provide
Houns eld Unit (HU) values that correlate with bone density. However, be-
cause HU values lack standardization for bone quality assessment, they o er
less accuracy compared to specialized imaging methods [1]. Despite these
limitations, conventional CT provides distinct advantages. It is widely avail-
able and commonly used in clinical settings, making it an accessible option
for initial diagnostic assessments, particularly for patients who are unable
to undergo more specialized imaging techniques. Furthermore, conventional
CT's ability to create volumetric reconstructions supports indirect assess-
ments of bone by enabling post-processing analyses, allowing researchers to
approximate mechanical properties of bone structures through morphological
evaluation [1]. Among advanced techniques, Quantitative CT (QCT) stands
out as one of the most widely adopted methods for analyzing bone param-
eters, both quantitatively and qualitatively. Unlike DEXA, QCT oers a
three-dimensional evaluation of bone structure. This ability to di erenti-
ate between cortical and trabecular bone is crucial for understanding overall
bone strength, as these two types of bone play di erent roles in load-bearing
and resistance to fracture [16]. QCT calculates volumetric bone mineral
density (vBMD), expressed in grams per cubic centimeter %). This mea-
surement accounts for the actual bone volume rather than being dependent
on bone size or surface area, as is the case with areal BMD from DEXA.
One of QCT's main advantages is its size-independent measurement, which
is especially important for evaluating bones with varying geometries, such as
the vertebrae or femur. Additionally, it allows for the acquisition of larger
portions of bone in seconds, reducing scan time. However, QCT's primary
limitation is the relatively high radiation dose required (up to 100 mSv)
compared to DEXA's 1 Sv [17]. This has led to the development of more
advanced techniques, such as peripheral QCT (pQCT) and high-resolution
pQCT (HR-pQCT). High-Resolution pQCT (HR-pQCT) represents the cut-
ting edge of QCT technology, o ering voxel sizes as small as 80m. This
resolution enables detailed studies of bone microstructure at peripheral sites,
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such as the distal radius and tibia [62]. HR-pQCT provides a range of struc-
tural parameters, including:

~ Bone volume fraction (BV/TV): the relative amount of bone volume
within the total tissue volume.

" Trabecular thickness (Th.Th): the average thickness of trabeculae.
" Trabecular separation (Th.Sp): the spacing between trabeculae.
" Trabecular number (Th.N): the number of trabeculae per unit length.

One of HR-pQCT's key advantages is its relatively low radiation dose
(3-5 Sv), making it suitable for longitudinal studies where repeated mea-
surements are necessary [7]. Emerging CT techniques, such as Cone Beam
Computed Tomography (CBCT), are also gaining attention for their ability
to provide highly accurate 3D representations of bone structure with sub-
millimetric resolution. CBCT o ers a signi cantly lower radiation dose than
conventional CT, making it particularly useful for dental and maxillofacial
applications. Additionally, Dual-Energy QCT (DE-QCT) enhances accuracy
by using two di erent X-ray energy levels to better di erentiate bone density
from soft tissue, improving osteoporosis assessments.

2.2.7 Ultrasound-Related Techniques

Ultrasound (US)-based techniques are gaining popularity in bone health as-
sessments due to their non-ionizing nature, portability, and relatively low
cost. Unlike X-rays or CT, US techniques use sound waves to evaluate
bone and surrounding tissues. The most promising of these methods is Ra-
diofrequency US Multi-Spectrometry (REMS), a recent advancement in bone
imaging. REMS assesses BMD and fracture risk by analyzing un ltered raw
US signals backscattered by bone structures. These raw signals are processed
using proprietary algorithms, which compare their spectral representation
with a reference database of healthy bone [117]. REMS is particularly ef-
fective at critical sites such as the lumbar vertebrae and femoral neck. The
primary output is BMD(US), a diagnostic index for clinical use. Studies
show that REMS results correlate well with DXA-derived BMD values, of-
fering good agreement with DXA diagnoses, considered the gold standard in
osteoporosis detection [30]. REMS's lack of radiation exposure makes it ideal
for repeated measurements and long-term monitoring of bone health. Other
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US techniques, such as Quantitative Ultrasound (QUS), evaluate bone prop-
erties indirectly by analyzing how sound waves propagate through bone and
surrounding tissues. Metrics such as Speed of Sound (SOS) and Broadband
Ultrasound Attenuation (BUA) infer bone sti ness and density. Although
less precise than CT or DEXA, QUS provides valuable insights into bone
elasticity and strength at peripheral sites like the heel or wrist [1].

2.2.8 MRI-Related Techniques

One of MRI's primary advantages over other imaging techniques is its lack
of radiation exposure, making it a safe option for evaluating both the central
and peripheral skeleton. However, the high costs associated with MRI limit
its widespread use for assessing bone structure, despite its availability in
developed countries and frequent use in clinical practice. In MRI, cortical
bone appears as a low-intensity signal, contrasting with the high-intensity
signal from bone marrow. Post-processing techniques enable analyses such
as soft tissue visualization, pore content characterization, and quanti cation

of bone and marrow properties at a biochemical level [77,109]. Structural
indices derived from MRI include:

~ Apparent trabecular number (app. Tb.N),
~ Apparent trabecular thickness (app. Th.Th),
" Apparent trabecular separation (app. Tb.Sp).

While conventional MRI (1.5T and 3T) lacks the resolution to capture
trabecular dimensions (typically 100 m), High-Resolution MRI (HR-MRI)
achieves signi cantly enhanced resolution (50 x 50 x 200 m ex vivo, and 156
x 156 x 300 m in vivo), allowing detailed imaging of trabecular networks,
particularly at peripheral sites [1,22,141].

2.3 Non-Imaging Techniques

In addition to imaging techniques, several non-imaging methods are used
to assess bone quality and strength. These techniques rely on the analysis
of bone composition or biomechanical properties, o ering valuable insights
without producing visual images of bone. However, their indirect nature
highlights key limitations in capturing the complexity of bone microarchi-
tecture, emphasizing the need for advanced methodologies. Trabecular Bone
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Score (TBS) is one of the most well-known non-imaging methods. TBS is a
textural index that quanti es variations in the gray levels of DEXA images,
providing an indirect assessment of bone microarchitecture. High TBS values
indicate a dense, well-connected trabecular network, while low TBS values
suggest fragile, porous bone [54]. TBS is particularly e ective for predicting
fracture risk by evaluating trabecular structure and connectivity. Although
currently applied primarily to DEXA scans of the lumbar spine, ongoing
research explores its applicability to other sites, such as the femoral neck.
Despite its utility, TBS remains limited in its ability to assess deeper aspects
of bone heterogeneity and biomechanical performance. Another emerging
technique is the Bone Strength Index (BSI), which combines DEXA mea-
surements with nite element models to estimate bone strength. BSI in-
corporates bone geometry and material properties to evaluate resistance to
mechanical stress. This index is especially valuable for understanding how
bones respond to load-bearing activities, providing insights into fracture risk
that extend beyond BMD alone [154]. However, like TBS, BSI does not di-
rectly assess bone microarchitecture and remains constrained by its reliance
on DEXA-derived inputs. Neutron Activation Analysis (NAA) is another
non-imaging technique that evaluates bone composition by activating cal-
cium isotopes in the bone and quantifying the resulting gamma radiation.
While highly accurate, NAA is primarily con ned to research settings due to
the complexity and cost of the equipment required. Similarly, chemical anal-
ysis methods, such as collagen crosslinking analysis, o er insights into the
biomechanical properties of bone tissue. These methods assess the quantity
and quality of collagen in the bone matrix, which signi cantly contributes
to bone elasticity and fracture resistance [166]. However, their applicability
in clinical practice remains limited by their invasive nature and the need for
specialized facilities.

2.4 Traditional Bone Imaging limits and the
Evolution to Radiomics

DEXA is a technique that provides the most useful quantitative data on
bone mineral density (BMD). However, it is limited in its ability to eval-
uate other crucial factors, such as bone microstructure, which plays a sig-
ni cant role in bone strength and fracture risk. High-resolution techniques
like micro-computed tomography (micro-CT) o er detailed insights into tra-
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becular and cortical bone architecture, but their high cost and signi cant
radiation exposure restrict their use to research environments [15,77]. Non-
imaging techniques, while valuable, also exhibit notable limitations in their
ability to fully capture the complex interplay between bone composition,
microarchitecture, and biomechanical properties. Methods like Trabecular
Bone Score (TBS) and Bone Strength Index (BSI) provide indirect assess-
ments that are constrained by their reliance on DEXA imaging. Techniques
such as Neutron Activation Analysis (NAA) and chemical analysis are highly
accurate but are largely restricted to research environments due to their
complexity and specialized requirements. These gaps underscore the need
for advanced approaches that can bridge the divide between indirect evalu-
ations and the intricate structural and material properties of bone. These
limitations, shared by both traditional imaging and non-imaging methods,
highlight a growing need for more sophisticated techniques capable of captur-
ing the complex microarchitecture of bone. This is where radiomics becomes
essential. Radiomics extends beyond the capabilities of traditional and non-
imaging methods by enabling the extraction of high-dimensional quantitative
features from medical images. These features provide detailed information
on tissue heterogeneity, texture, and structural organization. Unlike conven-
tional techniques that focus primarily on BMD, radiomics can reveal deeper
insights into bone quality by analyzing subtle image patterns that corre-
late with mechanical properties and fracture risk [153]. As the central focus
of this thesis, radiomics presents an opportunity to address the shortcom-
ings of traditional bone imaging methods and non-imaging approaches. By
leveraging advanced image analysis, radiomics integrates imaging and com-
putational analysis to provide a comprehensive assessment of bone quality
and strength. It o ers the potential to revolutionize bone health evaluation,
paving the way for predictive and personalized approaches to diagnosing and
managing bone diseases such as osteoporosis [165].

2.4.1 Radiomics

Radiomics represents a substantial advancement in medical imaging, en-
abling the high-throughput extraction of quantitative features from medical
images [1]. This approach examines variations in shape, texture, and inten-
sity within bone tissue, facilitating the quanti cation of structural character-
istics that are often overlooked by traditional imaging techniques. By analyz-
ing these features, radiomics o ers deeper insights into bone strength, par-
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ticularly in predicting mechanical properties and fracture susceptibility [54].

Radiomics Work ow

The radiomics work ow consists of several essential stages, each contribut-
ing to the extraction of meaningful data and the development of predictive
models:

1). Image Acquisition: High-quality imaging is the cornerstone of re-
liable radiomic analysis. In the context of bone assessments, CT imaging
is frequently used due to its ability to capture detailed representations of
trabecular and cortical bone. Ensuring standardized imaging protocols is
essential to maintain consistency across di erent datasets.

2). Preprocessing: Preprocessing steps are critical to minimizing vari-
ability and ensuring comparability across studies. These steps include nor-
malization, resampling, and noise reduction, which help standardize images
and improve the reliability of extracted features [62].

3). Segmentation: Segmentation involves delineating regions of interest
(ROIs) to isolate speci c areas of the bone for analysis. While manual seg-
mentation is common in research, semi-automated tools like 3D Slicer are
increasingly used to improve reproducibility and e ciency. E ective seg-
mentation ensures that radiomic features accurately re ect bone structures
without interference from surrounding tissues.

4). Feature Extraction: Radiomic features are categorized into the follow-
ing types, each o ering unique insights into bone structure and mechanics:

First-order statistics : These features describe the intensity distri-
bution of voxels within the ROI, including mean intensity, standard
deviation, and skewness.

Texture features : These quantify spatial relationships between vox-
els, which are particularly valuable for analyzing trabecular bone. For
instance, the Gray-Level Co-occurrence Matrix (GLCM) provides met-
rics such as contrast, correlation, and entropy, capturing heterogeneity
and organization within the bone microarchitecture.

Higher-order features : These involve complex transformations, such
as wavelet decompositions, which reveal intricate patterns and struc-
tures not apparent through traditional analysis.
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5). Dimensionality Reduction: Radiomic datasets are often high-dimensional,
requiring techniques such as Principal Component Analysis (PCA) to isolate
the most informative features. This step reduces computational demands
while preserving crucial structural information [141].

6). Model Development: The extracted features are used to develop pre-
dictive models, such as support vector machines (SVMs) or random forests.
These models correlate radiomic features with clinical outcomes, including
fracture risk and bone sti ness, enabling the prediction of mechanical prop-
erties from imaging data [17].

Advantages of Radiomics in Bone Imaging

Radiomics o ers signi cant advantages over traditional imaging and non-
imaging methods. By quantifying subtle image patterns and heterogeneity,
radiomics provides a comprehensive understanding of bone quality. Its abil-
ity to predict fracture susceptibility and mechanical properties makes it a
powerful tool in both research and clinical settings. Furthermore, radiomics
bridges the gap between imaging and computational analysis, paving the way
for personalized approaches to diagnosing and managing bone diseases, such
as osteoporosis. This subsection emphasizes the transformative potential of
radiomics in advancing bone imaging, highlighting its role in extracting ac-
tionable insights from complex image data and improving patient outcomes.

2.4.2 Radiomics in Bone Health

Radiomics is an advanced imaging analysis technique that facilitates the ex-
traction of quantitative features from medical images [1]. By examining char-
acteristics such as shape, texture, and intensity within bone tissue, radiomics
provides a deeper understanding of bone structure and quality beyond what
traditional imaging methods can achieve. This approach is particularly valu-
able for assessing bone microarchitecture and predicting mechanical proper-
ties, which are crucial determinants of bone strength and fracture risk [16].

Applications of Radiomics in Bone Health

Radiomics o ers a broad range of applications in bone research and clinical
practice, enabling a more comprehensive evaluation of bone health:

1. Enhanced Microarchitectural Assessment: Traditional imaging meth-
ods, such as DEXA, focus primarily on bone mineral density (BMD) and pro-



2.4 Traditional Bone Imaging limits and the Evolution to Radiomics 23

vide limited insights into bone quality. Radiomics bridges this gap by quanti-
fying microstructural features, such as the spatial arrangement of trabecular
and cortical bone, which play a key role in determining bone strength [75].
These insights allow for a more detailed evaluation of bone health.

2. Prediction of Mechanical Properties: By correlating radiomic features
with mechanical testing data, radiomics can predict properties such as bone
sti ness and fracture resistance [82]. This capability enhances the assessment
of fracture risk, providing a more accurate and non-invasive alternative to
traditional methods.

3. Early Detection of Bone Diseases: Radiomics excels in identifying sub-
tle structural changes in bone that may precede the onset of conditions such
as osteoporosis. These changes are often missed by conventional imaging
techniques. Early detection allows clinicians to initiate treatment sooner,
potentially preventing severe bone loss and reducing fracture risk [117].

Advantages of Radiomics

Radiomics provides several advantages over traditional imaging and non-
imaging techniques:

" Comprehensive Assessment. Radiomics integrates multiple quantita-
tive features to o er a holistic evaluation of bone health, considering
both structural and mechanical attributes.

Non-Invasive Approach: Unlike invasive or research-speci c techniques,
radiomics uses existing imaging data, making it accessible for routine
clinical use.

Predictive and Personalized: Radiomics facilitates the development
of predictive models that correlate imaging features with clinical out-
comes, enabling personalized treatment plans.

Challenges and Future Directions

Despite its potential, radiomics in bone health faces several challenges:

"~ Standardization: Variability in imaging protocols, preprocessing meth-
ods, and feature extraction can reduce reproducibility and limit its
clinical adoption. Standardized work ows are essential to ensure con-
sistency across studies and institutions.
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Integration with Advanced Analytics: The high-dimensional nature of
radiomic data requires advanced machine learning and arti cial intel-
ligence (Al) algorithms to process and interpret complex patterns. Fu-
ture research should focus on creating validated models that integrate
seamlessly into clinical work ows.

Radiomics represents a signi cant advancement in bone health assess-
ment, providing insights into microarchitectural and mechanical properties
that were previously inaccessible through traditional imaging techniques. By
0 ering a comprehensive and non-invasive approach to bone evaluation, ra-
diomics has the potential to transform the early detection, prediction, and
management of bone diseases such as osteoporosis. Addressing current chal-
lenges, such as standardization and integration with Al, will be crucial to
fully realizing its clinical and research potential.

2.4.3 Attempts of Using Radiomics for Studying Bone
Density and Osteoporosis

Radiomics has emerged as a transformative approach for studying bone den-
sity and osteoporosis, leveraging its ability to extract a wide range of quan-
titative features from medical images. These features provide insights into
the microarchitecture, heterogeneity, and mechanical properties of bone, en-
abling a deeper understanding of bone quality and its role in conditions
like osteoporosis. While traditional methods such as Dual-Energy X-ray
Absorptiometry (DEXA) focus primarily on bone mineral density (BMD),
radiomics extends the scope of bone evaluation by capturing subtle struc-
tural details that conventional techniques often overlook. Numerous studies
have explored the application of radiomics in improving diagnostic accuracy,
predicting fracture risk, and identifying early signs of osteoporosis. These
e orts have collectively demonstrated the potential of radiomics to address
the limitations of existing imaging methods and to pave the way for person-
alized and predictive approaches to bone health assessment. One of the key
areas of research has been the application of radiomics to computed tomog-
raphy (CT) scans for osteoporosis detection. Jiang et al. (2022) developed a
radiomic signature model based on features extracted from lumbar vertebrae
CT scans. Using tools such as 3D Slicer, the study extracted 1040 radiomic
features, including rst-order statistics and texture features derived from
the Gray-Level Co-occurrence Matrix (GLCM) and Gray-Level Run Length
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Matrix (GLRLM). The radiomics-based model demonstrated an area under
the curve (AUC) of 0.92, signi cantly outperforming traditional Houns eld
Unit (HU)-based assessments in detecting lumbar spine osteoporosis. The
ndings highlight the utility of radiomics as a non-invasive and cost-e ective
tool for osteoporosis screening, utilizing existing clinical imaging data with-
out the need for additional radiation exposure [64]. Beyond CT imaging,
radiomics has been integrated with machine learning algorithms to further
enhance its diagnostic and predictive capabilities. Rastegar et al. (2020)
analyzed DEXA images, extracting 54 radiomic features from lumbar and
femoral regions to classify bone health states into osteoporosis, osteopenia,
and normal conditions. The study employed advanced classi ers, includ-
ing Random Forest and Logit-Boost algorithms, achieving AUC values up
to 0.78. These results demonstrate the potential of radiomics combined
with machine learning to uncover complex patterns in imaging data that
are not discernible through conventional methods [123]. Dental imaging,
particularly dental panoramic radiographs (DPRs), has also been explored
as a radiomic application for osteoporosis detection. Alzubaidi and Otoom
(2020) utilized texture-based radiomic features, such as those derived from
Gabor lters and wavelet transforms, in conjunction with machine learn-
ing techniques like Self-Organizing Maps and Learning Vector Quantization.
The study achieved an impressive sensitivity of 97.1%, demonstrating that
DPRs could serve as an accessible alternative to traditional imaging for early
detection, particularly in resource-limited settings [4]. These ndings sug-
gest that radiomics could expand the applicability of dental imaging be-
yond its traditional diagnostic scope. Another innovative approach has been
the integration of radiomics with nite element analysis (FEA) to improve
fracture risk prediction. Villamor et al. (2020) developed hybrid models
that combined radiomic texture features with mechanical attributes derived
from FEA. By analyzing patient-speci ¢ models generated from DEXA data,
the study demonstrated improved predictive accuracy for osteoporotic hip
fractures. This integration of radiomic features with biomechanical mod-
eling provides a comprehensive assessment of bone behavior under stress,
addressing a critical gap in fracture susceptibility evaluation [163]. Texture
analysis has consistently emerged as a cornerstone of radiomics research in
bone health. Metrics such as contrast, correlation, and entropy, derived from
GLCM and other texture matrices, have been identi ed as key predictors of
bone stiness and fracture risk. Studies have shown that these features
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capture subtle variations in trabecular bone organization and heterogene-
ity, which are often early indicators of osteoporosis and other degenerative
bone conditions [21, 54]. Wavelet-based higher-order features have further
enhanced the ability of radiomics to detect ne structural details that tra-
ditional imaging methods may miss. Despite these advancements, several
challenges remain in the application of radiomics for bone health assess-
ment. A signi cant issue is the lack of standardization in imaging proto-
cols and radiomic work ows. Variability in image acquisition, preprocessing,
and feature extraction methods across institutions and studies can lead to
inconsistencies in results, limiting the reproducibility and generalizability
of radiomics-based models. E orts to establish standardized guidelines and
benchmarks for radiomics in bone research are critical to overcoming this
barrier. Feature selection and dimensionality reduction also pose challenges
due to the high-dimensional nature of radiomics data. Techniques such as
Principal Component Analysis (PCA) and machine learning-based feature
selection are often employed to isolate the most informative features while
avoiding over tting. However, ensuring that these selected features retain
clinical relevance remains an ongoing area of research. Another signi cant
challenge is the integration of radiomics into clinical work ows. While re-
search studies have demonstrated the potential of radiomics in enhancing
bone health assessment, translating these ndings into practical diagnostic
tools requires validated predictive models and streamlined processes. The
integration of radiomics with arti cial intelligence (Al) and machine learning

o ers a promising pathway to address this challenge. Al-based algorithms
can process large radiomics datasets, identify complex patterns, and develop
robust models that align with clinical needs. In conclusion, radiomics rep-
resents a paradigm shift in the study of bone density and osteoporosis. By
providing a comprehensive analysis of bone microarchitecture and mechani-
cal properties, it addresses critical gaps left by traditional imaging methods.
The numerous studies conducted to date highlight the potential of radiomics
in improving diagnostic accuracy, fracture risk prediction, and early detec-
tion of bone diseases. However, addressing challenges related to standard-
ization, feature selection, and clinical integration is essential to fully realize
the bene ts of radiomics in bone health research and practice.
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2.5 Conclusion

This chapter aimed to provide a comprehensive review of the advancements
in radiomics for studying bone density and osteoporosis. The focus on bone
is justi ed by its critical role in overall health and its susceptibility to debili-
tating diseases such as osteoporosis, which signi cantly impact the quality of
life and increase healthcare burdens. The chapter highlights the limitations
of traditional imaging methods, such as DEXA and CT, in capturing the in-
tricate microarchitecture and mechanical properties of bone. It emphasizes
the potential of radiomics to bridge these gaps by o ering a non-invasive,
high-dimensional analysis of bone structure and quality.

The review explored a range of studies demonstrating the application
of radiomics in bone health, including the use of CT-based models, inte-
gration with machine learning algorithms, and innovative approaches like
combining radiomics with nite element analysis. These studies illustrate
how radiomics not only enhances diagnostic accuracy but also contributes
to early detection of osteoporosis, fracture risk prediction, and personalized
treatment planning. The inclusion of diverse imaging modalities, such as
dental panoramic radiographs and DEXA, showcases the versatility of ra-
diomics across di erent clinical and research settings.

However, the chapter also identi ed several challenges that must be ad-
dressed to fully realize the potential of radiomics in bone health. Variability
in imaging protocols, feature extraction methods, and preprocessing tech-
niques poses signi cant barriers to reproducibility and generalizability. Ad-
ditionally, the integration of radiomics into clinical work ows requires vali-
dated models and streamlined processes to ensure practical implementation
without increasing the burden on healthcare providers.

By synthesizing the literature, this chapter has shown that radiomics of-
fers a transformative approach to understanding and managing bone health.
Its ability to provide a detailed, quantitative analysis of bone microarchitec-
ture and mechanical properties represents a paradigm shift in osteoporosis
research and diagnosis. The literature reviewed supports the central thesis
that radiomics holds the potential to overcome the limitations of traditional
imaging and non-imaging methods.

Moving forward, future research should prioritize the standardization of
radiomics work ows, the development of robust predictive models, and the
integration of arti cial intelligence to enhance the clinical applicability of
radiomics. By addressing these challenges, radiomics can become an indis-
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pensable tool for advancing bone health assessments and improving patient
outcomes.

This chapter's detailed review of the literature underscores the signi -
cance of radiomics in bone health research while providing a foundation for
the subsequent chapters that will delve deeper into its methodologies, appli-
cations, and clinical implications. The focus on bone is not only warranted
but essential, given its importance in advancing personalized and predictive
medicine.
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Figure 2.1: Summary of the Six Principal Categories of Direct and Indirect
Techniques for Assessing Bone Quality and Quantity.

RX = X-ray; GA = Gravimetric Analysis; SXA = Single-energy X-ray Ab-
sorptiometry; CACC = Chemical Analysis of Crosslink Collagen; DXA =
Dual-energy X-ray Absorptiometry; MRI = Magnetic Resonance Imaging;
CT = Computed Tomography; HR-MRI = High-resolution MRI; QCT =
Quantitative CT; NMR = Nuclear Magnetic Resonance Imaging; HR-pQCT
= High-resolution peripheral QCT; REMS = Radiofrequency US Multi-
Spectrometry; CBCT = Cone Beam CT; QUS = Quantitative Ultrasound,;
pQCT = Peripheral QCT; TBS = Trabecular Bone Score; NA = Neutron
Activation; BSI = Bone Strength Index; QUI = Quantitative Ultrasound
Index.



30

Literature Review




Chapter 3

Preclinical Studies

This chapter investigates the potential of radiomic analysis in
bone health assessment through two preclinical studies that we
conducted. The rst study aimed to establish a correlation be-
tween radiomic features extracted from a phantom and actual
bone tissue, validating the use of bone as a reliable model for
human applications. Building on this, the second study explored
the relationship between radiomic features derived from CBCT
images and the mechanical properties of bone, such as sti ness
and ultimate load. Together, these preclinical investigations have
provided crucial insights that guided the subsequent direction of
our work, emphasizing the potential of radiomics to advance bone
strength assessment and clinical applications.

3.1 Introduction

The structural integrity and mechanical properties of bones are critical pa-
rameters in the investigation of bone pathologies, including osteoporosis and
other degenerative diseases [12]. Traditionally, assessments of bone health
have been heavily reliant on BMD measurements obtained through DEXA.
However, the limitations of BMD as a singular metric have become increas-
ingly evident, especially with the growing understanding that bone strength

is not solely determined by mineral content but also by its microarchitec-
tural complexity. Recent advancements in imaging technologies and compu-
tational analysis, such as radiomics, have prompted a paradigm shift towards

31
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more comprehensive evaluations of bone quality and strength. Radiomics,
as previously discussed, facilitates the extraction of quantitative imaging
features that go beyond conventional assessments, providing a deeper un-
derstanding of the structural organization, heterogeneity, and mechanical
behavior of bone. The preclinical studies presented in this chapter signif-
icantly contribute to the burgeoning eld of radiomics in bone health re-
search. These studies were designed as investigative explorations to evaluate
the feasibility of applying radiomics to this domain and lay the groundwork
for a deeper exploration of this area of research. The rst study focuses
on the extraction and correlation of radiomic features between a bone-like
phantom and actual bone tissue, not merely to validate the utility of the
phantom but to demonstrate that these techniques, though still in a pri-
mordial stage, o er the potential to bridge the gap from bone research to
human applications. The second study delves deeper into linking structural
parameters derived from CBCT images with mechanical properties obtained
through physical testing on porcine bone samples. While the use of porcine
bones may initially raise questions about the applicability of the ndings to
human bone research, these samples were chosen for their well-documented
structural and compositional similarities to human bone [62]. Porcine bones
o er a practical and ethical model for preclinical investigations, enabling the
controlled testing of hypotheses and the validation of methodologies before
transitioning to human studies. Despite the inherent limitations of using
porcine models, the results obtained from these studies provide valuable in-
sights into the feasibility of applying radiomic techniques to the analysis of
bone microarchitecture and mechanical properties. One key limitation lies
in the anatomical and compositional di erences between porcine and human
bones, such as variations in trabecular structure, mineral content, and overall
size, which may impact the direct translatability of ndings to human ap-
plications. Additionally, the smaller dimensions of porcine bones compared
to human femurs could in uence the accuracy of certain radiomic features
or biomechanical measurements, particularly when scaled to human-sized
structures. Nevertheless, radiomic features extracted from porcine bones
demonstrated consistent correlations with mechanical properties, such as
sti ness and elastic modulus, aligning with known biomechanical behaviors
observed in human bone. These ndings suggest that, while not a perfect
substitute, porcine models o er a practical and ethical alternative for pre-
clinical research. The use of such models ensures a standardized approach to
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testing, minimizing variability that is often challenging to control with hu-
man specimens due to di erences in age, pathology, and other confounding
factors. To address these limitations, future studies should consider validat-
ing the ndings on human samples or employing advanced scaling techniques
to better extrapolate results from porcine to human bone. These e orts will
enhance the translatability of radiomic techniques and further establish their
potential as a bridge between imaging-derived data and biomechanical out-
comes, even in the context of preclinical research. This chapter will provide
a detailed examination of the methodologies employed in both studies, along
with a critical analysis of their ndings and contributions to the evolving
landscape of bone health assessment. These investigations not only repre-
sent essential steps toward the integration of radiomics in both preclinical
research and clinical practice but also lay the groundwork for the contin-
ued development of this project [119]. By building on these initial ndings,
this research will push forward the application of radiomics in bone health,
advancing our understanding of bone pathology beyond the con nes of tra-
ditional imaging metrics and paving the way for future innovations [60].

3.2 Radiomic Feature Extraction: Bone vs.
Phantom

The rst preclinical study centers on the development of a phantom speci -
cally designed to simulate the attenuation that would be observed in a human
leg under CBCT imaging. Phantoms are essential tools in medical research,
providing a controlled environment for experiments and allowing researchers
to validate imaging techniques before applying them to human subjects. In
this case, the phantom was created to mimic human conditions, with the
goal of determining whether the radiomic features extracted from bone tis-
sue could be correlated with those obtained from the phantom. If such a
correlation exists, it would validate the relevance of studying bone, as the
ndings could be extrapolated to human applications. This would support
the use of bone as a proxy for human bone quality assessment, providing
a foundation for further investigation. The phantom shown in Fig.3.1 was
designed with high delity to simulate both bone and soft tissue attenua-
tion, Its development was based on a meticulous process aimed at achieving
a model that closely mimics the structural and radiological characteristics of
a human thigh. Porcine femurs were chosen as the central component due to
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their structural and dimensional similarities to human bones, despite their
overall smaller size. The average length of the porcine femur used was ap-
proximately 250 mm, with a neck diameter ranging between 35 mm and 45
mm. To recreate a phantom representative of a human thigh, the diameter
of the phantom was calculated to be approximately 140 mm, incorporating
multiple layers to simulate the attenuation properties of soft tissues, muscle,
and skin. The process began with the careful selection and preparation of
porcine femurs, which were then wrapped with layers of pork meat to sim-
ulate the attenuation e ects of muscle and adipose tissue. This wrapping
process required precision to ensure uniformity and compactness, minimiz-
ing the presence of air bubbles, which could otherwise distort the imaging
results. The meat was arranged in a compact layer, using a plane to at-
ten it before wrapping it around the femur. The wrapped femur was then
covered with a layer of pork rind (cotenna), cut precisely to match the de-
sired circumference of the phantom without overlapping. To proportionally
replicate a human thigh with a Body Mass Index (BMI) between 18.5 kg/m?
and 24.99 kg/n? (indicative of a normoweight individual), a specic ratio
was used. The calculation was based on the circumference of a human thigh
(approximately 55 cm) and the diameter of a human femoral neck (5 cm),
compared to the dimensions of the porcine femur (4 cm). Using the ratio:

55cm . X 5 X_4 55
5cm  4cm -5

=44 cm;

the calculated circumference of the phantom was 44 cm, corresponding to a
diameter of 14 cm when divided by .

The phantom design also accounted for the radiological attenuation char-
acteristics of the components. According to the Lambert-Beer law, the at-
tenuation of radiation through a material depends on the material's den-
sity and thickness. The low-density polyethylene (LDPE) wrap, with an
attenuation coe cient = 0:2cm ! at an energy of 95 keV, was used to
ensure a uniform outer layer and to provide the desired attenuation prop-
erties. The preparation was completed within 3 to 24 hours post-mortem,
during the rigor mortis phase, to maintain realistic muscle rigidity and pre-
vent decomposition-related changes. The overall length of the phantom was
approximately 300 mm, with an additional 50 mm distributed across the epi-
physes to simulate the natural proportions of a human thigh. This detailed
process ensured that the phantom closely approximated the dimensions and
radiological characteristics of a human thigh, providing a reliable and repro-
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ducible model for the study of radiomic feature extraction and bone quality
assessment. By incorporating realistic attenuation properties and structural
considerations, this phantom design lays the foundation for the validation
of radiomics techniques in preclinical studies and their future application to
human research. Once realized underwent CBCT scanning at Imaginalis Srl
to generate a set of images from which radiomic features could be extracted.
The same process was applied to the bone itself, as shown in Fig. 3.2:
The analysis utilized well-established radiomic feature matrices, includ-

ing:

" Grey Level Co-occurrence Matrix (GLCM): Used to capture textural
features such as contrast, energy, homogeneity, and correlation, which
re ect the spatial relationships between pixels of di erent intensities
[56].

The following table 3.1 summarizes the 24 descriptors derived from the
Gray-Level Co-occurrence Matrix (GLCM). Below are the de nitions of the
key indices used in the equations:

- i;j : Gray-level intensities of pixel pairs. -p(i;j ): Normalized value of
the GLCM at position (i;j ), representing the probability of co-occurrence
of intensity i with j. - Ng: Number of gray levels in the image. - i; j:
Mean gray-level intensities for rows and columns, respectively. -j; j: Stan-
dard deviations of gray-level intensities for rows and columns, respectively. -
T max : The largest eigenvalue of the normalized GLCM-derived matrices.

Feature De nition Equation
Name A n
Auto corre- | A measure of the mag- i=1 ]!\'jli i pQ;j)
lation nitude of the neness or

coarseness of the texture. | _ o
Joint Aver- | Returns the mean inten- | - i=1 ' ]-'\';’1 i p(i;j)
age sity of the gray-level dis-

tribution of pixels. o 5
Cluster A measure of the asym-| = [ (4 (+] «
Prominence | metry of the GLCM. W opii)

Higher  values imply

greater asymmetry.
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D P

Cluster A measure of the asymme- i iN:?L i J-Nzgl (i+j X
Shade try and uniformity of the W2 opGii)

GLCM.
Cluster Ten- | A measure of voxel clus-| - i=1 J-N;’l (i+] X
dency tering with similar gray- V2 pQii)

level values. o
Contrast A measure of local inten-| - i'\':?[ ' JN;’l (i )2 pGi:j)

sity variation, emphasiz-

ing values far from the di-

agonal. L

FNg r N : A

Correlation Shows the linear depen- EEE ('i ‘,)(J i) P )

dence of gray-level values '

on their respective voxel in

the GLCM. -
Di erence Measures the relationship ::':go Tk pa(K)
Average between similar and di er-

ent intensity pairs. 5
Di erence A measure of randomness Ejo ' pqa(k) logpq(k)
Entropy in intensity di erences. 5
Di erence A measure of heterogene- ' E:go 1(k 9?2 pa(k)
Variance ity, weighting pairs with

higher di erences. 5 o
Joint Energy | A measure of homoge- ' i'\':gl ' J-Nfl p(i;j )?

neous patterns in the im-

age. 5 o
Joint En- | A measure of randomnesg iNzgl ' ]-'\':91 p(i;j)
tropy in neighboring pixel inten- | logp(i;j )

sities.
IMC 1 Correlation between the | gy

probability distributions

ofi andj. n
IMC 2 Another measure of corre-| ~ 1 exp( 2(HXY 2 HXY))

lation betweeni and j.
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P D
IDM  (In- | A measure of local homo-| = 1§ * &4 PCLL,
verse Dif- | geneity.
ference
Moment) n
MCC (Max- | A measure of texture com-| = max
imal Corre- | plexity.
lation Coe -
cient)
IDMN (Nor- | Normalized version of| [Add specic formula if
malized IDM. available]
IDM) o
Inverse Dif- | Another measure of local| = {2~ |2 15(1.';‘ )“.
ference homogeneity.
FNg P Ng o

IDN  (Nor- | Normalized local homo-| —~*—> P
malized geneity measure. "
Inverse
Di erence) o 5
Inverse Vari- | Emphasizes pairs with low | = 19 ]-'\':91 %
ance variance (more homogene-

ity).
Maximum Occurrence of the most| max(p(i;j ))
Probability predominant intensity

pair. o
Sum Aver- | Relationship between | - i':zgk ps(K)
age pairs with low and high

intensities. o
Sum En- | Sum of neighborhood in- 5'32‘3 ps(k) logps(k)
tropy tensity di erences. o 5
sum of | Distribution of neighbor- |~ i " % (i )? p(ij)
Squares ing intensity pairs relative

to the mean.

Table 3.1: GLCM Features: De nitions and Equations

Grey-Level Run Length Matrix (GLRLM): Measures the length of con-

secutive pixels with the same gray-level value in a particular direction,
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providing insight into the homogeneity and variability within the bone
microarchitecture [46].

The following table 3.2 summarizes the 16 descriptors derived from the
Gray-Level Run Length Matrix (GLRLM). Below are the de nitions of the
key indices used in the equations:

- i;j : Gray-level intensity and run length, respectively. - p(i;j ): Value
of the GLRLM at position ( i;j ), representing the number of occurrences of
run length j for gray level i. - Ng: Number of gray levels in the image. -
N, : Maximum run length in the image. - Ny: Total number of voxels in the
region of interest (ROI).

Feature De nition Equation
Name o
Short Run | A measure of the distri- ﬁ i ' JN:'l Pg'g)
Emphasis bution of short runs, with
(SRE) higher values indicating
ner textures. o 5
Long Run | A measure of the distri- ﬁ NCES J-N;l p(i;j) j2
Emphasis bution of long runs, with
(LRE) higher values indicating
coarser textures.
Gray Measures the similarity ﬁp ,N_gl ]N:’l p(i;j ) ’
Level Non- | of gray-level intensities,
Uniformity with lower values indicat-
(GLN) ing higher similarity. _ _
G - ; s O] ea))°
ray Normalized version of N

Level Non- | GLN, measuring gray-
Uniformity level similarity.
Normalized
(GLNN)

T 1 P N, PN z
Run Length | Measures the similarity of No je1 i=1 P@;))
Non- run lengths, with lower
Uniformity values indicating higher
(RLN) similarity.
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GLE)

Lnd N | od Ng Z

Run Length | Normalized version of | —= szl P
Non- RLN, measuring run
Uniformity length similarity.
Normalized
(RLNN)
Run Per- | Measures the coarseness gf N-
centage texture as the ratio of the ’
(RP) number of runs to the to-

tal number of voxels.
Gray Level | Measures the variance ﬁ i1 sz’l (i 0)?
Variance of gray-level intensities | p(i;j )
(GLV) across runs.
Run  Vari- | Measures the variance of ﬁ :\ngl JNz'l (j 02
ance (RV) run lengths. p(isj )
Run Entropy | Measures the uncertainty ' iN:gl J-N:'l p(i;j )
(RE) or randomness in the dis-| log(p(i;j ))

tribution of runs and gray

levels. o
Low  Gray | Measures the distribution | g~ 53 * [y PG
Level Run | of low gray-level values,
Emphasis with higher values indicat-
(LGLRE) ing greater concentration

of low-intensity values. 5
High Gray | Measures the distribution ﬁ' 9y p(inj) P2
Level Run | of high gray-level values,
Emphasis with higher values indicat-
(HGLRE) ing greater concentration

of high-intensity values. o
Short  Run | Measures the joint distri- ﬁ :\':91 ' sz’l ﬁ’g”}}
Low Gray | bution of short runs with
Level Em- | low gray-level values.
phasis (SRL-
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Short Run | Measures the joint distri- ﬁ i iN;’l " JN:'l 'Z'f#
High  Gray | bution of short runs with

Level Em- | high gray-level values.

phasis

(SRHGLE) - -

Long Run | Measures the joint distri- ﬁ i iN;’l " JNz'l ”('{72“1

Low Gray | bution of long runs with
Level Em- | low gray-level values.
phasis (LRL-
GLE) 5
Long Run | Measures the joint distri- | & 4~ T p(i;j) i2
High  Gray | bution of long runs with
Level Em- | high gray-level values.
phasis
(LRHGLE)
Table 3.2: GLRLM Features: De nitions and Equations

z
=

—

" Grey-Level Size Zone Matrix (GLSZM): Quanti es the size of homo-
geneous zones of pixels that share the same gray-level value, o ering
information about structural uniformity and potential heterogeneity in
bone density [149].

The following table 3.3 summarizes the 16 descriptors derived from the
Gray Level Size Zone Matrix (GLSZM). Below are the de nitions of the key
indices used in the equations:

- i;j : Gray-level intensity and zone size, respectively. p(i;j ): Value of
the GLSZM at position (i;] ), representing the number of zones of siz¢ for
gray leveli. - Ng: Number of gray levels in the image. -N,: Maximum
zone size in the image. Np: Total number of voxels in the region of interest
(ROI). - Ng: Total number of zones in the image.

Feature De nition Equation
Name
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Small Area | A measure of the dis- ﬁr iN:gl Jle p(jiﬁ)
Emphasis tribution of small zones,
(SAE) with higher values indicat-
ing ner textures. o
Large Area | A measure of the dis- Ni :\':91 JN_l p(i;j) j?
Emphasis tribution of large zones,
(LAE) with higher values indicat-
ing coarser textures.
L 1 PNy PN, 0y 2
Gray Measures the variability NT il i=1 p(i;j )
Level Non- | of gray-level intensities,
Uniformity with lower values indicat-
(GLN) ing greater homogeneity. | ~
PN L 12
Gray Normalized version of 1= ,’:21 p(ii )
Level Non- | GLN, measuring gray-
Uniformity level similarity.
Normalized
(GLNN)
; b 1 PN Png oy @
Size-Zone Measures the variability of NT a1 i=1 PGi;j)
Non- zone sizes, with lower val-
Uniformity ues indicating greater ho-
(SZN) mogeneity.
. . . TN (i)
Size-Zone Normalized version of | =5
Non- SZN, measuring zone siz€ ;
Uniformity similarity.
Normalized
(SZNN)
Zone Per- | Measures the coarseness @ H—:
centage the texture as the ratio of
(ZP) the number of zones to the
total number of voxels.
Gray Level | Measures the variance| &' 4 5 ()2
Variance of gray-level intensities | p(i;j )

(GLV)

across zones.
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Zone Vari- | Measures the variance of Ni :\':91 ijl ( 2)?
ance (2ZV) zone sizes. plij) -
Zone En- | Measures the uncertainty ' iN:gl ' ijl p(i;j)
tropy (ZE) or randomness in the dis-| log(p(i;j ))
tribution of zone sizes and
gray levels. o o
Low Gray | Measures the distribution | £ g 75 B0
Level Zone | of low gray-level zones,
Emphasis with higher values indicat-
(LGLZE) ing a greater proportion of
lower intensity levels. o
High Gray | Measures the distribution Ni iN;’l ' ijl p(i;j) i?
Level Zone | of high gray-level zones,
Emphasis with higher values indicat-
(HGLZE) ing a greater proportion of
higher intensity levels. 5
Small Area | Measures the joint distri- N—ls' :\';1 ' ]N:Zl ?g'; )
Low  Gray | bution of small zones with
Level Em- | low gray-level values.
phasis (SAL-
GLE) o o
Small Area | Measures the joint distri- Ni " iN:‘-’l i jN;I "J’#
High  Gray | bution of small zones with
Level Em- | high gray-level values.
phasis (SAH-
GLE) o -
Large Area | Measures the joint distri- Ni " ile " ijl p("liz“z
Low Gray | bution of large zones with
Level Em- | low gray-level values.
phasis (LAL-
GLE) 5 5
Large Area | Measures the joint distri- | £ 2 [ p(ij) i2
High Gray | bution of large zones with | j?
Level Em- | high gray-level values.
phasis
(LAHGLE)
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Table 3.3: GLSZM Features: De nitions and Equations

" Grey-Level Dependence Matrix (GLDM): Describes the dependence
between pixels at varying distances, providing data on the complexity
and integrity of the bone structure [149].

The following table 3.4 summarizes the 14 descriptors derived from the
Gray Level Dependence Matrix (GLDM). Below are the de nitions of the
key indices used in the equations:

- i;j : Gray-level intensity and dependence size, respectively. p(i;j ):
Value of the GLDM at position (i;] ), representing the number of occurrences
of dependence sizg for gray leveli. - Ng: Number of gray levels in the image.
- Ng: Maximum dependence size in the image. N: Total number of voxels
in the region of interest (ROI). - 4; 4: Mean gray level and dependence
size, respectively.

Feature De nition Equation
Name o o
Small  De-| A measure of the distri- | & Iy I P
pendence bution of small dependen-
Emphasis cies, with higher values in-
(SDE) dicating less homogeneous

textures. 5 5
Large  De- | A measure of the distribu- | L 9 p(ij) 2
pendence tion of large dependencies,
Emphasis with higher values indi-
(LDE) cating more homogeneous

textures.

1 PNy Png ooy 2

Gray Measures the similarity Ny i=1 j=1 p(i;j)
Level Non- | of gray-level intensities,
Uniformity with lower values indicat-
(GLN) ing greater similarity.
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Dependence | Measures the similarity of ﬁ P J-N:“l P iN:gl p(i;j ) ’
Non- dependencies across the
Uniformity image, with lower values
(DN) indicating greater homo-

geneity.

. . DT i)

Dependence | Normalized version of DN, 1= Né
Non- measuring dependency|
Uniformity similarity.
Normalized
(DNN)
Gray Level | Measures the variance ﬁ i=1 J-N:dl @i g)2
Variance of gray-level intensities | p(i;j )
(GLV) across dependencies.
Dependence | Measures the variance of ﬁ iNzgl J-N:dl {] 4)?
Variance dependence sizes. p(i;j)
(DV) 5 5
Dependence | Measures randomness of iNzgl ' jN:dl p(i;j)
Entropy uncertainty in the spa- | log(p(i;j ))
(DE) tial dependencies of pixels

with the same gray level. 5
Low Gray | Measures the distribution ﬁ i ' J-le p(i'ﬁ)
Level Em- | of low gray-level values,
phasis with higher values indicat-
(LGLE) ing a greater concentra-

tion of low-intensity val-

ues. o 5
High Gray | Measures the distribution ﬁ iNzgl' jN=“1 p(i;j) i?
Level Em- | of high gray-level values,
phasis with higher values indicat-
(HGLE) ing a greater concentra-

tion of high-intensity val-

ues.
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o

Small De- | Measures the joint distri- ﬁ :\':91 JN_dl ﬁ’gifz)
pendence bution of small dependen-

Low Gray | cies with low gray-level

Level Em- | values.

phasis (SDL-

GLE) - -

Small  De- | Measures the joint distri- | - TN T Ne Lpgl)
pendence bution of small dependen-

High Gray | cies with high gray-level

Level Em- | values.

phasis (SD-

HGLE) O o

Large  De- | Measures the joint distri- ﬁ i iN:gl i jN:“l p('{%
pendence bution of large dependen-

Low Gray | cies with low gray-level

Level Em- | values.

phasis (LDL-

GLE) 5 5

Large De- | Measures the joint distri- ﬁ e p(ij) i
pendence bution of large dependen-| 2

High Gray | cies with high gray-level

Level Em- | values.

phasis (LD-

HGLE)

Table 3.4: GLDM Features: De nitions and Equations

3.2.1 Radiomic Feature Extraction and Correlation

After extracting radiomic features from the phantom, a comparative analysis
with features extracted from actual bare bone images was performed. The
Spearman correlation analysis revealed that among the 65 parameters ana-
lyzed, 12 showed strong positive correlations between the features extracted
from the phantom and those from the bare bone with a Spearman corre-
lation coe cient above 0.70 (Fig(3.3). These parameters, derived from dif-
ferent radiomic matrices (GLCM, GLDM, GLSZM, and GLRLM), captured
similarities in structural patterns between the two conditions. Features are
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reported in 3.5

Feature First Pair Correlation Second Pair Correla-
Name tion

Auto- 0.9689180404717375 0.9868642100312484
correlation
(GLCM)

Joint  Aver- | 0.9676207009277318 0.982438539306047
age (GLCM)

Sum  Aver- | 0.9676305009299318 0.982447538306057
age (GLCM)

High Gray | 0.9699385422103012 0.987030228819814
Level Em-
phasis
(GLDM)

Large 0.9670246973647906 0.9835756086528626
Depen-
dence High
Gray Level
Emphasis
(GLDM)

High Gray | 0.969972664551691 0.9870548563887984
Level Run
Emphasis
(GLRLM)

Short Run | 0.9700344503627074 0.9872084165248189
High  Gray
Level Em-
phasis
(GLRLM)

High Gray | 0.9700700757119916 0.9871185983320522
Level Zone
Emphasis
(GLSZM)
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Large Area | 0.9683818728717332 0.984917183400951
High  Gray

Level Em-

phasis

(GLSZM)

Small Area | 0.9703839606309426 0.9876677448310538
High Gray

Level Em-

phasis

(GLSzZM)

Table 3.5: Correlation values for features between the rst and
second bone-phantom pairs.

The positive correlations suggest that, despite the presence of surround-
ing soft tissue in the phantom, key radiomic features remain consistent with
those observed in the bare bone. For example, parameters emphasizing high
gray-level regions reveal how both the phantom and the bare bone share
common structural elements, even if their absolute values di er due to the
presence or absence of soft tissue. These correlations highlight areas where
the phantom e ectively mimicked the mineral density and microstructural
heterogeneity of bone. However, no additional validation of the extracted
data was conducted, and the sample size remained relatively small. These
initial ndings suggest that radiomic features extracted from bone tissue can
be meaningfully extrapolated to human conditions, making it possible to use
bare bone directly in studies, as it shows a strong correlation with the re-
sults obtained from the phantom. While the phantom e ectively simulates
human tissue attenuation, the bare bone o ers a closer approximation to ac-
tual human bone. This strong correlation justi es the use of bare bone as a
valuable tool for radiomic studies, as it provides insights consistent with those
derived from the phantom. However, the study also highlighted limitations
in the phantom's ability to replicate more intricate trabecular structures,
where subtle variations in texture were not as well captured. This reinforces
the importance of using bone as the primary model in future studies, with
the phantom serving primarily as a supplemental tool rather than the main
focus. Although re nements in phantom design could enhance its role in
preliminary investigations, bone tissue remains the preferable medium for
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advancing radiomic research in bone quality assessment.

3.2.2 Implications for Bone Quality Assessment

The ndings from the study have important implications for the eld of bone
radiomics. The use of phantoms for non-invasive bone quality assessments
could reduce the need for human specimens in early-stage research, simplify-
ing experimental setups and allowing for better standardization. It is impor-
tant to acknowledge the limitations inherent in this study, particularly with
regard to the phantom used. The primary goal of this research was to cor-
relate the radiomic features extracted from bone tissue with those extracted
from a phantom designed to mimic human tissue attenuation. However, the
phantom itself was constructed based on proportional scaling from porcine
measurements and human data found in the literature ( [8]), without un-
dergoing formal validation. This introduces a level of uncertainty, as the
accuracy of this model in fully replicating human tissue properties has not
been rigorously tested. Nevertheless, this study served as an essential rst
step in exploring the potential for radiomics in bone research. The con-
struction of a phantom that approximates human tissue, while imperfect,
allowed us to investigate whether the radiomic features derived from bone
can be meaningfully correlated with those from a human-like model. If a
strong correlation is established, it would provide a solid basis for pursuing
more advanced models and eventually transitioning to human applications.
While we recognize the limitations of using a phantom that has not been
empirically validated, this approach is necessary for initiating the research
and testing the feasibility of radiomics in this context. The results of this
preliminary study will guide future research, which will aim to validate these
ndings with human samples and re ne the models to ensure their clinical
relevance.

3.3 Structural Parameters and Mechanical Test-
ing: Bone Integrity and Strength

The second study took a complementary approach to the rst by focusing on
the correlation between radiomic features and the mechanical properties of
bone. Like the previous study, this one used porcine femurs as bone models
and applied CBCT imaging to extract structural parameters that re ect the
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bone's morphology and architecture.
The structural parameters extracted from CBCT images included:

Cortical Bone Thickness: A critical factor in determining the bone's
resistance to bending and torsional forces. Greater cortical thickness
is associated with enhanced load-bearing capacity.

Trabecular Bone Density and Thickness: Trabecular bone plays a cru-
cial role in distributing mechanical loads, and variations in its thickness
and density can greatly a ect overall bone strength.

Moment of Inertia (MOI): A measure of an object's resistance to rota-
tional forces, MOl is directly related to the bone's ability to withstand
mechanical loads without fracturing. In this study, MOI was calcu-
lated along the antero-posterior (vertical) and medio-lateral (horizon-
tal) axes of the cross-sectional area of the cortical bone. These axes
represent the principal directions relevant for assessing resistance to
bending forces and overall structural integrity under mechanical load-

ing.

These structural parameters were extracted using custom Python-based al-
gorithms that automated the processing of CBCT images, allowing for e -
cient and consistent data extraction. The e ciency of the extraction process
was demonstrated by signi cantly reducing the processing time: each CBCT
dataset, containing multiple slices, was processed in under 10 minutes using
the algorithm, compared to approximately 2-3 hours required for manual seg-
mentation and analysis. Consistency was ensured through validation steps,
including repeated trials on multiple CBCT datasets. The extracted param-
eters, such as moments of inertia (MOI) along the horizontal (medio-lateral)
and vertical (antero-posterior) axes, exhibited a standard deviation of less
than 5% for repeated measurements, ensuring reproducibility. Additionally,
the algorithm's outputs were cross-validated against manual measurements
performed on a subset of the data, showing a high degree of agreement, with
Pearson correlation coe cients exceeding 0.95. These results underscore the
reliability and robustness of the automated process for extracting structural
parameters e ciently and consistently from CBCT imaging data.
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3.3.1 Mechanical Testing and Correlation

Mechanical tests were conducted on six porcine femurs to derive key me-
chanical parameters, including sti ness, ultimate load, and yield strength.
The setup used for these tests is illustrated in Fig. 3.7. The femurs were
subjected to controlled mechanical loading until fracture, generating force-
displacement curves for each specimen. These curves reported in Fig. 3.4,3.5
and 3.6 provided essential data on how the bones behaved under stress, o er-
ing a direct measurement of their mechanical properties. Statistical analyses
were conducted to ensure the reliability of the results. The Bravais-Pearson
correlation coe cient was calculated to analyze the relationships between
mechanical properties and structural features extracted from CBCT images.
The correlations were validated for normality using the Shapiro-Wilk test,
con rming that all variables followed a normal distribution (p > 0.05). Sig-

ni cant correlations were identi ed between the moments of inertia and the
ultimate load, with Pearson correlation coe cients of 0.94 for both the hori-
zontal and vertical moments of inertia (p < 0:005). Additionally, the cortical
bone area demonstrated a positive correlation with ultimate load ¢ = 0:88,

p = 0:02), underscoring the importance of cortical thickness in mechanical
resistance. In contrast, no signi cant correlations were found between the
trabecular bone area and ultimate load. A power analysis was performed
prior to the study to ensure su cient sample size for detecting meaningful
correlations between structural and mechanical properties. Based on an ex-
pected e ect size of 0.8 and a signi cance level of = 0:05, a minimum of
six specimens was determined to achieve a statistical power of 0.8.

3.3.2 Integration of Radiomic Features and Mechanical
Parameters

The ultimate goal of this study was to develop a system capable of pre-
dicting the mechanical properties of bone based on features extracted from
CBCT images. After establishing relationships between fracture parameters

using Pearson correlation (a statistical inference method used to analyze the
association between quantitative variables) [111] we explored a linear regres-
sion approach. Linear regression extends correlation analysis by not only
studying relationships between variables but also quantifying the e ect of

independent variables on a dependent variable. With regression, a model
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can be de ned to predict the values of a quantitative dependent variable
based on one or more independent variables [102]. In this study, the linear
regression model aimed to predict the fracture load of a bone using indepen-
dent variables as input. The regression model, speci cally using moments
of inertia, demonstrated strong performance in predicting the fracture loads
of the tested bones. The model's quality for both the X and Y moments
of inertia is supported by the linear distribution of the samples (shown in
Graphs 3.8 and 3.9) and the determination coe cients, which were 0.86 for
the X moment and 0.85 for the Y moment. This correlation can be explained
by the direct proportionality between moments of inertia and the bending
force applied to the bones. Both the X and Y moments of inertia showed
strong determination coe cients, indicating that the bending moment was
distributed across both axes, making the fracture load dependent on both
moments. Another regression model was developed using the radiomic pa-
rameters of each bone, extracted with 3D Slicer, as independent variables,
with the fracture load as the dependent variable. This model, leveraging the
numerous parameters acquired through bone segmentation, showed a good
ability to predict the fracture load of the bones in the test set with reason-
able accuracy. In this case, theR? determination coe cient was 0.62. This
predictive model represents a signi cant advancement in the eld, o ering
clinicians the ability to assess bone quality and fracture risk without invasive
mechanical testing. Instead, radiomic features extracted from routine CBCT
scans could provide a comprehensive evaluation of a patient's bone health,
enabling earlier interventions and more personalized treatment strategies for
conditions such as osteoporosis.

3.3.3 Implications on Radiomic approach

The study demonstrated a strong correlation between mechanical properties
such as the ultimate load and structural features like the moments of inertia
(X, Y) and cortical bone area extracted from images. These correlations
suggest that bone characteristics related to strength can be e ectively ex-
tracted and used for Al models. However, several aspects need optimization,
including improving the mechanical testing system to ensure repeatable con-
ditions, adjusting the bone's positioning, and eliminating torsional moments
to focus solely on bending resistance. Additionally, the segmentation tech-
nigue used for feature extraction needs improvement, as thresholding led to
variability in results. Standardizing the bone's alignment with the image
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axes and calculating the principal moments of inertia using Mohr's circle
would provide more accurate insights into failure points. Moreover, transi-
tioning from force to stress could allow for the evaluation of bone material
strength under di erent conditions using nite element models. Lastly, vol-
umetric features were not suitable for a linear regression model, likely due
to the bone's shape in uencing its failure under bending forces. Increasing
the number of samples and tests would help re ne the model by reducing
the impact of outliers.

3.4 Conclusion

These studies provided a comprehensive framework for integrating radiomic
feature extraction and mechanical testing in the assessment of bone quality
and strength. By validating the use of a phantom in radiomic studies, the
rst study paved the way for more standardized and reproducible research
in bone radiomics. The second study complemented this by demonstrating
that radiomic features derived from CBCT can serve as reliable predictors of
mechanical properties, o ering new possibilities for non-invasive methods of
assessing bone strength. Together, these works have signi cantly contributed
to the foundation of this research. They encouraged us to move forward with
the belief that radiomic features can be e ectively integrated with mechanical
testing to provide a more holistic view of bone health, extending beyond
traditional BMD measurements. This framework has become the starting
point of this work, guiding the direction of the research and providing clear
objectives to explore. The implications of these ndings for early diagnosis,
fracture risk assessment, and personalized treatment plans are profound, and
they o er a solid scienti ¢ basis for advancing the eld of radiomics in bone
health assessment. In conclusion, these studies have been instrumental in
providing the insights necessary to begin the work presented in the following
chapters. The potential for non-invasive, predictive models of bone strength
is vast, and this research has the potential to make a signi cant contribution
to the evolving eld of radiomics in bone health diagnostics and personalized
treatment strategies.
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Figure 3.1: CBCT scan of the custom phantom
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Figure 3.2: BCT scan of the bare bone
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Figure 3.3: Results of Spearman Correlation Analysis
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Figure 3.4: Mechanical Testing curves of Bone 1 and Bone 2
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Figure 3.5: Mechanical Testing curves of Bone 3 and Bone 4
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Figure 3.6: Mechanical Testing curves of Bone 5 and Bone 6
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Figure 3.7: Mechanical Testing Setup
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Figure 3.8: Regression line graphs displaying the relationship between Frac-
ture Load (y-axis) and Moment along X. This graphs illustrates the trends
and correlations between fracture load and the applied moment.
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Figure 3.9: Regression line graphs displaying the relationship between Frac-
ture Load (y-axis) and Moment along Y. This graphs illustrates the trends
and correlations between fracture load and the applied moment.
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Chapter 4

Image Acquisition

This chapter presents the imaging and analysis methods used to
assess bone structure and quality in detail. Following image ac-
quisition, various segmentation techniques were explored to iso-
late regions of interest, with a focus on selecting the most e ective
approach for this study. In addition to the chosen methods, an
overview of alternative acquisition and segmentation techniques
is provided, highlighting their respective strengths and limitations.
Together, these methods lay a comprehensive foundation for ra-
diomic analysis aimed at understanding bone mechanical proper-
ties.

4.1 Introduction

Computed Tomography (CT) provides numerous advantages, making it in-
dispensable in both clinical and research settings for evaluating bone health.
Known for its high spatial resolution, CT o ers detailed cross-sectional imag-
ing that allows for precise visualization of cortical and trabecular bone, cap-
turing key elements of bone density and structural integrity [14,23]. This
capability is essential for assessing fracture risk and diagnosing conditions
such as osteoporosis, where both bone density and the quality of bone mi-
croarchitecture are critical factors [99]. Unlike traditional imaging methods
like DEXA, which only provides planar measurements, CT enables three-
dimensional reconstructions that reveal the complex architecture of bone,
0 ering a more complete view of bone health [81]. Recent advances in imag-
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ing technology, such as super-resolution algorithms and micro-CT, have ex-
tended CT's utility by enabling high-resolution visualization of bone microar-
chitecture without added radiation exposure [43]. These advanced techniques
are particularly useful for examining the porous, lattice-like structure of tra-
becular bone, which is central to bone's mechanical performance and fracture
resistance [140]. Super-resolution methods applied to standard clinical CT
scans enhance image quality, allowing researchers to derive microstructural
information from routine imaging that would otherwise require specialized
equipment like HR-pQCT or micro-CT [43,90]. Additionally, CT's compat-
ibility with nite element analysis (FEA) supports biomechanical modeling,
where stress and strain simulations can be performed on 3D bone models.
Integrating CT data with FEA enables detailed insights into bone strength,
sti ness, and fracture susceptibility, thereby enhancing understanding of how
changes in bone architecture in uence biomechanical properties [157]. This
approach is particularly bene cial for studying long bones, such as the femur,
where the interplay between cortical and trabecular bone contributes to over-
all mechanical performance [101]. Furthermore, CT-derived data facilitate
predictive modeling in orthopedic care, enabling personalized assessments
and treatment planning for conditions such as osteoporosis and post-surgical
recovery [13, 112]. The accessibility and versatility of CT imaging, along-
side established protocols for bone imaging, position CT as a key modality
for comprehensive bone health evaluation. This technology enables both in-
depth analysis and data-driven insights into bone health, establishing a solid
foundation for understanding fracture risk, diagnosing degenerative condi-
tions, and advancing patient-speci ¢ treatment approaches.

4.2 CT Acquisition

In our study, CT scans were performed on three feline specimens at the Hos-
pital of Namur, Belgium, using a Philips Ingenuity Core 64-slice CT scanner
as shown in Fig. 4.1. We used feline specimens as they were suitable for the
mechanical testing machines we had available. The scanner was selected for
its advanced capabilities in both clinical and research applications, allowing
for detailed radiomic feature extraction essential for analyzing bone quality
and structure. Speci c imaging parameters were carefully tailored to bal-
ance radiation dose with image clarity, capturing high-resolution data across
various bone regions with di erent densities and structural characteristics.
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Tube current (mA): A variable tube current, ranging from 132 mA to
156 mA, was applied, utilizing the scanner's dose modulation features
to ensure optimal radiation balance. Adjusting the current based on
bone density was crucial for achieving clear imaging, particularly when
scanning between trabecular-rich epiphyseal regions and denser cortical
areas of the diaphysis.

Tube voltage (kV): Tube voltage was adjusted between 79.2 kV and
126.9 kV, with lower voltages applied to regions with higher trabecular
bone content, such as the epiphysis, and higher voltages for denser cor-
tical bone. This setting allowed for optimal X-ray penetration, reduc-
ing unnecessary radiation exposure in line with the IDose 4 protocol's
e cient dose management.

Slice thickness: A slice thickness of 1.25 mm was applied consistently
across each scan, allowing for high-resolution imaging through both
trabecular and cortical bone. This thickness was ideal for capturing
the small structural details necessary for radiomic feature extraction,
facilitating in-depth mechanical and structural analysis of bone archi-
tecture.

Pixel spacing: With a pixel spacing of 0.976 mm x 0.976 mm, the scans
provided high-resolution data critical for both qualitative and quanti-
tative assessments of bone properties. This level of detail is essential
for analyzing microstructural changes in the bone, as even small varia-
tions in texture or density can signi cantly impact assessments of bone
health, especially in conditions such as osteoporosis.

Rotation time: The gantry rotation time was set to 500 ms, providing
an optimal balance between rapid scanning and high-quality imaging.
This fast rotation minimized the potential for movement artifacts, en-
suring the clarity required for accurate radiomic feature extraction.

Scan range: Each scan encompassed the entire length of the bones,
speci cally targeting the femur and humerus, and covering both the
epiphysis and diaphysis. Scanning the full range of these regions al-
lowed for a comprehensive analysis of structural and biomechanical
variations across di erent bone areas, critical for assessing fracture
risk and informing prosthetic planning.
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IDose 4 Technology: The IDose 4 algorithm, integrated into the Philips
Ingenuity Core system, provided real-time dose modulation, signi -
cantly reducing radiation exposure while preserving diagnostic image
quality. This feature was particularly bene cial in our study, as it en-
abled high-resolution imaging with a dose-e cient approach suitable
for capturing detailed bone structure. By utilizing advanced itera-
tive reconstruction, iDose 4 optimized the signal-to-noise ratio and
enhanced spatial resolution, ensuring that even at low radiation doses,
the images retained the necessary detail for thorough bone analysis.

4.2.1 Importance for Osteoporosis and Prosthetic Im-
plantation

The selected imaging parameters were tailored to distinguish between the
epiphysis and diaphysis, as these regions are impacted di erently by condi-
tions like osteoporosis. The epiphysis, which consists primarily of trabecular
bone, is particularly vulnerable to bone loss and structural deterioration. In
contrast, the diaphysis, composed mostly of cortical bone, generally preserves
structural integrity but is more susceptible to fractures when subjected to
stress [15]. By capturing these regional di erences with high precision, the
study aims to enhance the understanding of bone quality and mechanical
properties, which is critical in both diagnosing osteoporosis and in the plan-
ning of prosthetic implants. Understanding these regional variances allows
for more personalized treatment strategies and more accurately designed
implants that consider the speci ¢ mechanical properties of the target bone
region.

4.3 Segmentation

Following image acquisition, the next step involved isolating speci ¢ regions
within the bone structures for in-depth analysis. This required precise seg-
mentation to accurately de ne the ROIs or Volumes of Interest (VOIs), lay-

ing the groundwork for targeted assessment and radiomic feature extraction.

4.3.1 Whatis it?

Medical image segmentation is a crucial process in clinical diagnostics, treat-
ment planning, and biomedical research [47]. Segmentation involves dividing
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