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Abstract

Stereotactic body radiotherapy (SBRT) is commonly used to treat spinal metastases, of-

fering excellent local control and pain relief. However, it carries an average 14% risk of

vertebral compression fractures (VCFs), and despite growing evidence linking osteosarcope-

nia to adverse clinical outcomes, musculoskeletal health is not routinely assessed during

SBRT treatment planning. This thesis introduces a fully automated pipeline for extract-

ing musculoskeletal biomarkers from CT, combining deep learning–based segmentation with

vertebral landmark–guided cropping and volumetric analysis. Sarcopenia thresholds were

derived for volumetric indices using height-based and vertebral-based normalization, guided

by established literature cutoffs for the Psoas Muscle Index (PMI). Osteoporosis was defined

using trabecular bone density. In this SBRT cohort, 58% of patients met criteria for osteo-

porosis, 45% for sarcopenia, and 31% for osteosarcopenia. In multivariable logistic regression

analyses, significant associations between fracture risk and both osteoporosis and lower psoas

muscle density were observed in specific models, warranting further investigation. Addition-

ally, categorical definitions of sarcopenia and osteosarcopenia were significantly associated

with reduced overall survival. The pipeline was extended to MRI using CT-based segmen-

tations as weak labels for training nnU-Net models, achieving high segmentation accuracy

and supporting future radiation-free musculoskeletal biomarker assessment.
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Chapter 1

Introduction

Stereotactic body radiation therapy (SBRT) has become an important modality for the

treatment of spinal metatasis offering precise targeting of cancerous lesions with minimal

impact on surrounding tissues. This technique has shown great efficacy in controlling pain

and slowing tumor progression [1, 2].

As patient survival improves, there is increasing attention to the long-term effects of

SBRT on musculoskeletal health, particularly regarding bone and muscle integrity. Compli-

cations such as vertebral compression fractures (VCF) and muscle atrophy are common after

treatment and can substantially affect patient quality of life and physical function [3, 4].

For patients with metastatic disease, especially those with spinal involvement, preserving

musculoskeletal health is critical to reducing the burden of symptoms and optimizing out-

comes. Musculoskeletal deterioration, influenced by declines in bone and muscle quality, can

lead to reduced mobility, increased risk of fractures, and elevated mortality. Consequently,

osteosarcopenia, the combined loss of bone mass and muscle mass, should be an important

clinical focus in oncology, particularly in evaluating the long-term consequences of therapies
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CHAPTER 1 – INTRODUCTION

like SBRT [5,6].

Osteosarcopenia has been consistently associated with adverse outcomes in cancer pa-

tients, including higher risk of fracture, decreased mobility, and increased mortality [7–9].

This underscores the importance of integrating musculoskeletal monitoring into cancer care

pathways. Imaging biomarkers provide a noninvasive and quantitative approach to evaluat-

ing musculoskeletal health by measuring parameters such as muscle volume, fat infiltration,

and bone density. These biomarkers offer clinicians valuable insight in predicting adverse

events and forming treatment strategies [10]. In this thesis, we calculate quantitative imaging

biomarkers such as trabecular bone density, vertebral body volume, psoas muscle volume,

and cross-sectional area. Characterizing the musculoskeletal status of patients at the time

of SBRT treatment planning could enhance risk stratification and allow early identification

of individuals at higher risk for complications.

While computed tomography (CT) remains the clinical standard for bone assessment and

is widely used in the extraction of musculoskeletal biomarkers, magnetic resonance imaging

(MRI) provides superior soft tissue contrast, enabling the detailed visualization of muscle

degeneration and fat infiltration. This makes MRI valuable for tracking musculoskeletal

changes in patients undergoing SBRT, where both bone and muscle deterioration are con-

cerns [11]. However, extracting musculoskeletal biomarkers from MRI presents technical

challenges, including variations in image contrast, lower spatial resolution for bone struc-

tures, and the scarcity of large annotated datasets for training robust segmentation models.

Extending biomarker pipelines to MRI is crucial for leveraging routinely acquired MRI scans

without necessitating additional imaging, facilitating broader clinical applicability.

The work presented in this thesis is part of a broader research initiative conducted at Sun-

nybrook Research Institute, aimed at establishing the relationship between musculoskeletal

2



CHAPTER 1 – INTRODUCTION

imaging biomarkers, derived from both CT and MRI at the time of SBRT treatment plan-

ning, and treatment outcomes. Specifically, this study focuses on analyzing baseline CT-

derived biomarkers to characterize musculoskeletal health in patients with spinal metastases

and to investigate their association with vertebral compression fracture risk. Concurrent

efforts were made to extend the automated segmentation pipeline to MRI, enabling future

extraction of musculoskeletal biomarkers from MRI data. By understanding these relation-

ships, this work aims to contribute toward the development of an automated pipeline for

musculoskeletal health assessment at the SBRT treatment planning stage, with the overar-

ching goal of improving risk prediction, guiding therapy, and ultimately enhancing patient

outcomes [6, 7, 12].

The remainder of this thesis is organized as follows. Chapter 2 provides background on

SBRT, osteosarcopenia, and musculoskeletal imaging, including relevant anatomy and imag-

ing modalities. Chapter 3 reviews current literature related to musculoskeletal biomarkers,

sarcopenia and osteoporosis assessment, and deep learning-based segmentation approaches.

Chapter 4 outlines the study design, ethical approvals, and datasets used. Chapter 5 details

the development of the imaging pipeline, including segmentation, biomarker computation,

and data integration, and presents the characterization of osteosarcopenia in spinal metas-

tases patients using the extracted biomarkers. It also evaluates associations with vertebral

fracture risk and overall survival. Chapter 6 describes the extension of the segmentation

pipeline to MRI, including the training and evaluation of deep learning models for psoas and

vertebral body segmentation using aligned CT-MRI data. Finally, Chapter 7 concludes the

thesis and highlights potential directions for future research.
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Chapter 2

Background

2.1 Stereotactic Body Radiotherapy (SBRT)

Stereotactic body radiation therapy (SBRT) is a highly focused radiation treatment that

gives an intense dose of radiation concentrated on a tumor, while limiting the dose to the

surrounding organs. It has become a treatment of choice for many people with limited

volume tumors for whom surgery may not be an optimal treatment.

This technique enables the delivery of high doses of radiation in fewer treatment sessions,

resulting in significant tumor control and pain relief. Clinical studies report local control

rates exceeding 80% [13,14]. A key advantage of SBRT is its millimeter-level accuracy, which

facilitates dose escalation, particularly for patients with radioresistant tumors [15, 16].

Despite its benefits, SBRT is associated with complications, notably vertebral compres-

sion fractures (VCFs). These fractures has been reported to occur in up to 40% of cases

following SBRT, particularly with high-dose, single-fraction regimens [17, 18]. In low doses

and fractionated SBRT, the risk of fracture is < 5% (close to the external beam radiother-
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2.2. OSTEOSARCOPENIA IN CANCER PATIENTS

apy (EBRT) risk), while keeping a good local control of > 80%. The risk of VCFs with

conventional EBRT is approximately 3% [18, 19]. The higher incidence of VCFs in SBRT

is attributed to increased radiation doses delivered to vertebral bodies, compromising bone

structural integrity [17,19]. Additionally, muscle atrophy may arise as a consequence of radi-

ation therapy, further affecting musculoskeletal health and potentially leading to functional

impairments [20].

2.2 Osteosarcopenia in Cancer Patients

Osteosarcopenia is defined as the co-occurrence of osteoporosis, which involves low bone

mass and microarchitectural deterioration of bone tissue and sarcopenia, the progressive

and generalized loss of skeletal muscle mass and strength [5]. The combined presence of

these conditions increases the likelihood of adverse outcomes such as falls, fractures, frailty,

and mortality, imposing substantial personal and societal burdens [21].

This condition has gained growing attention in oncology due to its association with higher

rates of functional decline, treatment-related complications, and reduced survival [22, 23].

In cancer populations, the prevalence of osteosarcopenia has been reported to range from

15% to 50%, with higher rates in patients with advanced disease [24, 25]. Among those

with spinal metastases, osteosarcopenia has been specifically linked to an increased risk of

vertebral compression fractures (VCFs), owing to compromised bone strength and structural

integrity [26,27].

Furthermore, in patients who sustain hip or spinal fractures, the presence of osteosar-

copenia has been associated with significantly higher one-year mortality rates compared to

those without the condition [9]. Recent studies have also shown that it serves as a strong

5



2.3. MUSCULOSKELETAL IMAGING

predictor of poor prognosis and treatment-related toxicity in oncology settings, emphasizing

the need for early identification and integration into treatment planning [28].

2.3 Musculoskeletal Imaging

Imaging biomarkers are quantitative image-derived features that provide objective measures

of anatomical or physiological characteristics. In musculoskeletal health assessment, these

biomarkers are increasingly used to evaluate bone and muscle integrity through non-invasive

imaging. They offer insights into disease presence, progression, and treatment response,

including diagnosis of osteoporosis, sarcopenia, and osteosarcopenia [29].

In cancer care, musculoskeletal imaging biomarkers are particularly relevant for assessing

treatment-related musculoskeletal decline. They can be used to measure parameters such as

vertebral body density, cross sectional area or volume of the psoas muscle, and intramuscular

fat infiltration—features that are closely linked to fracture risk, frailty, and overall survival.

Two imaging modalities are used in SBRT treatment planning: Computed Tomography

(CT) and Magnetic Resonance Imaging (MRI). Each modality offers distinct advantages for

musculoskeletal and plays a complementary role in comprehensive assessment.

2.3.1 CT and MRI Modalities

CT and MRI are commonly employed for musculoskeletal imaging due to their ability to

provide detailed anatomical information. MRI is particularly favored for its superior soft

tissue contrast (Figure 2.2), making it ideal for visualizing muscle morphology, fat infiltration,

and soft-tissue injuries [30, 31]. It is frequently used to assess conditions involving tendons,

ligaments, cartilage, and muscle degeneration—offering insights that are critical in sarcopenia

6
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and related conditions [32,33].

Figure 2.1: Computed Tomography (CT), as seen on a coronal scan.

Figure 2.2: Magnetic Resonance Imaging (MRI), as seen on a coronal scan.

CT (Figure 2.1) provides high-resolution images of bone structures and is well-suited for

evaluating bone density and detecting vertebral compression fractures. It is often used in

acute settings due to its speed and accuracy. Advances in CT technology have improved its

7
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spatial resolution and reduced radiation exposure, allowing detailed assessment of vertebral

body morphology and structural integrity [34]. In combination with PET, CT also allows

functional and anatomical imaging for certain musculoskeletal conditions [35].

The choice between CT and MRI depends on the clinical context: MRI is generally

preferred for soft tissue assessment, while CT remains essential for evaluating bone pathology

and trauma [30,34].

2.3.2 The Psoas Muscle, Iliopsoas Complex, and Vertebral Bodies

The psoas major muscle, together with the iliacus, forms the iliopsoas complex—a major hip

flexor with an important role in posture and locomotion. Anatomically, it originates from

the transverse processes and vertebral bodies of T12 to L5, making it clearly visible on axial

CT and MRI scans (Figure 2.3).

Due to its consistent shape and location, the psoas is commonly used in imaging studies

as a proxy for overall muscle mass. The cross-sectional area (CSA) of the psoas at the L3 ver-

tebral level is frequently used as a biomarker for sarcopenia. Similarly, the lumbar vertebral

bodies—particularly L3 and L4—are used to assess bone health, often serving as reference

points for vertebral body volume (VBV) and bone mineral density (BMD) calculations (Fig-

ure 2.4).. When height is unavailable, some indices normalize psoas muscle area at L3 to

vertebral body area (e.g., L3-TPA/VB), enabling internal comparison of musculoskeletal

status.

These anatomical structures form the foundation for musculoskeletal biomarker quantifi-

cation in both clinical and research settings, particularly in patients with spinal metastases,

where bone fragility and muscle wasting are common.

8



2.3. MUSCULOSKELETAL IMAGING

Figure 2.3: Anatomical position of the psoas major muscle (in green) in relation to the lumbar
vertebrae and pelvis as seen on a coronal CT scan.

Figure 2.4: Lumbar vertebral bodies as seen on a sagittal CT scan.

2.3.3 Deep Learning in Musculoskeletal Image Analysis

Deep learning has revolutionized medical image analysis by enabling highly accurate and au-

tomated extraction of anatomical structures, which is particularly valuable in musculoskeletal
9



2.3. MUSCULOSKELETAL IMAGING

imaging. Among its applications, image segmentation—identifying and delineating specific

anatomical regions such as the psoas muscle or vertebral bodies—plays a central role in the

quantification of imaging biomarkers.

Accurate segmentation is a critical step in deriving biomarkers like muscle volume, cross-

sectional area, and bone density from CT and MRI scans. Traditional manual segmentation

is time-consuming and prone to variability, whereas deep learning approaches offer fast,

consistent, and reproducible results across large datasets.

Architectures such as U-Net and its self-configuring variant nnU-Net have demonstrated

exceptional performance in biomedical segmentation tasks, including the musculoskeletal

system [36]. These networks operate by learning multi-scale representations of imaging data,

allowing them to delineate both large and small anatomical structures with high precision.

In the context of osteosarcopenia assessment, segmentation models can be trained to

isolate the psoas muscles and vertebral bodies—structures that are used for calculating

muscle and bone biomarkers. Once segmented, post-processing algorithms can be applied

to compute features such as muscle volume, density, and fat infiltration, as well as vertebral

body volume and bone mineral metrics. These quantitative outputs are then used to assess

musculoskeletal health and predict clinical outcomes.

Despite its advantages, implementing deep learning in clinical imaging workflows poses

challenges. These include the need for large, annotated training datasets, robustness across

imaging protocols, and interpretability of model predictions. Nevertheless, ongoing advances

in transfer learning, data augmentation, and model generalization are addressing these lim-

itations, making deep learning-based segmentation a cornerstone for reliable biomarker ex-

traction in musculoskeletal imaging [37].
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Chapter 3

Literature Review

3.1 Sarcopenia Assessment Using Imaging Biomarkers

Quantitative imaging biomarkers play a central role in the clinical and research assessment

of sarcopenia. Among imaging modalities, computed tomography (CT) is most widely used

due to its routine availability in oncologic care and its capacity to provide high-resolution

cross-sectional views of musculoskeletal structures. The third lumbar vertebral level (L3)

is the standard anatomical landmark for analysis, as the muscle cross-sectional area at this

level correlates strongly with total body skeletal muscle mass and volume [38,39].

Muscle quantification at L3 typically includes the paraspinal, psoas, and abdominal wall

muscles. The area is normalized to the patient’s height squared to derive the Skeletal Muscle

Index (SMI), a well-established metric for identifying low muscle mass. When full muscle

segmentation is not feasible, the Psoas Muscle Index (PMI), which considers only the bilateral

psoas cross-sectional area, serves as a simplified alternative. However, PMI has been shown

to correlate only moderately with SMI and may misclassify sarcopenia in some patients [39].
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Normalization is critical for comparing individuals of different body sizes. While height-

squared adjustment is standard, it poses challenges in retrospective studies where height is

frequently missing or unreliable. To address this, alternative normalization strategies have

been proposed—most notably, indexing to internal anatomical references such as vertebral

body area (VBA) at L3 [6]. These adjustments allow for consistent biomarker calculation

even in incomplete clinical datasets.

3.2 Thresholds for Defining Sarcopenia in the Literature

Sarcopenia is commonly defined by reduced skeletal muscle mass, often accompanied by

diminished strength or physical performance. In imaging-based studies, skeletal muscle mass

is typically assessed using computed tomography (CT), with cross-sectional areas measured

at the third lumbar vertebra (L3). These areas are normalized to the patient’s height squared,

yielding either the Skeletal Muscle Index (SMI) or the Psoas Muscle Index (PMI), depending

on whether all trunk muscles or only the psoas muscles are considered.

Thresholds for low SMI or PMI vary across studies and are generally derived using one

of two approaches: statistical distributions from healthy young adults or outcome-based

stratification in specific clinical populations. In general population studies, thresholds are

often defined as values below the 5th percentile or two standard deviations below the mean of

a healthy cohort. For example, in a large Chinese cohort, the 5th-percentile SMI thresholds

were approximately 40.2 cm2/m2 for men and 31.6 cm2/m2 for women [40]. In Western

cohorts, Prado et al. proposed higher thresholds—52.4 cm2/m2 for men and 38.5 cm2/m2

for women—based on survival analysis in obese cancer patients [41]. Martin et al. further

adjusted SMI cutoffs based on BMI, proposing 43 cm2/m2 for men with BMI < 25, 53 cm2/m2

12
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for men with BMI ≥ 25, and 41 cm2/m2 for women [42,43].

The Psoas Muscle Index (PMI), calculated from the cross-sectional area of the bilateral

psoas muscles at L3, offers a simpler alternative when full muscle segmentation is not feasible.

While easier to compute, PMI may correlate only moderately with SMI and has been shown

to misclassify sarcopenia in certain cases [39]. Nevertheless, PMI is widely used in clinical

research, particularly in oncology and hepatology, where imaging is routinely available.

A comprehensive systematic review by Albano et al. [44] examined CT-based sarcopenia

across 25 studies involving lymphoma patients. The review highlighted substantial variability

in the thresholds used to define low muscle mass, with SMI values in men ranging from 43 to

56.8 cm2/m2 and in women from 31 to 47.4 cm2/m2. Some studies in the review also used

PMI instead of SMI, with two distinct threshold sets reported: 6.36 cm2/m2 for men and

3.92 cm2/m2 for women, and 4.4/3.1 cm2/m2 in another study. Despite this heterogeneity,

many studies demonstrated strong associations between low muscle indices—whether SMI

or PMI—and adverse outcomes such as reduced progression-free survival, overall survival,

and increased treatment toxicity.

In this thesis, the thresholds of 6.36 cm2/m2 for men and 3.92 cm2/m2 for women were

adopted to define sarcopenia using PMI. These values were originally derived from healthy

Japanese adults using the mean minus two standard deviations approach [45,46]. Although

these cut-offs were developed in an Asian population, they have demonstrated consistent

prognostic value across multiple studies involving various cancer types and chronic diseases,

particularly in surgical and oncology settings [44,47–52].

To our knowledge, these specific thresholds have not yet been widely adopted in Western

cancer cohorts, where population-specific cut-offs are more commonly derived. However,

given the limited availability of validated Western PMI thresholds and the practicality of
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3.3. OSTEOPOROSIS ASSESSMENT (BMD VIA DXA AND CT HOUNSFIELD
UNITS)

applying a fixed, reproducible reference for muscle mass quantification, these well-established

Japanese thresholds were used as a proxy to facilitate comparability and support initial

classification efforts.

While most sarcopenia thresholds are based on CT imaging due to its wide availability

and high reproducibility, MRI offers a radiation-free alternative with excellent soft-tissue

contrast. Studies have shown a strong correlation between CT and MRI-derived muscle

areas at L3, suggesting that existing CT-based cutoffs can be cautiously applied to MRI when

acquisition protocols and segmentation methods are comparable [53]. However, standardized

MRI-specific thresholds for sarcopenia have not yet been established.

In summary, sarcopenia thresholds derived from SMI or PMI are not universally stan-

dardized and depend on the population and outcome of interest. This thesis adopts PMI

thresholds that have been validated in cancer populations and shown to reflect clinically

meaningful differences in muscle mass and prognosis in our effort to derive thresholds for

our volumetric measures.

3.3 Osteoporosis Assessment (BMD via DXA and CT

Hounsfield Units)

Osteoporosis, defined as a systemic skeletal disease characterized by low bone mineral den-

sity (BMD) and microarchitectural deterioration of bone tissue, is conventionally diagnosed

using dual-energy X-ray absorptiometry (DXA). The World Health Organization (WHO)

defines osteoporosis based on a T-score of −2.5 or lower. However, the accessibility and

reliability of DXA may be limited by factors such as improper patient positioning and scan

interpretation. As an alternative, Hounsfield Unit (HU) measurements derived from CT
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ANALYSIS

imaging have been explored as an opportunistic screening tool for reduced BMD. Thresholds

of 135 HU have been proposed to provide a balance between sensitivity and specificity for

diagnosing osteoporosis [54].

3.4 Deep Learning for Musculoskeletal Segmentation and

Analysis

Deep learning techniques, particularly convolutional neural networks (CNNs), have become

fundamental in the segmentation and analysis of musculoskeletal structures in medical imag-

ing. Architectures like U-Net, introduced by Ronneberger et al., feature an encoder-decoder

structure that enables accurate segmentation even with limited training data [55]. U-Net’s

design, which includes a contracting path to capture context and an expanding path for

localization, has proven particularly well-suited for biomedical applications in CT and MRI.

In musculoskeletal imaging, several extensions of U-Net have been developed. For in-

stance, V-Net introduced by Milletari et al. uses 3D convolutions to directly capture vol-

umetric context, considerably improving segmentation accuracy for structures such as the

vertebrae in MRI [56].

More recently, nnU-Net—an automated adaptation of U-Net—has demonstrated excep-

tional performance across diverse biomedical datasets. It configures itself based on dataset

properties and has been recognized as a reliable standard for 3D medical image segmenta-

tion [57]. As highlighted by Xia et al. [58], nnU-Net remains highly competitive due to its

adaptability and lack of manual tuning.

In their benchmarking study, Isensee et al. (2024) reaffirm nnU-Net’s position as a state-

of-the-art framework, consistently outperforming other contemporary architectures including
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CNN-, Transformer-, and Mamba-based models [36].

In this thesis, nnU-Net was used to train deep learning models for psoas muscle and

vertebral body segmentation in MRI volumes. CT-based segmentations from aligned CT-

MRI pairs served as training references, enabling the development of MRI-specific models

despite limited manually annotated MRI data.

Alternative deep learning strategies have also been explored. Swin-UNETR, a Transformer-

based model, has demonstrated strong results in 3D medical segmentation tasks by modeling

long-range dependencies [59]. Similarly, adversarial approaches such as those by Dong et al.

combine U-Net and fully convolutional networks (FCNs) to improve segmentation consis-

tency [60].

One challenge in training segmentation models in medical imaging is the limited avail-

ability of expert-annotated datasets—particularly for MRI. Strategies such as cross-modality

learning, transfer learning, and synthetic data generation have been proposed to overcome

this issue. Jiang et al. developed a cross-modality deep learning framework that combines

CT and MRI data for lung tumor segmentation, improving performance by augmenting

limited MRI data with CT [61].

Generative Adversarial Networks (GANs) have also been employed to synthesize CT from

MRI, creating pseudo-CT volumes for tasks like radiation planning [62,63]. Transfer learning

remains a valuable technique for adapting models trained on large public datasets to more

specific medical tasks. For instance, Proietto et al. fine-tuned a 3D U-Net trained on CT

data for MRI pancreas segmentation, improving performance in data-limited scenarios [64].

These strategies are particularly relevant to osteosarcopenia assessment, which often

requires both bone and muscle imaging. The integration of CT and MRI, supported by
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deep learning, offers a more complete and scalable approach to musculoskeletal biomarker

extraction.

3.5 Gaps in Current Research

Despite advancements in deep learning and multimodal imaging, several gaps remain in the

quantitative assessment of musculoskeletal health, particularly in oncology patients receiving

spinal SBRT.

Most existing sarcopenia assessments involving the psoas muscle rely on manual or semi-

automated 2D slice-based measurements, which are prone to inter-observer variability and

sensitive to slice location [65]. These limitations reduce reproducibility and are insufficient

for longitudinal monitoring or large-scale analysis.

While volumetric muscle analysis offers greater reliability, it is rarely implemented in clin-

ical practice due to the time-intensive nature of manual segmentation. Deep learning–based

approaches address this challenge but have not yet been widely validated for volumetric sar-

copenia and osteosarcopenia biomarkers across diverse populations or imaging modalities.

Furthermore, most studies assess sarcopenia or osteoporosis using either CT or MRI in

isolation. CT provides standardized attenuation-based muscle thresholds and is effective

for bone assessment, whereas MRI offers superior soft-tissue contrast without radiation.

However, few studies have investigated the harmonization or comparison of CT- and MRI-

derived biomarkers, especially using aligned imaging or cross-modality learning approaches.

There is also limited application of imaging biomarkers in outcome prediction for high-

risk groups, such as patients with spinal metastases treated with SBRT. Existing prognostic

models—like the Spinal Instability Neoplastic Score (SINS)—do not incorporate quantitative
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imaging features, missing an opportunity to improve risk stratification and guide treatment

decisions.

This thesis addresses several of the identified gaps by developing a fully automated,

pipeline for quantifying volumetric musculoskeletal biomarkers from CT, including psoas

muscle volume and trabecular bone density. It establishes sarcopenia classification thresh-

olds using both vertebral body–normalized indices and height-adjusted ratios, enabling ap-

plication across cohorts with and without height data. These biomarkers are then applied to

assess vertebral fracture risk and overall survival in a large cohort of patients treated with

SBRT. Finally, the thesis initiates the development of MRI-based segmentation models using

aligned CT-MRI datasets to support future multimodal biomarker extraction and analysis.

3.6 Objectives

To address the described omissions from the existing literature, the objectives of this thesis

are:

1. Develop a Fully Automated CT Biomarker Pipeline: Enhance and automate

an end-to-end pipeline for automated segmentation and quantification of bone and

muscle biomarkers from CT, including vertebral body trabecular density, vertebral

body volume, psoas muscle volume, and psoas cross-sectional area.

2. Establish and Validate Sarcopenia Classification Thresholds: Develop sarcope-

nia thresholds using both traditional height-based measures (PMI) and novel height-

independent volumetric indices normalized to internal anatomical references (e.g., ver-

tebral body volume).
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3. Apply Biomarkers to Clinical Outcome Analysis: Characterize osteosarcopenia

in spinal metastases patients at the time of SBRT treatment planning, and evaluate

associations between CT-based biomarkers and clinical outcomes, including vertebral

fracture risk and overall survival.

4. Develop MRI Segmentation Models for Future Biomarker Use: Train and

evaluate deep learning models to segment psoas muscles and vertebral bodies bodies

in MRI using aligned CT-based labels, laying the foundation for future MRI-based

biomarker quantification.
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Chapter 4

General Methodology

This thesis presents a retrospective analysis of imaging and clinical data from patients treated

with spinal stereotactic body radiotherapy (SBRT) at Sunnybrook Health Sciences Centre.

The work is divided into two main components.

The first component focused on CT-based biomarker development and clinical analy-

sis. We developed and validated an automated pipeline for extracting quantitative imaging

biomarkers related to sarcopenia and osteoporosis, including psoas muscle volume, psoas

cross-sectional area, vertebral body volume, and trabecular bone density. To define sarcope-

nia, we adopted a volumetric approach using psoas muscle volume within a standardized

anatomical region [L3-L4], normalized by vertebral body volume. This allowed for fully

automated, height-independent classification. Height-dependent thresholds were also com-

puted, as they may be preferred in contexts where patient height is available. Thresholds

were derived from a subgroup of 80 patients (41 female, 39 male) out of the full SBRT-

treated cohort of 143 patients (65 female, 78 male), validated in an external cohort, and

then applied to the full cohort to define osteosarcopenia. These biomarkers were further
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analyzed for associations with clinical outcomes, including vertebral fracture risk and overall

survival.

The second component focused on extending the segmentation pipeline to MRI. Using

aligned CT-MRI pairs, we transferred CT-based segmentations onto MRI volumes to gener-

ate labeled training data. We then developed and evaluated nnU-Net models for segmenting

psoas muscles and vertebral bodies in MRI, enabling future MRI-based biomarker extraction

and multimodal analysis.

4.1 Study Design and Ethics

This work is embedded within a retrospective cohort study conducted at the Sunnybrook

Research Institute (SRI), in collaboration with the Holland Bone and Joint Bioengineering

Program. The study focuses on patients treated with SBRT for spinal metastases and aims

to evaluate musculoskeletal health through imaging-derived biomarkers.

Ethics approval was granted by the Sunnybrook Research Ethics Board (REB # 419-2015

[old], 2623 [new], Approval Date: 12-Nov-2015). Access to de-identified imaging and clinical

data was granted following completion of institutional training and onboarding. All data

analysis was conducted on secure, on-premise infrastructure.

4.2 Datasets and Cohort Description

This study incorporates three de-identified imaging datasets acquired at Sunnybrook Health

Sciences Centre. These include:

• Sunnybrook Spine SBRT Patient Cohort (SpineMets): A longitudinal database
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of patients with spinal metastases treated with SBRT between 2008 and 2022, contain-

ing CT imaging, tumor characteristics, and clinical outcomes.

• Young Advanced Prostate Cancer Patient Cohort: A cohort of 93 male patients

under 55 years of age treated with systemic therapy for advanced prostate cancer, who

underwent repeated lumbar spine CT imaging between 2009 and 2021.

• Fused CT-MRI Subset of SBRT Patients: A subset of 217 patients from the

SpineMets cohort whose CT and MRI scans were aligned as part of SBRT treatment

planning. These aligned pairs include both T1- and T2-weighted MRI scans and cor-

responding planning CTs.

Detailed descriptions of each dataset are provided in the subsections below.

4.2.1 Sunnybrook Spine SBRT Patient Cohort (SpineMets)

This cohort comprises patients with spinal metastases treated with SBRT at Sunnybrook

Health Sciences Centre between January 1, 2008, and December 31, 2022. A total of 977 pa-

tients with 2364 spinal segments were treated. The database includes planning CT imaging,

baseline clinical and tumor data, and longitudinal outcomes such as vertebral compression

fractures.

A subset of 143 patients with CT scans covering the lumbar spine (L1–L5) was used for

further analysis. Of these, 80 patients had recorded height information. Applications of this

cohort in biomarker development and outcome analysis are detailed in Sections 5.2 and 5.3.5.
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4.2.2 Young Advanced Prostate Cancer Patient Cohort

This dataset comprises 93 young patients (< 55 years of age at diagnosis) diagnosed with

advanced prostate cancer, who underwent a total of 644 CT scans at the Sunnybrook Odette

Cancer Centre (Toronto, ON, Canada) between January 2009 and December 2021. All CT

scans included imaging of the lumbar spine (L1–L5). These patients underwent regular

imaging surveillance, typically ranging from one to three CT scans per year, as part of

routine metastatic disease monitoring.

This cohort was used for the external validation of the sarcopenia thresholds developed

within the SpineMets cohort. Although the prostate cancer cohort consisted exclusively

of male patients, it provided a relatively younger and healthier reference group to assess

the generalizability of the CT-based imaging biomarkers. A subset of 69 patients with

available height measurements was also identified for this purpose. To minimize potential

bias associated with variable imaging frequency, only baseline CT scans were included in the

validation analysis.

These patients were selected due to their younger age and presumed absence of muscle

wasting, making them a suitable reference population for evaluating sex-specific sarcopenia

thresholds.

4.2.3 Fused CT-MRI Subset of SBRT Patients

The Fused Dataset comprises 217 CT scans that have been manually pre-aligned with their

corresponding MRI scans (T1- and T2-weighted) and was used to support nnU-Net training

for psoas muscle segmentation (Figure 4.1). This alignment ensures anatomical consistency

across modalities, allowing the structural detail from CT-based segmentations to be used as
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ground truth for training MRI segmentation models.

Figure 4.1: Registered CT-MRI T2-weighted image.

CT scans including the lumbar region (L1–L5) were selected for inclusion, as will be

detailed in Chapter 6. Each CT scan was first segmented using the CT biomarker extraction

pipeline described in Section 5.2, providing reference segmentations for training MRI-based

models.

The following chapter presents the methodology and results of the osteosarcopenia anal-

ysis in our SBRT patient cohort, including biomarker extraction from CT, classification

strategy, and associations with clinical outcomes.
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Chapter 5

Characterization of Osteosarcopenia in

Spinal Metastases Patients Using

Quantitative Image-Based AI-Derived

Biomarkers

This chapter describes the methods and analyses used to define and apply imaging-based

musculoskeletal biomarkers for characterizing osteosarcopenia in a cohort of patients with

spinal metastases undergoing SBRT.

We developed CT-derived metrics to assess sarcopenia and osteoporosis, enabling fully

automated and height-independent quantification of muscle and bone health. Central to this

work is the development of a fully automated biomarker extraction pipeline that leverages

3D segmentation of vertebral bodies and psoas muscles from CT images.

Our approach involved defining a volumetric index for sarcopenia and thresholds based
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on validated relationships with traditional indices, and evaluating these thresholds using

an external cohort of young advanced prostate cancer patients. We then applied these

biomarkers to quantify osteosarcopenia prevalence, assess associations with vertebral fracture

risk, and explore survival outcomes in patients treated with SBRT.

The analyses in this chapter provides a foundation for using artificial intelligence (AI)-

derived image biomarkers in clinical risk stratification and treatment planning for spinal

oncology.

5.1 Study Objectives

This study aimed to characterize osteosarcopenia in patients with spinal metastases using

quantitative imaging biomarkers derived from routine computed tomography (CT) scans

obtained for spine stereotactic body radiotherapy (SBRT) planning.

The primary objectives of the CT-based component were to:

• Develop a volumetric sarcopenia index using CT-based features and establish sex-

specific thresholds through regression and ROC analysis.

• Validate the proposed sarcopenia thresholds in an independent cohort of young, ad-

vanced prostate cancer patients.

• Apply the derived thresholds to classify sarcopenia, osteoporosis, and osteosarcopenia

in the SBRT-treated SpineMets cohort.

• Investigate associations between imaging-based classifications and vertebral fracture

risk.

• Evaluate the prognostic value of musculoskeletal biomarkers for overall survival.
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5.2 Biomarker Extraction Pipeline

A core component of our study was the extraction of quantitative musculoskeletal biomarkers

from CT scans. This required accurate segmentation of anatomical structures and standard-

ized computation of bone and muscle metrics. To support this, we developed and automated

a dedicated processing pipeline tailored to compute imaging-based biomarkers relevant to

osteosarcopenia.

As illustrated in Figure 5.1, the pipeline is a multi-step process designed to quantify

musculoskeletal biomarkers from CT images, focusing on the lumbar spine and psoas muscles.

It includes automated segmentation and quantification of both bone and muscle structures.

Key biomarkers extracted include vertebral body trabecular bone density, vertebral body

volume, psoas muscle volume, and the psoas cross-sectional area (CSA), typically computed

at the L3 vertebral centroid. The entire pipeline was implemented in 3D Slicer, with custom

Python scripts enabling consistent, automated execution across patient datasets.

While the pipeline implementation was started as part of earlier work, we extended

and finalized its implementation for this thesis. Our contributions included automating the

full pipeline for the patient cohort, integrating TotalSegmentator for psoas segmentation,

integrating vertebra-guided cropping, adding a largest connected component filter to remove

residual artifacts after cropping, and extending the CSA computation module to support

measurements at the centroids of all segmented vertebrae—not only for the psoas but also

for vertebral bodies.

1. Segmentation of Vertebral Bodies. Vertebrae were detected and labeled using

VertDetect, a deep learning-based model designed at Sunnybrook Research Institute

for automated vertebral detection and segmentation in CT scans [66]. VertDetect uses a
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Figure 5.1: Biomarker extraction pipeline

Convolutional Neural Network (CNN) architecture with a shared ResNet backbone and

a feature pyramid network (FPN) to extract both spinal and vertebral-level features.

Additionally, a Graph Convolutional Network (GCN) layer enhances vertebral labeling

by incorporating the known anatomical structure of the spine.

Vertebral body segmentation was then performed using a separate U-Net model, which

takes the centroids provided by VertDetect as input to localize and segment individ-

ual vertebral bodies, which served as anatomical landmarks for subsequent muscle

segmentation and biomarker quantification.

2. Psoas Muscle Segmentation. The psoas muscle was segmented using TotalSegmen-

tator [67], a neural network-based (nnU-Net [68]) tool developed for segmentation of

most major anatomical structures in abdominal CT volumes.

28



5.2. BIOMARKER EXTRACTION PIPELINE

Validation and Adjustment of Psoas Volume Measurements. As part of this

thesis, we integrated TotalSegmentator into the pipeline to automate psoas muscle

segmentation. To validate its performance, we compared its output against ground

truth segmentations manually delineated by a medical professional in a subset of four

patients.

Table 5.1 shows the predicted psoas muscle volumes from TotalSegmentator and the

corresponding manually segmented volumes for four CT cases. All volumes were

cropped to a consistent anatomical region using the vertebra-guided cropping mod-

ule described in step 3 .

Table 5.1: Comparison of TotalSegmentator and manually segmented psoas muscle volumes (in
cm3) across four CT cases.

Patient
Manual Volume

(cm3)

TotalSegmentator Volume

(cm3)

Ratio

(Manual / TS)

Patient A 120.51 102.42 1.18

Patient B 138.26 118.13 1.17

Patient C 100.13 83.36 1.20

Patient D 137.50 118.85 1.16

Mean — — 1.18

To correct for systematic under-segmentation by TotalSegmentator, we calculated the

ratio between manual and predicted psoas muscle volumes for the four manually anno-

tated CT cases. The average ratio was approximately 1.18, indicating that TotalSeg-

mentator tended to underestimate psoas volume. To ensure consistency across the

dataset, we applied a correction factor of 1.19 to all predicted psoas volumes during
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biomarker quantification.

3. Standardized Psoas Muscle Cropping. To ensure consistency in volume measure-

ments across patients with varying orientations and scans with varying fields of view,

the psoas muscle was cropped to the anatomical region spanning the L2/L3 to L4/L5

intervertebral disc levels. This region was selected based on its stable anatomical

relationship with the vertebral column, minimizing variability due to patient position-

ing. Cropping was performed using automated vertebral segmentation to align muscle

boundaries with vertebral endplates. The anatomical cropping planes were determined

using the centroids of the vertebral body segmentations. Two planes were defined:

• The first plane was defined midway between the centroids of the L4 and L5 ver-

tebral bodies.

• The second plane was defined midway between the centroids of the L2 and L3

vertebral bodies.

4. Quantification of Biomarkers. As part of the segmentation pipeline, key biomark-

ers were automatically extracted using 3D Slicer. These included the trabecular bone

density (Hounsfield Units, HU) of the lumbar vertebral bodies (L1–L5), the volume

of the lumbar vertebral bodies, and the volume and density (mean and standard de-

viation) of the segmented psoas muscle. The psoas cross-sectional area (CSA) was

aslo determined at the level of the L3 vertebral body. Quantification was performed

using the SegmentStatistics module for bone and muscle volume, and custom scripts

to calculate the psoas CSA via the SegmentCrossSectionArea module.
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5.3 Application of the Pipeline to the SpineMets Dataset

The full SpineMets dataset includes 977 patients and 2364 spinal segments treated with

SBRT. For this study, we restricted our analysis to patients whose planning CT scans in-

cluded full coverage of the lumbar vertebrae L1 through L5. To identify these cases, we used

VertDetect [66] to extract vertebral body centroids and verify anatomical coverage.

Eligible CT volumes were then processed using the automated biomarker extraction

pipeline described in Section 5.2. This generated muscle and bone biomarkers per scan,

which were stored in structured CSV files and later merged with clinical variables for anal-

ysis.

Figure 5.2 summarizes the overall data processing workflow.

5.3.1 Biomarker Extraction from Imaging Data

Each CT volume covering L1–L5 was processed using the pipeline described in Section 5.2 to

extract musculoskeletal biomarkers relevant to osteosarcopenia. These included trabecular

bone density, vertebral body volume, psoas muscle volume, and psoas CSA.

The resulting biomarker values, along with the hashed patient ID and the full CT path,

were saved in a structured CSV file, forming the imaging dataset to be linked with the

clinical information.

The clinical component of the SpineMets dataset is highly detailed and includes a wide

range of patient- and vertebra-level variables. Patient-level information encompasses demo-

graphic data (such as sex and age), cancer history, and survival status. Vertebra-level vari-

ables include the specific spinal segment treated, the SBRT treatment start date, radiation

dose and number of fractions, performance status indicators (e.g., ECOG score, neurological
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Input path containing
imaging data (977 patients)

Run VertDetect: Identify
vertebrae and centroids

Select CTs covering L1–L5

Extract biomarkers
from selected CTs

(psoas and vertebrae)

Preprocess clinical
data (dates, miss-

ing values, survival)

Match clinical and imag-
ing data using CT paths

Resolve duplicates and
average biomarkers if needed

Final merged dataset for
analysis (143 patients)

Figure 5.2: Flowchart summarizing the application of the biomarker extraction pipeline to the
SpineMets dataset.

status), and disease-related characteristics including primary tumor site and the presence of

spinal or extra-spinal metastases. Additionally, imaging metadata such as planning CT file

paths is included. While the full set of clinical variables is retained for reference, Table 5.2

summarizes some of the most relevant features.
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5.3.2 Clinical Data Preprocessing and Imaging Inclusion Criteria

Clinical data were preprocessed to standardize formats and address missing or inconsistent

entries. All date-related columns including death date, treatment start and follow-up, were

converted to datetime format to enable accurate time-based computations. Patient-level

variables, such as sex, age at treatment, and prior cancer history, were filled within each

patient’s record to ensure consistency across multiple treatment entries. Similarly, visit-

specific fields like ECOG score, neurological status, and SINS classification were imputed

per patient and SBRT session. Demographic variables such as age and sex were extracted,

alongside treatment-related information including vertebral levels targeted, prescribed radi-

ation dose, and history of prior and new fractures. Patients often have multiple vertebrae

treated with SBRT both at individual time points or over multiple time points.

To support survival analysis, we computed additional derived columns. The survival

duration (in months) was calculated based on each patient’s earliest SBRT start date and

either the recorded death date or the most recent follow-up, whichever was available. We

also created a Death_Source column to distinguish between patients with confirmed deaths

and those censored at last follow-up.

5.3.3 Linking Clinical Records with Imaging Biomarkers

To merge imaging-derived biomarker data with clinical records, we used patient ID, scan date,

and the vertebral levels imaged in the CT scan to match treated lesions with corresponding

imaging. In some cases, a single treatment entry matched multiple CT scans; these entries

were expanded by duplicating the treatment entry so that each CT path appeared in its own

row.
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Based on the imaging inclusion criteria described in Section 5.2 and the availability

of relevant clinical data, 144 patients were initially identified from the SpineMets dataset

(Section 4.2.1) as having planning CT scans covering the lumbar spine (L1–L5), where the

psoas muscle could be consistently visualized and analyzed. One patient was excluded due

to missing age data, resulting in a final analytic cohort of 143 patients. Height data, which

is required for some sarcopenia measures, was only available for a subgroup of 80 patients.

5.3.4 Resolving Redundancies and Ambiguities in CT-to-Clinical

Matching

After merging the imaging and clinical datasets, we identified two types of duplication issues

that required resolution:

1. Exact duplicates — In 26 patients, multiple clinical rows linked to CT scans yielded

identical biomarker values. These were likely due to the same CT scan being listed

under multiple paths or plans. We removed these exact duplicates, retaining only the

first occurrence of each unique patient-vertebra-treatment entry.

2. Non-identical entries with overlapping clinical identifiers — In 6 patients, a

single vertebra was matched to multiple CT paths that produced slightly different

biomarker values. For these cases, we averaged the biomarker values across scans to

generate a consolidated, representative entry for each treated vertebra.

This ensured that the final merged dataset used for analysis contained one biomarker set

per treated vertebra per patient.

To characterize the prevalence of osteosarcopenia, we used the first available CT scan

per patient, ensuring consistent baseline assessment across the cohort. For fracture risk
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analysis, we used the CT scan obtained during SBRT treatment planning, as it best reflects

musculoskeletal status at the time of treatment.

5.3.5 SpineMets Patient Demographics and Clinical Data

Table 5.2 summarizes the demographic and clinical characteristics of the study population.

Table 5.2: Patient Demographics and Clinical Characteristics

Variable Value

Sex (male) 78/143 (54.5%)

Age (years) Median: 64.1 (Min: 28.4, Max:

90.5)

Mortality Rate 68/143 (47.6%)

Median Survival (months) 9.6 (IQR: 6.4–21.2)

ECOG Performance Status

0 (Asymptomatic) 45/143 (31.5%)

1 (Symptomatic, ambulatory) 77/143 (53.8%)

2 (Symptomatic, <50% in bed) 17/143 (11.9%)

3 (Symptomatic, >50% in bed) 1/143 (0.7%)

4 (Bedbound) 2/143 (1.4%)

Neurological Status

Normal (Motor and sensory intact) 120/143 (83.9%)

Abnormal, Incomplete 17/143 (11.9%)

Abnormal (Sensory only) 5/143 (3.5%)

Continued on next page
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Table 5.2 – Continued from previous page

Variable Value

Past Cancer History

No history of past cancer 128/143 (89.5%)

Yes, past cancer history 14/143 (9.8%)

Primary Tumour Site

Breast 33/143 (23.1%)

Non-Small Cell Lung Cancer (NSCLC) 28/143 (19.6%)

Renal Cell Carcinoma (RCC) 24/143 (16.8%)

Prostate 24/143 (16.8%)

Colon 11/143 (7.7%)

Melanoma 7/143 (4.9%)

Thyroid 4/143 (2.8%)

Hepatocellular Carcinoma (HCC) 3/143 (2.1%)

Head & Neck Cancer (H&N) 3/143 (2.1%)

Urothelial 2/143 (1.4%)

Endometrial 1/143 (0.7%)

Gastrointestinal Stromal Tumour (GIST) 1/143 (0.7%)

Esophagus 1/143 (0.7%)

Unknown primary 1/143 (0.7%)

Spine Metastases

1 metastasis 39/143 (27.3%)

Continued on next page
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Table 5.2 – Continued from previous page

Variable Value

2 metastases 31/143 (21.7%)

3 metastases 17/143 (11.9%)

4 metastases 14/143 (9.8%)

≥5 metastases 31/143 (21.7%)

Other Metastases

Bone Metastases 74/143 (51.7%)

Lung Metastases only 32/143 (22.4%)

Liver Metastases only 21/143 (14.7%)

Both Lung & Liver Metastases 16/143 (11.2%)

No Lung/Liver Mets 73/143 (51.0%)

Brain Metastases 26/143 (18.2%)

SBRT Site

Lumbar (L1–L5) 96/143 (67.1%)

Thoracic (T1–T12) 42/143 (29.4%)

Cervical (C1–C7) 3/143 (2.1%)

Sacral (S1–S5) 2/143 (1.4%)

Spinal Disease Characteristics

Baseline Vertebral Compression Fracture 29/143 (20.3%)

Epidural Disease 53/143 (37.1%)

Treatment History

Continued on next page
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Table 5.2 – Continued from previous page

Variable Value

Previous Spine Surgery 20/143 (14.0%)

Previous Radiotherapy 41/143 (28.7%)

SINS Score (Spinal Instability)

Stable (0–6) 73/143 (51.0%)

Potentially Unstable (7–12) 62/143 (43.4%)

Unstable (13–18) 7/143 (4.9%)

5.3.6 Statistical Methods

Statistical analyses were conducted to define sarcopenia thresholds, validate volumetric in-

dices, and evaluate associations between musculoskeletal biomarkers and clinical outcomes

including fracture risk and survival. All analyses were performed in Python using the SciPy,

lifelines, and statsmodels libraries. A two-tailed 𝑝-value less than 0.05 was considered

statistically significant.

To define sex-specific sarcopenia thresholds, linear regression was performed to model

the relationship between traditional PMI (normalized by height squared) and CT-derived

volumetric indices (e.g., PMV/VBV(L3), PMV/VBV(L3)1/2). Regression parameters (slope,

𝑅2, and MAE) were used to derive volumetric thresholds aligned with standard PMI cut-offs.

Thresholds were also derived using Receiver Operating Characteristic (ROC) curve anal-

ysis. The area under the ROC curve (AUC) was used to evaluate classification performance,

and optimal cut-offs were selected by maximizing Youden’s 𝐽 statistic.

To validate thresholds across datasets, thresholds derived in the SpineMets cohort were
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applied to an independent young advanced prostate cancer cohort, and agreement in sar-

copenia classification was assessed descriptively.

To evaluate associations between categorical classifications (e.g., sarcopenia, osteoporosis,

osteosarcopenia) and fracture risk, chi-square tests were used for the full cohort and sex-

specific subgroups.

To compare continuous biomarkers between fractured and non-fractured vertebrae, Mann–Whitney

U tests were used when data were not normally distributed, and Welch’s t-tests were used

when normality was assumed but variance equality was not met. Selection of test type was

based on statistical assessment of data distribution.

Effect sizes for continuous comparisons were reported using Cohen’s 𝑑. Post hoc power

analyses were performed when findings approached significance to estimate the sample size

needed to detect a true effect.

To assess the independent contributions of muscle and bone biomarkers to vertebral

fracture risk, multivariate logistic regression models were fitted. Predictor variables included

continuous imaging-derived features and binary classifications

Survival outcomes were analyzed using Kaplan–Meier estimators. Time-to-event was

defined as time from SBRT start to death or last follow-up. Patients were stratified by

biomarker-defined groups, and survival differences were assessed using the log-rank test. For

analyses involving more than two groups (e.g., sarcopenic only, osteoporotic only, osteosar-

copenic, or neither), a multivariate log-rank test was applied.
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5.4 Osteoporosis Methodology

Osteoporosis was evaluated in vertebral bodies without metastatic involvement. Vertebral

bodies with metastatic involvement were detected and excluded from bone density calcula-

tions. Metastatic involvement was detected within the vertebral bodies using a previously

developed method by our group at Sunnybrook Research Institute. Tumour involvement

causes variability in bone deposition, osteolytic tumours resorb bone and decrease bone den-

sity, whereas osteoblastic lesions cause excessive bone deposition and mineralization. Both

of these types of tumour lead to a large distribution in bone density within the vertebral

body. As such, standard deviation (STD > 75HU) of bone density within the trabecular

centrum of the vertebral body was used to classify vertebrae as metastatically involved.

For each patient, the bone mineral density was then computed as the mean HU value

across all remaining (non-metastatic) vertebral bodies. A threshold of 135 HU was used to

classify patients into osteoporotic and non-osteoporotic groups. Specifically, patients with

mean vertebral HU below 135 were classified as osteoporotic, while those with HU above

this threshold were classified as non-osteoporotic. This approach enabled a consistent and

objective stratification of patients based on quantitative imaging data.

5.5 Sarcopenia Methodology

5.5.1 Defining a CT-Based Volumetric Index for Sarcopenia

Sarcopenia is commonly assessed using imaging-based indices such as the Skeletal Muscle

Index (SMI) or the Psoas Muscle Index (PMI), particularly in oncologic studies. Both

indices are derived from the cross-sectional area (CSA) of skeletal muscle at the third lumbar
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vertebra (L3) and normalized by the patient’s height squared (𝐻2) to account for body size

differences. While SMI includes multiple muscle groups, PMI focuses on the bilateral psoas

muscles and is often used when full segmentation is not feasible. PMI is calculated as:

𝑃𝑀𝐼 =
𝑃𝐶𝐴

𝐻2
(5.1)

where 𝑃𝐶𝐴 is the combined cross-sectional area of the left and right psoas muscles (cm2),

and 𝐻 is the patient’s height in meters.

PMI has shown clinical utility as a surrogate for muscle mass and has been associated

with outcomes such as treatment toxicity, complications, and overall survival in various

cancer populations [44, 69–71], also see section 3.2. However, both PMI and SMI present

limitations. Their dependence on a single axial slice may lead to inaccurate representation

of muscle mass, especially in patients with spinal deformities or tumors at L3. Moreover,

both indices require accurate height data, which is frequently missing open datasets and in

retrospective cohorts—as in our dataset, where only 56% of patients (80 of 143) had height

recorded.

To overcome these limitations, we developed a CT-based volumetric alternative to PMI

that removes the dependency on height and better reflects total psoas muscle mass. We

proposed a Volumetric Psoas Muscle Index (vPMI), which normalizes the psoas muscle

volume (PMV) by vertebral body volume (VBV) at the L3 level:

𝑣𝑃𝑀𝐼 =
𝑃𝑀𝑉

𝑉𝐵𝑉
power
𝐿3

(5.2)

This approach removes the need for height and provides a more comprehensive represen-

tation of muscle mass. We tested several normalization strategies by varying the power term
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(e.g., linear, square-root) and also evaluated multi-level VBV references (e.g., VBV𝐿3+𝐿4).

Although the main motivation was to support analysis in patients without height data, we

also derived height-normalized volumetric indices—vPMI(ℎ), vPMI(ℎ2), and vPMI(ℎ3)—to

enhance comparability with conventional methods such as PMI and BMI, which rely on

height-based normalization. These indices may be preferred in studies or clinical settings

where height is available and body-size adjustment is essential.

To establish sarcopenia thresholds, we analyzed a subset of 80 SpineMets patients with

available height data. Volumetric indices were grouped into vertebral-based (e.g., PMV/VBV(L3),

PMV/(VBV(L3)+VBV(L4)), PMV/VBV(L3)1/2) and height-based (e.g., PMV/ℎ3, PMV/ℎ2,

PMV/ℎ) categories. We used linear regression and ROC analysis to align volumetric indices

with sex-specific PMI cutoffs from literature [44], enabling classification consistent with con-

ventional sarcopenia definitions.

Thresholds were validated in an independent cohort of 68 young prostate cancer patients

(490 CTs). To avoid confounding from disease progression or treatment effects, baseline

scans were used for threshold derivation.

5.5.2 Deriving and Validating Volumetric Sarcopenia Thresholds

Sex-specific thresholds for sarcopenia classification were derived using two complementary

methods. First, linear regression was used to model the relationship between each volu-

metric index and the height-normalized Psoas Muscle Index (PMI), allowing standard PMI

cutoffs (<6.36 cm2/m2 for men, <3.92 cm2/m2 for women) to be translated into volumetric

thresholds. Second, receiver operating characteristic (ROC) curve analysis was performed

to identify optimal thresholds by maximizing Youden’s J statistic.
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The strength of each volumetric index was evaluated using the coefficient of determina-

tion (𝑅2) and mean absolute error (MAE). Among the CT-only indices, PMV/VBV(L3)1/2

showed the strongest agreement with traditional PMI, outperforming direct and quadratic

normalization strategies. While height-based indices such as vPMI(h3), vPMI(h2), and

vPMI(h) yielded even higher correlations (𝑅2 > 0.85) and AUCs, their reliance on patient

height limits clinical utility in retrospective analyses.

Figures 5.3 and 5.4 illustrate the linear relationships for both CT-based and height-based

indices in male and female patients, respectively. Table 5.3 summarizes the regression- and

ROC-derived thresholds, along with AUC values for each index.
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Figure 5.3: Linear regressions between PMI and CT-based volumetric indices (PMV/VBV(L3),
PMV/(VBV(L3)+VBV(L4)), and PMV/VBV(L3)1/2) for male and female SpineMets patients.
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Figure 5.4: Linear regressions between PMI and height-based volumetric indices (vPMI(h3),
vPMI(h2), and vPMI(h)) for male and female SpineMets patients.
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Table 5.3: SpineMets Patients: Linear Regression and ROC Analysis for Volumetric Sarcopenia
Indices

Volumetric Index Sex Linear Threshold ROC Threshold ROC AUC

vPMI(PMV/VBV(L3)1/2) Male 27.97 25.11 0.94

Female 16.38 16.45 0.87

vPMI(PMV/VBV(L3)) Male 4.95 4.49 0.88

Female 2.99 3.37 0.76

vPMI(PMV/(VBV(L3)+VBV(L4))) Male 2.42 2.38 0.91

Female 1.64 2.13 0.81

vPMI(h3) Male 30.05 29.20 0.94

Female 19.38 19.05 0.97

vPMI(h2) Male 52.32 50.54 0.95

Female 30.72 30.84 0.96

vPMI(h) Male 91.42 90.72 0.94

Female 48.18 48.20 0.93

Overall, PMV/VBV(L3)1/2 was selected as the preferred CT-based surrogate for sar-

copenia classification in the SpineMets cohort due to its strong performance across sexes

(ROC AUC = 0.94 for males, 0.87 for females) and independence from height data. The

derived regression-based and ROC-derived thresholds showed close agreement, supporting

the robustness of this index for automated classification.
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Validation of Volumetric Sarcopenia Thresholds in Young Advanced Prostate

Cancer Patients

To evaluate sarcopenia classification robustness, we performed threshold derivation and val-

idation using an independent cohort of young advanced prostate cancer patients (see Sec-

tion 4.2.2).

Linear regression and receiver operating characteristic (ROC) analyses were applied to

the young advanced prostate cancer cohort using the same methodology as in the SpineMets

cohort. Thresholds were derived for all proposed volumetric sarcopenia indices, allowing

direct comparison of their behavior across datasets.

Table 5.4 presents the comparison of thresholds between the SpineMets male cohort

and the young advanced prostate cancer cohort. Thresholds were comparable across all

volumetric indices. The PMV/VBV(L3)1/2 index showed close agreement, with linear re-

gression thresholds of 27.94 and 28.17 and ROC-derived thresholds of 25.11 and 28.41 for

the SpineMets and young advanced prostate cancer cohorts, respectively. Height-normalized

indices demonstrated similar patterns, with slightly greater variability.

To evaluate classification agreement, we applied the SpineMets-derived threshold of 27.94

for PMV/VBV(L3)1/2 to all available scans in the prostate cancer cohort, including follow-

up scans. Sarcopenia classification using this volumetric index was then compared to clas-

sification using the traditional PMI, and agreement was assessed using concordance plots

(Figure 5.5) and Cohen’s kappa statistic.
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Table 5.4: Comparison of Sarcopenia Thresholds Between SpineMets Male and Young Advanced
Prostate Cancer Cohorts

Volumetric Index SpineMets Linear Young Linear SpineMets ROC Young ROC

PMV/VBV(L3)1/2 27.97 28.17 25.11 28.41

PMV/VBV(L3) 4.95 5.02 4.49 5.35

PMV/(VBV(L3)+VBV(L4)) 2.42 2.50 2.38 2.70

vPMI(h3) 30.05 30.12 29.20 30.23

vPMI(h2) 52.32 52.59 50.54 54.34

vPMI(h) 91.42 90.73 90.72 89.18

Figure 5.5: Sarcopenia classification comparison between PMI and PMV/VBV(L3)1/2 using the
SpineMets-derived linear regression threshold. Classification was performed on all available scans.
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5.5.3 Sarcopenia classification methodology

To classify sarcopenia in our cohort, we adopted sex-specific thresholds derived from the

volumetric index PMV/VBV(L3)1/2, which was identified as the most consistent CT-based

surrogate for the traditional Psoas Muscle Index (PMI). This approach enables sarcopenia

classification without requiring external clinical information such as patient height, support-

ing a fully automated imaging-based pipeline.

Thresholds were obtained from linear regression analyses aligning PMV/VBV(L3)1/2 with

PMI, based on the subset of SpineMets patients with available height data. The thresholds

used were:

PMV/VBV(L3)1/2men < 27.97, PMV/VBV(L3)1/2women < 16.38 (5.3)

These volumetric thresholds correspond to the conventional PMI cut-offs reported by Albano

et al. [44], where sarcopenia is defined as:

𝑃𝑀𝐼men < 6.36 cm2/m2, 𝑃𝑀𝐼women < 3.92 cm2/m2 (5.4)

5.6 Results

5.6.1 Psoas Cross-Sectional Area vs. Psoas Muscle Volume

We found a strong linear relationship between psoas cross-sectional area (CSA) and psoas

muscle volume (PMV) in both the Patients with Spinal metastases and in the Young ad-

vanced prostate cancer patients. (Figure 5.6):
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• SpineMets cohort (143 patients, 160 CT volumes): 𝑐 = 0.1208, 𝑅2 = 0.897, MAE =

1.28

• Young advanced prostate cancer cohort (69 patients, 490 CT volumes): 𝑐 = 0.1184,

𝑅2 = 0.906, MAE = 1.19

Figure 5.6: Linear regression of psoas cross-sectional area at L3 versus total psoas muscle volume
across 143 SpineMets patients (left) and 69 young advanced prostate cancer patients (right).

5.6.2 Osteoporosis Prevalence

Figure 5.7 presents the distribution of osteoporotic and non-osteoporotic patients across

different age groups. The data indicate a higher prevalence of osteoporosis in older patients,

particularly those aged 60 and above, while younger age groups exhibit a lower incidence.

Figure 5.8 shows the distribution of the osteoporosis score, resulting in a total of 83

osteoporotic patients, 37/65 female and 46/78 male.
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Figure 5.7: Patient Count by Age Group and Osteoporotic Status

5.6.3 Sarcopenia Prevalence

Based on the stablished thresholds, sarcopenia was observed in 64 out of 143 patients (45%)

overall. When stratified by sex, 44 of 78 male patients (56%) and 20 of 65 female patients

(31%) were classified as sarcopenic.

Figure 5.9 illustrates the distribution of PMV/VBV(L3)1/2 values by sex, with dashed

vertical lines indicating the sex-specific sarcopenia thresholds.

5.6.4 Osteosarcopenia Distribution

Using the previous classifications for osteoporosis and sarcopenia, patients were further clas-

sified into osteosarcopenia groups. Osteosarcopenia was the most prevalent condition in

the cohort, observed in 44 out of 143 patients (31%). Additionally, 20 patients (14%) were

classified as sarcopenic only, and 39 patients (27%) as osteoporotic only. The remaining 40

patients (28%) exhibited neither condition.

Table 5.5 presents the detailed distribution stratified by sex. Among female patients, 22
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Figure 5.8: Osteoporosis distribution

were classified as having no condition, 23 as osteoporotic only, 14 as osteosarcopenic, and 6

as sarcopenic only. Among male patients, 18 had no condition, 16 were osteoporotic only,

30 were osteosarcopenic, and 14 were sarcopenic only.

These findings highlight the high prevalence of osteosarcopenia among spine SBRT pa-

tients and emphasize the importance of integrated muscle and bone health assessments in

this population.

Table 5.5: Distribution of Osteosarcopenia Classification by Sex

Sex Osteosarcopenia Classification Patient Count
F No condition 22
F Osteoporotic Only 23
F Osteosarcopenic 14
F Sarcopenic Only 6
M No condition 18
M Osteoporotic Only 16
M Osteosarcopenic 30
M Sarcopenic Only 14
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Figure 5.9: Distribution of PMV/VBV(L3)1/2 values by sex. Dashed lines represent the sex-specific
thresholds for sarcopenia classification.

5.6.5 Fracture Risk Analysis

This section evaluates the association between imaging biomarkers and vertebral fracture

risk using both categorical and continuous variables. Analyses were performed separately

for the full cohort and for sex-specific subgroups.

A total of 295 vertebrae from 143 patients were analyzed. Among these, 38 vertebrae

(13%) experienced fractures. Thirty-two patients (22%) had at least one fractured vertebra.

The fracture rate was higher among males (15%) than females (11%).

Chi-Squared tests were conducted to assess whether categorical classifications—including

sarcopenia (based on PMI and volumetric indices), osteoporosis, and osteosarcopenia—were

associated with vertebral fracture risk. Across the full cohort, none of the categorical vari-

ables demonstrated a statistically significant association with fracture occurrence (𝑝 > 0.05).

Similarly, sex-specific subgroup analyses did not identify any significant associations in either

males or females (𝑝 > 0.05 for all tests).
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For continuous imaging biomarkers, Mann–Whitney U tests and Welch’s t-tests were

used depending on normality assumptions. Figure 5.10 visualizes the overall distribution of

four continuous imaging biomarkers across the cohort: Psoas Density Mean, Psoas Volume,

the normalized psoas volume (PMV/VBV(L3)1/2), and Osteoporosis.

Figure 5.10: Distributions of selected imaging biomarkers across the full cohort.

Figure 5.11 shows the distribution of each biomarker by fracture status using boxplots.

Each plot includes the statistical test used and the corresponding 𝑝-value.
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Figure 5.11: Boxplots comparing biomarker values between vertebrae with and without fracture.

Across all comparisons, no significant differences in biomarker values were found between

fractured and non-fractured vertebrae in the cohort (𝑝 > 0.05 for all tests). Psoas Density

had a median of 34.66 HU in the non-fracture group versus 31.68 HU in the fracture group

(𝑝 = 0.165; Cohen’s 𝑑 = −0.33; power = 0.47), suggesting a possible difference with insuf-

ficient power to confirm it. Osteoporosis also trended lower in the fracture group (mean

difference = –16.34 HU; 𝑝 = 0.085; Cohen’s 𝑑 = −0.33), with post hoc analysis suggesting a

required minimum sample size of 84 per group to detect this effect.

Other biomarkers such as Psoas Volume and PMV/VBV(L3)1/2 showed smaller median

differences (–5.9 cm3 and –0.79 respectively), with very low power estimates (0.05 and 0.12),

indicating that a substantially larger sample size would be required to detect moderate
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effects.

In the male subgroup, the ratio PMV/VBV(L3) reached statistical significance (𝑝 =

0.0155) with a moderate effect size (𝑑 = −0.41). However, the power remained low (0.44),

and a minimum sample size of 55 individuals per group would be required to confirm this

finding reliably. No other biomarkers showed statistically significant differences in males or

females. Among females, none of the continuous variables were significantly associated with

fracture risk. The closest result was for osteoporosis, which had a non-significant p-value

(𝑝 = 0.351) and very low power (0.06), limiting its interpretability.

We also explored fracture risk while accounting for potential interactions between biomark-

ers by fitting logistic regression models that incorporated both continuous and categorical

imaging-derived features.

Osteoporosis, treated as a continuous variable, was significantly associated with frac-

ture risk in models that included binary sarcopenia classification based on the volumetric

PMV/VBV(L3)1/2 ratio (Sarcopenic_PMV/VBV(L3)1/2) and sex (𝑝 = 0.02). These find-

ings suggest that trabecular bone density, is an independent predictor of fracture risk beyond

the effects of binary muscle loss classification or sex.

Lower psoas muscle density was significantly associated with increased fracture risk in

(𝑝 = 0.022; OR = 0.968, 95% CI: 0.943–0.996) in a model that adjusted for both Osteoporosis

classification and Sarcopenic_PMV/VBV(L3)1/2. In this model, neither osteoporosis (𝑝 =

0.244) nor the sarcopenia classification (𝑝 = 0.157) reached statistical significance. This

result suggests that lower psoas muscle density is independently associated with greater

fracture risk, beyond what is captured by binary osteoporosis or sarcopenia labels.

56



5.6. RESULTS

5.6.6 Survival Analysis

To evaluate the relationship between osteosarcopenia-related imaging biomarkers and patient

survival, a survival analysis was conducted using the Kaplan-Meier method and log-rank

tests. The Kaplan-Meier estimator is a non-parametric statistic widely used to estimate the

probability of survival over time, accounting for both censored and uncensored data. This

approach enables the visualization of survival probabilities across time intervals, even in the

presence of incomplete follow-up data.

Censoring was applied to individuals for whom death had not been observed by the end

of the follow-up period. The time-to-event variable was defined as the duration between the

date of SBRT initiation and either the recorded date of death or the date of last clinical

follow-up, whichever occurred first. Patients were considered deceased if a verified date of

death was available and alive (i.e., censored) otherwise.

To compare survival distributions between groups (e.g., osteosarcopenic vs. non-osteosarcopenic),

the log-rank test was used. This statistical test evaluates whether there is a significant differ-

ence in the survival curves of two or more groups, under the null hypothesis that the survival

functions are identical across the groups. For analyses involving multiple risk groups (e.g.,

sarcopenic only, osteoporotic only, osteosarcopenic, and no condition), a multivariate log-

rank test was employed to test for overall differences among the curves.

The median follow-up duration in our cohort of patients with spinal metastases treated

with SBRT was 22.1 months (interquartile range [IQR]: 8.8–37.3 months). At the time of

analysis, 48% of patients had died, while 52% were censored at their last follow-up.

Kaplan-Meier survival curves revealed that patients classified as osteosarcopenic exhibited

slightly lower survival probabilities over time compared to those without osteosarcopenia.

57



5.6. RESULTS

The log-rank test indicated a statistically significant difference between groups (𝑝 = 0.023;

see Figure 5.12), suggesting that osteosarcopenia may be associated with decreased overall

survival.

When stratifying patients into four groups (no condition, sarcopenic only, osteoporotic

only, and osteosarcopenic), the multivariate log-rank test also indicated a statistically sig-

nificant difference in survival (𝑝 = 0.0017; Figure 5.13). These results support the relevance

of osteosarcopenia classification in predicting patient survival.

Sarcopenia classification based on imaging-derived volumetric indices was also signifi-

cantly associated with survival. When patients were stratified based on sarcopenia defined

by PMV/VBV(L3)1/2, the resulting survival curve showed statistically significant differences

(log-rank 𝑝 = 0.0002; see Figure 5.14). These findings suggest that sarcopenia, even when

assessed using automated imaging biomarkers alone, may be predictive of poorer survival

outcomes in patients with spinal metastases.

Figure 5.12: Kaplan-Meier survival curves comparing osteosarcopenic and non-osteosarcopenic pa-
tients. A statistically significant difference in survival was found (log-rank 𝑝 = 0.023).
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Figure 5.13: Kaplan-Meier survival curves stratified by: no condition, sarcopenic only, osteoporotic
only, and osteosarcopenic. A statistically significant difference was detected (multivariate log-rank
𝑝 = 0.0017).

Figure 5.14: Kaplan-Meier survival curves comparing sarcopenic and non-sarcopenic patients. A
statistically significant difference in survival was found (log-rank 𝑝 = 0.0002).

5.7 Discussion

The strong relationship between the 3D volumetric and CSA based measures of sarcopenia

support the use of volumetric metrics with the potential advantages of 3D based measures
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for monitoring change between scans. Given these strong correlations and the need for

height-independent metrics, volumetric indices such as PMV and vPMI provide a scalable

and practical alternative for sarcopenia assessment, particularly in longitudinal studies or

when height is unavailable.

Osteosarcopenia was the most prevalent condition in this cohort, affecting 31% of pa-

tients, consistent with prior studies highlighting the high burden of musculoskeletal deteri-

oration in oncology populations. Given its established association with frailty and adverse

outcomes, these findings reinforce the need for routine musculoskeletal assessments in pa-

tients undergoing SBRT.

Across the full cohort, categorical classifications of sarcopenia, osteoporosis, and osteosar-

copenia were not significantly associated with fracture risk. Sex-stratified analyses also

failed to show significant associations in either males or females, suggesting that categor-

ical imaging-based indicators alone may be insufficiently sensitive for predicting vertebral

fracture risk in this population.

Continuous imaging biomarkers offered additional insights. Although no comparisons

reached statistical significance in the full cohort, psoas muscle density and bone density

showed trends toward association with fracture risk (e.g., 𝑝 = 0.1364 and 𝑝 = 0.0923, re-

spectively), but were underpowered to confirm such associations. In the male subgroup, the

PMV/VBV(L3) ratio was significantly lower in patients with vertebral compression fractures

(𝑝 = 0.0155), suggesting a possible relationship between reduced muscle volume relative to

bone size and fracture risk. However, the low statistical power (0.44) and small fracture

sample size limit interpretability.

Despite not reaching statistical significance in univariate comparisons, both psoas muscle

density and osteoporosis were significantly associated with fracture risk in logistic regres-
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sion models. Psoas density was a significant predictor of fracture risk both independently

(𝑝 = 0.035) and after adjusting for osteoporosis and sarcopenia classification (𝑝 = 0.022).

Osteoporosis also remained significant when adjusting for sarcopenia and sex (𝑝 = 0.02).

Regarding survival analysis, both sarcopenia and osteosarcopenia classifications were

significantly associated with survival, supporting their relevance as prognostic indicators.

These findings reinforce the potential of fully automated CT-based imaging biomarkers for

integration into clinical risk stratification workflows in spinal metastasis patients undergoing

SBRT.
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Chapter 6

MRI-Based Segmentation of the Psoas

Muscle and Vertebral Bodies

Musculoskeletal biomarkers derived from MRI are clinically valuable due to MRI’s superior

soft tissue contrast and absence of ionizing radiation. However, extracting these biomarkers

requires accurate segmentation of muscle and bone structures, which is more challenging

than in CT due to variability in image quality, contrast, and field of view. This chapter

describes the development and evaluation of deep learning models for segmenting the psoas

muscle and vertebral bodies in MRI using CT-derived labels from aligned datasets.

Segmenting the psoas muscle and vertebral bodies in MRI volumes presents unique chal-

lenges. Despite MRI’s superior soft tissue contrast, it exhibits high variability across scan-

ners and protocols, lacks standardized intensity scaling, and often has a limited field of view.

These factors make it difficult to obtain training images with consistent anatomical coverage.

While TotalSegmentator performs well on CT scans, it yields poor results on our MRI data.

A key limitation is the scarcity of publicly available MRI datasets with consistent regions
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and ground truth segmentations, which limits model training and evaluation.

To address these challenges, we leveraged a previously manually aligned dataset of CT

and MRI scans to propagate labels from CT to MRI (see Section 6.2 and Section 6.1 for full

details).

We extended the CT segmentation pipeline to MRI using nnU-Net [57], a self-configuring

deep learning framework for biomedical image segmentation. We used the basic public im-

plementation without manual modifications. nnU-Net automatically selects an appropriate

model configuration (2D, 3D full resolution, or 3D cascade) and generates a "plan" tailored

to the dataset. This plan defines spacing, patch size, architecture parameters, and batch

size.

6.1 nnU-Net Training Pipeline

The following is a brief summary of the nnU-Net training process, as described by Isensee

et al. [57], which we applied in this work:

1. Preprocessing: Images are resampled to near-isotropic resolution and intensity-

normalized. Training patches are extracted with oversampling of foreground regions.

2. Architecture Configuration: Based on the dataset plan, nnU-Net adapts the archi-

tecture depth, number of feature maps, and kernel sizes to maximize GPU usage and

context coverage.

3. Data Augmentation: Real-time augmentations such as rotations, scaling, flips, elas-

tic deformations, and intensity shifts are applied.
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4. Model Optimization: The model is trained with stochastic gradient descent and a

combined Dice and cross-entropy loss. A polynomial learning rate decay is applied.

5. Validation: A 5-fold cross-validation is used. The best model per fold is saved based

on Dice score.

6. Ensembling: Cross-validation predictions are averaged to improve final results.

7. Postprocessing: Small disconnected components are removed using connected com-

ponent analysis.

Before training, nnU-Net requires a specific folder structure for dataset organization.

Each dataset must include a folder for training images and a corresponding folder for seg-

mentations. All files must be in NIfTI format and follow a strict naming convention (e.g.,

image_0000.nii.gz for images and image.nii.gz for corresponding labels). Additionally,

a dataset.json file must be provided. This file specifies essential metadata such as the

dataset name, label definitions, modality/channel mappings and the total number of images.

This setup allows nnU-Net to automatically parse the dataset and generate an appropriate

configuration plan for training.

Details for each trained model are presented in sections 6.6.2 and 6.6.3.

6.2 Vertebral Coverage Analysis

As part of the data preprocessing step, we examined the vertebral coverage in each scan.

This was necessary because CT and MRI volumes often include different regions of the spine.

Vertebral bodies were segmented for all CT images using VertDetect [66].
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6.2.1 Implications for Model Training and future Longitudinal Anal-

ysis

The vertebral coverage analysis revealed a substantial disparity between CT and MRI scans.

While CT volumes consistently encompassed the full lumbar spine (L1–L5), MRI scans

tended to have more limited anatomical coverage. This discrepancy has implications for

both training and downstream applications: in longitudinal studies or CT-MRI biomarker

comparisons, it may be beneficial to define the psoas muscle region adaptively, based on the

specific vertebral levels captured in each case.

These coverage limitations impacted which scan pairs could be used for training. Our

inclusion criteria are described in detail in Sections 6.6.2 and 6.6.3.

6.3 nnU-Net Data Preparation Pipeline

We developed a data preparation pipeline that automates the steps of selecting appropriate

scan pairs, resampling, labeling, and saving the volumes. This pipeline is modular and

reusable, facilitating training for future models.

To prepare the data for nnU-Net training, the first step was to segment the psoas muscles

and vertebral bodies in CT volumes. Because high-quality ground truth segmentations for

MRI are scarce, particularly for musculoskeletal structures, we leveraged CT-MRI aligned

pairs to propagate CT-based labels onto MRI volumes. This enabled weak supervision for

training, eliminating the need for manual MRI annotations.

For psoas segmentation, we used TotalSegmentator to segment the CT volumes. The

previously segmented vertebral bodies, obtained using VertDetect for the coverage analysis,
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were also included as part of a systematic pipeline to match CT and MRI pairs that covered

the region from L2 to the midpoint of L5. In addition to guiding region selection, these

vertebral segmentations served as ground truth labels for training the nnU-Net models for

vertebral body segmentation in MRI.

Figure 6.1 summarizes the process of transferring ground truth from CT segmentations

to pre-registered T1 and T2 MRI volumes. The pipeline shown is for psoas segmentation; a

similar process was used for vertebral bodies.

Figure 6.1: Data preparation pipeline for psoas segmentation, showing label propagation from CT
to pre-registered T1 and T2 MRI volumes.

A single-channel model framework was implemented, meaning CT, T1, and T2 scans
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were each used independently as inputs for training, despite originating from fused datasets.

The fused CT-MRI dataset was used solely to propagate ground truth segmentations onto

MRI volumes, as shown in Figure 6.1.

6.4 Psoas Segmentation Training Strategy

Based on the analysis of vertebral coverage on our CT and corresponding MRI, see section

6.2, and the vertebral body segmentations, we defined inclusion criteria for selecting training

pairs. We retained all CT scans that included the region L2–L5 and continued to filter and

retain CT-MRI scan pairs where the MRI included the region minimum of L2 vertebrae to

midpoint of L5, ensuring that the relevant anatomy for psoas segmentation was visible.

Only pairs with exactly one T1-weighted and one T2-weighted MRI volume were included

for model training. If multiple valid T1 or T2 scans were available, we processed them

separately and saved them for potential use in validation. A total of 31 CT-MRI pairs (93

CT, T1 and T2) contained the required region, and 7 scans including 2 CT, 3 T1 and 2 T2

of images that included the region but were not paired (could be because more than one T1

or T2 existed for a CT) were used as a testing set.

The first model was trained with both left and right psoas labeled separately. A total of

31 CT-MRI pairs met all criteria and were used for training. An additional set of 7 scans that

matched the anatomical region but were not perfectly paired (due to duplicate modalities)

were used as a testing set.
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6.5 Vertebral Body Segmentation Training Strategy

We trained three nnU-Net models using different combinations of CT and MRI training data,

all using aligned volumes and a consistent label convention (C1 to L6 and T13, labels 1–26).

We evaluated the following three training configurations to assess the impact of anatom-

ical coverage and data inclusion criteria::

• Model 1 – CT (L2–L5) + MRI (L2 to mid-L5): Aligned MRI scans containing at

least L2 to mid-L5 were selected. This matched the psoas training region and ensured

consistent anatomical context.

• Model 2 – CT (L2–L5) + any aligned MRI: To increase the number of training

samples, this configuration included all MRI scans aligned with CTs, regardless of MRI

vertebral coverage.

• Model 3 – All CTs + all MRIs: In this setup, all available CT and MRI volumes

were used, regardless of anatomical region. This maximized dataset size but introduced

variability in vertebral coverage.

Each model was trained using 5-fold cross-validation.

6.6 Results

6.6.1 Vertebral Coverage Findings

Figure 6.2 shows the frequency of L1–L5 vertebrae across the CT and MRI scans in the fused

dataset.
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Figure 6.2: Presence of vertebral regions in CT (sky blue) and MRI (orange) scans across the fused
dataset.

The CT scans covered a broader anatomical range, frequently including all five lumbar

vertebrae. In contrast, MRI scans had limited field of view. The L2–L3 region was the most

consistently present in both modalities, appearing in 114 CT and 67 MRI scans, respectively.

6.6.2 Psoas Segmentation Results

The nnU-Net model trained for separate segmentation of the left and right psoas muscles was

evaluated using 5-fold cross-validation. Dice scores ranged from 0.84 to 0.90, and Jaccard

indices from 0.75 to 0.83. The average Dice score across all folds was 0.88. A detailed

breakdown is shown in Table 6.2.
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Table 6.1: Per-class segmentation performance of nnU-Net model for left and right psoas muscles
across 5-fold cross-validation. Metrics are reported separately for the left and right segments.

Fold Class Dice Score FNR FPR

Fold 0 Left 0.89 0.16 4.1 × 10−4

Fold 0 Right 0.91 0.11 3.2 × 10−4

Fold 1 Left 0.88 0.13 4.3 × 10−4

Fold 1 Right 0.88 0.13 4.3 × 10−4

Fold 2 Left 0.88 0.13 6.4 × 10−4

Fold 2 Right 0.89 0.12 5.8 × 10−4

Fold 3 Left 0.84 0.12 8.9 × 10−4

Fold 3 Right 0.85 0.16 6.9 × 10−4

Fold 4 Left 0.90 0.11 3.2 × 10−4

Fold 4 Right 0.91 0.09 3.1 × 10−4

Table 6.2: Average performance of nnU-Net model for left and right psoas segmentation using 5-fold
cross-validation.

Fold Dice Score Jaccard Index FNR FPR

Fold 0 0.90 0.83 0.17 3.6 × 10−4

Fold 1 0.88 0.80 0.14 4.3 × 10−4

Fold 2 0.88 0.80 0.13 5.1 × 10−4

Fold 3 0.84 0.75 0.16 6.2 × 10−4

Fold 4 0.90 0.83 0.11 3.3 × 10−4

Mean 0.88 0.80 0.14 4.5 × 10−4

While the results showed high overlap with the ground truth segmentations, the model
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occasionally mislabeled left and right psoas muscles, more frequently in CT volumes, though

some mislabeling was also observed in MRI. To mitigate this, we trained a version of the

model where both psoas muscles were combined into a single segment. This approach im-

proved the mean Dice score from 0.88 to 0.90 and reduced mislabeling, as detailed in Ta-

ble 6.3.

Figure 6.3 illustrates a visual comparison between the separate and combined psoas seg-

mentation models. While both models achieved similar quantitative metrics, the combined

model yielded more anatomically consistent segmentations by avoiding left/right mislabel-

ing. This difference is evident in the MRI slice, where the separate model introduces lateral

asymmetry not present in the ground truth or the combined prediction.

(a) Ground Truth (b) Separate Prediction (c) Combined Prediction

Figure 6.3: Psoas Segmentation – Visual Comparison of Separate vs Combined Models. A coronal
MRI slice is shown with: (a) ground truth segmentation, (b) prediction from the separate left/right
psoas model, and (c) prediction from the combined model. The combined prediction exhibits im-
proved anatomical consistency by reducing left/right mislabeling.

Table 6.3 shows the Dice and IoU metrics for each individual fold. The final row reports

the cross-validation performance computed by nnU-Net by aggregating predictions across all

test splits, yielding a Dice score of 0.90 and IoU of 0.82.

71



6.6. RESULTS

Table 6.3: Cross-validation performance of nnU-Net model for combined psoas segmentation.

Fold Dice Score Jaccard Index FNR FPR

Fold 0 0.91 0.83 0.12 7.1 × 10−4

Fold 1 0.90 0.83 0.10 7.6 × 10−4

Fold 2 0.90 0.83 0.10 9.8 × 10−4

Fold 3 0.86 0.77 0.13 1.4 × 10−3

Fold 4 0.93 0.87 0.07 5.2 × 10−4

Crossval (0-4) 0.90 0.82 0.11 8.3 × 10−4

Table 6.4 presents the performance of the combined psoas model on the 7-scan test

set using CT-derived ground truth. CT volumes yielded the highest accuracy, while MRI

volumes showed slightly lower performance. Most MRI errors were localized near the inferior

lumbar boundary, likely due to the limited field of view in MRI and the reduced availability

of ground truth labels beyond L5.

Table 6.4: Performance of the combined psoas segmentation model on 7 unseen test volumes using
CT-derived ground truth. Volumes are grouped by subject and modality.

Subject Modality and Series Dice Jaccard Vol. Sim. FNR FPR

Patient 1
CT 0.95 0.90 -0.02 0.06 1.16 × 10−4

MRI – T1 0.90 0.82 -0.06 0.12 6.05 × 10−3

MRI – T2 0.91 0.83 -0.06 0.12 5.36 × 10−3

Patient 2

CT 0.93 0.88 -0.02 0.07 2.19 × 10−4

MRI – T1 (pre-contrast) 0.87 0.76 -0.07 0.16 1.70 × 10−3

MRI – T1 (post-contrast) 0.87 0.77 -0.10 0.17 1.50 × 10−3

MRI – T2 0.86 0.76 -0.09 0.18 1.61 × 10−3

Mean — 0.90 0.82 -0.06 0.13 2.74 × 10−3

Table 6.5 presents the performance of the combined psoas model evaluated against four

manually segmented CT volumes, each preprocessed using the vertebra-guided cropping
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module described in section 5.2. For comparison, Table 6.6 reports the performance of To-

talSegmentator on the same cases. Both methods achieved Dice scores exceeding 0.85 across

all cases, with the combined model slightly outperforming TotalSegmentator in Jaccard index

and volume similarity.

Table 6.5: Performance of the combined psoas model against manual segmentations on 4 cropped
CT volumes.

Patient Dice Jaccard Vol. Sim. FNR FPR

Patient A 0.86 0.75 -0.27 0.24 1.01 × 10−5

Patient B 0.92 0.85 -0.10 0.13 5.56 × 10−5

Patient C 0.88 0.79 -0.20 0.19 1.55 × 10−5

Patient D 0.91 0.83 -0.16 0.16 2.06 × 10−5

Mean 0.89 0.81 -0.17 0.18 2.05 × 10−5

Table 6.6: Performance of TotalSegmentator against manual segmentations on the same CT vol-
umes.

Patient Dice Jaccard Vol. Sim. FNR FPR

Patient A 0.88 0.79 -0.16 0.18 5.43 × 10−5

Patient B 0.89 0.80 -0.16 0.18 5.54 × 10−5

Patient C 0.86 0.75 -0.18 0.21 4.37 × 10−5

Patient D 0.89 0.79 -0.14 0.17 6.31 × 10−5

Mean 0.88 0.78 -0.16 0.18 5.17 × 10−5

6.6.3 Vertebral Body Segmentation Results

Table 6.7 reports the cross-validation segmentation results for L1–L5 for each model.
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Table 6.7: Cross-validation performance on L1–L5 for each vertebral body model.

Model Dice Score Jaccard Index FNR FPR

Model 1 (L2–mid-L5 MRI only) 0.81 0.74 0.15 1.2 × 10−4

Model 2 (All MRI matched to CT L2–L5) 0.82 0.75 0.14 9.0 × 10−5

Model 3 (All CT + all MRI, full spine) 0.73 0.67 0.13 6.0 × 10−5

Best Fold per Model

The fold with the highest average Dice score across L1–L5 was identified for each model:

• Model 1: Fold 2 – Dice Score: 0.86, Jaccard Index: 0.78

• Model 2: Fold 2 – Dice Score: 0.86, Jaccard Index: 0.79

• Model 3: Fold 2 – Dice Score: 0.76, Jaccard Index: 0.69

While Model 2 achieved the highest overall cross-validation performance, the improve-

ment over Model 1 was marginal. Both models focused on the lumbar region and yielded

similarly high accuracy, suggesting that the inclusion of additional MRI volumes in Model 2

may have provided a modest benefit. In contrast, Model 3, trained on a broader anatomical

range, underperformed across all metrics.

To further examine segmentation consistency, Table 6.8 presents Dice scores for each

lumbar vertebra. L4 showed the best performance across all models, with Model 1 achieving

the highest Dice score (0.89 ± 0.12). Model 3 produced lower and more variable results,

consistent with its wider anatomical scope.
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Table 6.8: Per-vertebra Dice score (mean ± std) for L1–L5 across all models.

Vertebra Model 1 Model 2 Model 3

L1 0.73 ± 0.34 0.73 ± 0.34 0.67 ± 0.39

L2 0.79 ± 0.27 0.80 ± 0.26 0.73 ± 0.34

L3 0.82 ± 0.24 0.80 ± 0.27 0.73 ± 0.34

L4 0.89 ± 0.12 0.85 ± 0.20 0.77 ± 0.32

L5 0.83 ± 0.18 0.82 ± 0.22 0.75 ± 0.33
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(a) Dice (M1) (b) IoU (M1)

(c) Dice (M2) (d) IoU (M2)

(e) Dice (M3) (f) IoU (M3)

(g) Dice (M3) (C1–L6) (h) IoU (M3) (C1–L6)

Figure 6.4: Boxplots showing segmentation performance (Dice and IoU) per vertebra for the three
trained models. Each dot represents a single scan. Models 1 and 2 were trained and evaluated on
the lumbar region (L1–L5), while Model 3 was trained on full-spine input (C1–L6).
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Although Model 3 yielded slightly lower average cross-validation metrics compared to

Models 1 and 2, its overall performance when running inference across all folds was promis-

ing when visually inspected. In particular, segmentation results on unseen images—both

CT and MRI—appeared more anatomically consistent. While occasional mislabeling was

observed in individual folds, especially for CT volumes, the full cross-validation setup mit-

igated these issues. As shown in Figure 6.5, Model 3 segmentations demonstrated greater

coverage and alignment with vertebral structures, suggesting that its broader training set

may have improved generalization. However, this qualitative observation warrants further

validation using larger test sets and external datasets.

(a) CT Volume (b) Ground Truth (c) Model 1 (d) Model 2 (e) Model 3

Figure 6.5: Vertebral Body Segmentation – Visual comparison for a test CT volume not seen
during training. The figure shows: (a) the original CT scan, (b) ground truth segmentation from
VertDetect, and predictions from (c) Model 1, (d) Model 2, and (e) Model 3.
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(a) MRI Volume (b) Model 1 (c) Model 2 (d) Model 3

Figure 6.6: Vertebral Body Segmentation on MRI – Visual comparison of model predictions on a
previously unseen MRI scan. Panel (a) shows the input MRI, while (b)–(d) display the segmentation
results from: (b) Model 1, (c) Model 2, and (d) Model 3. Ground truth is unavailable for this case.

6.7 Discussion

The psoas segmentation models achieved strong quantitative performance across folds, with

Dice scores consistently above 0.88. Although the performance difference between the sepa-

rate and combined psoas models was small, the combined model produced more anatomically

consistent segmentations. This improvement is largely due to avoiding left–right mislabeling,

which was occasionally observed in the separate-segment model. Visual inspection confirmed

that the most accurate segmentation occurred within the L2–L5 region. Outside of this re-

gion, specifically the inferior edges of the MRI field of view, under-segmentation was more

common. This supports the use of vertebral-based cropping as a necessary postprocessing

step to ensure anatomical consistency for biomarker extraction.

For vertebral body segmentation, the nnU-Net models successfully delineated the lumbar

vertebrae, with the highest cross-validation metrics observed when training was restricted to

the lumbar region. However, when evaluating full inference across folds, the model trained on

the entire spine (Model 3) appeared to produce more anatomically consistent segmentations
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in unseen CT and MRI volumes. Despite this, some segmentations still exhibited incorrect

vertebral label assignments. This mislabeling likely stems from the visual similarity between

adjacent vertebrae and the absence of explicit spatial priors during training. Since nnU-Net

performs semantic segmentation—predicting class labels at the voxel level without distin-

guishing between instances—it lacks the capability to enforce anatomical ordering across

vertebral levels. As a result, adjacent vertebrae with similar appearance can be mislabeled,

especially in datasets lacking full spine context. Furthermore, the reference segmentations

used for training and evaluation were derived from VertDetect, which may itself introduce

occasional label inaccuracies. Dice score variability can also arise when the predicted seg-

mentation includes vertebrae partially visible at the image edges, while the corresponding

ground truth does not—or vice versa—leading to artificially lowered overlap metrics. Prior

studies have addressed these challenges by integrating postprocessing steps that incorporate

anatomical knowledge, such as coordinate-based relabeling or spine-specific labeling frame-

works using graph-based optimization or attention to vertebral centroids [72–74]. These ap-

proaches may be essential complements to improve label reliability in future models trained

for vertebral labeling.

In summary, this chapter described the implementation of a fully automated MRI seg-

mentation pipeline for the psoas muscle and vertebral bodies using CT-derived labels and

nnU-Net. The psoas segmentation models demonstrated robust performance across T1 and

T2 MRI sequences and are suitable for downstream biomarker analysis. The vertebral seg-

mentation models were sensitive to anatomical coverage and label consistency but showed

strong performance when focused on consistent lumbar regions. These results validate the

feasibility of extending the CT-based biomarker pipeline to MRI, enabling future longitudinal

or cross-modality analyses that avoid radiation exposure.
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Chapter 7

Conclusions and Future Work

This thesis presented the development, validation, and preliminary clinical application of a

fully automated pipeline for extracting musculoskeletal biomarkers from computed tomogra-

phy (CT) scans in patients with spinal metastases undergoing stereotactic body radiother-

apy (SBRT). The pipeline integrates deep learning–based segmentation with standardized

anatomical cropping and post-processing, enabling consistent and reproducible quantifica-

tion of clinically relevant bone and muscle features.

Specifically, it performs automated segmentation of vertebral bodies and psoas muscles,

followed by the extraction of key biomarkers including trabecular bone density, vertebral

body volume, psoas muscle volume and density, and cross-sectional area.

Osteoporosis was defined using a previously validated threshold based on vertebral bone

density (in Hounsfield Units). For sarcopenia classification, volumetric indices were derived

using CT-based muscle and bone measurements. These included both height-independent

indices, by normalizing psoas muscle volume to an internal anatomical reference (verte-

bral body volume), and indices that incorporate patient height. Thresholds for each index
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were statistically derived from a subset of patients with available height data and validated

against an independent cohort of younger individuals. The inclusion of both index types en-

sures flexibility in application: height-based indices remain clinically valuable where height

is available, while height-independent alternatives are particularly advantageous for retro-

spective or large-scale studies where such information may be missing.

The prevalence of osteosarcopenia was 31%, osteoporosis 58%, and sarcopenia 45% among

the 143 patients with spinal metastases treated with SBRT, reflecting a considerable burden

of musculoskeletal degeneration in this population.

While categorical definitions of sarcopenia, osteoporosis, and osteosarcopenia were not

significantly associated with vertebral fracture incidence, some continuous imaging biomark-

ers showed statistically significant or near-significant associations that merit further evalua-

tion. In univariate analyses, lower psoas muscle density and trabecular vertebral bone density

showed trends toward association with fracture risk (𝑝 = 0.165 and 𝑝 = 0.085, respectively),

and among male patients, the volumetric sarcopenia index PMV/VBV(L3) was significantly

lower in those who experienced fractures (𝑝 = 0.016). In multivariate logistic regression

models, lower psoas muscle density was independently associated with increased fracture

risk (𝑝 = 0.022), even after adjusting for osteoporosis and sarcopenia classification. Trabec-

ular vertebral bone density also reached statistical significance in adjusted models (𝑝 = 0.02).

These findings suggest that continuous imaging biomarkers may be more informative than bi-

nary classifications for identifying patients at elevated risk of skeletal complications following

SBRT.

In terms of survival outcomes, sarcopenia defined using height-independent volumetric

indices was significantly associated with reduced overall survival (log-rank 𝑝 = 0.0002),

and patients classified with osteosarcopenia also had significantly poorer survival (log-rank
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𝑝 = 0.023). Together, these results highlight the prognostic relevance of imaging-derived

biomarkers and support their integration into clinical workflows to enhance risk stratification

and guide personalized treatment planning.

To extend the pipeline’s applicability to MRI, this thesis developed a novel methodology

to generate labeled MRI datasets by transferring segmentations from CT to aligned MRI

volumes. These MRI volumes, labeled using CT-derived ground truth, enabled the training of

nnU-Net segmentation models without requiring manually annotated MRI data. The psoas

segmentation model achieved high performance, with mean Dice scores above 0.9 across

validation folds, demonstrating the feasibility of accurate muscle segmentation directly from

MRI. This results not only support radiation-free biomarker extraction but also enables

future longitudinal studies using routinely acquired MRI scans.

In addition to model development, this thesis demonstrated how aligned multi-modality

datasets can be leveraged to train MRI segmentation models in the absence of manual an-

notations. The use of CT-derived segmentations as weak supervision enabled a practical

approach for building multi-channel models. Furthermore, the cropping module was en-

hanced with vertebra-guided logic, which is particularly valuable for ensuring consistency in

longitudinal or multi-level analyses, especially in MRI, where the region encompassing the

psoas muscle may be limited.

Although the nnU-Net models achieved high anatomical accuracy in vertebral body seg-

mentation, occasional label inconsistencies were observed. However, when using full cross-

validation and focusing on the lumbar region (L1–L5), vertebral labeling appeared more

stable. It is also important to note that ground truth segmentations were derived from Vert-

Detect, which may introduce labeling variability. Discrepancies between model predictions

and ground truth could therefore reflect annotation noise rather than segmentation error.
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Additionally, Dice variability may arise from partial vertebrae at the edges of the image,

either present in the prediction or the ground truth, leading to artificially lower overlap

scores.

Together, these contributions advance the field of automated musculoskeletal assessment

and provide tools for noninvasive, reproducible, and clinically relevant characterization of

osteosarcopenia in oncologic populations.

Summary of Contributions

This thesis contributes to the field of AI-based musculoskeletal imaging and cancer care

through the following:

• Automation of a CT-Based Biomarker Pipeline: Improved and validated a 3D

Slicer-based pipeline that segments vertebral bodies and psoas muscles, quantifies bone

and muscle biomarkers, and integrates consistent cropping using vertebral landmarks.

• Derivation and Validation of Sarcopenia Thresholds: Statistically derived and

externally validated thresholds for both height-based and height-independent volumet-

ric sarcopenia indices. The height-independent indices, normalized to vertebral body

volume, enable automated classification in datasets where height information is un-

available or unreliable.

• Clinical Outcome Association Analysis: Applied CT-derived biomarkers to an

SBRT-treated cohort and identified statistically significant associations with survival

and fracture risk in specific models, highlighting their potential utility and the need

for validation in larger, independent cohorts.
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• MRI Segmentation Model Development: Developed MRI-based segmentation

models using nnU-Net, trained on CT-derived labels, to enable psoas and vertebral

body segmentation despite the scarcity of manually annotated MRI data.

• Pipeline Extension to MRI: Implemented a reusable pipeline for aligning CT-MRI

volumes, resampling segmentations, and preparing multi-modality training datasets for

deep learning segmentation.

Future Work

This thesis established a robust framework for extracting musculoskeletal biomarkers from

CT and MRI in patients with spinal metastases. However, several areas remain open for

further development and investigation:

• Validation and Refinement of Biomarker Thresholds. This thesis proposed

both height-independent and height-normalized CT-derived volumetric indices for sar-

copenia classification. While all prevalence estimates and downstream analyses in this

study were based on the height-independent index (normalized to the square root of

vertebral body volume at L3), future studies may benefit from further evaluating the

comparative performance of height-normalized indices, which could offer improved pre-

cision when accurate height data are available.

• Expansion of Fracture Risk Analysis. While preliminary associations between

imaging biomarkers and fracture risk were observed, larger and more diverse cohorts

— particularly with a higher number of post-SBRT fractures — may help strengthen

statistical power and support the development of predictive models with clinical utility.
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• Improvement of MRI Vertebral Body Segmentation. Although the psoas mus-

cle segmentation model performed well, the vertebral body segmentation occasionally

produced mislabeled vertebral levels. Label consistency improved when using cross-

validation and focusing on the lumbar region. This behavior reflects nnU-Net’s lack of

anatomical priors for vertebral labeling. Future work could incorporate postprocessing

strategies, such as coordinate-based or centroid-guided relabeling, to assign consistent

vertebral labels and enable reliable vertebra-level biomarker analysis.

• Completion of the Fully Automated MRI Pipeline. With the current modules

for segmentation, cropping, and biomarker extraction adapted to MRI, the foundation

for a fully automated MRI-based pipeline is already in place. Finalizing this pipeline

may require improvements in vertebral labeling and further automation of its compo-

nent steps.

• Comparison and Harmonization of CT and MRI Biomarkers. With both CT-

and MRI-based pipelines available, future studies could compare biomarker values

derived from each modality to evaluate consistency and potential conversion factors.

Assessing agreement and repeatability will be essential for longitudinal studies where

patients may alternate between imaging modalities.

• Assessment of Threshold Transferability from CT to MRI. The sarcopenia

thresholds established in this thesis were based on CT-derived metrics. Future work

may explore whether these thresholds can be meaningfully transferred to MRI-based

biomarkers or whether MRI-specific thresholds should be developed.

In summary, this thesis represents an important step toward integrating deep learning, med-

ical imaging, and musculoskeletal biomarker analysis into a cohesive and clinically useful

85



CHAPTER 7 – CONCLUSIONS AND FUTURE WORK

framework for oncology patients. Continued research in these areas will further advance per-

sonalized risk prediction and therapeutic decision-making for individuals with spinal metas-

tases undergoing SBRT.
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